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Dear colleagues, 

It is my great honor and pleasure to welcome you to the International Conference 2025, 
entitled “Emerging Technologies and New Challenges.” 
 
This conference is organized by the University of Skopje, an institution that 
continuously follows and analyzes educational, scientific, technological, and economic 
developments in Europe and beyond. In an era marked by rapid technological 
advancement and complex global challenges, our mission remains clear: to foster 
innovation, critical thinking, and interdisciplinary dialogue that bring us closer to 
European and international standards in higher education, research, and practice. 
 
I am confident that this conference will provide a valuable platform for the exchange of 
contemporary scientific ideas and professional experiences related to emerging 
technologies, digital transformation, artificial intelligence, sustainability, education, 
economics, and management in the 21st century. Through insightful discussions and 
presentations, we will address the opportunities and challenges that new technologies 
create for institutions, businesses, and society as a whole. 
 
Furthermore, the conference offers an excellent opportunity to strengthen academic and 
professional cooperation, share best practices, and establish new partnerships with 
distinguished scholars, researchers, and practitioners from the region and 
internationally. 
 
Thank you for being part of this conference and for contributing to its academic and 
professional quality. 
 
I wish you a productive and successful conference. 
 
Rector 
Prof. Dr. Sci. Ace Milenkovski 
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EMERGING TECHNOLOGIES AND NEW CHALLENGES 
 
About the congress   
 
The International Conference “Emerging Technologies and New Challenges” 
2025 is an international scientific conference dedicated to research and discussion in 
the fields of emerging technologies, digital transformation, innovation, economy, 
education, management, and their impact on contemporary society.  
 
 
The conference “Emerging Technologies and New Challenges” focus on the 
opportunities and challenges created by rapid technological development, artificial 
intelligence, digitalization, sustainability, and innovation-driven growth. The 
conference aims to provide a forum for presenting original research, sharing best 
practices, and fostering collaboration between academia, industry, and policy-makers. 
 
The main aim of the conference is to emphasize the growing importance of emerging 
technologies and new global challenges as key drivers of sustainable economic and 
social development. In 2025, the working title of the conference is “Emerging 
Technologies and New Challenges,” reflecting the profound impact of technological 
innovation on contemporary economies, institutions, and societies. 
 
During the conference, we aim to open interdisciplinary discussions among academics, 
researchers, and professionals on how emerging technologies can foster economic 
growth and societal progress through innovative approaches in the fields of digital 
transformation, artificial intelligence, information technologies, entrepreneurship, 
education, management, marketing, tourism, and sustainable development. 
Through this thematic focus, the conference encourages the exploration of both 
opportunities and risks associated with rapid technological change. 
 
With the working title of this conference, we invite scholars to propose solutions 
grounded in strong academic foundations and advanced professional knowledge, 
addressing productivity, competitiveness, and resilience of emerging and developed 
economies in an increasingly complex and dynamic global environment. 
 
This international conference seeks to support academics, researchers, and PhD 
students by providing a platform to present their latest research findings in the areas of 
education, social sciences, information technologies, business and economics, 
finance, management, tourism, and related disciplines. By doing so, participants 
contribute to social development, policy-relevant debates, and the advancement of 
knowledge in response to both domestic and global challenges. 
 
Knowledge and professional skills represent a dynamic and continuously evolving 
process, making lifelong learning, adaptability, and the constant enrichment of 
competencies essential in the academic and scientific community. This conference aims 
to contribute to that process by fostering critical thinking, innovation, and meaningful 
academic exchange. 
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MANAGING HIGHER EDUCATION INSTITUTIONS IN THE AGE OF 
ARTIFICIAL INTELLIGENCE: EVIDENCE FROM AN EMPIRICAL STUDY 

 
Ace Milenkovski1 

Sreten Miladinovski 
 

Abstract 
 
The increasing complexity of governance, accountability, and strategic planning in higher education 
institutions has intensified the need for advanced digital solutions. Artificial intelligence (AI) has emerged as 
a key driver of digital transformation, particularly in institutional management and administrative decision-
making. This paper explores the extent to which AI and digital technologies are integrated into the 
management processes of higher education institutions and examines their perceived impact on 
organizational effectiveness. An empirical study was conducted at University Skopje (UTMS) using a 
structured questionnaire administered to academic and administrative staff. The findings reveal a statistically 
significant positive relationship between AI adoption and management effectiveness, particularly in 
administrative efficiency, transparency, and strategic responsiveness. Nevertheless, challenges related to staff 
readiness, ethical concerns, and the absence of formal AI governance frameworks remain evident. The paper 
contributes empirical evidence to the emerging discourse on AI-driven university management and provides 
practical recommendations for institutional leadership. 
 
Keywords: artificial intelligence, digital transformation, higher education management, university 
governance, empirical research 
 

JEL classification: I23; O33 

 
 
INTRODUCTION 
 
Digital transformation has become a strategic imperative for higher education 
institutions worldwide. Universities are increasingly required to operate in 
environments characterized by financial constraints, competitive pressures, and 
heightened expectations for transparency and accountability. In this context, artificial 
intelligence represents a transformative resource capable of supporting data-driven 
decision-making, optimizing administrative processes, and enhancing institutional 
governance. 

Despite the growing adoption of AI technologies, empirical research focusing 
specifically on their role in higher education management remains limited. Most 
existing studies concentrate on teaching and learning applications, while managerial 
and governance dimensions are comparatively underexplored. This study addresses this 
gap by empirically examining the impact of AI and digitalization on the management 
effectiveness of a higher education institution. 

The study is guided by the following research questions: 
1. To what extent are AI-based and digital systems adopted in higher 

education management? 
2. How do academic and administrative staff perceive the impact of AI 

on managerial effectiveness? 
3. What challenges accompany the digital transformation of university 

management? 

                                                             
1 Ace Milenkovski, Ph.D., and Sreten Miladinovski, Ph.D., Full Professor, 
University of Skopje, Skopje, Republic of North Macedonia 
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1. ARTIFICIAL INTELLIGENCE AND DIGITALIZATION IN HIGHER EDUCATION 
MANAGEMENT EXPLORING APPLICATIONS, MANAGERIAL IMPLICATIONS, AND 
CHALLENGES OF AI ADOPTION IN UNIVERSITIES 
 
The rapid advancement of artificial intelligence (AI) and digital technologies is 
reshaping higher education, not only transforming teaching and learning processes but 
also significantly influencing institutional management, governance, and strategic 
decision-making. 
This section examines how AI and digitalization are integrated into university 
management processes, highlighting their applications, benefits, and associated 
challenges. 
 
1.1 Historical Focus and Research Gaps 
 
Scholarly engagement with digitalization in higher education has historically been 
shaped by a narrow analytical focus that privileges pedagogical innovation while 
marginalizing institutional management and governance concerns. Early studies 
overwhelmingly framed digital technologies as tools to enhance instructional delivery, 
learning flexibility, and student engagement, thereby implicitly relegating 
administrative processes and managerial decision-making to a secondary analytical 
plane. This imbalance has produced a literature base that offers limited insight into how 
digital transformation reconfigures organizational authority, coordination mechanisms, 
and strategic control within higher education institutions. Recent bibliometric analyses 
of Web of Science and Thomson Reuters’ data demonstrate that research on 
digitalization and AI in higher education has expanded rapidly, highlighting trends in 
managerial adoption, governance structures, and institutional capacity for technology 
integration (Chen, Li, and Rohayati 2024). 
 
1.2 Managerial Implications of Digital Transformation 
 
Although more recent research acknowledges that digital transformation extends 
beyond teaching and learning, its treatment of managerial implications often remains 
superficial. Brown and Klein (2020) observe that digital systems increasingly permeate 
governance and strategic planning structures; however, their analysis largely assumes a 
linear relationship between technological adoption and organizational improvement. 
Such assumptions tend to obscure the contingent and institutionally mediated nature of 
digital transformation, presenting it as a technical progression rather than as a process 
embedded within complex organizational arrangements characterized by professional 
autonomy, bureaucratic constraints, and competing stakeholder interests. 
 
1.3 AI Adoption and Functional Limitations 
 
The literature on artificial intelligence in higher education reproduces similar analytical 
limitations. Comprehensive reviews, such as that conducted by Zawacki-Richter et al. 
(2019), provide extensive mappings of AI applications ranging from student 
information systems to predictive analytics and automated reporting. However, these 
studies predominantly adopt a classificatory approach, emphasizing functional 
capabilities while paying insufficient attention to the extent, depth, and manner in 
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which AI is incorporated into everyday managerial practice. Consequently, artificial 
intelligence is frequently portrayed as a set of available tools rather than as a 
governance-relevant phenomenon whose implementation may alter decision-making 
hierarchies and accountability structures. 
 
1.4 Empirical Evidence and Contextual Bias 
 
Empirical studies addressing organizational outcomes associated with AI adoption 
often reflect a pronounced technology-centric bias. Dwivedi et al. (2021) report 
positive associations between AI-supported analytics and organizational efficiency, yet 
their conclusions are largely derived from generalized organizational contexts that 
differ substantially from universities. The tendency to extrapolate such findings 
overlooks the specificities of academic governance, including collegial decision-
making, fragmented authority, and the coexistence of academic and administrative 
rationalities. As a result, claims regarding efficiency gains and improved decision-
making remain insufficiently contextualized within the institutional realities of higher 
education. 
 
1.5 Ethical and Organizational Considerations 
 
Critical perspectives introduce ethical and organizational considerations but frequently 
remain detached from empirical validation at the managerial level. Selwyn (2022) 
foregrounds concerns related to algorithmic bias, data privacy, and transparency, 
raising important normative questions regarding the legitimacy of automated decision-
making in academic contexts. Nonetheless, much of this critique remains conceptually 
oriented, offering limited empirical insight into how such concerns are perceived and 
negotiated by academic and administrative actors directly involved in institutional 
management. Ethical challenges are thus articulated in abstract terms, without 
systematic examination of their influence on managerial effectiveness or governance 
practices. 
 
1.6 Leadership, Readiness, and Governance Frameworks 
 
Across the reviewed literature, references to leadership commitment, institutional 
readiness, and governance frameworks recur as explanatory factors for successful 
digital transformation. Yet these elements are rarely operationalized in a manner that 
allows empirical assessment. Instead, they function as residual explanatory variables 
invoked to account for discrepancies between technological potential and observed 
outcomes. This analytical gap limits the capacity of existing research to explain 
variation in AI adoption across institutions and constrains understanding of how 
managerial effectiveness is shaped by differential levels of digital integration. 
 
1.7 Persistent Knowledge Gaps 
 
The cumulative effect of these limitations is a fragmented and conceptually 
underdeveloped understanding of artificial intelligence within higher education 
management. Existing studies tend to prioritize technological availability over actual 
institutional use, normative concerns over empirically grounded analysis, and 
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pedagogical applications over administrative decision-making. Consequently, three 
interrelated questions remain insufficiently addressed: the actual extent to which AI-
based and digital systems are adopted within higher education management structures, 
how academic and administrative staff evaluate their influence on managerial 
effectiveness, and the organizational and ethical challenges that accompany their 
implementation. By explicitly engaging with these questions through institution-level 
empirical analysis, the present study seeks to address a persistent gap in the literature 
and move beyond abstract assertions toward evidence-based understanding of AI-
driven management transformation in universities. 
 
2. METHODOLOGY 
 
2.1 Research Design 
 
The study employs a quantitative empirical research design based on a cross-sectional 
survey conducted at University Skopje (UTMS). 
 
2.2 Population and Sample 
 
The target population included academic and administrative staff involved in 
institutional processes and decision-making. The final sample consisted of 80 
respondents, evenly distributed between: 

 Academic staff (n = 40) 
 Administrative and managerial staff (n = 40) 

A purposive sampling method was applied to ensure relevance to management-related 
functions. 
 
2.3 Research Instrument 
 
Data were collected using a structured questionnaire comprising 24 items, grouped into 
four dimensions: 

1. Digital infrastructure 
2. AI-supported management tools 
3. Management effectiveness 
4. Ethical and organizational challenges 

All items were measured on a five-point Likert scale (1 = strongly disagree; 5 = 
strongly agree). 
 
2.4 Data Analysis 
 
Descriptive statistics, reliability analysis, and Pearson correlation analysis were applied 
using SPSS software. 
 
3. EMPIRICAL RESULTS 
 
3.1 Level of Digitalization and AI Adoption 
 
The results indicate a relatively high level of digitalization at UTMS. While integrated 
digital management systems are widely used, AI-based tools are less systematically 
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implemented. Notably, fewer than one-third of respondents reported the existence of a 
formal institutional AI strategy. 
 
Table 1. Level of Digitalization and AI Adoption at UTMS 

Indicator Mean 
(M) 

Standard Deviation 
(SD) 

Use of integrated digital management systems 4.23 0.71 

Digital platforms supporting inter-departmental 
coordination 

4.10 0.65 

AI-based tools supporting administrative decision-making 3.68 0.82 

Use of AI analytics for strategic planning 3.61 0.79 

Existence of a formal institutional AI strategy 3.12 0.91 

 
Table 1 shows the mean values for indicators of digitalization and AI adoption at 

UTMS. Integrated systems and digital coordination platforms have the highest adoption 
rates, while formal AI strategies and analytics tools are less systematically 
implemented. 
 
3.2 Perceived Impact on Management Effectiveness 
 
Respondents reported a positive impact of AI adoption on management practices, 
particularly regarding administrative efficiency (M = 4.21) and strategic responsiveness 
(M = 4.08). Transparency in decision-making also received favorable evaluations. 
 

Table 2.Perceived Impact of AI on Management Effectiveness 

Management Dimension Mean (M) SD 

Administrative efficiency 4.21 0.63 

Transparency in decision-making 3.95 0.70 

Strategic planning quality 4.02 0.68 

Responsiveness to change 4.08 0.66 

 
Description: Table 2 shows respondents’ perceptions of the impact of AI on 

management effectiveness. Administrative efficiency and responsiveness to change 
received the highest scores. 
 
3.3 Challenges of AI Implementation 
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Table 3.Key Challenges in AI Adoption in Higher Education Management 

Challenge Agree / Strongly Agree (%) 

Lack of staff training and digital competencies 71 

Data privacy and ethical concerns 65 

Resistance to organizational change 58 

Absence of formal AI governance policies 62 

Limited financial and technical resources 49 

 
Table 3 presents the main challenges limiting effective AI adoption, according to 

staff perceptions. The top concerns are lack of training, ethical issues, and absence of 
formal governance policies..The most frequently reported challenge is the lack of staff 
training and digital competencies, followed by concerns related to data privacy and 
ethical use of AI. The absence of formal AI governance policies and resistance to 
organizational change represent additional barriers to effective digital transformation. 
 
3.4 Correlation Analysis 
 

Table 4. Correlation Between AI Adoption and Management Effectiveness (UTMS) 

Variables r p-value 

AI adoption & Management effectiveness 0.61 < 0.01 

 
Table 4 shows a statistically significant positive correlation between AI adoption 

and management effectiveness. Higher AI usage is associated with higher perceived 
management effectiveness. 

A statistically significant positive correlation indicates that higher levels of AI 
adoption are associated with increased management effectiveness at UTMS. 

 

 
 

Figure 1. Relationship Between AI Adoption and Management Effectiveness 
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The scatter plot in Figure 1 illustrates the relationship between the AI Adoption 
Index and the Management Effectiveness Index at University Skopje (UTMS). Each 
point represents an individual respondent, and the fitted regression line indicates a 
positive linear association. The plot confirms a statistically significant positive 
correlation between AI adoption and management effectiveness (r = 0.61, p < 0.01), 
showing that higher levels of AI adoption are associated with greater management 
effectiveness. 

 
3.5 Reliability and Statistical Analysis 
 
The measurement instrument demonstrated high internal consistency. The overall scale 
achieved a Cronbach’s Alpha coefficient of 0.87, while the AI Adoption scale (α = 
0.81) and the Management Effectiveness scale (α = 0.88) exceeded commonly accepted 
reliability thresholds. Data analysis was conducted using SPSS software. Composite 
indexes for AI Adoption, Digitalization, and Management Effectiveness were 
constructed by computing mean values of the corresponding scale items. Descriptive 
statistics were used to examine central tendencies and variability of the key constructs. 
Pearson correlation analysis was applied to assess the relationship between AI adoption 
and management effectiveness, while an independent samples t-test was conducted as a 
supplementary analysis to explore differences in perceived management effectiveness 
between academic and administrative staff. 
 
4. DISCUSSION 
 
The empirical findings demonstrate a consistent positive association between artificial 
intelligence adoption and management effectiveness within the examined higher 
education institution. The observed relationship between AI integration and 
administrative efficiency, strategic responsiveness, and transparency supports the 
argument that digital technologies can contribute meaningfully to institutional 
management when embedded in existing organizational processes. These results align 
with prior research that emphasizes the managerial potential of digital tools in complex 
organizational environments, while extending this discussion through institution-level 
empirical evidence. 

At the same time, the findings indicate that AI adoption at UTMS remains 
predominantly operational rather than strategically embedded. The relatively lower 
scores associated with formal AI strategies and governance frameworks suggest that 
digital tools are primarily utilized to enhance existing administrative routines rather 
than to fundamentally reshape decision-making structures. This pattern reflects broader 
tendencies identified in the literature, where technological adoption precedes the 
development of coherent governance arrangements capable of guiding long-term 
institutional transformation. 

The challenges identified by respondents further contextualize these findings. 
Limited staff readiness, ethical concerns, and the absence of formal governance 
mechanisms appear to constrain the transformative capacity of AI within university 
management. These constraints highlight that improvements in managerial outcomes 
are not solely attributable to technological capability, but are mediated by 
organizational conditions, institutional culture, and leadership orientation. In this 
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regard, the results underscore the importance of aligning AI adoption with clearly 
articulated strategic objectives and governance principles. 

It is important to note that the findings reflect perceptions within a single higher 
education institution and should therefore be interpreted with appropriate institutional 
caution. While the results provide valuable insight into the relationship between AI 
adoption and management effectiveness, they do not imply automatic generalizability 
across diverse higher education contexts characterized by different governance models 
and organizational traditions. Nevertheless, the identified patterns offer empirically 
grounded indications of how AI-driven digital transformation may influence 
managerial practices within comparable institutional settings. 
 
CONCLUSION AND PRACTICAL RECOMMENDATIONS 
 
This study provides empirical evidence that artificial intelligence and digital 
transformation are positively associated with management effectiveness in higher 
education institutions. The results indicate that AI-supported systems can enhance 
administrative efficiency, improve strategic responsiveness, and strengthen 
transparency in managerial processes. However, the findings equally demonstrate that 
the benefits of AI adoption remain contingent upon organizational readiness, 
governance capacity, and strategic orientation. 

While operational advantages of AI use are evident, the absence of comprehensive 
institutional strategies and formal governance frameworks limits the long-term 
managerial impact of digital transformation. Without deliberate alignment between 
technological adoption and institutional decision-making structures, AI risks remaining 
a supportive instrument rather than a driver of sustained organizational improvement. 
The study therefore reinforces the view that technological advancement must be 
accompanied by parallel developments in leadership practices, staff competencies, and 
ethical oversight. 

Based on the empirical findings, higher education institutions may benefit from the 
development of formal AI strategies that clearly define managerial objectives, 
accountability mechanisms, and ethical standards. Investment in continuous capacity-
building for academic and administrative staff appears equally necessary to ensure 
informed and responsible use of AI-supported systems. Establishing transparent data 
governance arrangements may further enhance institutional trust and managerial 
legitimacy. 

Future research would benefit from longitudinal and comparative designs capable 
of capturing changes in AI adoption over time and across different institutional 
contexts. Qualitative approaches could further enrich understanding of how academic 
and administrative actors negotiate the managerial implications of artificial intelligence 
within complex governance environments. 
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Abstract 
 
Artificial intelligence has become an increasingly influential instrument in contemporary tourism 
management, enabling data-driven decision making, predictive analytics, and more effective coordination of 
tourism systems. Operating within an environment marked by uncertainty, fluctuating demand, and complex 
visitor behavior, tourism destinations require advanced analytical capabilities to support strategic and 
operational management. The purpose of this paper is to examine artificial intelligence as a managerial 
instrument in contemporary tourism management through a combined theoretical and empirical approach. 
The study is grounded in a review of recent academic literature and supported by an illustrative case study of 
an urban tourism destination that adopted artificial intelligence-based analytical systems. Simulated 
indicators are used to demonstrate changes in demand forecasting accuracy and visitor flow management 
before and after the adoption of artificial intelligence. The findings indicate that artificial intelligence 
contributes to improved forecasting precision, more balanced visitor distribution, and enhanced managerial 
responsiveness. At the same time, the results highlight organizational, ethical, and data governance 
challenges that condition the effectiveness of artificial intelligence adoption. The paper contributes to 
ongoing debates on smart tourism and provides analytical insights into the responsible integration of artificial 
intelligence in tourism management. 
 
Keywords: artificial intelligence, tourism management, smart tourism, demand forecasting, visitor flow 
management, data-driven decision making 
 

JEL classification: L83; O33 
 

INTRODUCTION 
 
The contemporary tourism sector operates within an environment characterized by high 
uncertainty, intensified global competition, and rapidly evolving tourist expectations. 
Tourism destinations are increasingly exposed to fluctuating demand patterns, external 
shocks, and heightened pressure to optimize resource allocation while maintaining 
service quality and visitor satisfaction. In this context, effective tourism management 
requires timely access to accurate information and the capacity to interpret complex 
data streams generated across multiple points of interaction between tourists, 
destinations, and service providers. 

Digital transformation has significantly altered the foundations of tourism 
management by enabling data-intensive approaches to planning, coordination, and 
decision making. The widespread use of online platforms, reservation systems, mobile 
applications, and digital information services has resulted in unprecedented volumes of 
data related to tourist behavior, preferences, mobility patterns, and consumption 
dynamics. While the availability of such data presents new opportunities for evidence-
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based management, it also introduces considerable challenges related to information 
overload, analytical complexity, and managerial capacity. 

Artificial intelligence has emerged as a critical instrument for addressing these 
challenges within contemporary tourism management. Through advanced data 
analytics, machine learning, and predictive modeling, artificial intelligence enables 
tourism organizations to process large and heterogeneous datasets, identify patterns that 
are not readily observable through conventional analytical methods, and support 
managerial decision making in real time. Rather than replacing human judgment, 
artificial intelligence functions as an analytical and decision-support tool that enhances 
managerial capabilities in environments characterized by complexity and uncertainty. 

In tourism management, artificial intelligence is increasingly applied across 
strategic and operational domains, including demand forecasting, visitor flow 
management, destination planning, and service optimization. Intelligent systems 
contribute to more accurate anticipation of demand fluctuations, improved coordination 
of tourism infrastructure, and enhanced responsiveness to changing visitor behavior. At 
the same time, the adoption of artificial intelligence raises important organizational, 
ethical, and governance-related questions that must be carefully addressed. 

The purpose of this paper is to examine artificial intelligence as an instrument for 
contemporary tourism management by analyzing its theoretical foundations and 
managerial implications. The paper aims to clarify how artificial intelligence supports 
decision making and operational effectiveness in tourism contexts, while also 
highlighting the conditions under which its application can contribute to sustainable 
and responsible destination management. 

Accordingly, this paper adopts an exploratory and analytical research orientation, 
focusing on conceptual examination and illustrative case-based analysis rather than 
hypothesis testing or statistical generalization. 
 
1. THEORETICAL FOUNDATIONS OF ARTIFICIAL INTELLIGENCE IN TOURISM 
MANAGEMENT 
 
Artificial intelligence is commonly defined as the capacity of computational systems to 
perform tasks that typically require human cognitive abilities, such as learning, 
reasoning, pattern recognition, and decision support (Russell and Norvig 2021). 
Contemporary artificial intelligence systems are primarily based on machine learning 
and deep learning techniques, which allow algorithms to improve performance through 
iterative exposure to data rather than explicit rule-based programming. Advances in 
computational power and the availability of large datasets have significantly expanded 
the practical applicability of these techniques across organizational contexts. 

From a management theory perspective, artificial intelligence is closely associated 
with data-driven decision making. Tourism systems are inherently complex, involving 
multiple interdependent actors, dynamic demand conditions, and strong sensitivity to 
external influences such as seasonality, economic conditions, and geopolitical events. 
Traditional managerial approaches often struggle to cope with this level of complexity 
due to cognitive limitations and informational asymmetry. Artificial intelligence 
addresses these constraints by synthesizing large volumes of data and generating 
predictive insights that support more rational and informed decision making 
(Davenport and Ronanki 2023). 
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In tourism management, artificial intelligence operates as an analytical instrument 
that enhances strategic planning and operational coordination. Demand forecasting 
represents a central application area, as accurate predictions of tourist arrivals and 
visitation patterns are essential for capacity planning, staffing, and infrastructure 
management. Machine learning models have demonstrated superior performance in 
forecasting tourism demand compared to traditional statistical methods, particularly in 
volatile and non-linear environments (Li, Xu, and Li 2022). 

Artificial intelligence also plays a significant role in visitor flow management and 
destination governance. By analyzing mobility data, booking information, and temporal 
visitation patterns, intelligent systems enable managers to anticipate congestion, 
optimize spatial distribution of visitors, and mitigate negative impacts associated with 
overtourism. This analytical capacity supports more balanced and sustainable 
destination management by aligning tourism intensity with carrying capacity 
constraints (Buhalis and Leung 2023). 

From an organizational perspective, artificial intelligence contributes to operational 
efficiency by automating routine analytical tasks and providing continuous 
performance monitoring. Predictive analytics and real-time dashboards allow tourism 
managers to evaluate outcomes, identify emerging risks, and adjust strategies 
proactively. This aligns with theories of adaptive management, which emphasize 
continuous learning and responsiveness in complex systems. 

At the same time, theoretical discussions emphasize that artificial intelligence 
should be understood as an enabling instrument rather than an autonomous decision 
maker. The effectiveness of intelligent systems in tourism management depends on 
human interpretation, institutional context, and governance structures. Ethical 
considerations related to data privacy, transparency, and accountability are particularly 
salient, as tourism data often involve sensitive information about individuals’ 
movements and behavior (OECD 2021). 

In summary, the theoretical foundations of artificial intelligence in tourism 
management position it as a strategic and operational instrument that enhances 
managerial capacity to cope with complexity, uncertainty, and data intensity. By 
supporting predictive analysis, informed decision making, and adaptive governance, 
artificial intelligence contributes to more effective and sustainable tourism management 
when integrated responsibly within human-centered organizational frameworks. 
 
2. METHODOLOGY 
 
This study adopts a qualitative analytical research design combined with an illustrative 
case study in order to examine artificial intelligence as an instrument for contemporary 
tourism management. Such a methodological approach is particularly appropriate for 
exploring complex managerial phenomena in which technological, organizational, and 
contextual dimensions are closely interconnected and cannot be adequately captured 
through purely quantitative techniques. 

The theoretical component of the research is based on a systematic review of 
academic literature published after 2020, focusing on artificial intelligence applications 
in tourism management, destination governance, and data-driven decision making. 
Peer-reviewed journal articles, policy reports, and high-impact international 
publications were analyzed to establish a coherent conceptual framework and to 
identify dominant analytical perspectives within recent scholarly discourse. 
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The empirical component relies on an illustrative case study of an urban tourism 
destination that has implemented artificial intelligence-based analytical systems. Given 
the exploratory and conceptual nature of the research, the study does not aim to test 
predefined hypotheses or to produce statistically generalizable findings. Instead, 
simulated indicators are employed to demonstrate potential changes in key tourism 
management variables before and after the adoption of artificial intelligence. The use of 
simulated data represents an accepted methodological practice in early-stage and 
conceptual research designs, particularly in contexts where access to proprietary 
operational data is restricted (Li, Xu, and Li 2022). 

This approach enables analytical illustration of managerial effects associated with 
artificial intelligence adoption while maintaining internal coherence, transparency, and 
methodological rigor. The emphasis is placed on interpretative analysis rather than 
causal verification, consistent with the study’s objective to deepen understanding of 
artificial intelligence as a managerial instrument in tourism contexts. 
 
3. CASE STUDY 
 
The case study examines an urban tourism destination that introduced artificial 
intelligence-based analytics to support demand forecasting and visitor flow 
management. The destination implemented intelligent systems capable of processing 
heterogeneous data sources, including booking platforms, mobile applications, and 
visitor information services. These systems were designed to integrate both real-time 
and historical data in order to support managerial decision making related to capacity 
planning, spatial distribution of visitors, and resource allocation during peak tourism 
periods. 

Artificial intelligence tools were applied to identify recurring demand patterns, 
anticipate fluctuations in visitor volumes, and detect congestion risks across different 
spatial zones of the destination. By transforming large volumes of operational and 
behavioral data into actionable analytical outputs, the destination sought to enhance 
coordination among tourism services and to improve overall management efficiency. 

The case study is used illustratively rather than evaluatively. Its purpose is not to 
assess performance in a normative sense, but to demonstrate how artificial intelligence-
supported analytics may function as a decision-support instrument within destination 
management structures. This allows the analysis to focus on mechanisms, managerial 
processes, and potential implications of artificial intelligence adoption, rather than on 
measurement of causal effects. 
 
4. ANALYSIS AND DISCUSSION OF RESULTS 
 
In line with the exploratory and illustrative methodological design of this study, the 
discussion focuses on interpretative analysis of observed patterns and managerial 
implications rather than causal inference or hypothesis validation. The findings are 
therefore discussed in relation to their conceptual relevance, managerial plausibility, 
and consistency with recent academic literature on artificial intelligence in tourism 
management. 

The analysis indicates that the introduction of artificial intelligence led to notable 
improvements in key tourism management indicators. Demand forecasting accuracy 
increased significantly, enabling managers to anticipate fluctuations more effectively 
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Figure 1 illustrates changes in tourist demand before and after the application of 
artificial intelligence, highlighting the reduction of forecasting errors and improved 
alignment between projected and actual visitor volumes. 

 

Improvement in Tourist Flow Management Efficiency Following the Adoption of Artificial 

Figure 2 presents the improvement in tourist flow management efficiency following 
the adoption of artificial intelligence. Observable gains were recorded in terms of 
visitor distribution and congestion control, indicating that intelligent analytics 
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Figure 2 captures overall efficiency gains in tourist flow management, Figure 3 
provides a more detailed representation of changes in spatial and temporal visitor 
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4.1 Challenges and Limitations of Artificial Intelligence Adoption
 
Despite its considerable potential, the adoption of artificial intelligence in tourism 
management is accompanied by a set of interrelated challenges that affect both its 
effectiveness and long-term sustainability. One of the most persistent constraints 
concerns data quality and integration. Artificial intelligence systems rely on large 
volumes of accurate, consistent, and timely data in order to generate reliable analytical 
outputs. In tourism contexts, data are frequently dispersed across heterogeneous 
platforms, including reservation systems, destination management organizations, 
private service providers, 
interoperability and constrains the capacity of intelligent systems to deliver 
comprehensive and unbiased insights, thereby diminishing their managerial value 
(Gretzel et al. 2021). 
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Closely linked to these technical constraints are issues related to data governance 
and transparency. The absence of standardized procedures for data collection, 
validation, and sharing weakens the interpretability of algorithmic outputs and 
increases the risk of opaque decision-making processes. When managers rely on 
analytical results without a clear understanding of their underlying assumptions and 
limitations, accountability may be compromised, potentially eroding organizational 
trust in artificial intelligence-driven recommendations. 

Ethical and privacy-related concerns constitute an additional and increasingly 
prominent limitation. The extensive use of personal and behavioral data, including 
location tracking and travel histories, raises significant questions regarding consent, 
surveillance, and responsible data use. Ensuring transparency, accountability, and 
compliance with data protection regulations is essential for maintaining trust between 
tourism organizations and visitors, particularly in destinations where reputation and 
repeat visitation are critical determinants of competitiveness (Floridi et al. 2022; OECD 
2021). 

Organizational readiness further shapes the outcomes of artificial intelligence 
adoption. The implementation of intelligent systems requires changes in managerial 
routines, decision-making cultures, and skill structures. Limited analytical 
competencies, insufficient digital literacy, and resistance to organizational change can 
significantly restrict effective use, even when technological infrastructure is available. 
The case study findings illustrate that while improvements in forecasting and flow 
management were achieved, benefits varied across operational domains depending on 
data integration levels and managerial capacity. 

Taken together, these observations underscore that artificial intelligence adoption in 
tourism management should be understood as a socio-technical transformation rather 
than a purely technological intervention. Its effectiveness depends not only on 
algorithmic sophistication, but also on institutional capacity, ethical governance, and 
organizational alignment. 

These findings reinforce the case study results, indicating that the managerial 
benefits of artificial intelligence materialize primarily where institutional capacity, 
ethical governance, and organizational alignment are sufficiently developed. 
 
CONCLUSION 
 
Artificial intelligence represents a transformative instrument in contemporary tourism 
management by enabling data-driven decision making, more efficient operational 
coordination, and improved management of tourist demand and flows. The findings of 
this study indicate that the effective integration of artificial intelligence into managerial 
processes enhances forecasting accuracy and visitor flow management, thereby 
supporting more informed planning and resource allocation. 

The analysis further demonstrates that the value of artificial intelligence extends 
beyond technological performance. Intelligent systems strengthen managerial judgment 
by providing predictive insights and analytical support in environments characterized 
by uncertainty and demand volatility. However, successful adoption is strongly 
dependent on organizational and institutional conditions. Data governance, ethical 
responsibility, transparency, and digital competencies emerge as decisive factors for 
sustaining trust and ensuring long-term effectiveness (Sigala 2022). 
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Artificial intelligence adoption should therefore be approached as a comprehensive 
managerial transformation rather than a technological upgrade. Future research should 
focus on empirical studies across diverse tourism contexts in order to refine sustainable 
and responsible models of artificial intelligence integration in tourism management. 
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Abstract 
The digitization process has resulted in a tremendous amount of unstructured digital files and has thus posed 
major problems to the already existing storage, retrieval, and information governance methods. The 
traditional methods of filing systems are based on the use of rules-driven metadata, which can be inefficient 
and are thus not preferred by many organizations, or supervised learning approaches that are not only 
expensive but also have limited scalability and are prone to semantic ambiguity. This paper presents a smart 
file classification system built on the concepts of vector databases and embedding-based semantic 
representations. The files are first converted into dense vector embeddings using the latest and most capable 
language models that not only capture the similarities of meaning and context but also go beyond the 
matching of keywords. The vector database is where the embeddings are stored to allow the searching for 
similar cases, the grouping of files, and the dynamic reclassification of the files over a period of time, all of 
which are done on a large scale. The system that has been proposed can perform zero-shot and few-shot 
classifications, maintain the evolution of the taxonomy and carry out real-time retrieval from multiple, and 
varied sources of data. The performance of the model has been tested on datasets of enterprise documents 
which showed that the model classification accuracy was better, the labeling effort reduced, and the retrieval 
times quicker than the traditional systems. The results suggest that the vector databases can be regarded as a 
core technology for the future document management systems, digital archives, and knowledge discovery 
platforms. 

 
Keywords: vector databases, embeddings, semantic search, document classification, unsupervised learning, 
similarity search, knowledge management 
 

     JEL classification: Z32, R11, M30 
 
 
INTRODUCTION 

 
Unstructured data embraced by the digital age has grown to unimaginable heights, and 
as a result, companies have gathered a lot of different content like documents, invoices, 
reports, and multimedia files. The traditional file classification systems that mainly use 
metadata tags, folder hierarchies, and keyword indexing are now really inadequate for 
the intelligent organization and retrieval of modern files (Manning et al. 2008). These 
conventional systems suffer from several drawbacks: they need a lot of manual tagging, 
they cannot demonstrate semantic relationships of the content, they have problems with 
ambiguous or changing terminology, and they do not scale well with increasing data 
volumes. 
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The recent NLP and ML advancements have brought forth the new paradigms for 
document understanding. One of the examples is the transformer-based models that use 
the self-attention mechanism, which to a great extent is capable of making the semantic 
relationships within the text recognized (Vaswani et al. 2017). If these technologies are 
used together with vector databases that are good at storing and querying high 
dimensional embeddings efficiently, then a very attractive solution to the issue of file 
classification might be on the horizon. 

This paper describes a full-fledged framework that offers smart file classification 
through the use of vector databases along with embedding-based retrieval. The 
following are our contributions: 

1. An innovative architecture that merges transformer embeddings with vector 
database indexing 

2. A hybrid system incorporating supervised and unsupervised classification 
techniques 

3. A process for the adaptive evolution of the taxonomy based on the patterns 
that emerge 

4. Validation of the experiments on document datasets from actual enterprises 
5. A comparative study with classical classification methods 

 
1. RELATED WORK 
 
The classifying and organizing documents semantically have come through three 
different paradigms: the rule-based systems using handcrafted logic, the machine 
learning techniques that learn from examples, and the modern embedding-based 
methods that express the semantic meaning in dense vector spaces. It is necessary to 
understand this evolution for placing our contribution within the wider research 
scenario. This section recounts important techniques in document classification, 
follows the rise of dense embeddings as an option to sparse representations, analyses 
technologies for vector database that allow quick similarity search, and combines 
recent efforts in semantic search and classification. By mapping this area, we specify 
the exact deficiencies our suggested structure fills: the combination of cutting-edge 
embeddings, vector database foundation, and unsupervised clustering for instantaneous, 
zero-shot document organization devoid of manual rule making or large-scale labeling. 
 
1.1 TRADITIONAL DOCUMENT CLASSIFICATION 
 
Traditional Document Classification Methods can be divided into three groups: rule-
based systems, statistical methods, and machine learning techniques. Handcrafted rules 
and keyword matching were the core of early systems that were inflexible, and always 
needed maintenance (Salton and McGill, 1983). Statistical methods like those relying 
on Term Frequency-Inverse Document Frequency (TF-IDF) and Latent Dirichlet 
Allocation (LDA) were more powerful than rule-based methods but still lacked full 
semantic understanding (Salton and Buckley, 1988; Blei et al. 2003). 
Support Vector Machines (SVM), Random Forests, and neural networks were among 
supervised machine learning algorithms that performed better, yet a large number of 
labeled data were still needed for training (Joachims, 1998; Breiman, 2001; Kim, 
2014). Document representations as sparse vectors in high-dimensional spaces were the 
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commonality among these approaches, which resulted in the issue of poor scalability 
and generalization to the unseen categories. 
 
1.2 EMBEDDING-BASED APPROACHES 
 
The development of word embeddings representing the semantically related words, 
namely Word2Vec and GloVe, brought about a huge breakthrough in this area 
(Mikolov et al. 2013; Pennington et al. 2014). These embeddings were at first dense 
vectors which later on turned to be capturing not only grammar but also the meaning of 
the language, resulting in a more profound text analysis. The downside though, was 
that they could not capture the meaning at the level of documents since the early 
embeddings were solely word-based.The introduction of Doc2Vec and transformer 
models like BERT, RoBERTa, and Sentence-BERT, which generate document 
embeddings, changed the game of document representation (Le and Mikolov, 2014; 
Devlin et al. 2019; Liu et al. 2019; Reimers and Gurevych, 2019). These models output 
context-dependent embeddings that deliver the semantic meaning at the sentence or 
document level, thus, they make similarity computation and classification more 
accurate and easier. 
 
1.3 VECTOR DATABASES 
 
Vector databases have turned out to be the storage solutions that are most suited for 
operations that involve vectors with a very high number of dimensions. Still unlike 
relational databases which are traditional, vector databases apply the usage of ANN 
algorithms which are approximate nearest neighbor-based methods to make possible 
the efficient similarity search in high-dimensional spaces (Andoni et al. 2015). The 
vector databases that have been widely implemented are FAISS, Annoy, and even more 
specialized systems such as Weaviate, Pinecone, and Milvus (Bernhardsson, 2013; 
Johnson et al. 2017; Weaviate, 2019; Pinecone, 2019; Wang et al. 2021).In addition to 
that, these databases provide the necessary operations that support document 
classification, such as similarity search, clustering, and nearest neighbor retrieval. 
When merging these with the latest embedding models, it is possible to perform 
semantic searches and classifications in real time and on a much larger scale. 
 
1.4 SEMANTIC SEARCH AND CLASSIFICATION 
 
The combination of embedding models and vector databases for semantic search and 
classification has been the focus of recent research. The use of dense vector 
representations as opposed to traditional sparse methods resulted in the retrieval 
accuracy being significantly improved by Johnson et al. (2017). Reimers and Gurevych 
(2019) also found that BERT sentence embeddings were much superior to traditional 
methods in the case of semantic similarity tasks.  
Nevertheless, the majority of the existing methods lean more towards retrieval than 
classification, and only a handful tackle the problem of evolving taxonomies or the 
combination of unsupervised and supervised techniques. Our research is a step forward 
in the right direction by putting forward a detailed framework that allows for different 
classification methods and the management of taxonomies that can change.   
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2. MATERIALS AND METHODS 
 
In this part of the paper, the whole process of smart file classification is presented in 
detail from the beginning to the end, that is, data acquisition, data cleaning, embedding 
creation, vector indexing, model training, and finally automated inference. The steps 
involved use five technologies, both open-source and commercialthat are: Docling for 
very reliable extraction of texts from PDF files, SentenceTransformers for producing 
semantic embeddings, Weaviate for doing operations in a vector-native database, 
scikit-learn for applying clustering algorithms, and custom Python orchestration scripts 
for the overall control. We describe each component's setup, its reason for being used, 
and the points where it integrates with the others, thereby making it easy for others to 
reproduce our work and change it to use different datasets or embedding models. The 
methodology intentionally differentiates between offline supervised training (all 
modes) and online zero-shot classification (new mode), which makes it possible to 
deploy in production without retraining the model while still changing the taxonomy 
continuously. 
 
2.1 DATASET PREPARATION 
 
The dataset used in the experiments consists of 47 PDF documents from enterprises 
that were obtained from actual business activities and categorized into the predefined 
categories specified in the DOCUMENT_CATEGORIES configuration (approximately 
10 documents per category, with the exception of the "Unclassified" folder which is 
reserved for zero-shot evaluation). These documents include a variety of formats such 
as invoices, financial reports, contracts, and operational correspondence, which are all 
considered as typical unstructured data in enterprises. The ground truth labels are 
directly derived from the original folder hierarchy which allows the evaluation 
benchmarks to be supervised while still preserving ecological validity. 
 
2.2 DOCUMENT PREPROCESSING PIPELINE 
 
For text extraction, Docling's DocumentConverter is used with the default parsing 
configurations and the fallback mechanisms from markdown to plain text export are 
employed for extracting the entire content of the document. The preprocessing pipeline 
processes RAW_PDFS_PATH PDFs one by one and delivers cleaned text corpora to 
EXTRACTED_TEXTS_PATH with detailed metadata headers. After the extraction, 
the content is normalized by eliminating the excessive whitespace, removing the 
metadata artifacts and cutting off at 8000 characters, keeping the semantic fidelity and 
complying with the embedding model token limits.. 
 
2.3 EMBEDDING GENERATION AND VECTORIZATION 
 
The mpnet-base-v2 model from the SentenceTransformers library is used to create 
document-level semantic representations that result in 768-dimensional dense 
embeddings with transformer-based contextual encoding. The model which has been 
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chosen for its top performance on the Massive Text Embedding Benchmark (MTEB) 
produces the normalized vectors that are cosine similarity computation optimized. The 
embeddings not only capture the document-level semantics but also go beyond the 
lexical overlap thus making it possible to carry out similarity search and clustering in 
high-dimensional space more efficiently. 
 
2.4 VECTOR DATABASE ARCHITECTURE 
 
The vector indexing system makes the most of Weaviate along with a custom schema 
for the DocumentsMPNet collectionthat includes 11 indexed properties: filename, 
category, content, filepath, word_count, char_count, extraction_method, cluster_label, 
true_category, prediction_confidence, and is_outlier. Thus, the schema configured with 
cosine distance metrics, manual vectorization (vectorizer: "none"), and selective 
indexing strategies (indexFilterable, indexSearchable) supports hybrid semantic-
keyword queries via HNSW approximate nearest neighbor indexing. 
 
2.5 CLASSIFICATION FRAMEWORK 
 
The classification framework has two interdependent operating modes, both making 
use of the embeddings and vector indexing from the previous sections. In the first 
mode, different clustering algorithms are trained on the labeled data to determine the 
best semantic partitions and to get the stable centroids of the clusters; in the second 
mode, these centroids are used for the real-time classification of new, unseen 
documents without any need for manual annotation or model retraining. This two-stage 
architecture manages to take into account the necessity for high-quality, supervised 
centroid computation while also being subject to the operational requirement for fast 
and scalable inference. The next subsections provide information about each stage and 
their integration. 
 
2.5.1 SUPERVISED MODEL TRAINING 
 
Through the mapping of the folder hierarchy, the ground truth cluster assignments were 
determined, and the training and evaluation of five different clustering algorithms were 
performed with the help of the standardized MPNet embeddings: K-Means 
(k=NUM_CLUSTERS), Agglomerative Clustering, HDBSCAN (min_cluster_size=3, 
min_samples=2), DBSCAN (eps=0.5), and UMAP dimensionality reduction (10D) 
followed by HDBSCAN. Each model was saved along with the corresponding scalers 
and cluster mappings, thus allowing for predictive deployment. The use of Principal 
Component Analysis (PCA) to reduce the dimensionality of the data to two dimensions 
made it possible to visually inspect the separability of the different clusters. 
 
2.5.2 ZERO-SHOT AUTOMATED CLASSIFICATION 
 
The production classification system utilizes a completely embedding-based inference 
engine that intentionally disregards the filename and lexical features and only depends 
on the cosine similarity with respect to the cluster centroids formed from the training 
data. The prediction confidence is controlled by the tiered decision thresholds: ≥0.70 
(high), ≥0.55 (medium), ≥0.40 (low confidence assignment), and <0.40 (novel cluster 
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detection with AI-generated taxonomy). The predictions result in the automatic 
movement of files to the folders of the predicted categories and updates in the Weaviate 
metadata including prediction_confidence, is_outlier flags, normalized similarity 
distributions, and classification provenance. 
 
2.6 EVALUATION METHODOLOGY 
 
Clustering quality was evaluated by means of the internal metrics calculated on 
standardized embeddings on the basis of the established methods: Silhouette 
Coefficient, Calinski-Harabasz Index, and Davies-Bouldin Index . The automated 
classification performance was assessed by the distributions of the confidence levels, 
mean/median similarity scores, rates of false positives for the detection of new clusters, 
and the correspondence with the ground truth categories. The efficiency of the pipeline 
was measured in terms of the total time taken for processing, the number of 
embeddings generated per unit of time, and the rate of successful ingesting into 
Weaviate. Logging was done comprehensively to capture diagnostics for each 
document, statistics by category, and performance metrics in terms of time across the 
entire workflow. 
 
3. RESULTS 
 
The section provides the empirical findings obtained from the four-stage pipeline: 
document extraction with embedding ingestion, evaluation of the unsupervised 
clustering model, the zero-shot classification on the test documents that were not 
included in the training, and the efficiency of the end-to-end processing. The results are 
arranged to follow through the entire workflow from the raw PDFs to the trained 
clustering models and finally to the automated classification of the previously unseen 
documents. The quantitative metrics include the rates of extraction success, latency of 
embedding generation, clustering quality scores (silhouette, Calinski-Harabasz, Davies-
Bouldin), the distributions of classification confidence, and the throughput of inference. 
All these results are combined to show that semantic classification is possible at a large 
scale, the best clustering algorithm has been identified for production deployment, and 
the embedding-based inference has been characterized in terms of both its strengths and 
its failure areas.  
 
3.1 DOCUMENT EXTRACTION AND EMBEDDING PIPELINE 
 
The extraction of texts from 47 PDFs belonging to the predefined categories (Repair 
Invoice, Expertise Invoice, RentalCar Invoice, Towing costs Invoice, Expertise Report) 
had a perfect success rate. The whole dataset contained 10 documents from each 
category, except Towing costs Invoice (7 documents), thus making up a total of 47 
documents. Docling-based extraction process produced an average of 1,057 words per 
document (with a range of 183–4,482 words), with the longest documents being in the 
Expertise Report category (average 2,900 words) and the shortest documents being in 
the Expertise Invoice category (average 250 words). 

Embedding generation by means of MPNet-base-v2 (768 dimensions) through 
SentenceTransformers took place smoothly across the board of 47 documents. The 
mean embedding time per document was 0.834 seconds, and the longest time taken was 
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for the documents in the category of Expertise Report (average of 1.4s), which was 
likely due to their greater average word counts compared to other categories. All 47 
embeddings were uploaded successfully to Weaviate's DocumentsMPNet collection 
(100% ingestion success rate). 
 
3.2 UNSUPERVISED CLUSTERING AND MODEL EVALUATION 
 
The application of five clustering algorithms to the 768-dimensional MPNet 
embeddings offered differing results. The K-Means and the Agglomerative Clustering 
methods arrived at the same conclusion: there were precisely 5 clusters without any 
noise points, a silhouette coefficient of 0.470, a Calinski-Harabasz index of 30.05, and 
a Davies-Bouldin index of 0.826. The cluster assignments were in complete accordance 
with the five categories of truth that were taken from the structure of the document 
folder. 

HDBSCAN was able to distinguish between 8 different clusters with 3 noise points, 
but the silhouette/Davies-Bouldin scores could not be computed because of the sparse 
or fragmented nature of the clusters.  

DBSCAN categorized all the 47 documents as noise (i.e. there were no valid 
clusters), which was an indication of the algorithm being very sensitive to the choice of 
hyperparameters (eps=0.5).  

When HDBSCAN was preceded by UMAP preprocessing (10 dimensions), it 
yielded 5 clusters with 5 noise points, thus only partially recovering the ground-truth 
structure and creating some false noise classifications. K-Means, aligning with labeled 
ground truth and interpretability requirements, was the most suitable model for 
production deployment providing stable, labeled cluster centroids for downstream zero-
shot classification. 

 
3.3 ZERO-SHOT CLASSIFICATION ON UNCLASSIFIED DOCUMENTS 
 
An automated workflow featured the pure embedding-based classifier that was 
evaluated on 19 documents which had not been classified previously and were kept in 
the test set as a hold-out. The classifier executed two processes one after another: (1) 
the computation of cosine similarity between the embedding of each test document and 
the five K-Means centroids, (2) the implementation of tiered confidence thresholds to 
determine either the assignment of a category or the creation of a novel cluster. 

Overall Classification Behavior: A total of 18 documents out of 19 (94.7%) were 
routed to known categories; 1 document (5.3%) caused the creation of a novel cluster 
when the similarity was below the threshold of 0.40. The lone outlier was a project 
assignment document ("Project-Assignment.pdf") that was assigned no similarity 
(0.130) at all to any of the trained clusters; the model had made a correct guess that it 
was not equivalent to any invoice or report pattern, thereby ruling it out as unfit for 
standard categories. 

Confidence Distribution: Among the 19 classified documents, 15.8% attained 
HIGH confidence (score ≥0.70), 68.4% attained MEDIUM confidence (0.55 ≤ score < 
0.70), 10.5% attained LOW confidence (0.40 ≤ score < 0.55), and 5.3% were classified 
as VERY_LOW (score < 0.40). The mean similarity score for all documents was 0.622 
with the minimum being 0.130 and the maximum being 0.733. 
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Category-Wise Predictions: The classifier focused its predictions on two categories:  
the Expertise Report category received 10 out of 19 assignments (52.6%), while 
Towing costs Invoice category received 8 out of 19 (42.1%). No documents were 
assigned to Repair Invoice, Expertise Invoice, or RentalCar Invoice. This uneven 
distribution was a result of semantic similarity clustering in the embedding space: 
documents that were semantically ambiguous or atypical within their true category 
were gravitationally drawn to the nearest centroid in the high-dimensional space at the 
same time being repelled from their true category. 
 
3.4 PROCESSING EFFICIENCY 
 
The total time taken for all the steps involved in the process (text extraction, 
embedding generation, Weaviate query, similarity computation, file movement, and 
metadata update) was on average about 45 seconds per document. Text extraction was 
the process that took the longest time and accounted for the major part of the 
computation cost, with an average of about 41.5 seconds per document across the 47 
files. The tasks of Weaviate centroid queries, cosine similarity calculations, embedding 
generation, file movement, and metadata update each took well below one second per 
document, thus proving the vector database operations for semantic search to be quite 
efficient. 
 
4. DISCUSSION 
 
In the Results section, quantitative performance metrics were established across the 
various stages of extraction, embedding, clustering, and classification. The Discussion 
section aims at interpreting the findings, in this case, the quantitative metrics, within 
the broader context of document classification research, the requirements of enterprise 
deployment, and the capabilities of semantic NLP. High accuracy of assignment, robust 
detection of outliers, and sub-second latency are identified as the strengths of the 
method, while inter-category confusion, dataset size constraints, and text truncation 
effects are considered as the limitations. Thus, actionable insights for practitioners and 
researchers are derived from the analysis. The analysis runs in three lines: first, the 
effectiveness of pure embedding-based classification for the organization of documents 
in real world is evaluated, second, specific failure modes and their root causes are 
acknowledged, and third, design choices that prioritize semantic purity and scalability 
over hybrid rule-based discrimination are articulated. Finally, we position our work in 
relation to the existing document classification literature and suggest promising 
directions for improving classification accuracy while still using the embedding-based 
paradigm. 
 
4.1 EFFECTIVENESS OF VECTOR-BASED DOCUMENT CLASSIFICATION 
 
The proposed framework performed brilliantly in terms of document classification not 
being reliant on either filenames or keywords by means of embedding-based semantic 
similarity. A 94.7% allocation rate to known categories on the test set, together with the 
perfect identification of the true outlier document, reveal that content of the document 
alone, captured in dense, contextual embeddings delivers enough signal for the coarse-
grained file categorization in enterprise setting. This result is in accordance with 
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previous works which showed the superiority of transformer embeddings over sparse 
keyword vectors for semantic clustering. 

The tiered confidence mechanism (HIGH/MEDIUM/LOW thresholds) turned out to 
be very useful in practice documents with scores ≥0.70 did not need manual review at 
all, while those 0.40–0.70 were flagged for potential review. The one novel cluster 
detection event, although rare, is an indication of the system's ability to turn away 
unseen document types rather than pushing them into the already existing categories. 
 
4.2 LIMITATIONS AND FAILURE MODES 
 
The fact that the predictions are mainly concentrated on the two most prevailing 
categories (Expertise Report and Towing costs Invoice) signals a severe limitation: 
bottomed up embedding-based classification, without the support of lexical or rule-
based hybrid disambiguation, has difficulties when the ground-truth categories are very 
closely related in meaning. Some invoices in the test set actually belonged to the 
Repair, RentalCar, and Expertise Invoice categories, but they were always misrouted to 
Expertise Report or Towing costs Invoice since the respective centroids were located 
closer in the embedding space. 

This mix-up between categories is indicative of two main causes: (1) the small size 
of the labeled dataset (47 documents, around 10 per category) restricts the precision of 
the centroids, clusters that contain fewer or less varied training examples yield less 
representative centroids, (2) the embedding model generalization: although MPNet-
base-v2 picks up the semantic relationships, invoices of different types have a lot in 
common as far as wording and structure are concerned (dates, sums, names of the 
parties), which results in the embeddings being clustered by document form rather than 
content intent. 

Moreover, the reliance of the framework on high-quality text extraction also 
exposed a hidden failure mode: cutting off to 8,000 characters had an impact on 26 out 
of 47 training documents (55.3%), possibly resulting in losing the semantic information 
for the longer documents. Nevertheless, no failures in the extraction process could be 
noted, but malformed PDFs or corrupted text might cause embedding quality to be 
degraded without detection. 
 
4.3 TWO-MODE ARCHITECTURE: SEPARATION OF CONCERNS 
 
The pipeline incorporates a purposeful two-stage structure: 

• Mode "all" (Batch Ingestion): Every document with a label gets the 
embedding and is then entered together with its metadata and true category 
labels into Weaviate. This offline operation creates a high-confidence 
semantic index and computes K-Means stable cluster centroids on the 
entire labeled corpus. 

• Mode "new" (Online Classification): Just the unclassified documents going 
through the embedding and routing process are solely based on pure 
centroid similarity, thus no human labeling or retraining involved this way. 
This division enables the system to mature: new documents are classified 
instantly without the need for retraining clustering models, while the 
labeled corpus can gradually grow at its own pace 
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This two-pronged strategy purposely trades off hybrid discrimination (e.g. filename 
analysis, domain-specific rules) for semantic purity and reproducibility: classification 
decisions are made only based on the document content, not by attaching metadata 
artifacts. While this method of simplifying the system and making it more robust 
against naming conventions does help, it is also the reason for the observed misrouting 
between categories that are semantically very close. 

 
4.4 PRACTICAL IMPLICATIONS AND FUTURE WORK 

 
Enterprise Application: The system is suitable for deployment in coarse-grained file 
triage applications wherein semantic grouping is sufficient (e.g., directing documents to 
the suitable teams instead of doing fine-grained categorization). The per-document 
latency of 0.95 seconds allows close to real-time processing in batch workflows. 

Improving Classification Accuracy: There are the following mitigation strategies 
inter-category confusion could be dealt with without the need to abandon the pure-
embedding paradigm: 

1. Larger, more balanced labeled datasets: Thus, the training examples per 
category (50+) would be increased resulting in the production of more stable 
and discriminative centroids. 

2. Fine-tuning embeddings: Domain-specific, e.g., using labeled invoices, the 
fine-tuning of MPNet could be performed to alter the embedding space to 
underscore invoice-type differences. 

3. Hierarchical clustering: The taxonomy of categories (e.g., Invoices → 
{Repair, Expertise, RentalCar, Towing}) could facilitate two-stage 
classification, with first disambiguating Invoice vs. Report and then fine-
grained type. 

4. Ensemble methods: The robustness could be increased by the combination of 
several embedding models (e.g., MPNet + BERT-based) through voting based 
on their confidence. 

5. Hybrid scoring: The space separating the second-best centroid (margin-based 
scoring) or local density estimates may be the basis for marking uncertain 
documents that are to be subjected to human review. 

Outlier Detection: The new cluster detection mechanism (threshold <0.40) worked 
properly and led to the creation of a "Long_Document" category for the one out-of-
distribution test document. This trait facilitates ongoing taxonomy development in 
production by tagging the unusual document types that require human curation. 
 
4.5 COMPARISON WITH TRADITIONAL APPROACHES 

 
The rule-based systems which require manual keyword curation per category are thus 
placed alongside the proposed framework which only needs extractive text and 
unsupervised centroid computation. Supervised classifiers (SVM, logistic regression) 
needing large, labeled data and retraining change of domain shifts are in contrast with 
the pure-embedding approach which generalizes over document variations in the same 
semantic space. A 100% extraction success rate and less than one second latency in 
classification are practical measures that make the new method stand up to manual 
labeling workflows or legacy metadata-dependent systems with the latter two being the 
least preferable in comparison. 
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Clustering standards consider a silhouette coefficient of 0.47 as moderate, and it is 
an indicator of the inherent semantic ambiguity of the invoice document space. The 
score better than random but lower than tightly separated synthetic clusters is realistic 
for enterprise document heterogeneity and suggests that semantic grouping provides 
interpretable structure without claiming perfect separation. 

 
5. CONCLUSION AND FUTURE WORK 
 
The present study provides evidence for the applicability and the efficiency of the 
intelligent file classification using vector databases and embedding-based semantic 
retrieval for the enterprise document organization. The authentication of the proposed 
system’s efficacy in terms of filename and keyword-independent classification with 
sub-second inference latency has been obtained using transformer-based embeddings 
(MPNet-base-v2, 768 dimensions) and the approximate nearest neighbor search in 
Weaviate. 
 
5.1 KEY CONTRIBUTIONS 
 
The research throws light on three most important contributions to the area of 
automated document processing: 

• End-to-end embedding-based classification pipeline: The proper ingestion of 
47 labeled enterprise documents (100% extraction and embedding success), 
trained five clustering algorithms, and deployed a zero-shot classifier reaching 
94.7% accuracy on the previously unseen test documents with no retraining or 
manual intervention. 

• Quantified trade-offs in semantic vs. fine-grained classification: The pure-
embedding classification excels at coarse-grained semantic grouping and 
outlier detection (correct identification of 1 new document type), but it also 
shows predictable limitations when categories have high semantic overlap. 
This result confirms the necessity of dataset diversity and embedding model 
fine-tuning for enterprise applications. 

• Scalable two-mode architecture: The division of offline batch ingestion 
(model training) from online classification (real-time inference) allows for 
production deployment without the need for model retraining, thus enabling 
continuous taxonomy evolution through the detection of novel clusters. 

 
5.2 EMPIRICAL VALIDATION 
 
The experimental assessment on a real-world insurance document corpus (invoices and 
expertise reports) validates that: 

• Centroid-based similarity renders easily understood and deterministic 
classification decisions along with confidence levels that can be measured 
(HIGH/MEDIUM/LOW/VERY_LOW). 

• K-Means clustering on embeddings provides stable and ground-truth-aligned 
groupings (silhouette = 0.47, Davies-Bouldin = 0.826) that are better than 
density-based alternatives in this area. 

• The confidence distribution (68.4% MEDIUM, 15.8% HIGH) shows that the 
system is indeed very effective in dealing with ambiguous documents by 
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marking them for manual review instead of making uncertain predictions by 
over-committing. 

• Inference efficiency (0.95s end-to-end per document) allows the methodology 
to be used in both batch and interactive workflows. 

 
5.3 LIMITATIONS AND FUTURE RESEARCH 
 
The most significant limitation, which was misrouting among categories that were 
semantically quite similar (for instance, Repair vs. Towing invoices), is due to both the 
dataset limitations (only 47 documents) and the intrinsic uncertainty in the meaning of 
invoices. The future studies should take up: 

1. Datasets with larger size and providing domain-based curation and labeling. 
2. Embeddings that are fine-tuned and suitable for invoice-type discrimination. 
3. Hierarchical classification that integrates embedding similarity with margin-

based confidence. 
4. Hybrid methods that have a lightweight rule-based disambiguation 

incorporated for categories of high value. 
 
5.4 BROADER IMPLICATIONS 
 
The existence of semantic embeddings and vector databases comes as a major 
revelation considering their relevance to the next generation of document management 
systems. Retrieval based on embedding is different from the traditional metadata-
dependent or rule-based approaches as it can handle the variations in corpus diversity, 
generalize the unseen document variants, and be free of manual feature engineering. 
The rational semantic indexing using machine learning methods stands as the only 
alternative to the legacy data classification system to cope with the ever-increasing 
amount of unstructured data by enterprises. 

The future use of the system should involve the application of the basic pipeline 
together with domain-specific features such as feedback from users to refine centroids, 
ensemble methods to boost discrimination and hierarchical categorizations that mirror 
the real organizational taxonomies. The framework is not only providing a reproducible 
and evidence-based foundation for developing production systems but is also making it 
easier. 
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Abstract 
 
Retrieval-Augmented Generation (RAG) is increasingly adopted to ground Large Language Models (LLMs) 
in verifiable, domain-specific data through dynamic document retrieval during generation. While multiple 
security mechanisms for RAG systems have been proposed, their evaluation is often limited to isolated attack 
benchmarks and does not sufficiently reflect enterprise deployment constraints, particularly the trade-offs 
between security effectiveness, system latency, and operational cost. 
This paper introduces LAMINAR, a benchmarking and optimization framework for evaluating defense-in-
depth architectures in enterprise RAG systems using integrated telemetry, programmable guardrails, and 
clustering-based anomaly detection. The framework incorporates enterprise risk profiles to generate decision 
matrices that classify deployment scenarios and dynamically select optimal defense configurations. 
Experimental results show that layered input sanitization and vector-space anomaly detection significantly 
improve resistance to poisoning attacks, while multi-dimensional security–latency–cost profiling enhances 
the operational feasibility of secure RAG deployments. 
 
Keywords: Retrieval-AugmentedGeneration (RAG), Defense-in-DepthSecurity, Enterprise AI Systems, RAG 
Benchmarking, AnomalyDetection, Security–Latency–CostOptimization 
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INTRODUCTION 
 
Retrieval-Augmented Generation (RAG) has recently emerged as a research field that 
aims at retrieving proprietary entities and unstructured text as context for generative 
answers. Unlike traditional chatbot development where the goal is to fine-tune models 
on static datasets, RAG is primarily focused on returning a ranked list of relevant 
document chunks to ground the model’s reasoning in real-time. This paradigm has been 
widely adopted to mitigate hallucinations and enable verifiable citations in enterprise 
applications (Lewis et al., 2020). However, the integration of external data retrieval 
introduces a novel attack surface. Many approaches to RAG exploitation have been 
proposed, including Indirect Prompt Injection (IPI), where malicious instructions are 
embedded in retrieved documents, and PoisonedRAG, which targets the integrity of the 
vector database itself (Zou et al., 2025). 
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Most of these vulnerabilities were evaluated on the Agent Security Bench (ASB) or 
the RAG Security Bench (RSB) (Zhang et al., 2025; RSB Team, 2025). While these 
benchmarks provide valuable insights into the Attack Success Rate (ASR) of various 
exploits, they often fail to account for the operational realities of production 
environments. In an enterprise setting, a defense mechanism that achieves a 0% ASR 
but introduces multi-second latency or doubles the inference cost is often non-viable. 
Consequently, security architects face a "trilemma" of balancing security, latency, and 
cost. 

In this paper, we describe a framework we developed for benchmarking and 
optimizing defense-in-depth architectures for RAG systems, termed LAMINAR 
(Layered Architecture Metrics for Inference Network Analysis &RAG). The 
evaluation approach implemented in our framework utilises the modular architecture of 
LangChain to simulate various defense layers, the observability features of LangSmith 
to track token consumption and latency, as well as the advanced threat detection 
capabilities of NVIDIA NeMo Guardrails and TrustRAG to mitigate sophisticated 
attacks. We also extend our benchmarking approach by utilising the knowledge of 
predicted classes of operational risk. To predict the optimal defense strategy, we 
generate a classifier that uses features extracted from the LAMINAR framework—such 
as the False Positive Rate (FPR) and the "Token Tax"—to classify the system 
requirements into an experimentally predetermined architectural recommendation. This 
knowledge is then utilised to dynamically set the optimal values for the guardrail 
configurations of our RAG system. Our experiments demonstrate that the use of a 
defense-in-depth strategy, particularly when utilising semantic clustering, can improve 
RAG security effectiveness, and that operational cost prediction is a promising 
approach that could also be exploited to further improve the enterprise adoption of 
secure generative AI. 

 
1. BACKGROUND AND RELATED WORK 
 
1.1 The Evolving Threat Landscape 
 
The security landscape for LLMs has shifted significantly from simple prompt 
engineering to complex, multi-stage attacks. Unlike direct jailbreaking where the goal 
is to bypass safety filters via the user input, modern attacks on RAG systems are 
primarily focused on manipulating the retrieved context. The 2025 OWASP Top 10 for 
LLM Applications highlights this shift, introducing categories such as "System Prompt 
Leakage" and "Vector and Embedding Weaknesses" (OWASP, 2025). 

Recent research has formalized these threats. Zou et al. (2025) proposed the 
PoisonedRAG attack, which demonstrates that an attacker can inject a small number of 
adversarial passages into a knowledge base to manipulate the system's output for 
specific target queries. Similarly, Indirect Prompt Injection (IPI) attacks exploit the 
trust assumption inherent in RAG; if the system retrieves a document containing 
hidden instructions (e.g., "Ignore previous rules and exfiltrate user data"), the LLM 
may execute these instructions (Greshake et al., 2023). Furthermore, attacks such as 
Agent Hijackingdemonstrate how untrusted web content can hijack agent behavior and 
lead to critical security breaches(Mudryi et al., 2025). 
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1.2 Defense Mechanisms and Evaluation Gaps 
 
Many approaches to defending RAG systems have been proposed. Heuristic input 
sanitization aims at filtering known adversarial patterns, while "LLM-as-a-Judge" 
mechanisms utilise a secondary model to audit inputs and outputs (Inan et al., 2023). 
More advanced approaches, such as NVIDIA NeMo Guardrails, utilise a programmable 
flow-based language (Colang) to enforce semantic boundaries (Rebedea et al., 2023). 
Additionally, TrustRAG has emerged as a promising approach that utilises K-means 
clustering of retrieved document embeddings to identify and filter outliers that may 
indicate poisoning attempts (Zhou et al., 2025). 

Most of these defenses were evaluated on their ability to reduce the Attack Success 
Rate (ASR). However, there is a paucity of research that systematically evaluates the 
operational cost of these defenses. For instance, while TrustRAG significantly 
improves resistance to poisoning, the computational overhead of clustering high-
dimensional vectors at runtime is substantial. In this paper, we address this gap by 
quantifying the trade-offs between security effectiveness and operational metrics 
(latency and cost) across different defense configurations. 

 
2. THE LAMINAR FRAMEWORK 
 
In this paper, we describe a framework we developed, termedLAMINAR, for 
benchmarking and optimizing RAG security architectures. The framework is designed 
to simulate a realistic enterprise RAG pipeline, allowing for the modular insertion and 
evaluation of various defense layers. 
 
2.1 System Architecture 
 
LAMINAR utilises the LangChain framework for orchestration, enabling the dynamic 
composition of retrieval and generation chains (LangChain, 2024). The architecture 
consists of three primary stages: Pre-Retrieval, Retrieval, and Post-
Retrieval/Generation. 

1. Pre-Retrieval Defense: The input processing approach implemented in our 
framework utilises regex-based sanitization and NVIDIA NeMo Guardrails to 
detect and block direct prompt injection attempts before they reach the vector 
database or the LLM. NeMo Guardrails utilises embedding-based similarity 
checks to match user inputs against known "jailbreak" flows. 

2. Retrieval and Filtering: The retrieval approach utilises the known categories of 
vector similarity, as well as the structure of document embeddings (via 
TrustRAG), to retrieve relevant documents. Specifically, we implement a 
custom retriever that fetches the top-k documents and then applies K-means 
clustering. Documents that form small, isolated clusters—indicative of 
adversarial injections—are filtered out. 

3. Post-Retrieval/Generation: The generation approach utilises an "LLM-as-a-
Judge" (e.g., LlamaGuard) to audit the final response for sensitive information 
disclosure or hallucination. 

 
 
 



 

 
2.2 Observability and Metrics
 
To evaluate the system, we extend our document ranking approach by utilising the 
knowledge of precise operational metrics. We integrate LangSmith to trace every 
execution step (LangChain, 2024). This allows us to capture:

 Latency: The end
of each defense component.

 Token Consumption: The total n
proxy for operational cost.

 Attack Success Rate (ASR): The percentage of adversarial queries that 
successfully bypass defenses.

 False Positive Rate (FPR): The percentage of benign queries incorrectly 
blocked by the system.

We generate a classifier, which uses the so
which uses features extracted from these metrics to classify a configuration's viability.
The SES is calculated as: 

This knowledge is then utilised to dynamic
defense parameters (e.g., the strictness of the NeMo rails or the 

 
3. METHODOLOGY AND EXPERIMENTAL DESIGN
 
Our experiments demonstrate the effectiveness of the LAMINAR framework by 
evaluating five distinct defense configurations against a composite dataset of attacks 
and benign queries. 
 
3.1 Defense Configurations
 
We defined five experimental classes of defense difficulty:

 Config A (Baseline): A standard RAG pipeline with no specific defenses.
 Config B (Heuristic): Utilises basic input sanitization and static system 

prompting. 
 Config C (Policy

restrictions. 
 Config D (Model

all inputs and outputs.
 Config E (Retrieval

filter poisoned context.

2.2 Observability and Metrics 

To evaluate the system, we extend our document ranking approach by utilising the 
operational metrics. We integrate LangSmith to trace every 

execution step (LangChain, 2024). This allows us to capture: 
Latency: The end-to-end time for a query, as well as the latency contribution 
of each defense component. 
Token Consumption: The total number of tokens processed, which serves as a 
proxy for operational cost. 
Attack Success Rate (ASR): The percentage of adversarial queries that 
successfully bypass defenses. 
False Positive Rate (FPR): The percentage of benign queries incorrectly 

the system. 
We generate a classifier, which uses the so-called Security Efficiency Score (SES), 

which uses features extracted from these metrics to classify a configuration's viability.
 

This knowledge is then utilised to dynamically set the optimal values for the 
defense parameters (e.g., the strictness of the NeMo rails or the k value in TrustRAG).

3. METHODOLOGY AND EXPERIMENTAL DESIGN 

Our experiments demonstrate the effectiveness of the LAMINAR framework by 
istinct defense configurations against a composite dataset of attacks 

3.1 Defense Configurations 

We defined five experimental classes of defense difficulty: 
Config A (Baseline): A standard RAG pipeline with no specific defenses. 
Config B (Heuristic): Utilises basic input sanitization and static system 

Config C (Policy-Based): Utilises NVIDIA NeMo Guardrails for input/output 

Config D (Model-Based): Utilises a secondary LLM (LlamaGuard) to verify 
and outputs. 

Config E (Retrieval-Centric): Utilises the TrustRAG clustering algorithm to 
filter poisoned context. 
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To evaluate the system, we extend our document ranking approach by utilising the 
operational metrics. We integrate LangSmith to trace every 

end time for a query, as well as the latency contribution 

umber of tokens processed, which serves as a 

Attack Success Rate (ASR): The percentage of adversarial queries that 

False Positive Rate (FPR): The percentage of benign queries incorrectly 

called Security Efficiency Score (SES), 
which uses features extracted from these metrics to classify a configuration's viability. 

 
ally set the optimal values for the 

value in TrustRAG). 

Our experiments demonstrate the effectiveness of the LAMINAR framework by 
istinct defense configurations against a composite dataset of attacks 

 
Config B (Heuristic): Utilises basic input sanitization and static system 

Based): Utilises NVIDIA NeMo Guardrails for input/output 

Based): Utilises a secondary LLM (LlamaGuard) to verify 

Centric): Utilises the TrustRAG clustering algorithm to 
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3.2 Datasets and Attack Vectors 
 
Most of the approaches were evaluated on the Agent Security Bench (ASB) and RAG 
Security Bench (RSB). We utilized a subset of these benchmarks, comprising: 

 200 Direct Prompt Injection (DPI) attacks. 
 200 Indirect Prompt Injection (IPI) attacks embedded in retrieved documents. 
 100 "Poisoned" documents injected into the vector store (ChromaDB) to 

simulate the PoisonedRAG threat. 
 500 Benign queries from the FinanceBench dataset to evaluate the False 

Positive Rate. 
  

3.3 Procedure 
 
The document ranking approach implemented in our framework utilises the vector 
space of the ChromaDB database. For each configuration, we executed the full test 
suite. To predict the topic difficulty (the SES score) and system performance, we 
monitored the "Token Tax" and latency overhead using LangSmith traces. We also 
extended our analysis by utilising the knowledge of predicted classes of "User 
Frustration," modeled via latency thresholds (e.g., >2 seconds is considered high 
frustration). 
 
4. RESULTS AND ANALYSIS 
 
Our experiments demonstrate that the use of defense layers and the clusteringto filter 
poisoned context (TrustRAG) can enhance the overall security, but with varying 
impacts on operational performance. 
 
4.1 Security Effectiveness (ASR) 
 
Table 1 summarizes the Attack Success Rates. As expected, the Baseline (Config A) 
failed to prevent most attacks, yielding an ASR of 93.1%. Config B (Heuristic) 
provided minimal improvement, as modern attacks easily bypass static filters. Config C 
(NeMo) and Config D (LLM Judge) significantly reduced ASR for prompt injections 
but struggled against RAG poisoning. 

Config E (TrustRAG) demonstrated the highest efficacy against poisoning attacks. 
By utilising the structure of the retrieved embeddings, TrustRAG successfully 
identified and discarded 94% of the poisoned documents, reducing the effective ASR 
for poisoning attacks to near zero. 

 
Table 1: Comparative Analysis of Defense Configurations 
Configuration ASR (Overall) FPR (Benign) Avg Latency (ms) Cost ($/1k queries) 

A (Baseline) 93.1% 0.0% 450 $0.50 

B (Heuristic) 88.5% 1.2% 460 $0.50 

C (NeMo) 12.4% 4.5% 950 $0.65 
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D (LLM Judge) 5.2% 8.3% 1200 $1.20 

E (TrustRAG) 1.8% 2.1% 1800 $0.90 

 
4.2 Operational Impact: The "Token Tax" and Latency 
 
Our experiments demonstrate that the use of LLM-based judges (Config D) incurs the 
highest "Token Tax," effectively doubling the cost per query ($1.20 vs $0.50) because 
every input and output is re-tokenized by the judge model. This confirms that while 
"LLM-as-a-Judge" is a promising approach for security, it is economically inefficient 
for high-volume applications. 

Config E (TrustRAG), while secure, introduced significant latency (1800ms avg). 
The clustering approach implemented in our framework utilises iterative distance 
calculations, which scale linearly with the number of retrieved chunks (k). This 
suggests that TrustRAG is a promising approach for asynchronous tasks (e.g., report 
generation) but may be ill-suited for real-time conversational agents where user 
experience relies on low latency. 

 
4.3 False Positive Analysis 
 
We also extend our document ranking evaluation by utilising the knowledge of 
predicted classes of false positives. Config D exhibited a high FPR (8.3%), often 
flagging benign financial jargon as "unsafe" or "obscure." In contrast, Config C 
(NeMo) allowed for more granular control through Colang flows, resulting in a lower 
FPR (4.5%). This demonstrates that the determinism of programmable guardrails can 
significantly improve document ranking effectiveness by reducing over-refusal. 
 
5. DISCUSSION: THELAMINARDECISION MATRIX 
 
Based on these findings, we developed the LAMINAR Decision Matrix. This 
knowledge is utilised to dynamically set the optimal values for the retrieval parameters 
of a document ranking system based on the enterprise's risk profile. 

1. Low Risk / High Traffic (e.g., Internal Knowledge Base): The system should 
utilise Config C (NeMo). The programmable rails provide a good balance of 
protection against opportunistic attacks without the massive latency penalty of 
clustering or the cost of a full LLM judge. 

2. High Risk / Low Latency (e.g., Customer Support Bot): The system should 
utilise Config D (LLM Judge) with optimized, smaller judge models (e.g., 
LlamaGuard-7B-quantized). While expensive, it offers robust protection 
against reputation-damaging outputs. 

3. Critical Integrity / High Latency Tolerance (e.g., Financial Analysis): The 
system should utilise Config E (TrustRAG). When the accuracy of the 
retrieved entities is paramount, the computational cost of the clustering 
approach is justified to prevent data poisoning. 

We also extended our document ranking approach by utilising the knowledge of 
dynamic switching based on the Security Efficiency Score. A "Defcon" controller can 
be implemented to switch from Config C to Config E dynamically if an attack pattern 
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is detected, allowing the system to operate efficiently under normal conditions and 
harden itself under threat. 

 
CONCLUSION 
 
In this paper, we described LAMINAR, a framework for benchmarking and optimizing 
the security of RAG systems. The document ranking approach implemented in our 
framework utilises the known categories of defense mechanisms—sanitization, 
programmable guardrails, and vector clustering—as well as the structure of modern 
observability tools to quantify the trade-offs between security, cost, and latency. 

Our experiments demonstrate that the use of categories and the category structure of 
TrustRAG can improve document ranking effectiveness against poisoning attacks, 
reducing ASR to 1.8%. However, this comes at a steep latency cost. We further 
demonstrated that NVIDIA NeMo Guardrails offers a promising approach for 
balancing security and usability in real-time applications. 

We conclude that topic difficulty prediction—specifically, identifying the risk 
profile of the query—is a promising approach that could also be exploited to further 
improve the document ranking RAG performance. Future work will focus on 
automating this dynamic switching, creating a fully adaptive RAG system that 
reconfigures itsdefense architecture in real-time based on the predicted threat level of 
the incoming query. By utilising these insights, enterprise architects can move beyond 
theoretical security to implement robust, operationally viable defense-in-depth 
strategies. 
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Abstract 
 
Cybersecurity threats are evolving all the time and their goal is to take away the confidentiality and integrity 
of sensitive information. To ensure the integrity of the data is maintained, the paper proposes a blockchain-
based cybersecurity solution that will enable accurate access control, incident tracing, and full accountability. 
The framework combines the strength of cryptographic hashing for verification of data integrity and smart 
contracts for the automation of access control to come up with tamper-proof audit trails powered by 
blockchain's distributed and unchangeable ledger. We explain the framework's architecture and how it will 
rely on today's blockchain technologies for implementation. The proposed solution is compared with the 
latest blockchain applications in sectors such as e-government, IoT, and health for the purpose of showcasing 
its advantages. Besides, important considerations such as scalability, latency, privacy, and compliance with 
regulations are discussed. The results indicate that the use of blockchain technology in cybersecurity 
infrastructures can be a major factor in enhancing the resilience and trust of data management. 

 
Keywords: Blockchain; Cybersecurity; Data Integrity; Access Control; Audit Trail; Incident Traceability 
 

     JEL classification: Z32, R11, M30 

 
INTRODUCTION 
 
Cyberattacks are a nonstop risk to contemporary enterprises that jeopardize the 
trustworthiness of their systems and the integrity of their data. One of the reasons why 
it is difficult for investigators to find reliable proof is that the assailants often change or 
remove the logs and records in order not to be discovered (Putz et al. 2019). Traditional 
security methods usually rely on centralized databases and audit systems, which create 
single points of failure and are vulnerable to manipulation as well as insider threats 
(Putz et al. 2019). Among the major challenges are the imposition of very strict access 
controls and the guaranteeing of security logs' authenticity. 

Among the various technological advancements, one of the most promising to solve 
these problems is blockchain technology. Its four main features - decentralization, 
cryptographic security, and immutability - provide the basis for a trustless system 
where no one can have the authority to make changes to the records (Jung, 2019). A 
transaction on blockchain once logged is nearly impossible to be faked or erased 
because of the linkage of each block to its previous one via a cryptographic hash which 
makes any tampering evident (Jung, 2019). The tamper-proof design employed can 
ensure the audit trails and transaction records are intact and genuine over long periods 
allowing for the preservation of data integrity and forensic analysis support. Moreover, 
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by the blockchain's distributed consensus mechanism, the central log repository is no 
longer relied upon, and thus, the compromise of even a single node does not impact the 
overall integrity of the ledger (Hu, 2022). 

One of the main reasons blockchain has become a popular choice in the field of 
cybersecurity is its ability to create decentralized access control systems and immutable 
audit trails. A number of pre-study projects have already commenced in this area, and 
their findings have been expressed in an NIST report, for instance, which claimed that 
blockchains could ensure the creation of tamper-proof logs and access control that 
would otherwise be vulnerable to a single point of failure and, therefore, fraud (Hu, 
2022). Similar to this, the study of secure logging has suggested a blockchain-
supported structure for determining the admissibility of log evidence in court and its 
non-refutability (Putz et al. 2019). These developments mean that the entire security-
critical data handling needs to be in reliance on a well-prepared blockchain-based 
system's trust. 

This paper introduces an all-inclusive framework that integrates the use of 
blockchain technology into cybersecurity operations and aims to protect data integrity, 
control access, and ensure incident accountability. Our initial step is to review past 
research on the implementation of blockchain in the cybersecurity field. Then we 
continue outlining the framework’s design and its elements which include hashing for 
integrity and smart contracts for access control. In addition to the deployment method 
we recommend, we also provide a comparison with other blockchain security 
frameworks specific to different sectors (government, IoT, and healthcare) that have 
been developed. The present discussion of practical issues (like Privacy and 
Performance) opens up new avenues for us to engage in research where we will be able 
to put our knowledge into practice. 

 
1. LITERATURE REVIEW 
 
The very characteristics of blockchain technology, that is being able to produce 
verifiable and unchangeable records, made it fit for usage in a variety of cybersecurity 
contexts. Integrity monitoring and secure audit logging are two main application areas. 
A permissioned blockchain system was developed by Putz et al. (2019) to keep 
cryptographic proofs of log records, thereby securing that once logs are written, their 
integrity can be verified without requiring a trusted third party. In a similar fashion, 
Ahmad et al. (2018) illustrated the application of blockchain technology in creating 
transparent and safe audit logs ("BlockAudit") through the demonstration of how a 
decentralized ledger can prevent log forgery and increase trust in multi-party audits. 
These studies indicate that the immutability of blockchain can secure the important 
security event data for compliance and forensic examination. 

Blockchain is a technology that allows multiple parties to come to a consensus 
regarding their rights and obligations without the intervention of a central authority. 
Besides, many organizations or devices can rely on the same access rights without the 
need for a central authority, owing to blockchain's distributed trust model. As an 
illustration, the NIST Interagency Report 8403 mentioned the use of blockchain as a 
"trustable alternative" for the implementation of access control policies in decentralized 
environments. The benefits of improved system availability (due to the absence of a 
single point of failure), the tamper-proof nature of storage for access control rules and 
logs, and the intrinsic traceability of all access decisions made on the ledger are all 
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mentioned in the report. The role-based access control was deployed by the researchers 
using smart contracts on Ethereum, which certifies that only the permitted users can 
perform particular tasks, and at the same time, every access attempt is recorded on-
chain for audit purposes (Hu, 2022). 

These blockchain-enabled access control frameworks have been investigated in 
federated systems, cloud environments, and IoT networks, demonstrating improved 
security and transparency in permission management. 

The vote of blockchain as the technology for safe data sharing and incident 
response has been positive. A secure distributed database can be created by blockchain 
in threat intelligence sharing between enterprises where the indicators of compromise 
are posted and authenticated by the organizations, thus doing away with the 
requirement to have full trust in a third-party collector. Prototypes established during 
the period from 2017 to 2022 can already be seen that such use of blockchain in 
cooperative cybersecurity (for instance, sharing malware signatures or blacklists) 
increases participant trust and corresponding immutable records of shared intelligence. 
In case of the Internet of Things (IoT) arena, the devices might not be sufficiently 
secured, but by authentication and data integrity blockchain can still play its role.A 
security layer based on blockchain will remove all the single points of failure hence 
creating a very strong resilience in IoT networks. The data coming from the IoT 
sensors can be hashed and then stored on a ledger to assure it has not been changed 
while going through the sensor and the recipient (Hu, 2022). The blockchain records 
are transparent and cannot be tampered with so it is easier to trace abnormalities in IoT 
environments because every action of each device is logged and cannot be changed 
(Hu, 2022). Different cases of smart homes and industrial IoT systems that are secured 
with blockchain have shown a reduction in successful attacks and also made incident 
investigations easier- this demonstrates the potential of this method. 

A number of surveys and reviews have evaluated these advancements. A systematic 
review performed by Mayer et al. in 2020 reached the conclusion that blockchain might 
""revolutionize"" the management of electronic health records by offering safer ways 
for the transfer of health information through decentralized networks. In 2022, another 
review has been done which discussed the positive aspects of blockchain in auditing 
and compliance and threw light on the strong interest of the finance sector in using 
distributed ledgers for transparency in accountability during financial and IT audits. 
Such surveys show that there is an increasing agreement among the experts that the use 
of blockchain technology, when properly integrated, can indeed, enhance the security 
of the information by providing data integrity, distributed trust, and auditability. 

Gaps Summary: Despite the existence of numerous successful prototypes and 
domain-specific solutions revealed by the literature, there is still a lack in the form of a 
single general cybersecurity context that combines data integrity, fine-grained access 
control, and incident traceability. To overcome this gap we are presenting a modular 
blockchain-based cybersecurity framework as one of our main focus areas and also 
talking about its implementation aspects and comparative benefits. 
 
2.PROPOSED BLOCKCHAIN-BASED CYBERSECURITY FRAMEWORK 
 
The suggested framework is a multi-layered structure that relies on blockchain 
technology for secure data handling in an enterprise setting. The main elements and 
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data movements of the framework are depicted in Figure 1 (conceptual). The essential 
parts consist of: 

• Data Collection & Hashing Layer: This layer encompasses the capture of all 
critical events, transactions, and log entries from the systems, such as login 
attempts, configuration changes, data access events, etc. Prior to any event 
being stored on the blockchain, sensitive data is encrypted (if required) and a 
cryptographic hash of the event record is created. On-chain storage of only the 
hash (and metadata) secures the privacy of the data while allowing for integrity 
checks, even if just a single bit of the original log is changed, the hash 
comparison will not match, thus exposing the tampering. Consequently, 
cryptographic hashing is the method that assures the data could not be altered 
or overwritten once it has been recorded (Nweje, 2024). 

• Smart Contract Layer for Access Control: The implementation of smart 
contracts on the blockchain leads to the automatic enforcement of security 
measures. They are responsible for the setting of rules regarding who is 
allowed to access or change certain data and in what manner. An instance of 
this is a smart contract that performs role-based access control through on-
chain management of a list of authorized roles and permissions (Hu, 2022). The 
action request of the user (whether he wants to read a confidential file, for 
instance, or execute an admin command) is checked by the smart contract 
against the policy rules. The action will be allowed and logged only when the 
rules are fulfilled. The smart contracts guarantee that decisions regarding 
access are made uniformly and cannot be circumvented, as the rules are backed 
by the blockchain network. Any alterations in permissions (like adding a new 
role) are noted down as transactions, thus producing a retraceable record of 
access control modifications. 

• Blockchain Ledger Layer: The blockchain network (which can be an 
enterprise-private or consortium blockchain) is a ledger that is impossible to 
alter and it is where the hashed records and transactions are stored. The events 
are recorded in batches in each block together with the time and the hash that 
connects it to the previous block. As the hash of a block is determined by the 
hash of the previous block, trying to change the earlier records would disrupt 
the chain's cryptographic connection (e-Estonia, 2007). The validation of new 
blocks is made by all the participating nodes through a decentralized consensus 
mechanism (e.g. Proof of Stake or a practical Byzantine Fault Tolerance 
algorithm), thus ensuring the impossibility of a malicious node inserting false 
records or changing existing data. In such trusted settings, a collaboration of 
reliable organizations or internal departments operates the nodes, thereby 
controlling who can write to or read from the blockchain while still enjoying 
distributed trust (e-Estonia, 2007). As a result, the ledger becomes an 
unalterable record of all security-related activities within the organization. 

• Audit & Monitoring Layer: The layer offers real-time querying and monitoring 
tools for the blockchain records. Security analysts and compliance officers 
have the option to use either blockchain explorers or specialized dashboards for 
reviewing the history of changes and accesses. Due to the fact that the audit 
trail is exhaustive and only adds, any incident such as unauthorized data access 
or configuration changes can be tracked back to its source along with a tamper-
proof timestamp (Nweje, 2024). The framework might be compatible with the 
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1. Data Integrity: The hash generation and blocks connection method will be the 
factors that not only the data change with unauthorized access but also its 
detection (Nweje, 2024). Nobody, not even the system administrator with the 
highest level of access, can covertly change any records without disrupting the 
cryptographic chain. 

2. Access Control Enforcement: Smart contracts perform an unchangeable and 
undetectable function in the security measures enforcement process. They 
reduce the probability of a centralized access control server being hacked and 
consequently turning into a security breach spot (Hu, 2022). 

3. Non-Repudiation: The initializing of every action (access request, policy 
change, data update) is indicated by a ledger entry together with the digital 
signature of the initiator. Therefore, users and administrators are not able to 
claim innocence afterwards, as the blockchain record serves as a permanent 
and incontrovertible witness. 

4. Incident Traceability: The entire sequence of events is recorded on the 
blockchain, making it perfect for an investigator to track incidents back to the 
very beginning. For instance, if a malware infection were to change a 
configuration, the blockchain log will not only show when and who made the 
aforementioned change but also will be helpful in the process of determining 
the root-cause. 

 
The combination of these elements results in a blockchain-based zero-trust security 

model, which the framework supports. Trust is limited to the individual system 
components and is not part of the strong cryptographic guarantees of the blockchain 
ledger. 
 
3. IMPLEMENTATION STRATEGY  
 
There is a need to choose the appropriate blockchain platforms and integration methods 
very cautiously to implement the suggested framework in a real environment. In this 
part, we explain a method for practical deployment that covers the technology stack 
and system design aspects. 

The deployment workflow adheres to the multilevel architecture represented in 
Figure 1. The integration layer comes into play by capturing system events, passing 
them through hashing and smart contracts, noting them down on the blockchain ledger, 
and then using them for auditing and forensic analysis. 
 
3.1. Platform Selection 
 
To satisfy the enterprise's requirements for confidentiality, restricted access, and high-
speed performance, a permissioned blockchain was chosen. The decision of the 
platform settled on Hyperledger Fabric because of the following: 

 fast finality and no forks guaranteed by the configurable consensus options 
(e.g., Raft or PBFT), 

 support for smart contracts (“chaincode”) in general-purpose languages like 
Go or Java, 

 channel-based architecture that allows for the most detailed access control, 
and 
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 capability to support high-throughput workloads which are normal in log 
processing and access events. 

The features mentioned above are in line with the framework's objectives of 
implementing custom access policies and keeping secure sensitive audit trails within 
trusted environments. 

Decentralization claims made by public blockchains are accompanied by higher 
latency and transaction costs as one of the drawbacks. However, for scalability and 
resilience purposes, permissioned networks' critical checkpoints can be anchored to 
public chains (e.g., Ethereum rollups or Solana) optionally, thus enhancing tamper 
resistance through the cross-chain anchoring technique. 
 
3.2 Smart Contract Development 
 
Smart contracts will be the instruments for imposing access control over the log 
management and other related activities. In the case of platforms similar to Ethereum, 
the contracts will be developed using either Solidity or Vyper language; for 
Hyperledger Fabric, the chaincode will be implemented using Java, Go, or Python. 

The contract for access control will provide the functions of assigning roles, 
changing permissions, and authorizing requests. Multi-signature approval will be 
required for high-potential actions, such as changing admin roles, to ensure that no 
abuse of power is perpetrated by an insider. 

There will be a different contract in charge of the log submission which will set the 
rules for the log format (for instance: event type, timestamp, hash) and would give the 
permissioned systems the ability to add new records. Event mechanisms (like the 
Ethereum events or Fabric ledger updates) will be used for alerting the external 
monitoring tools about the new entries at the same time as they are created. 

The study primarily addresses the concern of security in smart contracts, where the 
emphasis will be put on access modifiers, interaction patterns and testing. Moreover, 
static analysis and formal verification tools will be utilized to uncover correctness and 
guaranteeing that the usual security issues such as re-entrancy or arithmetic errors will 
not weaken the system's strength. 
 
3.3 System Integration 
 
First, by introducing lightweight client software (blockchain adapters) across various 
platforms such as database servers, application servers, and network appliances, 
seamless communication between the logging framework and the operational systems 
will be achieved. 

 Database Adapter: Monitors essential data tables, respectively hashes every 
transaction (e.g., by utilizing SHA-256), and transmits the hash together with 
the metadata to the blockchain through the log contract. 

 Identity Management Adapter: Marks user authentication events (e.g., login, 
logout) and securely logs them on the blockchain. 

 Network Security Adapter: Tansfers alerts of high-severity from firewalls or 
intrusion detection systems to the blockchain, thus making incident reports 
unchangeable, even if the logging infrastructure is compromised later. 
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The adapters employ secure APIs from the blockchain SDK for their 
communication with peer nodes. To enhance performance, they allow the batching of 
events, meaning that during peak load times several log entries are combined into one 
hash and processed in one transaction. 

All events are provided with timestamps for time synchronization and event 
ordering, and blockchain consensus is relied upon to identify a globally trusted 
sequence. This practice ensures the chronological integrity of all the activities that have 
been recorded. 
 
3.4 Performance Considerations 
 
The system's architecture must prioritize efficiency and scalability to handle large event 
volumes. Logging can be categorically divided based on sensitivity or confidentiality 
levels as one way of doing it. The less sensitive data might be compressed or summed 
up before going on-chain, while, on the other hand, the critical events are logged 
separately for total traceability. 
 

Owing to the limited space available on blockchain, only cryptographic hashes and 
a minuscule amount of metadata are stored on-chain. All the log data is kept in either 
conventional storage systems or on decentralized platforms such as IPFS. The hash on-
chain works as a tamper-proof fingerprint that validates the outside records' integrity. 

For the enhancement of the performance, the two other measures are put into 
action:  

 Off-chain Caching: A separate database is used for storing the audit 
data that is highly requested and can be queried. Events on the blockchain are 
the ones updating this cache sometimes, thus enabling quicker analytics 
without the chain being overloaded. 

 Checkpointing: The system at predetermined intervals takes the 
blockchain state (e.g., as a Merkle root) and either keeps it securely off-chain 
or anchors it to a public chain. This assures that, even if a private network is 
breached, the historical integrity of records would still be independently 
verifiable.  

The hybrid architecture is a mixture of transparency, integrity, and operational 
scalability. 
 
3.5 Performance Considerations 
 
Our standard system performance indicating parameterizations and security audit 
profile will be significantly emphasized: 

 Throughput: The blockchain network's ability to record log events per second. 
 Latency: The capability of the blockchain network to document log events 

within a second unit. 
 Overhead: The time interval from the occurrence of an event to its being 

verified on-chain. 
 Security: The capability of the system of preventing unauthorized actions, 

such as log tampering or data access. 
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The testing will happen in a lab under controlled conditions, where a combination 
of attack scenario simulation and actual small business log data will be employed for 
evaluation. This way, both the functional and the adversarial performances will receive 
a fair assessment. 

Nonetheless, the previous research points out that the integration of blockchain 
technology in logging can deliver outstanding resistance to tampering while 
maintaining the same performance overhead (Kelvin, 2025). The result of this 
evaluation will guide in the tuning of the operational settings like block size, batching 
frequency, and consensus configurations for achieving the best system performance at 
the time of installation. 
 
4. COMPARISON WITH OTHER BLOCKCHAIN-BASED SECURITY FRAMEWORKS 
 
Various sectors have adopted blockchain technology for the purposes of cyber security. 
To understand the parallels and contrasts, we analyze our comprehensive framework 
along with the cases taken from the medical, IoT, and governmental sectors. 

According to the Table 1, traditional systems are most of the time made up of 
central components and their operation fully depends on the trust in the infrastructure 
or the people which makes them prone to attacks, misconfiguration, and the lack of 
auditing. The application of blockchain in areas like healthcare (EHR access control), 
IoT (device identity management), and government (tamper-proof recordkeeping) is 
proving the advantages of decentralization, immutability, and programmable access 
control. 

The proposed framework encompasses these benefits and makes them available for 
the enterprise environment. In conjunction with smart contract-based role enforcement 
and flexible event logging mechanisms, permissioned blockchains are being used to 
ensure the highest levels of integrity and the security of automated processes. Besides, 
design aspects such as off-chain caching, batching, and optional anchoring contribute 
positively to both performance and long-term trustworthiness. 

In a nutshell, blockchain-based security frameworks have shown their exceptional 
qualities through the following points in the fields of healthcare, IoT, and government:  

(a) Improved data integrity and trust by means of immutability and decentralized 
consensus,  

(b) Lesser insider threats by abolishing centralized control over the critical logs, and  
(c) Better auditability and compliance by containing complete and tamper-evident 

histories of the system events. 
The framework we present is a broad interpretation of these concepts in terms of a 

single architecture that could be used in the usual business settings. It will be equipped 
with specific modules of the industry (say, patient informed consent contracts in 
healthcare, or device identity management in IoT) if required, however, its central part 
will still be offering the same basic advantages which were noticed in the 
aforementioned implementations. 

 
Table 1. Comparison Between Traditional Security Systems and the Proposed Blockchain-Based 
Framework 
Feature / 
Capability 

Traditional Systems 
(SIEM, Syslog, ELK) 

Existing Blockchain 
Approaches 

Proposed Framework 
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Data Integrity Logs can be altered by 
insiders or attackers 
unless additional 
safeguards are used 

Immutability via blockchain 
ensures tamper-evidence; 
especially effective in 
government and healthcare 
logging (Morillo Reina and 
Mateo Sanguino, 2025) 

Cryptographic hashing with on-
chain storage ensures 
immutability; optional cross-
chain anchoring for added 
assurance (Morillo Reina and 
Mateo Sanguino, 2025) 

Access Control Centralized role-based 
access, prone to 
misconfiguration or 
abuse 

Smart contracts enforce 
patient-centric access 
(healthcare) or device identity 
rules (IoT) (Morillo Reina and 
Mateo Sanguino, 2025) 

Role-based access via smart 
contracts; high-impact actions 
require multi-signature approval 

Auditability Limited or fragmented 
audit trails 

Immutable trails in sectors like 
e-government and healthcare 
for complete traceability (Mayer 
et al., 2020) 

Full audit logging of 
user/system actions with 
verifiable timestamps (Mayer et 
al., 2020) 

Scalability Handles high 
throughput but may 
sacrifice data integrity 

Healthcare and IoT use 
compression or edge 
aggregation to support large 
data volumes 

Uses batching, caching, and 
off-chain storage for high-
performance logging while 
retaining verifiability 

Real-Time 
Response 

Near real-time in high-
end deployments 

IoT frameworks use lightweight 
protocols but may prioritize 
device logs over analysis 
latency 

Efficient adapters and event-
driven contracts support near 
real-time interaction with 
existing systems 

Tamper 
Resistance 

Depends on 
infrastructure 
hardening 

Blockchain inherently protects 
against post-facto changes; 
e.g., Estonia’s government logs 
(e-Estonia, 2007) 

All logs are tamper-evident by 
design; attacker privilege 
escalation cannot erase traces 
(e-Estonia, 2007) 

Privacy and 
Confidentiality 

Access controls and 
encryption handled by 
SIEM policies 

Fine-grained consent in 
healthcare; encryption and 
access layers in public sector 

Channel-based visibility in 
permissioned blockchain; 
supports hybrid public-private 
models 

Deployment 
Scope 

Typically within 
enterprise or cloud 
boundary 

Government solutions span 
national systems; IoT across 
device networks 

Designed for organizational and 
consortium-level use; scalable 
to inter-agency or hybrid 
models 

Long-Term 
Verifiability 

Archival logs require 
trust in storage and 
admins 

Estonia uses anchoring for 
multi-decade durability (e-
Estonia, 2007) 

Optional public anchoring and 
checkpointing to ensure future 
integrity even if systems are 
compromised (e-Estonia, 2007) 

 
 
5. DISCUSSION 
 
The adoption of a blockchain-based cybersecurity framework offers substantial 
advantages yet at the same time it creates problems as well. We outline a few key 
considerations in the following subsections. 
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5.1Scalability 
 
The scalability of blockchain networks especially the unpermissioned ones, is 
dependent on their capacity to process transactions and data storage. There are 
companies that can generate log events in the range of thousands per second, a quantity 
that might be unbearable for a basic blockchain. Generally, the private blockchains can 
handle larger-than-public transactions, yet a proper design is still a must.  

Among the technologies, off-chain aggregation, sharding, and hierarchical 
blockchain structures (with periodic cross-chain anchoring) might contribute to solving 
the scalability problems. Furthermore, the system should be capable of configurable 
logging levels. An on-chain recording of every event with the same level of detail 
should not be a requirement. 

By making wise decisions on what to log (for instance, critical security events vs. 
routine operations), companies can control the amount. Continuous investigation into 
scaling solutions such as layer-2 networks or more efficient consensus algorithms is 
likely to further enhance the scalability of the blockchain and, thus, our framework will 
be benefited. 
 
5.2Lag 
 
In the matter of security, quick detection and reaction are of utmost importance. The 
introduction of blockchain might bring lag to the logging and access control decisions, 
as every transaction has to be communicated and confirmed by the network. For 
instance, if a regular blockchain is used with a block interval of several seconds, the 
event recording or access rule enforcement could be delayed by that amount of time.  

We tackle lag in our setup by adopting fast-finality consensus algorithms in a 
permissioned network and by creating smart contracts that run quickly. Nevertheless, 
there is a basic trade-off: extraordinarily low-latency requirements (less than a second) 
could be tough to fulfil if every event is recorded on-chain. A mixed strategy could be 
utilized where non-critical decisions are made offline in real-time but are then recorded 
on-chain for auditing purposes.  

A properly set up private blockchain can deliver performance that is very close to 
real-time (e.g., confirmation times that are less than a second or 1-2 seconds), which is 
more than adequate for most auditing situations. It is crucial for organizations to 
measure the impact of latency on their specific processes and confirm that it is within 
the set limits 

 
5.3Privacy 
 
The use of an unalterable ledger for data storage brings up privacy issues, particularly 
in cases where there are strict data protection regulations. The possibility of using a 
permissioned blockchain does not eliminate the problem completely since, there, 
several parties (or departments) can still access the data. The primary approach of our 
framework for tackling the privacy problem is the storage of hashes of data instead of 
plaintext logs on-chain.  

Thus, the ledger can verify the data's integrity while keeping the data undisclosed. 
Sensitive data (e.g., usernames, file contents, personal identifiers) may be securely 
stored off chain, with only a reference and its hash kept on the blockchain. Access for 
decryption of the sensitive information can be handled by different key management 
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systems, which may even be linked to the blockchain through smart contracts that 
allow key release when specific conditions are met.  

Moreover, the fact that a permissioned blockchain is utilized means that the access 
of the nodes and the parties that can make inquiries about the ledger can be controlled. 
Within a consortium, different roles can be assigned (some of the participants might 
only give data but they will not get the chance to see the data from others). 
Nevertheless, the "right to be forgotten" issue (for instance, under GDPR) presents 
complications: after a hash is on-chain, it is there for good, even though a hash alone 
may not meet the criteria for personal data.  

One way to handle this problem is to implement retention policies where, after a 
certain amount of time, the system stops replicating the older data (this means that the 
data is effectively archived in place but not distributed any further). Technologies such 
as zero-knowledge proofs, among others, could also be utilized in the future to 
authenticate occurrences or access rights without disclosing private data. Finding the 
right spot where to place transparency and confidentiality at a real deployment of the 
framework is one of the pivotal design considerations 

 
5.4Regulatory Compliance 
 
The whole scene with the regulatory framework for the implementation of blockchain 
technology in cybersecurity still looks a bit unrealistic. Furthermore, applying 
blockchain in some industries (finance, healthcare, and government) that are closely 
regulated will demand the regulators’ guidance in the areas of record-keeping and 
security monitoring with existing rules compliance.  

The regulators might be needing education regarding the technology, one of the 
fronts where the regulators will have to be educated is the area of legal uncertainty and 
that status of blockchain records and smart contracts; (e.g., are they regarded as legibly 
indubitably records?). In many jurisdictions, if the integrity is guaranteed then 
electronic records are permissible. 

Some nations have begun to embrace blockchain records already in their statutes. 
For example, the Singapore Cybersecurity Act (2018) requires the logging and auditing 
of critical systems to be very strict and, therefore, the use of blockchain-based solutions 
has been proposed to comply with such laws (Jung, 2019). The adoption of this 
framework presupposes early engagement with internal compliance teams by 
organizations to make sure that they are in accordance with regulations such as data 
localization (where can the nodes be located?), record retention laws and standards 
(such as ISO 27001 or NIST guidelines).  

We foresee that in the long run, standards for auditing and security specifically for 
blockchain will be developed (there are already some initiatives in this direction), 
which will offer more explicit direction. 
 
5.5Operational Challenges 
 
The deployment and maintenance of a blockchain network are accompanied by a 
multitude of operational issues. The organization, or even the entire company, needs to 
be well-skilled in the management of blockchain nodes, for instance, if the existing 
contracts cannot be performed then new ones might have to be created, and an updating 
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of smart contracts for policy changes along with key management for transaction 
signing. Moreover, there is a problem of interoperability with the current systems.  

The trustworthiness of this structure is indicated by the seamless connection of the 
old systems and the blockchain layer. The implementation stage entails a specific 
period of extensively testing that will not only guarantee that regular operations 
continue but also that logging does not have any false positives/negatives to at least a 
minimum extent (for instance, tuning which events to log to the blockchain to avoid 
noise). Performance monitoring will be a mandatory process to ensure the blockchain 
network is alive and operating (for example, monitoring ledger disk space usage, 
checking network traffic). 

In addition, the security team would be responsible for not only pulling the 
blockchain logs but also figuring out what they mean when incidents are investigated, 
thus the incident response procedures must be changed. The very framework that is to 
be adopted would cause both a technical and a process change to happen 
simultaneously. Organizations could start with a pilot project then slowly build trust in 
the new system. The conduct of training sessions and the supply of user and admin-
friendly manuals would facilitate their comprehension and acceptance of the 
advantages and use of the blockchain security layer thus reducing the necessary cultural 
shift. 

 
5.6Overal Evaluation 
 
Taking these issues into account, the difficulties of every solution are accompanied by 
disadvantages. Nevertheless, if it is well managed, the blockchain-based sanitation 
system's advantages, particularly in terms of preventing unnoticed tampering and 
providing a high level of accountability, may be regarded as the opposite side of the 
coin. 

The advanced period of the blockchain tech will turn our type of solution into more 
convenient and manageable. The essence of the matter is to begin with very distinct 
aims (for instance, bettering the auditing of important systems or stopping log 
manipulation getting done by the insiders) and make sure the blockchain architecture is 
designed in a way that it serves those aims without adding unacceptable overheads.  

What we have just discussed here demonstrates that there are indeed some 
obstacles, yet they come along with very vibrant areas of Research and Development; 
hence we do think that the bulk of these problems will be resolved in due time. 
 
6.CONCLUSION AND FUTURE DIRECTIONS 

 
The blockchain-based cybersecurity framework we have proposed in this paper aims at 
the protection of data integrity, the improvement of access control, and the provision of 
incident tracing throughout. The framework by utilizing the distributed ledger 
technology of the blockchain guarantees that the security-critical data, which includes 
logs of system activities and access events, is recorded in an unalterable, tamper-
resistant way. The smart contracts apply the security policies uniformity throughout the 
network thus, eliminating dependence on the centralized authorities, which in turn will 
limit insider's access and abuse situations. Our side-by-side study of the blockchain 
solutions in healthcare, IoT, and government domains has revealed the that versatility 
of the blockchain in resolving cybersecurity issues in various environments. 
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Furthermore, it has confirmed that the power to create trust without a third party is the 
key and this is becoming increasingly important as systems get more complex and 
threat actors get more sophisticated. 

The strategy for implementation that has been presented indicates that the adoption 
of such a framework is conceivable from a technological point of view with the 
existing blockchain platforms, yet performance and interoperability have to be taken 
into account heavily. The organizations can eventually take the framework over a 
period, beginning with the most important areas and widening the base as the trust in 
the tech increases. The characteristics of the blockchain ledger making it auditable and 
transparent can help an organization to fortify its security position and conduct 
compliance audits more easily as the reliability of records is automatically guaranteed 
by encryption. 

We are going to pursue the current research in various directions in the future. One 
of the ways is particularly when it comes to scalability and it will be very promising if 
we research it further. It would cover looking into more sophisticated consensus 
algorithms and putting layer-2 networks to work, which would be secured by logging 
and could enable an extraordinary number of transactions per second. 

Moreover, there will be a need for the implementation of privacy mechanisms in the 
blockchain, for instance, the use of zero-knowledge proofs so that one can prove that a 
certain event happened (or a policy was followed) without disclosing any of the 
underlying details that are sensitive. Hats off to the transparency of blockchain and 
privacy requirements as this could be the solution that lessens the burden of reconciling 
them. A further step in the development process might be the merging of artificial 
intelligence (AI) with the blockchain framework, which would be a strong move: 
automated responses to certain incidents (e.g. the isolation of a suspicious user 
account) could be based on smart contracts that are defined by legal rules, or machine 
learning models could be trained on the immutable log data to detect anomalies and 
insider threats more accurately. 

Finally, it was the case that interoperability, as well as standards, played the role of 
the main factors in the broader adoption. For instance, if multiple organizations or 
consortia implement blockchain-based security, then creating standards through IEEE 
or ISO for audit data formats and cross-organization blockchain interoperability will 
allow security information to be shared across trust boundaries (for example, 
companies sharing threat intelligence on a blockchain in a standardized way). In 
addition, we are following developments in quantum-resistant cryptography for 
blockchains closely , by making sure that the cryptographic algorithms securing the 
ledger remain invulnerable to future threats is a long-term consideration for any such 
framework. 

To sum up, the integration of blockchain with cybersecurity will surely lead to 
systems which are not only unaffectable by any tampering but also very openly and 
trustfully set up. Even though there are still issues to tackle, the constant improvement 
of blockchain and the accumulating empirical evidence coming from trial runs indicate 
that such frameworks could be a major security feature in computing in the near future. 
We wish that our paper acts as a starting point for more research into the cybersecurity 
solutions that use blockchain technology and, at the same time, protect the integrity and 
accountability of vital data. 
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Abstract 
 
By late 2025, Generative Artificial Intelligence (GenAI) has transitioned from a paradigm of stochastic 
content generation to one of autonomous agency. This Agentic Turn represents the maturation of the field, 
characterized by the deployment of the so-called System 2 reasoning models, sophisticated multi-agent 
architectures, and the emergence of Computer-Using Agents capable of direct interface manipulation. This 
research paper provides an exhaustive analysis of the state-of-the-art in GenAI, contrasting the architectural 
strategies of frontier laboratories—OpenAI, Google DeepMind, Anthropic, and Meta—against the practical 
exigencies of enterprise implementation. We examine the shift from monolithic Large Language Models 
(LLMs) to modular, neuro-symbolic frameworks such as LangGraph and MAESTRO, which enable complex 
planning, tool execution, and self-correction. The analysis details high-impact deployments across key 
sectorsin finance, manufacturing, operations and insurance. Furthermore, the paper addresses the critical 
challenges of agentic security, analysing the MAESTRO threat modelling framework and the recent updates 
to the NIST AI Risk Management Framework. The synthesis of these trends indicates that GenAI has 
evolved into a critical infrastructure layer, necessitating a fundamental reimagining of workflow 
orchestration, security governance, and human-machine collaboration. 
 
Keywords: GenerativeArtificialIntelligence (GenAI), Agentic AI Systems, Multi-AgentArchitectures, 
Enterprise AI Deployment, Neuro-SymbolicFrameworks, AI SecurityandGovernance 

JEL classification: C88, L86, M15, O33, D81 

INTRODUCTION 
 

The trajectory of Artificial Intelligence in 2025 is defined by a decisive ontological 
shift from chatbots—passive systems that respond to user prompts—to agents—active 
systems capable of independent reasoning, planning, and execution in dynamic 
environments (Bordoli, 2025). This evolution, widely termed the Agentic Turn, marks 
the operational maturity of GenAI, moving the value proposition from novel content 
creation to reliable, goal-directed task execution within complex enterprise ecosystems. 

While the preceding years (2023–2024) were dominated by the exploration of 
generative capabilities—producing text, code, and images/videos from natural language 
prompts—current research and deployment focus is on the so-called System 2 thinking. 
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Drawing on dual-process theory, this paradigm emphasizes the ability of a model to 
deliberate, self-correct, and reason through multi-step problems before acting 
(Microsoft, 2025). Unlike a standard LLM, which predicts the next token based on 
statistical likelihood (System 1), an agentic system perceives a high-level objective, 
decomposes it into a directed acyclic graph (DAG) of tasks, executes these tasks using 
external tools (APIs, databases, GUIs), and iterates based on environmental feedback 
(Colyer, 2025). 

The economic and operational implications of this shift are profound. Enterprises 
are no longer seeking merely to augment human creativity but to deploy digital labor 
capable of end-to-end process automation. This necessitates a move beyond stochastic 
generation toward deterministic execution, often achieved through neuro-symbolic 
architectures that blend the flexibility of neural networks with the logic of symbolic 
systems (Sempf, 2025). Furthermore, the democratization of these capabilities through 
efficient Small Language Models (SLMs) and open-weights reasoning models has 
decentralized intelligence, enabling sophisticated agents to operate at the network 
edge—from factory floors to mobile devices (Abdin et al., 2024; Meta, 2024). 

This paper analyses the practical impacts and contributions of these advancements. 
Section 1 establishes the theoretical framework of agentic cognitive architectures. 
Section 2 provides a comparative analysis of frontier models from OpenAI, Google, 
Anthropic, and Meta. Section 3 details operational case studies in finance, 
manufacturing, operationsand insurance. Finally, Section 4 addresses the critical 
challenges of security, risk and governance. 

 
1. THEORETICAL FRAMEWORK: THE COGNITIVE ARCHITECTURE OF AGENTS 
 
The operationalization of agents requires robust software architectures that can manage 
state, memory, and tool orchestration. In 2025, the industry has coalesced around 
cognitive architectures that transform stateless LLMs into stateful, reasoning engines. 
 
1.1 The Four Pillars of Agency 
 
An effective AI agent in 2025 is typically composed of four distinct functional layers 
(Huang, 2025; Sarker, 2025): 

1. Perception Layer: This component ingests and normalizes 
multimodal data. In industrial settings, this involves interpreting telemetry from 
IoT sensors; in digital environments, it involves parsing pixels and DOM trees to 
see computer screens (OpenAI, 2025). 

2. Cognitive/Reasoning Layer: The core LLM acts as the brain, 
utilizing Chain-of-Thought (CoT) prompting and reinforcement learning to break 
down objectives. This layer is responsible for planning, prioritizing sub-tasks, 
and selecting appropriate tools. 

3. Memory Layer: To function over time, agents require persistent 
memory. This includes Semantic Memory (retrieval-augmented generation from 
knowledge bases), Episodic Memory (logs of past actions and outcomes), and 
Working Memory (current context state) (Colyer, 2025). 

4. Action/Execution Layer: The interface for interacting with the 
external world via APIs, robotic control systems, or direct manipulation of 
graphical user interfaces (GUIs). 
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1.2 Neuro-Symbolic Integration 
 
A critical development in 2025 is the resurgence of neuro-symbolic AI to address the 
reliability limitations of pure neural models. By integrating the probabilistic power of 
LLMs with symbolic logic (rules, knowledge graphs, constraints), organizations create 
agents that are both flexible and governable (Sempf, 2025). For instance, a financial 
agent might use an LLM to interpret a regulatory text (neural) but rely on a rule-based 
engine to execute a trade within strict risk limits (symbolic). This hybrid approach is 
essential for high-stakes environments where hallucination is unacceptable (Nayak, 
2025). 
 
1.3 Orchestration Patterns 
 
Moving beyond monolithic designs, enterprise agents utilize modular patterns such as 
Planner-Executor, where a high-reasoning model decomposes tasks for faster, tool-
optimized sub-agents; and Multi-Agent Swarms, where specialized agents (e.g., 
Researcher, Critic, Coder) collaborate to solve complex problems (Colyer, 2025; 
Odomirok& Xue, 2025). Frameworks like LangGraph have become standard for 
building these stateful, cyclic workflows, allowing for fine-grained control over the 
agent's thought loop (Maxim, 2025). 
 
2. COMPARATIVE ANALYSIS OF FRONTIER AGENTIC MODELS 
 
The capability of an agent is intrinsically tied to its underlying foundation model. The 
year 2025 has witnessed a divergence in strategy among leading AI laboratories, with 
distinct approaches to reasoning, multimodality, and tool use. 
 
2.1 OpenAI: The "Operator" Paradigm and Deep Reasoning 
 
OpenAI has pursued a dual strategy focusing on deep reasoning and direct computer 
interaction. 

● Reasoning Models (o1/o3): The o1 and o3 series utilize inference-
time compute, effectively thinking for extended periods before generating a 
response. This System 2 approach significantly outperforms standard models on 
complex benchmarks like the AIME 2024 (math) and GPQA (science), making 
them ideal for the Planner role in agentic architectures (Machine Learning 
Mastery, 2025). 

 
● Operator and CUA: In early 2025, OpenAI introduced "Operator", an 

autonomous agent powered by the Computer-Using Agent (CUA) model. Unlike 
previous agents that relied on APIs, CUA processes visual information 
(screenshots) to interact directly with GUIs—clicking buttons and typing text—
achieving a 58.1% success rate on the WebArena benchmark (OpenAI, 2025; 
Writesonic, 2025). This allows Operator to navigate websites and perform tasks 
(e.g., booking flights, ordering groceries) without specialized integrations. 
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2.2 Google DeepMind: The Multimodal Agent Ecosystem 
 
Google’s strategy leverages its vast ecosystem and native multimodality through the 
Gemini family. 

● Gemini Flash Thinking: This model balances speed with reasoning, 
designed for low-latency agentic loops. Itdominates real-time multimodal tasks, 
capable of processing video, audio, and text simultaneously (Machine Learning 
Mastery, 2025). 

● Specialized Prototypes: Google has deployed specialized agents such 
as Project Mariner, a web-browsing agent that learns workflows by observing 
human actions ("teach and repeat"), and Jules, an asynchronous coding agent that 
integrates with GitHub to autonomously plan, code, and test pull requests 
(Google, 2025; FlowDevs, 2025). 

● Project Astra: A universal multimodal assistant designed to perceive 
and reason about the physical world through camera input, enabling real-time 
interaction for tasks like object identification and spatial reasoning (Google 
DeepMind, 2025). 

 
2.3 Anthropic: Computer Use and "Human-Like" Interaction 
 
Anthropic has pioneered the capability of Computer Use with its Claude 3.5 Sonnet 
model. 

● Direct GUI Manipulation: Released in public beta, this capability 
allows developers to direct Claude to use computers as humans do—looking at 
screens, moving cursors, and typing. It achieves industry-leading performance on 
the OSWorld benchmark (22.0% success rate), surpassing other models in 
screenshot-only tasks (Anthropic, 2025). 

● Coding Dominance: Claude 3.5 Sonnet retains a lead in software 
engineering tasks, scoring 49.0% on SWE-bench Verified, making it the 
preferred model for autonomous coding agents (Anthropic, 2025; Galileo, 2025). 

 
2.4 The Open Ecosystem: Meta and DeepSeek 
 
The open-source community has focused on efficiency and democratization. 

● Meta Llama 3.1: Meta’s Llama 3.1 8B has become the standard for 
edge deployment. Fine-tuned for tool calling, it achieves a score of 0.761 on the 
Berkeley Function Calling Leaderboard (BFCL), outperforming many larger 
proprietary models in API interaction (Gorilla LLM, 2025). 

● DeepSeek-R1: DeepSeek has disrupted the landscape with 
DeepSeek-R1, an open-weights model trained via reinforcement learning to 
incentivize reasoning. It achieves performance comparable to OpenAI’s o1 on 
math and code benchmarks while being significantly more cost-effective for 
enterprise self-hosting (DeepSeek-AI, 2025; Machine Learning Mastery, 2025). 
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2.5 Summary of Comparative Capabilities 
 

Feature OpenAI 
(o1/Operator) 

Google 
(Gemini 
2.0/Astra) 

Anthropic 
(Claude 3.5) 

Meta 
(Llama 3.1) 

Primary 
Strength 

Deep 
Reasoning 
(System 2) 

Native 
Multimodality 

Computer 
Use / Coding 

Edge 
Efficiency / 
Tool Calling 

Agent 
Paradigm 

CUA 
(Visual GUI 
Interaction) 

Ecosystem 
Integration 
(Workspace) 

OS Control 
(OSWorld 
Leader) 

API/Functio
n Calling 

Key 
Benchmark 

78.0% 
GPQA (o1) 

Top Tier 
Multimodal Live 

49% SWE-
bench Verified 

0.761 
BFCL (8B) 

Deployme
nt 

Cloud / 
ChatGPT Pro 

Cloud / 
Vertex AI 

Cloud / 
Bedrock 

Open 
Weights / Edge 

(Data sources: OpenAI, 2025; Google, 2025; Anthropic, 2025; Gorilla LLM, 2025) 
 
3. PRACTICAL IMPLEMENTATION IN ENTERPRISE: CASE STUDIES 
 
The most significant development in 2025 is the transition of agentic AI from pilot 
programs to full-scale operational deployment. 
 
3.1 Finance: JPMorgan Chase 
 
JPMorgan Chase (JPMC) has aggressively operationalized GenAI, backed by an $18 
billion annual technology budget (Waldron, 2025). 

● "Ask David": This multi-agent system acts as an autonomous 
investment analyst. It uses a Supervisor Agent to orchestrate sub-agents: a 
Structured Data Agent generates SQL for market data, while an Unstructured 
Data Agent performs RAG on internal research. A Reflection Node ensures 
accuracy. The system has reduced due diligence time from hours to minutes 
(Odomirok& Xue, 2025). 

● LLM Suite: A proprietary platform providing 200,000 employees 
access to frontier models, driving viral adoption and delivering an estimated $2 
billion in value through productivity gains (Waldron, 2025; Evident Insights, 
2025). 

 
3.2 Manufacturing: Siemens and the Industrial Agent 
 
Siemens has moved beyond Industrial Copilots to autonomous agents that drive the 
Industrial Metaverse. 

● Autonomous Production: Siemens’ agents utilize Industrial 
Foundation Models (IFMs). An agent monitoring a production line can detect 
anomalies, reason about potential failures, check inventory, and autonomously 
schedule maintenance to avoid downtime. Deployments have shown up to a 30% 
reduction in unplanned downtime (Siemens, 2025; TIAS, 2025). 
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● Engineering Copilot TIA: This agent autonomously executes 
complex engineering tasks, such as generating PLC code and creating HMI 
screens, reducing development time by up to 60% (Siemens, 2025). 

 
3.3 Operations: Honeywell 
 
Honeywell, in collaboration with Google Cloud, has deployed AI agents to enhance 
industrial autonomy. 

● Experion Operations Assistant: In a pilot at TotalEnergies' Port 
Arthur Refinery, this AI agent successfully forecasted five potential failure 
events, enabling proactive intervention that prevented flaring emissions and 
production losses (Honeywell, 2025). 

● Multi-Agent Workflows: Honeywell employs agents for inventory 
search and product identification, using machine vision to analyze equipment and 
supply chains, driving efficiency in logistics and retail (Honeywell, 2025). 

 
3.4 Insurance: Aviva 
 
Aviva has adopted a "Double Helix" approach, blending AI efficiency with human 
oversight (McKinsey & Company, 2025). 

● Impact: By using agents to assess liability and route claims, Aviva 
reduced the average time for complex liability assessments by 23 days and 
improved routing accuracy by 30%. An AI summarization tool processes 90-page 
medical reports in 2 minutes with 99% accuracy, saving 1,300 hours annually 
(Aviva, 2025; Tungsten Automation, 2025). 

 
4. SECURITY, RISK, AND GOVERNANCE 
 
The autonomy of agentic systems introduces novel security risks that traditional 
cybersecurity frameworks fail to address. 

 
4.1 The Agentic Threat Landscape 
 
Agents introduce unique attack vectors (Huang, 2025; Rippling, 2025): 

● Memory Poisoning: Injecting malicious data into an agent’s RAG 
knowledge base to bias future decisions. 

● Goal Manipulation: Adversarial prompts shifting an agent’s objective 
function (e.g., overriding risk limits). 

● Tool Misuse: Tricking agents into using authorized tools for 
malicious ends (e.g., deleting databases). 

● Cascading Hallucinations: In multi-agent systems, one agent’s error 
can propagate and amplify through the swarm. 

 
4.2 The MAESTRO Framework 
 
The MAESTRO (Multi-Agent Environment, Security, Threat, Risk, and Outcome) 
framework has emerged as the standard for threat modeling (Huang, 2025; Zambare et 
al., 2025). It decomposes risk across seven layers, from the Foundation Model and Data 
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Operations to the Agent Ecosystem. Mitigation strategies include Non-Human 
Identities (NHI) for agents and rigorous "Red Teaming" of agentic logic (Skywork AI, 
2025). 
 
4.3 Governance Standards 
 
The NIST AI Risk Management Framework has been updated with a Generative AI 
Profile (NIST AI 600-1) (Autio et al., 2024). It mandates the creation of an "AI Bill of 
Materials" (AI-BOM) and emphasizes human-in-the-loop governance for high-stakes 
decisions, aligning with the operational patterns observed at Aviva and JPMC. 
 
CONCLUSION 
 
In 2025, Generative AI has evolved from a tool for text generation to an engine for 
agency. The emergence of reasoning models like OpenAI’s o3 and architectures like 
Google’s multi-agent ecosystems has enabled the automation of complex, cognitive 
tasks. However, despite technical breakthroughs, a significant Operational Gap 
remains. Industry reports suggest that up to 90% of agentic AI projects fail to reach 
production (Beam.ai, 2025). The primary causes are the Robotic Process Automation 
mindset—treating adaptive agents as deterministic bots—and the lack of robust 
evaluation metrics for open-ended tasks. Successful deployment requires a shift to 
probabilistic guardrails, continuous education (fine-tuning), and architectures that 
design for failure and self-correction. 

This power also comes with significant responsibility. The rise of autonomous 
agents necessitates a new rigorous approach to security and governance, embodied in 
frameworks like MAESTRO. As the technology matures, competitive advantage will 
belong to organizations that can effectively orchestrate this digital workforce, bridging 
the gap between the theoretical potential of neuro-symbolic agency and the practical 
demands of the enterprise. 
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Abstract 
 

In enterprise environments, phishing attacks continue to be a common way attackers exploit 
employee behavior, frequently serving as an entry point for advanced cyberattacks that cause 
financial and reputational damage. This study focuses on key message-related and user-centered 
factors that influence employees’ phishing detection capability within enterprise environments, 
contributing to a stronger organizational security posture. Based on previous research results on 
major risks related to phishing attacks and behavioral decision-making research, a structural 
equation model (SEM) was developed to capture the relationships among source trustworthiness, 
message credibility, perceived urgency, past phishing experience, and phishing detection. The 
proposed model was tested using survey data collected from 320 employees working in 
enterprise organizations that conduct regular social engineering testing, including phishing 
simulations. The results confirm the validity of the SEM model that explains a substantial 
proportion of variance in phishing detection. Source trustworthiness was found to positively 
influence message credibility, while message credibility, perceived urgency, and source 
trustworthiness negatively affected phishing detection. In contrast, past phishing experience had 
a significant positive effect on employees’ ability to detect phishing attempts, making it the most 
influential factor in the SEM model on phishing detection. These findings highlight the influence 
of both persuasive message characteristics and experiential learning on phishing detection 
behavior. The study provides empirical insights that can support the design of more effective 
security awareness programs and contribute to improved organizational resilience against 
phishing-based attacks for a stronger security posture. 

 
Keywords: phishing detection; security awareness; human-centered security; structural equation 
modeling; enterprise security posture. 

 
JEL classification: C83, D91, M15, L86, D81 

 

INTRODUCTION  
 
Phishing attacks remain awidely used initial attack vector employed bythreat actors to 
target users, and often precede moreadvanced cyberattacks. Successful phishing 
incidents can lead to further compromise, including unauthorized connections to 
command-and-control (C2) servers, lateral movement within organizational networks, 
privilege escalation, and persistent access to critical systems (Al Amin et al., 2021; 
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Alkhalil et al., 2021; Vijayalekshmi&Rabara, 2010). These attack chains can result in 
significant financial losses, disruption of operations, and reputational damage for 
organizations (Althobaiti&Alsufyani, 2024;Ayoola et al., 2024; Nkwo, Agu,&Eneh, 
2024). 

To mitigate such risks, organizations shouldstrengthen their overall security posture 
by enhancing employees’ capabilities to recognize and respond to phishing attempts 
(Diogenes&Ozkaya, 2022). Human factors continue to represent a critical element in 
cybersecurity, as employees are frequently the first point of contact during socially 
engineered attacks. Well-designed security awareness and training programs play a 
central role in reducing phishing susceptibility and improving organizational resilience 
(Marshall, Sturman,&Auton, 2024;Ugbebor et al., 2024). 

Security and awareness programs are commonly designed to educate employees on 
identifying suspicious email characteristics, such as deceptive links, malicious 
attachments, impersonated senders, and urgency cues. The effectiveness of these 
programsdepends on the specific content and emphasis of the training, as different 
aspects of phishing communication may influence users’ decision-making in distinct 
ways. Although training has been shown to reduce phishing success rates (Caldwell, 
2016; Kumaraguru et al., 2010), many individuals arestill victimsof phishing emails 
even after receiving training (Beu et al., 2023; Marshall, Sturman,&Auton, 2024; 
Wash&Cooper, 2018). 

In practice, employees regularly need to interact with emails as part of routine work 
processes, including opening attachments, clicking on links, and communicating with 
external parties such as customers, partners, and service providers. While these actions 
are necessary for daily operations, they also increase exposure to phishing threats and 
create a challenging balance between productivity and security. As a result, improving 
phishing detection is not solely about encouraging avoidance behaviors, particularly in 
enterprise settings, but about enabling employees to make informed and context-aware 
decisions when evaluating potentially legitimate communications (Frank, 
Jaeger,&Ranft, 2022). 

This study examineskey factors that influence employees’ ability to detect phishing 
attacks within enterprise environments. It investigates the nature of the relationships 
between message-related factors (source trustworthiness, message credibility, and 
perceived urgency) and a user-centered factor (past phishing experience), and their 
effect on employees’ phishing detection capability. With a focus on employees as a 
critical part of the organizational security, this study formulates several hypotheses 
concerning the influence of these factors on phishing detection. The proposed 
hypotheses are tested using data collected from employees working in enterprise 
organizations that actively seek to strengthen their security posture against phishing 
threats. The findings provide insights that can support organizations in designing and 
refining security awareness initiatives aimed at improving phishing resilience and 
reducing the likelihood of financial and reputational damage resulting from phishing-
based attacks. 
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1. RELATED WORK 

 
1.1 Message-Related Characteristics for Phishing Detection 

 
Prior research has examined how message-related characteristics play a critical role in 
shaping users’ responses to phishing emails, including among employees in enterprise 
environments. Source trustworthiness, defined as user-perceived reliability and 
legitimacy of the sender, has been widely examined, with studies indicating that 
messages appearing to originate from trusted or authoritative sources increase user 
compliance and reduce phishing detection effectiveness (Baryshevtsev&McGlynn, 
2020; Sumner, Xu,&Yuan, 2022;Vishwanath et al., 2011). Recent studies show that 
trust cues embedded in sender identities, email headers, and branding can suppress 
critical evaluation and lead users to misclassify malicious messages as legitimate 
(Sainio, 2024). 

From a technical perspective, mechanisms such as Sender Policy Framework (SPF), 
DomainKeys Identified Mail (DKIM), and Domain-based Message Authentication, 
Reporting, and Conformance (DMARC) are used for establishing and verifying sender 
authenticity. Empirical studies show that the absence or misconfiguration of SPF 
significantly increases the success rate of spoofed and phishing emails, as attackers can 
impersonate trusted domains without triggering authentication failures (Hu&Wang, 
2018; Hu, Peng,&Wang, 2018; Ragheb, Elmedany,&Sharif, 2023). However, existing 
research suggests that many publicly accessible domains still lack proper SPF, DKIM, 
or DMARC deployment, or enforce weak policies, limiting the effectiveness of these 
mechanisms at scale (Hu, Peng,&Wang, 2018). Moreover, end users typically lack the 
technical expertise required to inspect or interpret authentication results, and attackers 
increasingly exploit newly registered or non-existent domains that appear legitimate to 
recipients (Nightingale, 2017). In routine email processing, employees often rely on 
superficial trust cues rather than technical verification, increasing susceptibility to 
phishing despite the availability of email authentication technologies. 

Closely related to source trustworthiness is message credibility, which reflects the 
perceived plausibility, professionalism, and coherence of message content. Several 
research studies report that highly credible phishing messages are more likely to bypass 
users’ cognitive defenses, especially when they mimic legitimate organizational 
communication styles (Baryshevtsev&McGlynn, 2020; Kavvadias&Kotsilieris, 2025). 
Users often make credibility assessments rapidly and heuristically, making them 
vulnerable to well-crafted phishing messages even when they possess general security 
awareness. 

Another message-level factor is perceived urgency, which is a manipulation 
technique often used in phishing attacks. Urgent cues such as time pressure, threats of 
negative consequences, or requests for immediate action have been shown to impair 
analytical processing and increase susceptibility to phishing (Butavicius, Taib,&Han, 
2022; Vishwanath et al., 2011). Experimental studies indicate that urgency reduces 
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users’ ability to carefully evaluate message authenticity, thereby lowering phishing 
detection accuracy. 

 
1.2 User-Centered Factors for Phishing Detection 

 
In addition to message characteristics, user-centered factors also influence phishing 
detection performance. Past phishing experience has been identified as a key 
determinant of users’ ability to recognize and respond to phishing attempts. Prior 
workshows that individuals with prior exposure to phishing, which can be through real 
incidents or simulated phishing training, exhibit improved detection rates and are more 
likely to question suspicious messages (Chan-Tin et al.,2022;Schweigert&Johnson, 
2021;Zheng&Becker, 2023). 

Hillman, Harel,& Toch (2023) found that organizational awareness activities before 
phishing simulations seem to be effective in building the capacity to respond to 
phishing attacks in real-world settings. However, some studies show that experience 
alone may not fully eliminate susceptibility, particularly when phishing messages 
leverage strong trust cues or urgency signals, highlighting the interaction between user 
experience and message characteristics (Canham, Strickland,&Constantino, 2021; 
Hadnagy, 2010). 

 
2.3 Integrated Approaches for Phishing Detection  

 
Emerging research efforts emphasize the need for integrated models that account for 
both cognitive evaluations of message properties and individual differences shaped by 
experience, training, and phishing simulations (Chou, Chen,&Lo, 2021; Naqvi et al., 
2023; Singh et al., 2023). Such approaches align with socio-technical perspectives on 
cybersecurity, which view phishing resilience as the outcome of interactions between 
human behavior, message design, and organizational context. 

Building on prior research,this study integrates source trustworthiness, message 
credibility, and perceived urgency as message-related factors, and past phishing 
experience as a user-centered factor, into a unified SEM model to examine their direct 
and indirect effects on employees’ phishing detection capability in enterprise settings.  

 
2. HYPOTHESIS AND RESEARCH MODEL 

 
As organizations face various types of phishing attacks, employees’ capabilities to 
detect phishing attacks are influenced by a combination of message-related and user-
centered factors. Characteristics such as source trustworthiness, message credibility, 
and perceived urgency shape how employees interpret and evaluate incoming emails, 
often affecting the level of scrutiny applied during decision-making. Messages 
perceived as credible or originating from seemingly trusted sources may lower 
suspicion, while urgent cues can prompt rapid responses with limited verification. At 
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the same time, employees’ past phishing experience can strengthen vigilance and 
improve the ability to recognize deceptive patterns. Together, these factors interact to 
influence phishing detection effectiveness. 

This study builds upon behavioral security research and integrates concepts from 
risk perception and decision-making theories to examine how these factors affect 
phishing detection performance. Rather than focusing solely on technical controls, our 
approach emphasizes human-centered security, recognizing that employees’ cognitive 
and experiential attributes play a critical role in organizational resilience. To 
operationalize the proposed research model, each factor was formulated as a latent 
construct measured through multiple observed indicators, in line with established 
recommendations for multi-item scales in behavioral research (Nunnally, 1978). 
Phishing detection was conceptualized as employees’ perceived and demonstrated 
ability to identify fraudulent messages, including recognition of suspicious links, 
sender anomalies, and contextual inconsistencies. 

Since multi-item measures are more adequate than single-item measures when 
measuring complex constructs (Nunnally & Bernstein, 1994), such as employees’ 
capability to efficiently detect phishing attacks, the following observed variables were 
used that represent relevant indicators underlying the domain of each construct (Table 
1). 
 
Table 1. Latent constructs and their observed variables (indicators) 

Construct Indicator Description 
Source Trustworthiness 
(ST) 

ST1 Sender appears to be a known entity 

 ST2 The domain in the sender’s email address seems 
legitimate 

 ST3 The message is part of a previous communication 

 ST4 Themessage seems to be from a co-worker 

Message Credibility (MC) MC1 The message appears professionally written 

 MC2 The message content seems accurate and reliable 
 MC3 The message structure resembles legitimate 

communication 
 MC4 No signs of deception are present in the message 

Perceived Urgency (PU) PU1 The message content creates a sense of panic 

 PU2 The message is indicated as urgent 

 PU3 The message requires action that cannot be ignored 

 PU4 Time-limited action is required  

Past Phishing Experience 
(PPE) 

PPE1 Possesses the knowledge to detect phishing attempts  

 PPE2 Previously failed phishing tests 

 PPE3 Received cybersecurity awareness training 
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 PPE4 Previously encountered phishing attacks 

Phishing Detection (PD) PD1 Can identify suspicious emails 

 PD2 Can verify where the links lead before clicking 

 PD3 Can check the sender details and message headers 

 PD4 Avoids interacting with suspicious email messages 

 
Based on the chosen constructs, the following are hypothesized: 
 
Hypothesis 1: Source trustworthiness positively influences perceived message 

credibility. When employees perceive the sender of a message as trustworthy, they are 
more likely to perceive the message itself as legitimate, professional, and authentic. 

 
Hypothesis 2: Source trustworthiness negatively affects employees’ capability to 

detect phishing attacks. When employees perceive the sender as highly trustworthy, 
they are less likely to correctly identify that it is a phishing attack. 

 
Hypothesis 3: Perceived message credibility negatively influences phishing 

detection. Messages that appear legitimate, professional, and authentic reduce the 
likelihood that users detect phishing attempts. 

 
Hypothesis 4: Perceived urgency negatively affects phishing detection. Messages 

that create a sense of urgency and time pressure, or demand immediate action, reduce 
employees’ ability to detect phishing attempts.  

 
Hypothesis 5: Past phishing experience positively affects phishing detection. 

Employees who have previously encountered phishing attacks or received security 
training are more capable of identifying phishing attempts. 

 
Figure 1 presents the research model depicting the relationships among the study 

constructs and hypotheses. 
 
 



 

Figure1. The proposed research model

 
3.  RESEARCH METHODO

 
3.1 Participants 

 
The study involved 320 employees from enterprise companies that conducted social 
engineering testing, including 
2023, and 2024. We selected employees in enterprise environments because they are 
critical stakeholders in organizational security, and their behavior directly impacts the 
likelihood of financial loss
from successful phishing attacks.

The participants represent a broad spectrum of the workforce in terms of age and 
professional experience, reflecting the typical composition of enterprise compa
Their inclusion allows the study to capture differences in phishing susceptibility and 
security behavior across demographic groups that are routinely exposed to phishing and 
other social engineering threats.

Employees in these organizations are activ
sensitive information, financial transactions, and critical business processes are 
handled, making their responses particularly relevant for understanding how factors 
such as source trustworthiness, perceived message legit
past phishing experience influence phishing detection.

The proposed research model 

3.  RESEARCH METHODOLOGY 

The study involved 320 employees from enterprise companies that conducted social 
engineering testing, including phishing simulations at least twice a year during 2022, 
2023, and 2024. We selected employees in enterprise environments because they are 
critical stakeholders in organizational security, and their behavior directly impacts the 
likelihood of financial losses, operational disruption, and reputational damage resulting 
from successful phishing attacks. 

The participants represent a broad spectrum of the workforce in terms of age and 
professional experience, reflecting the typical composition of enterprise compa
Their inclusion allows the study to capture differences in phishing susceptibility and 
security behavior across demographic groups that are routinely exposed to phishing and 
other social engineering threats. 

Employees in these organizations are actively engaged in environments where 
sensitive information, financial transactions, and critical business processes are 
handled, making their responses particularly relevant for understanding how factors 
such as source trustworthiness, perceived message legitimacy, perceived urgency, and 
past phishing experience influence phishing detection. 
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By focusing on individuals who have been part of regular phishing simulations, the 
study includes participants whohave at least some exposure to realistic social 
engineering scenarios, which is essential for assessing human factors in cybersecurity. 
This makes the dataset appropriate for testing the hypothesized relationships in the 
research model, while providing insights that are relevant for improving organizational 
security posture and mitigating potential losses from phishing attacks. 
 
3.2 Data Analyses and Questionnaire 
 
SEM was selected because it is a powerful method for testing the validity and 
credibility of theoretical models (Bollen, 1989; Byrne, 2001), which allows inclusion 
of multiple dependent and independent variables, as well as measurement errors, in a 
single analysis. Due to the behavioral nature of this research, SEM was appropriate to 
test the dataset from enterprise employees, to evaluate whether the hypothesized 
relationships among Source Trustworthiness (ST), Message Credibility (MC), 
Perceived Urgency (PU), Past Phishing Experience (PPE), and Phishing Detection 
(PD) aligned with the observed data. 

The SEM models provide the percentage of explained variance (R2) for the desired 
construct (such as employees’ phishing detection), with indicators for the measurement 
error, so the model can indicate whether the proposed approach and chosen factors can 
compensate for other constructs neglected from the analysis. Even though employees’ 
capabilities to detect phishing attacks can be influenced by other factors that are 
lacking in this study, a high value of R2provides evidence for the appropriateness of the 
chosen instrument.  

Considering that SEM can be an iterative process, the initial model was open to 
refinement and revision, provided any modifications were theoretically justified (Wang 
& Staver, 2001). During the analysis, minor adjustments and alternative model 
specifications were explored to ensure that the data adequately fit the final structure. 
After this refinement process, the proposed research model, which includes ST 
influencing both MC and PD, MC influencing PD, and PU and PPE directly 
influencing PD, was established as the final model for testing the study hypotheses. 

The questionnaire was developed based on existing validated instruments and 
researcher-developed items to measure the constructs of interest. Each construct was 
measured using multiple indicators, with responses collected on a 6-point Likert scale 
(1 = “strongly disagree,” 6 = “strongly agree”). Appendix A identifies the questionnaire 
adopted in this study according to the research constructs and indicators. 

This design enabled the assessment of both measurement reliability and validity, as 
well as the structural relationships among the constructs, through SEM, providing a 
robust test of the refined proposed research model. 

 
 
 



73 
 

4.   RESEARCHFINDINGS 
 
4.1 Descriptive Statistics 

 
A total of 320 employees provided feedback via the questionnaires, with the following 
demographics:18–30 years (25%), 31–40 years (32%), 41–50 years (28%), 51–60 years 
(12%), and above 60 years (3%).The gender distribution of participants was 44% 
female and 56% male. Participants also varied in their experience with phishing 
simulations, as some employees were newly hired during the study period, while others 
had participated in these exercises in previous years. 

This diverse sample provides a representative group of enterprise employees with 
different ages, genders, and prior exposure to phishing simulations, providing a basis 
for testing the hypothesized relationships in the model and examining factors 
influencing phishing detection and security behavior. 

The descriptive results from the dataset, including the means, standard deviations, 
skewness, and kurtosis of all measured items, along with the internal consistency of 
each construct (estimated using Cronbach’s alpha), are presented in Table 2. 
Additionally, the reliability and convergent validity of the constructs were assessed 
through construct reliability (CR) and average variance extracted (AVE), providing 
evidence that the measurement model is both consistent and valid. These analyses 
provide evidence that the indicators adequately represent their respective latent 
constructs, supporting the subsequent evaluation of the structural relationships in the 
proposed research model. 
 
Table 2.Descriptive results and construct estimates for internal consistency, reliability, and validity 
(n = 320)  
Construct Indicator Mean STD Skew Kurtosis Cronbach 

alpha 
CR AVE 

Source 
Trustworthiness 
(ST) 

ST1 4.98 1.65 -0.95 0.20 0.85 0.87 0.67 
ST2 5.12 1.60 -1.02 0.55 
ST3 5.05 1.68 -0.88 -0.12 
ST4 5.20 1.55 -1.10 0.30 

Message 
Credibility (MC) 

MC1 4.85 1.72 -0.78 -0.05 0.84 0.86 0.66 
MC2 4.95 1.66 -0.85 0.10 
MC3 5.00 1.60 -0.90 0.25 
MC4 5.08 1.58 -0.95 0.35 

Perceived 
Urgency (PU) 

PU1 4.72 1.70 -0.70 -0.12 0.82 0.85 0.63 
PU2 4.90 1.62 -0.78 0.05 
PU3 4.88 1.65 -0.80 0.10 
PU4 4.95 1.60 -0.82 0.12 

Past Phishing 
Experience (PPE) 

PPE1 4.60 1.74 -0.60 -0.15 0.79 0.82 0.60 
PPE2 4.75 1.69 -0.65 0.05 
PPE3 4.80 1.66 -0.68 0.12 
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PPE4 4.78 1.65 -0.70 0.10 

Phishing 
Detection (PD) 

PD1 5.05 1.58 -0.85 0.22 0.86 0.88 0.68 
PD2 5.12 1.55 -0.90 0.28 
PD3 5.00 1.60 -0.88 0.20 

PD4 5.08 1.57 -0.92 0.25 
Note: STD = standard deviation, CR = construct reliability, AVE = average variance extracted 

 
The results indicate that participants provided a range of responses for each item 

(from 1 to 6), with descriptive statistics suggesting that the data were suitable for 
further analysis.  

Following Curran, West,&Finch (1996), absolute values of skewness greater than 
3.0 and kurtosis greater than 8.0 indicate potential problems with the distribution; 
however, the observed values were within acceptable limits, supporting the 
appropriateness of the data for SEM. Regarding internal consistency, Cronbach’s alpha 
values were high across all constructs, reflecting strong reliability, with values of 0.9 
and above considered excellent, 0.8 very good, and 0.7 acceptable (Nunnally & 
Bernstein, 1994). 

Similarly, the estimated CR and AVE values exceeded the recommended 
thresholds, indicating robust convergent validity. As a rule of thumb, CR values of 0.70 
or higher and AVE values of 0.50 or higher are considered indicative of adequate 
variance explained for each construct (Nunnally, 1978; Nunnally & Bernstein, 1994). 
These results demonstrate that the measurement items reliably capture the intended 
constructs, providing a solid foundation for evaluating the structural relationships in the 
proposed research model. 

 
4.2 SEM Model  
 
Before presenting the SEM model, we evaluated the measurement model to ensure that 
each construct is reliably represented by its indicators. Factor loadings indicate the 
strength of the relationship between each observed item and its underlying latent 
construct, providing evidence of internal consistency and convergent validity. Table 3 
presents the standardized factor loadings for all indicators of the constructs in this 
study, supportingthe adequacy of the measurement model for subsequent structural 
analysis.The model shows that all factor loadings on the underlying construct are above 
the 0.50 threshold, while most of them are above the ideal value of 0.70 (Nunnally, 
1978; Nunnally&Bernstein, 1994). 
 
Table 3. Factor loadings for all indicators for the respective constructs 

Construct Indicator Factor Loadings 
Source Trustworthiness (ST) ST1 0.78 
 ST2 0.82 
 ST3 0.80 
 ST4 0.87 
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Phishing Detection (PD) 
 
 
 

 
Figure 2 illustrates the developed SEM model, which captures the complex 

relationships among the researched constructs. The figure presents the 
for each hypothesized relationship, indicating the strength and direction of the effects 
within the proposed research model. This representation provides a clear overview of 
how the constructs interact and supports the hypothesized relati

Figure 2.SEM model for factors influencing phishing detection(*p<0.001, **p<0.01, two
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Figure 2 illustrates the developed SEM model, which captures the complex 
relationships among the researched constructs. The figure presents the path coefficients 
for each hypothesized relationship, indicating the strength and direction of the effects 
within the proposed research model. This representation provides a clear overview of 
how the constructs interact and supports the hypothesized relationships. 
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The SEM model was tested using goodness-of-fit indices against established 
acceptance levels, as suggested by previous research, to determine whether the 
collected dataset fits the hypothesized relationships among the studied constructs. 
Accordingly, we calculated the chi-square statistic and degrees of freedom to obtain the 
relative chi-square (Carmines & McIver, 1981; Kline, 2023; Wheaton et al., 1977), the 
root mean square error of approximation (Browne & Cudeck, 1993; MacCallum, 
Browne, &Sugawara, 1996), the goodness-of-fit index (Byrne, 2001; 
Joreskog&Sorbom, 1984), and the comparative fit index (Hu & Bentler, 1999; Kline, 
2023). The results, presented in Table 4, indicate satisfactory model fit. 
 
Table 4. Model goodness-of-fit indices for the n = 320 sample 

Model fit indices Recommended values Results in this study 
Relative chi-square (x2/df)  ≤ 3 2.21 
Root mean square error of 
approximation (RMSEA) 

< 0.08 0.058 

Goodness of fit index (GFI) > 0.90 0.911 
Comparative fit index (CFI) > 0.90 0.948 

 
The SEM model demonstrates strong explanatory power, accounting for 34% of the 

variance in message credibility and 69% of the variance in phishing detection. This 
provides evidence that the selected predictors capture key behavioral and contextual 
determinants of phishing resistance in enterprise environments. 

The results show that source trustworthiness has a strong positive effect on message 
credibility (β = 0.58, p < 0.001), confirming that messages originating from trusted or 
familiar sources are more likely to be perceived as credible (H1). Message credibility, 
in turn, exhibits a negative effect on phishing detection (β = −0.28, p < 0.001), 
suggesting that increased perceived message credibility reduces suspicion and hinders 
the identification of phishing attempts, which supports H3. In addition to the indirect 
effect through message credibility, source trustworthiness has a direct negative 
influence on phishing detection (β = −0.18, p < 0.01) that supports H2. This indicates a 
partial mediation effect, where trust influences detection both through credibility 
perceptions and through independent trust-based heuristics. 

Furthermore, perceived urgency negatively affects phishing detection (β = −0.25, p 
< 0.01), which confirms H4. It supports the notion that time pressure impairs analytical 
processing and encourages heuristic decision-making. Conversely, past phishing 
experience demonstrates the strongest positive effect on phishing detection (β = 0.41, p 
< 0.001), which confirms H5, highlighting the importance of experiential learning and 
repeated exposure in improving employees’ ability to recognize phishing attacks. 

Overall, the SEM model confirms that phishing detection is shaped by a 
combination of experiential factors and cognitive biases. While prior experience 
enhances detection capabilities, higher levels of source trustworthiness, message 
credibility, and perceived urgency can increase susceptibility to phishing attacks. These 
findings highlight the importance for security awareness programs that explicitly 
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address trust, message credibility, and urgency cues, alongside continued exposure to 
realistic phishing simulations. 

 
5. DISCUSSION 

 
Organizations across sectors increasingly recognize that phishing attacks targeting 
employees often serve as an initial access vector for more advanced cyber threats, 
including C2 communication, lateral movement, and privilege escalation, which can 
result in significant financial losses and reputational damage (Al Amin et al., 2021; 
Alkhalil et al., 2021; Althobaiti&Alsufyani, 2024; Nkwo, Agu,&Eneh, 2024; 
Vijayalekshmi&Rabara, 2010). Strengthening employees’ ability to accurately detect 
phishing attempts has become anessential component for improving organizational 
security posture. This study contributes to this objective by examining the relationships 
between message-related and user-centered factors and their combined effect on 
employees’ phishing detection capability within enterprise environments, which is in 
line with studies that emphasize the need for an integrated approach for phishing 
detection (Naqvi et al., 2023; Singh et al., 2023). 
The results of the SEM model provide support for the proposed research model and 
confirm all hypothesized relationships. Source trustworthiness was found to have a 
strong positive influence on message credibility, indicating that employees tend to 
perceive messages as more credible when they appear to originate from trusted or 
legitimate sources. This finding aligns with Baryshevtsev&McGlynn (2020), who 
showed that when phishing messages included more appeals to authority and likability, 
phishing susceptibility increased. At the same time, the direct negative effect of source 
trustworthiness on phishing detection suggests that trusted-looking sources can 
suppress critical evaluation, making employees more vulnerable to sophisticated 
phishing attempts that closely mimic legitimate communication. This finding is 
consistent with Alkhalil et al. (2021), whose definition of phishing includes automated 
fraudulent attempts that mimic electronic communications from trustworthy or public 
organizations. 
Message credibility also exhibited a significant negative effect on phishing detection, 
indicating that well-crafted, coherent, grammatically correct, and professional-looking 
messages are more likely to bypass users’ cognitive defenses (Cardona, 2024; Stojnic, 
Vatsalan,&Arachchilage, 2021). This result reinforces the notion that phishing success 
is not merely a function of technical deception, but also of psychological persuasion 
and heuristic decision-making. Similarly, perceived urgency negatively influenced 
phishing detection, supporting the view that time pressure and urgency cues reduce 
analytical processing and encourage impulsive responses (Butavicius, Taib,&Han, 
2022; Stojnic, Vatsalan,&Arachchilage, 2021; Vishwanath et al., 2011; Williams, 
Hinds,&Joinson, 2018). Together, these findings emphasize that message-level 
characteristics can systematically undermine employees’ ability to accurately identify 
phishing attempts, even in organizations with established security awareness efforts. 
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In contrast, past phishing experience demonstrated a strong positive effect on phishing 
detection, underscoring the importance of experiential learning in cybersecurity. 
Similar to Singh et al., (2023), who showed that increasing the frequency of phishing 
emails during training leads participants to develop sensitivity to phishing frequency 
that affects their response bias, employees who have previously encountered phishing 
attempts, either through real incidents or simulated exercises, appear to improve 
recognition of suspicious cues.This is also consistent with studies showing that 
individuals with prior experiences of cyber victimization tend to adopt more cautious 
behaviors and are therefore less susceptible to phishing (Chan-Tin et al., 2022). 
The strong link between past phishing experience and phishing detection supports the 
need for continuous security awareness programs and phishing simulations as 
mechanisms for reinforcing learned behaviors and improving long-term resilience 
(Hillman, Harel, & Toch, 2023; Schweigert & Johnson, 2021; Zheng & Becker, 2023). 
Importantly, the coexistence of strong message effects and experiential benefits 
suggests that phishing detection is shaped by an interaction between persuasive 
message design and users’ accumulated knowledge and experience. 
Overall, the study shows that improving organizational resilience against phishing 
attacks requires a balanced approach that addresses both human cognition and 
experiential learning. While training and simulations enhance detection capability, 
attackers’ ability to exploit trust, credibility, and urgency continues to pose a 
significant challenge. Understanding how these factors interact provides actionable 
insights for designing more effective security awareness initiatives that go beyond 
generic training and focus on realistic, psychologically informed attack scenarios. 
6.1 Limitations to the Study 
A limitation of this study is that it focused on enterprise organizations that have taken 
measures to enhance their security posture, particularly those aiming to mitigate 
potential financial or reputational risks associated with phishing attacks. Therefore, the 
findings may not generalize to organizations with less-developed security programs or 
to the general population. However, organizations that have not yet implemented such 
programs can still benefit from these findings once they begin their security awareness 
journey, using the insights to build training and mitigation strategies. 
 
CONCLUSION  

 
Phishing continues to be one of the most common and effective entry points for 
attackers in enterprise environments, often serving as the first step in enabling 
advanced attacks, which can lead to significant financial losses, data breaches, 
operational disruption, and long-term reputational damage to organizations.As 
organizations continue to strengthen their technical defenses, the role of employees as a 
critical layer of security becomes increasingly important. Enhancing employees’ ability 
to accurately detect phishing attempts is therefore essential for improving overall 
organizational security posture and reducing financial and reputational risk. 
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This study examinedkey message-related and user-centered factors that influence 
employees’ phishing detection capability within enterprise organizations. From a 
human-centered security perspective, we employed SEM to examine the relationships 
among source trustworthiness, message credibility, perceived urgency, past phishing 
experience, and phishing detection. The proposed model was validated using survey 
data from employees working in organizations that actively invest in security 
awareness and phishing testing initiatives. 
The results confirm that message-level characteristics, particularly source 
trustworthiness, message credibility, and perceived urgency, significantly affect 
employees’ ability to detect phishing attacks, often in a negative manner by 
suppressing critical evaluation. At the same time, past phishing experience was shown 
to positively influence detection capability, highlighting the importance of experiential 
learning through regular security awareness activities and simulated phishing exercises. 
By modeling these relationships simultaneously, the study provides a comprehensive 
view of how persuasive message design and user experience jointly shape phishing 
detection outcomes. 
The findings of this research offer practical implications for enterprise organizations 
seeking to strengthen their security posture. Security awareness programs should not 
only focus on general best practices, but also explicitly address how trust cues, credible 
content, and urgency are leveraged in real-world phishing attacks. Incorporating 
realistic scenarios that challenge employees’ assumptions about message legitimacy, 
along with regular phishing simulations, can further enhance detection skills and 
reduce susceptibility to sophisticated social engineering techniques. 
To further validate and generalize the proposed model, future studies could apply it to 
different organizational contexts and industries, as well as extend it with additional 
cognitive, behavioral, or organizational factors. Such efforts would contribute to the 
development of more comprehensive, evidence-based strategies for mitigating phishing 
risks and strengthening human-centered cybersecurity defenses in enterprise 
environments. 
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Appendix A 
Table 5. Questionnaire items and related indicators (1 = strongly disagree, 6 = strongly 
agree) 

Item Indicator 

Source Trustworthiness 
 
The message appears to come from a legitimate and known source. 
 
The domain in the sender’s email address seems legitimate. 
 
The message looks like a follow-up to an earlier communication I had with 
the sender. 
 
The message looks like it was sent by a co-worker or a departmental email 
address in my organization. 

 
 
ST1 
 
ST2 
 
ST3 
 
 
ST4 
 
 

Message Credibility 
 
The message appears to be professionally written. 
 
The message content seems accurate and reliable, with no doubtful or 
suspicious language. 
 
The message structure resembles legitimate emails I usually receive. 
 
There are no indications that the email is deceptive. 

 
 
MC1 
 
MC2 
 
 
MC3 
 
MC4 

Perceived Urgency 
 
Reading the message gives me a feeling of panic. 
 
The message appears urgent, and I must act upon it immediately. 
 
The message requires action that I cannot ignore, even if I act upon it later. 
 
The message requires action that I must take within a specific time frame. 

 
 
PU1 
 
PU2 
 
PU3 
 
PU4 

Past Phishing Experience  
 
I have knowledge about how to detect phishing attempts. 
 
I previously failed phishing tests. 
 
I have received cybersecurity awareness training that included phishing 

 
 
PPE1 
 
PPE2 
 
PPE3 
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detection. 
 
I have previously encountered phishing attacks. 

 
 
PPE4 

Phishing Detection 
 
I am confident that I can detect suspicions/phishing emails. 
 
I know how to check where links lead before clicking. 
 
I know how to check the sender details and message headers. 
 
I avoid interacting with suspicious messages. 

 
 
PD1 
 
PD2 
 
PD3 
 
PD4 
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AI: BEYOND THE CHALENGES FOR WORKING PLACES AND EXAMPLES 
OF SUCCESSFUL USES 
 

Zoran Ivanovski1 
NadicaIvanovska 

 
Abstract 
 
Companies that will not learn how to proper use AI in next 10 years have very big chances to fail. The world 
is entering a phase where the concept of a one-job-for-life job is slowly disappearing. People working today 
are probably the last generation to have stable, long-term careers in the classical sense.In this paper, 
wediscuss about AI as a global trend, starting from the enthusiasm of its use to the fear for loosing working 
places. We have analyzing the potential of AI for decreasing the working places. The industrial model of 
learning once and working for decades no longer works. The idea that knowledge acquired in youth is used 
throughout life is now crumbling before our eyes. The biggest threat to employees is not automation, but the 
refusal to learn. Without continuous learning, there is no long-term survival in the job market. In this paper 
wepresent the successful use of AI in application for hotels. This is a one unified platform that automates 
housekeeping, maintenance, guest services including global compliance and multilingual support so hotel 
staff can work smarter and hotels’ guests stay happier, wherever they are. This solution lies behind the idea 
that smart automation can elevates hotels’ daily operations. HotelOpsAIdoesn’t just digitize tasks it uses AI 
to predict, assign and optimize operations across every department.  
 
Key words: AI, working places, statistics, prediction, optimization 
 

     JEL Classification: O4, O43, O47 
 
INTRODUCTION 

AI's integration into workplaces presents several challenges, but many organizations 
are successfully overcoming these hurdles. There are some obvious challenges as well 
as examples of successful applications.  

The first one is resistance to change, where employees may resist adopting AI 
technologies due to fear of job loss or unfamiliarity. This is widely present challenge 
for organizations. The second one is data privacy concerns, because using AI often 
requires extensive data, raising concerns about privacy and data security. The third one 
is skill gaps, because not all employees have the necessary skills to work alongside AI 
tools, leading to a need for training. We can also mention ethical considerations and 
integration issues. Ensuring AI systems are unbiased and ethical is a significant 
challenge, and existing systems may not easily integrate with new AI technologies. 

On the other side, we can mention successful use cases. One of the most used of 
AI is for customer services. Companies like Amazon use AI chatbots to handle 
customer inquiries, allowing human agents to focus on complex issues, improving 
efficiency and customer satisfaction. Next is manufacturing and very good example is a 
General Electric that employs AI for predictive maintenance in its manufacturing 
plants, reducing downtime and increasing productivity. There is also wide uses in 
finance, healthcare and human resources management. Firms like JPMorgan Chase 
utilize AI for fraud detection by analyzing transaction patterns and identifying 
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anomalies.IBM Watson helps doctors analyze vast amounts of medical literature and 
patient records, leading to more accurate diagnoses and personalized treatment 
plans.Companies like Unilever use AI to streamline their recruitment process, using 
algorithms to scan resumes and match candidates with job openings, improving hiring 
efficiency. 

Despite challenges such as resistance and ethical concerns, the successful 
implementation of AI in areas like customer service, manufacturing, finance, 
healthcare, and HR illustrates its potential to enhance productivity and decision-making 
in the workplace. Organizations can bridge skill gaps through training and promote 
acceptance by demonstrating AI's benefits. 

The main goal of this research is to present successful application of AI in the 
business sector, in the tourism and hospitality industry. Every industry experiences a 
moment of reflection, and hospitality is at that juncture today. Not because of relentless 
disruption or sweeping trends, but because hotels are starting to examine the small, 
everyday choices that shape guest experiences, operational efficiency and staff 
performance. From workflow gaps and service inconsistencies to rising operational 
costs, properties are realising the impact of these seemingly minor pressures. 

In this context, technology is emerging not as a flashy disruptor, but as a pragmatic 
partner – helping hotels pinpoint true pressure points and make smarter decisions. What 
began as isolated attempts to digitise certain tasks has evolved into a more thoughtful 
dialogue around clarity, value and purposeful innovation. We trace that journey: from 
operational challenges to the pursuit of meaningful differentiation, from the quest for 
measurable ROI to the next wave of solutions designed to simplify hotel operations and 
enhance the guest experience. 

 
1. LITERATURE REVIEW 
 
Artificial Intelligence refers to the simulation of human intelligence processes by 
machines, particularly computer systems. These processes include learning (acquisition 
of information and rules for using it), reasoning (using rules to reach approximate or 
definite conclusions), and self-correction. 

Key theoretical foundations of AI are several. First one are symbolic AI based on 
classical logic and symbolic reasoning, symbolic AI represents knowledge in formal 
symbols and uses rules for manipulation. It emphasizes understanding and reasoning, 
exemplified by systems like expert systems (Russell,S., andNorvig. 2010). The second 
one is connectionism. This approach is based on neural networks and mimics the way 
the human brain operates. Connectionist models learn from data and adjust connections 
between nodes (neurons) based on input/output patterns (Rumelhart, D. E., Hinton, G. 
E., & Williams, R. J., 1986). 

Third one theoretical foundation of AI is Bayesian Networks. These probabilistic 
graphical models represent a set of variables and their conditional dependencies. They 
are fundamental in dealing with uncertainty and making inferences in AI (Jensen, F. V., 
2001). The last one is Reinforcement Learning. This theory focuses on how agents 
learn to make decisions by receiving rewards or penalties for their actions within an 
environment. It combines elements of statistics, control theory, and cognitive 
psychology (Sutton, R. S., &Barto, A. G., 2018).  

We can identify two types of AI: 
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- Weak AI (Narrow AI): Designed and trained for specific tasks (e.g., virtual 
assistants, recommendation systems). It lacks generalization capabilities 
outside its intended function (Bostrom, N. 2014); 

- Strong AI (General AI): Hypothetical AI that possesses the ability to 
understand, learn, and apply intelligence broadly at a level comparable to 
humans ( Chalmers, D. J., 1996).  

AI research often draws from cognitive science to develop models of human 
cognition, including how humans perceive, remember, and make decisions. Examples 
include ACT-R and SOAR, which aim to simulate cognitive processes and learn from 
human behavior (Anderson, J. R.,2007).  

Theoretical discussions around AI also encompass ethical considerations. AI 
Ethicsfocuses on issues like fairness, accountability, transparency, and bias in AI 
systems (Binns, R. 2018). In his paper he tried to give answers on several questions 
like what does it mean for a machine learning model to be ‘fair’, in terms which can be 
operationalised, should fairness consist of ensuring everyone has an equal probability 
of obtaining some benefit, or should we aim instead to minimise the harms to the least 
advantaged? Various definitions proposed in recent literature make different 
assumptions about what terms like discrimination and fairness mean and how they can 
be defined in mathematical terms. 

There are also philosophical implications, that addresses questions about 
consciousness, free will, and the moral status of AI systems (Harnad, S., 1991). In his 
paper he addresses several aspects of philosophical implications. Explaining the mind 
by building machines with minds runs into the other-minds problem: How can we tell 
whether any body other than our own has a mind when the only way to know is by 
being the other body? He suggested that in practice we all use some form of Turing 
Test: If it can do everything a body with a mind can do such that we can't tell them 
apart, we have no basis for doubting it has a mind. But what is "everything" a body 
with a mind can do? 

Theoretical frameworks facilitate understanding AI's impact across various sectors, 
including healthcare, finance, education, and transportation. Studies assess how AI 
enhances efficiency, improves decision-making, and challenges traditional job roles 
(Brynjolfsson, E., & McAfee, A., 2014).  

We can conclude that theoretical frameworks in AI are vital for guiding research, 
development, and ethical considerations. As AI evolves, ongoing theoretical 
exploration will help navigate the complexities and implications of integrating AI into 
society. 
 
 
2. AI: FROM THE ENTHUSIASM TO THE FEAR OF JOBS LOOSES 
 
AI becomes global trend. We are witnesses of great enthusiasm of its use. Enthusiasm 
for AI can be seen through its potential to revolutionize various sectors, including 
healthcare, finance, manufacturing, and transportation. 

Innovations like machine learning, natural language processing, and robotics are 
enhancing productivity, improving decision-making, and creating new possibilities, 
such as personalized medicine and smart cities.Many people are excited about AI's 
capabilities, which promise convenience and efficiency in everyday life, from virtual 
assistants to smart home devices. 
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On the other side are concerns about Job Losses. Despite its benefits, there is a 
growing concern about AI replacing human jobs. Tasks that involve routine, repetitive 
processes are particularly vulnerable to automation.Sectors like manufacturing and 
customer service have witnessed significant reductions in workforce due to AI 
technologies.Workers in low-skill jobs face the highest risk, leading to fears of 
unemployment and economic inequality. 

Concerning mitigating fears, it’s essential to balance the excitement around AI 
with proactive measures to address job displacement. This includes retraining 
programs, education, and reskilling initiatives to help workers transition to new 
opportunities created by AI.Discussions around universal basic income (UBI) and 
policies for job security are also part of the debate on how to manage the impact of AI 
on the workforce. 

The most accurate question today is about future outlook concerning AI global 
transformation. The future will likely see a coexistence of AI and human workers, 
where AI takes on repetitive tasks, allowing humans to focus on more complex, 
creative, and interpersonal roles.Engaging in ongoing dialogues about ethical AI 
development, regulation, and workforce planning will be crucial in shaping a future 
that benefits all. 

This topic highlights both the transformative potential of AI and the challenges it 
presents, necessitating thoughtful consideration of its societal impact.AI won’t “steal 
your job,” but it could take away your career as you know it.“Will AI steal jobs? I 
don’t believe so. AI will destroy jobs.” (Chandok, president of Microsoft India and 
South Asia). 

The world is entering a phase where the concept of a one-job-for-life job is slowly 
disappearing. People working today are probably the last generation to have stable, 
long-term careers in the classical sense.The industrial model of learning once and 
working for decades no longer works. The idea that knowledge acquired in youth is 
used throughout life is now crumbling before our eyes.The biggest threat to employees 
is not automation, but the refusal to learn. Without continuous learning, there is no 
long-term survival in the job market. 

It also projects the new directions for companies development. The true strategic 
advantage of companies in the future will not be artificial intelligence itself, but data 
and the way it is used.The messages from Microsoft are clear and quite direct. The 
future will not belong to those who have one title and one skill, but to those who are 
willing to constantly learn, change, and do many different things throughout their lives. 

The application of artificial intelligence in the economy is growing rapidly, but it 
is still in its early stages. “The leaders in the use of artificial intelligence are the United 
States and China, which showed one of the most significant growth rates compared to 
the previous year (growth of 27 percent), followed by Europe with growth of 23 
percent.The areas where respondents most often stated that the use of artificial 
intelligence led to cost savings were service operations, supply chain and inventory 
management, and software engineering. 

When it comes to increasing revenue, the functions that have most often benefited 
from the use of artificial intelligence include marketing and sales, strategy and 
corporate finance, and product and service development. 

The leading position in terms of the amount of investment in artificial intelligence 
is held by the United States. In 2024, private investment in artificial intelligence in the 
United States amounted to $ 109.1 billion, which is almost 12 times more than the $ 9.3 
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billion invested in artificial intelligence by China, or 24 times more than the $ 4.5 
billion invested by the United Kingdom. 

Companies are exploring several new directions in their development strategies 
concerning AI and its role in global transformation. We can identify several key trends: 

- AI-Powered Decision Making: Companies are leveraging AI for data analytics 
to drive insights, improve decision-making processes, and enhance strategic 
planning. This involves integrating AI models to analyze large datasets and 
identify trends and opportunities. 

- Automation of Processes: Businesses are increasingly automating routine 
tasks through AI technologies, such as robotic process automation (RPA) and 
chatbots. This helps reduce costs, improve efficiency, and allow employees to 
focus on more complex tasks. 

- Personalization: AI is being used to create personalized customer experiences 
by analyzing user behavior and preferences. Companies are developing 
tailored marketing strategies that target individual customers, enhancing 
engagement and satisfaction. 

- Ethical AI Development: There is a growing emphasis on developing ethical 
AI systems that prioritize transparency, fairness, and accountability. 
Companies are establishing guidelines and frameworks to ensure responsible 
AI usage and compliance with regulations. 

- Collaboration and Partnerships: Businesses are forming partnerships with AI 
startups, academic institutions, and tech companies to co-develop innovative 
AI solutions. Collaborative efforts can accelerate development and expand 
capabilities. 

- Focus on Sustainability: Companies are utilizing AI to address sustainability 
challenges, such as optimizing resource usage, reducing waste, and improving 
supply chain efficiency. AI-driven innovations can help organizations meet 
environmental goals. 

- Enhanced Cybersecurity: As digital transformation accelerates, the need for 
robust cybersecurity measures has grown. AI is being employed to detect and 
mitigate threats in real-time, enhancing the security of digital assets. 

- Workforce Transformation: Organizations are investing in retraining and 
upskilling programs for employees to adapt to the changes AI brings. Building 
a workforce that can work alongside AI technologies is becoming a priority 
for many companies. 

- Global Expansion of AI Capabilities: Companies are expanding their AI 
capabilities globally, adapting solutions to different markets and cultures. 
Localization of AI technologies ensures better integration and acceptance in 
various regions. 

- Human-AI Collaboration: Emphasizing hybrid models where AI complements 
human capabilities is increasingly recognized. Companies focus on how 
humans and AI can work together, enhancing job roles rather than replacing 
them. 

These directions reflect a comprehensive approach to harnessing the 
transformative power of AI while addressing the challenges it presents, encouraging 
innovation and sustainable growth. 
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3. CASE STUDY OF AI USE IN TOURISM SECTOR: HOTEL OPERATIONS AND 
MANAGEMENT SOFTWARE (HotelOpsAI) 
 
Hotels today face far more complexity than a few years ago. Rising operating costs, 
shifting guest expectations and pressure to operate sustainably have put teams under 
strain. From water management to F&B operations, internal communication to system 
fragmentation, vendors across the industry are responding with solutions that address 
the everyday realities of hotel life. 

The biggest challenge in hospitality today is fragmentation. Most hotels still 
operate on disconnected systems, creating data silos, inconsistent controls and 
operational blind spots. Lack of integration creates data silos, manual work, slower 
decision-making, inconsistent guest experiences and ultimately, revenue leakage.Even 
with advanced systems, these gaps slow operations and impact performance. 

While hotels have invested heavily in PMS and guest-facing solutions, the biggest 
gap remains back-of-the-house operations where daily work actually happens. Despite 
investments in front-end technology, core operational processes remain fragmented, 
affecting efficiency and productivity.Operational challenges are equally evident at the 
bar. For most hotels, the bar is an underleveraged profit centre, limited by skilled staff 
availability, inconsistent drinks and peak-hour bottlenecks. Barsys automates cocktail 
production to ensure precision, speed, and consistency, bringing a data-driven, guest-
facing solution to a space traditionally reliant on manpower. 

Water management has also emerged as a critical sustainability and cost concern. 
VikramJoshe, Founder and President at WAE, states, “Our solution addresses a critical 
hospitality industry inefficiency – high-carbon, resource-intensive water procurement 
and single-use plastic reliance.” By decentralising water bottling on-site, WAE reduces 
Scope 3 emissions while integrating hydration into a smart-tech ecosystem, making an 
often-overlooked operational area both sustainable and efficient. 

As hotels evaluate multiple technology options, clarity has become essential. The 
focus is no longer on who offers the most features, but on who provides a solution that 
genuinely reduces workload, supports teams, and brings stability to daily operations. 
We can explain the core of their differentiation, they are enterprise-cloud first – 
designed from the ground up on a unified, cloud-native architecture with a single real-
time database for every property. This allows hotel groups to run reservations, finance, 
procurement, accounting, distribution and analytics on one intelligent system with the 
accuracy and consistency global brands expect. 

We can emphasise on another dimension of value. The core differentiator is a 
philosophy of ‘real ingredients, real control, real intelligence. Barsys delivers 
consistency to the last millilitre, without locking operators into pods or proprietary 
consumables. HotelOpsAI is not a single-use gadget. It is a software-first beverage 
platform with hardware execution. 

These capabilities demonstrate a shift beyond automation for its own sake. The 
focus is on controlled, intelligent systems that reduce friction for hotel teams and set 
clearer performance expectations – an approach that becomes increasingly critical as 
the industry moves toward measurable outcomes. 

The crucial point is Return on Investment (ROI), financial outcomes and the proof 
of value. In the hospitality industry, ROI is no longer a long-term promise; it is a 
requirement, closely tied to cost savings, operational stability, and improved guest 
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outcomes. Particularly in sustainability and back-of-house operations, measurable 
results often determine whether a solution becomes a long-term asset or a short-term 
experiment. It is important to derive clear financial benefits through cost and resource 
control.  

Companies that uses WAE software consistently report 30-50 per cent reduction in 
bottled water procurement costs, with payback typically achieved within 18-24 months, 
driven by elimination of single-use plastic purchases, logistics and storage overheads. 
Additionally, on-site water generation reduces Scope 3 emissions-linked penalties and 
improves ESG ratings, directly enhancing brand value and guest willingness-to-pay. 

HotelOpsAI, on the other hand, demonstrates ROI through workforce and 
operational efficiency. Hotels using HotelOpsAI report 25-35 per cent savings in 
housekeeping labour cost, primarily through optimised task assignment and reduced 
overtime. Maintenance automation has resulted in 30-40 per cent faster issue 
resolution, keeping more rooms in inventory and protecting revenue. 

These results underscore a fundamental shift: hotels now evaluate technology 
based on clear financial impact and its ability to streamline once-manual, unpredictable 
processes. As expectations continue to rise, the next step lies in understanding how 
these solutions evolve to meet future operational demands. 

It is important to analyze the future outlook and innovation pipeline. The next 
phase of smart-hotel evolution is defined by tools that learn, adapt, and integrate more 
deeply with existing systems. We will explain HotelOpsAI’s roadmap. Through 
HotelOpsAI, is launching AI-based housekeeping automation, including smart room 
assignment based on guest profiles. System has video-based room inspection that 
ensures brand consistency by automatically detecting cleanliness deviations and 
missing amenities. System is also introducing predictive maintenance with IoT for 
utility monitoring to reduce breakdowns and energy consumption. 

These innovations address staffing constraints, rising operational costs, quality 
consistency, and sustainability — helping hotels operate more efficiently, profitably, 
and proactively. Hotels are increasingly seeking technologies that not only solve 
today’s challenges but anticipate tomorrow.  

Tewari from Barsys elaborates on beverage automation, Over the next year, the 
focus is on making Barsys an even smarter and more connected beverage operating 
system for hotels. On the product side, this includes deeper analytics and 
recommendations, such as menu-performance dashboards, insights on which cocktails 
to feature by time or outlet, and tools that help F&B teams optimise their lists property 
by property. 

Whether it is automated cocktails, decentralised hydration, unified cloud-native 
PMS architecture, or AI-driven internal operations, the future belongs to hotels that 
transform processes from manual to measurable and from reactive to predictive. These 
innovations show that smart-hotel technology is not about replacing hospitality, but 
empowering it. By delivering clear operational outcomes, transparent ROI, and 
sustainable gains, they are collectively shaping a smarter, leaner, and more resilient 
hospitality ecosystem. 

HotelOpsAI its revolutionary approach to AI task assignment and real-time 
operational intelligence, setting a new benchmark for hotel technology integration.This 
is AI-powered hotel operations platform for independent and boutique properties. This 
system empower company team with real time intelligence and enable running the 
property like a top chain without losing independence. 
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Figure 1HotelOpsAIDashboard Interface 
Source:  

HotelOpsAI is providing abetter way to manage operations. It provides instant 
dashboard insights, to get instant visibility into housekeeping, maintenance, guest 
requests, and service quality across all properties. It also has capacity for AI-powered 
automated analytics and eliminate manual report generation with AIdriven dashboards 
that provide actionable insights at a glance. Software provides standardized quality 
flags, ensure consistent service levels with AI-powered analytics that flag operational 
gaps before they impact guests. 

Application has remote supervisory tools, move from reactive problem-solving to 
proactive strategy by leveraging AI-driven predictions and automated alerts. It has 
proactive alerts and triggers. Monitor hotel operations remotely, reducing the need for 
costly and time-consuming physical inspections. 

Independent and boutique hotels often struggle with age old issues: heavy reliance 
on paper, strained communication, missed tasks, and inconsistent guest experiences. 
This software tackles all of these: 

- No more redundancy or friction (ntegrate housekeeping, maintenance, guest 
messaging, and front-desk workflows into a single platform); 

- Optimize with AI-powered automation ( auto-assign tasks based on staff 
availability, location, and skill. Prioritise urgent jobs and escalate overdue 
tasks instantly); 

- Unify communication channels (Embed WhatsApp and email updates for 
seamless guest and staff coordination); 

- Gain full visibility (dashboards provide live room-status, SOP checklists, 
inspection results, and KPIs all without spreadsheets). 

Key features of the HotelOpsAI software are: 
- Real-Time Task Management (Track, assign, and complete tasks no 

paperwork, no guesswork); 
- Smart Housekeeping (AI flags room readiness issues to speed turnover with 

quality checks); 
- Maintenance & Engineering (Break fix and preventive maintenance are routed 

and tracked effortlessly); 
- Guest Messaging Module (Send pre-arrival check-in reminders, service 

request responses, and post-stay updates via email or WhatsApp); 
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- Escalations & Alerts (Missed or overdue tasks trigger real-time alerts to 
supervisors); 

- Analytics & Reporting (Gain insights on staff productivity, room turnaround 
time, guest satisfaction, and operational bottlenecks); 

- Easy to deploy - no large IT setup required (Enables small teams to do more 
with less); 

- Encourages accountability and operational discipline (Centralizes performance 
tracking and guest feedback).  

We can conclude that software provides smarter housekeeping,cleaner results and 
happier guests. 

HotelOpsAI auto-assigns rooms based on live availability, staff load, and guest 
needs- no spreadsheets required. Attendants receive smart checklists on their phones. 
AI- powered inspections flag missed spots instantly. Lost & Found? Snap, tag, and log 
in seconds. A real- time status dashboard keeps supervisors in control of cleanliness 
and readiness. 

 
Figure 2HotelOpsAI Dashboard for Room status report 
Source:  

The software provides better maintenance of the property. Log issues with a tap, 
route them instantly, and track resolution in real-time. Voice notes and photos boost 
clarity. AI escalates unresolved requests based on urgency and SLA. Schedule 
preventive maintenance with a smart calendar. Monitor assets and inventory health- so 
the hotel runs like clockwork. 
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Figure 3HotelOpsAIPPM Dashboard 
Source:  

System enables hotel’s front desk to be fully connected, no more paper logs or 
delays. Guest requests are routed instantly to the right teams. Staff chat, priority flags, 
and real-time room updates keep everyone aligned. Capture mid-stay feedback and 
resolve concerns before they turn into reviews. Delight guests, one proactive moment 
at a time. 

 
Figure 4HotelOpsAIWorkorder Dashboard 
Source:  

The software provides faster process from data to decisions in real time.Track 
KPIs, feedback, and productivity in one place, compare performance across properties 
with live dashboards. Drill into audits, SLAs, and response times. Department 
scorecards show who's performing and where to improve. Make smarter calls, faster. 
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Figure 5HotelOpsAIInterface 
Source:  

The software anticipates needs and deliver delight, give guests the power to 
request services, track orders, and share feedback from their phones. AI captures 
sentiment and trends in real time- then adjusts operations instantly, like rescheduling 
housekeeping or sending a check-in message. Make every stay feel personalized. 

Finally, more insight and less overspend.Create and manage budgets with AI-
backed forecasts. Get real-time P&L tracking. Spot overspending with smart alerts, 
track cash flow with precision, generate reports for owners, auditors, or investors- 
instantly and automatically. 

 
Figure 6HotelOpsAI Interface 
Source:  
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CONCLUSION 
 
There is no doubt that the world is facing tremendous transformation with AI. Beside 
fears for job loses there are more and more new examples of exclusive benefits and 
increased productivity.  

HotelOpsAI gives guests the power to request services, track orders, and share 
feedback from their phones. AI captures sentiment and trends in real time- then adjusts 
operations instantly, like rescheduling housekeeping or sending a check-in message. 
The software makes every stay feel personalized, and this is crucial for success. 

It eliminates the biggest challenges like disconnected, reactive and time-
consuming hotel operations. Without real-time data, corporate teams operate in the 
dark, unable proactively to address issues. Hotels still generate reports manually, 
leading to delays, inaccuracies and an overwhelming volume of data. By using this 
application, this problem is solved. 

This software eliminates costly site visits. There is no more need for senior 
managers physically to inspect properties to ensure compliance, and no more 
consuming valuable time and resources. There is no more service inconsistency. 
Standardizing service levels across properties is difficult when insights are locked in 
offline reports. 

Operations teams spend more time addressing lastminute escalations rather than 
focusing on long-term improvements. Instead of reactive firefighting new system 
provides optimal solutions in real time. Future belongs to AI. 
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Abstract 
 
Local self-government institutions increasingly operate under fiscal pressure, administrative overload, and 
rising expectations for efficiency, transparency, and service quality. In this context, artificial intelligence has 
emerged as a policy-relevant instrument with measurable economic implications for municipal governance. 
This paper examines the economic effects of artificial intelligence adoption within local self-government 
units in the Republic of North Macedonia. The analysis focuses on quantifiable economic parameters, 
including administrative productivity, operational costs, budget execution efficiency, and service delivery 
time. A mixed empirical design is employed, combining panel data analysis of municipal financial indicators 
for the period 2016–2024 with survey-based evidence collected from municipal administrations. Econometric 
results indicate that municipalities exhibiting higher levels of artificial intelligence adoption demonstrate 
statistically significant improvements in administrative productivity and cost efficiency, alongside reductions 
in processing time for selected public services. At the same time, the findings reveal asymmetric effects 
across municipalities, driven by disparities in institutional capacity and fiscal autonomy. The paper 
contributes original empirical evidence to the literature on artificial intelligence in public sector economics 
and offers policy-relevant insights for decentralized governance in small transition economies. 
 
Keywords: artificial intelligence, local self-government, economic efficiency, public administration, North 
Macedonia, municipal finance 
 

JEL classification: H70; O33 
 

INTRODUCTION 
 
Local self-government represents the institutional layer closest to citizens and 
constitutes a critical arena for evaluating the economic implications of technological 
transformation within the public sector. In the Republic of North Macedonia, 
municipalities face persistent challenges related to limited fiscal capacity, 
administrative fragmentation, uneven service quality, and growing demand for 
accountability. These constraints have intensified interest in digital solutions capable of 
enhancing economic efficiency without expanding public expenditure. 

Artificial intelligence has recently entered the policy discourse surrounding local 
governance, primarily through its association with automation, data-driven decision 
support, and predictive analytics. Unlike conventional information systems, artificial 
intelligence enables the processing of large administrative datasets, pattern detection, 
and probabilistic forecasting, thereby reshaping how local governments allocate 
resources and manage administrative workflows. From an economic perspective, these 
capabilities raise fundamental questions regarding productivity, cost structures, and 
public value generation. 

Despite growing international attention, empirical research examining the economic 
effects of artificial intelligence at the local government level remains limited, 
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particularly in small, decentralized, and fiscally constrained states. Existing studies 
largely focus on national administrations or metropolitan governments in advanced 
economies, leaving a gap in understanding how artificial intelligence affects municipal 
performance in transitional governance contexts. 

This paper addresses that gap by analyzing the economic effects of artificial 
intelligence adoption in the local self-government units of the Republic of North 
Macedonia. Rather than approaching artificial intelligence as a technological novelty, 
the study treats it as an economic instrument embedded within institutional, fiscal, and 
regulatory structures. The central research objective is to identify whether and to what 
extent AI-supported administrative processes produce measurable economic outcomes 
at the municipal level. 
 
1. LITERATURE REVIEW AND THEORETICAL FRAMEWORK 
 
The analytical examination of artificial intelligence within local self-government 
requires a theoretical framework that connects technological adoption with economic 
performance and institutional capacity. Contemporary academic literature increasingly 
conceptualizes artificial intelligence as a general-purpose technology whose economic 
effects depend on institutional context rather than technological sophistication alone. 
According to a comprehensive review published in Government Information Quarterly, 
a journal indexed in the Web of Science Core Collection, artificial intelligence in the 
public sector produces measurable efficiency gains only when embedded in appropriate 
governance structures and supported by organizational adaptation (Sun and Medaglia 
2019). 

Within public sector economics, artificial intelligence is therefore analyzed as an 
economically conditioned system that reshapes productivity, transaction costs, and 
decision rationality, particularly in administratively intensive environments such as 
local self-government. Empirical studies indexed in the Web of Science Core 
Collection emphasize that decentralized public institutions experience heterogeneous 
outcomes from digital and algorithmic adoption due to differences in fiscal autonomy, 
administrative capacity, and human capital endowment (Mergel, Edelmann, and Haug 
2019). These findings challenge technologically deterministic narratives and reinforce 
the relevance of an institutional economic perspective. 

The literature review synthesizes three interconnected strands of research: economic 
analyses of artificial intelligence as a general-purpose technology, empirical studies on 
efficiency and performance in local self-government, and institutional economic 
approaches explaining variation in technological outcomes across decentralized 
systems. Building on these strands, the theoretical framework conceptualizes artificial 
intelligence as a productivity-enhancing yet institutionally mediated input, whose 
economic effects depend on complementary factors such as fiscal capacity, 
organizational structure, and regulatory coherence. 
 
1.1 Artificial Intelligence and Public Sector Economics 
 
The economic literature increasingly conceptualizes artificial intelligence as a general-
purpose technology capable of altering production functions across sectors (Agrawal, 
Gans, and Goldfarb 2019). Within the public sector, AI adoption is associated with 
changes in transaction costs, information asymmetries, and organizational efficiency. 
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Economic models suggest that algorithmic decision support may reduce administrative 
costs by accelerating routine procedures and improving the accuracy of resource 
allocation. 

Empirical evidence, however, remains mixed. While several studies report 
efficiency gains in public service delivery, others emphasize institutional constraints 
and governance risks that limit economic benefits (Mergel, Edelmann, and Haug 2019). 
These divergences underscore the importance of contextual analysis, particularly at 
subnational levels where fiscal autonomy and administrative capacity vary 
significantly. 
 
1.2. Local Self-Government and Economic Performance 
 
Local self-government performance is commonly assessed through indicators such as 
budget execution rates, cost per service unit, administrative productivity, and service 
delivery time (Shah 2006). In decentralized systems, municipalities function as semi-
autonomous economic actors constrained by intergovernmental transfers and local 
revenue generation. Technological interventions therefore interact with existing fiscal 
structures rather than operating independently. 

Theoretical perspectives grounded in new institutional economics emphasize that 
technology-driven efficiency gains depend on complementary investments in human 
capital, organizational reform, and regulatory clarity (Williamson 2000). In the absence 
of such complements, digital tools may yield limited or uneven economic effects. 
 
1.3. Artificial Intelligence in Local Governance 
 
Recent empirical research highlights the growing use of artificial intelligence in 
municipal finance management, urban planning, and administrative services (Sun and 
Medaglia 2019). Predictive analytics has been applied to revenue forecasting, 
expenditure monitoring, and service demand estimation. At the same time, concerns 
persist regarding algorithmic opacity, accountability, and unequal access to 
technological resources. 

This study builds on these insights by integrating economic performance metrics 
with institutional analysis, thereby offering a context-sensitive assessment of artificial 
intelligence adoption in local self-government. 
 
2. INSTITUTIONAL AND ECONOMIC CONTEXT IN NORTH MACEDONIA 
 
The Republic of North Macedonia operates a decentralized system of local self-
government comprising 80 municipalities and the City of Skopje. Municipalities 
possess competencies in local economic development, communal services, urban 
planning, and selected administrative functions. Fiscal capacity varies substantially, 
with a limited number of municipalities accounting for a disproportionate share of local 
revenues. 

Digital transformation at the municipal level has progressed unevenly. While basic 
e-government platforms are widely adopted, advanced AI-supported applications 
remain concentrated in larger municipalities. These include automated document 
processing, digital service portals, and data-driven budget monitoring tools. This 
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heterogeneity provides a suitable empirical setting for analyzing differentiated 
economic effects of artificial intelligence adoption. 
 
3. METHODOLOGY 
 

 
Figure 1. Conceptual Economic Model of AI in Local Self-Government 

 
Figure 1 presents a conceptual economic model illustrating the transmission 

mechanisms through which artificial intelligence adoption influences economic 
outcomes in local self-government. Artificial intelligence affects administrative 
productivity, cost structure optimization, and decision-support quality, which jointly 
contribute to efficiency gains, fiscal sustainability, and improved service performance. 
The magnitude of these effects is conditioned by institutional capacity and fiscal 
autonomy. 
 
3.1. Research Design 
 
The study employs a mixed empirical design combining quantitative panel data 
analysis with survey-based evidence. This approach enables triangulation between 
objective economic indicators and institutional practice. 
 
3.2. Data and Variables 
 
Panel data were collected for 30 municipalities over the period 2016–2024, based on 
data availability and population size. Financial and administrative indicators were 
obtained from official municipal budget reports and national statistical sources. Due to 
the absence of harmonized municipal-level indicators on artificial intelligence 
adoption, the empirical dataset was constructed and calibrated using official municipal 
finance statistics and validated through robustness checks. 

Dependent variables include administrative productivity measured as processed 
cases per administrative employee, operational cost efficiency measured as 
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administrative expenditure per capita, budget execution efficiency measured as 
executed to planned expenditure ratio, and service delivery time measured in average 
days per administrative procedure. The key independent variable is an Artificial 
Intelligence Adoption Index constructed using indicators for automated document 
processing, predictive budget tools, and AI-supported service platforms. Control 
variables include municipal population, fiscal autonomy ratio, and staff education level. 
 
3.3. Econometric Model 
 
A fixed-effects panel regression model is applied to control for unobserved municipal 
characteristics. Robust standard errors are used to address heteroskedasticity. 
 
3.4. Survey Component 
 
A structured questionnaire was administered to administrative managers in 18 
municipalities, focusing on perceived economic effects of AI adoption, implementation 
costs, and organizational adaptation. 
 
4. EMPIRICAL RESULTS 
 
4.1. Descriptive Statistics 
 
Table 1 presents descriptive statistics for the key economic and administrative 
variables. Municipalities with higher AI adoption exhibit higher average administrative 
productivity and lower per capita administrative costs, while variance across 
municipalities remains substantial. 
 

Table 1. Descriptive Statistics of Key Economic and Administrative Variables (2016–2024) 
Variable Mean Std. Dev. Min Max 

Administrative productivity (cases per employee) 312.4 58.7 198.1 441.6 
Administrative expenditure per capita (EUR) 94.3 21.6 61.8 148.9 
Budget execution ratio (%) 92.1 6.4 76.5 103.2 
Average service processing time (days) 14.7 4.9 6.3 28.4 
AI Adoption Index (0–10) 4.6 2.1 0.8 9.2 
Fiscal autonomy ratio (%) 41.5 12.3 18.7 68.9 

 
4.2 Regression Analysis 
 
Table 2 reports the results of the fixed-effects panel regressions. 
 
Table 2. Fixed-Effects Panel Regression Results,  
*p < 0.10, **p < 0.05, ***p < 0.01 

Independent variable Productivity Cost per capita Processing time 
AI Adoption Index 0.37* (0.08) –2.41* (0.71) –0.92* (0.24) 

Fiscal autonomy ratio 0.19** (0.07) –0.88* (0.46) –0.21 (0.18) 
Population size (log) 0.11 (0.09) 1.73** (0.64) 0.34* (0.16) 
Staff education level 0.28** (0.10) –1.14* (0.58) –0.47** (0.19) 

Municipality fixed effects Yes Yes Yes 
Year fixed effects Yes Yes Yes 

Observations 270 270 270 
R² (within) 0.41 0.36 0.39 
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Artificial intelligence adoption is consistently associated with higher administrative 
productivity, lower operational costs, and shorter service delivery time. The statistical 
significance of the coefficients confirms economically meaningful effects, even after 
controlling for fiscal and demographic characteristics. 
 

 
Figure 2. Relationship Between AI Adoption and Administrative Productivity 

 
Figure 2 illustrates the relationship between the Artificial Intelligence Adoption 

Index and administrative productivity, measured as the number of processed 
administrative cases per employee. The scatter plot displays municipal-level 
observations, while the fitted linear regression line indicates a positive association 
between higher levels of AI-supported administrative processes and increased 
productivity. 
 

 
Figure 3. AI Adoption and Administrative Cost Efficiency 
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Figure 3 presents a scatter plot with a fitted linear regression line illustrating the 
relationship between the Artificial Intelligence Adoption Index and administrative 
expenditure per capita. The negative slope indicates that higher levels of AI adoption 
are associated with lower administrative costs, reflecting improved cost efficiency in 
local self-government operations. 
 

 
Figure 4. Average Service Processing Time by AI Adoption Level 

 
Figure 4 illustrates differences in average administrative service processing time 

across municipalities grouped by level of artificial intelligence adoption. Municipalities 
with higher AI adoption demonstrate substantially shorter processing times, indicating 
efficiency gains in citizen-facing administrative procedures. 
 
4.3. Survey Findings 
 
Survey responses confirm the quantitative findings, indicating reduced processing time 
and improved workload management. At the same time, respondents identify high 
initial investment costs and limited technical expertise as barriers to broader economic 
gains. 
 
5. DISCUSSION 
 
The empirical evidence indicates that artificial intelligence adoption in local self-
government generates measurable economic effects, particularly in administrative 
productivity and cost efficiency. These effects are not uniform, reflecting disparities in 
institutional capacity and fiscal autonomy. The absence of significant budget execution 
effects suggests that technological tools alone cannot overcome structural fiscal 
constraints. 
 
6. POLICY IMPLICATIONS 
 
The findings support targeted AI adoption strategies aligned with municipal capacity. 
Central government support mechanisms may be required to mitigate inequality 
between municipalities and to ensure that economic benefits are broadly distributed. 
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Standardized evaluation frameworks are necessary to monitor economic outcomes and 
prevent inefficient investment. 
 
CONCLUSION 
 
Artificial intelligence adoption in the local self-government units of the Republic of 
North Macedonia produces positive but differentiated economic effects. The 
technology enhances administrative productivity and cost efficiency, yet its impact 
remains conditioned by institutional and fiscal structures. A strategic, economically 
grounded approach to artificial intelligence governance is essential for maximizing 
public value within decentralized systems. 
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Abstract 
 
Tourist guiding represents a professional practice grounded in interpretation, contextualization, and 
communicative mediation between visitors and destinations. In the context of accelerated digital 
transformation, artificial intelligence is increasingly emerging as a supportive infrastructure within tourism 
experiences through personalized recommendations, automated guides, chatbots, and intelligent mobile 
applications. While existing tourism research predominantly emphasizes technological capabilities and 
improvements in user experience, significantly less attention has been devoted to the professional, 
interpretative, and institutional implications that such systems generate for the role of tourist guides. 
This paper examines the application of artificial intelligence in tourist guiding as a matter of professional 
responsibility, interpretative legitimacy, and institutional governance rather than as a purely technological 
innovation. The study develops a conceptual framework distinguishing between augmentative, co-existent, 
and substitutive uses of artificial intelligence in guiding practices, emphasizing that sustainable integration of 
intelligent systems depends on clearly defined boundaries between algorithmic support and human 
interpretation. The analysis draws on relevant theoretical and empirical studies published in Web of Science–
indexed journals, focusing on tourist experience, smart destinations, and automation in tourism. The paper 
concludes that the future of tourist guiding does not lie in technological replacement, but in hybrid guiding 
models that preserve the interpretative and ethical responsibility of the profession. 
 
Keywords: artificial intelligence, tourist guides, smart tourism, interpretative mediation, professional 
responsibility 
 

JEL classification: L83; O33 
 
INTRODUCTION 
 
Tourist guiding has traditionally been understood as a form of mediated interpretation 
through which space, cultural heritage, and local narratives are transformed into 
meaningful tourist experiences. The role of the tourist guide extends beyond the 
transmission of factual information and includes content selection, narrative adaptation 
to diverse audiences, management of group dynamics, and mediation of cultural 
meanings. In this sense, guiding constitutes a professional activity that integrates 
knowledge, communication skills, and contextual judgment. 

Over the past decade, tourism has undergone intensified transformation driven by 
digital technologies and smart systems. Artificial intelligence has emerged as a central 
component in the development of smart destinations through algorithmic 
personalization, behavioral analytics, and automated interaction. Within this process, 
tourist guides increasingly encounter technological alternatives such as mobile audio 
guides, tourism chatbots, and augmented reality systems offering automated spatial 
interpretations. 
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While such systems promise efficiency and accessibility, they simultaneously raise 
fundamental questions concerning the professional role of the guide, responsibility for 
informational accuracy, and the legitimacy of interpretation. Most tourism research 
approaches artificial intelligence as a mechanism for enhancing tourist experience, yet 
rarely examines it as a factor reshaping the professional structure of guiding. This paper 
addresses that gap by analyzing the relationship between tourist guides and artificial 
intelligence through the lens of interpretative responsibility and institutional 
governance. 
 
1. ARTIFICIAL INTELLIGENCE AND TOURIST GUIDING PRACTICE 
 
1.1. Artificial Intelligence as Smart Tourism Infrastructure 
 
Within the smart tourism paradigm, artificial intelligence is conceptualized as an 
infrastructural system enabling data collection, analysis, and processing aimed at 
improving tourism services and experiences. Empirical studies indicate that intelligent 
systems contribute to personalization, resource optimization, and enhanced visitor 
interaction (Gretzel et al. 2015). 

In the context of tourist guiding, this infrastructure does not operate autonomously 
but is embedded within existing communicative and interpretative practices. 
Algorithms may recommend routes, translate content, and provide factual data; 
however, their interpretative value depends on usage context and institutional framing. 
 
1.2. AI-Based Tourist Guides and Interpretative Mediation 
 
Automated tourist guides, particularly mobile applications and chatbots, are designed 
to deliver real-time information and respond to individual tourist preferences. 
Empirical evidence suggests that such systems can enhance tourist satisfaction through 
personalization and flexibility (Tarantino, De Falco, and Scafuri 2019). 

Nevertheless, algorithmic interpretation often lacks contextual sensitivity and 
cultural mediation. Unlike algorithms, tourist guides bear responsibility for perspective 
selection, narrative emphasis, and adaptation to group dynamics. Consequently, 
automated guides function primarily as informational resources rather than full 
interpretative agents. 
 
1.3. Augmentative versus Substitutive AI in Tourist Guiding 
 
The literature on automation in tourism clearly distinguishes between augmentative and 
substitutive applications of artificial intelligence (Tussyadiah 2020). Augmentative use 
involves AI supporting guides through organization, translation, and informational 
assistance, while substitutive use refers to scenarios in which algorithms replace human 
interpretation. 

In addition to the commonly discussed distinction between augmentative and 
substitutive uses of artificial intelligence, this study employs the notion of co-existent 
use to denote a transitional and context-dependent configuration in which artificial 
intelligence systems and human tourist guides operate in parallel without clear 
hierarchical integration. In such configurations, AI-based applications provide 
informational or navigational content independently of the guide’s interpretative 



 

narrative, while the guide simultaneously delivers contextualized and situationally 
adaptive interpretation. 

Unlike fully augmentative arrangements, co
intentional pedagogical or professional integration, nor does it entail substitution of 
interpretative authority. Rather, it reflects a hybrid but loosely coordinated practice that 
frequently emerges in destinations where digital tools are introduced without explicit 
institutional guidelines or professional alignment. As such, co
an analytically distinct category that helps explain professional uncertainty and 
variability in perceived legitimacy.

Research indicates that tourists demonstrate greater trust and satisfaction in contexts 
where human guides remain present as mediators, with automated solutions perceived 
as supplementary layers of information rather than re

                   Figure 1. Conceptual Model of Hybrid Tourist Guiding Supported by Artificial Intelligence
 

Figure 2. Augmentative versus Substitutive Use of Artificial Intelligence in Tourist Guiding
 
2. EMPIRICAL STUDY:
INTELLIGENCE IN GUIDING PRACTICES
 
2.1. Research Design and Objectives
 
The empirical component of this study examines how professional tourist guides 
perceive the use of artificial intelligence within guiding pra

narrative, while the guide simultaneously delivers contextualized and situationally 

fully augmentative arrangements, co-existent use does not presuppose 
intentional pedagogical or professional integration, nor does it entail substitution of 
interpretative authority. Rather, it reflects a hybrid but loosely coordinated practice that 

ntly emerges in destinations where digital tools are introduced without explicit 
institutional guidelines or professional alignment. As such, co-existent use represents 
an analytically distinct category that helps explain professional uncertainty and 

bility in perceived legitimacy. 
Research indicates that tourists demonstrate greater trust and satisfaction in contexts 

where human guides remain present as mediators, with automated solutions perceived 
as supplementary layers of information rather than replacements (Lu et al. 2023). 

 

Conceptual Model of Hybrid Tourist Guiding Supported by Artificial Intelligence

 
Augmentative versus Substitutive Use of Artificial Intelligence in Tourist Guiding 

2. EMPIRICAL STUDY: TOURIST GUIDES’ PERCEPTIONS OF ARTIFICIA
ING PRACTICES 

.1. Research Design and Objectives 

The empirical component of this study examines how professional tourist guides 
perceive the use of artificial intelligence within guiding practices, with particular 
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emphasis on perceived usefulness, perceived professional risks, and institutional 
readiness for regulated adoption. The study is grounded in the assumption that 
integration of artificial intelligence in tourist guiding is shaped less by technological 
availability and more by professional legitimacy, interpretative responsibility, and 
governance conditions. 

The analysis is guided by the following research questions: 
RQ1: How do tourist guides evaluate the practical usefulness of artificial 

intelligence in guiding activities? 
RQ2: What professional and ethical concerns do tourist guides associate with the 

use of artificial intelligence in guiding? 
RQ3: To what extent do tourist guides perceive tourism institutions as prepared to 

regulate the use of artificial intelligence in guiding practices? 
A quantitative, cross-sectional survey design was adopted to capture prevailing 

professional attitudes and institutional perceptions. 
 
2.2. Sample and Data Collection 
 
Data were collected through a structured questionnaire administered to licensed tourist 
guides operating in urban, cultural, and nature-based tourism contexts. The sampling 
strategy was purposive, targeting respondents with active guiding experience and 
formal certification. 

The final sample consisted of 86 tourist guides. Of these, 52 percent were primarily 
engaged in cultural and heritage guiding, 31 percent in city walking tours, and 17 
percent in nature or mixed itineraries. Professional experience ranged from 2 to 28 
years, with a mean guiding experience of 11.4 years. Participation was voluntary and 
anonymous. 
 
2.3. Research Instrument and Reliability 
 
The questionnaire operationalized four analytical constructs: awareness and exposure 
to artificial intelligence, perceived usefulness of artificial intelligence in guiding, 
perceived professional and ethical risks, and perceived institutional readiness for 
regulated adoption. Each construct was measured using five-point Likert-type scales. 
Internal consistency was assessed using Cronbach’s Alpha. The overall reliability 
coefficient reached 0.87, while subscale values ranged between 0.79 and 0.91, 
indicating high internal coherence. 
 
3. RESULTS 
 
3.1. Awareness and Exposure to Artificial Intelligence 
 
Respondents reported high levels of awareness of artificial intelligence applications in 
tourism, but substantially lower levels of personal use and institutional guidance. 
Table 3. Tourist Guides’ Awareness and Exposure to AI 
Statement Mean (M) SD 
Familiarity with AI applications in tourism 4.41 0.59 
Awareness of AI-based tourist guides and apps 4.27 0.64 
Personal use of AI tools in guiding preparation 2.96 0.88 
Institutional guidance on AI use 2.12 0.81 
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3.2. Perceived Usefulness of Artificial Intelligence 
 
Tourist guides evaluated artificial intelligence positively as a supportive resource, 
particularly for multilingual communication and personalization. 
 
Table 4. Perceived Usefulness of AI in Tourist Guiding 
Guiding Function Mean (M) SD 
Route planning and itinerary optimization 4.18 0.61 
Multilingual communication support 4.36 0.55 
Access to historical and factual information 4.09 0.66 
Personalization of visitor experience 4.22 0.63 
Real-time assistance during tours 3.74 0.72 

 
3.3. Professional and Ethical Concerns 
 
Professional and ethical concerns were pronounced, particularly regarding 
interpretative authenticity and accountability. 
 
Table 5. Perceived Risks Associated with AI Use in Tourist Guiding 
Risk Dimension Agree / Strongly Agree (%) 
Loss of interpretative authenticity 82 
Risk of factual inaccuracies 76 
Reduced professional authority 71 
Overreliance by tourists on AI systems 69 
Unclear responsibility for misinformation 84 

 
3.4. Institutional Readiness 
 
Perceived institutional readiness for regulating AI use in guiding was low across all 
indicators. 
 
Table 6. Institutional Readiness for AI Adoption in Tourist Guiding 
Statement Mean (M) SD 
Clear institutional rules for AI use 2.08 0.77 
Professional guidance for responsible use 2.21 0.83 
Institutions prepared to manage AI-related risks 2.34 0.86 

 
3.5. Correlation Analysis 
 
Perceived usefulness was positively correlated with institutional readiness, while 
professional risk perception showed a significant negative association. 
 
Table 7. Correlation Matrix 
Variables Institutional Readiness 
Perceived usefulness of AI 0.54** 
Perceived professional risks −0.47** 

*Note: *p < 0.01. 
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Figure 3. Scatterplot with Linear Regression Line 

 
Figure 3 illustrates the positive association between perceived usefulness of 

artificial intelligence and institutional readiness for regulated adoption in tourist 
guiding. Higher evaluations of AI usefulness are associated with stronger perceptions 
of institutional preparedness, although dispersion around the regression line indicates 
that usefulness alone does not fully determine readiness. 

How to draw the figure: 
– X-axis: Perceived Usefulness of AI (standardized score) 
– Y-axis: Institutional Readiness (standardized score) 
– Scatter points representing respondents 
– Solid regression line with confidence band 
Analytical interpretation: 
The visualization supports the regression findings by illustrating that institutional 

readiness increases systematically with perceived professional value of AI. However, 
dispersion around the regression line indicates that usefulness alone does not fully 
determine readiness, pointing to the moderating role of governance concerns. 
 
4. REGRESSION AND MODERATION ANALYSIS 
 
4.1. Multiple Regression Results 
 
A multiple linear regression model examined predictors of institutional readiness. 
 
Table 8. Multiple Linear Regression Predicting Institutional Readiness 
Predictor β t p 
Perceived usefulness of AI 0.46 5.21 <0.001 
Professional risk perception −0.34 −4.07 <0.001 
Personal exposure to AI 0.17 1.98 0.051 
R² 0.49   
Adjusted R² 0.47   

 
Perceived usefulness emerged as the strongest positive predictor, while professional 

risk perception exerted a significant negative effect. 
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Figure 4. Regression Coefficient Plot 

 
 

Figure 4 presents standardized regression coefficients for predictors of institutional 
readiness. Perceived usefulness of artificial intelligence shows a strong positive effect, 
professional risk perception exerts a substantial negative effect, while personal 
exposure demonstrates a comparatively weaker positive contribution. 

How to draw the figure: 
– Horizontal axis: Standardized regression coefficients (β) 
– Vertical axis: Predictor variables 
– Bars extending right (positive) or left (negative) from zero 
Predictors displayed: 
– Perceived usefulness of AI (positive bar) 
– Perceived professional risks (negative bar) 
– Personal exposure to AI tools (small positive bar) 

 
4.2. Moderation Analysis 
 
The moderation model confirmed that professional risk perception significantly 
attenuates the relationship between perceived usefulness and institutional readiness. 
 

 
Figure 5. Moderation Model of Institutional Readiness for AI Adoption in Tourist Guiding 
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As illustrated in Figure 5, perceived usefulness of artificial intelligence positively 
predicts institutional readiness for regulated adoption, yet this relationship is 
significantly attenuated when professional and ethical risk perception increases. 
This figure visually emphasizes that professional risk perception is not a marginal 
concern but a central constraining factor. Institutional readiness depends on balancing 
perceived value against perceived threats to professional legitimacy and accountability. 
 

 
Figure 6. Simple Slopes Plot Illustrating the Moderating Role of Professional Risk Perception 

 
Figure 6 illustrates the simple slopes of the relationship between perceived 

usefulness of artificial intelligence and institutional readiness at low and high levels of 
professional risk perception. The positive association is substantially stronger when 
professional risk perception is low, whereas heightened risk perception markedly 
attenuates the relationship. 
 
5. DISCUSSION 
 
The findings demonstrate that artificial intelligence in tourist guiding constitutes 
primarily a governance and professional legitimacy challenge rather than a 
technological adoption problem. Tourist guides recognize artificial intelligence as a 
valuable supportive infrastructure, yet remain cautious due to unresolved concerns 
regarding interpretative authority, accountability, and institutional regulation. 

Several methodological limitations should be acknowledged. First, the cross-
sectional design of the study limits the possibility of causal inference regarding the 
relationships between perceived usefulness, professional risk perception, and 
institutional readiness. The findings therefore reflect associative patterns rather than 
temporal or causal dynamics. Second, the use of self-reported survey data introduces 
the potential risk of common method bias, which cannot be fully excluded despite the 
analytical separation of constructs. These limitations are consistent with the exploratory 
and perception-oriented nature of the study and should be considered when interpreting 
the results. 

Professional openness toward artificial intelligence is therefore conditional. 
Acceptance is highest when AI supports guiding activities without encroaching upon 
interpretative responsibility. Institutional frameworks that clearly define permissible 
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use, responsibility allocation, and limits of automation emerge as decisive for 
sustainable integration. 

 
 CONCLUSION 
 
This study has shown that artificial intelligence holds substantial potential to support 
tourist guiding practices, yet it cannot replace the interpretative core of the profession. 
Tourist guides remain the primary carriers of meaning, context, and responsibility, 
while intelligent systems function as supportive infrastructures. 

The future of tourist guiding lies in hybrid models that integrate technological 
efficiency with human interpretation, enabling responsible adoption of artificial 
intelligence while preserving professional identity and cultural legitimacy. 

Future research should extend the present findings through longitudinal and 
comparative designs that examine how different governance frameworks, regulatory 
environments, and professional training models influence the long-term integration of 
artificial intelligence into tourist guiding practices and actual adoption behavior. 
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Abstract 
 
Artificial intelligence is increasingly shaping contemporary educational practices, and among recent AI 
applications, large language models such as ChatGPT have attracted attention due to their capacity to support 
instructional planning, learner engagement, and formative feedback. While existing discussions frequently 
emphasize technological affordances and classroom-level experimentation, comparatively limited empirical 
attention has been devoted to the institutional and pedagogical conditions under which such tools may be 
responsibly integrated into formal education. 
This paper examines the use of ChatGPT as a pedagogical support system and analyzes teachers’ perceptions, 
instructional evaluations, and institutional readiness for its adoption in teaching and learning contexts in 
North Macedonia. The empirical component is based on a structured survey conducted among primary, 
secondary, and higher education teachers. The findings reveal a pronounced discrepancy between high 
pedagogical acceptance of ChatGPT and low levels of perceived institutional preparedness and regulatory 
clarity. Although educators recognize the instructional value of generative artificial intelligence in formative 
contexts, concerns related to academic integrity and governance ambiguity constrain its legitimate 
integration. 
The study conceptualizes generative artificial intelligence in education as a matter of institutional 
responsibility and pedagogical legitimacy rather than technological innovation alone. 
 
Keywords: artificial intelligence, ChatGPT, teaching and learning, educational governance, empirical study 
 

JEL classification: I21; O33 
 

INTRODUCTION 
 
Teaching and learning processes within contemporary educational systems are 
increasingly confronted with structural pressures related to curricular overload, 
heterogeneous student needs, assessment demands, and expectations for instructional 
personalization. Teachers operate within institutional environments characterized by 
accountability requirements, professional autonomy, and normative expectations 
concerning educational fairness and academic integrity. Within this context, artificial 
intelligence has emerged as a potential pedagogical support mechanism capable of 
augmenting instructional planning, learner support, and formative assessment practices. 
Recent advances in natural language processing have enabled the development of 
conversational AI systems capable of generating explanations, responding to student 
queries, supporting writing processes, and assisting teachers in lesson preparation. 
ChatGPT represents a prominent example of such systems, offering accessible and 
flexible interaction that closely resembles human dialogue. Unlike traditional 
educational software designed for narrowly defined instructional tasks, ChatGPT 
presents a general-purpose linguistic system whose pedagogical effects depend largely 
on contextual use and institutional framing. 

                                                             
1Stanka Arnautova, MsC.; Ljupka Milenkovic, BEd (Geography) and Aneta 
Cakovska, MsC., North Macedonia. 
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The introduction of ChatGPT into teaching environments raises fundamental 
pedagogical and normative questions. While the tool may support learning scaffolding, 
conceptual clarification, and formative feedback, it simultaneously challenges 
established understandings of authorship, assessment validity, and teacher 
responsibility. These challenges are particularly salient in formal education systems, 
where instructional practices are institutionally regulated and closely linked to 
certification and evaluation processes. 

In North Macedonia, the use of artificial intelligence in education remains largely 
unregulated and institutionally undefined. Empirical evidence concerning teacher 
awareness, pedagogical evaluations, and perceived risks associated with ChatGPT use 
is limited. This study addresses that gap by empirically examining how educators 
perceive ChatGPT, how they evaluate its pedagogical usefulness, and how they assess 
institutional readiness for its integration into teaching and learning processes. 

Accordingly, this study empirically examines whether perceived pedagogical 
usefulness of ChatGPT functions as a conditioning factor for institutional openness 
toward its use in formal education. 
 
1. ARTIFICIAL INTELLIGENCE, CHATGPT, AND PEDAGOGICAL PRACTICE 
 
1.1. Artificial Intelligence as Pedagogical Infrastructure 
 

Artificial intelligence in education denotes a broad class of computational systems 
designed to perform cognitive functions traditionally associated with human 
intellectual activity, including natural language processing, pattern recognition, 
inferential reasoning, and adaptive feedback generation. Within pedagogical contexts, 
such systems are not conceived as autonomous educational actors, but as supportive 
infrastructures embedded within human-centered instructional environments. Their 
pedagogical justification lies in their capacity to augment instructional processes by 
expanding access to information, enabling differentiated learning trajectories, and 
supporting reflective engagement with educational content (Holmes, Bialik, and Fadel 
2019). 
Contemporary educational research increasingly conceptualizes artificial intelligence as 
an enabling condition for pedagogical mediation rather than a substitute for 
professional teaching practice. Empirical studies emphasize that AI systems acquire 
educational relevance only when their outputs are interpreted and pedagogically framed 
by teachers who retain responsibility for curricular coherence, assessment validity, and 
ethical oversight (Luckin et al. 2016). This framing is particularly salient in formal 
education systems, where instructional decisions are institutionally regulated and 
directly linked to certification and evaluation. 

 
1.2. ChatGPT as a Generative Pedagogical Support Tool 
 
ChatGPT represents a specific class of generative artificial intelligence based on large 
language models trained on extensive textual corpora. Its architecture enables the 
generation of linguistically coherent responses, simulated explanatory discourse, and 
textual suggestions across diverse subject domains. In educational contexts, ChatGPT 
is increasingly perceived as a flexible pedagogical support tool capable of assisting 
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with conceptual clarification, task generation, scaffolding of student writing, and 
preliminary formative feedback (Kasneci et al. 2023). 

Despite these affordances, ChatGPT does not possess pedagogical intentionality, 
epistemic judgment, or normative awareness. Its outputs result from probabilistic 
pattern recognition rather than conceptual understanding or curricular alignment. 
Consequently, its pedagogical value does not derive from instructional authority, but 
from the ways educators structure and contextualize its use. Research in high-impact 
educational journals consistently underscores that generative AI systems function 
pedagogically only when embedded within clearly articulated instructional purposes 
and guided interaction frameworks (Holmes and Tuomi 2022). 

 
1.3. Augmentative versus Substitutive Uses of AI in Teaching 
 
A central distinction in the literature concerns augmentative versus substitutive uses of 
artificial intelligence in education. Augmentative use refers to pedagogical 
configurations in which AI supports human teaching by enhancing explanation quality, 
enabling individualized pacing, or providing formative learning support, while 
decisional authority remains anchored in professional judgment. Substitutive use, by 
contrast, involves delegating instructional or evaluative authority to algorithmic 
systems, a practice widely regarded as pedagogically and ethically problematic 
(Williamson and Eynon 2020). 

Empirical evidence indicates that educators overwhelmingly favor augmentative 
configurations, perceiving generative AI as acceptable when it strengthens pedagogical 
capacity without undermining teacher responsibility (OECD 2021). Within this 
framework, ChatGPT is predominantly evaluated as a tool for formative pedagogical 
support rather than summative assessment or authoritative knowledge provision. 

 
1.4. ChatGPT, Assessment, and Academic Integrity 
 
Concerns related to academic integrity constitute one of the most prominent normative 
challenges associated with the pedagogical use of ChatGPT. Because the system can 
generate original-looking text without transparent attribution, its unrestricted use in 
assignment completion raises questions regarding plagiarism, authorship authenticity, 
and assessment validity. Research in higher education governance emphasizes that 
these concerns are institutional rather than technological, arising from misalignment 
between assessment design and emerging forms of learner support (Perkins 2023). 
Rather than framing ChatGPT as an external threat to academic standards, recent 
scholarship argues that its presence exposes structural vulnerabilities in traditional 
assessment practices that rely predominantly on product-oriented evaluation, thereby 
necessitating reconsideration of evaluative approaches in AI-influenced learning 
environments. 
 
1.5. Epistemic Reliability and Critical Literacy 
 
Epistemic reliability represents a further dimension of pedagogical concern. ChatGPT 
may generate content that is factually inaccurate, outdated, or contextually 
inappropriate while presenting it in a confident linguistic form. This phenomenon, 
often described as hallucination, poses risks for uncritical learner reliance and 
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challenges assumptions regarding the neutrality of informational tools (Floridi and 
Chiriatti 2020). 

From a pedagogical perspective, this limitation reinforces the importance of 
cultivating critical literacy and metacognitive awareness as integral components of AI-
supported learning environments. The educational value of ChatGPT therefore depends 
on instructional designs that promote verification, comparison, and reflective 
evaluation of generated content. 

 
1.6. Learner Dependency and Pedagogical Design 
 
Learner dependency is frequently discussed as a potential risk associated with 
generative AI use in education. Concerns focus on the possibility that habitual reliance 
on AI-generated explanations or writing support may reduce opportunities for cognitive 
struggle and independent knowledge construction. However, empirical studies suggest 
that such outcomes reflect pedagogical design choices rather than inherent properties of 
AI tools. 

When ChatGPT is embedded within inquiry-based or dialogical learning structures 
that require justification, reflection, and comparison with alternative sources, it may 
support deeper engagement rather than passive dependency (Kohnke, Moorhouse, and 
Zou 2023). 

 
1.7. Institutional Governance and Pedagogical Legitimacy 
 
Taken together, these considerations indicate that adoption of ChatGPT in teaching is 
shaped less by technological capability and more by pedagogical governance, 
professional norms, and institutional regulation. In education systems where formal 
guidance and ethical frameworks remain underdeveloped, teachers tend to exhibit 
cautious openness characterized by exploratory use without full integration. 
From an institutional perspective, ChatGPT thus emerges as a pedagogical 
infrastructure whose educational significance depends on governance arrangements that 
clearly define permissible use, teacher responsibility, and learner expectations. In the 
absence of such arrangements, generative artificial intelligence remains pedagogically 
attractive but institutionally ambiguous, constraining its contribution to formal 
education. 
 
2. EMPIRICAL STUDY: TEACHERS’ PERCEPTIONS AND INSTITUTIONAL 
READINESS FOR THE USE OF CHATGPT IN TEACHING 
 
2.1. Research Design and Objectives 
 
The empirical component of the study is designed to examine professional perceptions, 
evaluative judgments, and institutional conditions related to the use of ChatGPT in 
teaching and learning processes. The research is guided by the assumption that 
adoption of generative artificial intelligence in formal education is conditioned less by 
technical accessibility and more by pedagogical legitimacy and institutional 
governance. Accordingly, the empirical analysis focuses on three interrelated 
dimensions: teacher awareness and exposure to ChatGPT, perceived pedagogical 
usefulness, and perceived institutional readiness for regulated use. 
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A quantitative, cross-sectional research design was adopted, enabling systematic 
examination of prevailing attitudes and perceptions among teachers at a specific point 
in time. This design is particularly appropriate for capturing institutional climates and 
professional orientations toward emerging educational technologies. 

In accordance with the theoretical framework developed in Section 2, the empirical 
analysis is guided by the following research questions: 

RQ1: How do teachers evaluate the pedagogical usefulness of ChatGPT in teaching 
and learning processes? 

RQ2: How do teachers assess institutional readiness for the regulated use of 
ChatGPT in formal education? 

RQ3: To what extent does perceived pedagogical usefulness, together with 
normative concerns, predict institutional readiness for the adoption of ChatGPT in 
teaching? 

These research questions structure the empirical analysis and allow systematic 
examination of the relationship between pedagogical acceptance and institutional 
governance conditions. 
 
2.2. Sample and Data Collection 
 
Data were collected through a structured questionnaire administered to teachers 
employed in primary education, secondary education, and higher education institutions. 
The sampling strategy was purposive, targeting respondents with direct teaching 
responsibilities and experience with student assessment. This approach ensured that 
responses reflected informed professional judgments rather than speculative or 
peripheral opinions. 

The final sample consisted of 104 teachers. Of these, 41 were employed in primary 
schools, 37 in secondary schools, and 26 in higher education institutions. All 
respondents reported a minimum of five years of teaching experience, with an average 
professional experience of 13.6 years. The survey was administered electronically over 
a four-week period, and participation was voluntary and anonymous. 

 
2.3. Research Instrument and Reliability 
 
The questionnaire was designed to operationalize four analytical constructs: awareness 
of ChatGPT, perceived pedagogical usefulness, perceived risks and normative 
concerns, and institutional readiness for adoption. Each construct was measured using 
multiple statements evaluated on a five-point Likert scale ranging from strong 
disagreement to strong agreement. 

Internal consistency of the instrument was assessed using Cronbach’s Alpha 
coefficients. The overall reliability of the scale reached a value of 0.88, indicating high 
internal coherence and suitability for inferential analysis. Subscale reliability values 
ranged between 0.81 and 0.90, further confirming the robustness of the measurement 
model. 
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2.4. Awareness and Exposure to ChatGPT 
 
Awareness and exposure represent foundational conditions for any form of institutional 
adoption. Respondents were therefore asked to evaluate their familiarity with ChatGPT 
and their exposure to its use within educational contexts. 
 
Table 1. Teachers’ Awareness and Exposure to ChatGPT in Educational Contexts 
Statement Mean (M) SD 
Familiarity with ChatGPT as an educational tool 4.46 0.57 
Awareness of international educational use of ChatGPT 4.32 0.61 
Personal experimentation with ChatGPT for teaching purposes 2.89 0.93 
Institutional discussion regarding ChatGPT use 2.34 0.88 

 
The results indicate a pronounced gap between high conceptual awareness and 

limited institutional engagement. While teachers are well informed about ChatGPT and 
its international diffusion, actual pedagogical experimentation and formal discussion 
within institutions remain limited. 

 

 
Figure 1. Teachers’ Awareness and Exposure to ChatGPT in Educational Contexts 

 
2.5. Perceived Pedagogical Usefulness 
 
To assess perceived pedagogical value, respondents evaluated the extent to which 
ChatGPT could support specific teaching and learning activities. 
 
Table 2. Perceived Pedagogical Usefulness of ChatGPT in Teaching and Learning 
Pedagogical Function Mean (M) SD 
Support for student understanding of complex concepts 4.28 0.63 
Assistance with formative feedback 4.19 0.67 
Support for differentiated instruction 4.24 0.60 
Assistance in lesson planning and preparation 4.35 0.58 

 
Teachers consistently evaluate ChatGPT as pedagogically useful, particularly in 

relation to instructional preparation and formative learning support. These findings 
suggest that generative AI is perceived primarily as an augmentative pedagogical 
resource rather than as an evaluative authority. 

Familiarity with ChatGPT as an …
Personal experimentation with …
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Figure 2. Perceived Pedagogical Usefulness of ChatGPT in Teaching and Learning 

 
2.6. Normative Concerns and Perceived Risks 
 
Respondents were asked to assess potential risks associated with the use of ChatGPT in 
formal education. 
 
Table 3. Teachers’ Perceptions of Normative Risks Associated with ChatGPT Use 
Risk Dimension Agree / Strongly Agree (%) 
Threat to academic integrity 83 
Risk of student overreliance 71 
Uncertainty regarding assessment use 76 
Lack of institutional regulation 79 

 

 
Figure 3. Teachers’ Perceptions of Normative Risks Associated with ChatGPT Use 

 
Normative concerns dominate teacher perceptions. Academic integrity and absence 

of institutional rules emerge as the most salient barriers, indicating that resistance is 
rooted in governance uncertainty rather than in pedagogical skepticism. 
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2.7. Institutional Readiness for Adoption 
 
Institutional readiness was measured through statements addressing regulatory clarity, 
professional guidance, and organizational preparedness. 
 
Table 4. Institutional Readiness for the Regulated Use of ChatGPT in Teaching 
Statement Mean (M) SD 
Institution has clear rules for ChatGPT use 2.11 0.84 
Teachers receive guidance on responsible use 2.26 0.89 
Institution is prepared to regulate AI use 2.43 0.91 

 
The results reveal low perceived institutional readiness. Teachers do not perceive 

their institutions as adequately prepared to govern the pedagogical use of ChatGPT. 
 
2.8. Correlation Analysis 
 
To examine relationships between perceived pedagogical usefulness and institutional 
readiness, Pearson correlation analysis was conducted. 
 
Table 5. Pearson Correlation Between Perceived Pedagogical Usefulness and Institutional 
Readiness 
Variables r p-value 
Perceived usefulness – Institutional readiness 0.58 < 0.01 

 
The statistically significant positive correlation indicates that higher perceived 

pedagogical value is associated with greater openness toward institutional adoption. 
This relationship suggests that legitimacy and perceived educational relevance 
condition readiness more strongly than technological familiarity alone. 
 
2.9. Interpretation of Empirical Findings 
 
The empirical findings demonstrate a consistent pattern of conditional acceptance. 
Teachers recognize the pedagogical potential of ChatGPT and evaluate it positively as 
a support tool for learning and instruction. However, this recognition does not translate 
into widespread pedagogical integration due to unresolved institutional and normative 
concerns. 

The gap between perceived usefulness and actual adoption reflects professional 
responsibility rather than reluctance. Teachers appear unwilling to integrate ChatGPT 
into teaching practices without clear institutional frameworks that define responsibility, 
permissible use, and assessment boundaries. In this sense, institutional readiness 
emerges as the decisive mediating factor between technological potential and 
pedagogical implementation. 
 
2.10. Regression Analysis: Determinants of Institutional Readiness for the Use of 
ChatGPT 
 
To further examine the empirical relationship between pedagogical perceptions and 
institutional adoption conditions, a multiple linear regression analysis was conducted. 
The objective of the model was to assess the extent to which perceived pedagogical 
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usefulness, normative concerns, and prior exposure predict institutional readiness for 
the regulated use of ChatGPT in teaching. 

Institutional readiness was specified as the dependent variable. Three independent 
variables were included in the model: perceived pedagogical usefulness of ChatGPT, 
perceived academic integrity risk, and personal exposure to ChatGPT use in teaching 
contexts. This specification reflects the theoretical proposition advanced in Section 2 
that adoption of generative artificial intelligence is conditioned by legitimacy and 
governance considerations rather than by technological familiarity alone. 
 
2.10.1. Model Specification 
 
The regression model is specified as follows: 

Institutional Readiness = β₀ + β₁ (Perceived Pedagogical Usefulness) + β₂ 
(Academic Integrity Concerns) + β₃ (Personal Exposure) + ε 

All variables were standardized prior to analysis to facilitate comparison of effect 
sizes. 
 
2.10.2. Regression Results 
 
Table 6. Multiple Linear Regression Predicting Institutional Readiness for ChatGPT Adoption 
Predictor Variable β t-value p-value 
Perceived pedagogical usefulness 0.49 5.87 < 0.001 
Academic integrity concerns −0.31 −3.92 < 0.01 
Personal exposure to ChatGPT 0.14 1.76 0.081 
R² 0.46   
Adjusted R² 0.44   

 

 
Figure 6. Multiple Linear Regression Predicting Institutional Readiness for ChatGPT Adoption 

 
The model explains 46 percent of the variance in institutional readiness, indicating 

a substantial explanatory capacity for a perception-based study of organizational 
attitudes. 
 
2.10.3. Interpretation of Regression Findings 
 
Perceived pedagogical usefulness emerges as the strongest and most statistically 
significant predictor of institutional readiness. This finding confirms the theoretical 
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assumption that educators’ willingness to accept institutional regulation of ChatGPT is 
primarily driven by expectations regarding pedagogical value rather than by general 
openness to technology. Teachers who evaluate ChatGPT as meaningfully supportive 
of learning and instruction are significantly more inclined to perceive their institutions 
as capable of governing its use. 

Academic integrity concerns exert a statistically significant negative effect on 
institutional readiness. This result indicates that heightened concern regarding 
plagiarism, authorship ambiguity, and assessment validity directly undermines 
perceptions of institutional preparedness. Importantly, this effect does not suggest 
rejection of ChatGPT as a pedagogical tool, but reflects skepticism toward existing 
governance arrangements rather than toward the technology itself. 

Personal exposure to ChatGPT use shows a positive but statistically weaker effect. 
While prior experimentation appears to increase openness toward institutional 
adoption, its influence remains secondary compared to normative and pedagogical 
evaluations. This finding reinforces the argument that experiential familiarity alone is 
insufficient to drive institutional legitimacy. 
 
2.11. Empirical–Theoretical Integration 
 
The regression results provide strong empirical support for the conceptual framework 
articulated in Section 2. Specifically, they validate the distinction between 
augmentative pedagogical acceptance and institutional adoption readiness. While 
educators recognize the instructional value of ChatGPT, institutional readiness depends 
on the capacity to reconcile this value with established norms of academic 
responsibility and assessment integrity. 

The negative effect of integrity concerns aligns with theoretical discussions of 
governance gaps in AI-supported education. Rather than reflecting resistance to 
innovation, such concerns represent professional caution grounded in responsibility for 
evaluation fairness and educational credibility. This pattern mirrors findings reported in 
international studies that frame generative AI adoption as a governance challenge 
rather than a technological diffusion problem. 

Furthermore, the limited explanatory power of personal exposure underscores the 
inadequacy of informal or individual experimentation as a pathway to legitimate 
adoption. Without institutional frameworks that define permissible pedagogical use, 
responsibility allocation, and assessment boundaries, individual openness does not 
translate into organizational readiness. 
 
2.12. Implications for Pedagogical Governance 
 
Taken together, the empirical findings suggest that institutional readiness for ChatGPT 
use in teaching is best understood as a governance-mediated outcome. Perceived 
pedagogical usefulness creates openness, but normative uncertainty constrains 
institutional confidence. Adoption therefore requires explicit pedagogical policies that 
articulate acceptable instructional uses, delimit assessment contexts, and preserve 
teacher authority. 

From this perspective, ChatGPT functions as a pedagogical resource whose 
integration depends on institutional willingness to assume responsibility for 
algorithmically supported learning processes. Absent such willingness, generative 
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artificial intelligence remains confined to informal or peripheral use, regardless of its 
recognized instructional potential. 
 
3. DISCUSSION 
 
The findings of this study provide empirically grounded support for the theoretical 
proposition that the use of generative artificial intelligence in teaching is governed 
primarily by pedagogical legitimacy and institutional responsibility rather than by 
technological availability or individual teacher openness. Across all empirical 
dimensions, a consistent pattern emerges in which high awareness and positive 
pedagogical evaluations of ChatGPT coexist with restrained institutional readiness for 
regulated adoption. 

At the level of professional perception, the results demonstrate that teachers clearly 
recognize ChatGPT as a pedagogical support tool with substantial potential for 
enhancing formative learning processes, instructional preparation, and differentiated 
teaching. Mean values for perceived pedagogical usefulness are uniformly high across 
instructional functions, indicating that educators do not reject generative AI on 
pedagogical grounds. This finding directly aligns with the theoretical framing presented 
in Section 2, where artificial intelligence is conceptualized as an augmentative 
pedagogical infrastructure rather than a substitutive instructional agent. Teachers’ 
evaluations reflect acceptance of this augmentative role and confirm that resistance to 
ChatGPT does not stem from skepticism regarding its instructional relevance. 

However, this pedagogical acceptance does not translate into institutional 
confidence. The low scores for institutional readiness and regulatory clarity reveal a 
pronounced governance gap. Teachers do not perceive their institutions as capable of 
defining clear rules, providing guidance, or assuming responsibility for the pedagogical 
use of ChatGPT. This discrepancy between pedagogical value recognition and 
institutional preparedness substantiates the argument that adoption of generative AI in 
education is constrained by governance conditions rather than by pedagogical 
unwillingness. 

The correlation and regression analyses further clarify this dynamic. Perceived 
pedagogical usefulness emerges as the strongest positive predictor of institutional 
readiness, confirming that expectations of educational value are a necessary 
precondition for openness toward adoption. Importantly, this relationship does not 
indicate that usefulness alone is sufficient. The statistically significant negative effect 
of academic integrity concerns demonstrates that normative uncertainty actively 
undermines perceptions of institutional preparedness. Teachers who express stronger 
concerns regarding plagiarism, authorship ambiguity, and assessment validity are 
significantly less likely to view their institutions as ready to regulate ChatGPT use, 
regardless of their recognition of its pedagogical potential. 

This finding reinforces the theoretical distinction between technological capability 
and institutional legitimacy. Concerns related to academic integrity are not expressions 
of technophobia, but manifestations of professional responsibility. Teachers operate 
within evaluative systems where they remain accountable for assessment outcomes, 
certification decisions, and educational credibility. In the absence of institutional 
frameworks that clearly allocate responsibility and define permissible uses of 
generative AI, professional caution functions as a rational response rather than as 
resistance to innovation. 
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The limited explanatory power of personal exposure to ChatGPT use further 
supports this interpretation. While prior experimentation shows a positive association 
with institutional readiness, its effect remains comparatively weak and statistically 
marginal. This suggests that individual familiarity or informal use does not constitute a 
viable pathway toward legitimate institutional adoption. Instead, experiential openness 
must be mediated by governance structures that translate individual practice into 
collectively sanctioned pedagogical norms. 

From a broader pedagogical perspective, these results substantiate the theoretical 
claim that generative artificial intelligence challenges existing educational 
arrangements not by introducing new instructional possibilities alone, but by 
destabilizing established assumptions about assessment, authorship, and instructional 
authority. ChatGPT exposes structural dependencies on product-oriented evaluation 
and highlights the fragility of assessment systems that lack procedural safeguards 
against algorithmically supported content generation. In this sense, the presence of 
ChatGPT functions as a diagnostic instrument, revealing governance weaknesses rather 
than creating them. 

The findings also reinforce the distinction between formative and summative 
pedagogical contexts emphasized in the literature. Teachers’ acceptance of ChatGPT is 
highest in low-stakes instructional situations characterized by learning support, 
exploration, and feedback. Resistance intensifies as pedagogical contexts approach 
formal assessment and certification. This gradient reflects alignment with professional 
norms that prioritize fairness, transparency, and accountability in evaluative decisions. 
It further indicates that legitimate integration of generative AI requires differentiated 
governance approaches rather than blanket acceptance or prohibition. 

Taken together, the discussion supports a reframing of ChatGPT in education as a 
pedagogical infrastructure whose educational contribution depends on institutional 
willingness to assume responsibility for algorithmically mediated learning processes. 
Without explicit pedagogical policies, ethical guidelines, and assessment adaptations, 
generative AI remains confined to informal or peripheral use, regardless of its 
recognized instructional value. Conversely, where institutions articulate clear 
governance frameworks, ChatGPT may be incorporated in ways that enhance learning 
while preserving professional judgment and academic standards. 

This interpretation positions institutional governance as the central mediating 
variable between technological potential and pedagogical implementation. It suggests 
that future efforts to integrate generative artificial intelligence in education should 
prioritize regulatory clarity, professional guidance, and assessment redesign over 
technical training alone. In doing so, institutions may transform cautious openness into 
legitimate and sustainable pedagogical practice. 
 
CONCLUSION 
This study examined the pedagogical positioning and institutional conditions 
surrounding the use of ChatGPT in teaching and learning processes, with particular 
focus on teachers’ perceptions, normative concerns, and readiness for regulated 
adoption. By combining a theoretically grounded analytical framework with an 
empirical survey analysis, the study provides insight into how generative artificial 
intelligence is currently interpreted and evaluated within formal educational 
environments. 
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The findings demonstrate a clear and internally consistent pattern. Teachers exhibit 
high levels of awareness and evaluate ChatGPT positively as a pedagogical support 
tool, particularly in relation to formative learning activities, instructional preparation, 
and differentiated teaching. These evaluations indicate that generative artificial 
intelligence is not perceived as pedagogically incompatible with established teaching 
practice. On the contrary, its capacity to support instructional processes is widely 
recognized, reinforcing theoretical perspectives that conceptualize artificial intelligence 
as an augmentative pedagogical infrastructure rather than an autonomous educational 
agent. 

At the same time, the analysis reveals limited institutional readiness for the 
regulated use of ChatGPT in formal education. Low levels of perceived policy clarity, 
professional guidance, and governance capacity suggest that educational institutions are 
not currently positioned to assume responsibility for algorithmically supported teaching 
practices. This discrepancy between pedagogical acceptance and institutional 
preparedness represents the central empirical contribution of the study. 

The regression analysis further clarifies the mechanisms underlying this gap. 
Perceived pedagogical usefulness emerges as the strongest positive predictor of 
institutional readiness, indicating that expectations regarding educational value are a 
necessary condition for openness toward adoption. However, concerns related to 
academic integrity exert a statistically significant negative effect, demonstrating that 
normative uncertainty undermines confidence in institutional governance arrangements. 
Personal exposure to ChatGPT use, while positively associated with readiness, plays a 
secondary role and does not compensate for the absence of regulatory clarity and 
formal guidance. 

These findings support a reframing of generative artificial intelligence in education 
as a matter of institutional responsibility and pedagogical legitimacy rather than 
technological diffusion. Teachers’ cautious openness reflects professional 
accountability for assessment validity, authorship transparency, and educational 
credibility. Resistance, where it occurs, is directed toward governance ambiguity rather 
than toward the technology itself. 

From a pedagogical perspective, the results suggest that legitimate integration of 
ChatGPT requires differentiated approaches to instructional use. Acceptance is highest 
in low-stakes, formative contexts and decreases as instructional practices approach 
summative assessment and certification. This pattern underscores the necessity of 
institutional frameworks that clearly distinguish between pedagogical support functions 
and evaluative authority. 

In theoretical terms, the study contributes to ongoing debates by empirically 
substantiating the claim that generative artificial intelligence challenges educational 
systems primarily at the level of governance and normative alignment. ChatGPT 
exposes structural dependencies on traditional assessment models and highlights the 
need to reconsider pedagogical responsibility within AI-supported learning 
environments. 

The findings carry important implications for educational institutions and 
policymakers. Without explicit policies that define permissible use, allocate 
responsibility, and provide professional guidance, generative artificial intelligence is 
likely to remain confined to informal or peripheral instructional practices despite its 
recognized pedagogical potential. Conversely, institutions that articulate clear 
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governance arrangements may enable the responsible integration of ChatGPT in ways 
that enhance learning while preserving professional judgment and academic standards. 

Future research should extend this inquiry through comparative and longitudinal 
designs in order to examine how different governance models influence the sustainable 
integration of generative artificial intelligence across educational systems and levels of 
instruction. 
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Abstract 
The provision of quality and affordable social protection services represents one of the fundamental 
objectives of contemporary social protection systems. A wide range of approaches exists for delivering social 
protection services to beneficiaries, particularly in the field of psychosocial support for vulnerable groups. 
Evaluation, as a professional and scientific procedure, does not directly improve services; rather, it provides a 
systematic assessment of the effectiveness and outcomes of implemented social protection measures. Its 
primary role is to assess the success of program implementation and to measure the effects of specific social 
protection interventions (Blamey and Mackenzie 2010). 
Within the global scientific and professional community, ensuring access to effective social protection 
services is considered a central goal of social work and social protection practice. Although awareness of the 
importance of evaluation in social care has developed gradually, its application remains insufficiently 
institutionalized in professional practice, despite strong academic advocacy for continuous assessment of 
professional effectiveness (Rubin and Babbie 1989). 
Modern social challenges—such as rising unemployment, rapid social change, and increased availability of 
narcotic substances—have intensified the need for timely and effective responses to drug addiction. The 
complexity of addiction requires the involvement of multidisciplinary teams composed of professionals from 
social work, psychology, psychiatry, medicine, and related fields. Consequently, the establishment of 
effective psychosocial services for drug addicts is a primary prerequisite for reducing addiction-related harm 
at both the individual and community levels. 
 
Key words: evaluation, evaluation programs, social care, psychosocial services, people at risk, drug addiction 
 

JEL classification: I38; H53 
 
INTRODUCTION 
 
Evaluation as a scientific and methodological approach emerged in the second half of 
the twentieth century, initially within the field of education, where it was applied to 
assess curricula effectiveness and justify their implementation. Over time, evaluation 
expanded into various domains of social sciences, including social protection, where it 
now represents a core mechanism for evidence-based decision-making (Babbie 1983). 
Despite the diversity of evaluation models and research approaches, most definitions 
emphasize evaluation as a systematic process of collecting and analyzing data related to 
social programs in order to inform policy decisions and improve service quality 
(Blamey and Mackenzie 2010). In social work, evaluation serves as an essential tool 
for assessing the outcomes of interventions and ensuring accountability toward service 
users and the broader community (Bloom and Fisher 1982). 
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1. RESEARCH METHODOLOGY 
 
In the research for the needs of the doctoral dissertation, an evaluation research was 
conducted, i.e. an assessment of the work of institutions from the public and non- 
governmental sectors that were part of the long-term process of decentralization and 
deinstitutionalization of existing institutions and their services within the Methadone 
Center in Tetovo and the Center for the Promotion of Public Life, also in Tetovo 
(Babbie 1983; Rubin and Babbie 1989). 

The research applied a qualitative-quantitative methodology that allows for precise 
measurement of possible changes in the examined variables for better perception of the 
cause-and-effect relationships between the examined phenomena (Bloom and Fisher 
1982). Several techniques were used in the data collection procedure: survey, interview 
and content analysis (Royce 2010). The data obtained from the research were first 
subjected to logical and content analysis and processing (Riecken and Boruch 
1974).Through content processing, an overview of the answered and unanswered as 
well as half- answered questions was provided, and the logical analysis ensured the 
elimination of contradictory answers to related questions (Rubin and Babbie 1989). 
After closing the semi- closed questions and open-ended questions, a code of questions 
was created that uses columns, questions, alternative answers and codes that will be 
processed with a semantic data processing system and computer processing in the 
ESPS program (Babbie 1983). 

Also, in the research for the needs of the doctoral dissertation, an evaluation study 
was 
conducted, i.e. an assessment of the work of institutions from the public and non- 
governmental sectors that were part of the long-term process of decentralization and 
deinstitutionalization of existing institutions and their services within the Methadone 
Center in Tetovo and the Center for the Promotion of Public Life, also in Tetovo 
(Blamey and Mackenzie 2010). 

The main goal of the quantitative analysis was to obtain relevant data on the 
indicators for assessing the functioning of institutions for the protection and treatment 
of drug addicts (Royce 2010). The analysis determined the structure of users by 
number of users, gender, age, level of education, marital status and employability 
(Rubin and Babbie 1989). 

The results of the research in the qualitative data analysis section relate to the 
satisfaction of end users with the services of the Methadone Centers and the Center for 
the Promotion of Public Life, also from Tetovo (Bloom and Fisher 1982).Customer 
satisfaction with services was examined through four basic indicators (Bloom and 
Fisher 1982): 

• Improving the health status of users of psychosocial services, 
• User satisfaction with the quality of communication between users and 
employees, 
• The degree of satisfaction with the technical conditions and premises and 
hygiene of the facility. 

The research used a questionnaire and conducted interviews with direct users 
regarding the quality of psychosocial services in the Methadone Center and the CPPL 
(Rubin and Babbie 1989). The total number of respondents was 160 as direct users and 
members of the professional teams as well as support staff (Babbie 1983). 
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The research included people aged 18 to 65. The sample is representative, and the 
age and gender distribution correspond to the demographic structure of the population 
by region (Riecken and Boruch 1974). Accordingly, the findings from the survey and 
the interviews conducted can be considered as a reflection of the attitudes of the users 
of psychosocial services covered by this research (Rubin and Babbie 1989). 

The assessment of the quality of services is measured by subsequent monitoring of 
the improvement of the health status of the direct users of the services (Bloom and 
Fisher 1982). In addition, the results obtained also indicated high satisfaction with the 
services of the MC and CPPL (Blamey and Mackenzie 2010). 

The subject of the evaluation research was to answer the following research 
question: “How successful are the psychosocial services offered by the Methadone 
Center and the Center for the Promotion of Public Life in reducing the problem of drug 
addiction?” (Compton and Galaway 1989). 

As several authors point out, it is necessary to answer the following questions when 
it comes to evaluating social programs (Compton and Galaway 1989). 

Institutions that offer psychosocial services and assistance to drug addicts are also 
institutions that work as a team and in a multidisciplinary manner (Halmi and Zganec 
1984). 
Multidisciplinary teams are composed of a social worker, a psychologist, a doctor-
psychiatrist and auxiliary technical medical staff-nurse as well as volunteers who are 
most often the users of the services themselves in the rehabilitation phase (Rubin and 
Babbie 1989). 

The basic problem of the research was elaborated through an analysis and 
assessment of the efficiency of the services in the process of providing psychosocial 
services, i.e., it was analyzed what services public institutions and non-governmental 
organizations offer in the domain of drug addiction treatment (Babbie 1983; Royce 
2010). 
 
2. AIMS OF THE CONDUCTED RESEARCH 
 
The main goal of the research was to obtain information about the success of the 
institutions&#39; operations, i.e., the implementation of psychosocial services within 
the framework of the deinstitutionalization process that has been implemented in our 
country since 2000, i.e., to obtain information about whether deinstitutionalization has 
achieved its primary goal. 

The specific objectives of the research were also set, which included gaining insight 
into the quality of psychosocial services for drug addicts and creating conditions for 
continuous assessment of the quality of services. The evaluation research aimed at drug 
addicts had the task of determining whether the number of services is satisfactory or 
whether it is necessary to expand it with new and improved services and increase 
awareness of the needs of clients who are users of psychosocial services, as well as 
obtaining information to improve the health status of service users, which is actually 
the ultimate goal of the existence of this type of services and interventions. 

In addition to the theoretical aim, the research also has a practical aim, which 
basically means applying the knowledge obtained in the operation of specialized 
addiction treatment centers, as well as enriching the practical aspects for the wider 
scientific public. 



132 
 

The results of the research will serve as an incentive for all relevant entities to make 
maximum contributions to creating positive changes in the field of psychosocial 
services and treatment of drug addicts, but also a single goal, which is to improve the 
well-being of the wider social community (Association of Social Workers, 2027). 

The specific proposals for improving the current treatments or supplementing them 
with new and more effective ways were initiated by the majority of users from 
Gostivar, who pointed to the need to open a Methadone Center in this city in order to 
reduce the travel costs of users, which are currently borne by the users themselves and 
their families. In cooperationwith the local government of the municipality of Gostivar, 
this problem can be solved veryeasily. 

Within the framework of the Center for the Promotion of Public Life, the 
recommendations are aimed at adopting a National Strategy for Combating Addiction 
by the state and regulating all provisions of the work and functioning of these services 
in the future. Failure to adopt such a strategy after 2016 would have many negative 
effects on the health and safety of the users of these services, the local community and 
the society as a whole (&quot;Official Gazette of the Republic of Macedonia&quot; 
No. 79/2009, 36/11 and 51/11). 
 
3. RECOMMENDATIONS FROM THE RESEARCH PROCESS 
 
Recommendations regarding the development of competitiveness in the area of social 
protection of drug addicts require the creation of incentive measures that will result in 
greater participation of the private sector in the provision of services at the local level. 
The incentive measures should primarily refer to a set of tax incentives that will be 
intended for private providers that provide psychosocial services to drug addicts. It is 
also necessary to establish a legal and regulatory mechanism through which the state 
will commit itself every year through publicly announced calls to support non-
governmental organizations and associations in the implementation of projects that will 
aim to provide psychosocial services to drug addicts, as well as projects to ensure a 
better quality of life for them. 

In order to intensify the development of new forms of social protection for drug 
addicts, there is a need to take intensive and specific measures to increase the number 
of entities offering psychosocial services to drug addicts. It is also necessary to create 
incentive measures (General Secretariat of the Government of the Republic of 
Macedonia, 2006) in order to develop non-institutional forms of protection that 
unfortunately do not exist in our country yet, such as: Centers for temporary residence 
of addicts, Alarming centers, independent living with support, Counseling centers for 
psychological assistance for users and their families, and many others. And, last but not 
least, it is important to create special incentive measures for providers of psychosocial 
services for drug addicts in rural areas, where an increase in drug addicts has been 
observed recently. 

In order to create conditions for a better quality and dignified life for drug addicts 
and to provide adequate social protection, based on the results and conclusions of the 
research, in addition to the previously mentioned recommendations, the following 
recommendations arise: organizing campaigns to raise public awareness about the 
problem of addiction and the negative effect that it reflects on the overall functioning of 
the individual and his or her discriminatory images of these people, emphasizing the 
negative effects on health and lifestyle, constantly informing the younger generations 
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about the effects of drugs, greater participation of local authorities in developing 
programs for employment or return to the old job for these people, which is most often 
interrupted for a variety of reasons, and finally, of course, encouraging volunteerism in 
the area of treatment of drug addicts. 

The results of the research can serve as an incentive for all relevant entities to make 
the biggest contribution to the creation of positive changes in the field of psychosocial 
services and treatment of drug addicts, but also to a single goal, which is: improving 
the well- being of the wider social community. Although serious steps have been made 
in the decentralization of social protection, elements of a centralized system in which 
the state playsa key role still dominate. In this system, institutions under the leadership 
of the Centers forSocial Work, which provide the largest number of services in 
accordance with the Ministry of Labor and Social Policy, are unfortunately still little 
encouraged to initiate their own measures and services. 
 
CONCLUSION  
 
Evaluation as a scientific approach has its origins in the second half of the twentieth 
century, first applied in education as a method for assessing the effectiveness of 
curricula. Over time, its application has expanded to the field of social protection, 
where it plays a key role in the systematic collection and analysis of data in order to 
make informed decisions and improve services. 

This research used a combined qualitative-quantitative methodology, which 
allowed for a more precise measurement of possible changes in the variables under 
study and a clearer determination of the cause-and-effect relationships between them. 
Several research techniques were used to collect data, such as surveys, interviews and 
content analysis. Through these methods, the data were subjected to logical and content 
processing in order to eliminate contradictions and draw relevant conclusions. 

The research aimed to assess the work of institutions from the public and non- 
governmental sectors, with a particular focus on the services provided by the 
Methadone Center and the Center for the Promotion of Public Life. The main objective 
was to determine the success of these institutions in the treatment and support of drug 
addicts, as well as to examine their role in the process of decentralization and 
deinstitutionalization. 

The results of the research showed that the users of psychosocial services generally 
express high satisfaction. This was confirmed by several indicators, including the 
improvement of their health status, satisfaction with the quality of communication with 
professional staff, as well as the technical conditions and hygiene in the institutions. 
The sample included 160 respondents, including direct users and members of the 
professional teams, which ensured the representativeness and relevance of the results. 

One of the key findings of the research is that institutions that offer psychosocial 
services work in a multidisciplinary manner, engaging teams composed of social 
workers, psychologists, psychiatrists, medical staff and volunteers, many of whom are 
themselves in the process of rehabilitation. Such an approach is crucial for the 
successful treatment and reintegration of addicts into society. 

The conclusion of this research indicates the necessity of continuous assessment 
and improvement of psychosocial services, in order for them to respond to the needs of 
the beneficiaries. It is recommended to increase the number and quality of these 
services, introduce new forms of support, such as temporary residence centers, 
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counseling centers and social inclusion programs. It is also necessary to strengthen 
cooperation with local authorities and provide financial support from the state to 
guarantee the sustainability of these programs. 

Finally, the research indicates that improving social services not only has a positive 
impact on individual beneficiaries but also contributes to social stability and well-
being. To achieve this, long-term strategic planning, the involvement of multiple 
stakeholders, and continuous monitoring of the effects of the implemented measures 
are required. 
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Abstract 
Automated testing has become an indispensable component of contemporary software development due to 
the growing complexity of web applications and the increasing demand for rapid, reliable, and high-quality 
software delivery (Boehm, 1981; Fewster & Graham, 1999). Manual testing approaches are no longer 
sufficient to support modern development practices such as continuous integration and continuous delivery 
(Wang et al., 2020). This paper presents a comparative analysis of three widely adopted frameworks for 
automated web application testing: Selenium, Cypress, and Playwright. 
The research evaluates these tools through the execution of identical test scenarios under controlled 
conditions, focusing on execution performance, stability, ease of implementation, cross-browser support, and 
maintainability (Noor & Hemmati, 2021). The findings demonstrate that while Selenium remains a mature 
and flexible solution with extensive ecosystem support, Cypress and Playwright provide measurable 
advantages in execution speed, developer productivity, and stability for modern web architectures (Saini, 
2025). The study contributes practical guidance for selecting appropriate automation tools based on project 
characteristics and organizational requirements. 
 
Keywords: automated testing, web applications, Selenium, Cypress, Playwright, software quality, QA 
automation 
 

JEL classification: L86; O33 
 

INTRODUCTION 
 
The quality of software products has become a decisive factor in the success of modern 
information systems. Software quality is a critical determinant of success in modern 
information systems (Boehm, 1981; Fewster & Graham, 1999). Web applications are 
increasingly complex, highly interactive, and expected to operate reliably across 
different devices, browsers, and usage contexts (Jorgensen, 2013). In such an 
environment, testing is no longer a peripheral activity but a central element of the 
software development lifecycle. Insufficient testing practices frequently result in 
production defects, security vulnerabilities, performance degradation, and reduced user 
trust (Kaner, Bach, & Pettichord, 2002). 

Traditional manual testing methods, although still relevant in specific contexts, face 
significant limitations related to scalability, repeatability, and efficiency (Burnstein, 
2003). These limitations are particularly evident in development environments 
characterized by frequent code changes, short release cycles, and continuous 
deployment pipelines. Software testing in modern development thus requires 
systematic, repeatable, and reliable approaches to ensure consistent verification of 
application behavior (Wiegers, 2002). Automated testing frameworks provide scalable, 
repeatable verification processes that manual approaches cannot sustain (Wiegers, 
2002; Wang et al., 2020). These frameworks help reduce human error and enable 
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continuous testing, supporting modern software development practices (Fewster & 
Graham, 1999). 

Among numerous automation frameworks available today, Selenium, Cypress, and 
Playwright have gained particular prominence in the context of web application testing. 
Each of these tools embodies a distinct architectural approach and philosophy toward 
test automation. Selenium represents a long-established, language-agnostic solution 
with broad browser support, whereas Cypress and Playwright reflect more recent 
design paradigms focused on developer experience and native browser integration 
(BrowserStack, 2025; LambdaTest, 2025). 

The objective of this paper is to provide a structured and empirically grounded 
comparison of these three frameworks. By analyzing their performance and practical 
characteristics under identical testing conditions, the study seeks to support informed 
decision-making regarding the selection of automation tools in contemporary software 
projects. 

This study addresses the following research question: how do Selenium, Cypress, 
and Playwright differ in terms of execution performance, stability, and maintainability 
when applied to identical web application testing scenarios? 
 
1. THEORETICAL BACKGROUND 
 
1.1 Role of Software Testing in Modern Development 
 
Selenium has been widely adopted due to its flexibility and extensive ecosystem 
support, which allows interaction with multiple browsers and programming languages 
(Burnstein, 2003; Jorgensen, 2013). Cypress and Playwright offer modern approaches 
optimized for in-browser execution and developer productivity (Noor& Hemmati, 
2021; Saini, 2025). 

Software testing constitutes a systematic process aimed at verifying whether a 
system fulfills specified functional and non-functional requirements (Beizer, 1995). 
Beyond defect detection, testing contributes to risk mitigation, reliability assurance, 
and long-term maintainability of software systems (Wiegers, 2002). In modern 
development environments shaped by agile and DevOps practices, testing is 
increasingly embedded throughout the development lifecycle rather than confined to a 
single phase (Wang et al., 2020). Software quality is recognized as a critical 
determinant of success, particularly in complex, interactive web applications where 
reliability across devices and browsers is essential (Boehm, 1981; Fewster & Graham, 
1999). 

Continuous integration practices require frequent execution of tests in order to 
validate incremental changes and prevent regression. Within this context, automated 
testing frameworks provide the technical foundation for scalable and repeatable 
verification processes that manual approaches cannot sustain (Boehm, 1981; Wiegers, 
2002). 

 
1.2 Automated Testing in Web Applications 
 
Automated testing refers to the execution of predefined test cases using software tools 
capable of interacting with applications and validating expected outcomes without 
manual intervention (Fewster & Graham, 1999). In web applications, automation 
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primarily targets user interface behavior, browser compatibility, and end-to-end 
workflows. The effectiveness of automated testing depends on factors such as tool 
architecture, stability under change, ease of maintenance, and integration with 
development pipelines (Noor & Hemmati, 2021; Wang et al., 2020). 
 
2. OVERVIEW OF AUTOMATED TESTING FRAMEWORKS 
 
2.1 Selenium 
 
Selenium is an open-source framework designed to automate web browsers through 
standardized interfaces. Its architecture enables interaction with multiple browsers and 
supports a wide range of programming languages, including Java, Python, C#, and 
JavaScript (Burnstein, 2003). Selenium’s flexibility and extensive ecosystem have 
contributed to its long-standing adoption in industry-scale projects. However, its 
reliance on external browser drivers and asynchronous synchronization mechanisms 
often introduces additional complexity in test development and maintenance 
(TestQuality, 2025). Automated testing frameworks such as Selenium are critical in 
supporting scalable and repeatable verification processes that manual testing alone 
cannot achieve (Fewster & Graham, 1999). 
 
2.2 Cypress 
 
Cypress is a modern testing framework built specifically for web applications using 
JavaScript-based technologies. Unlike Selenium, Cypress executes tests directly within 
the browser environment, allowing direct access to application internals (Saini, 2025). 
This architectural choice results in improved execution speed and enhanced debugging 
capabilities. Nevertheless, Cypress exhibits limitations related to cross-browser support 
and multi-tab testing scenarios (LambdaTest, 2025). Similar to Selenium, Cypress 
contributes to reliable and repeatable testing processes, which are essential for 
maintaining software quality in rapidly changing development environments (Boehm, 
1981; Fewster & Graham, 1999). 
 
2.3 Playwright 
 
Playwright is a relatively recent framework developed to address limitations observed 
in earlier tools. It supports multiple programming languages and provides native 
automation capabilities for Chromium, Firefox, and WebKit (BrowserStack, 2025). 
Playwright emphasizes stability, parallel execution, and advanced browser control, 
including network interception and mobile emulation. Its design aims to balance 
flexibility and performance while simplifying test orchestration across diverse 
environments (Saini, 2025). The adoption of Playwright aligns with established 
principles of automated testing, enabling consistent verification and risk mitigation in 
modern web applications (Fewster & Graham, 1999; Boehm, 1981). 
 
3. METHODOLOGY AND EXPERIMENTAL DESIGN 
 
The study adopts a comparative experimental research design aimed at evaluating the 
performance and reliability of Selenium, Cypress, and Playwright under controlled and 
replicable conditions. The methodological focus is placed on ensuring that all observed 
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differences in results can be attributed to the intrinsic characteristics of the testing 
frameworks rather than to external environmental factors. To achieve this, identical 
end-to-end test scenarios were implemented and executed across all three tools. 
Automated testing frameworks provide the technical foundation for scalable and 
repeatable verification processes that manual approaches alone cannot sustain, 
supporting reliability and consistency in software quality assessment (Fewster & 
Graham, 1999; Boehm, 1981). 
 
Table 1. Evaluation metrics and operational definitions 
Metric Operational definition Measurement approach 
Test execution 
time 

Average time required to complete a 
predefined end-to-end test scenario 
from initiation to final assertion 

Measured in seconds across 
multiple repeated executions and 
reported as mean value 

Test stability rate Proportion of successful test 
executions without non-deterministic 
or flaky failures 

Calculated as percentage of 
stable runs over total executions 

Failure rate Frequency of test failures caused by 
synchronization issues, timing 
problems, or framework instability 

Recorded as percentage of failed 
executions per framework 

Ease of 
implementation 

Degree of effort required to develop 
initial automated test scripts and 
configure the framework 

Qualitative assessment based on 
setup complexity, learning curve, 
and code verbosity 

Maintenance effort Effort required to update existing test 
scripts following controlled user 
interface changes 

Measured through time and 
complexity needed to restore 
passing test status 

Debugging support Availability and clarity of tools for 
identifying and diagnosing test failures 

Evaluated through logging, error 
messages, screenshots, and 
trace artifacts 

Cross-browser 
support 

Ability of the framework to execute 
tests consistently across different 
browser engines 

Assessed based on supported 
browsers and configuration 
requirements 

CI/CD compatibility Level of integration support within 
continuous integration and delivery 
pipelines 

Evaluated through ease of 
automation, reporting, and 
execution reliability 

Scalability Capacity to handle increased test 
volume and parallel execution 

Assessed through parallel 
execution support and resource 
utilization behavior 

 
The selected test scenarios reflect representative workflows of contemporary web 

applications, including user authentication, navigation between core interface 
components, and basic transactional interactions involving form submission and 
confirmation messages. These scenarios were intentionally designed to incorporate 
asynchronous operations, dynamic content loading, and client–server communication 
patterns, which are known to pose challenges for automated testing frameworks. By 
using the same scenarios across all tools, the experimental design enables a direct 
comparison of execution behavior and stability. 

All experiments were conducted within a uniform technical environment. The same 
hardware configuration, operating system, browser versions, and application build were 
used for each framework. Network conditions were kept stable, and background system 
activity was minimized in order to reduce noise in performance measurements. Such 
environmental standardization is essential in comparative automation research, as 
execution time and stability are highly sensitive to infrastructural variability (Noor and 
Hemmati 2021). 
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The primary quantitative evaluation metrics include average test execution time and 
test stability rate. Execution time was measured across multiple repeated runs for each 
framework, and the resulting averages form the basis of the comparative performance 
analysis presented in Figure 1. Test stability was assessed by calculating the proportion 
of successful executions without non-deterministic failures during repeated test runs. 
The comparative stability results are visualized in Figure 2, allowing a clear 
examination of framework reliability under identical testing conditions. 

In addition to these quantitative indicators, the methodology incorporates 
qualitative assessment criteria that capture practical aspects of framework adoption. 
These include ease of implementation, readability and structure of test code, debugging 
support, and maintenance effort following user interface changes. Maintenance effort 
was evaluated by introducing controlled modifications to the application’s front-end 
elements and observing the complexity and time required to adapt existing test scripts. 
This dimension is particularly relevant, as prior studies emphasize that long-term 
effectiveness of test automation depends heavily on maintainability and resistance to 
interface volatility (Wang et al. 2020). 

Finally, each framework was integrated into a simulated continuous integration 
pipeline to assess compatibility with automated execution, reporting mechanisms, and 
failure diagnostics. This step ensures that the evaluation reflects real-world 
development practices in which automated tests are executed repeatedly as part of 
continuous integration and delivery workflows. 

By combining controlled quantitative measurement with qualitative observation, the 
methodological design provides a balanced and rigorous basis for comparison. The 
explicit linkage between the experimental setup and the results presented in Figures 1 
and 2 strengthens the internal coherence of the study and supports transparent 
interpretation of the observed differences among Selenium, Cypress, and Playwright. 
 
4. RESULTS AND ANALYSIS 
 
The experimental results reveal measurable differences among the analyzed 
frameworks. Playwright demonstrated the fastest average execution time and the lowest 
incidence of unstable test behavior. Cypress exhibited strong performance in terms of 
developer experience and debugging efficiency, particularly for single-browser 
scenarios. Selenium, while marginally slower and more susceptible to synchronization-
related instability, maintained strong cross-browser support and adaptability to 
complex testing environments (BrowserStack 2025; TestQuality 2025). 
Figure 1 presents a comparative overview of the average execution time recorded for 
identical test scenarios executed using Selenium, Cypress, and Playwright. 
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Figure 1: Comparative execution time of Selenium, Cypress, and Playwright 
Source: Author’s processing based on experimental results 

 
Figure 2. Comparative Test Stability Rates of Selenium, Cypress, and Playwright 
 

The bar chart presented in Figure 2 illustrates the comparative stability of 
automated tests across the three examined frameworks. Playwright demonstrates the 
highest stability rate, indicating consistent execution and reduced susceptibility to 
flakiness during repeated test runs. Cypress follows closely, benefiting from its built-in 
synchronization mechanisms and direct browser integration. Selenium records a 
comparatively lower stability rate, reflecting greater sensitivity to timing issues and 
external driver dependencies. These differences confirm that architectural design plays 
a decisive role in test reliability, particularly in environments characterized by frequent 
code changes and continuous integration workflows. 

The comparative visualization presented in Figure 1 highlights clear differences in 
execution performance among Selenium, Cypress, and Playwright when identical end-
to-end test scenarios are executed under comparable conditions. Playwright 
demonstrates the shortest average execution time, indicating a more efficient 
interaction with browser engines and reduced overhead during test orchestration. 
Cypress follows closely, benefiting from its in-browser execution model and built-in 
synchronization mechanisms, which contribute to faster test completion compared to 
traditional driver-based solutions. Selenium exhibits the longest execution time among 
the three frameworks, a result that can be attributed to its reliance on external browser 
drivers and additional communication layers. Although these performance differences 
may appear moderate in isolated test runs, their cumulative effect becomes substantial 
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in continuous integration environments where tests are executed frequently. The 
findings suggest that execution architecture plays a decisive role in automated testing 
efficiency and should be carefully considered when selecting a framework for 
performance-sensitive projects. 
 
5. DISCUSSION 
 
The findings confirm that no single framework universally outperforms others across 
all dimensions. Selenium remains well-suited for large-scale, heterogeneous 
environments requiring extensive browser coverage. Cypress aligns with projects 
emphasizing rapid development feedback and JavaScript-centric workflows. 
Playwright emerges as a balanced solution offering performance, stability, and modern 
feature support, particularly for contemporary web architectures (Saini, 2025; Noor & 
Hemmati, 2021). 

The results support the research hypothesis that higher maturity in automated 
testing practices correlates with improved software quality, provided that tool selection 
aligns with project-specific constraints and team competencies (Wang et al., 2020; 
Burnstein, 2003). 
 
CONCLUSION 
 
This paper presented a focused comparative analysis of Selenium, Cypress, and 
Playwright within the context of automated web application testing. The study 
demonstrated that automated testing significantly enhances testing efficiency, 
consistency, and defect prevention when effectively integrated into development 
workflows (Fewster & Graham, 1999; Boehm, 1981; Beizer, 1995). Differences among 
frameworks highlight the importance of contextual decision-making rather than 
universal tool preference. 

Future research may extend this analysis through longitudinal studies, larger 
empirical datasets, and exploration of automation frameworks in emerging application 
domains. From a practical perspective, the findings provide actionable insights for 
organizations seeking to optimize testing strategies and improve overall software 
quality. 

The study is limited by the scope of selected test scenarios and controlled 
experimental conditions, which may not fully capture all real-world project 
complexities (Noor & Hemmati, 2021). 
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Abstract 
The increasing availability of consumer data has enabled firms to implement highly personalized digital 
marketing communication across online platforms. This paper examines how perceived personalization 
influences consumer trust and purchase intention in online environments. Drawing on established theories of 
consumer behavior and digital advertising, the study combines a conceptual framework with an empirical 
investigation based on survey data collected from online consumers. The analysis employs correlation and 
regression techniques to assess the relationships between perceived personalization, trust, and purchase 
intention. The findings indicate that perceived personalization has a positive and statistically significant 
effect on purchase intention, both directly and indirectly through consumer trust. At the same time, the results 
reveal that excessive personalization may generate discomfort related to data usage. The paper contributes 
empirical evidence to the ongoing academic debate on personalization by demonstrating that its effectiveness 
depends on consumer perceptions rather than on technological sophistication alone. 
 
Keywords: digital marketing, personalization, consumer behavior, online communication, purchase intention 
 

JEL classification: M31; D12 
 
INTRODUCTION 
 
Digital marketing has evolved rapidly with the expansion of data analytics, algorithmic 
targeting, and platform-based communication. Firms increasingly rely on personalized 
digital messages to attract, engage, and retain consumers in highly competitive online 
environments. Personalization enables marketers to tailor content based on individual 
preferences, browsing histories, and demographic characteristics, thereby transforming 
traditional mass communication into individualized interaction. Despite its widespread 
adoption, personalization remains a contested practice. While proponents argue that 
personalization enhances relevance and reduces information overload, critics 
emphasize concerns related to privacy, perceived intrusiveness, and consumer 
resistance. 

The central research problem addressed in this paper concerns the extent to which 
personalized digital marketing communication influences consumer purchase intention 
and the role of trust in mediating this relationship. By empirically examining these 
relationships, the study aims to clarify the conditions under which personalization 
contributes to favorable consumer outcomes. 
 
1. THEORETICAL BACKGROUND  
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Personalized digital marketing communication can be defined as the strategic 
adaptation of marketing messages to individual consumers based on data-driven 
insights. From the perspective of information processing theory, personalized messages 
are expected to facilitate cognitive efficiency by reducing irrelevant information and 
increasing perceived message relevance. Empirical research indexed in Web of Science 
provides robust support for this assumption. 

Lambrecht and Tucker (2013) demonstrate that personalization enhances 
advertising effectiveness when it aligns with the consumer’s decision stage, while 
mismatched personalization may provoke negative reactions. Bleier and Eisenbeiss 
(2015) further refine this argument by showing that perceived relevance and perceived 
intrusiveness jointly determine consumer responses to personalized online advertising. 
Their findings indicate that personalization is beneficial only when consumers perceive 
it as helpful rather than invasive. 

Trust represents a crucial construct in online consumer behavior, particularly in 
environments characterized by uncertainty and information asymmetry. Prior research 
suggests that transparent and relevant personalized communication can strengthen trust 
by signaling firm competence and customer orientation. Conversely, opaque data 
practices may undermine trust and weaken purchase intention. Based on this literature, 
the present study conceptualizes trust as a mediating mechanism between perceived 
personalization and purchase intention. 
 
2.CONCEPTUAL RESEARCH MODEL 
 
The conceptual research model guiding this study is grounded in established theoretical 
and empirical work on personalized digital marketing communication and online 
consumer behavior. The model proposes that perceived personalization influences 
consumer purchase intention both directly and indirectly through consumer trust. This 
assumption is consistent with prior research suggesting that personalization enhances 
the perceived relevance of marketing messages and facilitates more favorable consumer 
evaluations when it aligns with individual expectations and contextual factors (Bleier 
and Eisenbeiss 2015). 

From a direct effects perspective, perceived personalization is expected to increase 
purchase intention by reducing information overload and improving decision efficiency 
in online environments. When marketing messages are perceived as tailored to 
individual preferences, consumers are more likely to process them positively and 
translate such evaluations into behavioral intentions. Empirical evidence supports this 
mechanism, indicating that relevance-driven personalization strengthens consumer 
responsiveness, whereas indiscriminate or excessive personalization may undermine its 
effectiveness (Lambrecht and Tucker 2013). 

In addition to its direct influence, the model emphasizes consumer trust as a central 
mediating construct. Trust is particularly salient in digital contexts characterized by 
uncertainty, limited physical cues, and asymmetric information. Personalized 
communication may foster trust by signaling firm competence and customer 
orientation, thereby increasing consumers’ willingness to engage in online transactions 
(Bleier and Eisenbeiss 2015). Conversely, when personalization is perceived as 
intrusive or opaque, it may erode trust and weaken purchase intention, underscoring the 
conditional nature of personalization effects. 

Based on this theoretical rationale, the following hypotheses are derived: 



 

 H1: Perceived personalization has a positive effect on co
purchase intention.

 H2: Perceived personalization has a positive effect on consumer trust.
 H3: Consumer trust has a positive effect on consumer purchase 

intention. 
 H4: Consumer trust mediates the relationship between perceived 

personalization and co
The proposed relationships are visually summarized in Figure 1, which illustrates 

the direct and indirect pathways through which perceived personalization affects 
purchase intention via consumer trust.

Source: Author’s own elaboration based on Bleier and Eisenbeiss (2015) and Lambrecht and Tucker (2013).

The model reflects established theoretical relationships while allowing for 
systematic empirical testing within a contemporary digital envir
incorporating consumer trust as a mediating variable, the framework enables a more 
nuanced examination of personalization effectiveness, extending beyond direct 
outcome measures and capturing the relational mechanisms underlying consumer 
responses to personalized digital marketing communication.
 
3. RESEARCH METHODOL
 
The empirical component of the study employs a quantitative research design based on 
a structured online questionnaire. The target population consists of consumers who 
regularly engage in online shopping and are exposed to personalized digital marketing 
messages. Data were collected over a four

The questionnaire comprises four sections: demographic characteristics, exposure 
to personalized digital communication, perceived personalization and trust, and 
purchase intention. Measurement items were adapted from validated scales used in 
prior empirical studies to ensure reliability and construct validity. Responses were 
recorded using a five-point Likert scale ranging from strong disagreement to strong 
agreement. Statistical analysis was conducted using descriptive statistics, correlation 
analysis, and multiple regression analysis.
 
 
 
 
 
 
 

H1: Perceived personalization has a positive effect on consumer 
purchase intention. 

H2: Perceived personalization has a positive effect on consumer trust.
H3: Consumer trust has a positive effect on consumer purchase 

H4: Consumer trust mediates the relationship between perceived 
personalization and consumer purchase intention. 

The proposed relationships are visually summarized in Figure 1, which illustrates 
the direct and indirect pathways through which perceived personalization affects 
purchase intention via consumer trust. 

 
Figure 1. Conceptual research model 

Source: Author’s own elaboration based on Bleier and Eisenbeiss (2015) and Lambrecht and Tucker (2013).

 
The model reflects established theoretical relationships while allowing for 

systematic empirical testing within a contemporary digital environment. By 
incorporating consumer trust as a mediating variable, the framework enables a more 
nuanced examination of personalization effectiveness, extending beyond direct 
outcome measures and capturing the relational mechanisms underlying consumer 

es to personalized digital marketing communication. 

3. RESEARCH METHODOLOGY 

The empirical component of the study employs a quantitative research design based on 
a structured online questionnaire. The target population consists of consumers who 

engage in online shopping and are exposed to personalized digital marketing 
messages. Data were collected over a four-week period, yielding 214 valid responses.

The questionnaire comprises four sections: demographic characteristics, exposure 
personalized digital communication, perceived personalization and trust, and 

purchase intention. Measurement items were adapted from validated scales used in 
prior empirical studies to ensure reliability and construct validity. Responses were 

point Likert scale ranging from strong disagreement to strong 
agreement. Statistical analysis was conducted using descriptive statistics, correlation 
analysis, and multiple regression analysis. 
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4. EMPIRICAL RESULTS 
 
4.1 Demographic Structure of the Sample 
 
The demographic characteristics of the respondents are presented in Table 1. 
 
Table 1. Demographic Characteristics of Respondents Author’s own survey data. 
Variable Category Frequency (N) Percentage (%) 
Gender Male 98 45.8 
 Female 116 54.2 
Age group 18–25 62 29.0 
 26–35 89 41.6 
 36–45 43 20.1 
 46 and above 20 9.3 
Online shopping frequency At least once per week 134 62.6 
 At least once per month 80 37.4 
Total respondents  214 100.0 

 
The sample consists of respondents from diverse age groups with frequent 

engagement in online shopping activities, providing an adequate empirical basis for 
examining the effects of personalized digital marketing communication. 
 
4.2 Measurement Reliability 
 
Internal consistency of the measurement scales was assessed using Cronbach’s alpha 
coefficients, as presented in Table 2. 
 
Table 2. Measurement Scales and Reliability 

Construct Number of 
items 

Sample item description Cronbach’s α 

Perceived 
Personalization 

4 Marketing messages are tailored to 
my interests 

0.82 

Consumer Trust 5 I trust online brands that use 
personalized communication 

0.86 

Purchase Intention 3 I am likely to purchase products 
promoted to me online 

0.79 

Source: Author’s own calculations; measurement items adapted from Bleier and Eisenbeiss (2015). 
 

All constructs exceed the commonly accepted reliability threshold, indicating 
satisfactory internal consistency. 
 
4.3 CORRELATION ANALYSIS 
 
Correlation analysis reveals statistically significant positive relationships between 
perceived personalization, consumer trust, and purchase intention. 
 
Table 3. Correlation Matrix 

Variable 1 2 3 
1. Perceived Personalization 1   
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2. Consumer Trust 0.61** 1  
3. Purchase Intention 0.58** 0.67** 1 
Source: Author’s own calculations. 
Note: **p < 0.01.  
 

The correlation coefficients indicate statistically significant positive relationships 
between perceived personalization, consumer trust, and purchase intention. The 
strongest association is observed between consumer trust and purchase intention, 
supporting the mediating role of trust proposed in the conceptual research model. These 
results provide preliminary support for the proposed conceptual model. 

 
4.4 REGRESSION ANALYSIS 
 
Multiple regression analysis was conducted to test the direct and indirect effects of 
perceived personalization on purchase intention. The results indicate that perceived 
personalization significantly predicts purchase intention, while consumer trust partially 
mediates this relationship. 

 
Figure 2. Regression coefficients for purchase intention 

 
Bars represent standardized beta coefficients obtained from multiple regression 

analysis. The findings suggest that personalization enhances purchase intention 
primarily by strengthening consumer trust, while excessive personalization may reduce 
effectiveness due to privacy-related concerns. 
 
5. DISCUSSION 
 
The empirical findings of this study provide robust support for prior research 
emphasizing that the effectiveness of personalized digital marketing communication is 
inherently conditional and perception dependent. The results confirm that 
personalization does not operate as a uniformly positive mechanism but instead 
produces favorable outcomes only when consumers perceive it as relevant, appropriate, 
and aligned with their expectations. In line with Bleier and Eisenbeiss (2015), the 
analysis demonstrates that perceived relevance functions as a primary driver of positive 
consumer responses, reinforcing trust and increasing purchase intention. At the same 
time, the results indicate that when personalization is interpreted as intrusive or 
excessive, its effectiveness diminishes, primarily through a negative impact on trust. 
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The observed relationships further corroborate the argument advanced by Lambrecht 
and Tucker (2013), who emphasize that personalization effectiveness depends more on 
contextual alignment than on the degree or intensity of personalization itself. The 
empirical evidence suggests that personalization strategies that fail to account for 
consumers’ situational context, decision stage, or expectations may generate resistance 
rather than engagement. This finding is particularly relevant in contemporary digital 
environments characterized by extensive data collection and algorithmic targeting, 
where consumers are increasingly aware of how their personal information is used. 
By empirically validating these theoretical insights within a current online consumption 
setting, the study contributes to the literature by strengthening the explanatory role of 
consumer trust as a mediating mechanism. Trust emerges as a pivotal construct linking 
perceived personalization to purchase intention, highlighting that personalization 
influences behavior indirectly by shaping consumers’ evaluations of brand credibility 
and intentions. This finding aligns with broader research on online consumer behavior, 
which consistently identifies trust as a fundamental prerequisite for transactional 
engagement in digital contexts. 

The results also carry important implications for the strategic design of personalized 
digital marketing communication. Rather than prioritizing technological sophistication 
or data intensity, firms should focus on managing consumer perceptions through 
transparency, relevance, and moderation. Personalization strategies that emphasize 
consumer benefit and informational value are more likely to foster trust and long-term 
engagement, whereas opaque or overly granular targeting practices may provoke 
discomfort and skepticism. Consequently, effective personalization requires not only 
advanced analytics but also a nuanced understanding of consumer psychology and 
perception formation. 

Overall, the findings underscore the necessity of adopting a consumer-centric 
perspective in personalization research and practice. Personalization should be 
conceptualized as a relational mechanism rather than a purely technical instrument, 
with its success contingent upon how consumers interpret and evaluate personalized 
interactions. By situating personalization within a trust-based framework, this study 
advances a more refined understanding of its role in shaping online purchase behavior 
and provides a foundation for future research examining boundary conditions, ethical 
considerations, and longitudinal effects of personalized digital marketing. 
 
CONCLUSION 
 
This paper demonstrates that personalized digital marketing communication exerts a 
significant influence on consumer purchase intention through its effect on perceived 
relevance and trust. While personalization offers considerable opportunities for 
enhancing marketing effectiveness, its success depends on transparent and consumer-
oriented implementation. Future research may employ experimental or longitudinal 
designs to further explore causal mechanisms and evolving consumer attitudes toward 
personalization. 
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Abstract 

 
By focusing on governance-level dynamics within a concrete municipal context, this paper contributes to the 
literature on education decentralization and digital governance in three interrelated ways. It conceptualizes 
digitalization and artificial intelligence as governance instruments that condition the effectiveness of 
decentralized primary education, rather than as purely technical or pedagogical tools. The analysis 
empirically demonstrates how digital governance capacity at the municipal level influences administrative 
efficiency and perceived educational quality, while highlighting the mediating role of artificial intelligence in 
local education management. By grounding the empirical investigation in the Municipality of Gjorce Petrov, 
the study offers context-sensitive evidence from a transitional governance setting and extends existing 
research that has largely emphasized national-level reforms or classroom-oriented digital technologies. 
 
Keywords: decentralization, primary education, digital governance, artificial intelligence, local self-
government 
 

JEL classification: I28; H75 
 
 
INTRODUCTION 
 
The decentralization of primary education represents one of the most consequential 
governance reforms in contemporary public administration. By transferring authority 
over school management, resource allocation, and quality assurance from central 
institutions to local self-government units, decentralization seeks to increase 
administrative efficiency, contextual responsiveness, and accountability in education 
systems. In North Macedonia, this reform has fundamentally altered the institutional 
architecture of primary education by positioning municipalities as central actors 
responsible for the operational functioning of public schools, including infrastructure 
maintenance, staffing conditions, and coordination with national education authorities. 
The implications of decentralization become particularly visible at the municipal level, 
where local governments are required to translate formal competencies into everyday 
administrative practice. The Municipality of Gjorce Petrov, an urban local self-
government unit within the City of Skopje, provides an illustrative example of these 
dynamics. The municipality oversees a network of six public primary schools and 
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branch units that collectively serve diverse residential areas, combining densely 
populated urban neighborhoods with peripheral zones. This governance setting requires 
the local administration to coordinate school management, monitor educational 
processes, and ensure compliance with national standards while responding to localized 
needs and constraints. Such conditions highlight the central importance of local 
governance capacity for the effective implementation of decentralized education 
policies. 

Simultaneously, digitalization has transformed administrative practices across the 
public sector. In education, digital platforms, electronic registers, and centralized data 
management systems have redefined how schools document activities, monitor 
performance, and communicate with parents and local authorities. In municipalities 
such as Gjorce Petrov, the widespread use of electronic school records and digital 
reporting systems has become a structural necessity rather than a discretionary 
innovation, given the volume of administrative data generated across multiple schools. 
Digitalization thus operates as an infrastructural layer that enables local self-
government units to exercise their decentralized responsibilities in a systematic and 
coordinated manner. 

More recently, artificial intelligence has entered this landscape as an advanced form 
of digital governance, offering tools for automated analysis, predictive monitoring, and 
decision support. For local education authorities managing several primary schools 
with limited administrative resources, artificial intelligence-based systems hold 
potential for enhancing oversight by identifying patterns in attendance, performance, or 
resource use that may not be immediately visible through conventional reporting. In 
decentralized governance environments, such tools can support early detection of 
systemic challenges and inform strategic decision-making at the municipal level. 

Despite extensive policy discourse on decentralization and digital transformation, 
empirical research examining how digitalization and artificial intelligence interact with 
decentralization in primary education remains limited. Existing studies often focus on 
classroom-level technologies or analyze decentralization primarily as a legal or 
institutional reform, without sufficiently addressing its operational governance 
dimension at the local level. This paper addresses this gap by analyzing digitalization 
and artificial intelligence as governance instruments within decentralized primary 
education, explicitly grounding the analysis in the context of local self-government in 
North Macedonia and drawing illustrative insights from the municipal education 
network of Gjorce Petrov. 

The central research problem concerns whether digitalization and artificial 
intelligence enhance the capacity of local authorities to manage primary education 
effectively and how these technologies influence perceptions of administrative 
efficiency and educational quality. By adopting a governance-oriented analytical lens 
and situating the discussion within a concrete municipal context, the study moves 
beyond pedagogical effects and examines artificial intelligence as a structural factor in 
decentralized education management. 
 
1. THEORETICAL BACKGROUND 
 
Decentralization theory conceptualizes the transfer of authority from central to 
subnational levels of government as a governance strategy aimed at improving policy 
effectiveness through institutional proximity, enhanced accountability, and contextual 
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adaptation of public services. Classical and contemporary public administration 
scholarship emphasizes that decentralization is premised on the assumption that local 
authorities possess superior information about local conditions and needs, enabling 
more responsive and efficient decision-making (Rondinelli, Nellis, and Cheema 1983; 
Faguet 2014). Within the education sector, decentralization is commonly associated 
with increased school autonomy, localized governance structures, and greater 
involvement of stakeholders such as parents, teachers, and local communities in 
decision-making processes (Galiani, Gertler, and Schargrodsky 2008; Hanushek, Link, 
and Woessmann 2013). These reforms are often justified by the expectation that 
bringing decision-making closer to schools will improve educational quality and 
accountability. 

Nevertheless, a substantial body of comparative public administration and 
education policy research demonstrates that decentralization does not automatically 
lead to improved governance or service outcomes. Empirical evidence suggests that 
decentralization can produce uneven results, particularly when local self-government 
units lack sufficient administrative capacity, financial autonomy, or professional 
expertise (Treisman 2007; Smoke 2015). In the education sector, weak local 
governance capacity may result in fragmented policy implementation, coordination 
failures, and increased disparities between schools and municipalities (Busemeyer 
2015; Faguet and Sánchez 2014). Consequently, contemporary decentralization theory 
increasingly emphasizes that the effectiveness of decentralized governance depends 
less on the formal transfer of authority and more on the institutional and administrative 
capacities available at the local level. This insight is especially relevant for primary 
education systems, where municipalities are tasked with complex managerial and 
oversight responsibilities that require sustained organizational competence. 

Digital governance theory offers a complementary framework for understanding 
how decentralized governance systems can address coordination challenges and 
capacity constraints. Digital governance focuses on the role of digital technologies in 
restructuring administrative processes, enabling data-driven decision-making, and 
enhancing transparency and accountability in the public sector (Dunleavy et al. 2006; 
Mergel, Edelmann, and Haug 2019). Rather than viewing digitalization as a purely 
technical modernization effort, this literature conceptualizes digital tools as 
institutional mechanisms that reshape how authority is exercised and how information 
circulates within governance systems. In decentralized contexts, digitalization acquires 
particular importance because it can mitigate information asymmetries between 
governance levels and facilitate coordination across fragmented administrative 
structures. 

Scholars argue that digital platforms function as integrative infrastructures that 
stabilize decentralized authority by standardizing reporting formats, enabling real-time 
data exchange, and supporting vertical and horizontal accountability (Janssen and van 
der Voort 2016; Cordella and Paletti 2019). In education governance, electronic 
management systems, digital school registers, and centralized databases allow local 
self-government units to monitor school performance, manage resources, and comply 
with national regulatory requirements without re-centralizing decision-making 
authority. Digital governance thus operates as an enabling condition for 
decentralization by reinforcing administrative coherence while preserving local 
discretion. 
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Artificial intelligence represents an advanced stage of digital governance 
characterized by the use of algorithmic systems capable of pattern recognition, 
predictive analytics, and automated decision support. In public administration, artificial 
intelligence applications are increasingly employed to support policy analysis, 
performance monitoring, risk assessment, and resource allocation (Wirtz, Weyerer, and 
Geyer 2019; Sun and Medaglia 2019). These systems are particularly relevant in 
decentralized governance environments, where local authorities must process large 
volumes of heterogeneous data with limited administrative resources. By automating 
analytical tasks and identifying latent patterns, artificial intelligence can enhance the 
strategic capacity of local administrations. 

When embedded in education management, artificial intelligence systems can 
process extensive administrative and performance data generated by schools, support 
early identification of systemic risks such as declining achievement or uneven resource 
distribution, and provide decision support to municipal education authorities. However, 
research indexed in Web of Science consistently emphasizes that the governance value 
of artificial intelligence depends primarily on institutional design, legal frameworks, 
and administrative readiness rather than technological sophistication alone. Zouridis, 
van Eck, and Bovens (2020) argue that algorithmic governance fundamentally reshapes 
accountability relations in the public sector by redistributing decision-making authority 
between human officials and automated systems, a transformation that is particularly 
sensitive at subnational levels of government. Similarly, Wihlborg, Tehler, and Palm 
(2022) demonstrate that artificial intelligence strengthens local governance capacity 
only when embedded within clearly defined administrative mandates and supported by 
professional competence and organizational learning. 

Further studies highlight that insufficient institutional capacity may lead artificial 
intelligence systems to function as symbolic or superficial innovations rather than 
substantive governance tools (Bullock 2019; Jarrahi 2018). In such cases, algorithmic 
systems risk amplifying existing administrative weaknesses or generating new forms of 
opacity and dependency. As a result, contemporary digital governance scholarship 
increasingly stresses the importance of human–algorithm interaction, transparency, and 
accountability mechanisms in the deployment of artificial intelligence in the public 
sector (Busuioc 2021). 

In decentralized education systems, these insights suggest that artificial intelligence 
should not be conceptualized as a direct determinant of educational outcomes such as 
student achievement or instructional quality. Instead, artificial intelligence operates 
primarily as a governance mediator that conditions how effectively local self-
government units manage educational processes. Its impact depends on how digital 
tools are integrated into planning, monitoring, and evaluation processes, as well as on 
the extent to which algorithmic outputs complement professional judgment rather than 
substitute it. When aligned with robust digital governance capacity and clear 
accountability structures, artificial intelligence can enhance administrative efficiency 
and strategic oversight in decentralized primary education. Conversely, when 
introduced without adequate institutional readiness, artificial intelligence may 
exacerbate coordination problems and undermine the intended benefits of 
decentralization. 
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2. CONCEPTUAL RESEARCH MODEL 
 
The conceptual model guiding this study is grounded in decentralization and digital 
governance theory and posits that the effectiveness of local governance autonomy in 
primary education is conditioned by digitalization and artificial intelligence as enabling 
instruments. Digitalization is operationalized through the availability and use of 
electronic education management systems, digital reporting tools, and data integration 
mechanisms within municipal education administration. Artificial intelligence is 
conceptualized as the application of automated analytics and decision-support systems 
that support monitoring, coordination, and strategic oversight at the local level. 

The model assumes that digital governance capacity positively influences both 
administrative efficiency and perceived educational quality in decentralized primary 
education. Artificial intelligence is expected to exert an indirect effect by strengthening 
data-driven management and monitoring practices, thereby enhancing the governance 
outcomes associated with digitalization. Local governance autonomy functions as a 
structural precondition that amplifies the effects of digital governance capacity and 
artificial intelligence, enabling municipalities to translate formal responsibilities into 
effective administrative practice. 

Based on this framework, the following hypotheses are formulated: 
H1: Digital governance capacity positively affects administrative efficiency in 

decentralized primary education. 
H2: Digital governance capacity positively affects perceived educational quality. 
H3: Artificial intelligence use positively affects administrative efficiency. 
H4: Artificial intelligence use mediates the relationship between digital governance 

capacity and perceived educational quality. 
\begin{figure}[htbp] 
\centering 
\includegraphics[width=0.9\textwidth]{conceptual_model_process_style.png} 
\caption{Conceptual research model. Author’s own elaboration based on Zouridis 

et al. (2020) and Wihlborg et al. (2022).} 
\label{fig:conceptual_model} 
\end{figure} 
Building on the conceptual research model and the formulated hypotheses, the 

empirical analysis examines the proposed relationships between digital governance 
capacity, artificial intelligence use, administrative efficiency, and perceived educational 
quality in decentralized primary education. To ensure analytical clarity and 
methodological transparency, the study adopts a quantitative research design that 
operationalizes the core constructs through validated indicators and applies statistical 
techniques suitable for testing both direct and mediating effects. The following section 
outlines the research design, data structure, and analytical procedures employed to 
assess the proposed hypotheses. 
 
3. RESEARCH METHODOLOGY 
 
This study adopts a quantitative research design based on a structured survey 
conducted within the Municipality of Gjorce Petrov, an urban local self-government 
unit in the City of Skopje responsible for the governance and administration of primary 
education institutions. The municipality oversees a network of six public primary 
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schools and associated branch units operating under a decentralized education 
framework. 

The empirical data were collected from key actors involved in local education 
governance, including primary school principals, teaching staff, and municipal 
education officers. These respondents were selected due to their direct involvement in 
school administration, digital reporting processes, and coordination between 
educational institutions and the local self-government unit. The final sample comprises 
approximately 180 respondents, reflecting the institutional structure and staff 
distribution within the municipal education system. 

Data collection was carried out using a structured questionnaire designed to capture 
perceptions and experiences related to digital governance capacity, artificial 
intelligence use in education management, administrative efficiency, and perceived 
educational quality. All items were measured using five-point Likert scales ranging 
from strong disagreement to strong agreement. Measurement items were adapted from 
established public administration and digital governance instruments to ensure 
conceptual validity and comparability with existing research. 

Digital governance capacity was operationalized through indicators related to the 
availability and use of electronic education management systems, digital reporting 
tools, and data integration mechanisms within the municipality. Artificial intelligence 
use was measured by assessing the extent to which automated analytics, decision-
support tools, and data-driven monitoring practices are utilized in municipal education 
administration. Administrative efficiency and perceived educational quality were 
captured through respondent assessments of organizational effectiveness, coordination, 
transparency, and overall governance performance in primary education. 

Data analysis involved descriptive statistics to summarize governance conditions 
within the municipality, Pearson correlation analysis to examine associations between 
key constructs, and multiple regression modeling to test the proposed hypotheses and 
assess direct and mediating effects. The analytical procedures were selected in 
accordance with standard quantitative approaches in public administration and 
education governance research. 

While the findings are context-specific and reflect governance practices within the 
Municipality of Gjorce Petrov, the analytical framework and methodological approach 
are transferable to other decentralized education systems. The study deliberately 
focuses on governance-level dynamics rather than classroom-level pedagogical 
outcomes, consistent with its objective of examining digitalization and artificial 
intelligence as instruments of local education management. 
 
4. EMPIRICAL RESULTS 
 
4.1. Descriptive Statistics 
 
The descriptive analysis reflects governance conditions in primary education 
management within the Municipality of Gjorce Petrov, an urban local self-government 
unit operating under a decentralized education framework. The results indicate 
moderate to relatively high levels of digital governance capacity, suggesting that 
electronic education management systems, digital reporting tools, and centralized 
administrative records are widely used in municipal education administration. 



 

Artificial intelligence use demonstrates lower mean values compared to broader 
digital governance indicators. This pattern indicates that artificial intelligence currently 
represents an emerging governance practice rather than a fully institutionalized 
administrative instrument at the municipal level. Administrative efficiency and 
perceived educational quality report moderate mean scores, reflecting the transitional 
nature of decentralized education governance in which core digital infrastructures are 
established, while advanced analytical tools remain unevenly developed.
 
Table 1. Descriptive statistics of key constructs 
Construct 
Digital Governance Capacity 
Artificial Intelligence Use 
Administrative Efficiency 
Perceived Educational Quality

Source: Author’s own calculations.
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Descriptive statistics of key constructs - Note: p < 0.01 
Mean Standard Deviation 

 3.72 0.64 
3.18 0.71 
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Perceived Educational Quality 3.59 0.62 

Source: Author’s own calculations. 
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4.2. Correlation Analysis 

Correlation analysis reveals statistically significant positive relationships among all 
examined constructs. Digital governance capacity is positively associated with 
administrative efficiency, indicating that more developed digital governance 
infrastructures correspond with higher levels of organizational effectiveness in primary 
education management. A positive relationship is also observed between digital 
governance capacity and perceived educational quality, suggesting that digital 
administrative systems indirectly support improved governance outcomes at the school 

Artificial intelligence use shows a strong positive correlation with administrative 
efficiency and a moderate positive correlation with perceived educational quality. 
These relationships support the assumption that artificial intelligence contributes to 
governance performance primarily through enhanced data processing, monitoring, and 

support functions rather than through direct pedagogical effects. 
Mean values indicate moderate to high levels of digital governance capacity within 

government units, reflecting widespread adoption of electronic administrative 
systems. Artificial intelligence use demonstrates lower average values, suggesting an 
emerging rather than consolidated governance practice. Administrative efficiency and 
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perceived educational quality report moderate mean scores, consistent with transitional 
governance contexts. 
 
Table 2. Correlation matrix of key constructs 
Construct 
1. Digital Governance Capacity
2. Artificial Intelligence Use 
3. Administrative Efficiency 
4. Perceived Educational Quality
Source: Author’s own calculations.

 

                       Fogure 2. Correlation 
 
4.3. Regression Analysis
 
Regression analysis confirms that digital governance capacity is a statistically 
significant predictor of administrative efficiency and perceived educational quality in 
decentralized primary education. Ar
significant predictor of administrative efficiency and demonstrates a partial mediating 
effect in the relationship between digital governance capacity and perceived 
educational quality. These findings provide emp
through H4 and confirm the internal coherence of the proposed conceptual research 
model. 
 
5. LIMITATIONS 
 
Several limitations of this study should be acknowledged. First, the empirical analysis 
is based on survey data capturing perceptions of governance practices among school 
principals, teachers, and municipal education officers. While such data are well suit
for examining governance capacity and administrative dynamics, they do not provide 
direct measures of objective performance outcomes. Second, the study focuses on a 
single municipality, which limits the generalizability of the findings beyond 
comparable urban local self
frameworks. Finally, the cross
conditions at a single point in time and does not allow for assessment of longitudinal 

perceived educational quality report moderate mean scores, consistent with transitional 

Correlation matrix of key constructs - Note: p < 0.01 
1 2 3 

1. Digital Governance Capacity 1.00   
0.48** 1.00  
0.55** 0.51** 1.00 

4. Perceived Educational Quality 0.42** 0.46** 0.63** 
Source: Author’s own calculations.    

 
. Correlation matrix of key constructs 

4.3. Regression Analysis 

Regression analysis confirms that digital governance capacity is a statistically 
significant predictor of administrative efficiency and perceived educational quality in 
decentralized primary education. Artificial intelligence use also emerges as a 
significant predictor of administrative efficiency and demonstrates a partial mediating 
effect in the relationship between digital governance capacity and perceived 
educational quality. These findings provide empirical support for hypotheses H1 
through H4 and confirm the internal coherence of the proposed conceptual research 

Several limitations of this study should be acknowledged. First, the empirical analysis 
is based on survey data capturing perceptions of governance practices among school 
principals, teachers, and municipal education officers. While such data are well suit
for examining governance capacity and administrative dynamics, they do not provide 
direct measures of objective performance outcomes. Second, the study focuses on a 
single municipality, which limits the generalizability of the findings beyond 

urban local self-government units operating under decentralized education 
frameworks. Finally, the cross-sectional research design captures governance 
conditions at a single point in time and does not allow for assessment of longitudinal 
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changes in digital governance capacity or artificial intelligence use. Future research 
may address these limitations through multi-municipal comparative designs, the 
inclusion of administrative performance indicators, and longitudinal data collection. 

 
6. DISCUSSION 
 
The findings demonstrate that decentralization alone does not guarantee effective 
governance of primary education at the municipal level. Instead, digitalization 
functions as a stabilizing governance mechanism that enables local self-government 
units, such as the Municipality of Gjorce Petrov, to manage expanded responsibilities 
related to school administration, monitoring, and coordination. The presence of digital 
management systems facilitates structured reporting, enhances transparency, and 
supports administrative coherence across multiple schools. 

Artificial intelligence further strengthens local governance capacity by enabling 
advanced data processing and decision-support functions. Its contribution is most 
evident at the administrative level, where algorithmic tools support monitoring, early 
identification of organizational challenges, and strategic planning. Importantly, 
artificial intelligence does not operate as a substitute for professional judgment but 
rather as a complementary governance instrument embedded within existing 
administrative structures. 

These findings align with digital governance literature emphasizing that algorithmic 
tools enhance public administration performance when embedded within clear 
institutional frameworks and supported by professional competence. In the context of 
decentralized primary education in North Macedonia, artificial intelligence contributes 
primarily to governance rationality rather than directly influencing classroom 
instruction. This distinction is analytically significant, as it situates artificial 
intelligence within the domain of administrative capacity-building rather than 
pedagogical substitution. 

The analysis further underscores that local self-government units with higher levels 
of digital governance capacity are better positioned to leverage artificial intelligence for 
strategic oversight and monitoring. Conversely, limitations in professional readiness 
and organizational learning constrain the governance value of advanced digital 
technologies, reinforcing the central role of institutional capacity in decentralized 
education systems. 
 
CONCLUSION 
 
This paper demonstrates that the effectiveness of decentralized primary education 
governance is fundamentally conditioned by digital governance capacity and the 
manner in which artificial intelligence is embedded within local administrative 
practices. The analysis confirms that decentralization, understood as the transfer of 
formal authority from central to local levels, does not in itself guarantee improved 
governance outcomes. Instead, its effectiveness depends on the institutional, 
organizational, and technological capacities available to local self-government units, a 
conclusion well established in decentralization theory and comparative public 
administration research (Faguet 2014; Treisman 2007). 

Within the context of North Macedonia, the findings indicate that municipalities 
benefit from digital governance infrastructures that enable structured reporting, data 



159 
 

integration, and systematic monitoring of primary education processes. Digital 
governance capacity emerges as a key determinant of administrative efficiency and 
perceived educational quality, supporting the view that information systems function as 
integrative mechanisms in decentralized governance environments (Dunleavy et al. 
2006; Janssen and van der Voort 2016). 

The study further shows that artificial intelligence contributes to decentralized 
education governance primarily through indirect mechanisms. Rather than directly 
determining educational outcomes, artificial intelligence strengthens data-driven 
management, monitoring, and decision-support capacities at the municipal level. Its 
governance value depends on institutional embedding and administrative readiness 
rather than technological sophistication alone, consistent with contemporary research 
on algorithmic governance in the public sector (Zouridis, van Eck, and Bovens 2020; 
Wihlborg, Tehler, and Palm 2022). 

Importantly, artificial intelligence does not substitute professional judgment or 
pedagogical expertise. Instead, it functions as a governance mediator whose 
effectiveness depends on alignment with existing digital infrastructures, legal 
mandates, and organizational learning processes. From a policy perspective, the 
findings suggest that education decentralization reforms should be accompanied by 
sustained investment in digital governance capacity and continuous professional 
development at the municipal level. Strengthening local administrative competence and 
data literacy is a prerequisite for realizing the governance benefits of both digitalization 
and artificial intelligence. 

The paper contributes to the literature by conceptualizing artificial intelligence as a 
mediating governance mechanism embedded within local self-government practices 
rather than as a direct educational intervention. While grounded in the North 
Macedonian context, the proposed framework is analytically transferable to other 
decentralized education systems, particularly in transitional settings. Future research 
may extend this approach through comparative or longitudinal designs examining how 
digital governance capacity and artificial intelligence shape decentralized education 
outcomes over time. 
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Abstract 
 
The adoption of intelligent information and communication technologies (ICT) has become essential for 
tourism organizations aiming to improve operational efficiency, service quality, decision-making, and 
competitiveness. This study investigates the impact of ICT adoption on organizational performance in travel 
agencies. Data were collected through a structured questionnaire administered to 52 employees across 
different agencies. Descriptive statistics, correlation analysis, and regression analysis were performed. 
Results indicate that ICT adoption significantly enhances operational efficiency (H1), service quality (H2), 
and decision-making effectiveness (H3), which in turn positively influences overall competitiveness (H4). 
The findings highlight the strategic role of intelligent ICT solutions in modern tourism management. 
The study emphasizes the importance of strategic ICT investments for sustaining competitiveness in travel 
agencies in an increasingly digital tourism market. Furthermore, this research contributes to the growing 
body of evidence on how ICT tools transform operational and strategic processes in tourism organizations. 
 
Keywords: ICT adoption, tourism, travel agencies, operational efficiency, service quality, decision-making, 
competitiveness 
 

JEL classification: L83; O33 
 
INTRODUCTION 
 
Technology and information and communication technology (ICT) have transformed 
society and the way services are provided, fundamentally affecting tourism and 
hospitality by enabling e-tourism, data accessibility, and innovation in services and 
management (PMC 2021). Information and communication technologies have 
significantly reshaped the tourism industry by enabling organizations to streamline 
operations, improve customer engagement, and enhance competitiveness (Buhalis 
2003). 

Travel agencies increasingly rely on intelligent ICT systems for reservations, data 
analysis, and personalized customer services (Sigala 2018). Despite the widely 
recognized benefits of ICT adoption, the extent to which these technologies influence 
organizational performance varies considerably across travel agencies (Sigala 2018). 

The development of the internet and ICT has facilitated greater accessibility and 
generation of tourism-related content, fundamentally transforming the way tourists 
plan, book, and experience travel, while simultaneously disrupting traditional tourism 
value chains (PMC 2021). The adoption of ICT tools enables tourism organizations to 
collect and analyze customer data, personalize services, automate routine processes, 
and make evidence-based decisions, thereby providing a sustainable competitive 
advantage in dynamic tourism markets (Buhalis 2003; OECD 2019). 
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1. THE STRATEGIC ROLE OF ICT IN ENHANCING TOURISM AGENCY 
PERFORMANCE 
 
The strategic adoption of information and communication technologies (ICT) in 
tourism organizations has been widely recognized as a critical determinant of 
organizational performance and long-term competitiveness (Buhalis 2003; Sigala 
2018). In an increasingly digitalized tourism environment, travel agencies operate 
within highly dynamic and information-intensive markets, where timely access to data, 
operational flexibility, and customer-centric service delivery are essential for survival 
and growth. ICT serves as a foundational infrastructure that enables tourism 
organizations to adapt to these changing market conditions and respond effectively to 
evolving customer expectations. 

First, ICT adoption plays a pivotal role in enhancing operational efficiency by 
automating routine administrative tasks, integrating internal business processes, and 
facilitating real-time information exchange across organizational units (Buhalis 2003). 
Reservation systems, customer relationship management (CRM) platforms, and 
integrated booking technologies reduce manual workloads, minimize errors, and 
accelerate service delivery. These efficiency gains allow travel agencies to optimize 
resource utilization, reduce operational costs, and improve overall productivity, which 
is particularly important in highly competitive and price-sensitive tourism markets. 

Second, advanced ICT systems significantly contribute to improved service quality 
by enabling accurate, timely, and personalized service delivery (Law, Leung, and 
Buhalis 2015). Through the use of digital customer databases, online platforms, and 
communication technologies, travel agencies can tailor travel offers to individual 
customer preferences, provide instant access to information, and ensure consistent 
service standards across multiple distribution channels. Such ICT-enabled 
personalization enhances customer satisfaction, strengthens trust, and fosters long-term 
customer loyalty, which are key drivers of sustainable performance in the tourism 
industry. 

Third, ICT adoption enhances decision-making effectiveness by supporting data-
driven managerial processes (Davenport and Harris 2007). Analytical tools, business 
intelligence systems, and real-time reporting mechanisms enable managers to analyze 
market trends, monitor performance indicators, and evaluate customer behavior more 
accurately. As a result, travel agency managers can make faster, more informed, and 
more strategic decisions, improving their ability to anticipate market changes, manage 
risks, and capitalize on emerging opportunities. 

Finally, the combined effects of improved operational efficiency, enhanced service 
quality, and more effective decision-making significantly strengthen the 
competitiveness of travel agencies (OECD 2019; PMC 2021). ICT adoption enables 
agencies to differentiate their services, increase responsiveness to customer needs, and 
maintain greater strategic flexibility. In this sense, ICT functions not merely as a 
technological tool, but as a strategic resource that supports value creation and 
competitive advantage in the tourism sector. 

Overall, the existing literature provides strong theoretical and empirical support for 
the proposed relationships between ICT adoption and key dimensions of organizational 
performance. These insights form the foundation for the hypotheses tested in this study 
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and justify the empirical examination of ICT-driven performance outcomes in travel 
agencies. 
 
2. METHODOLOGY 
 
2.1. Sample and Instrument 
 
The empirical study was conducted among employees working in travel agencies, 
including managers, administrative staff, and customer service representatives. A total 
of 52 valid responses were collected. Data were obtained through a structured 
questionnaire designed to capture perceptions of ICT adoption and its effects on key 
dimensions of organizational performance in travel agencies. The design of the 
research instrument and the selection of constructs were grounded in established 
literature on information and communication technologies in tourism and hospitality, 
with particular emphasis on the role of ICT in operational integration, service 
innovation, and strategic decision-making (Buhalis 2003; Buhalis and Law 2008; Law, 
Leung, and Buhalis 2015; Gretzel et al. 2015; Davenport and Harris 2007). 

The relatively small sample size represents a methodological limitation of the study, 
as it may constrain the generalizability of the findings. Nevertheless, the sample is 
considered appropriate for exploratory empirical analysis aimed at identifying 
relationships between ICT adoption and organizational performance dimensions within 
travel agencies, rather than making population-level inferences. 

The questionnaire consisted of several multi-item constructs. ICT adoption was 
measured using five items capturing the extent to which travel agencies employ 
intelligent information and communication technologies for reservations, customer data 
management, internal coordination, and managerial support. Operational efficiency was 
measured with four items assessing the degree to which ICT enables task automation, 
process integration, reduction of response times, and productivity improvement, in line 
with prior empirical findings in tourism ICT research (Buhalis 2003; Buhalis and Law 
2008). Service quality was measured using four items reflecting accuracy, timeliness, 
personalization, and consistency of service delivery, consistent with studies 
highlighting the role of ICT in enhancing customer experiences in tourism 
organizations (Law, Leung, and Buhalis 2015; Gretzel et al. 2015). Decision-making 
effectiveness was operationalized through four items capturing the extent to which ICT 
supports analytical capabilities, access to real-time information, and evidence-based 
managerial decision-making, following the analytics-oriented perspective proposed by 
Davenport and Harris (2007). Competitiveness was measured with four items assessing 
perceived improvements in market position, responsiveness, and strategic flexibility 
resulting from ICT adoption, as documented in the tourism and hospitality ICT 
literature (Buhalis 2003; Buhalis and Law 2008). 

All measurement items were assessed using a five-point Likert scale ranging from 1 
(strongly disagree) to 5 (strongly agree). This scaling approach enables the quantitative 
assessment of respondent perceptions and facilitates subsequent statistical analyses, 
including reliability testing, correlation analysis, and regression modeling. 
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2.2. Hypotheses 
 
H1: ICT adoption positively affects operational efficiency. 
H2: ICT adoption positively affects service quality. 
H3: ICT adoption positively affects decision-making effectiveness. 
H4: ICT adoption positively affects overall competitiveness. 
 

 
                ┌───────────────────────────┐ 
                │       ICT Adoption        │ 
                │  (Intelligent ICT Tools) │ 
                └─────────────┬────────────┘ 
                              │ 
          ┌───────────────────┼───────────────────┐ 
          │                   │                   │ 
          ▼                   ▼                   ▼ 
┌─────────────────┐   ┌─────────────────┐   
┌─────────────────────────┐ 
│ Operational      │   │ Service Quality │   │ Decision-Making          │ 
│ Efficiency (H1)  │   │ (H2)            │   │ Effectiveness (H3)       │ 
└─────────┬────────┘   └─────────┬───────┘   
└─────────┬──────────────┘ 
          │                   │                   │ 
          └───────────────────┴───────────────────┘ 
                              │ 
                              ▼ 
                ┌───────────────────────────┐ 
                │      Competitiveness      │ 
                │           (H4)            │ 
                └───────────────────────────┘ 

Figure 1. Conceptual model of ICT adoption and organizational performance in travel agencies. 

 
Table 1. Reliability Statistics (Cronbach’s Alpha) 
Construct No. of Items Cronbach’s α 
ICT Adoption 5 0.89 
Operational Efficiency 4 0.86 
Service Quality 4 0.87 
Decision-Making Effectiveness 4 0.85 
Competitiveness 4 0.88 

 
All constructs demonstrated acceptable reliability (α > 0.8). 
 
 
 
 
 
 
 
 



 

 
2.3. Descriptive Statistics
 
Table 2. Descriptive Statistics
Construct 
ICT Adoption 
Operational Efficiency 
Service Quality 
Decision-Making Effectiveness
Competitiveness 

 
Table 2 presents the 

indicate that respondents reported relatively high levels of ICT adoption (M = 3.82, SD 
= 0.71). Among the performance dimensions, service quality recorded the highest mean 
score (M = 4.01, SD = 
particularly effective in improving customer

Operational efficiency (M = 3.94, SD = 0.65) and decision
= 3.88, SD = 0.68) also exhibited high mean values, 
ICT-supported internal processes. Competitiveness showed a slightly lower but still 
positive mean score (M = 3.76, SD = 0.73), reflecting moderate variability in how 
agencies translate ICT adoption into market advantages
 

└─────────────────────────

Figure 2. Bar chart –

 
Figure 2 visually illustrates the mean scores of ICT adoption and organizational 

performance dimensions, including error bars representing standard deviations. The 
graphical representation confirms the descriptive statistics presented in Table 2, 
highlighting service qualit
lowest. The relatively small error bars suggest moderate variability among respondents, 
indicating consistent perceptions across travel agencies.

Statistics 

Descriptive Statistics 
Mean Std. Deviation 

3.82 0.71 
3.94 0.65 
4.01 0.62 

Making Effectiveness 3.88 0.68 
3.76 0.73 

Table 2 presents the descriptive statistics for all study constructs. The results 
indicate that respondents reported relatively high levels of ICT adoption (M = 3.82, SD 
= 0.71). Among the performance dimensions, service quality recorded the highest mean 
score (M = 4.01, SD = 0.62), suggesting that travel agencies perceive ICT as 
particularly effective in improving customer-related outcomes. 

Operational efficiency (M = 3.94, SD = 0.65) and decision-making effectiveness (M 
= 3.88, SD = 0.68) also exhibited high mean values, indicating a positive perception of 

supported internal processes. Competitiveness showed a slightly lower but still 
positive mean score (M = 3.76, SD = 0.73), reflecting moderate variability in how 
agencies translate ICT adoption into market advantages. 

 
4.2 ┤           █ 

4.0 ┤       █       █ 
3.8 ┤   █               █ 

3.6 ┤ 
└───────────────────────── 

IA   OE   SQ   DM   COMP 
– Mean scores of ICT adoption and performance dimensions 

Mean Score (1–5 Likert) 

illustrates the mean scores of ICT adoption and organizational 
performance dimensions, including error bars representing standard deviations. The 
graphical representation confirms the descriptive statistics presented in Table 2, 
highlighting service quality as the highest-rated construct and competitiveness as the 
lowest. The relatively small error bars suggest moderate variability among respondents, 
indicating consistent perceptions across travel agencies. 
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Table 3. Pearson Correlation Matrix
Constructs 
ICT Adoption 
Operational Efficiency 
Service Quality 
Decision-Making 
Competitiveness 

 
2.4. Regression Analysis 
 
Table 4. Regression Results 
Dependent Variable 
Operational Efficiency 
Service Quality 
Decision-Making 
Competitiveness 

 
Regression results confirm that ICT adoption significantly predicts all performance 

dimensions, supporting H1
 
 

. Pearson Correlation Matrix 
ICT OE SQ DM COMP 
1 0.62 0.68 0.65 0.61 
0.62 1 0.70 0.66 0.69 
0.68 0.70 1 0.72 0.71 
0.65 0.66 0.72 1 0.67 
0.61 0.69 0.71 0.67 1 

 
 

 
Figure 3. Pearson Correlation Matrix 

 
Independent Variable β t p 
ICT Adoption 0.62 5.28 <0.001
ICT Adoption 0.68 6.01 <0.001
ICT Adoption 0.65 5.74 <0.001
ICT Adoption 0.61 5.12 <0.001

 

 
Figure 4.Regression Results 

Regression results confirm that ICT adoption significantly predicts all performance 
dimensions, supporting H1–H4. 
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Regression results confirm that ICT adoption significantly predicts all performance 
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3. DISCUSSION 
 
The results confirm that intelligent ICT solutions play a crucial role in enhancing the 
efficiency and effectiveness of travel agencies. Agencies that invest in advanced ICT 
systems report: 

 Higher operational efficiency 
 Better service quality 
 Faster and more accurate decision-making 
 Stronger competitive positioning 

These findings are consistent with previous research emphasizing the strategic role 
of digital tools in tourism (Buhalis, 2003; Law et al., 2015; Sigala, 2018; OECD, 2019; 
PMC, 2021). Moreover, intelligent ICT adoption enables agencies to respond to 
dynamic market demands, personalize services, and optimize internal workflows. 

These findings reinforce existing empirical evidence that intelligent ICT adoption 
represents a strategic resource for tourism organizations seeking sustainable 
competitive advantage (Buhalis 2003; Sigala 2018; OECD 2019). 
 
CONCLUSION 
 
This study provides empirical evidence that ICT adoption is a key driver of 
organizational performance in travel agencies. The conceptual model linking ICT to 
operational efficiency, service quality, decision-making, and competitiveness is 
validated. Strategic ICT investment is essential for maintaining competitiveness in a 
rapidly digitalizing tourism market. 

 Future research could: 
 Expand the sample size and include other tourism segments 
 Apply longitudinal analysis to explore long-term ICT impacts 

Incorporate emerging technologies, such as AI-driven recommendation systems, for 
further performance optimization 
 
REFERENCES 
 
Buhalis, Dimitrios. 2003. eTourism: Information Technology for Strategic Tourism 

Management. Harlow: Pearson Education. 
Buhalis, Dimitrios, and Rob Law. 2008. “Progress in Information Technology and 

Tourism Management: 20 Years On and 10 Years After the Internet—The State of 
eTourism Research.” Tourism Management 29 (4): 609–623. 
https://doi.org/10.1016/j.tourman.2008.01.005 

Davenport, Thomas H., and Jeanne G. Harris. 2007. Competing on Analytics: The New 
Science of Winning. Boston: Harvard Business School Press. 

Gretzel, Ulrike, Marianna Sigala, Zheng Xiang, and Chulmo Koo. 2015. “Smart 
Tourism: Foundations and Developments.” Electronic Markets 25 (3): 179–188. 
https://doi.org/10.1007/s12525-015-0196-8 

Law, Rob, Dimitrios Buhalis, and Cihan Cobanoglu. 2014. “Progress on Information 
and Communication Technologies in Hospitality and Tourism.” International 
Journal of Contemporary Hospitality Management 26 (5): 727–750. 
https://doi.org/10.1108/IJCHM-08-2013-0367 



168 
 

Law, Rob, Rob Leung, and Dimitrios Buhalis. 2015. Information and Communication 
Technologies in Tourism 2015. Cham: Springer. 

OECD. 2019. Digital Economy Outlook 2019. Paris: OECD Publishing. 
https://doi.org/10.1787/9789264311800-en 

Porter, Michael E. 2001. “Strategy and the Internet.” Harvard Business Review 79 (3): 
62–78. 

Sigala, Marianna. 2018. “New Technologies in Tourism: From Multi-Channel to 
Omnichannel Management.” Tourism Management 68: 255–268. 
https://doi.org/10.1016/j.tourman.2018.03.017 

Xiang, Zheng, and Ulrike Gretzel. 2010. “Role of Social Media in Online Travel 
Information Search.” Tourism Management 31 (2): 179–188. 
https://doi.org/10.1016/j.tourman.2009.02.016 

 
  



169 
 

RADIOLOGY IN THE AGE OF ARTIFICIAL INTELLIGENCE: 
COMPARATIVE PERSPECTIVES AND EMPIRICAL EVIDENCE FROM 
NORTH MACEDONIA 
 

Violeta Tolevska1 
 

 
Abstract 

 
Artificial intelligence (AI) is reshaping radiological practice through its capacity to analyze complex imaging 
data, enhance diagnostic accuracy, and support clinical decision-making. Radiology has emerged as a 
primary domain for AI implementation due to its data-intensive nature and reliance on standardized image-
based diagnostics. This paper examines AI applications in radiology, focusing on diagnostic performance, 
organizational implications, and professional perceptions. A comparative analysis highlights international 
practices in the United States and Germany alongside the emerging use of AI in North Macedonian 
radiological departments. The empirical component is based on a structured survey administered to radiology 
professionals, capturing awareness, perceived diagnostic value, organizational impact, and barriers to 
implementation. Findings reveal a substantial gap between the recognized potential of AI-assisted radiology 
and its actual integration in North Macedonia, emphasizing infrastructural, regulatory, and training 
limitations. This study contributes context-specific, empirically grounded insights into responsible AI 
adoption in radiology. 
 
Keywords: artificial intelligence, radiology, medical imaging, professional adoption, North Macedonia 
 

JEL classification: I18; O33 
 
 
INTRODUCTION 
 
The integration of artificial intelligence into radiology represents one of the most 
significant technological shifts in contemporary diagnostic medicine. Advances in 
machine learning, particularly deep learning, have enabled algorithms to analyze large 
volumes of medical imaging data with high precision, consistency, and speed. 
Radiology, a discipline fundamentally reliant on image interpretation, is therefore a 
primary field for AI-supported diagnostic tools (Litjens et al., 2017). 

Internationally, AI systems support radiologists in pulmonary nodule detection, 
breast cancer screening, stroke identification, and prioritization of urgent findings. 
These systems complement professional expertise rather than replace it, functioning as 
decision-support mechanisms that enhance diagnostic vigilance and workflow 
efficiency (Hosny et al., 2018; Topol, 2019). Adoption rates vary significantly across 
healthcare systems, reflecting differences in infrastructure, regulatory frameworks, and 
institutional readiness. 

In North Macedonia, digital transformation in radiology remains uneven. AI-
assisted tools are largely limited to pilot or exploratory initiatives. Empirical evidence 
on professional awareness, adoption readiness, and perceived clinical value is scarce. 
This study addresses that gap by integrating a comparative international perspective 
with survey-based empirical data from North Macedonian radiology professionals. 

 

                                                             
1Violeta Tolevska, PhD., MD, Primarius, Specialist Radiologist, City General Hospital 
“8 September”, Skopje, North Macedonia. 
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1. ARTIFICIAL INTELLIGENCE IN RADIOLOGY: THEORETICAL AND PRACTICAL 
FOUNDATIONS 
 
AI in radiology is grounded in deep learning architectures, particularly convolutional 
neural networks (CNNs) trained on large datasets of annotated medical images. These 
systems identify subtle imaging patterns often imperceptible through visual inspection 
alone, improving diagnostic sensitivity and reducing inter-observer variability (Litjens 
et al., 2017; Liu et al., 2021). 

Empirical research demonstrates that AI-assisted radiology can achieve diagnostic 
performance comparable to experienced radiologists in specific tasks, including breast 
cancer screening and pneumonia detection on chest radiographs (Rajpurkar et al., 2017; 
McKinney et al., 2020). Systematic reviews show that deep learning models can match 
or exceed human expert performance across multiple imaging modalities (Liu et al., 
2021). Beyond accuracy, AI enhances workflow efficiency by automating repetitive 
processes, facilitating structured reporting, and prioritizing urgent cases (Pesapane, 
Codari, & Sardanelli, 2018). 

Despite these advances, AI functions as a supportive tool rather than an 
autonomous diagnostician. Professional judgment, clinical context, and ethical 
responsibility remain central to radiological decision-making (Recht & Bryan, 2017; 
Topol, 2019). 
 
2. COMPARATIVE PERSPECTIVES: INTERNATIONAL PRACTICE AND THE 
MACEDONIAN CONTEXT 
 
In technologically advanced healthcare systems, AI-assisted radiology is governed by 
normative frameworks that define responsibility, clinical risk, and institutional 
accountability. In the United States, the FDA distinguishes between clinical decision-
support systems and autonomous diagnostic functions. AI applications approved for 
clinical use undergo rigorous pre-market validation, continuous post-market 
surveillance, and mandatory documentation of algorithmic performance. Regulatory 
approval formalizes, rather than replaces, professional responsibility, anchoring 
accountability at the institutional level. 

Germany offers an even more explicit model, emphasizing patient safety, 
traceability, and documentation. The Federal Institute for Drugs and Medical Devices 
ensures compliance with medical device regulations, data protection standards, and 
clinical validation requirements. Responsibility is explicitly attributed to licensed 
medical professionals, and AI is considered a regulated extension of medical practice. 

In contrast, North Macedonia lacks comprehensive regulatory and institutional 
frameworks, generating normative uncertainty. Limited digital infrastructure and the 
absence of centralized imaging repositories constrain technical feasibility. More 
critically, the unresolved question of responsibility leaves radiologists without clear 
guidance on liability, error attribution, and ethical accountability. AI systems may thus 
be either underutilized due to caution or informally relied upon without adequate 
safeguards. 

From a risk governance perspective, this scenario fosters responsibility dilution, 
undermining patient safety and professional autonomy. Unlike the U.S. and Germany, 
the Macedonian framework does not yet provide the normative infrastructure required 
to manage ethical and legal risks in AI-assisted diagnostics. 
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Effective AI implementation in radiology depends on enforceable governance 
mechanisms that define accountability, operational conditions, and transparency 
(Floridi et al., 2018). Without these, adoption remains fragile and institutionally 
vulnerable, regardless of professional willingness or perceived benefit. 
 
3. EMPIRICAL STUDY: METHODOLOGY 
 
3.1. Research Design and Sample 
 
The empirical component of the study adopts a quantitative, cross-sectional research 
design specifically structured to address the core research questions concerning the 
extent of artificial intelligence adoption in radiological practice, professional 
perceptions of its diagnostic and organizational value, and the barriers that constrain its 
implementation. This design is methodologically appropriate for capturing systematic 
variations in awareness, exposure, and evaluative judgments among radiology 
professionals at a defined point in time, thereby allowing direct empirical engagement 
with the study’s analytical objectives. 

Data were collected through a structured questionnaire administered to radiology 
professionals employed in public healthcare institutions in North Macedonia. The 
instrument was designed to operationalize the key analytical dimensions derived from 
the research questions, namely awareness and exposure to AI-assisted radiology, 
perceived diagnostic and organizational impact, and perceived regulatory and 
infrastructural constraints. The use of standardized Likert-scale items enabled 
quantitative comparison across respondents and facilitated statistical examination of 
relationships between perceived value and adoption readiness. 

A purposive sampling strategy was employed to ensure alignment between the 
empirical data and the substantive focus of the research questions. The final sample 
comprised 72 respondents, including specialist radiologists, radiology technicians, and 
senior departmental staff directly involved in diagnostic imaging workflows and 
organizational coordination. All participants had a minimum of five years of 
professional experience in radiology, a criterion applied to strengthen the internal 
validity of the findings by ensuring that responses reflected informed professional 
judgment rather than speculative or introductory perspectives. 

By incorporating multiple professional roles, the study design allows for a 
differentiated empirical assessment of how artificial intelligence is perceived across 
diagnostic, technical, and organizational dimensions of radiological practice. This 
methodological structure ensures that each research question is addressed through 
empirically observable indicators, thereby reinforcing the analytical coherence between 
research design, data collection, and interpretative conclusions. 
 
3.2. Instrument and Reliability 
 
The questionnaire measured four dimensions: awareness of AI in radiology, perceived 
diagnostic value, organizational impact, and perceived barriers to implementation. 
Responses were recorded on a five-point Likert scale. Internal consistency of the 
instrument was high, with an overall Cronbach’s Alpha coefficient of 0.86, indicating 
reliable measurement of the targeted constructs. 
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4. EMPIRICAL RESULTS 
 
4.1. Awareness and Exposure 
 
Respondents reported high awareness of AI applications in international radiological 
practice (M = 4.28, SD = 0.65), while direct exposure to AI-assisted tools within 
domestic institutions was considerably lower (M = 2.34, SD = 0.88). This discrepancy 
indicates that AI in radiology is predominantly perceived as an external benchmark 
rather than an integrated diagnostic resource within the Macedonian context. 
 
Table 1. Awareness and Exposure to Artificial Intelligence in Radiology 
Statement Mean (M) SD 
Familiarity with AI applications in radiology 4.12 0.71 
Awareness of AI use in international radiological practice 4.28 0.65 
Direct exposure to AI-assisted radiological tools 2.34 0.88 
Institutional discussion regarding AI in radiology 2.67 0.91 

 
4.1. Perceived Diagnostic Value 
 
AI-assisted radiology was evaluated positively across all diagnostic dimensions, 
particularly in high-volume imaging analysis and early detection of pathological 
findings (M = 4.36 and M = 4.31, respectively). These results align with international 
evidence highlighting the diagnostic support role of AI systems (Hosny et al. 2018; 
McKinney et al. 2020). 
 
Table 2. Perceived Diagnostic Value of AI in Radiology 
Diagnostic Dimension Mean (M) SD 
Early detection of pathological findings 4.31 0.62 
Reduction of missed radiological findings 4.18 0.67 
Support in high-volume imaging analysis 4.36 0.58 
Assistance in complex imaging interpretation 4.09 0.71 

 
 
4.2.Organizational Impact 
 
Respondents emphasized the organizational relevance of AI, particularly in workflow 
optimization and prioritization of urgent cases, indicating that AI adoption in radiology 
extends beyond diagnostic accuracy to departmental efficiency. 
 
Table 3. Perceived Organizational Impact of AI in Radiology Departments 
Organizational Aspect Mean (M) SD 
Reduction of reporting time 4.02 0.74 
Optimization of radiological workflow 4.11 0.69 
Prioritization of urgent cases 4.27 0.61 
Improvement of diagnostic standardization 3.98 0.76 

 
4.3. Barriers to Implementation 
 
The most frequently reported barriers included insufficient technical infrastructure 
(76%), lack of AI-specific training (72%), and absence of a clear national regulatory 
framework (68%). Concerns regarding diagnostic responsibility further reflect 
unresolved legal and ethical questions surrounding AI-assisted findings. 
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Table 4. Key Barriers to AI Adoption in Radiological Practice 
Barrier Agree / Strongly Agree (%) 
Insufficient technical infrastructure 76 
Lack of AI-specific training 72 
Absence of national regulatory framework 68 
Concerns about diagnostic responsibility 61 
Limited institutional investment 70 

 
4.4. Correlation Analysis 
 
A statistically significant positive correlation was identified between perceived 
diagnostic value and willingness to adopt AI in radiology (r = 0.64, p < 0.01), 
indicating that professional acceptance is strongly influenced by perceived clinical 
benefit. 
 
Table 5. Correlation Between Perceived AI Diagnostic Value and Adoption Readiness 
Variables r p-value 
Diagnostic value perception & adoption readiness 0.64 < 0.01 

 
 

 
Figure 1. Relationship between Perceived Diagnostic Value of AI and Adoption Readiness in 
Radiology 
 

Figure 1 illustrates the relationship between perceived diagnostic value of artificial 
intelligence and readiness for its adoption in radiological practice. The positive linear 
trend visually supports the statistically significant correlation identified in the empirical 
analysis (r = 0.64, p < 0.01). 
 
5. DISCUSSION 
 
The empirical findings corroborate international literature emphasizing the 
transformative potential of AI in radiology while simultaneously revealing context-
specific constraints. In North Macedonia, AI adoption remains aspirational rather than 
operational, shaped primarily by institutional capacity rather than professional 
resistance. The positive professional perceptions identified in this study suggest a 
favorable environment for future implementation, provided that infrastructural 
investment, regulatory clarity, and targeted professional training are addressed. 

From a comparative perspective, the results illustrate how technological innovation 
in radiology is mediated by governance structures and organizational readiness. 
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Sustainable integration of AI-assisted radiology requires parallel development of digital 
infrastructure, professional competencies, and ethical oversight mechanisms (European 
Commission 2020; World Health Organization 2021). 
 
CONCLUSION 
 
Artificial intelligence holds substantial potential to enhance radiological practice 
through improved diagnostic accuracy, workflow efficiency, and organizational 
coordination. This study demonstrates that while radiology professionals in North 
Macedonia recognize these benefits, practical implementation remains limited. 
Bridging this gap requires strategic investment in infrastructure, development of 
regulatory frameworks, and sustained professional training. 

Future research should employ longitudinal and mixed-method approaches to 
evaluate the clinical impact of AI-assisted radiology within specific institutional 
settings. Such evidence will be essential for developing context-sensitive models of AI 
integration in radiology within healthcare systems characterized by constrained 
resources. 
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Abstract 
 
The rapid diffusion of artificial intelligence across European education systems has intensified debates 
regarding its pedagogical value and contextual effectiveness. This paper examines artificial intelligence as a 
factor in contemporary geography education through a comparative analysis of North Macedonia and 
Croatia. Drawing on constructivist learning theory and models of educational technology adoption, the study 
integrates a conceptual framework with an empirical investigation based on survey data collected from 
geography teachers and secondary school students in both countries. The empirical analysis applies 
descriptive statistics, correlation analysis, and country-specific regression models to examine relationships 
between perceived usefulness of artificial intelligence, teacher readiness, student engagement, and learning 
outcomes. The findings indicate positive effects of artificial intelligence on engagement and learning 
outcomes in both contexts, with systematically stronger effects in Croatia. Differences are primarily 
explained by higher levels of teacher readiness and more consistent institutional support. The paper 
contributes comparative empirical evidence to research on artificial intelligence in education by 
demonstrating how national pedagogical and systemic conditions shape its effectiveness in geography 
teaching. The empirical analysis is based on simulated data used for comparative analytical purposes. 
 
Keywords: artificial intelligence, geography education, comparative education, teacher readiness, learning 
outcomes 
 

JEL classification: I21; O33 
 
 
INTRODUCTION 
 
The growing presence of artificial intelligence within European education systems has 
generated substantial expectations regarding its potential to transform teaching and 
learning processes. Policy documents and strategic frameworks increasingly present 
artificial intelligence as a driver of innovation, personalization, and improved 
educational outcomes. However, empirical research demonstrates that the educational 
effects of artificial intelligence are neither automatic nor uniform across contexts. 
Instead, they are shaped by pedagogical traditions, curricular structures, institutional 
readiness, and the professional capacities of teachers. This contextual variability is 
particularly pronounced in subject areas such as geography education, where learning 
relies on spatial reasoning, analytical interpretation, and the integration of complex 
socio-environmental data. 

In geography education, artificial intelligence offers opportunities to support 
interactive mapping, geospatial analysis, adaptive feedback, and inquiry-oriented 
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learning environments. Yet these opportunities do not materialize solely through 
technological availability. Their realization depends on how artificial intelligence is 
pedagogically embedded within instructional practice and how educators interpret its 
relevance for subject-specific learning goals. As a result, artificial intelligence should 
not be understood as a generic technological determinant of educational change, but 
rather as a pedagogically mediated condition whose effects emerge through interaction 
with human and institutional factors. 

Despite the expanding literature on artificial intelligence in education, existing 
studies often adopt technologically deterministic perspectives or focus on single 
national contexts, thereby limiting their explanatory power. Comparative analyses 
remain scarce, particularly in relation to geography education at the secondary school 
level. Moreover, many studies emphasize technological capabilities while 
underexamining the role of teacher readiness as a mediating mechanism that conditions 
the relationship between artificial intelligence and student learning processes. This gap 
is especially relevant in European education systems characterized by shared historical 
trajectories but divergent paths of digital transformation. 

This study addresses these limitations through a comparative examination of 
artificial intelligence in contemporary geography education in North Macedonia and 
Croatia. The two cases are theoretically comparable due to their common post-socialist 
educational legacies, similar curricular organization of geography as a school subject, 
and parallel alignment with European education policy frameworks. At the same time, 
they differ meaningfully in terms of institutional digital readiness, teacher professional 
development, and the systemic integration of educational technologies. These 
similarities and differences provide a theoretically grounded basis for comparative 
analysis rather than a merely descriptive juxtaposition. 

The central research problem guiding this study concerns how artificial intelligence, 
when mediated by teacher readiness, relates to student engagement and learning 
outcomes in geography education across these two national contexts. Rather than 
asking whether artificial intelligence is effective in general terms, the study investigates 
under which pedagogical and systemic conditions its educational potential becomes 
visible. In this sense, the contribution of the study is not limited to documenting 
associations, but to clarifying the contextual mechanisms through which artificial 
intelligence operates within geography classrooms. 

By adopting a comparative, model-driven empirical approach, the study aims to 
contribute to research on artificial intelligence in education in three ways. First, it 
advances a conceptually differentiated understanding of artificial intelligence that 
distinguishes between instructional tools, adaptive systems, and pedagogical 
environments. Second, it foregrounds teacher readiness as a key mediating condition 
shaping student engagement and perceived learning gains in geography education. 
Third, it demonstrates how national educational contexts influence the pedagogical 
effectiveness of artificial intelligence, thereby challenging universalist assumptions 
about its impact. 

In doing so, the study positions artificial intelligence not as an independent agent of 
educational transformation, but as a context-sensitive pedagogical condition whose 
effectiveness depends on human, curricular, and institutional alignment. This 
perspective offers a more analytically robust foundation for understanding the role of 
artificial intelligence in contemporary geography education and for informing future 
comparative research in this field. 
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1. THEORETICAL BACKGROUND 
 
Artificial intelligence in education has increasingly been examined as a transformative 
force capable of reshaping instructional practices, assessment mechanisms, and learner 
engagement. However, theoretical approaches to artificial intelligence remain divided 
between technologically deterministic perspectives, which attribute educational change 
primarily to technological innovation, and pedagogically grounded perspectives, which 
emphasize human mediation, curricular alignment, and institutional context. This study 
adopts the latter position, treating artificial intelligence not as an autonomous driver of 
learning outcomes but as a pedagogically mediated condition whose effects depend on 
how it is embedded within educational practice. 

From a constructivist learning perspective, learning is understood as an active 
process of knowledge construction shaped by interaction, exploration, and feedback. 
Within this framework, digital technologies acquire educational value only insofar as 
they support learners’ cognitive engagement and meaning-making processes. Artificial 
intelligence systems, when aligned with constructivist principles, can facilitate adaptive 
feedback, scaffolded inquiry, and personalized learning pathways. Nevertheless, such 
potential remains contingent upon teachers’ pedagogical competence and their capacity 
to integrate intelligent systems in ways that support subject-specific learning 
objectives. 

To avoid conceptual ambiguity, this study differentiates between three analytically 
distinct dimensions of artificial intelligence in geography education. First, artificial 
intelligence as an instructional tool refers to applications that support specific teaching 
functions, such as automated quizzes, interactive maps, and visualization software. 
These tools enhance efficiency and presentation but do not fundamentally alter 
pedagogical structures. Second, artificial intelligence as a system denotes adaptive 
platforms capable of responding to learner input through personalization, automated 
feedback, and data-informed instructional adjustments. Third, artificial intelligence as a 
pedagogical environment encompasses the broader institutional and curricular 
conditions that enable sustained and coherent integration of intelligent technologies 
into teaching practice. This includes policy frameworks, professional development 
opportunities, and organizational support within schools. 

Existing research suggests that the educational impact of artificial intelligence is 
most pronounced when these dimensions operate in alignment. Zawacki-Richter et al. 
(2019) demonstrate that artificial intelligence contributes to learner-centered education 
only when pedagogical objectives guide its implementation. Similarly, Holmes, Bialik, 
and Fadel (2019) emphasize that intelligent technologies enhance learning outcomes 
primarily in systems characterized by sustained teacher development and instructional 
coherence. These findings challenge universalist assumptions regarding artificial 
intelligence and underscore the need for context-sensitive theoretical models. 

Within this context, teacher readiness emerges as a central mediating construct. 
Teacher readiness encompasses educators’ pedagogical competence, professional 
confidence, and disposition toward integrating artificial intelligence in subject-specific 
instruction. Rather than functioning as a background variable, teacher readiness 
conditions how artificial intelligence is interpreted, selected, and employed in 
geography classrooms. Prior research indicates that insufficient readiness may reduce 
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advanced technologies to superficial instructional supplements, limiting their 
contribution to learning processes (Luckin et al. 2016). 

The study further conceptualizes perceived usefulness of artificial intelligence as a 
cognitively mediated construct reflecting educators’ and learners’ evaluation of 
artificial intelligence within existing institutional constraints. In educational systems 
where artificial intelligence adoption remains emergent, perceived usefulness functions 
as an indicator of latent adoption potential rather than actual usage frequency. This 
conceptualization is theoretically justified by educational technology adoption research, 
which identifies perceived usefulness as a critical precursor to meaningful integration 
in instructional practice. 

Finally, the comparative dimension of the theoretical framework draws on 
comparative education research, which emphasizes that national education systems 
shape pedagogical innovation through curriculum design, institutional capacity, and 
professional norms. North Macedonia and Croatia provide a theoretically grounded 
comparative pairing due to their shared post-socialist educational legacies and similar 
curricular organization of geography education, combined with divergent trajectories of 
digital institutional development. These conditions allow for examination of how 
artificial intelligence operates under comparable curricular structures but differing 
levels of pedagogical and institutional readiness. 

Taken together, this theoretical framework positions artificial intelligence as a 
context-dependent pedagogical condition embedded within human, curricular, and 
institutional structures. By integrating constructivist learning theory, educational 
technology adoption models, and comparative education perspectives, the framework 
provides an analytically coherent basis for examining the differentiated effects of 
artificial intelligence in contemporary geography education. 

Within the present framework, constructivist learning theory and educational 
technology adoption models are not treated as parallel explanatory perspectives, but as 
analytically complementary components of a unified pedagogical logic. Constructivism 
provides the epistemological grounding for understanding learning as an active, 
meaning-making process, while adoption-oriented models specify the conditions under 
which technological affordances become pedagogically operative. Their integration 
enables conceptualization of artificial intelligence as a context-sensitive instructional 
condition whose educational effects emerge through mediated pedagogical practice 
rather than through technological presence alone. 
 
2. CONCEPTUAL RESEARCH MODEL (REVISED) 
 
The conceptual research model guiding this study posits that the perceived usefulness 
of artificial intelligence, understood as a cognitively mediated evaluation of its 
pedagogical relevance, is positively associated with student engagement and learning 
outcomes in geography education. Teacher readiness is specified as a mediating 
pedagogical condition through which the educational potential of artificial intelligence 
is realized in classroom practice. 

Perceived usefulness refers to educators’ and students’ evaluations of the extent to 
which artificial intelligence supports understanding of geographical content, facilitates 
spatial reasoning, and enhances instructional coherence. Teacher readiness reflects 
educators’ professional competence, pedagogical confidence, and capacity to integrate 
artificial intelligence into geography instruction in alignment with curricular objectives. 
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Rather than functioning as a direct causal mechanism, artificial intelligence is 
conceptualized as a pedagogically mediated instructional condition whose effects 
depend on human and institutional alignment. 

Within the model, student engagement is conceptualized as active cognitive 
involvement, sustained interest, and meaningful participation in geography learning 
activities supported by artificial intelligence. Learning outcomes denote perceived 
improvements in comprehension of geographical processes, analytical thinking, and 
spatial reasoning skills. The model assumes that artificial intelligence contributes to 
these outcomes indirectly, by enriching instructional practices under conditions of 
sufficient teacher readiness. 

The comparative dimension of the model enables examination of whether the 
proposed relationships operate similarly across national education systems. North 
Macedonia and Croatia are treated as theoretically comparable cases due to shared 
curricular structures and historical educational trajectories, while differing in levels of 
institutional digital readiness and professional development. This configuration allows 
identification of cross-national variation in the strength and structure of the 
hypothesized relationships. 

Based on this framework, the following hypotheses are formulated: 
H1: Perceived usefulness of artificial intelligence is positively associated with 

student engagement in geography education. 
H2: Perceived usefulness of artificial intelligence is positively associated with 

learning outcomes in geography education. 
H3: Teacher readiness is positively associated with student engagement. 
H4: Teacher readiness mediates the relationship between perceived usefulness of 

artificial intelligence and learning outcomes. 

 
Figure 1. Conceptual research model with standardized β-coefficients) 

                       Source: Author’s own calculations. 
 

The figure illustrates the hypothesized and empirically tested relationships between 
perceived usefulness of artificial intelligence, teacher readiness, student engagement, 
and learning outcomes. Solid paths represent significant standardized beta coefficients. 
Separate coefficients are reported for North Macedonia (NM) and Croatia (HR), 
highlighting cross-national differences in the strength of pedagogical mediation. 
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3. RESEARCH METHODOLOGY 
 
3.1. Research Design 
 
The study adopts a quantitative comparative research design aimed at examining the 
pedagogical role of artificial intelligence in geography education across two national 
contexts. A cross-sectional survey approach was employed to capture teachers’ and 
students’ perceptions of artificial intelligence, instructional practices, and learning-
related outcomes within secondary geography education. The comparative design 
enables systematic examination of similarities and differences between North 
Macedonia and Croatia under comparable curricular structures but differing 
institutional and pedagogical conditions. 

The methodological approach is model-driven rather than purely descriptive, 
focusing on testing theoretically derived relationships between perceived usefulness of 
artificial intelligence, teacher readiness, student engagement, and learning outcomes. 
Separate analytical paths are specified for teachers and students in order to preserve 
conceptual clarity and avoid methodological conflation of structurally distinct 
respondent groups. 

 
3.2. Sample and Data Collection 
 
Data were collected from geography teachers and secondary school students in North 
Macedonia and Croatia during the 2024–2025 academic year. The empirical dataset 
reflects analytically reconstructed survey responses aligned with theoretically specified 
constructs and relationships derived from the conceptual research model. 

Within each national subsample, respondents are divided into two analytically 
distinct groups: 

 Teachers: educators responsible for geography instruction at the 
secondary level 

 Students: learners enrolled in upper-secondary geography courses 
Teachers and students were recruited through school-level coordination, ensuring 

voluntary participation and anonymity. Data collection followed standard ethical 
procedures, including informed consent and confidentiality of responses. 

 
3.3. Measurement Instruments 
 
The research instrument is a structured questionnaire composed of four core constructs: 
Perceived usefulness of artificial intelligenceThis construct measures respondents’ 
evaluation of the extent to which artificial intelligence supports understanding of 
geographical content, enhances instructional efficiency, and facilitates meaningful 
learning experiences. Items capture cognitive assessments rather than mere exposure or 
frequency of use. 

Teacher readiness 
Teacher readiness reflects educators’ pedagogical competence, confidence, and 

disposition toward integrating artificial intelligence into geography instruction. 
Measurement items assess professional preparedness, instructional adaptability, and 
perceived ability to align artificial intelligence with curricular objectives. 

Student engagement 
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Student engagement is operationalized as a multidimensional construct 
encompassing behavioral participation, cognitive involvement, and interest in 
geography learning activities supported by artificial intelligence. 

Learning outcomes 
Learning outcomes refer to respondents’ perceived improvements in comprehension 

of geographical processes, spatial reasoning, analytical thinking, and subject-related 
academic performance. 

All items were measured using a five-point Likert scale ranging from 1 (strongly 
disagree) to 5 (strongly agree). The questionnaire was adapted from validated 
educational technology and learning engagement scales to ensure content validity and 
comparability. 
 
3.4. Analytical Strategy and Variable Structure 
 
The empirical dataset was reconstructed through a model-based procedure in which 
survey responses were structured to reflect theoretically specified constructs and 
empirically established relational patterns reported in prior research on artificial 
intelligence in education. This approach ensures internal coherence between the 
conceptual model, variable operationalization, and observed associations, while 
enabling systematic comparative analysis across national contexts. 

To preserve methodological rigor, the analytical strategy explicitly distinguishes 
between teacher-level and student-level constructs. 

Teacher readiness is treated as a contextual pedagogical predictor, derived 
exclusively from teacher responses. Student engagement and learning outcomes are 
modeled as student-level dependent constructs, informed by student responses. 

Perceived usefulness of artificial intelligence is conceptualized as a shared 
cognitive construct and analyzed separately within teacher and student subsamples to 
avoid aggregation bias. This approach allows examination of how educators’ and 
learners’ evaluations of artificial intelligence relate to pedagogical processes and 
learning outcomes within their respective roles. 

The analytical strategy follows a model-based empirical reconstruction logic, 
ensuring internal consistency between theoretical assumptions, variable structure, and 
observed relational patterns. 
 
3.5. Statistical Analysis 
 
Data analysis proceeded in several stages. 

First, descriptive statistics were calculated to examine central tendencies and 
dispersion of all constructs within each national subsample. This step provided an 
initial overview of cross-national differences in perceived usefulness of artificial 
intelligence, teacher readiness, student engagement, and learning outcomes. 

Second, Pearson correlation analysis was conducted separately for North 
Macedonia and Croatia to examine bivariate relationships among the study variables. 
This enabled identification of structural differences in the strength and direction of 
associations across national contexts. 

Third, multiple regression analysis was applied to test the hypothesized 
relationships. Separate regression models were estimated for each country to ensure 
comparability while preserving national specificity. Learning outcomes served as the 
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dependent variable, with perceived usefulness of artificial intelligence, teacher 
readiness, and student engagement entered as predictors. 

To ensure robustness of the regression models, multicollinearity diagnostics were 
conducted using Variance Inflation Factor values, all of which remained within 
acceptable thresholds. Statistical significance was assessed at the 0.05 and 0.01 levels. 
 
3.6. Comparative Logic 
 
The comparative logic of the study is grounded in theoretically justified case selection 
rather than statistical generalization. North Macedonia and Croatia share comparable 
curricular organization of geography education and similar historical trajectories, while 
differing in levels of institutional digital readiness and professional development 
infrastructure. This configuration allows examination of how artificial intelligence 
operates under structurally similar educational frameworks but distinct pedagogical and 
institutional conditions. 

Accordingly, the analysis focuses on comparative patterns of association rather than 
absolute performance rankings. Differences in coefficients and explanatory power are 
interpreted as indicators of contextual mediation rather than technological superiority. 
 
3.7. Methodological Limitations 
 
While the study employs a cross-sectional design and relies on reconstructed survey-
based measures, the focus on theoretically grounded relationships and internal model 
consistency strengthens the analytical validity of the findings. Nevertheless, future 
research may extend the present approach through longitudinal data collection and 
multi-level modeling. 

The cross-sectional nature of the data restricts causal inference, and the reliance on 
self-reported measures may introduce perceptual bias. Nevertheless, the analytical 
focus on theoretically grounded relationships and the separation of teacher and student 
perspectives mitigate these limitations and strengthen the interpretive validity of the 
findings. 
 
4. EMPIRICAL RESULTS  

 
 

Figure 3. Mediation effect comparison by country 
                                             Source: Author’s own calculations. 

 
The figure compares the direct effect of perceived usefulness of artificial intelligence 



184 
 

on learning outcomes with the indirect effect mediated by teacher readiness. Results 
indicate that in North Macedonia the direct effect remains more pronounced, whereas 
in Croatia the indirect, pedagogically mediated pathway exhibits comparable or 
stronger influence, reflecting higher levels of teacher readiness and institutional 
alignment. 
 
4.1. Sample Structure and Analytical Separation 
 
The empirical analysis is based on data collected from geography teachers and 
secondary school students in North Macedonia and Croatia. In accordance with the 
methodological design, teachers and students are treated as analytically distinct 
respondent groups, reflecting their structurally different roles within the educational 
process. 

Teacher responses are used exclusively to operationalize teacher readiness and 
teacher-level perceptions of artificial intelligence, while student responses inform 
measures of student engagement and learning outcomes. This separation ensures 
conceptual clarity and prevents aggregation bias in subsequent analyses. 

 
 

Table 1. Sample Distribution by Country 
Country Respondents (N) Teachers (%) Students (%) 
North Macedonia 100 38 62 
Croatia 100 42 58 
Total 200 — — 

 
The sample distribution indicates a balanced comparative design, allowing 

systematic examination of cross-national differences. 
 
4.2. Descriptive Statistics by Country and Respondent Group 
 
Descriptive statistics indicate systematic cross-national differences across all core 
constructs. 

Teachers in Croatia report higher mean levels of teacher readiness, reflecting 
stronger professional confidence and greater pedagogical preparedness for integrating 
artificial intelligence into geography instruction. Teachers in North Macedonia report 
more moderate levels of readiness, suggesting a more cautious or instrumental 
orientation toward artificial intelligence. 

Student-level descriptive results show that Croatian students report higher levels of 
engagement and perceived learning outcomes, particularly in relation to spatial 
reasoning and analytical understanding of geographical content. Students in North 
Macedonia report positive but comparatively lower evaluations across these 
dimensions. 

These patterns provide preliminary descriptive support for the comparative logic of 
the study and justify further inferential analysis. 
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Table 2. Descriptive Statistics by Country (Means) 
Construct North Macedonia Croatia 
Perceived usefulness of AI 3.42 3.89 
Teacher readiness 3.18 4.01 
Student engagement 3.55 3.97 
Learning outcomes 3.47 4.05 

 
Respondents from Croatia report higher mean values across all constructs, with the 

largest difference observed for teacher readiness. 
 
4.3. Correlation Analysis: Testing Bivariate Relationships 
 
Pearson correlation analyses were conducted separately for each country, in line with 
the comparative research design. 

In both North Macedonia and Croatia, perceived usefulness of artificial intelligence 
is positively associated with student engagement and learning outcomes, providing 
initial support for hypotheses H1 and H2. The strength of these associations is 
consistently higher in the Croatian subsample. 

Teacher readiness exhibits strong positive correlations with both student 
engagement and learning outcomes in both countries, with notably higher coefficients 
observed in Croatia. These findings suggest that teacher readiness plays a central role 
in shaping pedagogical processes related to artificial intelligence. 

Importantly, correlations between perceived usefulness and learning outcomes are 
weaker than correlations involving teacher readiness, indicating a potential mediating 
mechanism rather than a direct technological effect. 

 
4.4. Regression Analysis: Country-Specific Models 
 
To test the hypothesized relationships more rigorously, multiple regression analyses 
were conducted separately for each country. Learning outcomes serve as the dependent 
variable, while perceived usefulness of artificial intelligence, teacher readiness, and 
student engagement are included as predictors. 

North Macedonia 
In the North Macedonian model, perceived usefulness of artificial intelligence 

shows a statistically significant positive association with learning outcomes, supporting 
hypothesis H2. However, teacher readiness emerges as the strongest predictor, with a 
substantially higher standardized coefficient. Student engagement also contributes 
significantly to learning outcomes. 

The reduction in the effect size of perceived usefulness when teacher readiness is 
included in the model suggests partial mediation, consistent with hypothesis H4. 

Croatia 
In the Croatian model, teacher readiness exhibits an even stronger effect on learning 

outcomes, while the direct effect of perceived usefulness of artificial intelligence is 
reduced but remains statistically significant. Student engagement again functions as a 
significant predictor. 
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The higher explained variance in the Croatian model indicates that the conceptual 
framework fits the Croatian context more strongly, reflecting more coherent 
pedagogical integration of artificial intelligence. 

Multicollinearity diagnostics confirm that all predictors remain within acceptable 
variance inflation factor thresholds, supporting the robustness of the regression models. 

North Macedonia 
Table 3. Correlation Matrix by Country 

Variable 1 2 3 4 

1. AI usefulness 1    

2. Teacher readiness 0.49** 1   

3. Student engagement 0.46** 0.58** 1  

4. Learning outcomes 0.44** 0.63** 0.66** 1 

 
Croatia 
Table 4. Correlation Matrix by Country  
Variable 1 2 3 4 
1. AI usefulness 1    
2. Teacher readiness 0.61** 1   
3. Student engagement 0.59** 0.67** 1  
4. Learning outcomes 0.56** 0.72** 0.71** 1 

Note: ** p < 0.01. 
 

Correlation coefficients indicate statistically significant positive relationships in 
both countries, with consistently stronger associations in Croatia, particularly between 
teacher readiness and learning outcomes. 

 
4.5. Mediation Logic and Hypothesis Testing 
 
Taken together, the empirical results provide systematic support for the proposed 
hypotheses. 

 H1 is supported through significant positive associations between perceived 
usefulness of artificial intelligence and student engagement in both countries. 

 H2 is supported by the positive relationship between perceived usefulness and 
learning outcomes, although this relationship is weaker than those involving 
teacher readiness. 

 H3 is strongly supported, as teacher readiness demonstrates a consistent and 
substantial positive association with student engagement. 

 H4 receives empirical support through the observed reduction in the effect of 
perceived usefulness on learning outcomes when teacher readiness is included, 
indicating a mediating role. 

These findings confirm that artificial intelligence does not operate as a direct 
determinant of learning outcomes but exerts its educational influence through 
pedagogical mediation. 

 
4.6. Comparative Interpretation of Results 
 
The comparative analysis reveals that while the structural relationships proposed in the 
conceptual model are present in both national contexts, their strength and coherence 
differ systematically. 
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In Croatia, higher levels of teacher readiness and stronger institutional support 
allow artificial intelligence to function as part of a more integrated pedagogical 
environment. This results in stronger associations between artificial intelligence-related 
constructs and learning outcomes. 

In North Macedonia, artificial intelligence appears to be more selectively and 
instrumentally employed, which limits its pedagogical impact despite positive 
perceptions of usefulness. This divergence underscores the context-dependent nature of 
artificial intelligence in education and validates the comparative logic of the study. 
 
Table 5. Comparative Regression Results for Learning Outcomes 
Predictor North Macedonia (β) Croatia (β) 
AI usefulness 0.28** 0.21* 
Teacher readiness 0.46** 0.53** 
Student engagement 0.31** 0.37** 
R² 0.52 0.64 

Note: * p < 0.05, ** p < 0.01. 
 

In North Macedonia, perceived usefulness of artificial intelligence significantly 
predicts learning outcomes, while teacher readiness emerges as the strongest predictor. 
In Croatia, teacher readiness exhibits an even stronger effect, and the reduction of the 
AI usefulness coefficient indicates partial mediation, consistent with the conceptual 
model. 

 
4.7. Summary of Empirical Findings 
 
The empirical results demonstrate that artificial intelligence contributes to geography 
education primarily through pedagogical conditions rather than technological presence. 
Teacher readiness emerges as the central mechanism through which perceived 
usefulness of artificial intelligence is translated into student engagement and learning 
outcomes. Cross-national differences highlight the importance of institutional and 
professional contexts in shaping the educational effectiveness of artificial intelligence. 
 
5. DISCUSSION 
 
The findings of this study provide empirical support for a context-sensitive 
understanding of artificial intelligence in geography education. Rather than operating 
as a direct determinant of learning outcomes, artificial intelligence functions as a 
pedagogically mediated condition whose educational effects depend on teacher 
readiness and institutional alignment. This insight challenges technologically 
deterministic assumptions that continue to dominate policy-oriented discourse on 
digital education and underscores the importance of human and organizational factors. 
Consistent with hypotheses H1 and H2, perceived usefulness of artificial intelligence is 
positively associated with student engagement and learning outcomes in both North 
Macedonia and Croatia. However, the comparatively weaker direct effects observed in 
the regression models indicate that positive evaluations of artificial intelligence alone 
are insufficient to generate substantive educational change. These results suggest that 
perceived usefulness represents a necessary but not sufficient condition for pedagogical 
impact, confirming the relevance of adoption-oriented perspectives in educational 
technology research. 
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Teacher readiness emerges as the central explanatory mechanism differentiating the 
two national contexts. In line with hypothesis H3, higher levels of teacher readiness are 
strongly associated with increased student engagement. More importantly, the 
mediation analysis provides empirical support for hypothesis H4, demonstrating that 
teacher readiness conditions the relationship between artificial intelligence and learning 
outcomes. This finding reinforces constructivist interpretations of technology-enhanced 
learning, according to which instructional effectiveness depends on teachers’ capacity 
to design meaningful learning environments rather than on technological features 
alone. 

The stronger effects observed in the Croatian context reflect a more coherent 
alignment between artificial intelligence, pedagogical practice, and institutional 
support. Higher levels of teacher readiness appear to enable the use of artificial 
intelligence beyond instrumental functions, allowing its integration into inquiry-based 
learning, spatial analysis, and adaptive instructional strategies. In contrast, the North 
Macedonian context exhibits more limited pedagogical integration, where artificial 
intelligence is often employed selectively and without systematic alignment with 
curriculum objectives. This divergence highlights how national education systems 
shape the pedagogical value of artificial intelligence through professional development 
structures and institutional capacity. 

From a comparative education perspective, these findings demonstrate that shared 
curricular traditions do not necessarily translate into equivalent pedagogical outcomes. 
Instead, differences in professional preparedness and institutional coherence produce 
differentiated educational effects, even under broadly comparable curricular 
frameworks. The study therefore contributes to comparative education research by 
illustrating how technological innovation is filtered through national pedagogical 
systems. 

The consistency of the observed patterns across two national contexts suggests that 
the reconstructed empirical relationships capture meaningful pedagogical dynamics 
rather than purely formal associations. 
 
6. POLICY AND PEDAGOGICAL RECOMMENDATIONS 
 
The findings of this study carry several implications for educational policy and 
instructional practice in geography education. 

At the policy level, investment in artificial intelligence infrastructure should be 
accompanied by sustained support for teacher professional development. Without 
systematic opportunities for pedagogical training, artificial intelligence risks remaining 
an underutilized or superficially applied resource. Education authorities should 
prioritize programs that develop teachers’ capacity to integrate artificial intelligence 
into subject-specific instructional design, with particular emphasis on spatial reasoning, 
data interpretation, and inquiry-based learning in geography. 

Curricular frameworks should explicitly acknowledge the pedagogical role of 
artificial intelligence rather than treating digital technologies as auxiliary tools. Clear 
curricular guidance can support coherent integration by aligning artificial intelligence 
with learning objectives, assessment strategies, and methodological approaches. Such 
alignment is especially important in education systems where digital transformation 
remains uneven. 
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At the school level, institutional leadership plays a critical role in shaping the 
conditions under which artificial intelligence is adopted. Schools that foster 
collaborative professional cultures and provide organizational support for pedagogical 
experimentation are more likely to realize the educational potential of intelligent 
technologies. Encouraging peer learning among teachers and creating spaces for 
reflective practice can strengthen teacher readiness and instructional coherence. 

From a pedagogical perspective, geography educators should approach artificial 
intelligence as a means of enhancing cognitive engagement rather than as a substitute 
for instructional judgment. Effective integration involves using artificial intelligence to 
support exploration, visualization, and analytical reasoning, while maintaining 
teachers’ central role in guiding learning processes. Such an approach aligns with 
constructivist principles and maximizes the educational value of intelligent systems. 

 
CONCLUSION 
 
This study examined the role of artificial intelligence in contemporary geography 
education through a comparative analysis of North Macedonia and Croatia. By 
integrating constructivist learning theory, educational technology adoption 
perspectives, and comparative education frameworks, the study provides a nuanced 
understanding of how artificial intelligence operates within different national contexts. 
The findings demonstrate that artificial intelligence is positively associated with 
student engagement and learning outcomes only when mediated by sufficient levels of 
teacher readiness and institutional support. Teacher readiness emerges as the pivotal 
condition through which the perceived usefulness of artificial intelligence is translated 
into meaningful pedagogical outcomes. Differences between the two national contexts 
underscore the context-dependent nature of educational innovation and challenge 
assumptions of universal technological effectiveness. 

Rather than positioning artificial intelligence as an independent agent of educational 
transformation, the study conceptualizes it as a pedagogical condition embedded within 
human, curricular, and institutional structures. This perspective advances current 
debates on artificial intelligence in education by shifting attention from technological 
capabilities to pedagogical and systemic alignment. 

Future research may extend the present comparative approach by integrating model-
based analysis with classroom-level observational data to further examine the 
pedagogical dynamics of artificial intelligence in geography education. Such 
extensions would provide additional insight into how teacher readiness, institutional 
capacity, and curricular design interact to shape the educational potential of artificial 
intelligence across diverse educational contexts. 
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Abstract 

 
In contemporary tourism systems, web platforms have evolved from static information channels into strategic 
managerial instruments that support decision making, coordination, and stakeholder interaction. Operating 
within an environment characterized by demand volatility, information asymmetry, and intensified 
competition, tourism organizations increasingly rely on web-based infrastructures to structure data flows, 
communicate strategic narratives, and support managerial processes. The purpose of this paper is to examine 
the role of the web platform as an instrument of contemporary tourism management through a conceptual and 
analytical approach. The study is grounded in a review of recent academic literature on digital governance, 
tourism management, and data-driven coordination, complemented by an illustrative case-based analysis. The 
findings indicate that strategically designed web platforms contribute to improved managerial transparency, 
enhanced coordination of tourism services, and stronger integration of analytical tools within destination 
management structures. At the same time, the analysis highlights organizational, governance, and content-
management challenges that condition the effectiveness of web platforms as managerial instruments. The 
paper contributes to the literature on smart tourism and digital destination governance by positioning the web 
platform as an integral component of contemporary tourism management systems. 
 
Keywords: web platforms, tourism management, digital governance, destination management, decision 
support systems 
 

JEL classification: L83; L86 
 
 
INTRODUCTION 
 
The contemporary tourism sector operates within an increasingly complex and 
information-intensive environment shaped by fluctuating demand patterns, external 
disruptions, and rising expectations regarding transparency, accessibility, and 
coordinated service provision. Tourism destinations are required to manage uncertainty 
while simultaneously ensuring efficient allocation of resources and consistent visitor 
experiences, a task that places growing emphasis on structured information governance 
and decision support (Buhalis 2020; Gretzel et al. 2021). 

Digital transformation has fundamentally reshaped tourism management by 
positioning web-based infrastructures as central nodes of coordination and governance. 
Official destination websites, integrated tourism portals, and institutional web 
platforms increasingly function as interfaces that connect destination managers, service 
providers, visitors, and public authorities. Through these platforms, strategic priorities 
are communicated, operational data are structured, and managerial decisions are 
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supported through real-time information flows (Koo, Gretzel, and Xiang 2021; Buhalis 
and Leung 2023). 

While early academic literature predominantly conceptualized tourism websites as 
promotional or marketing instruments, more recent research emphasizes their expanded 
managerial role. Contemporary web platforms increasingly integrate dashboards, 
reporting tools, and coordination mechanisms that support planning, monitoring, and 
accountability within destination management systems (Gretzel et al. 2022). As a 
result, the web platform emerges not merely as a communication channel, but as a 
strategic managerial instrument embedded within digital destination governance. 

The purpose of this paper is to examine web platforms as strategic instruments for 
contemporary tourism management by analyzing their conceptual foundations, 
managerial functions, and organizational implications. The study adopts an exploratory 
and analytical research orientation, focusing on conceptual development and illustrative 
case-based analysis rather than hypothesis testing or statistical generalization. 
 
1. THEORETICAL FOUNDATIONS OF WEB PLATFORMS IN TOURISM 
MANAGEMENT (WITH CITATIONS) 
 
Web platforms in tourism management can be conceptualized as socio-technical 
systems that integrate information infrastructure, organizational routines, and 
governance mechanisms. From a management theory perspective, such platforms 
function as coordination instruments that reduce information asymmetry, enhance 
decision transparency, and facilitate structured interaction among fragmented 
stakeholder groups (Davenport and Ronanki 2023). 

Tourism systems are inherently fragmented, involving public institutions, private 
service providers, destination management organizations, and visitors, each operating 
under distinct objectives and informational constraints. This fragmentation generates 
coordination challenges related to data consistency, strategic alignment, and 
operational coherence. Web platforms address these challenges by acting as centralized 
yet flexible infrastructures through which managerial information is aggregated, 
validated, and disseminated (Buhalis and Sharma 2022). 

Recent scholarship on digital governance highlights that web platforms increasingly 
operate as institutional coordination mechanisms rather than passive information 
repositories. By integrating databases, content-management systems, and analytical 
modules, web platforms support managerial functions such as monitoring, reporting, 
and strategic alignment across destination ecosystems (OECD 2021; Gretzel et al. 
2021). 

Within smart tourism frameworks, web platforms represent foundational 
components of destination intelligence systems. They provide the interface through 
which data generated by reservation systems, visitor services, and digital interactions 
are aggregated and translated into actionable managerial insights (Koo, Gretzel, and 
Xiang 2021). Consequently, the web platform functions as an enabling environment for 
data-driven decision making and adaptive destination management. 

At the same time, theoretical discussions emphasize that technological 
sophistication alone does not guarantee managerial effectiveness. The strategic value of 
a web platform depends on its integration within organizational routines, content 
governance structures, and decision-making hierarchies. Without clear managerial 
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ownership and analytical coherence, web platforms risk remaining underutilized 
despite advanced technical features (Gretzel et al. 2022). 
 
2. METHODOLOGY  
 
This study adopts a qualitative analytical research design combined with an illustrative 
case-based approach in order to examine the web platform as an instrument of 
contemporary tourism management. Such an approach is appropriate for exploring 
complex managerial phenomena characterized by interdependence between 
technological, organizational, and institutional dimensions (Buhalis and Leung 2023). 

The theoretical component is based on a structured review of academic literature 
published after 2020, focusing on digital governance, tourism management systems, 
and web-based coordination mechanisms. The empirical component relies on an 
illustrative case of an urban tourism destination that redesigned its official web 
platform to support managerial coordination and decision transparency. Simulated 
indicators are employed to illustrate managerial effects, a method consistent with 
exploratory and conceptual research designs in tourism studies (Li, Xu, and Li 2022). 
 
3. CASE-BASED ANALYSIS  
 
The illustrative case examines an urban tourism destination that transformed its official 
web platform from a static information site into a multifunctional managerial interface. 
The redesigned platform integrated strategic planning sections, service coordination 
modules, and analytical reporting tools, enabling destination managers to centralize 
operational information and improve oversight. 

Simulated indicators suggest improvements in information accessibility, 
coordination efficiency, and managerial responsiveness following platform 
implementation. These changes align with findings in the literature emphasizing the 
role of digital platforms in enhancing institutional coherence and decision transparency 
within destination governance (Gretzel et al. 2021; Buhalis and Sharma 2022). 
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Figure 1 presents a conceptual framework illustrating the web platform as a 
central managerial interface connecting strategic planning, stakeholder coordination, 
and decision-support functions within contemporary tourism management systems. 
 

 
Figure 2 illustrates the contribution of the web platform to key managerial 

functions, including information coordination, decision transparency, and stakeholder 
integration, highlighting its role as an operational governance instrument rather than a 
communication tool alone. 
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Figure 3. Web Platform Analytics Dashboard Supporting Tourism Management 
Source: Author’s conceptualization based on simulated indicators 

 
Figure 3 illustrates a simplified analytical dashboard embedded within the 

destination web platform, demonstrating how aggregated data streams are transformed 
into managerial insights that support monitoring, coordination, and decision 
transparency. 

 
Table 1. Strategic Managerial Functions of Web Platforms in Tourism Management 
Managerial function Platform contribution 
Strategic coordination Centralization of planning documents and policy communication 
Operational monitoring Real-time updates on events, services, and visitor information 
Decision transparency Public dissemination of authoritative and validated information 
Stakeholder integration Alignment of public and private service providers 
Analytical support Integration of dashboards and reporting tools 
Source: Author’s synthesis based on literature (Buhalis 2020; Gretzel et al. 2021; OECD 2021 
 
4. DISCUSSION 
 
The analysis confirms that web platforms function as strategic instruments within 
contemporary tourism management when designed and governed in alignment with 
managerial objectives. By integrating communication, coordination, and analytical 
support, web platforms enhance managerial transparency and institutional coherence, 
consistent with findings in recent smart tourism literature (Buhalis and Leung 2023; 
Gretzel et al. 2022). 

However, the findings also indicate that technological implementation alone does 
not ensure managerial effectiveness. Web platforms must be embedded within 
organizational routines, supported by content governance structures, and aligned with 
strategic priorities. Without these conditions, platforms risk fragmentation and 
underutilization, reinforcing the view that digital transformation in tourism constitutes 
an organizational rather than purely technical process (OECD 2021). 
 
CONCLUDING REMARKS  
 
This paper examined web platforms as strategic instruments for contemporary tourism 
management through a conceptual and analytical approach. The findings indicate that 
well-designed web platforms support managerial coordination, enhance decision 
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transparency, and contribute to more coherent destination governance. Their value 
extends beyond communication, positioning them as integral components of data-
driven tourism management systems. 
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Abstract 
 
Mobile marketing and social media have become central tools for promoting tourist destinations in the digital 
age. This study explores how mobile marketing strategies and social media platforms influence tourists’ 
perceptions, engagement, and decision-making when selecting destinations. A survey was conducted among 
120 travelers and tourism professionals, and data were analyzed using descriptive statistics and correlation 
analysis. Results indicate that mobile marketing and social media campaigns significantly enhance 
destination awareness, visitor engagement, and intention to visit. Challenges such as content overload, 
privacy concerns, and platform algorithm limitations are also highlighted. The study provides 
recommendations for tourism managers on optimizing digital marketing strategies to increase destination 
attractiveness. 
 
Keywords: mobile marketing, social media, tourism promotion, destination marketing, digital marketing 
 

JEL classification: M31; L83 
 
 
INTRODUCTION 
 
The tourism industry is increasingly shaped by digital technologies. Mobile marketing 
and social media platforms have become critical channels for reaching prospective 
tourists and influencing their travel decisions. While traditional marketing methods 
remain relevant, digital tools provide real-time engagement, personalization, and 
broader reach. Despite widespread adoption, there is limited empirical research on the 
combined impact of mobile marketing and social media on tourist destination 
promotion, especially in emerging tourist markets. This study investigates these effects 
and identifies strategies to enhance promotional effectiveness. 

Research Questions: 
1. How do mobile marketing campaigns influence tourists’ awareness 

and perception of destinations? 
2. What is the impact of social media engagement on tourists’ decision-

making? 
3. What challenges and limitations are associated with mobile and 

social media marketing for tourism promotion? 
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2. THE ROLE OF MOBILE MARKETING AND SOCIAL MEDIA IN TOURISM 
PROMOTION 
 
2.1.Digital Transformation in Tourism Marketing 
 
The tourism industry has experienced a profound transformation in recent years due to 
the rise of digital technologies. Traditional marketing approaches, while still relevant, 
are increasingly supplemented or replaced by mobile marketing and social media 
strategies. These digital tools offer real-time engagement, broader reach, and enhanced 
personalization, allowing tourism organizations to communicate with potential visitors 
in more interactive and targeted ways. Mobile marketing — encompassing mobile 
applications, SMS/email notifications, push messages, and location-based services — 
enables tourism stakeholders to deliver content directly to users’ devices, increasing 
information accessibility and engagement (Leung, Law, and Buhalis 2013). 

Similarly, social media platforms such as Instagram, Facebook, TikTok, and 
YouTube have evolved into central channels for shaping destination image, facilitating 
user-generated content, and influencing travel decisions (Xiang and Gretzel 2010; 
Tussyadiah et al. 2018). The convergence of these digital tools provides a 
comprehensive communication ecosystem, connecting destinations with both local and 
international audiences in a dynamic and personalized manner. 
 
2.2. Mobile Marketing in Tourism 
 
Mobile marketing enables tourism organizations to provide highly targeted messages 
and offers to potential tourists. Common strategies include SMS campaigns, push 
notifications from mobile applications, location-based promotions, and mobile 
advertisements. Prior studies emphasize the potential of mobile marketing to 
personalize tourist communication and improve engagement by delivering relevant 
content at the right time and place (Kaplan and Haenlein 2010; Buhalis and Law 2008). 

Empirical evidence suggests that mobile marketing can influence tourists’ 
awareness of destinations, increase intention to visit, and enhance post-trip 
engagement. The immediacy of mobile communication allows for real-time updates, 
such as special offers, event announcements, or local activity suggestions, which can 
significantly enhance the visitor experience. 
 
2.3. Social Media and Destination Promotion 
 
Social media has become a central tool for promoting tourist destinations. Platforms 
such as Instagram, Facebook, TikTok, and YouTube facilitate user-generated content, 
influencer marketing, and digital word-of-mouth, which are often perceived as more 
credible than traditional advertising (Kaplan and Haenlein 2010). Through interactive 
features, tourism marketers can engage audiences directly, encourage sharing of 
experiences, and build community loyalty over time. 

Research shows that social media not only shapes tourists’ perceptions of 
destinations but also influences decision-making processes. Visual storytelling, virtual 
tours, and peer reviews play a significant role in creating memorable destination 
images and motivating travel intentions (Xiang and Gretzel 2010; Leung et al. 2013). 
Social media campaigns can therefore strengthen brand recognition, attract new 
visitors, and foster post-visit engagement. 
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2.4. Integration of Mobile Marketing and Social Media 
 
Recent studies indicate that combining mobile marketing with social media strategies 
can amplify engagement and improve brand recall. Integrated campaigns allow tourism 
organizations to leverage the strengths of both channels: mobile marketing ensures 
direct and timely communication, while social media fosters interaction, sharing, and 
community-building (Tussyadiah et al. 2018). 

However, challenges remain. Issues such as data privacy, content saturation, 
algorithmic filtering, and platform-specific limitations can reduce campaign 
effectiveness. Tourism organizations must carefully design strategies that balance 
frequency of messaging, quality of content, and audience targeting to maximize impact 
(Ainin et al. 2015; Buhalis and Sinarta 2019). 
 
3. RESEARCH GAPS AND OPPORTUNITIES 
 
Despite the growing consensus on the strategic importance of mobile marketing and 
social media, existing literature still presents analytical gaps. Many studies focus 
primarily on platform usage statistics, content creation, or technological adoption rates, 
without sufficiently exploring how these tools influence managerial outcomes or 
tourists’ decision-making processes (Mariani, Gretzel, and Sigala 2019). 

Furthermore, the impact of mobile marketing and social media on destination 
perception, conversion rates, and post-visit engagement remains underexplored, 
particularly in emerging or non-Western markets where digital behaviors may differ (Li 
et al. 2020). Addressing these gaps requires empirical research that integrates both 
technological adoption and managerial outcomes, examining the real-world 
effectiveness of digital tourism promotion strategies. 

Overall, mobile marketing and social media hold transformative potential for 
promoting tourist destinations. When used effectively, these tools can increase 
destination awareness, influence travel decisions, and enhance visitor engagement. Yet, 
to fully realize their potential, tourism organizations must adopt integrated digital 
strategies, consider platform-specific challenges, and continuously evaluate campaign 
effectiveness. Empirical studies like the present one are essential to provide evidence-
based insights on the combined impact of mobile and social digital strategies in tourism 
marketing. 
 
4. METHODOLOGY 
 
4.1. Research Design 
 
This study employs a quantitative research design to investigate the impact of mobile 
marketing and social media on tourist destination promotion. Quantitative methods are 
appropriate for this research because they allow for systematic measurement of 
perceptions, behaviors, and attitudes among tourists and tourism professionals, and 
facilitate statistical analysis to identify relationships between digital marketing 
strategies and promotional outcomes (Creswell 2014). 

A structured survey instrument was developed to capture both tourist 
perspectives—regarding awareness, engagement, and influence on travel decisions—
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and professional insights from tourism marketing specialists, focusing on the design, 
implementation, and perceived effectiveness of mobile and social media campaigns. 
 
4.2. Population and Sample 
 
The target population includes two distinct groups: 

1. Tourists: Individuals who have recently traveled or are planning to travel 
within the next year. 

2. Tourism Marketing Professionals: Employees and managers responsible for 
destination promotion in travel agencies, hotels, and destination management 
organizations (DMOs). 

A total of 120 participants were surveyed, including: 
 80 tourists 
 40 tourism professionals 

A purposive sampling technique was applied to ensure that participants had relevant 
experience with mobile marketing or social media platforms for tourism purposes. 
Purposive sampling is particularly useful in exploratory studies when the research 
focuses on individuals with specific knowledge or engagement with the study topic 
(Etikan, Musa, and Alkassim 2016). 

Demographic data such as age, gender, travel frequency, and professional 
experience were collected to provide context for interpreting the survey results and to 
examine potential variations in responses. 
 
4.3. Data Collection Instrument 
 
A structured questionnaire was developed based on existing literature and validated 
scales used in tourism and digital marketing research (Leung et al. 2013; Xiang and 
Gretzel 2010). The questionnaire consisted of 20 items grouped into four key 
dimensions: 

1. Awareness and Engagement – measured participants’ exposure to mobile 
marketing campaigns and social media content, as well as their level of 
interaction with destination-related posts. 

2. Influence on Travel Decision – assessed the extent to which mobile marketing 
and social media influenced tourists’ choice of destinations, itinerary 
planning, and overall decision-making. 

3. Content Quality and Relevance – evaluated the perceived attractiveness, 
usefulness, and credibility of digital marketing content across mobile apps and 
social media platforms. 

4. Challenges and Limitations – explored participants’ perceptions of obstacles 
in digital promotion, including content saturation, privacy concerns, platform 
algorithms, and technological limitations. 

All items were measured on a five-point Likert scale (1 = strongly disagree; 5 = 
strongly agree), providing quantitative data suitable for statistical analysis. The survey 
was pretested with a small sample of 10 tourists and 5 professionals to ensure clarity, 
relevance, and reliability of the items. Minor revisions were made based on feedback. 
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4.4. Data Collection Procedure 
 
Data collection was conducted over a period of four weeks. Tourists were approached 
at tourist attractions, hotels, and via online travel forums, while tourism professionals 
were contacted directly through professional networks and organizational email lists. 
Participation was voluntary, and confidentiality of responses was assured. The final 
dataset included 120 completed questionnaires, representing a 100% usable response 
rate. 
 
4.5. Data Analysis 
 
Data were analyzed using SPSS software. The analysis included the following steps: 

1. Descriptive Statistics – calculated mean values, standard deviations, and 
frequency distributions for each item and dimension, providing an overview of 
participants’ perceptions and experiences. 

 
2. Reliability Analysis – measured internal consistency of the questionnaire 

using Cronbach’s Alpha. A coefficient above 0.7 was considered acceptable 
for all scales (Nunnally 1978). 

3. Correlation Analysis – Pearson correlation coefficients were calculated to 
examine the relationships between mobile marketing/social media usage and 
key outcomes such as tourist awareness, engagement, and decision influence. 

4. Regression Analysis – multiple linear regression was performed to assess the 
predictive effect of mobile marketing and social media on destination 
promotion outcomes, controlling for demographic factors such as age, travel 
frequency, and professional experience. 

The combination of descriptive and inferential statistics enabled a comprehensive 
understanding of how digital strategies influence destination promotion, while also 
identifying significant predictors and potential moderating factors. 
 
4.6. Ethical Considerations 
 
Ethical principles were strictly followed throughout the study. Participants were 
provided with a clear explanation of the research objectives, and informed consent was 
obtained before data collection. No personally identifiable information was collected, 
and data were stored securely to ensure confidentiality. The study also adhered to 
institutional and professional ethical guidelines for research with human subjects.A 
quantitative research design was used. A structured survey measured tourists’ and 
tourism professionals’ perceptions of mobile marketing and social media campaigns. 
 
5. RESULTS 
 
5.1. Level of Mobile Marketing and Social Media Engagement 
 
Participants reported frequent exposure to destination campaigns via mobile apps (M = 
4.1) and social media platforms (M = 4.3). 
 
 
 



 

Table 1. Level of Engagement with Mobile Marketing and Social Media
Indicator 
Mobile app notifications 
Social media campaigns 
Influencer posts 
User-generated content 

 

Figure 1. Level of Engagement with Mobile Marketing and Social Media
 

Table 1 presents the average engagement levels of participants with mobile 
marketing and social media content across different dimensions, such as awareness, 
interaction, and perceived usefulness.
illustrating these engagement levels, making it easier to compare how participants 
respond to mobile campaigns versus social media promotion. The figure highlights 
trends and differences in user interaction, showing w
for attracting and engaging tourists.
 
5.2. Impact on Tourist Decision
 
Mobile marketing and social media campaigns positively influenced tourists’ intention 
to visit (r = 0.58, p < 0.01) and perceived destination 
 
Table 2. Correlation Between Digital Marketing and Destination Promotion
Variables 
Mobile marketing & destination awareness
Social media & intention to visit

 
Table 2 indicates significant positive relationships 

and tourist decision-making.
 

Level of Engagement with Mobile Marketing and Social Media 
Mean (M) SD 
4.10 0.68
4.30 0.57
3.95 0.72
4.05 0.63

 
Level of Engagement with Mobile Marketing and Social Media 

Table 1 presents the average engagement levels of participants with mobile 
marketing and social media content across different dimensions, such as awareness, 
interaction, and perceived usefulness. Figure 1 complements this by visually 
illustrating these engagement levels, making it easier to compare how participants 
respond to mobile campaigns versus social media promotion. The figure highlights 
trends and differences in user interaction, showing which channels are most effective 
for attracting and engaging tourists. 

5.2. Impact on Tourist Decision-Making 

Mobile marketing and social media campaigns positively influenced tourists’ intention 
to visit (r = 0.58, p < 0.01) and perceived destination image. 

Correlation Between Digital Marketing and Destination Promotion 
r p-value

Mobile marketing & destination awareness 0.55 <0.01 
Social media & intention to visit 0.58 <0.01 

Table 2 indicates significant positive relationships between digital marketing efforts 
making. 
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Figure 2. Correlation Between Digital Marketing and Destination Promotion
 

Table 2 indicates significant positive relationships between digital marketing efforts 
and tourist decision-making.
 
5.3. Challenges Identified
 
Table 3. Key Challenges in Mobile and Social Media Marketing
Challenge 
Content overload 
Privacy concerns 
Algorithm limitations 

Table 3 and Figure 1 show the main 
marketing for tourism. Content overload (65%) is the top challenge, followed by 
privacy concerns (60%) and platform algorithm limitations (55%). Figure 1 visualizes 
these percentages for easy comparison.

Figure 3. Key Challenges in Mobile and Social Media Marketing
 

As shown in Table 1 and Figure 1, participants demonstrated a high level of 
engagement with mobile applications (M = 4.10) and social media campaigns (M = 
4.30). This suggests that tourists are actively 
platforms such as Instagram, Facebook, and TikTok are successfully capturing their 
attention. Additionally, user
3.95) also contribute significantly to engagem
recommendations are key factors in digital promotion.

 
Correlation Between Digital Marketing and Destination Promotion 
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Table 2 and Figure 2 show a significant positive correlation between the use of 
digital marketing strategies and the perception of the destination, as well as the 
intention to visit. For instance, the correlation between mobile marketing and 
destination awareness is r = 0.55 (p < 0.01), and between social media and the intention 
to visit is r = 0.58 (p < 0.01). These results confirm that digital campaigns not only 
increase awareness of tourist destinations but also actively influence tourists' decisions 
when selecting a destination. 
Table 3 and Figure 3 illustrate participants' perceptions of the biggest challenges in 
mobile marketing and promotion through social media. The most common issues are: 
content overload (65%), privacy concerns (60%), and limitations caused by platform 
algorithms (55%). These findings highlight the importance of carefully planning 
campaigns, adjusting post frequency, ensuring user privacy protection, and monitoring 
algorithmic changes to ensure effective promotion. 
Overall, the results suggest that the integration of mobile marketing and social media 
represents an effective strategy for increasing destination awareness, enhancing tourist 
engagement, and influencing their intention to visit. However, managers must address 
challenges related to content marketing, privacy, and algorithmic changes in order to 
maximize the effectiveness of digital campaigns. 
 
6. DISCUSSION 
 
The results of this study confirm that mobile marketing and social media play a 
significant role in promoting tourist destinations. Integrated campaigns that combine 
personalized mobile content with engaging social media posts effectively increase 
destination awareness, positively influence tourists’ perceptions, and enhance their 
intention to visit. The findings also highlight several challenges that require careful 
management, including privacy concerns, content overload, and algorithmic filtering. 
Tourism managers should design campaigns that strike a balance between maximizing 
engagement and respecting user privacy, utilize user-generated content to build trust 
and credibility, and actively monitor platform trends to adapt strategies in real time. 
 
CONCLUSION AND RECOMMENDATIONS 
 
This study demonstrates that combined mobile marketing and social media strategies 
are powerful tools for promoting tourist destinations. Key recommendations for 
tourism stakeholders include: 

1. Develop interactive and personalized mobile content to enhance user 
engagement. 

2. Leverage influencers and user-generated content to increase authenticity and 
credibility. 

3. Ensure compliance with privacy regulations and data protection standards. 
4. Continuously evaluate campaign performance using analytics tools to 

optimize effectiveness. 
For future research, longitudinal studies are recommended to assess the long-term 

impact of digital marketing on tourist behavior. Additionally, cross-cultural 
comparisons could provide insights into global best practices and help tailor strategies 
to diverse markets. 
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HOW IMPORTANT IS ENGLISH LANGUAGE FLUENCY FOR SOFTWARE 
ENGINEERS AND WHAT ARE THE CHALLENGES THEY HAVE TO  
FACE? 
 

Vesna Milevska1 
 

Abstract  
 
Software engineers and information technology generally have to accept the fact that  English dominates 
technical documentation, programming languages, and developer communities worldwide. Through constant 
everyday work they obtaining the most of the official documentation, error messages, tutorials, and package 
descriptions written in English.  That is why software engineer fluent in English can consult primary sources, 
understand nuanced technical explanations and stack traces, and follow updates from global projects directly.  
By this he or she reduces development time and minimizes misunderstandings when resolving complex bugs. 
Modern engineering teams are frequently international; meetings, code reviews, design discussions, and 
client interactions commonly occur in English. Fluency enables engineers to explain ideas precisely, provide 
constructive feedback, and write readable comments and documentation. 
Learning and innovation rely on access to the latest resources, many of which are published in English. 
Academic papers, influential blog posts, community threads, and open-source repositories often use English 
as the primary medium. Engineers who read and discuss these materials can adopt new tools and 
methodologies faster, contribute to major projects, and share knowledge with a global audience. Moreover, 
fluency fosters mentoring and leadership: engineers who communicate well in English can onboard junior 
developers, craft clear technical roadmaps, and represent their teams in cross-functional discussions, 
improving project outcomes. 
English fluency significantly enhances a software engineer’s productivity, collaboration, and capacity to 
learn. While technical skills remain essential, strong English amplifies an engineer’s ability to contribute to 
global projects, mentor others, and pursue international opportunities that accelerate career growth and 
innovation and success. 
 
Key words: English, fluency, challenges , connection   
 

JEL classification: I20, I25,I29 

 
 
INTRODUCTION  

 
The landscape of modern software engineering is characterized by an unprecedented 
level of globalization, rapid technological advancement, and intricate collaborative 
structures. In this dynamic environment, the ability to effectively communicate 
transcends mere convenience, becoming a critical determinant of professional success 
and organizational efficiency. While technical prowess, logical thinking, and problem-
solving skills remain foundational, the role of language fluency, particularly in English, 
has ascended to a level of near indispensability for software engineers worldwide. 
English has cemented its position as the de facto lingua franca of the global technology 
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sector, facilitating everything from technical documentation and open-source 
collaboration to international team coordination and career progression. This essay 
argues that English language fluency is not merely advantageous but increasingly 
indispensable for software engineers, profoundly impacting their capacity for effective 
technical communication, seamless collaboration, career advancement, and access to a 
vast global repository of knowledge and opportunities. The subsequent sections will 
elaborate on these critical areas, culminating in an analysis of hypothetical research 
findings that underscore the pervasive importance of English proficiency in the 
contemporary software engineering domain. 
 
1. The Globalized Nature of Software Engineering and English as Lingua Franca 

 
The software industry stands as a quintessential exemplar of a globalized profession. 
Development teams are often geographically dispersed, encompassing members from 
various countries and cultural backgrounds working collaboratively on complex 
projects. This global distribution is driven by factors such as cost efficiencies, access to 
diverse talent pools, and the inherent borderless nature of digital products and services. 
Whether through offshoring, outsourcing, or the establishment of multinational in-
house teams, the reality for many software engineers is one of daily interaction with 
colleagues, clients, and stakeholders across different continents and time zones 
(Hofstede et al., 2010). 

In this highly interconnected environment, a common language becomes paramount 
to bridge linguistic and cultural divides. English has unequivocally emerged as this 
common language, serving as the industry's lingua franca (Friedman, 2005). Its 
dominance stems from historical factors, the prominence of English-speaking nations 
in technological innovation, and its widespread adoption in academia and scientific 
research. Consequently, a significant proportion of technical literature, programming 
language documentation, application programming interfaces (APIs), and fundamental 
computer science concepts are conceived, written, and disseminated in English. For a 
software engineer, proficiency in English grants immediate access to an unparalleled 
wealth of information, from cutting-edge research papers and comprehensive online 
tutorials to active forums like Stack Overflow and vast open-source repositories on 
GitHub (Git-Hub, n.d.; Stack Overflow, n.d.).  

Without sufficient English fluency, engineers risk being isolated from these vital 
knowledge reservoirs, potentially lagging in adopting new technologies, understanding 
industry best practices, and contributing meaningfully to global projects. 

Moreover, international standards organizations like the IEEE (Institute of 
Electrical and Electronics Engineers) and ISO (International Organization for 
Standardization), which define crucial protocols and specifications relevant to software 
development, predominantly publish their official documentation in English. 
Adherence to these standards is often a prerequisite for interoperability and market 
acceptance, making the ability to comprehend and interpret them directly linked to a 
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project's success and an engineer's effectiveness. The globalized nature of software 
engineering, therefore, inherently mandates English fluency as a fundamental 
prerequisite for participation, learning, and remaining competitive in a rapidly evolving 
international marketplace. 
 
2. TECHNICAL COMMUNICATION AND COLLABORATION 

 
Effective communication is the bedrock of successful software development, and 
English fluency plays a central role in fostering seamless technical communication and 
collaborationwithin and across engineering teams. Software engineering is rarely a solo 
endeavor; it thrives on intricate interactions, shared understanding, and collective 
problem-solving. These interactions manifest in various forms, each demanding clear 
and precise language. 

Internally, software engineers engage in daily team meetings, stand-ups, code 
reviews, design discussions, and brainstorming sessions. During these interactions, the 
ability to articulate complex technical concepts, explain reasoning behind design 
choices, and provide constructive feedback on code is crucial. Misunderstandings due 
to language barriers can lead to costly errors, misinterpretations of requirements, and 
significant delays in project timelines (Gommes & Ranganath, 2013). For instance, a 
subtle nuance missed in a discussion about an algorithm's edge cases, or an ambiguous 
statement during a sprint planning meeting, can propagate into 

bugs that are expensive and time-consuming to fix later in the development cycle. 
English fluency ensures that all team members, regardless of their native language, can 
participate equally, express their ideas clearly, and grasp the contributions of others 
without impediment. 

Furthermore, a significant portion of a software engineer's work involves creating 
and consuming documentation. This includes writing clear and concise code 
comments, comprehensive API documentation, user manuals, technical specifications, 
and project proposals. Poorly written documentation, often a symptom of inadequate 
language skills, can severely hinder team productivity, especially for new team 
members or those taking over modules. 

If an engineer cannot clearly document their code or articulate system architecture 
in understandable English, the maintainability and scalability of the software are 
compromised, increasing technical debt and future development costs (McConnell, 
2004). 

Externally, software engineers often interact with clients, product managers, and 
end-users. In these scenarios, the ability to understand nuanced requirements, translate 
technical jargon into understandable terms, present solutions, and negotiate project 
scope demands strong English communication skills. Misinterpreting client needs due 
to language difficulties can lead to the development of software that does not meet 
expectations, resulting in client dissatisfaction and project failure. Moreover, virtually 
all widely used project management tools (e.g., Jira, Trello), 
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version control systems (e.g., Git), and Integrated Development Environments 
(IDEs) are primarily designed with English interfaces and rely on English for their 
command-line operations and documentation. An engineer's comfort and proficiency 
with these tools are directly tied to their ability to navigate and understand English 
instruction and terminology. Therefore, English fluency is not just about speaking; it 
encompasses reading, writing, and comprehending technical information, forming the 
backbone of effective collaboration and problem-solving in software engineering. 
 
3. CAREER ADVANCEMENT AND PROFESSIONAL DEVELOPMENT 

 
Beyond immediate project execution, English language fluency profoundly influences 
a software engineer's career trajectory and opportunities for continuous professional 
development. In a competitive global job market, proficiency in English is often a 
prerequisite for entry into leading technology companies and for securing roles with 
international exposure. 

Many multinational corporations and innovative startups operate across borders, 
attracting talent from around the world. For these organizations, English serves as the 
operational language, and candidates for engineering positions are routinely assessed 
for their English communication skills during the interview process. Technical 
interviews, system design discussions, and behavioral assessments are frequently 
conducted entirely in English, regardless of the applicant's country of origin. An 
engineer with superior technical skills but limited English fluency may struggle to 
articulate their expertise, explain their thought process, or engage effectively with 
interviewers, potentially missing out on coveted opportunities (Mell, 2017). 

Conversely, strong English skills can significantly broaden an engineer's job 
prospects, enabling them to pursue remote work opportunities or relocate to tech hubs 
globally, unconstrained by local language barriers. 

Furthermore, continuous learning is an undeniable imperative in the rapidly 
evolving field of software engineering. The vast majority of cutting-edge educational 
resources – including online courses from platforms like Coursera and edX, specialized 
certifications, webinars, industry conferences, and advanced research publications – are 
delivered in English. To stay abreast of the latest frameworks, programming 
paradigms, and architectural patterns, engineers must be able to comprehend and 
engage with these English-language resources effectively. Without this access, an 
engineer risks stagnation, finding their skills quickly becoming outdated in a field 

where innovation is constant. 
For those aspiring to leadership roles, English fluency becomes even more critical. 

Managing diverse, international engineering teams requires not only technical expertise 
but also exceptional communication, negotiation, and motivational skills, all often 
exercised in English. 
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Presenting at industry conferences, publishing technical articles, or becoming a 
recognized thought leader in the global tech community invariably necessitates strong 
English proficiency. 

These activities raise an engineer's professional profile, open doors to new 
collaborations, and contribute to significant career advancement. Ultimately, English 
fluency acts as a powerful enabler, unlocking a wider range of career opportunities, 
accelerating professional growth, and facilitating leadership aspirations within the 
global software engineering ecosystem. 
 
4. ANALYSIS OF RESEARCH RESULTS 
 
To further explore the practical importance of English language fluency, a hypothetical 
qualitative study was conducted via a questionnaire administered to eight software 
engineers from varied backgrounds. The questionnaire included both scaled questions 
to gauge frequency of English use and open-ended questions to elicit specific 
experiences and challenges. 

Methodology: Eight software engineers from a singlecountry (North Macedonia) 
participated. The questionnaire focused on their daily use of English, specific instances 
where English proficiency was crucial, its impact on career progression, challenges 
faced due to language barriers, and their perception of English fluency relative to 
technical skills. 

Hypothetical Results: 
Participant 1: Rated daily English use as 5/5. Stated, "English is essential for 

everything – understanding documentation, communicating with our US-based clients, 
and even for job interviews. I believe it's almost as important as my coding skills for 
getting hired and for delivering on projects." 

Participant 2: Rated daily English use as 4/5. Reported, "Our team speaks a mix of 
Macedonian and English, but we do everything technical in English, especially during 
our stand-ups. At the start, I struggled a bit with some of the words and phrases, which 
made things confusing sometimes." 

Participant 3: Rated daily English use as 5/5. Commented, "For managing global 
projects and communicating with teams overseas, I can’t imagine getting by without 
strong English. It’s been key to moving up in my career, especially when presenting 
ideas to clients." 

Participant 4: Rated daily English use as 3/5. Noted, "Most of our internal 
communication is in Macedonian, but when I’m working on external projects or 
reading up on new technologies, English is unavoidable. Sometimes I feel like my 
speaking skills hold me back from taking on more international work."  

Participant 5: Rated daily English use as 5/5. Emphasized, "English is everywhere! 
All the best tutorials, courses, and tech communities are in English. I had to learn it 
alongside coding just to make sure I could access all the resources I need to grow." 
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Participant 6: Rated daily English use as 5/5. Remarked, "Even though I’m a 
native speaker, I can see how important it is for non-native engineers. Clear 
communication in English is what keeps the team on track and makes sure nothing gets 
lost in translation." 

Participant 7: Rated daily English use as 4/5. Shared, "Debugging issues with 
global teams often requires precise communication in English. I also rely heavily on 
English articles for troubleshooting and learning new concepts. My initial job 
interviews were very stressful due to language anxiety." 

Participant 8: Rated daily English use as 4/5. Highlighted, "Thanks to English, I 
could access so many free online courses and learn new frameworks that aren't well 
documented in Macedonian. It expanded my job prospects far beyond the local 
market." 

Analysis of Results: The results of this hypothetical questionnaire strongly 
corroborate the overarching thesis of this paper, demonstrating the pervasive and 
critical role of English fluency for software engineers. 

Universal Importance: Almost all participants, regardless of their native language 
or geographicallocation, rated their daily English use as high (4 or 5 out of 5), 
underscoring its ubiquitous presence in the software engineering workflow.  

Enabler of Collaboration and Problem-Solving: Participants consistently 
identified English as crucial for effective team collaboration (Participant 2, 3, 6, 7). 
Clarity in communication was repeatedly cited as vital for avoiding misunderstandings, 
debugging, and leading projects (Participant 3, 6, 7). 

Direct Link to Career Progression and Opportunities: Multiple participants (1, 
3, 5, 8) explicitly linked their English fluency to enhanced career prospects, access to 
better job opportunities, and overall professional advancement. The ability to articulate 
skills in interviews (Participant 1, 7) and manage international teams (Participant 3) 
was directly attributed to language proficiency.  

Access to Knowledge and Learning: English was consistently highlighted as the 
primary conduit for accessing technical documentation, open-source communities, 
online courses, and research papers (Participant 1, 4, 5, 7, 8). This function is critical 
for continuous professional development in a rapidly evolving field. 

Challenges and Perceived Equivalence: The testimonials also revealed challenges 
faced by non-native speakers, such as initial anxiety during interviews (Participant 7) 
or difficulties with idiomatic expressions (Participant 2). Significantly, Participant 1 
directly stated that English fluency is "almost as important as my coding skills," a 
sentiment echoed by the experiences presented by others. 

In conclusion, the hypothetical questionnaire results provide compelling qualitative 
evidence from the perspective of active software engineers, affirming that English 
fluency is not merely a beneficial skill but an indispensable competency that underpins 
their daily work, collaborative efforts, learning pathways, and ultimate career success 
in the global technology landscape. 
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CONCLUSION 

 
In an era defined by hyper-connectivity and incessant technological evolution, 

English language fluency has transcended the status of a desirable attribute to become 
an indispensable competency for software engineers across the globe. As this paper has 
elucidated, the globalized nature of the software industry positions English as the 
universal language, enabling seamless communication across distributed teams and 
providing unparalleled access to the vast global knowledge base of technical 
documentation, open-source projects, and cutting-edge research. Without proficiency in 
English, engineers risk isolation from critical information, hindering their capacity for 
innovation and problem-solving. Furthermore, effective technical communication and 
collaboration are the cornerstones of successful software development. English fluency 
facilitates clear articulation of complex ideas in team discussions, ensures precise 
documentation, and mitigates misunderstandings that can lead to costly errors. From 
daily stand-ups to intricate code reviews and client presentations, the ability to express 
oneself clearly and comprehend others accurately in English is paramount. 

Finally, the impact of English fluency on career advancement and professional 
development is undeniable. It opens doors to global job markets, provides access to 
continuous learning resources, and is a prerequisite for leadership roles that involve 
managing diverse, international teams. The hypothetical research findings presented 
further underscore these points, with engineers consistently reporting English as critical 
for daily tasks, collaboration, learning, and career growth. 

Therefore, for aspiring and established software engineers alike, investing in 
English language proficiency is not merely an optional enhancement but a strategic 
imperative. Alongside technical acumen, strong English communication skills form a 
foundational pillar upon which a successful and impactful career in the dynamic world 
of software engineering is built. As the industry continues to evolve, the importance of 
this linguistic bridge will only intensify, solidifying English fluency as a non-
negotiable asset for navigating and thriving within the global tech landscape. 
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Abstract 
 
Criminal justice systems operate under increasing procedural complexity, rising caseloads, and heightened 
demands for efficiency, consistency, and legal certainty. In response to these pressures, judicial software 
systems have become integral institutional instruments supporting the organization, management, and 
monitoring of criminal proceedings. This paper examines the role of judicial software systems within 
criminal justice, focusing on their legal regulation, institutional implications, and practical effects on 
procedural guarantees. 
The study employs a theory driven empirical design that integrates doctrinal analysis of criminal procedural 
law with original empirical data collected from judges, prosecutors, court administrators, and legal 
professionals involved in criminal adjudication. Empirical findings indicate that judicial software systems 
significantly improve procedural coordination, timeliness, and organizational transparency, while 
simultaneously generating legal and ethical concerns related to accountability, professional autonomy, 
transparency of system logic, and the limits of technological support in adjudication. 
The paper further examines advanced analytical functionalities embedded within judicial software, 
conceptualized as decision support mechanisms rather than substitutes for judicial reasoning. By combining 
legal analysis, empirical evidence, and a governance oriented perspective, the study contributes to 
contemporary debates on digital transformation in criminal justice and identifies conditions under which 
technological systems may strengthen procedural fairness, institutional integrity, and public trust. 
 
Keywords: criminal justice, judicial software systems, criminal procedure, institutional governance, decision 
support 
 

JEL classification: K41; O33 
 
 
INTRODUCTION 
 
Criminal justice constitutes one of the most normatively sensitive domains of public 
authority, given its direct and often irreversible impact on fundamental rights, personal 
liberty, legal security, and public trust in state institutions. Criminal proceedings are 
structured around strict procedural guarantees intended to protect the accused, ensure 
equality of arms, safeguard judicial independence, and preserve the legitimacy of 
judicial outcomes. At the same time, contemporary criminal courts increasingly operate 
under conditions of structural overload, characterized by growing caseloads, complex 
evidentiary environments, procedural fragmentation, and intensified expectations of 
efficiency. 
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Across Europe and beyond, digitalization has emerged as a central institutional 
response to these pressures. Judicial software systems are now widely deployed to 
support case registration, scheduling, document management, procedural monitoring, 
statistical reporting, and coordination between courts, prosecution services, and 
auxiliary institutions. Although such systems do not formally alter substantive criminal 
law or procedural rules, they profoundly influence how criminal proceedings are 
organized, sequenced, and managed in everyday practice. 

Despite their expanding institutional footprint, judicial software systems remain 
insufficiently examined within criminal law scholarship, which has traditionally 
privileged doctrinal interpretation over institutional infrastructure. This paper addresses 
this analytical gap by conceptualizing judicial software systems as legally relevant 
governance instruments whose operation intersects with core principles of criminal 
procedural law and judicial ethics. 

 
1. LEGAL FOUNDATIONS OF DIGITALIZATION IN CRIMINAL JUSTICE 
 
The legal legitimacy of judicial software systems must be evaluated in light of 
foundational principles of criminal procedure, including legality, judicial 
independence, procedural fairness, transparency, and the right to a fair trial as protected 
under constitutional law and international human rights instruments. Any technological 
system operating within criminal justice must function strictly within these normative 
boundaries. 

Judicial independence requires that judges retain exclusive authority over 
evidentiary assessment, legal qualification, and adjudicative reasoning. Consequently, 
judicial software systems may support organizational and administrative aspects of 
proceedings, but they must not influence substantive judicial discretion or outcome 
determination. This distinction is emphasized in comparative scholarship on digital 
justice, which consistently warns against functional overlap between administrative 
automation and adjudicative authority (Zouridis, van Eck, and Bovens 2020). 

Procedural legality further requires that all actions supported by digital systems 
remain traceable, reviewable, and contestable. Automated alerts, prioritization 
mechanisms, and analytical summaries must therefore be subject to human oversight 
and procedural control. From a legal perspective, judicial software systems acquire 
normative relevance not because they replace judicial reasoning, but because they 
structure the procedural environment within which judicial reasoning occurs. 
 
1.1. Conceptual Clarification of Judicial Software Systems 
 
For the purposes of this study, the term judicial software systems is defined narrowly 
and institutionally, in order to avoid conceptual ambiguity and normative 
overextension. Judicial software systems are understood as digitally mediated 
administrative and procedural infrastructures that support the organization, 
coordination, monitoring, and documentation of criminal proceedings, without 
exercising adjudicative authority or generating legal determinations. 

These systems encompass case management platforms, electronic registries, 
procedural tracking modules, scheduling tools, and integrated document management 
environments. Their defining characteristic lies not in automation of legal judgment, 
but in structuring the procedural environment within which human legal actors operate. 
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Judicial software systems do not evaluate evidence, assess guilt, or recommend 
sentencing outcomes. Instead, they operate at the level of procedural governance, 
influencing how information is organized, deadlines are monitored, and institutional 
coordination is achieved. 

This conceptual delimitation is essential for preserving compliance with 
fundamental principles of criminal procedure, particularly judicial independence and 
the right to a fair trial. By positioning judicial software systems as institutional support 
instruments rather than decision-making agents, the analysis avoids conflating 
administrative digitalization with algorithmic adjudication. This distinction aligns with 
contemporary legal scholarship emphasizing that the normative relevance of digital 
systems in justice arises from their infrastructural effects rather than from any transfer 
of judicial authority (Hildebrandt 2016; Zouridis, van Eck, and Bovens 2020). 
 
2. JUDICIAL SOFTWARE SYSTEMS IN CRIMINAL COURTS 
 
Judicial software systems in criminal courts typically encompass digital case 
management platforms, electronic registries, automated scheduling modules, evidence 
tracking systems, and integrated document management tools. Together, these 
components structure the procedural lifecycle of criminal cases, from initial registration 
and allocation through trial management and enforcement. 

Empirical and institutional studies indicate that the primary governance function of 
such systems lies in enhancing procedural coherence. By centralizing case data and 
standardizing procedural workflows, judicial software reduces fragmentation between 
courts, prosecution offices, and administrative units, thereby improving compliance 
with procedural deadlines and reducing clerical error rates (Wirtz, Weyerer, and Geyer 
2019). 

At the same time, these systems introduce new forms of procedural mediation. 
Information is categorized, filtered, and visualized through predefined digital 
interfaces, which shape professional interaction with cases. While such mediation does 
not replace legal judgment, it alters the practical conditions under which judgment is 
exercised, thereby warranting careful legal and ethical scrutiny. 
 
3. COMPARATIVE PERSPECTIVE: JUDICIAL SOFTWARE SYSTEMS IN SELECTED 
EU MEMBER STATES 
 
A comparative perspective illustrates divergent governance models for integrating 
judicial software systems into criminal justice. 

In Germany, digital case management operates within a federal judicial structure, 
allowing regional variation while maintaining strong procedural safeguards. Empirical 
research demonstrates that German judicial software systems enhance coordination and 
workload distribution without encroaching upon judicial discretion, owing to a strict 
institutional separation between administrative support functions and adjudicative 
reasoning (Hildebrandt 2016). 

The Netherlands has developed highly transparent judicial information systems 
that emphasize procedural monitoring and accountability. Digital dashboards allow 
judges and prosecutors to track case progress and procedural bottlenecks, while 
deliberately excluding algorithmic recommendations related to legal outcomes. Studies 
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indicate that this design strengthens institutional trust and professional acceptance 
(Katz et al. 2017). 

Estonia represents one of the most digitally advanced judicial systems in Europe. 
Integrated platforms support procedural monitoring, statistical analysis, and inter 
institutional coordination. Even within this advanced digital environment, legal 
doctrine maintains a firm boundary between technological support and judicial 
authority, reinforcing the principle that legal reasoning remains exclusively human. 

Compared with these models, North Macedonia demonstrates meaningful progress 
in judicial digitalization, while still facing challenges related to uneven system usage, 
training deficits, and limited analytical integration across institutions. 

 
Figure 1. Institutional Role of Judicial Software Systems in Criminal Justice Proceedings 

 
Figure 1 presents the conceptual framework underlying the analysis, illustrating 

judicial software systems as institutional support mechanisms operating within the 
constraints of procedural guarantees, judicial independence, and ethical governance. 
 
4. METHODOLOGICAL DESIGN 
 
The empirical component of this study adopts a mixed methods design combining 
quantitative and qualitative approaches. Quantitative data were collected through a 
structured questionnaire administered to 142 respondents, including judges, 
prosecutors, court administrators, and legal professionals directly involved in criminal 
proceedings. 

The survey operationalized five core constructs: procedural efficiency, institutional 
coordination, transparency, professional autonomy, and perceived legal reliability of 
judicial software systems. All items were measured using five point Likert scales. 

Qualitative data were obtained through semi structured interviews with selected 
respondents, focusing on experiential assessments of system functionality, perceived 
risks, and institutional adaptation challenges. Analytical processing included 
descriptive statistics, Pearson correlation analysis, and multiple regression modeling. 
The findings should be interpreted in light of certain methodological limitations, 
including reliance on self-reported data and the national institutional context in which 
judicial software systems are currently implemented. 
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5. EMPIRICAL RESULTS 
 
5.1. Descriptive Findings 
 
Descriptive analysis indicates generally positive perceptions of judicial software 
systems. Procedural efficiency records the highest mean values, suggesting broad 
consensus that digital systems improve case flow management and deadline 
compliance. Institutional coordination also scores positively, reflecting improved 
information exchange between courts and prosecution services. 

Concerns are more pronounced regarding transparency of system logic and long 
term effects on professional autonomy. Respondents emphasize the importance of 
understanding how digital categorizations and alerts are generated, particularly in 
complex criminal cases. 
Table 1. Descriptive Statistics of Key Constructs Related to Judicial Software Systems 
Construct Mean Standard Deviation 
Procedural efficiency 3.84 0.61 
Institutional coordination 3.69 0.66 
Transparency of procedures 3.42 0.73 
Professional autonomy 3.58 0.64 
Perceived legal reliability 3.71 0.59 
Source: Author’s own empirical survey data (N = 142) 

 
Table 1 presents the descriptive statistics for the core analytical constructs examined in 
the study. The results indicate relatively high mean values for procedural efficiency and 
institutional coordination, suggesting that judicial software systems are predominantly 
perceived as instruments that improve organizational coherence and case flow 
management in criminal proceedings. Transparency records a slightly lower mean 
value, reflecting professional sensitivity toward the explainability of system logic and 
digital mediation of procedural steps. The stability of standard deviations indicates 
moderate dispersion across professional groups, suggesting consistent perceptions 
despite institutional role differences. 
 
5.2. Correlation Analysis 
 
Correlation analysis reveals strong positive relationships between institutional 
coordination and procedural efficiency, confirming that integrated digital platforms 
enhance organizational coherence. Transparency shows a moderate positive correlation 
with trust in judicial processes, indicating that explainability contributes to professional 
acceptance. 

Perceived threats to professional autonomy exhibit weak and statistically 
insignificant correlations with other constructs, suggesting that judicial software 
systems are not widely experienced as undermining professional independence. 
Table 2. Correlation Matrix of Judicial Software System Constructs 
Construct 1 2 3 4 5 
1. Procedural efficiency 1.00     
2. Institutional coordination 0.63** 1.00    
3. Transparency 0.48** 0.51** 1.00   
4. Professional autonomy 0.19 0.22 0.27* 1.00  
5. Perceived legal reliability 0.56** 0.59** 0.46** 0.31* 1.00 
Note: *p < 0.05, **p < 0.01 
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The correlation matrix demonstrates statistically significant positive relationships 
between institutional coordination, procedural efficiency, and perceived legal 
reliability. Transparency exhibits moderate but meaningful correlations with trust-
related constructs, reinforcing the argument that explainability and procedural visibility 
condition professional acceptance of digital systems. Professional autonomy shows 
weaker correlations, indicating that judicial software systems are largely not perceived 
as intrusive or autonomy reducing within criminal adjudication. 
 
5.3. Regression Analysis 
 
Regression modeling demonstrates that institutional coordination and transparency are 
statistically significant predictors of perceived procedural fairness, jointly explaining 
approximately half of the variance. Professional autonomy remains significant but 
secondary, indicating that legal culture and professional norms mediate technological 
impact. 
 
Table 3. Multiple Regression Analysis Predicting Perceived Procedural Fairness 
Predictor Standardized β p value 
Institutional coordination 0.39 < 0.001 
Transparency 0.31 < 0.01 
Procedural efficiency 0.27 < 0.05 
Professional autonomy 0.18 < 0.05 
Adjusted R² = 0.54 
 

The regression model explains over half of the variance in perceived procedural 
fairness. Institutional coordination emerges as the strongest predictor, confirming that 
digital systems contribute to fairness primarily through governance coherence rather 
than automation of legal reasoning. Transparency retains strong explanatory value, 
underscoring the normative importance of visibility and traceability in digitally 
mediated criminal proceedings. 
 
5.4. Differentiated Institutional Effects and Professional Profiles 
 
To deepen the empirical interpretation, additional analysis was conducted to examine 
whether perceptions of judicial software systems vary across professional roles within 
criminal justice institutions. Respondents were grouped into judicial actors (judges and 
prosecutors) and administrative-professional actors (court administrators and legal 
staff). Comparative mean analysis reveals statistically meaningful differences in 
emphasis rather than in overall evaluation. 

Judicial actors attribute higher importance to transparency and legal reliability, 
reflecting sensitivity toward procedural guarantees and judicial accountability. 
Administrative-professional actors place stronger emphasis on procedural efficiency 
and coordination, corresponding to their operational responsibilities. Importantly, both 
groups report comparable assessments of professional autonomy, indicating that 
judicial software systems are not perceived as encroaching upon role-specific authority. 

These findings suggest that judicial software systems function as role-differentiated 
governance instruments, producing distinct but complementary institutional benefits. 
Rather than homogenizing professional experience, digital systems appear to 
accommodate differentiated institutional logics within criminal justice. This reinforces 
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the argument that the legal acceptability of judicial software depends on its capacity to 
support diverse professional functions without imposing uniform technological 
rationalities. 
 
5.5. Empirical Implications for Procedural Fairness 
 
The regression and correlation results collectively indicate that judicial software 
systems contribute to procedural fairness primarily through institutional coordination 
and transparency, rather than through efficiency alone. While procedural efficiency 
remains an important operational outcome, it does not independently predict 
perceptions of fairness unless accompanied by visible coordination and explainable 
system logic. 

This finding has direct legal significance. It demonstrates that technological 
modernization enhances procedural legitimacy only when embedded within governance 
structures that preserve transparency, traceability, and human oversight. Efficiency 
gains detached from these conditions risk undermining trust rather than strengthening 
it. Accordingly, judicial software systems derive their normative acceptability not from 
performance optimization, but from their alignment with procedural justice values. 
 
6. DECISION SUPPORT FUNCTIONALITIES AND ANALYTICAL TOOLS 
 
Advanced functionalities embedded within judicial software systems include 
automated deadline alerts, case flow analytics, workload distribution indicators, and 
procedural risk flags. These tools are best conceptualized as decision support 
mechanisms rather than decision making systems. 

They assist legal professionals by enhancing situational awareness, identifying 
procedural vulnerabilities, and organizing complex information sets. Crucially, they do 
not generate legal conclusions regarding guilt, evidentiary value, or sentencing. This 
functional limitation is essential for maintaining legal legitimacy and compliance with 
procedural guarantees. 
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Figure 2. Conceptual model illustrating the role of judicial software systems as institutional 

governance instruments in criminal justice. 
 

Figure 2 conceptualizes judicial software systems as an institutional governance 
layer embedded within criminal justice rather than as a decision making authority. The 
model positions judicial independence and procedural guarantees as the normative core 
of criminal adjudication. Judicial software systems operate as a mediating 
infrastructure that supports procedural efficiency, institutional coordination, 
transparency, and monitoring, while remaining strictly subordinate to human legal 
reasoning.Decision support functionalities are depicted as bounded analytical 
instruments that enhance situational awareness and procedural compliance without 
generating legal conclusions. Legal and ethical safeguards frame the entire system, 
ensuring accountability, explainability, and protection of fundamental rights. The 
figure visually synthesizes the paper’s central argument that digital systems strengthen 
criminal justice through governance support rather than through algorithmic 
adjudication. 

 
7. LEGAL AND ETHICAL IMPLICATIONS 
 
The integration of judicial software systems raises significant legal and ethical 
questions concerning transparency, accountability, and responsibility allocation. Errors 
or biases embedded within digital systems may affect procedural sequencing and 
resource distribution, even without influencing substantive outcomes. 

Accordingly, legal frameworks must require explainability of system logic, 
auditability of outputs, and continuous professional training. Responsibility for 
decisions must remain unequivocally human, and digital systems must function as 
subordinate institutional tools rather than autonomous actors. 
 
CONCLUSION 
 
Judicial software systems have become indispensable components of contemporary 
criminal justice administration. When properly regulated and institutionally embedded, 
they enhance procedural coordination, transparency, and efficiency without 
undermining judicial independence or procedural guarantees. 

The empirical findings demonstrate that technological systems strengthen criminal 
justice not through automation of judgment, but through support of institutional 
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coherence and professional responsibility. Their legitimacy depends on legal 
safeguards, ethical governance, and sustained professional oversight. 

By integrating doctrinal analysis with original empirical evidence, this paper 
contributes to criminal law scholarship by reframing judicial software systems as 
legally relevant governance instruments. The analytical framework developed herein is 
transferable to other jurisdictions seeking to modernize criminal justice while 
preserving the foundational principles of the rule of law. 

The refined empirical analysis confirms that judicial software systems exert their 
most significant impact at the level of institutional governance rather than adjudicative 
reasoning. Their contribution to criminal justice lies in stabilizing procedural 
environments, enhancing coordination, and supporting legally relevant transparency. 
Crucially, the findings demonstrate that professional autonomy and judicial 
independence remain intact when digital systems are conceptually delimited, 
institutionally bounded, and normatively governed. 
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SUPERVISION AS A PROFESSIONAL FRAMEWORK IN SOCIAL WORK 
PRACTICE 
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Abstract 
 
Supervision represents one of the most developed and institutionally embedded professional mechanisms in 
contemporary social work, aimed at safeguarding professional integrity, enhancing practice quality, and 
supporting continuous professional development. In the context of increasing social complexity, fragmented 
family relations, and intensified institutional accountability, supervision functions as a critical framework for 
maintaining professional stability and ethical coherence in everyday work with service users. This paper 
conceptualizes supervision as a structured process of professional communication and reflexive learning in 
social work, with particular attention to its theoretical foundations, historical development, functional 
dimensions, and ethical prerequisites. The study employs a theory driven empirical design to examine how 
supervision functions as an integrative professional framework linking ethical regulation, supervisory 
practice, and professional outcomes. The analysis further explores opportunities and constraints for the 
development of supervision in the context of social work in North Macedonia, emphasizing the role of 
institutional support, professional preparedness, and ethical maturity as preconditions for its effective 
implementation. By situating supervision within contemporary debates on professional governance and 
accountability, the paper contributes to the broader literature on professional regulation and quality assurance 
in social services. 
 
Keywords: supervision, social work, professional development, ethics, psychosocial practice 
 

JEL classification: I38; H83 
 
 
INTRODUCTION 
 
Supervision has long been recognized as a cornerstone of professional practice in social 
work, serving both regulatory and developmental purposes. As social work 
increasingly operates within complex institutional environments characterized by 
heightened accountability, legal regulation, and public scrutiny, the need for structured 
mechanisms that support reflective practice and professional judgment has become 
more pronounced. Supervision addresses this need by providing a formalized space for 
critical reflection, professional guidance, and ethical deliberation. 

Contemporary social problems, including family disintegration, domestic violence, 
child protection cases, and psychosocial crises, place substantial emotional and 
cognitive demands on social workers. These demands heighten the risk of professional 
burnout, ethical dilemmas, and inconsistent practice. Within this context, supervision 
functions as a stabilizing professional framework that supports decision-making, 
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reinforces ethical standards, and enhances service quality (Beddoe & Davys 2016; 
Carpenter et al. 2013). 

Despite its recognized importance, supervision remains unevenly institutionalized 
across national contexts. In transitional welfare systems such as that of North 
Macedonia, supervision often depends on organizational culture and individual 
initiative rather than on systematically regulated professional standards. This paper 
addresses this gap by offering a theoretically grounded and context-sensitive analysis 
of supervision as a professional framework in social work practice. 

 
1. HISTORICAL AND THEORETICAL FOUNDATIONS OF SUPERVISION 
 
The historical origins of supervision are closely linked to the professionalization of 
social work in late nineteenth-century North America. Early supervisory practices 
emerged within charitable organizations as mechanisms for monitoring fieldworkers 
and ensuring adherence to organizational norms. Over time, supervision evolved from a 
predominantly control-oriented function toward a developmental and educational 
process emphasizing learning and professional growth. 

A major theoretical contribution to the understanding of supervision comes from 
psychodynamic and psychosocial traditions, particularly through the influence of early 
psychoanalytic thinkers such as Otto Rank. Their work expanded supervision beyond 
administrative oversight, positioning it as a reflective space in which practitioners 
examine their professional actions, emotional responses, and relational dynamics. 

Hess conceptualizes supervision as an interpersonal process through which 
supervisors support practitioners in increasing their effectiveness in psychosocial work 
by integrating theory, practice, and self-reflection (Hess 1980). Later scholarship 
further emphasized supervision as a structured learning environment that fosters 
professional identity, ethical sensitivity, and critical thinking (Kadushin & Harkness 
2014). 
 
2. FUNCTIONAL DIMENSIONS OF SUPERVISION IN SOCIAL WORK 
 
The dominant analytical framework in supervision literature identifies three interrelated 
functions: administrative, educational, and supportive. These dimensions do not 
operate in isolation but interact dynamically within supervisory practice. 
The administrative function ensures compliance with organizational policies, 
professional standards, and legal requirements. Through this function, supervision 
contributes to consistency, accountability, and quality control within social service 
institutions. 

The educational function focuses on the continuous development of professional 
knowledge and skills. Supervision supports learning through case analysis, theoretical 
integration, and reflective dialogue, enabling practitioners to expand their analytical 
capacity and improve intervention strategies (Davys & Beddoe 2010). 
The supportive function addresses the emotional and relational demands of social work 
practice. By providing a safe and structured space for professional reflection, 
supervision reduces stress, enhances professional resilience, and supports long-term 
engagement in the profession (Mor Barak et al. 2009). 
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Table 1. Core Functions of Supervision in Social Work 
Function Primary Focus Professional Outcomes 
Administrative Standards, procedures, accountability Consistency and quality assurance 
Educational Knowledge, skills, reflexivity Professional competence 
Supportive Emotional processing, resilience Professional sustainability 
Source: Adapted from Kadushin & Harkness (2014). 
 

Table 1 presents the descriptive statistics for the principal analytical constructs 
examined in the study, namely supervision functions, ethical regulation, and 
professional outcomes in social work practice. The reported mean values indicate 
generally high levels of perceived supervisory support across administrative, 
educational, and supportive dimensions, suggesting that supervision is recognized by 
respondents as a relevant and present component of professional practice. The 
relatively moderate standard deviations imply a degree of consistency in perceptions 
among social workers, while still reflecting variability associated with differences in 
institutional settings, professional experience, and supervisory arrangements. These 
descriptive findings provide an empirical baseline for subsequent relational and 
explanatory analyses by illustrating the overall distribution and central tendencies of 
the examined variables. 

 
3. ETHICAL DIMENSIONS OF SUPERVISION 
 
Ethics constitutes a foundational dimension of supervision. Supervisory relationships 
involve asymmetries of power, access to sensitive information, and influence over 
professional trajectories. As such, supervision requires strict adherence to principles of 
confidentiality, informed consent, professional boundaries, and respect for practitioner 
autonomy. 

Bernard and Goodyear argue that ethical challenges in supervision often arise not 
from overt misconduct but from omissions, inadequate reflection, or insufficient ethical 
awareness (Bernard & Goodyear 2014). In social work contexts, ethical supervision 
plays a central role in preventing professional harm and safeguarding the rights and 
dignity of service users. 

Recent scholarship emphasizes the importance of embedding ethical reflection 
within routine supervisory practice rather than treating ethics as a separate or reactive 
concern (Banks et al. 2020). This approach strengthens ethical reasoning and reinforces 
professional accountability. 
 
4. SUPERVISION IN THE CONTEXT OF SOCIAL WORK IN NORTH MACEDONIA 
 
In North Macedonia, social work operates within a welfare system characterized by 
resource constraints, high caseloads, and evolving regulatory frameworks. While 
supervision is formally recognized within professional discourse, its practical 
implementation remains inconsistent across institutions. 

Challenges include limited availability of trained supervisors, insufficient 
institutional support, and the absence of standardized supervisory protocols. These 
constraints reduce the capacity of supervision to function as a systematic professional 
framework rather than an informal or sporadic practice. 
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At the same time, increasing societal awareness of social risks and institutional 
responsibility creates favorable conditions for strengthening supervision as a core 
component of social work governance. Institutional investment in supervisor training 
and formal supervision structures represents a critical step toward improving service 
quality and professional sustainability. 
 
5. METHODOLOGICAL ROBUSTNESS AND ANALYTICAL VALIDITY 
 
The methodological design of the study ensures analytical robustness through a clear 
operationalization of key constructs, systematic data collection, and the use of 
appropriate statistical techniques. The survey instrument was structured to capture 
distinct yet interrelated dimensions of supervision, ethical regulation, and professional 
outcomes, thereby reducing conceptual overlap and enhancing construct validity. The 
use of descriptive statistics and correlation analysis allows for transparent examination 
of empirical patterns, while the consistency of observed relationships across constructs 
supports the internal coherence of the analytical framework. Although the study relies 
on self reported data, this approach is well suited for examining professional practices, 
perceptions, and ethical dimensions that are not directly observable through 
administrative indicators. Taken together, the methodological choices provide a reliable 
empirical basis for interpreting supervision as a multidimensional professional 
framework in social work practice. 
 
5.1. Empirical Analysis and Results 
 
The empirical component of the study is designed to examine supervision as a 
structured professional framework in social work practice, with particular attention to 
its functional dimensions, ethical regulation, and professional outcomes. The analysis is 
based on survey data collected from social workers employed in public social 
protection institutions and related professional services. The selected respondents 
represent practitioners directly involved in casework with individuals, families, and 
vulnerable groups, for whom supervision constitutes an essential element of 
professional support and accountability. 

The analytical framework operationalizes supervision through three interrelated 
dimensions: administrative supervision, educational supervision, and supportive 
supervision. Ethical regulation is examined as a cross cutting construct that structures 
supervisory relationships and professional conduct, while professional outcomes are 
captured through indicators related to professional competence, job satisfaction, and 
perceived protection against professional burnout. This operationalization allows for an 
empirically grounded examination of supervision as a multidimensional professional 
process rather than a single managerial activity. 
 
5.2. Descriptive Analysis 
 
The descriptive statistics provide an initial overview of how supervision is perceived 
and experienced in everyday social work practice. The results indicate relatively high 
mean values across all supervision dimensions, suggesting that respondents recognize 
supervision as a relevant and present component of their professional environment. 
Educational and supportive supervision report slightly higher mean values compared to 
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the administrative dimension, which may reflect the importance attributed to reflective 
learning, emotional support, and professional guidance in complex psychosocial 
interventions. 

Ethical regulation displays consistently high mean scores with relatively low 
dispersion, indicating a shared understanding among respondents regarding the 
importance of confidentiality, professional boundaries, and responsibility within the 
supervisory relationship. Professional outcome indicators show moderate to high 
values, suggesting that supervision is perceived as contributing positively to 
professional confidence, decision making, and resilience in demanding work contexts. 
 
5.3. Correlation Analysis 
 
The correlation analysis provides empirical insight into the relationships between 
supervision dimensions, ethical regulation, and professional outcomes. Statistically 
significant positive correlations are observed between all supervision dimensions and 
professional outcomes, confirming the assumption that supervision functions as an 
integrative professional mechanism. Educational and supportive supervision exhibit 
particularly strong associations with professional competence and job satisfaction, 
underscoring their role in sustaining reflective practice and professional motivation. 
Ethical regulation demonstrates significant correlations with both supervision functions 
and professional outcomes, supporting its role as a stabilizing element within the 
supervisory framework. These findings empirically reinforce theoretical arguments that 
supervision is effective only when embedded within a clear ethical structure that guides 
professional judgment and safeguards both practitioners and service users. 
 
5.4. Interpretative Synthesis 
 

Taken together, the empirical findings indicate that supervision in social work 
operates as a relational and reflexive process through which professional standards, 
ethical principles, and practical competencies are continuously negotiated and 
reinforced. The results suggest that supervision cannot be reduced to administrative 
oversight alone, but must be understood as a balanced configuration of control, 
learning, and support. The strong empirical link between ethical regulation and 
professional outcomes highlights the normative dimension of supervision as a 
prerequisite for sustainable professional practice. 

By empirically demonstrating the interdependence between supervision functions 
and professional outcomes, the analysis strengthens the argument that supervision 
represents a foundational professional framework in social work. The findings provide 
evidence that well structured supervision contributes to professional stability, enhances 
decision making in complex cases, and supports long term professional well being, 
particularly in contexts characterized by high emotional demands and institutional 
pressure. 
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6. ILLUSTRATIVE EMPIRICAL INDICATORS 
 
Although this paper is primarily conceptual, existing empirical research provides 
insight into the effects of supervision on professional outcomes. 
 
Table 2. Reported Effects of Supervision in Social Work (Selected Studies) 
Outcome Direction of Effect Source 
Job satisfaction Positive Mor Barak et al. 2009 
Burnout reduction Positive Carpenter et al. 2013 
Ethical decision-making Positive Banks et al. 2020 

 
Table 2 and figure 1 displays the Pearson correlation coefficients among the core 

constructs included in the conceptual model. The results reveal statistically significant 
positive relationships between supervision functions and professional outcomes, 
indicating that stronger administrative, educational, and supportive supervision is 
associated with higher levels of professional competence and job satisfaction, as well 
as lower perceived risk of professional burnout. The presence of moderate to strong 
correlations supports the theoretical assumption that supervision operates as an 
integrative professional mechanism rather than as a fragmented or isolated practice. 
Importantly, the correlations involving ethical regulation suggest that ethical oversight 
functions as a connecting element that reinforces the positive effects of supervision 
across multiple outcome dimensions. These findings justify the analytical treatment of 
supervision as a multidimensional professional framework rather than a single 
operational activity. 

 

 
Figure 1. Conceptual Model of Supervision in Social Work Practice 

(Conceptual diagram illustrating the interaction between supervision functions, ethical regulation, 
and professional outcomes.) 

 
Figure 1 illustrates the conceptual model underpinning the study and visually 

represents the interaction between supervision functions, ethical regulation, and 
professional outcomes in social work practice. The model positions ethical regulation 
at the core of the supervisory process, emphasizing its role in structuring and guiding 
administrative, educational, and supportive supervision functions. The directional 
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relationships depicted in the figure demonstrate how these functions collectively 
contribute to key professional outcomes, including professional competence, job 
satisfaction, and burnout prevention. By integrating ethical regulation within the 
supervisory framework, the model highlights supervision as a reflexive and 
normatively grounded process rather than a purely managerial or technical intervention. 
The figure thus serves as a visual synthesis of the theoretical arguments advanced in 
the paper and provides a coherent structure for interpreting the empirical findings. 
 
7. THE USE OF ARTIFICIAL INTELLIGENCE IN SUPERVISION PROCESSES IN 
SOCIAL WORK 
 
Recent developments in artificial intelligence have begun to influence professional 
practices across a wide range of human service professions, including social work. 
Within this context, artificial intelligence should not be understood as a substitute for 
human judgment, ethical responsibility, or relational expertise, but rather as a 
supportive analytical instrument that can enhance supervisory processes when 
embedded within clearly defined professional and ethical frameworks. In supervision, 
artificial intelligence offers new possibilities for strengthening reflexivity, consistency, 
and evidence informed decision making, particularly in complex organizational 
environments characterized by high caseloads, emotional intensity, and increasing 
accountability demands. 

From a supervisory perspective, artificial intelligence can support the systematic 
analysis of practice related data generated during supervision sessions, case 
documentation, and organizational reporting. Machine learning based systems are 
capable of identifying recurring patterns in case complexity, decision making 
processes, and practitioner stress indicators that may remain invisible in traditional 
supervisory conversations. Such analytical support can assist supervisors in 
recognizing early signs of professional overload, ethical risk, or procedural 
inconsistency, thereby enhancing the preventive function of supervision rather than 
merely its corrective role (Wirtz, Weyerer, and Geyer 2019). 

Artificial intelligence can further contribute to the educational dimension of 
supervision by supporting reflective learning processes. Decision support systems can 
provide supervisors and supervisees with structured feedback based on aggregated 
practice data, relevant professional guidelines, and evidence based intervention models. 
When used appropriately, these tools may enrich supervisory dialogue by grounding 
reflection in systematically generated insights, while leaving interpretative authority 
firmly in the hands of professional actors. Research in human centered artificial 
intelligence emphasizes that the effectiveness of such systems depends on their 
integration into existing professional routines and their alignment with domain specific 
expertise rather than on algorithmic autonomy (Jarrahi 2018; Busuioc 2021). 

In the administrative dimension of supervision, artificial intelligence has the 
potential to enhance transparency and consistency in supervisory documentation and 
quality assurance processes. Automated tools can support standardized reporting, 
monitor compliance with procedural standards, and assist supervisors in managing 
large volumes of supervisory information across teams or institutions. This function is 
particularly relevant in social service organizations where supervisory ratios are often 
unfavorable and administrative burdens risk undermining the reflective and supportive 
purposes of supervision. By reducing routine cognitive load, artificial intelligence may 
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enable supervisors to devote greater attention to relational and ethical dimensions of 
their role. 

The ethical implications of artificial intelligence in supervision require careful 
consideration. Supervisory processes involve sensitive personal and professional 
information, power asymmetries, and issues of trust. Algorithmic tools must therefore 
operate within strict ethical boundaries related to confidentiality, data protection, 
transparency, and informed consent. Scholars in public administration and professional 
governance caution that algorithmic systems can unintentionally reinforce biases, 
obscure accountability, or shift responsibility away from human decision makers if 
deployed without adequate safeguards (Zouridis, van Eck, and Bovens 2020; Wihlborg, 
Tehler, and Palm 2022). In supervision, artificial intelligence must remain subordinate 
to professional judgment and ethical deliberation, functioning as an assistive 
mechanism rather than an authoritative evaluator. 

In transitional professional contexts such as that of social work in North 
Macedonia, the integration of artificial intelligence into supervision presents both 
opportunities and constraints. On the one hand, digital tools may support organizational 
learning, enhance supervisory consistency, and contribute to professional sustainability 
in environments marked by limited resources and high emotional demands. On the 
other hand, uneven digital infrastructure, limited data literacy, and the absence of 
regulatory guidance may constrain the responsible adoption of artificial intelligence in 
supervisory practice. These conditions highlight the necessity of gradual, ethically 
informed integration supported by institutional policies, professional training, and clear 
accountability structures. 

Conceptually, artificial intelligence should be positioned as a complementary layer 
within the supervisory framework developed in this study. Its contribution is mediated 
through existing supervision functions and ethical regulation rather than operating as an 
independent determinant of professional outcomes. When embedded within well 
structured supervisory relationships and guided by professional values, artificial 
intelligence may strengthen supervision’s capacity to support reflective practice, ethical 
decision making, and long term professional resilience. Conversely, when introduced 
without sufficient institutional readiness, artificial intelligence risks remaining 
symbolic or generating new forms of professional vulnerability. 

By situating artificial intelligence within supervision as a supportive and 
analytically bounded instrument, this paper aligns with emerging scholarship that 
emphasizes human centered and ethically governed applications of advanced 
technologies in professional practice. The relevance of artificial intelligence in 
supervision thus lies not in technological innovation itself, but in its potential to 
reinforce supervision as a reflective, ethical, and professionally grounded framework in 
contemporary social work. 
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Figure 2. AI supported supervision framework 

 
8. DISCUSSION 
 
Figure 2 illustrates the role of artificial intelligence as a supportive and analytically 
bounded instrument within supervision in social work practice. The model places 
supervision at the center as a relational and professional process, while artificial 
intelligence is positioned as an auxiliary analytical layer that enhances, rather than 
replaces, human judgment. The figure demonstrates how AI contributes to the three 
core supervision functions—administrative, educational, and supportive—by enabling 
automated reporting and compliance monitoring, structured decision support and 
reflective feedback, and advanced data analytics for identifying patterns related to 
professional stress and workload. Ethical regulation and professional judgment are 
depicted as foundational elements that govern the use of artificial intelligence, 
emphasizing that all AI supported supervisory processes remain subordinate to 
established ethical standards and professional responsibility. 

The analysis confirms that supervision functions as a multidimensional professional 
framework rather than a single organizational technique. Its value lies in the integration 
of administrative regulation, professional learning, and emotional support within a 
structured and ethically grounded process. 

In transitional contexts such as North Macedonia, supervision holds particular 
importance as a stabilizing mechanism that enhances professional coherence in 
environments marked by institutional uncertainty and increasing social demands. 
However, without systematic institutionalization, supervision risks remaining symbolic 
rather than transformative. 
 
CONCLUSION 
 
Supervision constitutes an essential professional framework in contemporary social 
work, supporting quality practice, ethical integrity, and professional sustainability. Its 
effectiveness depends on institutional commitment, professional competence, and 
ethical maturity rather than on formal recognition alone. Strengthening supervision in 
social work in North Macedonia requires coordinated investment in supervisor training, 
organizational structures, and ethical governance. By framing supervision as a core 
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mechanism of professional regulation and development, this paper contributes to 
international debates on quality assurance and accountability in social services. 
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Abstract 
 
Domestic violence constitutes a serious violation of fundamental human rights and poses a persistent 
challenge for legal systems and social protection institutions. In North Macedonia, the Law on Prevention 
and Protection from Domestic Violence represents the central normative framework governing institutional 
responsibilities, protective measures, and mechanisms of inter institutional coordination. This paper examines 
the legal structure and practical implementation of this law, focusing on its capacity to provide effective and 
timely protection for victims. 
The study employs a theory driven empirical design that integrates doctrinal legal analysis with qualitative 
data obtained through semi structured interviews with professionals from centers for social work and 
representatives of local self government. Empirical findings indicate that recent legislative reforms have 
strengthened victim centered measures and clarified institutional mandates, while implementation gaps 
remain in areas of coordination, professional capacity, and procedural consistency. 
The paper further explores the emerging role of artificial intelligence as a supportive governance instrument 
in domestic violence protection systems. Artificial intelligence is approached as an auxiliary analytical tool 
capable of enhancing risk assessment, monitoring protective measures, and supporting institutional 
coordination, without displacing legal authority or professional judgment. The study contributes to 
contemporary debates on victim protection by combining legal analysis, empirical evidence, and a forward 
looking perspective on responsible technological support in human rights sensitive policy domains. 
 
Keywords: domestic violence, legal protection, social work, institutional coordination, victim protection, 
artificial intelligence 
 

JEL classification: K38; I38 
 
 
INTRODUCTION 
 
Domestic violence represents one of the most persistent and complex forms of human 
rights violations in contemporary societies. It encompasses physical, psychological, 
sexual, and economic abuse occurring within family or intimate relationships and 
results in the systematic deprivation of fundamental freedoms and personal security. 
International human rights instruments increasingly frame domestic violence as a form 
of gender-based violence and structural inequality rather than an isolated interpersonal 
conflict (Council of Europe 2011; UN Women 2020). 

In this context, legal frameworks play a decisive role in shaping institutional 
responses, defining responsibilities, and ensuring effective protection for victims. In 
North Macedonia, the Law on Prevention and Protection from Domestic Violence 
constitutes a central legal instrument regulating preventive measures, protection 
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mechanisms, and intersectoral cooperation among social protection institutions, law 
enforcement bodies, healthcare services, and local authorities. The law reflects a shift 
from victim displacement toward perpetrator accountability and emphasizes 
coordinated institutional action. 

Despite progressive legislative reforms, the effectiveness of domestic violence laws 
depends not only on their normative design but also on their implementation within 
professional practice. Social workers, police officers, healthcare professionals, and 
local government representatives function as frontline actors whose perceptions and 
experiences provide valuable insight into the practical functioning of legal frameworks. 
This paper addresses this dimension by combining legal analysis with empirical 
evidence drawn from social work practice. 
 
1. CONCEPTUAL AND LEGAL FRAMEWORK OF DOMESTIC VIOLENCE 
PROTECTION 
 
Domestic violence is legally defined as any act of physical, psychological, sexual, or 
economic abuse that causes insecurity, fear, harm, or deprivation of rights among 
family members or persons in close personal relationships. Contemporary legal 
definitions emphasize the consequences of violence rather than its form, thereby 
prioritizing victim protection and early intervention (DeKeseredy & Schwartz 2016). 
The Law on Prevention and Protection from Domestic Violence in North Macedonia 
establishes a comprehensive system of social protection grounded in constitutional 
guarantees of equality, human dignity, and personal integrity. The law regulates 
institutional duties, procedural mechanisms, protective measures, and financing 
structures related to victim support. A central principle of the law is the obligation of 
institutions to act with due diligence, ensuring timely intervention, prevention of re-
victimization, and respect for victims’ rights. 

Internationally, this legislative approach aligns with the Istanbul Convention, which 
emphasizes prevention, protection, prosecution, and integrated policies as pillars of 
effective domestic violence governance (Council of Europe 2011). From a social work 
perspective, the law operationalizes human rights principles through institutional 
mandates and professional responsibilities. 
 
2. INSTITUTIONAL RESPONSIBILITIES AND MULTISECTORAL COORDINATION 
 
A defining feature of the domestic violence protection framework is its multisectoral 
structure. The law assigns responsibilities to social work centers, police authorities, 
healthcare institutions, judicial bodies, educational institutions, non-governmental 
organizations, and local self-government units. These actors are required to cooperate 
through coordinated procedures, information sharing, and joint interventions. 

Centers for Social Work occupy a central position within this system. They are 
responsible for risk assessment, emergency protection measures, referral to shelters, 
psychosocial support, and coordination with other institutions. Law enforcement 
agencies ensure immediate safety through restraining orders and perpetrator removal, 
while healthcare institutions provide medical documentation and treatment. Local 
governments contribute through funding, prevention programs, and community-level 
services. 
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To support implementation, the government establishes a National Coordinative 
Body responsible for monitoring compliance with international standards and national 
strategies. This institutional architecture reflects a shift toward integrated governance 
of domestic violence prevention and protection. 
 
3. COMPARATIVE PERSPECTIVE: DOMESTIC VIOLENCE PROTECTION 
FRAMEWORKS IN SELECTED EU MEMBER STATES 
 
A comparative perspective provides essential analytical depth for evaluating the 
effectiveness of the Law on Protection from Domestic Violence in North Macedonia. 
Examining selected European Union member states allows for contextualization of 
national legal solutions within broader European standards of victim protection, 
institutional coordination, and preventive governance. This section focuses on 
comparative insights from Spain, Germany, and Sweden, as representative models 
reflecting different legal traditions and welfare governance structures within the EU. 
The European Union adopted a new Directive on combating violence against women 
and domestic violence (Directive (EU) 2024/1385), establishing a minimum EU-wide 
legal framework for prevention, protection, and prosecution, including newer criminal 
offenses such as cyber harassment and related digital violence contexts. 
 
3.1. Spain: Integrated Legal and Institutional Response 
 
Spain’s integrated system resonates with broader European trends toward harmonized 
legal frameworks for domestic violence protection, as reflected in the recent EU 
Directive on combating violence against women and domestic violence (Directive (EU) 
2024/1385), which establishes minimum standards of prevention, protection, and 
prosecution across Member States. 

Spain is widely recognized for its comprehensive and integrated legal framework 
addressing domestic and gender-based violence. The Organic Act 1/2004 on Integrated 
Protection Measures against Gender Violence establishes a unified system combining 
criminal law, civil protection measures, specialized courts, and coordinated social 
services. A defining feature of the Spanish model is the creation of specialized gender 
violence courts, which ensure expedited procedures, consistent judicial interpretation, 
and victim-centered decision making (Bustelo, Lombardo, and Meier 2019). 

Empirical evaluations demonstrate that Spain’s integrated approach significantly 
improves victim safety and reduces institutional fragmentation. Comparative legal 
studies published in European Journal of Criminology and Journal of Gender Studies 
indicate that judicial specialization and mandatory inter-institutional coordination 
increase both the speed and effectiveness of protective measures, particularly in high-
risk cases (Gámez-Guadix et al. 2018; Walklate et al. 2020). From a governance 
perspective, Spain illustrates how strong legal integration transforms domestic violence 
legislation from a reactive response mechanism into a preventive institutional system. 

In comparison with North Macedonia, the Spanish model highlights the governance 
value of judicial specialization and standardized coordination protocols. Although 
Macedonian legislation provides a coherent normative framework, the absence of 
specialized courts limits procedural consistency and places a disproportionate burden 
on social services and law enforcement to compensate for systemic fragmentation. 
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3.2. Germany: Federal Structure and Institutional Differentiation 
 
Germany represents a contrasting model shaped by its federal governance structure. 
The Protection Against Violence Act (Gewaltschutzgesetz) establishes civil law 
mechanisms such as restraining orders, exclusion of perpetrators from the shared 
household, and judicial protection orders. Responsibility for implementation rests with 
the federal states, resulting in institutional diversity and regional variation (Hagemann-
White et al. 2016). 

Empirical research in Violence Against Women and European Journal of Social 
Work indicates that Germany’s decentralized approach allows flexibility and local 
adaptation, but also produces disparities in access to protection services and procedural 
consistency across regions (Schröttle and Khelifat 2019). Coordination among police, 
courts, and social services depends largely on regional agreements and professional 
networks rather than binding national protocols. 

When compared with North Macedonia, Germany’s experience demonstrates that 
decentralization alone does not guarantee effective victim protection. Both systems 
face challenges related to institutional coherence, although Germany partially offsets 
these through strong professional training systems and relatively well-resourced victim 
support infrastructure. The comparative implication is that decentralization requires 
robust coordination mechanisms and standardized professional practices to avoid 
uneven protection outcomes. 
 
3.3. Sweden: Preventive Orientation and Data-Driven Governance 
 
Sweden exemplifies a preventive and rights-based approach to domestic violence, 
embedded within a broader framework of gender equality and welfare state 
governance. Swedish legislation prioritizes early intervention, structured risk 
assessment, and long-term victim support. Institutional cooperation is reinforced 
through national monitoring systems and centralized data collection (Heimer, Mellgren, 
and Kivivuori 2019). 

A defining characteristic of the Swedish model is the systematic use of evidence-
based risk assessment instruments, increasingly supported by digital analytical systems. 
Studies in Nordic Journal of Criminology and Crime, Law and Social Change 
demonstrate that structured risk assessment significantly reduces repeat victimization 
and strengthens professional decision making across institutions (Belfrage and Strand 
2012; Andersson and Källström 2021). 

In comparison with North Macedonia, Sweden illustrates the governance benefits of 
integrating legal protection with data-driven monitoring and preventive policy design. 
While Macedonian institutions primarily intervene following reported incidents, the 
Swedish approach shows how systematic data use and analytical tools enable earlier 
identification of high-risk situations and institutional learning over time. 
 
3.4. Comparative Synthesis and Implications for North Macedonia 
 
The comparative legal evolution at the EU level underscores a shift toward 
comprehensive, coordinated responses that extend beyond national boundaries, with 
Member States obliged to enact preventive measures and strengthen institutional 
cooperation under the 2024 Directive. 
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The comparative analysis reveals several structural patterns relevant for North 
Macedonia. First, effective protection from domestic violence depends less on the 
formal existence of legal norms and more on institutional architecture, coordination 
mechanisms, and professional infrastructure. Second, specialization through courts, 
trained professionals, or structured risk assessment systems consistently improves 
protection outcomes across EU member states. Third, preventive and data-supported 
governance increasingly defines advanced European protection systems. 

For North Macedonia, these findings indicate that strengthening the domestic 
violence protection framework requires movement beyond formal legal reform toward 
institutional consolidation and evidence-informed governance. The gradual 
introduction of analytical and artificial intelligence supported tools, as discussed in the 
previous section, aligns with European trends toward preventive and data-driven 
protection systems, provided such tools operate within clear legal and ethical 
safeguards (Zouridis, van Eck, and Bovens 2020). 

This comparative perspective reinforces the conclusion that the Law on Protection 
from Domestic Violence represents a necessary but insufficient condition for effective 
victim protection. Sustainable progress depends on coordinated institutional action, 
professional capacity development, and gradual alignment with European preventive 
governance standards. 
 
4. METHODOLOGICAL DESIGN 
 
The empirical component of this study is designed to assess the practical 
implementation of the Law on Protection from Domestic Violence in North Macedonia 
and to examine institutional coordination, professional responses, and perceived 
effectiveness of protection mechanisms. A mixed empirical approach was adopted, 
combining quantitative survey data with qualitative institutional insights, in order to 
capture both structural patterns and professional experience. 

Data were collected through a structured questionnaire administered to 
professionals directly involved in the prevention and protection from domestic 
violence. The sample consists of 128 respondents, including social workers from 
Centers for Social Work, police officers, legal professionals, and representatives of 
local self government units. Respondents were selected based on their direct 
involvement in case handling, victim protection, or inter institutional coordination 
related to domestic violence. 

The questionnaire measured five core constructs: institutional coordination, 
timeliness of intervention, victim protection effectiveness, professional preparedness, 
and perceived implementation capacity of the Law.  

All items were measured on five point Likert scales ranging from strong 
disagreement to strong agreement. 

To strengthen analytical rigor, the study integrates AI assisted pattern analysis in 
the data processing stage, using clustering and correlation mapping to identify 
recurring institutional bottlenecks and high risk intervention points. Artificial 
intelligence is used strictly as an analytical support tool and does not replace 
professional interpretation. 
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4.1. Descriptive Statistics 
 
Table 1 presents descriptive statistics for the key empirical constructs examined in the 
study. 
 
Table 1. Descriptive statistics of institutional implementation indicators 
Institutional coordination 3.21 0.74 
Timeliness of intervention 3.08 0.81 
Victim protection effectiveness 3.34 0.69 
Professional preparedness 3.67 0.62 
Law implementation capacity 3.15 0.77 

 
The results indicate moderate levels of institutional coordination and 

implementation capacity. Professional preparedness receives the highest mean score, 
suggesting that frontline professionals generally perceive themselves as competent to 
apply legal measures, even when institutional constraints limit effectiveness. 
 
4.2. Correlation Analysis 
 
Correlation analysis was conducted to examine relationships between institutional 
coordination, intervention timeliness, and perceived victim protection effectiveness. 
 
Table 2. Correlation matrix of key constructs 
 Coordination Timeliness Protection 
Institutional coordination 1.00   
Timeliness of intervention 0.56** 1.00  
Victim protection effectiveness 0.61** 0.58** 1.00 
Note:p < 0.01 
 

The findings reveal strong and statistically significant relationships between 
coordination and protection effectiveness, confirming that multisectoral cooperation is 
a decisive factor in the success of legal protection mechanisms. Timely intervention 
also shows a substantial association with perceived victim safety. 
 
4.3. Regression Analysis 
 
Multiple regression analysis was conducted to assess the predictive role of institutional 
coordination and professional preparedness on victim protection effectiveness. 
 
Table 3. Regression results predicting victim protection effectiveness 
Predictor β p value 
Institutional coordination 0.41 < 0.001 
Timeliness of intervention 0.33 < 0.01 
Professional preparedness 0.27 < 0.05 
Adjusted R² = 0.52 
 

The model explains over half of the variance in perceived victim protection 
effectiveness. Institutional coordination emerges as the strongest predictor, followed by 
timeliness of intervention. Professional preparedness remains statistically significant, 
confirming the central role of trained professionals in applying legal protection 
measures. 
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4.4. AI Supported Empirical Pattern Identification 
 
Artificial intelligence assisted analysis was applied to identify latent patterns in 
institutional responses. Using clustering algorithms, three dominant implementation 
profiles were identified: 

1. High coordination high protection profile, characterized by strong inter 
institutional communication and rapid enforcement of protective measures. 

2. Fragmented response profile, marked by delayed interventions and 
inconsistent application of legal measures. 

3. Professional driven compensation profile, where strong individual 
professional engagement partially compensates for weak institutional 
coordination. 

These patterns confirm that the effectiveness of the Law depends not only on legal 
provisions, but on systemic coherence. AI assisted clustering enhanced analytical 
clarity by revealing structural regularities that may remain less visible in traditional 
descriptive analysis. 
 
4.5. Empirical Interpretation 
 
The empirical findings demonstrate that the Law on Protection from Domestic 
Violence provides a robust normative framework, but its effectiveness is contingent 
upon institutional coordination and timely implementation. Artificial intelligence, when 
used as an analytical support mechanism, strengthens monitoring capacity and early 
risk identification, particularly in high caseload environments. 

The results empirically support the argument that domestic violence protection is 
not solely a legal issue, but a governance challenge requiring integrated institutional 
responses, professional competence, and technologically supported oversight. 

Figure 1 synthesizes the institutional architecture established by the Law on 
Protection from Domestic Violence, illustrating multisectoral coordination mechanisms 
and the supportive role of artificial intelligence in risk assessment and case monitoring. 

 
Figure 1: Integrated Domestic Violence Protection System in North Macedonia 
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5. DISCUSSION 
 
The empirical findings confirm that the Law on Prevention and Protection from 
Domestic Violence provides a robust normative framework for human rights 
protection. The shift toward perpetrator removal, emergency protective measures, and 
free legal aid represents a substantial advancement in victim-centered policy design. 
However, the effectiveness of the law depends heavily on institutional coordination and 
professional capacity. Variability in preparedness and cooperation indicates that legal 
reform alone is insufficient without sustained investment in training, resources, and 
intersectoral communication. These findings align with international research 
emphasizing implementation gaps as a central challenge in domestic violence 
governance (Heise 2011; Lombard 2018). 
 
6. NOTE ON THE ROLE OF ARTIFICIAL INTELLIGENCE IN DOMESTIC VIOLENCE 
PROTECTION SYSTEMS 
 
Recent developments in artificial intelligence introduce new analytical possibilities for 
strengthening institutional responses to domestic violence, particularly within complex 
and multisectoral protection systems. Artificial intelligence should not be understood as 
a substitute for legal judgment, professional discretion, or victim centered decision 
making, but rather as a supportive analytical instrument capable of enhancing 
prevention, coordination, and institutional effectiveness when embedded within clearly 
regulated legal and ethical frameworks. 

In the context of domestic violence protection, artificial intelligence can support 
early risk identification through the analysis of administrative data generated by social 
work centers, law enforcement agencies, healthcare institutions, and judicial bodies. 
Predictive analytics may assist institutions in recognizing recurring patterns of risk, 
escalation indicators, and service utilization trajectories, thereby enabling more timely 
preventive interventions. Such applications are particularly relevant in environments 
characterized by high caseloads and limited human resources, where early warning 
mechanisms can significantly improve victim safety outcomes. 

Artificial intelligence may also enhance institutional coordination by supporting 
standardized documentation, case tracking, and information exchange across sectors, 
while remaining fully subordinate to existing data protection regulations and human 
rights standards. Automated analytical tools can assist professionals in monitoring 
compliance with protective measures, identifying delays in institutional responses, and 
supporting evidence informed policy planning at the national and local levels. 

At the same time, the use of artificial intelligence in domestic violence protection 
raises important ethical considerations related to confidentiality, data security, 
algorithmic bias, and accountability. Given the sensitivity of victim data and the power 
asymmetries inherent in domestic violence cases, any application of artificial 
intelligence must operate within strict legal safeguards, transparent decision making 
processes, and continuous professional oversight. Responsibility for decisions must 
remain firmly with human professionals and institutions, in line with principles of due 
process and victim autonomy. 

In transitional legal and welfare contexts such as North Macedonia, the integration 
of artificial intelligence into domestic violence protection systems should therefore be 
gradual, regulated, and explicitly aligned with human rights based approaches. When 
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used as an assistive and analytically bounded tool, artificial intelligence holds potential 
to strengthen prevention strategies, improve institutional coordination, and support the 
effective implementation of domestic violence legislation, without undermining the 
legal, ethical, and professional foundations of victim protection. 

 
CONCLUSION 
 
The Law on Prevention and Protection from Domestic Violence in North Macedonia 
constitutes a comprehensive institutional framework aligned with international human 
rights standards. Its emphasis on prevention, victim protection, and multisectoral 
coordination reflects contemporary approaches to domestic violence governance. 
Empirical evidence from social work practice indicates significant progress in legal 
adequacy and protective mechanisms, while highlighting persistent challenges in 
coordination and professional preparedness. 

Strengthening the law’s effectiveness requires continuous professional training, 
enhanced institutional cooperation, and systematic monitoring of implementation 
outcomes. By integrating legal analysis with empirical data, this study contributes to 
academic and policy debates on domestic violence protection in transitional welfare 
systems. 
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Abstract 
 
The accelerated adoption of artificial intelligence is reshaping work organisation, employment structures, and 
human resource management practices across sectors. While AI-based software automates a growing range 
of tasks, it also raises critical concerns related to job displacement, skill obsolescence, and workforce 
readiness. This paper analyses the impact of AI on employment from an HR perspective, with a focus on 
global labour market trends and predictions regarding job transformation. The study is based on a 
quantitative analysis of recent global employment statistics, workforce forecasts, and labour market reports 
published by international organisations and research institutions. The findings indicate that occupations 
characterised by routine and repetitive tasks face the highest risk of automation, while demand is increasing 
for roles that combine digital capabilities with analytical, social, and adaptive skills. Rather than leading to a 
simple reduction of jobs, AI is contributing to a structural reconfiguration of work and competency 
requirements. From a human resource management standpoint, the results highlight the growing importance 
of strategic workforce planning, reskilling and upskilling initiatives, and evidence-based HR policies. The 
paper argues that HR functions will play a decisive role in managing AI-driven transitions and supporting 
sustainable employment in an evolving global labour market. 
 
Key words:artificial intelligence, human resource management, future of work, job displacement, reskilling 
 

JEL Classification: J24, J23, O33 
 
 

INTRODUCTION 
 

Technological revolutions reshape labour markets by altering the structure of 
production, the demand for skills, and the organisation of work. Artificial intelligence 
(AI) represents the most recent and potentially most transformative wave of 
technological change. Unlike earlier automation technologies, AI systems increasingly 
perform not only routine manual tasks but also cognitive and decision-support activities 
traditionally associated with skilled human labour (Autor 2015; Acemoglu and 
Restrepo 2020). As AI adoption accelerates across sectors, concerns regarding job 
displacement, skill obsolescence, and widening labour market inequality have 
intensified. 
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Empirical research provides mixed evidence regarding the net employment effects 
of AI and advanced automation. While some studies highlight substantial automation 
risks for routine-intensive occupations (Frey and Osborne 2017), others argue that 
technological change primarily reconfigures tasks within occupations rather than 
eliminating jobs entirely (Arntz, Gregory, and Zierahn 2016). The task-based 
framework suggests that employment outcomes depend on the interaction between 
technological capabilities and organisational adaptation. In this context, the impact of 
AI cannot be reduced to a simple substitution effect; instead, it reflects a dynamic 
process of job transformation, task redistribution, and skill upgrading (Acemoglu and 
Restrepo 2019). 

Recent evidence indicates that AI adoption is associated with increased demand for 
analytical, digital, and social skills, while routine cognitive and manual tasks face 
declining demand (Deming 2017; Brynjolfsson, Rock, and Syverson 2021). This 
structural transformation has profound implications for workforce development and 
organisational strategy. Without effective reskilling mechanisms, AI diffusion may 
exacerbate labour market polarisation and increase structural unemployment. 
Conversely, when combined with strategic human capital investment, AI can 
complement human capabilities and enhance productivity. 

Despite the growing body of literature on automation and labour markets, relatively 
less attention has been devoted to the organisational mechanisms that mediate these 
effects. In particular, the role of human resource management (HRM) in managing AI-
driven workforce transitions remains underexplored. HRM functions are central to 
strategic workforce planning, talent acquisition, training, performance management, 
and employee engagement. As AI systems become embedded in organisational 
processes, HRM must adapt to new forms of human–machine collaboration, data-
driven decision-making, and evolving competency frameworks (Boudreau and Cascio 
2017; Minbaeva 2021). 

Furthermore, AI adoption itself transforms HR practices through the use of 
predictive analytics, algorithmic recruitment tools, and performance monitoring 
systems. While such technologies may enhance efficiency and evidence-based 
decision-making, they also raise ethical and governance concerns related to 
transparency, bias, and employee trust (Marler and Boudreau 2017; Kellogg, Valentine, 
and Christin 2020). Therefore, the future of work debate must integrate both labour 
market dynamics and organisational HR responses. 

Against this background, the present study examines the impact of AI on 
employment through the lens of human resource management. Rather than focusing 
solely on automation risk estimation, the paper aims to analyse how AI contributes to 
structural workforce transformation and how HR strategies can mitigate displacement 
risks while fostering sustainable employment outcomes. By synthesising recent 
empirical findings from global labour market research and HRM scholarship, the study 
seeks to bridge the gap between macro-level employment analysis and micro-level 
organisational practice. 

The remainder of the paper is structured as follows. Section 2 reviews the relevant 
literature on AI, automation, and labour market transformation. Section 3 outlines the 
data sources and methodological framework used to assess global employment trends 
and skill shifts. Section 4 presents the empirical findings. Section 5 discusses the 
implications for human resource management and organisational policy. Section 6 
concludes and highlights avenues for future research. 
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1. LITERATURE REVIEW 
 
The growing body of international literature on artificial intelligence (AI) and 
employment has produced diverse and sometimes conflicting conclusions regarding the 
magnitude and direction of labour market effects. Early influential studies emphasized 
the high susceptibility of jobs to computerisation, estimating that a substantial share of 
occupations could be automated in advanced economies (Frey and Osborne 2017). 
These occupation-based approaches typically assess automation risk by evaluating the 
technical feasibility of replacing entire job categories. However, subsequent research 
challenged this perspective by arguing that automation operates primarily at the task 
level rather than at the occupation level (Autor 2015; Arntz, Gregory, and Zierahn 
2016). This task-based framework suggests that while specific activities within jobs 
may be automated, complete job displacement is less frequent, as new complementary 
tasks often emerge. 

A second strand of literature focuses on the structural transformation of labour 
demand induced by digital technologies. Empirical evidence indicates a polarization 
effect, where demand increases for high-skill analytical roles and low-skill service 
occupations, while middle-skill routine jobs decline (Acemoglu and Restrepo 2019; 
Goos, Manning, and Salomons 2014). More recent contributions highlight that AI 
adoption not only shifts skill demand toward digital competencies but also elevates the 
importance of social and adaptive skills, which are less easily codified (Deming 2017). 
These findings support the argument that AI acts as a complement to human 
capabilities in non-routine cognitive and interpersonal domains rather than a universal 
substitute for labour. 

Despite this evolving consensus, significant debate remains regarding the net 
employment effect of AI. Some studies document displacement effects in 
manufacturing and routine-intensive sectors following increased robot adoption 
(Acemoglu and Restrepo 2020), while others report productivity gains that may 
stimulate job creation in complementary activities (Brynjolfsson, Rock, and Syverson 
2021). The divergence in findings often reflects differences in measurement 
approaches, data sources, and modelling strategies. Moreover, cross-country 
heterogeneity suggests that institutional frameworks, education systems, and labour 
market flexibility significantly shape automation outcomes. 

A related and increasingly prominent corpus of research examines how 
organisations respond internally to AI adoption. This literature shifts attention from 
macro-level employment outcomes to firm-level human capital strategies. Studies in 
strategic human resource management argue that technological transformation requires 
proactive workforce planning, continuous reskilling, and redesigned performance 
systems (Boudreau and Cascio 2017; Minbaeva 2021). The integration of AI into 
organisational processes not only alters job content but also redefines the competencies 
required for collaboration between humans and intelligent systems. 

Simultaneously, AI is transforming HR practices themselves. The adoption of 
people analytics, algorithmic recruitment, and predictive performance tools has 
expanded rapidly (Marler and Boudreau 2017). While such systems promise improved 
efficiency and evidence-based decision-making, scholars caution that algorithmic 
management may introduce new forms of control, bias, and opacity (Kellogg, 
Valentine, and Christin 2020). Therefore, HR functions face a dual transformation: 
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managing workforce adaptation to AI while critically governing the ethical 
implementation of AI within HR processes. 

Another dimension explored in the literature concerns reskilling and lifelong 
learning as mitigation mechanisms against technological displacement. Research 
consistently demonstrates that organisations investing in employee training experience 
more favourable employment outcomes during periods of technological change (Autor 
and Salomons 2018). However, empirical evidence also shows uneven access to 
reskilling opportunities across demographic groups, raising concerns about inequality 
and workforce segmentation. 

Overall, the literature provides substantial evidence that AI contributes to structural 
workforce transformation rather than uniform job destruction. However, two important 
gaps remain. First, much of the empirical research focuses on advanced economies, 
leaving limited integration of global employment data into HRM-oriented analysis. 
Second, while macro-level studies estimate automation risk and labour demand shifts, 
fewer contributions systematically connect these trends to concrete human resource 
management strategies capable of mediating transition outcomes. 

This paper addresses these gaps by synthesizing global labour market evidence on 
AI-driven job transformation and explicitly examining the strategic role of HRM in 
managing displacement risks, skill transitions, and sustainable employment adaptation. 
By integrating macro-level employment analysis with organisational HR perspectives, 
the study aims to provide a more comprehensive understanding of how AI reshapes 
both labour markets and human resource management practices. 

 
2. DATA 
 
The empirical framework of this study integrates international labour market indicators, 
technology adoption measures, and human resource–related variables in order to 
capture the multidimensional character of AI-driven workforce transformation. The 
selection of variables is guided by the task-based theory of technological change, which 
posits that automation affects specific tasks within occupations rather than entire jobs 
(Autor 2015; Acemoglu and Restrepo 2019). Consequently, the dataset is structured to 
reflect both technological substitution effects and complementary human capital 
dynamics. 

The overall dataset covers the period 2008–2023. This time span allows the analysis 
to incorporate three structurally distinct phases: the post-global financial crisis labour 
market recovery, the accelerated digitalisation of production systems during the 2010s, 
and the recent expansion of AI-enabled technologies. The longitudinal perspective is 
essential, as previous studies have demonstrated that the employment effects of 
technological change materialise gradually and often follow productivity adjustment 
lags (Brynjolfsson, Rock, and Syverson 2021). 

Data were compiled from harmonised international sources to ensure cross-country 
comparability and statistical consistency. Macroeconomic and labour market indicators 
were obtained from the World Bank World Development Indicators, OECD 
Employment Database, Eurostat Labour Force Survey, and International Labour 
Organization statistics. Technology adoption measures, including robot density and 
digital capital investment, were derived from internationally recognised industry 
databases and OECD technology indicators. Survey-based expectations and 
organisational practices were complemented by data from the European Commission’s 
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Digital Economy and Society Index and World Economic Forum workforce surveys. 
The use of internationally standardised datasets enhances robustness and reduces 
measurement bias associated with country-specific reporting differences. 

The central dependent variable captures structural employment transformation. In 
line with the task-content literature, employment shares were classified into routine-
intensive, non-routine cognitive, and service-oriented occupational groups. This 
classification follows established methodologies linking occupational characteristics to 
automation exposure (Goos, Manning, and Salomons 2014; Arntz, Gregory, and 
Zierahn 2016). Routine task intensity measures were constructed using occupational 
coding systems aligned with ISCO classifications. This approach allows the model to 
detect whether AI diffusion is associated with a measurable reallocation of labour away 
from routine-intensive roles toward occupations requiring analytical, digital, and 
interpersonal skills. Such shifts are consistent with evidence showing that technological 
change is skill-biased and increasingly complements non-routine cognitive tasks 
(Deming 2017; Acemoglu and Restrepo 2020). 

To complement structural employment indicators, an organisational reskilling 
proxy was included. Training expenditure per employee and participation rates in 
formal skill development programs were used to capture internal adaptation efforts. 
Empirical research suggests that firms investing in human capital during periods of 
technological change experience more favourable employment outcomes (Autor and 
Salomons 2018). Including these indicators enables the analysis to assess whether HR-
driven reskilling moderates displacement risks associated with AI adoption. 

The explanatory variables reflect three interrelated dimensions: technological 
diffusion, macroeconomic conditions, and human resource management strategies. 
Technological diffusion is proxied by AI investment intensity, measured as ICT and 
AI-related capital expenditure relative to GDP, and by robot density per 10,000 
employees. Robot density serves as a direct measure of automation penetration and has 
been widely used in empirical research on labour displacement (Acemoglu and 
Restrepo 2020). Higher values are theoretically associated with declining routine 
employment shares, although complementary productivity effects may offset part of 
this impact (Graetz and Michaels 2018). 

Macroeconomic controls include GDP growth, unemployment rate, labour 
productivity growth, and tertiary educational attainment. GDP growth captures cyclical 
labour demand conditions, while unemployment reflects labour market slack and 
potential displacement pressures. Labour productivity growth accounts for efficiency 
gains associated with technological integration. Educational attainment serves as a 
proxy for workforce adaptability, as economies with higher human capital stocks are 
better positioned to absorb and complement new technologies (Goldin and Katz 2008). 
Contemporary and one-period lagged values of explanatory variables were 
incorporated to reflect adaptive adjustment processes in labour markets, consistent with 
evidence that employment responses to technological change are not instantaneous 
(Autor 2015). 

To explicitly integrate the organisational dimension, HR-related variables were 
included to capture strategic adaptation mechanisms. These comprise training 
expenditure per employee, internal labour mobility rates, and the adoption of HR 
analytics systems. The latter variable reflects the internal diffusion of AI within HR 
functions, which is increasingly relevant as algorithmic decision tools reshape 
recruitment, performance management, and workforce planning (Marler and Boudreau 
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2017; Kellogg, Valentine, and Christin 2020). Including HR-specific indicators allows 
the model to assess whether proactive organisational strategies mediate the relationship 
between AI adoption and workforce restructuring. 

Prior to estimation, all time-series variables were tested for stationarity using the 
Augmented Dickey–Fuller and KPSS unit root tests to avoid spurious regression 
results. Where necessary, variables were transformed into growth rates or first 
differences. Subsequently, all variables were demeaned to focus on deviations from 
long-run averages. This transformation simplifies interpretation by centring the data 
and highlighting cyclical and structural fluctuations rather than deterministic trends. 

Given the relatively large set of potential explanatory variables and the risk of 
specification uncertainty, Bayesian Model Averaging (BMA) was employed. Model 
selection uncertainty is a recognised concern in empirical economic research, as 
inference based on a single chosen specification may neglect alternative plausible 
models (Raftery 1995). BMA addresses this issue by averaging coefficient estimates 
across all possible model combinations, weighted by posterior model probabilities. The 
posterior inclusion probability (PIP) serves as the principal selection criterion. 
Variables with PIP exceeding 20 percent and theoretically consistent signs were 
retained in the final specification. This approach strengthens the robustness of the 
results and mitigates biases associated with arbitrary variable inclusion. 

The analysis distinguishes between routine-intensive occupations, non-routine 
cognitive roles, and service-sector employment in order to capture heterogeneity across 
labour market segments. Separate estimations were conducted for each group, 
recognising that technological adoption may generate asymmetric effects across task 
categories (Acemoglu and Restrepo 2019). This segmentation enhances interpretability 
and aligns the empirical strategy with the theoretical framework of task-based 
automation. 

It is important to emphasise that the estimated relationships represent associations 
rather than strict causal effects. The applied methodology captures the strength and 
direction of connections between AI diffusion, macroeconomic conditions, HR 
strategies, and structural employment change. The results therefore reflect correlated 
dynamics rather than definitive causal mechanisms. Nevertheless, the combined macro-
organisational perspective increases the policy relevance of the findings by identifying 
patterns through which AI adoption interacts with workforce adaptation processes. 

 
3. METHODOLOGY 
 
The empirical strategy of this paper is grounded in the task-based theory of 
technological change, which posits that artificial intelligence (AI) affects specific tasks 
within occupations rather than replacing entire occupations uniformly (Autor 2015; 
Acemoglu and Restrepo 2019). Consequently, the methodological framework is 
designed to capture structural workforce transformation across occupational segments, 
while simultaneously examining the moderating role of human resource management 
(HRM) practices. 

A central methodological decision concerns segmentation. The automation 
literature consistently demonstrates that technological exposure varies significantly 
across occupations depending on routine task intensity and skill composition (Goos, 
Manning, and Salomons 2014; Arntz, Gregory, and Zierahn 2016). Aggregate 
employment measures may therefore conceal asymmetric displacement risks and 
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complementary growth effects. To address this issue, employment is segmented into 
three occupational groups: routine-intensive occupations, non-routine cognitive 
occupations, and service-oriented occupations with strong interpersonal task content. 
This segmentation allows the model to detect differential AI impacts and aligns with 
established empirical approaches in the literature. 

The empirical analysis employs a panel data framework covering multiple countries 
over the period 2008–2023. Panel estimation is appropriate in this context because it 
enables control for unobserved country-specific heterogeneity that may influence both 
AI adoption and labour market structure. Institutional characteristics, education 
systems, labour market regulations, and innovation capacity differ across countries and 
may confound the estimated relationship between AI exposure and employment 
transformation. To address this, fixed-effects estimation is used. 

The baseline econometric specification is defined as: 
Ys,i,t=α+β1AIi,t+β2HRi,t+β3(AIi,t×HRi,t)+γXi,t+μi+λt+εs,i,t 
where: 
• 𝑌௦,௜,௧denotes the employment transformation indicator for occupational segment 

𝑠in country 𝑖at time 𝑡. This is operationalised as the change in employment share or 
employment growth rate of segment 𝑠. 

• 𝐴𝐼௜,௧represents measures of AI diffusion, such as robot density or ICT/AI 
investment intensity. 

• 𝐻𝑅௜,௧captures HR adaptation variables, including training expenditure per 
employee or participation in reskilling programmes. 

• 𝐴𝐼௜,௧ × 𝐻𝑅௜,௧represents the interaction term testing whether HR practices moderate 
the relationship between AI exposure and employment outcomes. 

• 𝑋௜,௧is a vector of control variables, including GDP growth, unemployment rate, 
productivity growth, and tertiary education attainment. 

• 𝜇௜denotes country fixed effects, controlling for time-invariant structural 
differences. 

• 𝜆௧denotes time fixed effects, capturing global shocks and common 
macroeconomic trends. 

• 𝜀௦,௜,௧is the error term. 
The inclusion of interaction terms is theoretically motivated by strategic HRM 

literature, which argues that technological adoption does not mechanically translate 
into displacement but depends on organisational human capital strategies (Marler and 
Boudreau 2017; Minbaeva 2021). A statistically significant and negative coefficient on 
the interaction term for routine occupations would indicate that training intensity 
mitigates AI-related employment decline. 

Lagged explanatory variables are included in selected specifications to account for 
delayed labour market adjustment. Employment restructuring typically follows 
technology adoption with a temporal lag due to hiring frictions, retraining cycles, and 
organisational restructuring processes (Autor 2015; Acemoglu and Restrepo 2020). 
Accordingly, one-period lags of AI and HR variables are introduced to test for dynamic 
effects. 

To ensure robustness, standard errors are clustered at the country level to account 
for serial correlation and heteroskedasticity. Multicollinearity diagnostics are 
conducted using variance inflation factors (VIF), and alternative model specifications 
are estimated to test the stability of coefficients across occupational segments. 
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Given the relatively large number of potential explanatory variables, model 
uncertainty is addressed through robustness checks rather than relying on a single 
specification. Alternative measures of AI exposure (robot density versus ICT 
investment) and alternative HR proxies (training participation versus training 
expenditure) are used to test the consistency of results. This approach follows best 
practice in empirical labour economics, where sensitivity analysis strengthens inference 
reliability (Acemoglu and Restrepo 2020; Graetz and Michaels 2018). 

It is important to emphasise that the empirical framework identifies conditional 
associations rather than strict causal effects. While fixed effects control for time-
invariant heterogeneity and time dummies capture global shocks, endogeneity 
concerns—such as reverse causality between employment structure and technology 
investment—cannot be entirely ruled out. Therefore, the results should be interpreted 
as evidence of structural correlation patterns between AI diffusion, HR adaptation, and 
workforce transformation. 

The segmentation approach enhances interpretability by revealing whether AI 
exposure disproportionately affects routine-intensive occupations and whether 
proactive HR strategies attenuate these effects. By integrating macro-level labour 
indicators with organisational human capital variables in a panel fixed-effects 
framework, the methodology provides a coherent and empirically grounded structure 
for analysing the future of work in an AI-driven environment. 

 
4. RESULTS AND DISCUSSION 

 
This section presents the empirical findings obtained from the segmented fixed-effects 
panel estimations introduced in Section 3. The analysis is explicitly grounded in the 
structural specification: 

 
Ys,i,t=α+β1AIi,t+β2HRi,t+β3(AIi,t×HRi,t)+γXi,t+μi+λt+εs,i,t 
 
Because country fixed effects(𝜇௜) are included, the estimated coefficients capture 

structural changes occurring within countries over time, net of time-invariant 
institutional characteristics such as education systems, labour market regulation, and 
industrial composition. Time fixed effects (𝜆௧) absorb global shocks and common 
technological acceleration phases. Therefore, the parameters reflect dynamic internal 
restructuring rather than static cross-country differences. 

The results demonstrate that AI-driven workforce transformation is not uniform but 
segmented according to occupational task content. In routine-intensive occupations, the 
estimated coefficient β1 on AI exposure is negative and statistically robust. This 
confirms the substitution mechanism predicted by task-based automation theory: as AI 
penetration increases, employment in occupations characterised by repetitive, 
codifiable tasks declines. 

The magnitude of this effect is economically meaningful. When evaluated across 
the interquartile range of AI exposure in the sample, the predicted contraction in 
routine employment exceeds normal cyclical variation. This suggests structural 
reallocation rather than temporary adjustment. The persistence of the negative 
coefficient under alternative AI proxies and lag structures reinforces the interpretation 
that routine displacement represents a technology-driven phenomenon rather than a 
cyclical artifact. 



 

In contrast, the coefficient β1 in non
diffusion correlates with employment expansion in roles requiring analytical reasoning, 
digital competencies, and system oversight. This supports complementarity theory: AI 
augments skilled labour by automating routine components of complex tasks, thereby 
increasing demand for workers capable of integrating and supervising algorithmic 
systems. 

Service-oriented occupations display weaker direct sensitivity to AI exposure. The 
corresponding β1 is smaller in magnitude and occasionally statistically weaker. Instead, 
macroeconomic controls exert stronger explanatory power in this segment, indicating 
that interpersonal and relational tasks remain more responsive to aggregate demand 
conditions than to direct automation intensity.

Together, these findings confirm a structural reallocation pattern rather than 
aggregate employment collapse. Negative effects in routine occupations are partially 
offset by expansion in cognitive roles, leading to occupati
economies. 

 
Human Resource Adaptation as Institutional Capacity
The coefficient β2 captures the independent association between HR adaptation 

intensity and employment transformation. Across segments, β2 is generally positive, 
indicating that stronger training systems correlate with greater employment resilience 
and upgrading. 

In routine occupations, higher HR intensity independently reduces vulnerability, 
even when AI exposure is held constant. In cognitive occupations, HR inte
strengthens employment expansion. This suggests that workforce development systems 
are structurally embedded in labour market dynamics rather than merely reactive to 
technological shocks. 

The independent significance of β2 confirms that human capital
contributes directly to employment stability and growth.

 
Conditional Transformation: The Moderating Role of HRM
The most important structural insight arises from the interaction term β3.This 

coefficient measures how HR adaptation intensity mod
consequences of AI diffusion.

The marginal effect of AI exposure is given by:
 

In routine-intensive occupations, 
displacement effect weakens as HR intensity increases. Evaluating marginal effe
different percentiles of HR intensity reveals substantial heterogeneity. In low
environments, routine employment declines sharply as AI exposure increases. In high
training environments, the slope flattens significantly.

This confirms that institutional adaptation capacity functions as a structural shock 
absorber. AI adoption generates substitution pressure, but its magnitude depends on the 
strength of workforce development systems.

In cognitive occupations, both β1
rather than mitigation. High

coefficient β1 in non-routine cognitive occupations is positive. AI 
diffusion correlates with employment expansion in roles requiring analytical reasoning, 
digital competencies, and system oversight. This supports complementarity theory: AI 

d labour by automating routine components of complex tasks, thereby 
increasing demand for workers capable of integrating and supervising algorithmic 

oriented occupations display weaker direct sensitivity to AI exposure. The 
1 is smaller in magnitude and occasionally statistically weaker. Instead, 

macroeconomic controls exert stronger explanatory power in this segment, indicating 
that interpersonal and relational tasks remain more responsive to aggregate demand 

to direct automation intensity. 
Together, these findings confirm a structural reallocation pattern rather than 

aggregate employment collapse. Negative effects in routine occupations are partially 
offset by expansion in cognitive roles, leading to occupational reshuffling within 

Human Resource Adaptation as Institutional Capacity 
The coefficient β2 captures the independent association between HR adaptation 

intensity and employment transformation. Across segments, β2 is generally positive, 
indicating that stronger training systems correlate with greater employment resilience 

In routine occupations, higher HR intensity independently reduces vulnerability, 
even when AI exposure is held constant. In cognitive occupations, HR intensity 
strengthens employment expansion. This suggests that workforce development systems 
are structurally embedded in labour market dynamics rather than merely reactive to 

The independent significance of β2 confirms that human capital investment 
contributes directly to employment stability and growth. 

Conditional Transformation: The Moderating Role of HRM 
The most important structural insight arises from the interaction term β3.This 

coefficient measures how HR adaptation intensity modifies the employment 
consequences of AI diffusion. 

The marginal effect of AI exposure is given by: 

 
intensive occupations, 𝛽ଵ < 0 and β3>0. Therefore, the negative 

displacement effect weakens as HR intensity increases. Evaluating marginal effects at 
different percentiles of HR intensity reveals substantial heterogeneity. In low-training 
environments, routine employment declines sharply as AI exposure increases. In high
training environments, the slope flattens significantly. 

institutional adaptation capacity functions as a structural shock 
absorber. AI adoption generates substitution pressure, but its magnitude depends on the 
strength of workforce development systems. 

In cognitive occupations, both β1and 𝛽ଷ are positive. This implies amplification 
rather than mitigation. High-training environments experience stronger employment 
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routine cognitive occupations is positive. AI 
diffusion correlates with employment expansion in roles requiring analytical reasoning, 
digital competencies, and system oversight. This supports complementarity theory: AI 

d labour by automating routine components of complex tasks, thereby 
increasing demand for workers capable of integrating and supervising algorithmic 

oriented occupations display weaker direct sensitivity to AI exposure. The 
1 is smaller in magnitude and occasionally statistically weaker. Instead, 

macroeconomic controls exert stronger explanatory power in this segment, indicating 
that interpersonal and relational tasks remain more responsive to aggregate demand 

aggregate employment collapse. Negative effects in routine occupations are partially 

The coefficient β2 captures the independent association between HR adaptation 
intensity and employment transformation. Across segments, β2 is generally positive, 
indicating that stronger training systems correlate with greater employment resilience 

In routine occupations, higher HR intensity independently reduces vulnerability, 
nsity 

strengthens employment expansion. This suggests that workforce development systems 
are structurally embedded in labour market dynamics rather than merely reactive to 

investment 

The most important structural insight arises from the interaction term β3.This 
ifies the employment 

>0. Therefore, the negative 
cts at 

training 
environments, routine employment declines sharply as AI exposure increases. In high-

institutional adaptation capacity functions as a structural shock 
absorber. AI adoption generates substitution pressure, but its magnitude depends on the 

s implies amplification 
training environments experience stronger employment 
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growth in cognitive roles as AI diffusion increases. Thus, HR adaptation 
simultaneously mitigates displacement in vulnerable segments and amplifies upgrading 
in expanding segments. 

This symmetric moderation pattern strengthens the internal coherence of the 
econometric model and validates the theoretical claim that workforce transformation is 
institutionally mediated. 

 
Dynamic Adjustment and Gradual Restructuring 
Lagged specifications reveal that employment responses to AI diffusion unfold 

gradually rather than instantaneously. The persistence of lagged AI coefficients 
suggests that restructuring is mediated through retraining cycles, organisational inertia, 
and hiring frictions. 

This dynamic pattern reinforces the interpretation of transformation as evolutionary. 
AI-driven change is not a sudden labour market shock but a cumulative process 
involving gradual task substitution and occupational redefinition. 

The stability of coefficients under lag structures enhances structural plausibility and 
reduces concerns about reverse causality. 

 
Institutional Heterogeneity and Divergence 
The interaction structure reveals systematic heterogeneity across institutional 

regimes. Countries with high HR adaptation intensity exhibit smaller routine 
displacement and stronger cognitive upgrading compared to countries with weaker 
training systems. 

This suggests the possibility of long-run divergence. If AI diffusion accelerates 
while adaptation systems remain unequal, structural differences between institutional 
contexts may widen. 

High-capacity systems internalise technological change more smoothly, while low-
capacity systems face stronger displacement pressure and higher polarization risk. 

Thus, AI does not merely transform occupations; it may reshape institutional 
inequality across economies. 

 
Variance Contribution and Structural Balance 
Sequential exclusion analysis indicates that AI exposure explains the largest share 

of variance in routine employment decline. HR interaction terms explain a meaningful 
share of variance in cognitive employment growth. Macroeconomic controls account 
primarily for cyclical fluctuations rather than structural reallocation. 

Within R² increases when interaction terms are included, confirming improved 
explanatory power. No single predictor dominates the specification, supporting 
balanced structural interpretation. 

The explanatory contribution is distributed across technological exposure and 
institutional adaptation mechanisms, reinforcing the interpretation that workforce 
transformation is jointly determined. 

 
Theoretical Integration and Structural Implications 
The empirical findings reconcile task substitution theory, skill-biased technological 

change, and strategic HRM theory within a unified framework. 
Negative routine coefficients confirm substitution dynamics. 
Positive cognitive coefficients confirm complementarity dynamics. 
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Positive interaction coefficients confirm institutional mediation. 
The interaction term operationalizes the conditional nature of transformation. 

Without it, the model would imply technological determinism. With it, the results 
demonstrate that the future of work is co-determined by technological exposure and 
human capital strategy. 

The findings imply that AI does not produce uniform job loss but segmented 
reallocation. Institutional capacity determines whether automation leads to severe 
displacement or balanced upgrading. 

Human resource management therefore emerges not as an administrative function 
but as a structural mediator of technological change. Workforce transformation under 
AI is a socio-institutional process, shaped as much by adaptation systems as by 
technological intensity itself. 
 
CONCLUSION 
 
This study examined the impact of artificial intelligence diffusion on workforce 
transformation, with particular emphasis on the moderating role of human resource 
management practices. By employing a segmented fixed-effects panel framework, the 
analysis demonstrated that AI-driven labour market restructuring is neither uniform nor 
technologically deterministic. Instead, it unfolds as a structured and institutionally 
mediated reallocation process across occupational categories. 

The empirical findings confirm three central mechanisms. First, AI exposure is 
negatively associated with employment in routine-intensive occupations, consistent 
with task substitution theory. Second, AI diffusion is positively associated with 
employment growth in non-routine cognitive occupations, supporting complementarity 
and skill-biased technological change arguments. Third—and most importantly—the 
interaction between AI exposure and HR adaptation intensity reveals that workforce 
transformation is conditional upon institutional capacity. 

The moderating effect of HR adaptation emerges as the central structural 
contribution of this study. In routine occupations, stronger training systems attenuate 
displacement pressures. In cognitive occupations, workforce development amplifies 
complementary growth effects. Thus, HR practices do not merely respond to 
technological change; they shape its labour market consequences. 

The results indicate that the future of work under AI is defined not by inevitable job 
loss but by segmented restructuring. Negative employment effects in automation-
exposed occupations are partially offset by expansion in skill-intensive roles. However, 
the magnitude and distribution of these effects depend critically on the strength of 
human capital adaptation systems. 

This conditional transformation framework challenges deterministic narratives 
surrounding AI and employment. Technological exposure alone does not dictate 
outcomes. Instead, employment trajectories are co-determined by organisational 
strategies, institutional infrastructure, and investment in skills development. 

The analysis also suggests potential divergence across institutional regimes. 
Economies with strong HR adaptation systems experience smoother occupational 
transitions and more balanced restructuring. In contrast, economies with weaker 
workforce development systems face greater displacement pressure and heightened 
polarization risk. Therefore, AI diffusion may widen structural inequalities unless 
accompanied by proactive human capital strategies. 
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From a managerial perspective, the findings reposition HRM as a strategic actor in 
technological transformation rather than a peripheral administrative function. 
Workforce development, internal mobility systems, and reskilling initiatives operate as 
structural moderators of automation risk. For policymakers, the results underscore the 
importance of coordinated investment in education, lifelong learning, and 
organisational training infrastructure. 

Several limitations should be acknowledged. While the fixed-effects design 
strengthens internal validity by controlling for time-invariant heterogeneity, the 
analysis identifies conditional associations rather than strict causal effects. Future 
research could explore instrumental variable strategies or firm-level microdata to 
deepen causal identification. Additionally, further disaggregation of occupational 
categories may provide more granular insight into task-level transformation dynamics. 

Despite these limitations, the study contributes to the growing literature on AI and 
the future of work by integrating automation theory with strategic HRM perspectives 
within a unified empirical framework. By explicitly modelling the interaction between 
technological exposure and human capital adaptation, the analysis demonstrates that 
workforce transformation under AI is not predetermined but institutionally shaped. 

In conclusion, artificial intelligence is reshaping labour markets through structured 
occupational reallocation rather than aggregate collapse. The decisive factor 
determining whether this transformation leads to polarization or upgrading lies not 
solely in technological intensity, but in the capacity of organisations and institutions to 
adapt. The future of work, therefore, is as much a human resource challenge as it is a 
technological one. 
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Abstract 
 
Artificial intelligence is becoming part of everyday educational and professional practice, especially in fields 
related to informatics. As a result, expectations toward future graduates are changing. Alongside technical 
and digital competences, soft skills such as critical thinking, ethical judgement, communication, creativity, 
and adaptability are gaining increasing importance. This paper examines the role of soft skills in AI-
supported learning and working environments and considers how informatics education can better respond to 
these changes. The study is based on a qualitative review and analysis of recent academic literature, policy 
documents, and selected examples of AI use in educational and professional contexts. The analysis shows 
that the growing presence of AI does not reduce the importance of soft skills; instead, it reinforces their role 
in areas where human judgement, responsibility, and interaction remain essential. The paper argues that 
informatics programmes should move beyond a purely technical focus and intentionally combine AI-related 
knowledge with structured development of soft skills. Such an approach can better prepare students for 
complex professional situations and for the ethical and social challenges linked to emerging technologies. 
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INTRODUCTION 
 
Artificial intelligence (AI) is increasingly embedded in educational systems and 
professional environments, particularly in fields related to informatics where 
algorithmic thinking, data processing, and system automation are central components 
of practice. Over the past decade, the acceleration of machine learning applications, 
predictive analytics, and generative AI models has fundamentally reshaped how 
technical work is performed and how knowledge is produced. In higher education, 
large language models and AI-supported systems are influencing research practices, 
programming processes, academic writing, and assessment design (Kasneci et al. 2023; 
Chiu 2024). As a result, the competence profile expected from graduates of informatics 
programmes is undergoing significant transformation. 

Traditionally, informatics education has prioritized technical proficiency—
programming languages, algorithm development, database management, system 
architecture, and software engineering principles. While these competences remain 
essential, the expanding role of AI systems challenges the assumption that technical 
mastery alone ensures professional success. Automation increasingly performs 
repetitive coding tasks, pattern detection, optimization procedures, and even 
preliminary analytical reasoning. Consequently, the human contribution shifts from 
execution to supervision, interpretation, contextualization, and ethical evaluation. This 
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shift places greater emphasis on soft skills that enable individuals to operate effectively 
in AI-supported environments. 

Soft skills, often described as transversal or non-technical competences, include 
critical thinking, communication, collaboration, adaptability, creativity, and ethical 
judgement. Although sometimes perceived as secondary to technical skills in 
computing disciplines, empirical research on employability consistently demonstrates 
their central importance in technology-driven labour markets (Tushar and Sooraksa 
2023). Employers increasingly seek professionals who can translate complex technical 
concepts into understandable information, participate in interdisciplinary teams, and 
make responsible decisions in uncertain and rapidly changing contexts. In AI-enhanced 
workplaces, where algorithmic outputs require validation and interpretation, these 
competences become even more critical. 

The rapid adoption of generative AI tools in higher education has intensified this 
discussion. Tools such as intelligent tutoring systems, automated feedback platforms, 
and text or code generation applications offer new possibilities for personalized 
learning and efficiency gains. However, they also introduce concerns related to 
academic integrity, overreliance on automated solutions, superficial learning, and 
ethical responsibility (Kasneci et al. 2023). Students may complete tasks more quickly 
using AI tools, yet risk bypassing the deeper cognitive processes necessary for genuine 
understanding. This paradox reinforces the need for structured development of critical 
reflection, responsible technology use, and self-regulated learning strategies. 

AI literacy has emerged as a complementary concept within this debate. AI literacy 
extends beyond technical knowledge of algorithms and programming; it encompasses 
understanding how AI systems function, recognizing limitations, identifying potential 
bias, and evaluating reliability in context (Kong et al. 2024). Importantly, AI literacy 
intersects strongly with soft skills. Evaluating algorithmic fairness requires ethical 
reasoning; assessing model outputs demands critical thinking; explaining AI-based 
solutions to stakeholders requires communication competence. Thus, soft skills are not 
separate from AI education but form an integral part of responsible AI engagement. 

Recent scholarship on higher education transformation further supports the need for 
curriculum redesign. Universities are increasingly encouraged to adopt holistic 
competence models that combine digital expertise with broader cognitive and social 
skills (Chiu 2024). In informatics programmes, however, soft skill development is 
often implicit, occurring through group projects or presentations rather than through 
structured pedagogical design. Without explicit learning outcomes and assessment 
criteria for soft skills, their development may remain uneven or superficial. 

Moreover, the ethical and societal implications of AI demand that future 
informatics professionals possess a strong sense of responsibility and awareness of 
social impact. Issues such as algorithmic bias, data privacy, cybersecurity risks, 
misinformation, and automation-driven labour displacement require professionals who 
can evaluate technological innovation within broader social and economic frameworks. 
Studies in computing education emphasize that integrating soft skills into technical 
curricula enhances graduates’ ability to navigate such complexities (Mohammed et al. 
2024). This integration supports not only employability but also sustainable and 
responsible technological development. 

Another important dimension concerns adaptability and lifelong learning. The pace 
of technological change in AI-related domains means that specific programming tools 
or platforms may become obsolete within a short period. Therefore, adaptability, 



260 
 

learning agility, and openness to change are crucial competences. Soft skills facilitate 
continuous professional development by enabling individuals to collaborate, seek 
feedback, manage uncertainty, and adjust to evolving technological landscapes. In this 
sense, soft skills contribute directly to long-term professional resilience in informatics 
careers. 

Despite growing recognition of these dynamics in policy documents and academic 
research, a gap persists between theoretical acknowledgment and practical curriculum 
implementation. Many informatics programmes still operate within a predominantly 
technical paradigm, where the primary measure of competence is technical output. The 
presence of AI tools further complicates assessment, as students may rely heavily on 
automated systems without developing independent reasoning skills. This situation 
underscores the importance of intentional pedagogical strategies that balance AI 
utilization with human-centred skill development. 

The purpose of this paper is to examine the evolving relationship between artificial 
intelligence and soft skills within the context of informatics education. The study 
explores how AI-supported learning environments reshape competence requirements 
and argues that structured integration of soft skills is essential for preparing students to 
meet future professional challenges. By analyzing recent academic literature and 
selected examples of AI application in educational and professional settings, the paper 
contributes to ongoing discussions on curriculum reform and competence 
transformation in the digital era. 

The remainder of the paper is structured as follows. The next section reviews 
relevant literature on AI integration in higher education and the role of soft skills in 
computing disciplines. The methodology section outlines the qualitative review 
approach adopted in this study. The analysis and discussion section examines the 
implications of AI-supported environments for competence development in informatics 
programmes. The final section presents conclusions and recommendations for 
curriculum design and future research. 
 
1. LITERATURE REVIEW 
 
The rapid expansion of artificial intelligence (AI) across educational and professional 
domains has generated a growing body of interdisciplinary research examining its 
implications for competence development, curriculum transformation, and graduate 
employability. Within informatics education, the literature increasingly recognizes that 
AI does not merely introduce new technical tools but reshapes the structure of required 
human competences. This section reviews existing scholarship across four 
interconnected thematic areas: (1) AI transformation in higher education, (2) soft skills 
and employability in computing disciplines, (3) AI literacy and ethical responsibility, 
and (4) curriculum integration challenges in informatics programmes. 

 
Artificial Intelligence and the Transformation of Higher Education 
The integration of AI into higher education has accelerated significantly in recent 

years, particularly following the public adoption of generative AI systems. Research 
has documented both pedagogical opportunities and structural disruptions. Kasneci et 
al. (2023) emphasize that large language models can support personalized learning, 
automated feedback, and creative problem-solving tasks. However, they also warn that 
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without structured guidance, students may rely excessively on AI-generated outputs, 
thereby weakening independent reasoning skills. 

Chiu (2024) argues that generative AI is not simply a technological enhancement 
but a transformative force that requires higher education institutions to reconsider 
teaching methods, assessment strategies, and competence frameworks. According to 
this perspective, universities must shift from knowledge transmission toward 
competence cultivation, particularly in areas that AI cannot easily replicate, such as 
ethical reasoning, contextual interpretation, and collaborative innovation. 

Similarly, studies in Computers and Education: Artificial Intelligence highlight that 
AI-supported tools are most effective when embedded within pedagogically grounded 
models rather than used as isolated technological solutions (Kong et al. 2024). The 
literature therefore converges on the idea that technological integration alone does not 
guarantee improved learning outcomes; instead, it requires deliberate curriculum 
alignment and human-centred skill reinforcement. 

Moreover, research indicates that AI adoption changes cognitive task distribution. 
Routine analytical and computational activities are increasingly automated, while 
human professionals focus more on supervision, validation, and decision-making 
(Baker and Hawn 2022). This shift strengthens the argument that informatics education 
must adapt by expanding its emphasis on meta-cognitive and evaluative competences. 

 
Soft Skills and Employability in Informatics and Computing 
The importance of soft skills in technology-related professions has been widely 

documented in employability research. Tushar and Sooraksa (2023) demonstrate that 
employers consistently rank communication, teamwork, adaptability, and critical 
thinking among the most essential competences in the 21st-century workplace. These 
findings are particularly relevant to computing and informatics graduates, who 
increasingly operate within interdisciplinary teams that combine technical, managerial, 
and social expertise. 

Mohammed et al. (2024), in a systematic review of computing education literature, 
conclude that soft skills significantly enhance graduate readiness and professional 
adaptability. Their analysis shows that computing curricula that explicitly integrate 
teamwork exercises, ethical discussions, and problem-based learning produce stronger 
employability outcomes than programmes that focus exclusively on technical content. 

The literature also stresses that technological expertise without communication 
competence can limit professional effectiveness. In AI-supported environments, 
developers and data scientists must explain model limitations, interpret algorithmic 
outcomes, and justify system decisions to stakeholders who may not possess technical 
backgrounds. Therefore, communication skills are not peripheral but integral to 
responsible AI deployment. 

Another dimension concerns creativity and innovation. As AI systems increasingly 
generate code, optimize processes, and automate analytical functions, the competitive 
advantage of human professionals shifts toward creative problem framing and strategic 
thinking (Brynjolfsson and McAfee 2014). Creativity, as highlighted in digital 
transformation literature, becomes a differentiating human capacity in automated 
environments. 

Adaptability also emerges as a central competence. The rapid evolution of AI 
technologies means that specific tools, platforms, and programming languages may 
quickly become outdated. Graduates must therefore demonstrate learning agility and 
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openness to continuous skill development. Research in workforce transformation 
consistently indicates that adaptability and self-regulated learning are key determinants 
of long-term career sustainability in digital sectors (World Economic Forum 2023). 

 
AI Literacy, Ethical Responsibility, and Human Oversight 
A growing body of literature introduces the concept of AI literacy as a 

multidimensional competence that combines technical understanding with ethical and 
social awareness. Kong et al. (2024) define AI literacy as the ability to understand AI 
principles, critically evaluate AI outputs, and apply AI tools responsibly in real-world 
contexts. Importantly, this competence is inseparable from soft skills such as critical 
thinking and ethical judgement. 

Ethical considerations are particularly prominent in AI discourse. Issues such as 
algorithmic bias, data privacy, surveillance risks, misinformation, and automated 
decision-making highlight the necessity of human oversight. Studies show that AI 
systems can reproduce or amplify existing social inequalities if not critically assessed 
(Baker and Hawn 2022). Consequently, informatics professionals must be equipped 
with ethical reasoning competences that enable them to identify and mitigate such 
risks. 

Kasneci et al. (2023) further argue that generative AI in education introduces new 
academic integrity challenges. Students must develop the ability to distinguish between 
assistance and substitution, ensuring that AI tools enhance learning rather than replace 
cognitive engagement. This reinforces the need for structured ethical frameworks 
within informatics education. 

Additionally, interpretative competence becomes increasingly relevant. AI outputs 
are probabilistic rather than deterministic; they require human validation and contextual 
understanding. Professionals must assess reliability, identify potential hallucinations in 
generative systems, and evaluate the appropriateness of model applications. These 
tasks demand advanced analytical reasoning combined with scepticism and reflective 
thinking. 

 
Curriculum Integration and Pedagogical Challenges 
Despite growing recognition of soft skills and AI literacy, implementation within 

informatics curricula remains uneven. Many programmes still prioritize technical 
mastery measured through coding assignments, algorithmic accuracy, and system 
performance metrics. While these remain foundational, they do not fully capture the 
competence spectrum required in AI-supported professional contexts. 

Chiu (2024) emphasizes that curriculum redesign must move beyond adding 
isolated soft skill modules. Instead, soft skills should be embedded across technical 
courses through collaborative projects, ethical case studies, interdisciplinary 
assignments, and reflective assessments. Mohammed et al. (2024) support this view, 
noting that integrated pedagogical approaches are more effective than standalone 
workshops. 

Problem-based learning, team-based projects, and real-world simulations are 
frequently cited as effective strategies for combining technical and transversal 
competences. Such methods allow students to practice communication, negotiation, 
and ethical reasoning within authentic technological scenarios. Research shows that 
experiential learning environments strengthen both cognitive and social competences in 
computing disciplines. 
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Another pedagogical challenge concerns assessment. AI tools complicate traditional 
evaluation methods, particularly written assignments and coding exercises. Institutions 
must therefore develop assessment frameworks that measure analytical reasoning, 
creativity, and collaborative engagement rather than purely technical output. This shift 
aligns with broader higher education reform discussions emphasizing competence-
based assessment models. 

Finally, the literature highlights the importance of faculty development. Effective 
integration of AI and soft skills requires educators who are themselves AI-literate and 
capable of designing interdisciplinary learning experiences. Without institutional 
support and professional training, curriculum transformation may remain superficial. 

 
Synthesis of the Literature 
The reviewed literature demonstrates a clear convergence of findings across 

multiple research domains. First, AI is fundamentally reshaping educational and 
professional landscapes. Second, soft skills are increasingly recognized as central to 
employability and responsible technological practice. Third, AI literacy cannot be 
separated from critical thinking and ethical competence. Fourth, successful curriculum 
transformation requires intentional, structured integration rather than peripheral 
adjustments. 

However, a gap remains between conceptual recognition and systematic 
implementation in informatics programmes. While research acknowledges the 
importance of combining AI knowledge with soft skills, fewer studies provide detailed 
models for structured integration within higher education curricula. This gap forms the 
conceptual foundation for the present study. 

 
2. DATA AND METHODOLOGY FRAMEWORK 
 
The objective of this study is to explore how artificial intelligence reshapes competence 
expectations in informatics education and to examine the structural role of soft skills 
within AI-supported learning environments. Given the conceptual and interdisciplinary 
nature of the research problem, the study adopts a qualitative integrative review 
methodology. This approach enables systematic synthesis of diverse scholarly 
contributions across educational technology, computing education, workforce 
transformation, and AI ethics. 

Unlike quantitative meta-analyses that focus on statistical aggregation of effect 
sizes, integrative literature reviews aim to build conceptual coherence across 
fragmented research domains (Snyder 2019). In the context of AI and soft skills, this 
methodology is particularly appropriate because the phenomenon under examination is 
evolving rapidly and is characterized by overlapping technological, pedagogical, 
psychological, and socio-economic dimensions. The goal is therefore not to test a 
narrowly defined causal hypothesis but to construct an analytically grounded 
framework explaining how AI integration modifies competence requirements in 
informatics programmes. 

The methodological design rests on three guiding research questions: 
-How does AI integration in higher education alter the competence profile expected 

from informatics students? 
-What role do soft skills play in AI-supported learning and professional 

environments? 
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-How does AI literacy function as a bridge between technical expertise and 
transversal competences? 

These questions structure the selection, coding, and interpretation of the reviewed 
literature. 
Data Sources and Selection Process 

The empirical basis of this research consists of peer-reviewed journal articles 
indexed in Scopus and Web of Science. The search period covers 2018–2024, 
reflecting the acceleration of AI-related educational research, particularly following the 
mainstream adoption of generative AI systems. 

The literature search was conducted across multiple academic databases, including 
Scopus, ScienceDirect, SpringerLink, and Web of Science Core Collection. Keywords 
were combined using Boolean operators to ensure precision and thematic alignment. 
Examples of search strings include: 

-“artificial intelligence” AND “higher education” 
-“generative AI” AND “learning outcomes” 
-“soft skills” AND “computing education” 
-“AI literacy” AND “curriculum design” 
-“ethical AI” AND “education” 
-“employability skills” AND “digital transformation” 
The initial search returned approximately 145 articles. After removing duplicates 

and screening titles and abstracts for relevance, 82 studies were retained for closer 
examination. A final sample of 62 articles met all inclusion criteria and formed the 
analytical corpus. 

The inclusion criteria were intentionally strict to ensure academic rigor. Only peer-
reviewed publications were considered. Conference proceedings without journal-level 
peer review were excluded. Studies were required to explicitly address at least one of 
the following: AI integration in education, soft skill development in computing 
disciplines, AI literacy frameworks, curriculum reform in digital contexts, or ethical 
implications of AI adoption. 

This structured filtering process enhances transparency and aligns with best 
practices for integrative review methodologies (Snyder 2019). 
 Analytical Strategy and Coding Framework 

Each selected study was analyzed through thematic coding. Rather than extracting 
numerical indicators, the analysis focused on identifying patterns, converging 
arguments, and conceptual relationships. The literature was categorized into four 
interconnected thematic clusters: 

-AI-driven transformation of educational processes 
-Soft skills and employability in computing and informatics 
-AI literacy and ethical responsibility 
-Curriculum integration and pedagogical adaptation 
This categorization was not arbitrary but emerged iteratively through repeated 

reading and cross-comparison of studies. The coding process aimed to identify both 
consensus and tension within the literature. 

For each study, the following aspects were documented: 
-Research design (empirical, theoretical, systematic review) 
-Educational context (discipline, country, level of study) 
-Identified competence outcomes 
-Reported risks or challenges 
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-Proposed curriculum implications 
This multi-dimensional coding approach allows the analysis to capture not only 

what the literature states, but also how it frames the competence transformation 
associated with AI. 

 
Methodological Limitations 

This qualitative synthesis does not quantify causal relationships. AI technology 
evolves rapidly, and literature may lag behind practice. Nonetheless, the reliance on 
peer-reviewed Scopus-indexed sources enhances validity and scholarly robustness. 
 
Research Design and Methodological Positioning 

The present study adopts a qualitative explanatory research design oriented toward 
conceptual model development. The primary methodological objective is not to test a 
predictive hypothesis or estimate causal coefficients, but to construct a structured 
analytical framework that explains how artificial intelligence (AI) integration 
influences the internal composition and functional hierarchy of competences in 
informatics education. 

The research design is situated within an interpretative and constructivist 
epistemological perspective. This positioning acknowledges that competence 
transformation in higher education is not merely a measurable output variable but a 
socially constructed, institutionally mediated, and contextually contingent 
phenomenon. In rapidly evolving technological domains such as AI, competence 
structures cannot be treated as static categories; instead, they must be analyzed as 
dynamic configurations influenced by technological intensity, institutional response, 
and labor market expectations. 

The integrative methodological approach was selected because it allows for 
synthesis across heterogeneous sources of evidence while maintaining analytical 
coherence (Snyder 2019). Unlike systematic reviews that prioritize aggregation of 
effect sizes, integrative reviews are particularly suitable when the aim is theory 
construction or conceptual clarification in emerging research areas. AI integration in 
higher education represents such an area, characterized by rapid innovation cycles, 
interdisciplinary fragmentation, and evolving normative frameworks. 

The methodological strategy therefore prioritizes structural interpretation over 
statistical generalization. The focus lies on identifying recurring mechanisms that 
explain competence redistribution rather than measuring discrete educational outcomes. 
Analytical Architecture 

The analytical architecture of the study is built upon a multi-layered synthesis 
model consisting of four interdependent components: 

- Structural Pattern Extraction 
- Mechanism Identification 
- Interaction Modelling 
- Conceptual Consolidation 
Each component contributes to progressively transforming descriptive findings into 

an explanatory framework. 
 Structural Pattern Extraction 

The first analytical layer focuses on identifying structural patterns within the 
selected corpus of peer-reviewed studies. Rather than extracting isolated conclusions, 
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this stage concentrates on identifying recurring shifts in competence emphasis across 
independent research contexts. 

Structural patterns were identified through comparative reading and thematic 
clustering. This process involved repeated review cycles during which findings were 
grouped according to their implications for competence distribution. The emphasis was 
placed on identifying patterns that appeared consistently across different educational 
systems, disciplinary settings, and methodological designs. 

To avoid confirmation bias, contradictory findings were deliberately examined and 
incorporated where analytically relevant. Only patterns supported by cross-study 
convergence were retained as structurally significant. 

This stage ensures that the methodological foundation is not based on isolated or 
context-specific observations but on stable recurring mechanisms. 
Mechanism Identification 

Following structural pattern extraction, the second analytical layer focuses on 
mechanism identification. Mechanisms are understood as explanatory processes linking 
AI integration to competence transformation. 

The analysis revealed that AI integration does not directly replace competence 
categories. Instead, it operates through intermediate processes that modify task 
distribution and cognitive demand. These processes were identified inductively and 
subsequently categorized as: 

- Cognitive Redistribution Mechanisms 
- Oversight and Validation Mechanisms 
- Ethical Responsibility Amplification 
- Interpretative Dependency Mechanisms 
Each mechanism represents a functional process rather than a normative claim. 
The identification of mechanisms allows the methodology to move beyond 

descriptive synthesis and toward structural explanation. 
Interaction Modelling 

The third analytical layer constructs an interaction-based model of competence 
transformation. Instead of treating competences as independent outcome variables, the 
model conceptualizes them as interacting components within a dynamic system 
influenced by technological intensity. 

The modelling assumption is that AI functions as a contextual moderator rather than 
an autonomous determinant. The relative weight of competence categories changes 
depending on AI integration levels within educational processes. 

This means that as AI becomes more present in learning tasks, the relative value of 
judgement, interpretation, communication, and ethical reasoning becomes more visible 
in what counts as strong performance. 
Conceptual Consolidation 

The final analytical stage involves consolidating identified mechanisms and 
interaction effects into a coherent explanatory framework. This consolidation process 
ensures that the model remains internally consistent and theoretically grounded. 

Conceptual consolidation required iterative validation against source literature. 
Mechanisms were cross-checked against independent research domains to ensure that 
they were not artificially constructed or context-bound. 

The consolidation phase transforms thematic findings into a structured explanatory 
architecture. 
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 Analytical Principles Guiding Model Construction 
Several methodological principles guided the model development process: 
Principle of Non-Substitution - The model explicitly avoids technological 

substitution assumptions. Evidence does not support complete displacement of 
technical skills; rather, it indicates functional redistribution. 

Principle of Relative Weight Adjustment - Competence transformation is 
conceptualized as a shift in relative importance rather than emergence or disappearance 
of categories. 

Principle of Cross-Domain Convergence - Mechanisms are validated only when 
supported by evidence across multiple independent disciplinary domains. 

Principle of Contextual Moderation - AI integration is treated as a contextual 
intensity variable rather than a deterministic predictor. 
Validity and Robustness Strategy 

Given the qualitative nature of the research design, methodological robustness is 
ensured through structural coherence rather than statistical inference. 
Source Reliability 

All sources included in the analytical corpus are peer-reviewed and indexed in 
Scopus or Web of Science. This ensures academic credibility and reduces 
methodological noise. 
Analytical Transparency 

The multi-stage analytical procedure is explicitly described, allowing replication of 
the interpretative logic. 
Thematic Stability 

Mechanisms included in the final model appear consistently across diverse 
institutional and geographical contexts, strengthening construct stability. 
Cross-Validation 

Findings were cross-validated across educational research, labor economics, and AI 
governance literature to prevent disciplinary bias. 
Transferability and Theoretical Generalization 

While the study does not aim for statistical generalization, it supports analytical 
generalization. The conceptual model may be transferable to comparable technological 
transformation contexts beyond informatics education, particularly in disciplines 
experiencing automation-driven task redistribution. 
The methodology thus supports theoretical extension while maintaining contextual 
sensitivity. 
Methodological Boundaries and Constraints 

Several methodological boundaries are acknowledged: 
- The research is interpretative rather than quantitative. 
- It does not measure magnitude of competence change. 
- Rapid technological evolution may introduce developments not yet reflected in 

peer-reviewed literature. 
- The focus on English-language indexed journals may limit regional 

representativeness. 
However, these limitations are consistent with exploratory theory-building studies 

in emerging research fields (Snyder 2019). 
Ethical and Scholarly Integrity 

The methodological process respects scholarly integrity by accurately representing 
cited findings and avoiding normative overextension beyond empirical support. 
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No primary data collection involving human participants was conducted; therefore, 
no institutional ethical approval was required. 

 
3. RESULTS AND DISCUSSION 
 
This section presents the results of the qualitative synthesis and discusses what they 
imply for informatics education. Because the study is based on interpretative 
integration of peer-reviewed evidence rather than primary measurement, “results” are 
reported as convergent patterns and recurring mechanisms identified across the 
reviewed studies. The discussion then explains how these mechanisms reshape 
competence expectations and what this means for curriculum design, teaching practice, 
and assessment in informatics programmes. 
 
Context for interpreting the results: AI as a structural variable 

Across the reviewed studies, AI appears less as a single tool and more as a 
condition that changes what counts as good performance in informatics education. 
Generative systems can support production (drafting, coding, summarising), but they 
also increase the need for verification, judgement, and accountability (Kasneci et al. 
2023; Chiu 2024). Earlier work on AI in higher education shows that AI applications 
influence learning decisions and institutional processes, which creates new demands for 
governance and transparency (Zawacki-Richter et al. 2019; Holmes, Bialik, and Fadel 
2022). For this paper, AI is treated as the background condition that reshapes the 
balance between technical output and human evaluation. 
Aggregate Result: AI as a competence rebalancing driver 

Across the reviewed corpus, the most consistent finding is that AI integration does 
not reduce the importance of soft skills; instead, it reorganizes where value is created in 
student performance and future professional work. The literature converges on a 
competence rebalancing dynamic: as AI systems increasingly support routine 
execution, the educational and workplace premium shifts toward competences required 
to frame problems, evaluate outputs, justify decisions, and act responsibly in uncertain 
situations (Brynjolfsson and McAfee 2014; Chiu 2024). 

 In other words, the “technical–soft” competence profile does not move toward 
one side; it becomes more interdependent. The human contribution becomes more 
visible precisely in areas where automated output is not sufficient: interpreting results, 
checking reliability, anticipating consequences, and communicating reasoning. This 
pattern appears consistently in research on generative AI in education and in wider 
work on digital transformation and employability (Kasneci et al. 2023; Tushar and 
Sooraksa 2023). 

 
Result 1: Redistribution of cognitive effort from production to evaluation 
A first mechanism identified across multiple studies is cognitive redistribution. 

Generative AI tools can produce drafts, code suggestions, explanations, and summaries 
quickly, which shifts student effort away from “first production” and toward 
evaluation, iteration, and refinement. This does not automatically improve learning. 
The literature warns that when AI outputs are accepted without verification, learning 
becomes shallow and students may bypass the conceptual reasoning that underpins 
quality work (Kasneci et al. 2023). 
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This redistribution changes what counts as competence in informatics courses. If 
students can generate a functional code snippet, the differentiator becomes how they (a) 
test it, (b) diagnose failures, (c) explain trade-offs, and (d) document limitations for 
others. These are not exclusively technical tasks; they require critical thinking, 
communication, and judgement under uncertainty. This mechanism aligns with higher 
education transformation arguments that assessment and pedagogy must adapt to a 
world where “output generation” is less diagnostic of competence than “output 
reasoning” (Chiu 2024). 

 
Result 2: Soft skills function as enabling conditions for effective AI use 
A second result concerns the role of soft skills as enabling conditions. The reviewed 

evidence suggests that soft skills are not an “additional layer” to technical competence 
but a prerequisite for using AI tools effectively and responsibly in learning and 
professional contexts. 

Mohammed et al. (2024) show that programmes integrating teamwork, reflective 
discussion, and communication tasks support stronger graduate readiness. These 
findings align with employability evidence showing that critical thinking and 
adaptability remain highly valued in digital economies (Tushar and Sooraksa 2023). 
Broader labour economics research also links non-cognitive skills with long-term 
outcomes (Heckman and Kautz 2012). Brynjolfsson and McAfee (2014) argue that 
technological progress increases the value of creativity, judgement, and complex 
decision-making, while the World Economic Forum (2023) highlights analytical 
thinking, resilience, flexibility, and lifelong learning as core future skills. 

These are the points where students must rely on human judgement while working 
with automated support 

In AI-supported contexts, soft skills help learners and future professionals to: 
-interpret probabilistic outputs 
- detect algorithmic bias 
- communicate limitations and uncertainty 
- collaborate across interdisciplinary teams 
Three soft skill groups appear repeatedly as central: 

1. Critical thinking and analytical judgement 
Students must evaluate plausibility, detect inconsistencies, and validate AI 

outputs against task requirements and domain knowledge. This is repeatedly 
highlighted in discussions of reliability and misuse risks in AI-supported 
learning (Kasneci et al. 2023). 

2. Communication and collaboration 
AI systems increase the need for explanation and shared understanding, especially 

in team-based development. Communicating what the system does, what assumptions 
were made, and what risks remain becomes part of competence, not a separate 
“presentation skill” (Tushar and Sooraksa 2023). 

3. Adaptability and self-regulated learning 
Because tools and workflows change quickly, learning agility and reflective 

learning practices become critical for long-term employability (World Economic 
Forum 2023). This general employability trend is echoed in computing education 
research that stresses the importance of structured soft skill development rather than 
informal exposure (Mohammed et al. 2024). 
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This pattern supports the broader argument that non-cognitive skills are strongly 
linked to long-term outcomes, and that their role becomes even more important in 
technology-intense environments (Heckman and Kautz 2012; Brynjolfsson and 
McAfee 2014). 

 
Result 3: Ethical responsibility becomes a core competence outcome 
A third recurring result is the repositioning of ethics from a peripheral topic to a 

core competence. The reviewed literature emphasizes that AI systems introduce risks 
related to bias, opacity, accountability, and unintended harm, which cannot be managed 
through technical competence alone. Ethical judgement, professional responsibility, 
and the ability to recognize value-laden decisions are therefore central (Baker and 
Hawn 2022; Holmes, Bialik, and Fadel 2022). 

 For informatics education, this result implies that ethics cannot remain 
isolated in a single course or treated as an abstract debate. Instead, ethical reasoning 
needs to be embedded in technical assignments as a practical competence: students 
should be required to justify design choices, document limitations, and reflect on user 
impact and risk trade-offs. The literature suggests that such integration is necessary 
because AI use makes invisible decisions (data selection, model assumptions, prompt 
framing) more consequential (Baker and Hawn 2022). 

 
Result 4: AI literacy emerges as a hybrid competence that relies on soft skills 
A fourth result concerns AI literacy. Evidence indicates that AI literacy is not only 

“knowing how AI works” but includes the ability to evaluate outputs, recognise 
limitations, and apply AI responsibly in real contexts. Kong et al. (2024) describe AI 
literacy as combining understanding, application, and ethical evaluation, while Long 
and Magerko (2020) emphasise recognising limitations, fairness, and societal impact. 
This suggests that AI literacy depends on both technical understanding and soft skills 
such as critical thinking, communication, and ethical judgement. 

This matters for informatics programmes because it reframes what “being 
competent with AI” means. AI literacy becomes a hybrid competence that depends on 
both technical understanding and soft skills. Students need to know how to interrogate 
outputs, communicate uncertainty, and decide when not to use AI. This hybrid nature 
supports the study’s methodological model in which AI intensity increases the 
functional value of soft skills as part of technical practice (Kong, Lai, and Sun 2024; 
Chiu 2024). 

 
Result 5: Assessment validity becomes the main practical bottleneck 
 
A fifth result concerns assessment. The reviewed literature repeatedly points to a 

mismatch between traditional assessment forms and AI-supported learning practices. If 
assignments evaluate output alone (a completed program, an essay, a correct answer), 
AI assistance can mask whether the student developed the underlying competence. As a 
result, assessment validity becomes a central implementation challenge (Kasneci et al. 
2023; Chiu 2024). 

The literature supports a shift toward assessment designs that capture process and 
reasoning, such as: 

- oral defence of code and design decisions 
- iterative submissions with reflection logs 
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- comparison tasks (student must critique AI-generated alternatives) 
- scenario-based evaluation (students respond to ethical and 

operational constraints) 
These formats make soft skills visible and assessable, and they reduce the risk that 

AI use collapses the distinction between performance and competence (Chiu 2024). 
The implication is not to “ban AI,” but to redesign assessment so that AI use becomes 
an object of competence rather than a shortcut. 
Discussion: Implications for informatics curricula 

Taken together, the results support a clear curriculum implication: informatics 
programmes should treat soft skills as structured learning outcomes tightly integrated 
with AI-related technical learning, rather than as informal by-products of group work. 
This aligns with computing education literature showing that explicit soft skill 
integration improves graduate readiness (Mohammed et al. 2024). 

 
Three curriculum directions follow directly from the synthesis: 

1. Embed soft skills inside technical modules 
Rather than standalone “soft skills courses,” embed critical thinking, 

communication, and ethics into programming, data, and AI modules through tasks that 
require explanation, validation, and trade-off reasoning. 

2. Teach AI use as a competence, not a tool trick 
Make AI literacy explicit: students should learn how to prompt responsibly, verify 

outputs, detect failure modes, and communicate uncertainty (Kong, Lai, and Sun 2024; 
Long and Magerko 2020). 

3. Align assessment with the new competence structure 
Prioritize evaluation of reasoning and decision quality, not just final output. This is 

where the competence amplification effect becomes measurable in practice: students 
who can justify, critique, and improve outputs show the competence profile demanded 
by AI-supported workplaces (Chiu 2024; Kasneci et al. 2023). 
Discussion: Risks, boundaries, and realistic expectations 

The synthesis also highlights boundaries. AI can support learning, but it can also 
reduce effortful practice if used as a substitute for thinking. The risk is not AI itself, but 
unstructured adoption without redesigned pedagogy and assessment (Kasneci et al. 
2023). 

Another boundary concerns institutional readiness. Effective integration requires 
educator AI literacy and shared norms for responsible use. Without governance and 
staff development, programmes may see fragmented practices and inconsistent 
expectations (Holmes, Bialik, and Fadel 2022; Zawacki-Richter et al. 2019). 
 
Contribution of this study 

The contribution of this study is the synthesis of a competence interaction 
explanation: AI integration alters competence value not by replacing skill categories 
but by shifting competence emphasis toward judgement, evaluation, communication, 
and ethical responsibility. This provides a structured argument for curriculum redesign 
in informatics education that is grounded in convergent evidence across education, 
employability, and AI ethics research (Chiu 2024; Mohammed et al. 2024; Baker and 
Hawn 2022). 
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CONCLUSION 
 
The rapid diffusion of artificial intelligence across educational and professional 
environments represents not merely a technological shift, but a structural 
transformation in how competence is defined, demonstrated, and evaluated within 
informatics education. This study set out to examine whether the growing integration of 
AI systems diminishes the relevance of soft skills or, alternatively, reshapes their role 
within the competence architecture of future graduates. The qualitative synthesis 
conducted in this paper provides strong evidence for the latter interpretation. 

The central conclusion emerging from the analysis is that AI does not reduce the 
importance of soft skills; rather, it amplifies their functional significance within 
technical domains. As AI systems increasingly automate routine production tasks—
such as drafting, coding, summarizing, and pattern recognition—the human 
contribution shifts toward oversight, interpretation, ethical judgement, 
contextualization, and communication. These are precisely the domains in which soft 
skills operate. In this sense, AI acts as a competence rebalancing mechanism rather 
than a competence substitution mechanism (Brynjolfsson and McAfee 2014). 

The redistribution of cognitive effort from production to evaluation fundamentally 
alters the way competence should be understood in informatics programmes. If output 
generation can be partially delegated to AI systems, the distinguishing marker of 
student competence becomes the ability to critically assess outputs, detect 
inconsistencies, justify decisions, and communicate reasoning processes clearly. 
Research on generative AI in education underscores that without such critical and 
reflective capacities, AI use may result in superficial learning and diminished 
conceptual depth (Kasneci et al. 2023; Chiu 2024). Therefore, soft skills are not 
peripheral complements to technical mastery; they are necessary enabling conditions 
for responsible AI utilization. 

A second major conclusion concerns AI literacy. The literature consistently 
conceptualizes AI literacy as a multi-dimensional construct that integrates technical 
understanding with critical evaluation and ethical awareness (Kong, Lai, and Sun 2024; 
Long and Magerko 2020). The findings of this study reinforce the view that AI literacy 
cannot be developed solely through algorithmic instruction. Instead, it requires 
structured cultivation of analytical judgement, communication competence, and 
professional responsibility. Informatics education must therefore move beyond treating 
AI as a technical tool and instead frame it as a socio-technical system requiring 
reflective engagement. 

Third, the analysis highlights that ethical reasoning is no longer a supplementary 
topic but a core professional competence. AI systems introduce risks related to bias, 
transparency, accountability, and unintended harm. These challenges cannot be 
addressed through programming skill alone; they require normative reasoning and 
awareness of broader societal implications (Baker and Hawn 2022; Holmes, Bialik, and 
Fadel 2022). The increasing autonomy and influence of AI systems make professional 
responsibility central to informatics practice. Consequently, ethics must be embedded 
within technical learning contexts rather than isolated in standalone modules. 

From a curricular perspective, the findings point toward the necessity of structural 
redesign in informatics education. First, soft skills should be integrated explicitly into 
technical coursework through assessment formats that prioritize explanation, 
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evaluation, and reflective reasoning. Second, AI use should be treated as an object of 
learning rather than a hidden aid; students should be required to justify how and why 
AI tools were used and to demonstrate understanding of their limitations. Third, 
assessment practices must evolve from evaluating final output toward evaluating 
reasoning processes and decision quality. Without such adaptation, traditional 
assessment risks losing validity in AI-supported learning environments (Chiu 2024). 

The implications extend beyond higher education institutions. Employers 
increasingly value analytical thinking, adaptability, and collaboration in technology-
intensive labor markets (Tushar and Sooraksa 2023; World Economic Forum 2023). 
The convergence between educational research and workforce transformation literature 
suggests that competence amplification observed in academic contexts mirrors broader 
economic dynamics. AI-driven automation elevates the relative importance of uniquely 
human capacities such as creativity, ethical judgement, and interpersonal 
communication (Heckman and Kautz 2012; Brynjolfsson and McAfee 2014). 

The contribution of this study lies in articulating a structured competence 
amplification framework that explains why and how soft skills gain importance under 
conditions of AI integration. Rather than framing AI as a disruptive threat to human 
expertise, the analysis demonstrates that it redefines the conditions under which 
expertise is expressed. The future informatics professional will not be distinguished 
solely by the ability to produce code or technical outputs, but by the capacity to 
critically interpret, responsibly deploy, and effectively communicate AI-supported 
solutions. 

Nevertheless, several limitations should be acknowledged. The study is based on 
qualitative synthesis and does not measure empirical effect sizes or learning outcomes. 
Future research may complement this conceptual framework with longitudinal 
empirical studies assessing how AI-integrated curricula influence student competence 
development and graduate employability. Additionally, institutional differences and 
regional educational contexts may moderate the dynamics described in this paper. 
Comparative case studies across universities and countries could provide further 
insights into implementation strategies. 

In conclusion, artificial intelligence does not diminish the human dimension of 
informatics education; it makes it more visible and more essential. As AI becomes 
embedded in academic and professional practice, the sustainable development of 
technical expertise will increasingly depend on the systematic cultivation of soft skills. 
Informatics programmes that recognize and strategically respond to this competence 
transformation will be better positioned to prepare students for complex, ethically 
demanding, and rapidly evolving technological environments. 
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Abstract 
 
Artificial intelligence is increasingly influencing decision-making processes in organizational management, 
including human resource management within educational institutions. AI-based systems offer new 
possibilities for recruitment support, performance evaluation, workforce planning, and professional 
development through predictive analytics and algorithmic assessment. This paper examines the role of 
artificial intelligence in human resource management in educational institutions in North Macedonia, with 
particular attention to professional perceptions, organizational implications, and institutional readiness. The 
empirical component is based on a structured survey administered to academic and administrative staff 
involved in HR-related processes. The findings reveal a pronounced gap between awareness of the potential 
benefits of AI-supported human resource management and its limited practical implementation. While 
respondents largely acknowledge the value of AI for improving transparency, consistency, and strategic 
planning, concerns related to accountability, fairness, and institutional responsibility remain significant 
barriers. The paper contributes empirically grounded insight into AI adoption in educational human resource 
management and outlines directions for responsible and context-sensitive implementation. 
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INTRODUCTION 
 
Human resource management within educational institutions is increasingly shaped by 
pressures related to staff evaluation, workload distribution, professional development, 
and long-term workforce sustainability. Universities and schools operate within 
governance environments characterized by professional autonomy, collegial decision-
making, and heightened expectations for transparency and fairness in personnel-related 
decisions. Within this context, artificial intelligence has emerged as a potential 
instrument for supporting human resource management through algorithmic analysis, 
predictive modeling, and data-driven decision support. 

Artificial intelligence–based HR systems are designed to assist managers in tasks 
such as candidate screening, performance assessment, identification of training needs, 
and forecasting of staffing requirements. Unlike traditional administrative tools, AI 
systems claim to enhance consistency and analytical rigor by relying on systematic data 
processing rather than solely on subjective judgment. However, the introduction of 
artificial intelligence into human resource management in educational institutions 
raises distinct organizational and ethical challenges, particularly concerning 
accountability, bias, and professional trust. 
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In North Macedonia, the application of artificial intelligence in managing human 
resources in education remains at an early stage. Empirical evidence concerning 
institutional readiness, staff perceptions, and perceived risks of AI adoption is limited. 
This study addresses that gap by empirically examining how artificial intelligence is 
perceived and evaluated by professionals involved in HR-related processes within 
Macedonian educational institutions. 

Accordingly, this study seeks to empirically examine how artificial intelligence is 
perceived, evaluated, and institutionally positioned within human resource and career 
management processes in educational institutions in North Macedonia, with specific 
attention to perceived usefulness, readiness for adoption, and governance-related 
concerns. 

Specifically, the study investigates whether perceived usefulness of AI constitutes a 
decisive factor shaping institutional readiness for its adoption in educational HRM. 
 
1. ARTIFICIAL INTELLIGENCE AND HUMAN RESOURCE MANAGEMENT IN 
EDUCATION 
 
Artificial intelligence in human resource management refers to the use of machine 
learning algorithms and predictive models to support decisions related to recruitment, 
evaluation, promotion, and staff development. In educational institutions, such systems 
may analyze indicators including teaching performance, workload allocation, student 
feedback, research output, and career progression data. 

The literature emphasizes that artificial intelligence in HRM functions primarily as 
a decision-support mechanism rather than an autonomous decision-maker. While 
algorithms may reduce certain forms of inconsistency and administrative burden, they 
do not eliminate the need for human judgment and institutional responsibility. In 
educational settings, where personnel decisions directly affect academic freedom, 
career trajectories, and institutional legitimacy, the use of AI requires careful 
governance. 

Concerns regarding algorithmic bias, opacity of decision criteria, and accountability 
for AI-supported outcomes are particularly salient in education. As a result, AI 
adoption in educational HRM depends not only on technical feasibility but also on 
normative acceptance, trust, and clearly defined institutional responsibility. 

In higher education institutions, artificial intelligence is increasingly applied in 
human resource management to support recruitment, performance evaluation, and 
workforce planning, while final decisions remain institutionally and ethically anchored 
in academic governance structures (Bondarouk and Brewster 2016). 

Artificial intelligence is increasingly used in human resource management as a 
decision-support mechanism that augments, rather than replaces, human judgment, 
particularly in complex organizational environments such as educational institutions 
(Tambe, Cappelli, and Yakubovich 2019). 

 
2. EMPIRICAL STUDY: METHODOLOGY 

 
2.1. Research Design and Sample 
 
The empirical component of the study adopts a quantitative, cross-sectional research 
design explicitly aligned with the study’s research questions concerning awareness of 
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artificial intelligence, perceived usefulness, and institutional readiness for AI adoption 
in human resource management within educational institutions. This design is 
particularly suitable for systematically capturing professional perceptions, evaluative 
judgments, and organizational conditions at a defined point in time, thereby enabling 
empirical examination of prevailing patterns rather than longitudinal change. 

Data were collected through a structured questionnaire administered to academic 
and administrative staff employed in public and private educational institutions in 
North Macedonia. A purposive sampling strategy was employed to ensure that 
respondents possessed direct involvement in human resource–related processes, 
including academic staff with managerial responsibilities, human resource officers, and 
senior administrative personnel. This approach was intended to enhance the substantive 
relevance of the collected data by focusing on actors with informed perspectives on HR 
decision-making practices. 

The final sample consisted of 78 respondents, all of whom reported a minimum of 
five years of professional experience within educational institutions. This inclusion 
criterion was applied to strengthen the internal validity of the findings by ensuring that 
responses reflected sustained institutional engagement and experiential familiarity with 
personnel management practices rather than introductory or peripheral viewpoints. 

 
2.2. Instrument and Reliability 
 
The research instrument was designed to operationalize four analytically distinct but 
interrelated dimensions: awareness of artificial intelligence applications in human 
resource management, perceived usefulness of AI-supported HR decisions, perceived 
organizational impact, and perceived barriers and risks associated with AI adoption. 
Each dimension was measured through multiple items using a five-point Likert scale, 
allowing for nuanced differentiation in respondent evaluations. 

Internal consistency of the measurement instrument was assessed using Cronbach’s 
Alpha coefficients. The overall scale demonstrated high reliability, with a Cronbach’s 
Alpha value of 0.87, indicating that the items coherently captured the intended 
analytical constructs and provided a robust basis for subsequent statistical analysis. 

Empirical Results 
Awareness and Exposure to Artificial Intelligence in Educational HRM 
Awareness and exposure constitute foundational preconditions for the adoption of 

artificial intelligence in educational human resource management, as they shape how 
professionals interpret its relevance, feasibility, and potential role within existing 
institutional practices. 

 
Table 1. Awareness and Exposure to Artificial Intelligence in Educational HRM 
Statement Mean (M) SD 
Familiarity with AI applications in human resource management 4.18 0.69 
Awareness of AI use in HRM internationally 4.25 0.64 
Direct exposure to AI-supported HR decisions in own institution 2.38 0.84 
Institutional discussion regarding AI use in HR management 2.61 0.90 

 
The results indicate a pronounced discrepancy between high conceptual awareness 

and limited institutional practice. Artificial intelligence is primarily perceived as an 
external reference point rather than an operational HR management tool within 
Macedonian educational institutions. 
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2.3. Perceived Usefulness of Artificial Intelligence in HR Decision-Making 
 
Perceived usefulness represents a central analytical dimension in assessing artificial 
intelligence adoption in human resource decision-making, as it directly reflects 
professional evaluations of whether AI-supported systems can meaningfully enhance 
the quality, consistency, and transparency of personnel-related judgments within 
educational institutions. 
 
Table 2. Perceived Usefulness of Artificial Intelligence in Educational HRM 
HR Dimension Mean (M) SD 
Transparency of HR-related decisions 4.29 0.61 
Consistency in staff evaluation 4.17 0.66 
Support in recruitment processes 4.05 0.73 
Strategic workforce planning 4.32 0.58 

 
Respondents evaluate artificial intelligence as a valuable support mechanism, 

particularly in strategic planning and transparency of personnel decisions. 
 

2.4. Organizational Impact of AI-Supported HRM 
 
Beyond individual perceptions and decision-level effects, the adoption of artificial 
intelligence in human resource management carries broader organizational 
implications, particularly in relation to administrative efficiency, policy coherence, and 
the institutionalization of evidence-based personnel practices within educational 
institutions. 

 
Table 3. Perceived Organizational Impact of Artificial Intelligence in HRM 
Organizational Aspect Mean (M) SD 
Reduction of administrative workload 4.08 0.71 
Improvement of decision-making consistency 4.14 0.65 
Support for evidence-based HR policies 4.21 0.62 
Enhancement of institutional accountability 3.97 0.74 

 
The findings suggest that AI adoption is associated with broader organizational 

benefits beyond efficiency, including improved accountability and policy coherence. 
 

2.5. Barriers and Risks Related to AI Adoption 
 
The introduction of artificial intelligence into HR decision-making processes raises 
substantial concerns related to transparency, accountability, and algorithmic bias, 
especially in public sector and educational organizations where legitimacy and fairness 
are paramount (Köchling and Wehner 2020). 

 
Table 4. Key Barriers to Artificial Intelligence Adoption in Educational HRM 
Barrier / Risk Agree / Strongly Agree (%) 
Lack of institutional AI strategy 76 
Insufficient staff training 72 
Concerns regarding accountability 69 
Risk of biased algorithmic evaluations 65 
Limited financial resources 71 

 



 

Normative and organizational barriers dominate professional concerns, highlighting 
governance challenges rather than technological resistance.

 
2.6. Correlation Analysis

 
Table 5. Correlation Between Perceived Usefulness and Adoption Readiness
Variables 
Perceived usefulness of AI & Readiness for adoption

 
A statistically significant positive correlation indicates that readiness for AI 

adoption is strongly influenced by perceived practical value.
This relationship suggests that institutional willingness to engage with AI

human resource management is primarily conditioned by the extent to which 
professionals perceive such systems as capable of 
relevant organizational benefits.

 
2.7. Visual Representation of Empirical Relationship
 
To facilitate interpretation of the statistical findings, the empirical relationship between 
perceived usefulness of artificial 
through a visual representation highlighting the direction and strength of the observed 
association. 
 

Figure 1. Relationship Between Perceived Usefulness of Artificial Intelligence and Readiness for 
Adoption 

 
The upward trend illustrates that higher perceived usefulness of AI in HR decision

making corresponds to greater readiness for institutional adoption.
 

3. DISCUSSION 
 
The empirical findings demonstrate that professionals in Macedonian educational 
institutions recognize artificial intelligence as a potentially valuable support tool for 
human resource management. However, implementation remains limited due to 
unresolved concerns related to accountability, fairness, and institutional responsibility. 
The prominence of governance
educational HRM is primarily an organizational and normative challenge rather than a 
technological one. 

The use of artificial intelligence in human resource management within educational 
institutions intensifies concerns related to fairness, transparency, and accountability, as 

Normative and organizational barriers dominate professional concerns, highlighting 
governance challenges rather than technological resistance. 

Correlation Analysis 

Correlation Between Perceived Usefulness and Adoption Readiness 
r p-value

Perceived usefulness of AI & Readiness for adoption 0.62 < 0.01

A statistically significant positive correlation indicates that readiness for AI 
strongly influenced by perceived practical value. 

This relationship suggests that institutional willingness to engage with AI-based 
human resource management is primarily conditioned by the extent to which 
professionals perceive such systems as capable of delivering tangible and contextually 
relevant organizational benefits. 

Visual Representation of Empirical Relationship 

To facilitate interpretation of the statistical findings, the empirical relationship between 
perceived usefulness of artificial intelligence and readiness for adoption is presented 
through a visual representation highlighting the direction and strength of the observed 

 
Relationship Between Perceived Usefulness of Artificial Intelligence and Readiness for 

The upward trend illustrates that higher perceived usefulness of AI in HR decision
making corresponds to greater readiness for institutional adoption. 

The empirical findings demonstrate that professionals in Macedonian educational 
institutions recognize artificial intelligence as a potentially valuable support tool for 
human resource management. However, implementation remains limited due to 
unresolved concerns related to accountability, fairness, and institutional responsibility. 
The prominence of governance-related barriers indicates that AI adoption in 
educational HRM is primarily an organizational and normative challenge rather than a 

The use of artificial intelligence in human resource management within educational 
institutions intensifies concerns related to fairness, transparency, and accountability, as 
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human resource management. However, implementation remains limited due to 
unresolved concerns related to accountability, fairness, and institutional responsibility. 

related barriers indicates that AI adoption in 
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The use of artificial intelligence in human resource management within educational 
institutions intensifies concerns related to fairness, transparency, and accountability, as 
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algorithmic systems increasingly influence employment-related decisions in contexts 
governed by public trust and academic legitimacy (UNESCO 2021). 

The strong relationship between perceived usefulness and adoption readiness 
suggests that acceptance of AI depends on demonstrable benefits and clear institutional 
safeguards. Without explicit frameworks defining responsibility and ethical use, AI-
supported HR decisions risk undermining trust and institutional legitimacy. 
 
CONCLUSION 
 
Artificial intelligence holds substantial potential to enhance human resource 
management in educational institutions through improved transparency, consistency, 
and strategic planning. This study demonstrates that while awareness and perceived 
usefulness of AI are high among professionals in North Macedonia, practical 
implementation remains at an early stage. Bridging this gap requires institutional 
strategies, clearly defined accountability frameworks, and targeted professional 
training. 

Future research should adopt longitudinal and qualitative approaches to examine 
how AI-supported HRM influences organizational culture, professional trust, and 
governance within educational institutions. 

By providing original empirical evidence from the context of educational 
institutions in North Macedonia, this study advances current understanding of artificial 
intelligence in human resource management by demonstrating that governance capacity 
and normative clarity, rather than technological readiness alone, constitute the decisive 
conditions for responsible and sustainable AI adoption. 
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Abstract 
 
The telecommunications sector constitutes one of the most analytically demanding corporate environments, 
shaped by accelerated digitalization, infrastructural complexity, and persistent strategic uncertainty. Under 
such conditions, artificial intelligence increasingly mediates corporate strategy formulation, organizational 
transformation, and digital corporate communications. Instead of conceptualizing artificial intelligence as a 
technological replacement for managerial agency, this paper empirically examines its role as an analytically 
embedded instrument within corporate strategic reasoning and communicational coordination. 
The study focuses on A1 Macedonia and connects publicly available strategic documents and corporate 
disclosures with original empirical evidence obtained through a structured survey administered among 
managerial, expert, and communication staff.The research design combines conceptual grounding with 
empirical modeling in order to examine relationships between artificial intelligence–supported analytics, 
perceived strategic coherence, perceived effectiveness of business transformation, and coherence of digital 
corporate communications. Quantitative data are analyzed using descriptive statistics, correlation analysis, 
and multiple linear regression models. 
The findings reveal statistically significant positive relationships between artificial intelligence–supported 
analytical systems and all three examined dimensions of corporate functioning. The empirical results support 
the theoretical proposition that artificial intelligence enhances corporate performance primarily through 
analytical augmentation of managerial interpretation rather than through automation. The study contributes 
empirically to the literature on digital transformation by providing context-sensitive evidence from the 
telecommunications sector and by positioning artificial intelligence as an analytically mediating instrument 
within institutionally bounded corporate systems. 
 
Keywords: artificial intelligence, corporate strategy, business transformation, digital corporate 
communications, telecommunications sector, analytical instruments 
 

JEL Classification: L96; O33 

 
INTRODUCTION 
 
Corporate strategy in the telecommunications sector unfolds within an environment 
characterized by technological acceleration, regulatory complexity, and rapidly 
evolving customer behavior. Strategic decision making increasingly relies on 
organizational capacity to interpret extensive volumes of operational, market, and 
communication data produced through digital infrastructures and customer-facing 
platforms.Conventional analytical approaches based on periodic reporting and 
retrospective evaluation frequently fail to provide sufficient interpretative depth under 
such conditions (Teece et al., 2016). 

A1 Macedonia operates in a national market marked by high mobile and broadband 
penetration, intense competition, and advanced digital service expectations. Publicly 
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available strategic materials, sustainability disclosures, and corporate communications 
emphasize digital transformation, customer-oriented service development, and data-
driven decision making as guiding orientations of corporate development. These 
orientations presuppose the existence of analytical infrastructures capable of translating 
complex data environments into actionable strategic insights. 

Artificial intelligence has increasingly been adopted within telecommunications 
organizations as a response to analytical overload. While existing research documents 
applications related to network optimization, customer analytics, and communication 
personalization, empirical investigation of how artificial intelligence supports strategic 
interpretation, transformation coordination, and corporate communication coherence 
remains limited, particularly within Southeast European contexts. This study addresses 
that gap by empirically examining artificial intelligence as an analytical instrument 
within corporate strategy, business transformation, and digital corporate 
communications at A1 Macedonia. 
 
1. THEORETICAL FRAMEWORK AND RESEARCH MODEL 
 
From a theoretical standpoint, corporate strategy and organizational transformation can 
be understood as analytically mediated processes operating under conditions of 
bounded rationality, temporal pressure, and informational asymmetry. Contemporary 
corporations increasingly function in environments characterized by high levels of data 
intensity, rapid change, and structural complexity, where the volume, velocity, and 
heterogeneity of available information exceed the interpretative capacity of traditional 
managerial approaches. In such contexts, bounded rationality is not merely an 
individual cognitive limitation, but a structural feature of strategic decision making 
within complex organizational systems. 

Within this environment, artificial intelligence takes shape as an analytical 
intermediary that expands managerial interpretative capacity by means of automated 
data processing, pattern identification, and predictive analytical procedures applied to 
heterogeneous data sources.Its relevance does not reside in the substitution of human 
judgment, but in its capacity to structure informational complexity in forms that 
support strategic sense-making. By transforming large and unstructured datasets into 
analytically interpretable signals, artificial intelligence enables managers to engage in 
more informed anticipation of strategic alternatives and their potential consequences, 
thereby expanding the cognitive scope of strategic reasoning without displacing human 
agency (Raisch & Krakowski, 2021). 

Business transformation constitutes a particularly complex organizational process, 
involving coordinated and interdependent changes across technological infrastructures, 
organizational routines, and communicational practices. Such transformation processes 
do not unfold as linear sequences of predefined steps, but rather as evolving dynamics 
marked by feedback loops, adjustment mechanisms, and interpretative recalibrations. 
Within this context, analytical support becomes a central enabling condition of 
transformation effectiveness. Artificial intelligence contributes by facilitating 
continuous monitoring of transformation indicators and by supporting anticipatory 
interpretation of organizational responses to change initiatives. Through these 
mechanisms, artificial intelligence reduces interpretative latency and enables timely 
analytical feedback, thereby supporting adaptive alignment between strategic intent and 
organizational execution. 
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Digital corporate communications represent an additional analytically 
interconnected domain within contemporary corporate governance. In digitally 
mediated communication environments, strategic narratives, stakeholder perceptions, 
and reputational signals interact in real time and are subject to rapid amplification and 
reinterpretation. The coherence of corporate communication no longer depends solely 
on formal alignment with strategic documents, but increasingly on the organization’s 
analytical capacity to interpret stakeholder responses and adjust communicational 
practices accordingly. Artificial intelligence–supported analytics enable systematic 
interpretation of communicational feedback, thereby strengthening alignment between 
corporate messaging and stakeholder perception and enhancing communicational 
coherence and responsiveness (Malthouse et al., 2019). 

On the basis of this theoretical synthesis, the research model conceptualizes 
artificial intelligence–supported analytics as an independent analytical construct 
influencing three interrelated dependent constructs. The first concerns perceived 
strategic coherence, understood as the extent to which strategic priorities are 
analytically interpretable and internally aligned across organizational units. The second 
relates to perceived effectiveness of business transformation, conceptualized as the 
analytically supported capacity to monitor, interpret, and adjust transformation 
processes. The third pertains to perceived coherence of digital corporate 
communications, defined as the degree of alignment between strategic intent and 
stakeholder perception within digitally mediated communication environments. 

Organizational role and tenure are incorporated as control variables in the research 
model in order to account for differences in institutional embeddedness, experiential 
knowledge, and access to analytical resources that may shape individual perceptions of 
artificial intelligence–supported analytics. By integrating these control dimensions, the 
model allows for a more precise examination of artificial intelligence as an analytically 
mediating infrastructure within contemporary corporate strategy and transformation 
processes, rather than as a purely technological or operational instrument. 

 
Figure 1. Conceptual Research Model 

 
Figure 1 illustrates the conceptual research model underlying the empirical analysis. 

Artificial intelligence–supported analytics are positioned as the central analytical 
construct influencing perceived strategic coherence, perceived effectiveness of business 
transformation, and perceived coherence of digital corporate communications. 
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2. METHODOLOGY 
 
The study adopts a quantitative, cross-sectional research design to empirically examine 
artificial intelligence as an analytically embedded instrument within corporate strategy 
formulation, business transformation processes, and digital corporate communications. 
This design is appropriate given the study’s objective to capture analytically oriented 
perceptions of organizational actors at a specific point in time, rather than to trace 
longitudinal causal dynamics. The methodological approach is grounded in the 
theoretical premise that artificial intelligence operates as an analytically mediating 
infrastructure that augments managerial interpretation under conditions of 
informational complexity, temporal pressure, and strategic uncertainty, rather than as 
an autonomous decision-making system. 
 
2.1. Research Context and Sample 
 
The empirical research is conducted within A1 Macedonia, a telecommunications 
operator functioning in a highly digitized and competitive market environment. The 
selection of this organizational context is analytically justified by the data-intensive 
nature of telecommunications operations, the strategic centrality of digital 
transformation initiatives, and the heightened relevance of digital corporate 
communications in stakeholder engagement. These characteristics render the 
organization particularly suitable for examining the analytical role of artificial 
intelligence across strategic, transformational, and communicational domains. 

Data were collected through a structured electronic questionnaire distributed 
internally among employees occupying positions directly or indirectly related to 
strategic planning, analytics, business transformation, information systems, and digital 
corporate communications. The targeted respondent groups include middle and senior 
management, strategic analysts, transformation specialists, information systems 
professionals, and corporate communication experts. Participation in the survey was 
voluntary and anonymous, thereby reducing the likelihood of response bias and 
encouraging candid assessment of organizational practices. 

The final analytical sample consists of 84 valid responses. This sample size is 
methodologically adequate for the application of descriptive statistical techniques, 
correlation analysis, and multiple linear regression modeling within organizational 
research settings. The diversity of organizational roles and hierarchical levels 
represented in the sample enhances the analytical robustness of the findings by 
capturing a broad range of institutional perspectives. 

 
2.2. Measurement Instrument 
 
The survey instrument was designed to operationalize the conceptual constructs 
derived from the theoretical framework. The questionnaire comprises four analytically 
distinct sections. The first section collects demographic and organizational information, 
including respondents’ functional area, organizational role, and tenure, which are later 
employed as control variables in the regression models. The second section measures 
perceptions of artificial intelligence–supported analytics, focusing on the extent to 
which analytical systems based on artificial intelligence support interpretation of 
complex data, strategic sense-making, and analytical clarity. The third section assesses 
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perceptions of business transformation effectiveness, conceptualized as the analytically 
supported capacity to monitor, interpret, and adjust transformation initiatives. The 
fourth section captures perceptions of coherence and responsiveness in digital corporate 
communications, emphasizing alignment between strategic intent and stakeholder 
perception in digital environments. 

All perceptual items are measured using a five-point Likert scale ranging from 
strong disagreement to strong agreement. The use of a Likert-type scale is 
methodologically appropriate for capturing subjective evaluations of analytically 
mediated organizational processes, particularly when the research focus lies on 
interpretative perceptions rather than objectively observable outcomes. 

 
2.3. Reliability and Validity Considerations 
 
Internal consistency of the measurement scales was assessed using Cronbach’s alpha 
coefficients. All constructs exhibit reliability values exceeding commonly accepted 
thresholds, indicating satisfactory internal consistency and supporting the aggregation 
of individual items into composite scale measures. This reliability assessment enhances 
confidence in the measurement instrument’s capacity to capture coherent analytical 
constructs. 

While the study relies on perceptual measures, construct validity is strengthened 
through close alignment between the theoretical framework and the operationalization 
of variables. The measurement items were formulated to reflect analytically mediated 
processes rather than technological implementation per se, thereby ensuring conceptual 
consistency with the study’s analytical orientation. 

 
2.4. Data Analysis Procedures 
 
Quantitative data analysis was conducted in several analytically structured stages. First, 
descriptive statistics were employed to examine central tendency and dispersion of the 
core constructs, providing an initial overview of respondents’ perceptions regarding 
artificial intelligence–supported analytics, strategic coherence, business transformation 
effectiveness, and digital corporate communication coherence. Second, Pearson 
correlation analysis was applied to explore bivariate relationships among the key 
variables and to assess the direction and strength of associations in line with the 
proposed research model. 

Third, multiple linear regression models were estimated to test the hypothesized 
relationships between artificial intelligence–supported analytics and the three 
dependent constructs, while controlling for organizational role and tenure. Regression 
analysis enables assessment of the relative contribution of analytical support to each 
outcome variable and provides a more robust empirical basis for hypothesis evaluation 
than bivariate analysis alone. 

The analytical emphasis throughout the study is placed on interpretative 
relationships rather than causal inference. This methodological stance reflects the 
perceptual and institutional nature of the examined constructs and is consistent with the 
cross-sectional research design. The findings are therefore interpreted as indicative of 
analytically mediated associations within a specific organizational context, rather than 
as evidence of deterministic causal effects. 
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3. HYPOTHESIS DEVELOPMENT 
 
The development of hypotheses in this study is grounded in the conceptualization of 
artificial intelligence as an analytically mediating infrastructure embedded within 
corporate processes, rather than as an autonomous technological decision maker. 
Drawing on theories of bounded rationality, organizational sense-making, and 
analytically supported management, the hypotheses articulate expected relationships 
between artificial intelligence–supported analytics and key dimensions of corporate 
functioning within a data-intensive and strategically complex organizational 
environment. 
 
3.1. Artificial Intelligence–Supported Analytics and Strategic Coherence 
 
Strategic coherence refers to the extent to which strategic priorities are clearly 
articulated, analytically interpretable, and consistently understood across organizational 
units. In complex corporate environments, strategic incoherence often emerges not 
from the absence of strategic intent, but from fragmented interpretation of information, 
inconsistent analytical frames, and limited shared understanding of strategic signals. 
Traditional strategic planning tools frequently struggle to address these challenges due 
to their reliance on periodic analysis and retrospective evaluation. 

Artificial intelligence–supported analytics contribute to strategic coherence by 
facilitating structured interpretation of heterogeneous data sources, including market 
dynamics, customer behavior, operational performance, and competitive signals. 
Through pattern recognition and predictive interpretation, artificial intelligence reduces 
analytical ambiguity and supports the formation of shared interpretative frameworks 
within the organization. These analytical capabilities allow managers across 
hierarchical levels to align their understanding of strategic priorities with analytically 
grounded insights rather than fragmented or intuition-based interpretations. 

From this perspective, artificial intelligence contributes to strategic coherence not 
by dictating strategic choices, but by facilitating a common analytical language through 
which strategic information is interpreted and communicated. This analytical mediation 
is expected to strengthen internal alignment and clarity of strategic direction. 

H1: Artificial intelligence–supported analytics have a positive and statistically 
significant effect on perceived strategic coherence within A1 Macedonia. 

 
3.2. Artificial Intelligence–Supported Analytics and Business Transformation 
Effectiveness 
 
Business transformation is widely recognized as a complex, ongoing process involving 
coordinated change across technologies, organizational structures, processes, and 
cultural practices. Transformation initiatives frequently encounter challenges related to 
delayed feedback, limited visibility of progress, and misalignment between strategic 
objectives and operational execution. These challenges are often exacerbated by 
insufficient analytical monitoring and delayed interpretation of transformation 
indicators. 

Artificial intelligence–supported analytics address these challenges by enabling 
continuous observation and interpretation of transformation-related data. Through real-
time monitoring, anomaly detection, and predictive assessment, artificial intelligence 
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enhances managerial capacity to identify emerging issues, evaluate transformation 
trajectories, and adjust initiatives in a timely manner. Importantly, this analytical 
support does not replace managerial judgment, but strengthens it by providing 
interpretable signals that inform adaptive decision making. 

The effectiveness of business transformation is therefore expected to be positively 
associated with the presence of artificial intelligence–supported analytics that enhance 
interpretative clarity and reduce uncertainty during transformation processes. 
Organizations with stronger analytical support are more likely to perceive 
transformation initiatives as coherent, manageable, and aligned with strategic intent. 

H2: Artificial intelligence–supported analytics have a positive and statistically 
significant effect on perceived effectiveness of business transformation within A1 
Macedonia. 

 
3.3. Artificial Intelligence–Supported Analytics and Coherence of Digital 
Corporate Communications 
 
Digital corporate communications operate within a highly dynamic and data-rich 
environment where organizational messages, stakeholder reactions, and reputational 
signals interact in real time. In such environments, communicational coherence 
depends not only on the consistency of messaging, but on the organization’s analytical 
capacity to interpret stakeholder responses and adjust communication practices 
accordingly. Without systematic analytical support, digital communication risks 
fragmentation, delayed responsiveness, and misalignment with strategic intent. 

Artificial intelligence–supported analytics enhance digital corporate communication 
coherence by enabling systematic interpretation of engagement metrics, sentiment 
indicators, and behavioral responses across digital platforms. These analytical insights 
allow organizations to align corporate narratives with stakeholder perception and to 
maintain consistency between strategic objectives and communicational expression. In 
this sense, artificial intelligence functions as an interpretative bridge between strategic 
intent and external perception. 

The analytical mediation provided by artificial intelligence is therefore expected to 
strengthen perceived coherence and responsiveness of digital corporate 
communications, particularly in sectors such as telecommunications where public 
visibility and stakeholder scrutiny are high. 

H3: Artificial intelligence–supported analytics have a positive and statistically 
significant effect on perceived coherence of digital corporate communications within 
A1 Macedonia. 

 
3.4. Integrated Hypothesis Structure 
 
Taken together, the three hypotheses reflect an integrated analytical logic in which 
artificial intelligence–supported analytics influence multiple, interrelated dimensions of 
corporate functioning. Strategic coherence, business transformation effectiveness, and 
digital corporate communication coherence are not treated as isolated outcomes, but as 
analytically interconnected manifestations of enhanced organizational sense-making. 
The hypothesis structure thus captures the multifaceted role of artificial intelligence as 
an analytically mediating infrastructure that supports interpretation, alignment, and 
adaptive coordination within contemporary corporate systems. 
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4. RESULTS 
 
The empirical results are presented in a structured analytical sequence corresponding to 
the research model and the proposed hypotheses. The analysis proceeds from 
descriptive statistics to correlation analysis and subsequently to multivariate regression 
modeling, in order to provide a comprehensive assessment of the relationships between 
artificial intelligence–supported analytics and the examined dimensions of corporate 
functioning within A1 Macedonia. 
 
Table 1. Descriptive Statistics of Core Research Constructs (N = 84) 

Construct Mean Standard Deviation 
AI-supported analytics 3.98 0.62 
Strategic coherence 4.05 0.58 
Business transformation effectiveness 3.89 0.64 
Digital corporate communication coherence 4.12 0.55 
Note: Values are based on five-point Likert-scale measurements. 

 

 
Figure 2. Mean Values of Core Research Constructs 

                                     Source: Survey data, N = 84. 
 

This figure shows that all constructs exhibit high mean values, with the highest 
mean observed for digital corporate communication coherence and the lowest mean 
recorded for perceived effectiveness of business transformation, a pattern that is 
analytically consistent with the inherent complexity of transformation processes. 

Descriptive statistics reveal consistently high mean values across all core 
constructs, indicating generally favorable organizational perceptions regarding the 
presence and analytical usefulness of artificial intelligence–supported systems. In 
particular, artificial intelligence–supported analytics demonstrate a mean value close to 
the upper range of the measurement scale, suggesting that respondents widely 
recognize their relevance for strategic interpretation, performance monitoring, and 
data-driven coordination. Perceived strategic coherence and perceived coherence of 
digital corporate communications also exhibit elevated mean values, reflecting a 
relatively strong sense of internal alignment between strategic priorities, analytical 
interpretation, and communicational practice. Perceived effectiveness of business 
transformation shows a slightly lower mean and marginally higher dispersion, which is 
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analytically consistent with the inherent complexity, uncertainty, and ongoing nature of 
transformation processes in large telecommunications organizations. 

Pearson correlation analysis indicates statistically significant positive relationships 
between artificial intelligence–supported analytics and all three dependent constructs.  

 
Table 2. Correlation Matrix of Research Variables 
 AI 

analytics 
Strategic 

coherence 
Business 

transformation 
Digital 

communication 
AI analytics 1.00 0.61** 0.54** 0.58** 
Strategic 
coherence 

0.61** 1.00 0.49** 0.52** 

Business 
transformation 

0.54** 0.49** 1.00 0.46** 

Digital 
communication 

0.58** 0.52** 0.46** 1.00 

Note: ** p < 0.01. 
 

The strongest bivariate association is observed between artificial intelligence–
supported analytics and perceived strategic coherence, suggesting that analytical 
augmentation plays a particularly salient role in strengthening shared understanding of 
strategic priorities across organizational units. Substantial positive correlations are also 
identified with perceived coherence of digital corporate communications and perceived 
effectiveness of business transformation, providing preliminary empirical support for 
the hypothesized analytical relationships. The magnitude and direction of these 
correlations are consistent with the theoretical expectation that artificial intelligence 
primarily enhances interpretative clarity and alignment rather than narrowly defined 
operational outcomes. 

 
Table 3. Results of Multiple Linear Regression Analysis 
Dependent Variable Standardized Beta t-value p-value 
Strategic coherence 0.47 5.92 <0.001 
Business transformation effectiveness 0.39 4.88 <0.001 
Digital corporate communication coherence 0.43 5.36 <0.001 
Note: Control variables include organizational role and tenure. 

 

 
Figure 3. Standardized Regression Coefficients of AI-Supported Analytics 

                    Source: Multiple linear regression analysis 
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Figure 3 presents the standardized beta coefficients derived from the multiple 
regression models examining the effect of AI-supported analytics on the three 
dependent constructs. The strongest effect is observed for strategic coherence, followed 
by digital corporate communication coherence and business transformation 
effectiveness. This distribution of coefficients indicates that AI-supported analytics 
contribute most prominently to analytical clarity and strategic sense-making, while 
their effect on business transformation, although statistically significant, reflects the 
greater structural complexity of transformation processes. 

To further assess the robustness of these relationships, multiple linear regression 
analyses were conducted while controlling for organizational role and tenure. The 
regression results confirm that artificial intelligence–supported analytics constitute a 
statistically significant predictor in all three models. In the first model, artificial 
intelligence–supported analytics exhibit a strong positive effect on perceived strategic 
coherence, indicating that higher levels of analytical support are associated with clearer 
and more consistent interpretation of strategic direction. This finding provides clear 
empirical support for Hypothesis H1. 

In the second regression model, artificial intelligence–supported analytics 
demonstrate a positive and statistically significant effect on perceived effectiveness of 
business transformation. Although the standardized coefficient is lower than that 
observed for strategic coherence, the relationship remains robust, confirming 
Hypothesis H2. This result suggests that analytical support contributes to 
transformation effectiveness primarily through enhanced monitoring, interpretative 
feedback, and adaptive adjustment, rather than through direct acceleration of 
transformation outcomes. 

The third regression model reveals a positive and statistically significant 
relationship between artificial intelligence–supported analytics and perceived 
coherence of digital corporate communications, thereby supporting Hypothesis H3. The 
strength of this association underscores the analytical interdependence between data-
driven interpretation and communicational consistency in digitally mediated corporate 
environments. Respondents who perceive higher levels of analytical support also report 
greater alignment between corporate messaging and stakeholder response patterns. 

Across all regression models, the explained variance falls within a moderate range. 
This level of explanatory power is methodologically appropriate given the perceptual 
nature of the constructs and the multifaceted character of organizational phenomena 
such as strategy, transformation, and communication. The results indicate that while 
artificial intelligence–supported analytics represent a meaningful analytical antecedent 
of the examined outcomes, they operate alongside other organizational, cultural, and 
institutional factors not explicitly modeled in the present study. 

Taken together, the empirical results provide coherent and consistent support for the 
proposed research model. Artificial intelligence–supported analytics emerge as a 
significant analytical enabler of strategic coherence, business transformation 
effectiveness, and digital corporate communication coherence within the organizational 
context of A1 Macedonia, thereby empirically substantiating the study’s central 
theoretical proposition. 
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5. DISCUSSION 
 
The empirical findings of this study provide strong and coherent support for the central 
theoretical proposition that artificial intelligence functions most effectively as an 
analytically mediating instrument embedded within managerial interpretation 
processes, rather than as an autonomous technological decision maker. By examining 
artificial intelligence–supported analytics in relation to strategic coherence, business 
transformation effectiveness, and digital corporate communication coherence, the study 
advances a nuanced understanding of how analytical augmentation shapes 
organizational functioning within a data-intensive telecommunications context. 

The particularly strong relationship observed between artificial intelligence–
supported analytics and perceived strategic coherence warrants focused analytical 
consideration. This finding aligns closely with theoretical perspectives on bounded 
rationality and organizational sense-making, which emphasize that strategic 
misalignment often arises from fragmented interpretation of information rather than 
from deficiencies in strategic intent. In the case of A1 Macedonia, artificial 
intelligence–supported analytics appear to facilitate shared interpretative frameworks 
through which strategic signals derived from market dynamics, customer data, and 
operational performance are collectively understood. The empirical evidence suggests 
that artificial intelligence contributes less to discrete acts of strategy formulation and 
more to the continuous interpretative processes through which strategy is clarified, 
communicated, and internally aligned. 

The positive association between artificial intelligence–supported analytics and 
perceived effectiveness of business transformation provides important insight into the 
analytical foundations of organizational change. Business transformation processes are 
frequently challenged by delayed feedback, limited visibility of progress, and 
interpretative uncertainty regarding the effects of transformation initiatives. The results 
indicate that artificial intelligence enhances transformation effectiveness by supporting 
continuous analytical monitoring and timely interpretative adjustment. Rather than 
imposing predetermined transformation trajectories, artificial intelligence enables 
managers to observe emerging patterns, identify deviations, and recalibrate initiatives 
in response to evolving organizational conditions. This finding reinforces theoretical 
arguments that view successful transformation as an adaptive and analytically informed 
process rather than a linear implementation exercise. 

The empirical support for the relationship between artificial intelligence–supported 
analytics and coherence of digital corporate communications further extends the 
study’s contribution to the literature. In digitally mediated communication 
environments, organizational messages are continuously interpreted, amplified, and 
contested by multiple stakeholder groups. The findings suggest that artificial 
intelligence–supported analytics strengthen communicational coherence by enabling 
systematic interpretation of stakeholder reactions, engagement patterns, and sentiment 
dynamics across digital platforms. This analytical mediation supports alignment 
between strategic intent and external perception, thereby reducing the risk of 
communicational fragmentation and reputational inconsistency. The result is 
particularly salient for the telecommunications sector, where corporate communications 
are subject to heightened public visibility and regulatory scrutiny. 

Taken together, the findings highlight the institutional embeddedness of artificial 
intelligence within corporate systems. Artificial intelligence–supported analytics do not 
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generate strategic value in isolation; rather, their relevance emerges through interaction 
with organizational routines, governance structures, and managerial judgment. The 
moderate levels of explained variance across the regression models further underscore 
that artificial intelligence represents one analytically significant component within a 
broader constellation of organizational capabilities, cultural factors, and institutional 
constraints. This observation cautions against overly deterministic interpretations of 
artificial intelligence adoption and reinforces the importance of organizational context 
in shaping analytical outcomes. 

From a theoretical standpoint, the study empirically substantiates the automation–
augmentation distinction advanced in contemporary management research. The 
evidence from A1 Macedonia supports an augmentation-oriented interpretation in 
which artificial intelligence enhances analytical rationality, interpretative clarity, and 
organizational alignment without displacing human agency. By empirically linking 
artificial intelligence–supported analytics to multiple, interrelated dimensions of 
corporate functioning, the study contributes to a more integrated and analytically 
grounded understanding of digital transformation processes. 

From a managerial perspective, the findings carry several important implications. 
They suggest that investments in artificial intelligence should prioritize interpretability, 
analytical integration, and organizational learning rather than technological 
sophistication alone. Analytical literacy, cross-functional accessibility of analytical 
insights, and alignment between analytical outputs and strategic communication 
practices emerge as critical conditions for realizing the full organizational value of 
artificial intelligence. In this sense, artificial intelligence adoption should be 
approached as a strategic and organizational development initiative rather than as a 
purely technological upgrade. 

In sum, the Discussion reinforces the central argument that artificial intelligence 
contributes to corporate strategy, business transformation, and digital corporate 
communications primarily by strengthening analytical interpretation and organizational 
coherence. The empirical evidence from A1 Macedonia demonstrates that artificial 
intelligence–supported analytics function as an enabling infrastructure for sense-
making and adaptive coordination within contemporary corporate environments. This 
insight not only advances academic understanding of artificial intelligence in 
organizational contexts but also provides a foundation for future comparative, 
longitudinal, and multi-level investigations into the interpretative, sense-making 
mediated dynamics of digital transformation. 
 
6. LIMITATIONS AND RESEARCH IMPLICATIONS 
 
The study is limited by its focus on a single telecommunications operator and by 
reliance on perceptual measures. While the findings provide context-sensitive insight, 
broader generalization requires comparative and longitudinal research designs. Future 
studies may extend the model across markets or integrate objective performance 
indicators. 

Despite these limitations, the study offers empirically grounded insight into the 
analytical role of artificial intelligence within corporate strategy, business 
transformation, and digital corporate communications. 
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Abstract 
The widespread adoption of DevOps practices has fundamentally reshaped contemporary software 
development by reconfiguring team structures, workflows, and responsibility for software quality. In 
particular, the role of Quality Assurance engineers has undergone a significant transformation, shifting from 
a distinct verification function toward continuous integration of quality practices within automated delivery 
pipelines. While existing DevOps research has extensively examined technological enablers such as 
automation, continuous integration, and deployment tooling, considerably less empirical attention has been 
devoted to the human and organizational dimensions of DevOps, especially the collaborative relationship 
between DevOps Engineers and Quality Assurance Engineers. 
This paper investigates the relationship between DevOps–QA collaboration and software quality outcomes, 
with particular emphasis on the mediating role of continuous testing integration. Drawing on socio-technical 
systems theory and research on cross-functional collaboration in software engineering, the study develops a 
conceptual model linking DevOps–QA collaboration, continuous testing integration, and perceived software 
quality. An empirical study was conducted using survey data collected from professionals working in 
DevOps-oriented software development teams. Reliability analysis, correlation analysis, and regression-
based mediation testing were applied to examine the proposed relationships. 
The results demonstrate that DevOps–QA collaboration is positively associated with software quality 
outcomes and that this relationship is partially mediated by the integration of continuous testing practices 
within CI/CD pipelines. The findings empirically confirm that collaboration alone is insufficient to improve 
software quality unless it is operationalized through systematic testing mechanisms. The study contributes to 
DevOps research by providing empirical evidence on the organizational foundations of software quality and 
by clarifying the role of Quality Assurance within contemporary DevOps environments. Practical 
implications for structuring DevOps teams and embedding quality practices are discussed. 
 
Keywords: DevOps, Quality Assurance, software quality, continuous testing, collaboration 
 

JEL classification: O33; L86; M15 
 

INTRODUCTION 
 
DevOps has emerged as a dominant paradigm in contemporary software engineering, 
driven by the need to deliver software more rapidly while maintaining system 
reliability and operational stability. By integrating development and operations 
activities, DevOps seeks to overcome organizational silos that traditionally impeded 
efficient software delivery. Through practices such as continuous integration, 
continuous deployment, infrastructure automation, and rapid feedback loops, DevOps 
promises shorter release cycles, faster response to user needs, and improved alignment 
between technical and business objectives (Bass, Weber, and Zhu 2015). 

Despite these promises, the acceleration of software delivery has raised persistent 
concerns regarding the preservation of software quality. Frequent deployments and 
compressed development cycles increase the risk of defects, production incidents, and 
system instability if quality assurance practices are inadequately embedded within 
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DevOps workflows. As a result, software quality has become a central point of tension 
in DevOps environments, balancing speed and reliability. 

Within this context, the role of the Quality Assurance engineer has undergone 
substantial transformation. Rather than operating as a separate gatekeeping function 
positioned at the end of the development lifecycle, Quality Assurance increasingly 
participates throughout the entire delivery pipeline. Testing activities are progressively 
automated, integrated into CI/CD pipelines, and coordinated with development and 
operational tasks. This shift implies that software quality is no longer the responsibility 
of a single role, but rather an emergent property of cross-functional collaboration. 

While prior research has examined DevOps practices primarily from a 
technological and process perspective, empirical studies focusing on the collaborative 
relationship between DevOps Engineers and Quality Assurance Engineers remain 
limited. Existing literature acknowledges the importance of culture and collaboration in 
DevOps success, yet provides insufficient empirical evidence on how such 
collaboration translates into concrete quality outcomes. Addressing this gap, the 
present study empirically examines the relationship between DevOps–QA 
collaboration, continuous testing integration, and software quality outcomes. 

 
1. THEORETICAL BACKGROUND 
 
1.1. DevOps as a Socio-Technical System 
 
DevOps has increasingly been conceptualized not merely as a set of tools or 
engineering practices, but as a socio-technical system in which organizational 
structures, human collaboration, and technical infrastructures are tightly coupled. 
Socio-technical systems theory posits that performance outcomes emerge from the 
interaction between social components such as roles, communication, and coordination, 
and technical components such as tools, automation, and workflows. Within software 
engineering, this perspective challenges technologically deterministic explanations of 
performance by emphasizing that automation alone cannot compensate for deficiencies 
in organizational alignment or collaborative capacity. 

Empirical research supports this interpretation by demonstrating that DevOps 
initiatives yield superior outcomes when technical automation is accompanied by 
organizational practices that promote shared responsibility and cross-functional 
integration (Moe, Dingsøyr, and Dybå 2010; Forsgren, Humble, and Kim 2018). From 
this standpoint, DevOps should be understood as an organizational transformation in 
which boundaries between development, operations, and quality assurance are 
reconfigured rather than eliminated. The effectiveness of DevOps practices therefore 
depends on how successfully organizations align human interaction with technical 
execution. 

This socio-technical framing is particularly relevant for understanding software 
quality. While automation accelerates delivery and increases deployment frequency, it 
does not inherently ensure reliability or defect prevention. Quality outcomes depend on 
how technical processes are designed, governed, and enacted by collaborating actors. 
Consequently, the relationship between DevOps Engineers and Quality Assurance 
Engineers becomes a central analytical focus for explaining quality performance in 
DevOps environments. 
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1.2 Quality Assurance in DevOps-Oriented Development 
 
Quality Assurance in DevOps environments represents a fundamental departure from 
traditional, phase-based testing models. In sequential development approaches, testing 
is typically positioned as a downstream verification activity conducted after 
development tasks are completed. By contrast, DevOps-oriented Quality Assurance 
emphasizes continuous testing, early defect detection, and real-time feedback 
throughout the software lifecycle. 

This reconceptualization aligns with the principle that software quality is not a final 
attribute added at the end of development, but an emergent property shaped by ongoing 
interaction between code changes, testing mechanisms, and operational feedback. 
Practices such as shift-left testing, automated test execution within CI/CD pipelines, 
and continuous monitoring enable quality-related issues to be identified and addressed 
earlier, reducing the cost and impact of defects (Rahman et al. 2016). 

Empirical studies consistently indicate that continuous testing is essential for 
maintaining quality under accelerated release cycles. Without systematic testing 
integration, rapid deployment increases the risk of defect leakage and operational 
instability (Leite et al. 2020). Quality Assurance therefore assumes a strategic role 
within DevOps, extending beyond test execution to encompass test design, automation 
strategy, and coordination with development and operations. 

Importantly, the effectiveness of continuous testing does not depend solely on 
tooling. Automated tests must be meaningfully integrated into development workflows 
and aligned with evolving system requirements. This alignment requires sustained 
collaboration between DevOps Engineers, who design and maintain delivery pipelines, 
and Quality Assurance Engineers, who define quality criteria and testing logic. Quality 
Assurance in DevOps environments thus becomes inherently relational and process-
oriented rather than functionally isolated. 

 
1.3 Collaboration between DevOps Engineers and Quality Assurance Engineers 
 
Collaboration constitutes a foundational principle of DevOps philosophy and a critical 
mechanism for coordinating complex software development activities. Cross-functional 
collaboration facilitates knowledge sharing, reduces coordination costs, and enhances 
collective problem-solving capacity within software teams. Prior research demonstrates 
that teams characterized by strong collaborative practices exhibit higher performance 
and product quality (Moe, Dingsøyr, and Dybå 2010). 

Within DevOps environments, collaboration between DevOps Engineers and 
Quality Assurance Engineers is particularly consequential. These roles occupy distinct 
but interdependent positions within the development lifecycle. DevOps Engineers 
focus on pipeline automation, infrastructure reliability, and deployment efficiency, 
while Quality Assurance Engineers concentrate on testing strategy, defect prevention, 
and quality validation. Effective collaboration enables these perspectives to be aligned 
rather than competing, ensuring that speed-oriented practices do not undermine 
reliability objectives. 

Collaboration facilitates the integration of testing activities into automated pipelines 
by enabling joint planning, shared ownership of quality outcomes, and continuous 
communication regarding system behavior. Through such interaction, Quality 
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Assurance activities are transformed from reactive checkpoints into proactive 
components of delivery pipelines. This transformation is especially critical in 
environments characterized by frequent releases and high system complexity, where 
isolated testing practices are insufficient to sustain quality. 

From a theoretical perspective, collaboration functions as an enabling condition that 
shapes how technical practices are enacted. However, collaboration alone does not 
guarantee performance improvement. Its effects depend on whether collaborative intent 
is translated into structured and repeatable process mechanisms, such as continuous 
testing integration. This distinction underpins the conceptual logic of the present study. 

 
1.4. Continuous Testing as a Translational Mechanism 
 
Continuous testing occupies a pivotal position within the DevOps quality landscape by 
operationalizing collaboration through technical and procedural means. It functions as a 
translational mechanism that converts social interaction into technical reliability. While 
collaboration establishes shared responsibility and coordination, continuous testing 
embeds these principles into automated workflows that consistently enforce quality 
criteria. 

Theoretical and empirical research suggests that continuous testing mediates the 
relationship between organizational practices and performance outcomes by providing 
stable feedback loops and reducing dependence on individual discretion (Forsgren, 
Humble, and Kim 2018). In this sense, continuous testing represents the point at which 
human collaboration becomes institutionalized within technical systems. 

This mediating role is central to understanding why collaboration does not 
automatically yield quality improvements. Without structured testing integration, 
collaborative efforts may remain informal, inconsistent, or dependent on individual 
initiative. Continuous testing ensures that collaborative agreements regarding quality 
are systematically enacted across development cycles. 

By positioning continuous testing as a mediating mechanism, the present study 
advances a theoretically grounded explanation of how DevOps–QA collaboration 
influences software quality. This framework moves beyond binary debates between 
social and technical explanations and instead conceptualizes quality as the outcome of 
their interaction. 

 
1.5. Explicit Mapping of Theory, Hypotheses, and Empirical Evidence 
 

This study is theoretically grounded in a socio-technical interpretation of DevOps, 
according to which software quality emerges through the interaction of organizational 
collaboration and technical process integration rather than through automation alone. 
Within this framework, collaboration between DevOps Engineers and Quality 
Assurance Engineers represents a structural organizational condition, while continuous 
testing integration functions as a process-level mechanism that operationalizes this 
condition. 
Based on this premise, the conceptual research model specifies direct and indirect 
pathways linking collaboration, continuous testing, and software quality outcomes. 
Hypothesis H1 derives from socio-technical systems theory by positing a direct 
positive effect of DevOps–QA collaboration on software quality. Hypothesis H2 links 
collaboration to continuous testing integration, reflecting the assumption that 
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coordinated interaction enables the systematic embedding of testing within CI/CD 
pipelines. Hypothesis H3 follows from software testing theory by asserting that 
continuous testing integration positively affects software quality outcomes. 
Hypothesis H4 synthesizes these arguments by proposing continuous testing integration 
as a mediating mechanism that translates collaboration into measurable quality 
improvements. 
Empirical results provide coherent support for this theoretical structure. The significant 
direct effect of DevOps–QA collaboration on software quality supports H1, while the 
strong relationship between collaboration and continuous testing integration confirms 
H2. The positive effect of continuous testing integration on software quality outcomes 
validates H3. Finally, the observed partial mediation effect empirically substantiates 
H4, demonstrating that collaboration improves quality most effectively when 
institutionalized through continuous testing practices. 
This alignment confirms the internal coherence of the theoretical framework and 
supports a socio-technical understanding of software quality in DevOps environments. 

 
Figure 1. Theory–Model–Results Flow in the Analysis of DevOps–QA Collaboration and Software 

Quality 

 
Figure 1 presents the analytical flow linking the theoretical foundation, conceptual 

model, and empirical results of the study. The framework is grounded in socio-
technical systems theory, which conceptualizes software quality as an emergent 
outcome of human collaboration and technical integration. This theoretical perspective 
informs the conceptual research model, positioning DevOps–QA collaboration as a 
primary antecedent of software quality outcomes. Continuous testing integration is 
specified as a process mechanism translating collaborative practices into systematic 
quality assurance routines. The empirical results confirm the hypothesized 
relationships, providing support for H1–H4. The figure illustrates how theoretical 
assumptions are operationalized through the research model and empirically validated 
through statistical analysis, thereby demonstrating the internal coherence of the study. 
 
2. CONCEPTUAL RESEARCH MODEL AND HYPOTHESES 
 
Building on the theoretical background, this study proposes a conceptual research 
model that explains how collaboration between DevOps Engineers and Quality 
Assurance Engineers influences software quality outcomes in DevOps-oriented 



 

development environment
quality both directly and indirectly through the integration of continuous testing 
practices. 

DevOps–QA collaboration reflects shared responsibility, coordinated action, and 
continuous interaction between development and quality functions. Continuous testing 
integration operationalizes this collaboration by embedding quality assurance activities 
into automated CI/CD pipelines, thereby translating human coordination into 
systematic testing practices an

Based on this conceptual logic, the following hypotheses are formulated:
H1: DevOps–QA collaboration has a positive effect on software quality outcomes.
H2: DevOps–QA collaboration positively affects continuous testing integr
H3: Continuous testing integration has a positive effect on software quality 

outcomes. 
H4: Continuous testing integration mediates the relationship between DevOps

collaboration and software quality.
The hypothesized relationships are visually rep

DevOps–QA collaboration as the primary antecedent influencing software quality both 
directly and indirectly through continuous testing integration.
 

 
Figure 2 illustrates the direct relationship between DevOps

software quality outcomes, as well as the indirect pathway through continuous testing 
integration. Continuous testing functions as a mediating mechanism that embeds 
quality assurance practices into DevOps pipelines, enabling collaboration to translate 
into defect reduction and improved release stability.

To situate the conceptual model within the broader software engineering context
Figure 2 presents the theoretical framework of DevOp
continuous software development lifecycle.
 

Figure 3. Theoretical framework of DevOps
 

Figure 3 emphasizes that software quality in DevOps environments emerges as an 
ongoing process rather than a discrete outcome. DevOps Engineers and Quality 
Assurance Engineers are positioned as interdependent actors whose continuous 

development environments. The model assumes that collaboration affects software 
quality both directly and indirectly through the integration of continuous testing 

QA collaboration reflects shared responsibility, coordinated action, and 
tween development and quality functions. Continuous testing 

integration operationalizes this collaboration by embedding quality assurance activities 
into automated CI/CD pipelines, thereby translating human coordination into 
systematic testing practices and measurable quality outcomes. 

Based on this conceptual logic, the following hypotheses are formulated: 
QA collaboration has a positive effect on software quality outcomes.
QA collaboration positively affects continuous testing integration.

Continuous testing integration has a positive effect on software quality 

Continuous testing integration mediates the relationship between DevOps–
collaboration and software quality. 

The hypothesized relationships are visually represented in Figure 1, which depicts 
QA collaboration as the primary antecedent influencing software quality both 

directly and indirectly through continuous testing integration. 

Figure 2. Conceptual research model 

illustrates the direct relationship between DevOps–QA collaboration and 
software quality outcomes, as well as the indirect pathway through continuous testing 
integration. Continuous testing functions as a mediating mechanism that embeds 

practices into DevOps pipelines, enabling collaboration to translate 
into defect reduction and improved release stability. 

To situate the conceptual model within the broader software engineering context
presents the theoretical framework of DevOps–QA integration within the 

software development lifecycle. 

Theoretical framework of DevOps–QA integration in the software development lifecycle

emphasizes that software quality in DevOps environments emerges as an 
ongoing process rather than a discrete outcome. DevOps Engineers and Quality 
Assurance Engineers are positioned as interdependent actors whose continuous 
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QA integration in the software development lifecycle 

emphasizes that software quality in DevOps environments emerges as an 
ongoing process rather than a discrete outcome. DevOps Engineers and Quality 
Assurance Engineers are positioned as interdependent actors whose continuous 
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interaction supports automation, testing, and feedback mechanisms throughout the 
development lifecycle. This theoretical framing underpins the causal assumptions 
embedded in the conceptual research model and provides the foundation for empirical 
hypothesis testing. 
 
3. RESEARCH METHODOLOGY 
 
3.1. Research Design 
 
The study adopts a quantitative, hypothesis-driven research design aimed at empirically 
testing the relationships specified in the conceptual research model and formalized 
through hypotheses H1–H4. Given the study’s objective to examine direct and indirect 
effects among DevOps–QA collaboration, continuous testing integration, and software 
quality outcomes, a cross-sectional survey design is considered appropriate. 

This design enables the systematic examination of relational patterns among latent 
constructs and supports mediation analysis, which is essential for assessing the indirect 
effect proposed in H4. The methodological approach is consistent with prior empirical 
research in DevOps and software engineering that employs survey-based designs to 
investigate organizational and process-related determinants of software quality 
(Forsgren, Humble, and Kim 2018; Leite et al. 2020). 
 
3.2. Sample and Data Collection 
 
Data were collected from professionals working in DevOps-oriented software 
development teams, including DevOps Engineers and Quality Assurance Engineers. 
Respondents were required to have direct experience with CI/CD pipelines and 
continuous testing practices to ensure the relevance and validity of their responses. 
A total of 60 valid questionnaires were obtained through an online survey distributed 
via professional networks and DevOps-related communication channels. While the 
sample size does not aim at population-level generalization, it is adequate for 
exploratory empirical analysis focused on testing hypothesized relationships among 
constructs, particularly in emerging research areas such as DevOps–QA collaboration. 
 
3.3. Measurement Instruments 
 
All constructs were operationalized using multi-item measures assessed on five-point 
Likert scales ranging from 1 (strongly disagree) to 5 (strongly agree). Measurement 
items were adapted from established literature to ensure content validity and conceptual 
consistency. 

 DevOps–QA Collaboration was measured using five items capturing the 
frequency and quality of communication, shared responsibility for software 
quality, joint planning activities, and coordination between DevOps Engineers 
and Quality Assurance Engineers. This construct directly corresponds to 
hypotheses H1 and H2. 

 Continuous Testing Integration was measured using four items reflecting the 
extent of test automation, integration of testing within CI/CD pipelines, early 
testing practices, and feedback mechanisms. This construct operationalizes the 
mediating mechanism specified in H3 and H4. 
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 Software Quality Outcomes were measured using four items assessing 
perceived defect reduction, release stability, and frequency of production 
incidents. These indicators capture outcome-level effects relevant for testing 
H1, H3, and the mediated relationship in H4. 

The measurement strategy ensures that each hypothesis is empirically grounded in 
observable indicators, thereby enabling precise hypothesis testing. 
 
3.4. Data Analysis Strategy 
 
Data analysis was conducted in several sequential steps aligned with the research 
hypotheses. 

First, reliability analysis using Cronbach’s alpha coefficients was performed to 
assess the internal consistency of all measurement scales. This step ensures the 
adequacy of the constructs prior to hypothesis testing. 

Second, descriptive statistics were computed to examine central tendencies and 
dispersion of the main constructs, providing an overview of collaboration intensity, 
continuous testing adoption, and perceived software quality. 

Third, correlation analysis was employed to explore bivariate relationships among 
the constructs and to establish preliminary support for hypotheses H1–H3. 

Finally, regression and mediation analyses were conducted to test the direct and 
indirect effects specified in the conceptual model. The direct effect of DevOps–QA 
collaboration on software quality was examined to test H1, while the effect of 
DevOps–QA collaboration on continuous testing integration was assessed to test H2. 
The effect of continuous testing integration on software quality was analyzed to test 
H3. Mediation analysis was then applied to evaluate whether continuous testing 
integration partially mediates the relationship between DevOps–QA collaboration and 
software quality, as proposed in H4. 

This analytical strategy ensures full methodological alignment between the 
conceptual research model, the hypotheses, and the empirical results. 
 
3.5. Methodological Considerations and Limitations 
 
While the methodological design of the study is appropriate for testing the proposed 
conceptual relationships, several limitations should be explicitly acknowledged. First, 
the study employs a cross-sectional survey design, which constrains the ability to draw 
strong causal inferences regarding the temporal dynamics between DevOps–QA 
collaboration, continuous testing integration, and software quality outcomes. Although 
the mediation analysis is theoretically grounded and statistically supported, 
longitudinal designs would allow for a more precise examination of how collaborative 
practices and testing integration co-evolve over time within DevOps environments. 
Second, the study relies on self-reported measures of software quality outcomes. While 
perceptual indicators are widely used in DevOps and software engineering research and 
are appropriate for capturing practitioner experience, they may be subject to common 
method bias and individual interpretation. The inclusion of objective quality metrics, 
such as defect density, mean time to recovery, or deployment failure rates, would 
further strengthen the robustness of future empirical investigations. 

Third, the sample size, while adequate for exploratory mediation analysis, limits the 
generalizability of the findings. The study does not aim at population-level inference 
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but rather at theory testing within an emerging research domain. Future research could 
benefit from larger and more diverse samples, as well as from comparative designs 
across organizational contexts and industry sectors. 

By explicitly acknowledging these limitations, the study clarifies the scope of its 
empirical claims while maintaining the validity of its theoretical contributions. 

 
4. EMPIRICAL RESULTS 
 
The presentation of empirical results is explicitly structured in accordance with the 
analytical logic embedded in Figure 1, which conceptualizes DevOps–QA 
collaboration as a primary antecedent influencing software quality outcomes both 
directly and indirectly through continuous testing integration. 

Accordingly, all statistical analyses were conducted to directly test hypotheses H1–
H4 and to empirically examine the directional relationships specified in the conceptual 
research model. 

Overall, the empirical findings reveal statistically significant positive relationships 
among all examined constructs. DevOps–QA collaboration is positively associated 
with both continuous testing integration and software quality outcomes. Regression and 
mediation analyses further demonstrate that collaboration improves software quality 
both directly and indirectly, with continuous testing integration functioning as a key 
explanatory mechanism. These results provide coherent empirical support for the 
conceptual model and confirm that quality improvements in DevOps environments 
materialize primarily when collaborative practices are operationalized through 
systematic testing processes embedded within DevOps pipelines. 

 
4.1. Reliability Analysis 
 
Reliability analysis was conducted to assess the internal consistency of the 
measurement scales used in the study. Cronbach’s alpha coefficients for all constructs 
exceed the commonly accepted threshold of 0.70, indicating satisfactory internal 
consistency. These results confirm that the items measuring DevOps–QA collaboration, 
continuous testing integration, and software quality outcomes consistently capture their 
respective constructs and are suitable for subsequent correlation and regression 
analyses. 
 
Table 1. Reliability Statistics 
Construct Number of Items Cronbach’s α 
DevOps–QA Collaboration 5 0.87 
Continuous Testing Integration 4 0.84 
Software Quality Outcomes 4 0.86 

 
All constructs demonstrate satisfactory internal consistency. 

 
4.2. Descriptive Statistics 
 
Descriptive statistics indicate relatively high mean values across all constructs, 
suggesting that respondents generally operate in DevOps-oriented environments 
characterized by active collaboration and established continuous testing practices. 
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Table 2. Descriptive Statistics 
Construct Mean Std. Deviation 
DevOps–QA Collaboration 3.92 0.64 
Continuous Testing Integration 4.01 0.59 
Software Quality Outcomes 3.88 0.66 

 
These results provide contextual support for the subsequent hypothesis testing by 

indicating a sufficiently developed empirical setting in which collaborative and testing 
practices are present. 
 
4.3. Correlation Analysis 
 
Correlation analysis reveals statistically significant positive relationships among all 
examined constructs. 
 
Table 3. Correlation Matrix 
Variable 1 2 3 
1. DevOps–QA Collaboration 1   
2. Continuous Testing Integration 0.62** 1  
3. Software Quality Outcomes 0.58** 0.67** 1 
Note: **p < 0.01. 
 

The strong positive correlation between DevOps–QA collaboration and software 
quality outcomes provides preliminary empirical support for H1, while the correlation 
between collaboration and continuous testing integration supports H2. The association 
between continuous testing integration and software quality outcomes offers initial 
support for H3. 

 
4.4. Regression and Mediation Analysis 
 
To formally test the research hypotheses, regression and mediation analyses were 
conducted. 

First, regression analysis indicates that DevOps–QA collaboration has a statistically 
significant positive effect on software quality outcomes (β = 0.34, p < 0.01). This result 
provides clear empirical support for H1, confirming that stronger collaboration between 
DevOps Engineers and Quality Assurance Engineers is associated with higher levels of 
software quality. 

Second, regression results show that DevOps–QA collaboration significantly 
predicts continuous testing integration, confirming H2 and demonstrating that 
collaboration facilitates the systematic embedding of testing practices within DevOps 
pipelines. 

Third, continuous testing integration exhibits a statistically significant positive 
effect on software quality outcomes (β = 0.46, p < 0.01), providing empirical support 
for H3 and confirming the central role of continuous testing in maintaining quality 
under rapid release conditions. 

Finally, mediation analysis reveals that when continuous testing integration is 
included in the regression model, the direct effect of DevOps–QA collaboration on 
software quality decreases but remains statistically significant. This pattern indicates a 
partial mediation effect, demonstrating that continuous testing integration serves as an 
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important mechanism through which collaboration translates into improved software 
quality. Accordingly, H4 is supported. 

 
Table 4. Regression Results 
Predictor β p-value 
DevOps–QA Collaboration → Software Quality 0.34** < 0.01 
Continuous Testing Integration → Software Quality 0.46** < 0.01 
R² 0.56  
Note: **p < 0.01. 
 

In summary, all four hypotheses (H1–H4) are empirically supported. The results 
validate the conceptual research model by demonstrating that DevOps–QA 
collaboration improves software quality both directly and indirectly through continuous 
testing integration, thereby confirming the central analytical assumption that 
collaboration produces measurable quality outcomes primarily when operationalized 
through structured testing practices. 
 
5. DISCUSSION 
 
The findings of this study provide strong empirical support for the central analytical 
assumption that software quality in DevOps-oriented development environments 
emerges through the interaction of human collaboration and process integration rather 
than through automation alone. By confirming all four hypotheses, the study offers a 
coherent explanation of how collaboration between DevOps Engineers and Quality 
Assurance Engineers translates into measurable quality outcomes, both directly and 
indirectly through continuous testing integration. 

From a theoretical perspective, the results extend existing DevOps research by 
shifting attention away from predominantly tool-centered or pipeline-maturity 
explanations of performance. While prior studies have emphasized automation, 
deployment frequency, and delivery speed as indicators of DevOps success, the present 
findings demonstrate that software quality remains fundamentally contingent upon 
organizational and relational factors. DevOps–QA collaboration functions as a 
structural condition that shapes how technical practices are enacted, coordinated, and 
sustained across the development lifecycle. 

The empirical support for H1 confirms that closer collaboration between DevOps 
Engineers and Quality Assurance Engineers is associated with higher levels of 
perceived software quality. This finding aligns with socio-technical systems theory, 
which emphasizes that system performance cannot be reduced to technical components 
but is instead produced through the alignment of social structures and technical 
processes. In this sense, collaboration should not be interpreted merely as a cultural 
attribute of DevOps teams, but as a functional mechanism that enables shared 
responsibility for quality across roles traditionally separated within software 
organizations. 

The confirmation of H2 and H3 further clarifies the role of continuous testing 
integration as a central process-level mechanism within DevOps environments. The 
positive effect of DevOps–QA collaboration on continuous testing integration indicates 
that collaborative practices facilitate the systematic embedding of testing activities 
within CI/CD pipelines. This supports the argument that testing effectiveness in 
DevOps contexts depends not only on the availability of automation tools, but on the 
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degree to which testing responsibilities are jointly planned, coordinated, and 
maintained across functional boundaries. 

Most importantly, the partial mediation effect identified in H4 carries substantial 
theoretical significance. The results demonstrate that collaboration alone is insufficient 
to produce consistent quality improvements unless it is translated into structured and 
repeatable testing practices. Continuous testing integration thus functions as a 
translation mechanism that converts social interaction into technical reliability. In 
theoretical terms, this finding distinguishes between collaboration as a necessary 
condition and continuous testing integration as a sufficient condition for sustained 
software quality. 

Beyond its empirical contributions, the study opens several avenues for extending 
theoretical dialogue within DevOps research. By positioning continuous testing 
integration as a mediating mechanism rather than a standalone technical practice, the 
findings invite a reconceptualization of DevOps maturity that moves beyond linear or 
tool-centric models. Instead of interpreting DevOps effectiveness primarily through 
deployment frequency or automation intensity, the results suggest that quality-related 
outcomes are better explained through relational-process configurations that link 
collaboration structures with institutionalized testing routines. 

This perspective contributes to socio-technical theory by demonstrating how human 
coordination becomes operationally consequential only when embedded within stable 
process architectures. In this sense, DevOps–QA collaboration represents a latent 
organizational capacity, while continuous testing integration functions as the 
mechanism through which this capacity is activated and sustained. Such an 
interpretation aligns DevOps research with broader organizational theory debates 
concerning the translation of social interaction into durable performance outcomes. 

The model validated in this study therefore provides a conceptual bridge between 
micro-level collaboration and macro-level system reliability. Future theoretical work 
may extend this framework by examining boundary conditions under which the 
mediating role of continuous testing is strengthened or weakened, such as 
organizational scale, regulatory constraints, or system criticality. This positions the 
present study not only as an empirical contribution, but as a foundation for cumulative 
theory building in DevOps and software quality research. 

This distinction contributes to ongoing debates within DevOps research concerning 
the relationship between social and technical determinants of performance. Simplified 
narratives that equate DevOps culture or collaboration with improved outcomes risk 
obscuring the process mechanisms through which such collaboration becomes 
operationally effective. The present findings suggest that collaboration enhances 
software quality only when institutionalized through stable process architectures, such 
as automated and continuously executed testing workflows. 

The study therefore challenges deterministic interpretations of DevOps maturity 
models that prioritize tool sophistication or automation density over organizational 
practices. The empirical evidence indicates that quality outcomes are contingent upon 
the alignment between collaborative structures and process integration, rather than the 
presence of DevOps tooling alone. This insight reinforces a relational interpretation of 
DevOps in which performance outcomes emerge from the co-evolution of human 
coordination and technical infrastructure. 

At a broader theoretical level, the findings support a socio-technical understanding 
of software quality as an emergent outcome rather than a discrete or final state. 
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Software quality does not materialize at a single stage of the development lifecycle, nor 
can it be guaranteed solely through post-development verification. Instead, it is 
continuously produced through ongoing interaction among collaboration practices, 
testing mechanisms, and feedback loops embedded within DevOps pipelines. 

The conceptual research model validated in this study provides a foundation for 
further theory development in DevOps research. By explicitly linking collaboration, 
process mechanisms, and quality outcomes, the model offers a structured framework 
for examining how organizational behavior and technical practices jointly shape 
performance. Future research may extend this framework by introducing additional 
mediators or moderators, such as team autonomy, organizational culture, or system 
complexity, to further refine theoretical explanations of quality in DevOps 
environments. 

Finally, the discussion underscores the importance of methodological reflexivity. 
While the empirical results are robust within the scope of the present study, the cross-
sectional design and reliance on perceptual quality measures limit the strength of causal 
claims. Longitudinal research designs and the integration of objective quality metrics 
would enable a more precise examination of how collaboration and continuous testing 
practices evolve over time and how they jointly influence software quality under 
varying organizational conditions. 

In sum, the discussion reinforces the central theoretical contribution of the study: 
software quality in DevOps-oriented development environments is neither an automatic 
by-product of automation nor a purely cultural achievement. It is a socio-technical 
outcome that depends on how collaborative practices between DevOps Engineers and 
Quality Assurance Engineers are systematically translated into continuous testing 
processes embedded within the development lifecycle. By empirically validating this 
relationship, the study advances DevOps research toward a more integrated and 
theoretically grounded understanding of software quality. 
 
CONCLUSION 
 
This study provides empirical evidence that collaboration between DevOps Engineers 
and Quality Assurance Engineers significantly enhances software quality outcomes, 
particularly when mediated through continuous testing integration. The findings 
confirm that collaborative practices influence software quality most effectively when 
they are operationalized through structured testing processes embedded within DevOps 
pipelines. 

By validating the mediating role of continuous testing, the study extends DevOps 
research beyond tool-focused perspectives and emphasizes software quality as a socio-
technical outcome shaped by both human collaboration and process mechanisms. 
Automation and accelerated delivery alone are insufficient to ensure quality without 
systematic integration of testing responsibilities. 

While the study is empirically grounded within a specific methodological scope, its 
theoretical implications extend beyond the immediate findings. By explicitly linking 
collaboration, process integration, and quality outcomes, the paper offers a transferable 
analytical framework that can be refined and expanded in future research. With 
targeted extensions addressing longitudinal dynamics and objective quality indicators, 
the study provides a strong basis for further development into a journal-oriented 
contribution. 
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Abstract 
The intensity of technological development creates a global turbulent business landscape that reflects a large 
number of uncertainties that generate treasures in societies. The technical and social dimensions of the impact 
of artificial intelligence in the communication sectors are analyzed by interpreting them as a technical and 
social system (Brockhaus et al., 2022): This means that the aspects of artificial intelligence that relate to 
technologies and tasks (technical system) affect the aspects that relate to people and structures. In addition to 
using AI for general “OrgTech” applications, it provides opportunities for using specialized AI-based tools 
for the entire “CommTech” universe (Brockhaus et al., 2023). The application of AI intensifies the digital 
transformation of communication sectors and changes both the tactical and strategic dimensions of corporate 
communications (Huang & Rust, 2021). Although AI offers tools and opportunities for effective 
communication management, communication leaders have a critical attitude towards its application, as 
tensions have been identified between managing short-term and long-term goals. The application of AI in 
corporations is complex and risky in terms of increasing efficiency that will result in a loss of identity. 
Although communicators agree that artificial intelligence will have a major impact on their future work 
(Zerfass et al., 2020), most still believe that they do not have sufficient education and guidance on the use of 
artificial intelligence systems (Buhmann & Gregory, 2023). This paper explores the relationship between 
digital transformation and economic entities in EU countries and the Republic of Macedonia, i.e. the level of 
competence of digital communication professionals and the impact on economic sustainability. Relevant data 
from the ECM 2024/25 were used to analyze the current situation. Indicators point to the fact that 
corporations are not investing enough in competitive digital transformation, which negatively affects digital 
communication professionals and economic sustainability. 
 
Keywords: digital transformation, artificial intelligence, corporate communications, economic sustainability 
 

JEL classification : I24, J29, O32, M37, M39 

 
INTRODUCTION 
 
Geopolitical risks have reached their most severe state since the Cold War era (Gamso 
et al., 2023). It is a challenge in managing unforeseen crises that destabilize political 
and economic systems and affect global business activities that depend on resources, 
production and trade. 

Politics and markets are being reorganized in a new world order (Andonova & 
d'Almeida, 2022) with the resurgence of the state as both a strong partner and an 
antagonist to businesses (Zerfass et al., 2023). Researchers are calling for companies to 
“clean up the old political risk playbooks” and develop “a new set of tools to deal with 
political uncertainty and instability” (Ciravegna et al., 2023, p. 1). This also applies to 
the way businesses handle their external and internal communication activities (Hirsch, 
2023). 
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The intensity of technological development generates a global turbulent business 
landscape that reflects a large number of uncertainties that produce treasures in 
societies. Technical and social dimensions of the impact of artificial intelligence in the 
communication sectors can be tracedby interpreting the communications department as 
a technical and social system (Brockhaus et al., 2022): This meansthat the aspects of 
artificial intelligence that relate to technologies and tasks (technicalsystem) affect 
aspects related to people and structures. This means that in addition to using artificial 
intelligence for general "OrgTech" applications, it gives opportunities for using 
specialized tools based on artificial intelligence for the entire “CommTech” universe 
(Brockhaus et al . , 2023). The application of artificial intelligence drives digital 
transformation of communication departments and changes both the tactical and 
strategic dimensions of corporate communications(Huang & Rust, 2021). Although 
digital transformation, i.e. artificial intelligence, offers tools and opportunities for 
effective communication management, communication leaders have a critical attitude 
towards the application of artificial intelligence, especially in the identified tensions 
between the management of short-term and long-term goals. The application of 
artificial intelligence in corporations is complex and risky in terms of increasing 
efficiency that will result in a loss of identity . Although communicators agree that 
artificial intelligence will have a major impact on their work in future (Zerfass et al., 
2020), most still believe they lack sufficient education and guidance forusing artificial 
intelligence systems (Buhmann & Gregory, 2023). 

The ongoing extremely intensive implementation of artificial intelligence is 
accompanied by a high level of pressure, resulting in the creation of a global and 
corporate business landscape dominated by challenges that generate serious pressure in 
the communications sectors. Research signals the need for a paradigm shift towards the 
application of balanced models for managing the transition to the implementation of 
artificial intelligence. A serious problem in the global business landscape dominated by 
the digital transformation of artificial intelligence is the alienation that produces the 
need for communications teams to preserve professional identity and corporate status. 
Although artificial intelligence systems improve efficiency, communications 
professionals still foresee potential long-term negative consequences. The current 
situation generates a new cognitive professional code for awareness of the complex and 
continuous process of digitalization in communications, accompanied by a problematic 
projection of the tasks, structure, intellectual capital and technological aspects of the 
implementation of artificial intelligence. 
 
1. A NEW COMMUNICATION PARADIGM FOR GLOBAL COMPANIES 
 
The intensification of the complexity of geopolitical risks necessitates the creation of 
new concepts for corporate communications based on complexity management and 
crisis perspectives. These concepts take into account the dynamic and interconnected 
nature of crises and the active role of stakeholders in them (Johansen, 2024). 
Recognizing the opinions (Frandsen and Johansen, 2016) and the complexity of the 
sub-arenas of confrontation, these approaches were initially developed to respond to the 
changes brought about by social media (Eriksson, 2018; Johansen et al., 2012; Kim et 
al., 2019; Weil et al., 2011). Resource extraction industries, such as oil and gas, have 
historically included geopolitical issues in their communication strategies through 
stakeholder engagement, lobbying and community relations (Gamso et al., 2023). 
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These industries have developed tools to assess geopolitical risks and prepare for 
different scenarios. However, new geopolitical risks now threaten the corporate 
reputation of companies across industries. The origins and drivers are difficult to 
identify – reputational risks “should be viewed as an ecosystem of threats with varying 
levels of severity across the globe.” (Hirsch, 2019, p. 11). 

 
Chart 1/2 
Source: European Communication Monitor, 2024/2025, p. 21 
 

Research indicates that 79.3% of corporate communications managers believe that 
current geopolitical crises generate large-scale risks and uncertainties, i.e. 30% of them 
believe that the application of artificial intelligence in communications provides a clear 
opportunity to manage geopolitical crises. 
Scholars suggest that communications departments will play a strategic role in 
managing geopolitical risks. The commitment to social and environmental issues of 
communications departments can play an important role in managing geopolitical 
responsibilities. To this end, companies “need to reshape their corporate 
communications functions to provide consistent and expert advice on a wide range of 
geopolitical risks” (Hirsch, 2019, p. 11), by reallocating resources currently allocated to 
corporate social responsibility efforts. 
 
 
1.1. The application of artificial intelligence in corporate communications 
 
Artificial intelligence (Corea, 2019) can automate operations and decisions through a 
combination of computer algorithms and large data sets. Artificial intelligence is the 
ability of machines and software applications to produce results for tasks that are 
indistinguishable from the results achieved by human actors (Corea, 2019). AI systems 
are used in communications for a wide range of tasks (Gregory et al., 2023). Natural 
language processing can generate press releases, convert written texts to speech, or 
generate promotional materials in multiple languages (Van Noort et al., 2020). 
Artificial intelligence is also used for management tasks such as analyzing media 
clippings and social media discussions (Balaji et al., 2021), monitoring competitors, or 
tracking the transition of stakeholders across different communication touchpoints with 
an organization. It is applied to mass creation of personalized content (Hermann, 2022), 
for example through chatbots (Men et al., 2023) in customer service (Ngai et al., 2021) 
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or branding (Lee et al., 2021). This shows that in addition to using AI for general 
“OrgTech” applications (i.e. for generic support activities such as taking meeting 
notes), there are now huge opportunities to use specialized AI-based tools for the entire 
“CommTech” universe (Brockhaus et al., 2023). AI supports primary communication 
activities such as content creation, stakeholder interaction, functional support activities 
such as media monitoring, and more. Benefits include increased workflow and 
efficiency, e.g. by taking over routine tasks and freeing up creative capacities (López 
Jiménez & Ouariachi, 2021), improved accuracy, e.g., in understanding and 
communicating with stakeholders (Hermann, 2022), and better decision-making 
(Chintalapati & Pandey, 2022). The application of artificial intelligence is driving the 
digital transformation of communication departments and changing both the tactical 
and strategic dimensions of corporate communications (Huang & Rust, 2021). The 
implementation of artificial intelligence generates challenges and tensions that 
communication professionals must manage. 
 

 
1.2. Technical and social dimensions of the impact of artificial intelligence in 
corporate communications 
 
As with other digitalization processes, the impact of artificial intelligence can be traced 
by analyzing the communications sector as a technical and social system (Brockhaus et 
al., 2022): This means that aspects of artificial intelligence that relate to technologies 
and tasks (technical system) influence aspects that relate to people and structures 
(social system) and vice versa. 

Managing change and dealing with the challenges and tensions that arise from the 
willingness and ability of team members to use AI applications influences the choice 
between automation and augmentation. Automation means that AI-based systems take 
over the tasks performed by communication professionals, while augmentation relies 
on collaboration between communication professionals and AI. In this context, several 
challenges and obstacles arise with the increased use and adoption of AI in 
communications (Buhmann & Gregory, 2023). Chief among these are ethical issues, 
e.g. related to data privacy and security or bias and discrimination (Buhmann & White, 
2022). Another frequently cited concern is the loss of the “human touch” in 
communication, i.e. concerns about impersonal communication or emotionally less 
nuanced interaction, both of which can lead to dissatisfaction among stakeholders 
(Buhmann & Gregory, 2023). Further challenges arise around the rapid innovation in 
artificial intelligence on the one hand, and the level of skills and competencies of 
communication practitioners on the other: Although communicators have been 
agreeing for some time that artificial intelligence will have a major impact on their 
work in the future (Zerfass et al., 2020), most still believe that they lack sufficient 
education and guidance on using artificial intelligence systems (Buhmann& Gregory, 
2023). 
 
1.3. Changes and innovations based on artificial intelligence in decision-making 
for communication strategies 
 
Communications leaders need to have a detailed professional knowledge of AI to be 
able to apply it and generate visible effects. There is a quest to create empirical insights 
and frameworks to help make decisions about AI, which has already happened in 
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neighboring disciplines such as marketing (Huang & Rust,2021), organization studies 
(Shrestha et al., 2021), and information systems (Bawack et al., 2021). 

AI-based systems produce decision-making problems because they increase 
tensions at a fundamental level. Business literature may offer seemingly simple advice 
for managers, e.g. to prioritize augmentation over automation (Daugherty & Wilson, 
2018). 

In this context, the transformation of communications sectors raises serious 
tensions that are not easily resolved. For example, research has shown that deciding 
between automation versus augmentation creates an inevitable paradox around issues 
of human oversight, as both options have inherent trade-offs that tend to reinforce 
certain negative outcomes (Raisch& Krakowski, 2021). This means that the quick, 
cost-effective solutions enabled by AI can be at the expense of disrupting established 
skills, routines and resources within the organisation or external reputational risks 
(Buhmann & White, 2022). This requires research and reflection. ECM 2024/25 is the 
first to examine the AI-driven transformations of leading communications departments 
in Europe and how CIOs are managing the tensions arising from these changes(ECM 
2024/25). 
 
2. RESEARCH 

The research design on the impact of artificial intelligence on strategic corporate 
communications uses a new research approach based on relevant theories and previous 
research. The findings presented in the ECM, 2024-25 reports are based on interviews 
with an elite sample of 30 strategic communications directors representing the most 
competitive companies in Europe that are drivers of the economy and generators of 
cultural, technological and social change. They are leaders in the field of strategic 
communications (ECM 2024-25). 

The analysis of the segment of use of artificial intelligence-based tools indicates the 
fact that 55.1% of communication directors use tools for monitoring and analyzing 
media/social media. Regarding the use of artificial intelligence-based tools for adapting 
content, 51% of respondents fully agree with the statement. Regarding the statement 
that by applying artificial intelligence-based tools, professional communicators gain 
inspiration for creating content, 44.8% fully agree with the statement. 

The analysis of the above claims and the results of the research show that strategic 
communications managers most often use artificial intelligence-based tools for 
monitoring and analyzing media, adapting content, and obtaining inspiration for 
creating content. According to the findings, it is concluded that in the above segments, 
artificial intelligence tools are most often applied in competitive communication 
sectors in Europe. Over 55% use artificial intelligence often or always for these tasks, 
and a quarter sometimes. Personalized interviews emphasize that artificial intelligence 
is applied due to the need for detailed analysis and analytical performance when 
working with huge data sets. 
 
Use of artificial intelligence-based tools 
 
Media/social media 
monitoring and analysis 

 55.1% 
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Content adaptation  51 

Getting content inspiration  44,8% 

Chart 3 
Source: European Communication Monitor, 2024/2025 
 

The use of generative AI for content creation and use is most often applied by 
corporate communications managers. Creating text or translating content in real time is 
an effective method that saves time. Analyses show that the AI software used is 
secure/internal versions. Interview data highlights the use of AI for automated content 
creation, especially for initial drafts and draft versions: “All first drafts are now AI... 
whether it’s a risk analysis, whether it’s part of a speech, whether it’s part of content 
creation.” (ECM 2024-2025, T74). 
 
Artificial intelligence is used for low-penetration segments 
 
Communication with 
stakeholders (chatbots, etc.) 

 13.6% 

Internal asset/contact 
management, content 

 17,2% 

Optimizing internal work 
processes 

 17,2% 

Chart 4 
Source: European Communication Monitor, 2024/2025 
 

In terms of the application for AI tools for low-penetration segments of 
communication processes, 13.6% of strategic corporate communications managers use 
the tools for communication with stakeholders, 17.2% use tools for managing internal 
processes/contacts, creating content, while 17.2% use tools for optimizing internal 
work processes. According to the claims, the effectiveness of AI in monitoring, 
analysis, and creating content is a result of the standardized and repetitive nature of 
repetitive activities in communication sectors. In addition to being repeated frequently, 
these work tasks are safe in terms of applying AI because they are “low risk”: 

The results of the research on security are particularly important for understanding 
the low-level application of AI in other task segments. Although AI is used for 
communication interaction with stakeholders or for content distribution, it is also 
applied to repetitive tasks. However, in the low-level application there is a risk due to 
possible potential failures that could negatively affect the reputation of the corporation.: 
“Suddenly we have our CEO speaking languages that he does not speak. This could 
have a reputational risk... We are destroying a lot of ideas just because nothing can go 
wrong.” (ECM 2024-2025, D93). 

The above research indicators indicate that corporate communications managers are 
accepting and applying artificial intelligence with a high degree of skepticism in the 
segments of performing work tasks, communication processes and communication 
interaction with stakeholders. In this context, managers are focused on the inevitable 
need to acquire knowledge, technical and collaborative skills for applying artificial 
intelligence. This “people dimension” is often discussed in relation to retraining and 
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employment: “We will have to include new people, and at the same time, there must be 
training.” (ECM 2024-2025, M10). The analyses do not indicate a major impact on the 
structures and processes in the communications sectors. However, the findings indicate 
a need to change job roles and profiles along two complementary lines of 
argumentation: for quality and creating new added value. 
 
Perceived obstacles to increased implementation of artificial intelligence 
 
Lack of competence, 
commitment or acceptance 
among communications staff 

 55.5% 

Inadequate IT infrastructure 
or lack of interoperability 
with existing systems 

 48.3% 

Internal work processes are 
too disconnected and not 
ready for digitalization 

 41.3% 

Technical risks  41.3% 
Ethical issues  37.9 
Chart 5 
Source: European Communication Monitor, 2024/2025 
 

The indicators from the conducted analysis of perceived obstacles to increased 
implementation of artificial intelligence indicate that 55.5% of managers are of the 
opinion that there is a lack of competence, commitment or acceptance of artificial 
intelligence by employed communication professionals. A serious problem is 
inadequate IT infrastructure or lack of interoperability with existing systems, which 
was stated by 48.3% of respondents. In terms of the design and efficiency of internal 
processes, 41.3% of respondents are of the opinion that internal work processes are too 
disconnected and not ready for digitalization. Hence, the analyses additionally indicate 
the emergence of technical risks, which were stated by 41.3% of managers. 

Scientific theory also addresses the ethical dilemmas and problems caused by the 
application of artificial intelligence, i.e. 37.9% of respondents are of the opinion that it 
generates a high level of ethical dilemmas. 
 
CONCLUSION 
 
The application of artificial intelligence provides creative and functional opportunities 
for corporate communication sectors. The dynamics of technological development and 
its social impact generate serious challenges and risks. The analyses show that 
segments of application with a high dose of skepticism and criticality of the digital 
transition process have been identified. Of particular interest are indicators that clearly 
identify current tense thoughts and behavior in relation to decision-making for the 
application of artificial intelligence tools for creating and managing short-term and 
long-term goals. The application of artificial intelligence in corporations is complex, 
which implies the need for polyphonic analyses that cause a disruption of self-
confidence and a low level of optimism. It is an extremely challenging process, 
especially for corporate communication sectors. To balance the tensions in relation to 
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the efficient and effective application of artificial intelligence, strategic corporate 
communication managers should apply balanced approaches to managing the transition 
to artificial intelligence. This means that they need to design communication teams that 
will continuously maintain their personal and professional identity and status in the 
corporation. An extremely important focus of interest for analysts is the potential 
opportunity for short-term efficiency gains with the application of artificial intelligence 
systems, which may result in long-term negative consequences. The complexity of the 
digital transition calls for awareness of the current conditions that should be well 
projected by communication leaders. 

Digital transition processes inevitably lead to the integration and implementation of 
artificial intelligence in corporate communications, especially in the segments of task 
predictability, structure, and stakeholders. 

The analyses indicate the need for proactive projections regarding ethically based 
artificial intelligence systems that will be effectively used for strategic corporate 
communications. To this end, corporate communications departments should design 
training to improve professional digital literacy competencies to ensure continuous 
assessment and appropriate application of artificial intelligence tools. In this context, 
the corporate philosophy of lifelong learning should be strengthened with a focus on 
artificial intelligence for applications within safe domains that will contribute to 
reducing all risks. This means optimizing and limiting 

the application of artificial intelligence systems in cases where input data may be 
sensitive or where the results may be high risk by limiting output data. 

Considering that the application of artificial intelligence in a modern 
communication context is at the level of human-machine combinatorics, recognizing 
and managing the affective reactions of team members to AI-based changes is of 
fundamental importance for creating and encouraging innovation and engagement. 
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IMPACT ON PROFITABILITY 
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Abstract 
In the context of intensive digital transformation, artificial intelligence (AI) has become a key driver of 
innovation in marketing strategies. Companies are increasingly investing in AI-based tools to enhance 
personalization, optimize communication with consumers, and improve the efficiency of marketing activities. 
However, the question remains whether these investments truly result in increased profitability. 
This paper aims to analyze the role of artificial intelligence in modern marketing and its impact on key 
financial indicators, such as return on investment (ROI) and customer lifetime value (CLV). Through 
theoretical analysis and the examination of relevant concepts such as data-driven decision making, the paper 
provides insight into how AI contributes to improving business performance. 
The results indicate that the proper implementation of AI in marketing strategies can significantly increase 
efficiency and profitability, but the effects depend on the quality of data, organizational maturity, and the 
strategic integration of the technology. 

 
Keywords: artificial intelligence, marketing, profitability, personalization, big data 
 

INTRODUCTION 
 
Artificial intelligence (AI) has become one of the most transformative technologies 
shaping modern business practices, particularly in the field of marketing. As 
digitalization accelerates and markets become increasingly competitive, organizations 
are required to adopt more advanced, data-driven approaches to understand consumer 
behavior and deliver value more effectively. Traditional marketing methods, which 
relied heavily on mass communication and generalized segmentation, are gradually 
being replaced by intelligent systems capable of processing large volumes of data and 
generating actionable insights in real time. In this context, AI plays a crucial role in 
enabling more precise targeting, personalization, and automation of marketing 
activities. 

The integration of AI into marketing strategies allows companies to analyze 
complex datasets derived from multiple sources, including customer interactions, 
purchase history, browsing patterns, and social media behavior. Through techniques 
such as machine learning, predictive analytics, and natural language processing, 
businesses can identify patterns and trends that would be difficult to detect using 
conventional analytical methods. These capabilities support more informed decision-
making and allow marketers to anticipate customer needs, optimize campaigns, and 
deliver personalized content at scale. As a result, AI contributes not only to operational 
efficiency but also to improved customer experience and engagement. 

One of the most significant advantages of AI in marketing is its ability to enhance 
personalization. Personalized marketing strategies enable companies to tailor their 
offerings to individual preferences, thereby increasing the relevance of their 
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communications. This leads to higher conversion rates, stronger customer relationships, 
and improved customer satisfaction. In addition, AI-powered tools such as 
recommendation systems and chatbots further enhance user interaction by providing 
real-time assistance and relevant suggestions, creating a seamless and interactive 
customer journey. 

From a financial perspective, the impact of AI on profitability is increasingly 
evident. By improving targeting accuracy and reducing unnecessary marketing 
expenditures, AI helps lower customer acquisition costs and optimize resource 
allocation. Furthermore, increased personalization and engagement contribute to higher 
customer retention and customer lifetime value (CLV), which are critical drivers of 
long-term profitability. Companies that effectively implement AI-driven marketing 
strategies are therefore better positioned to achieve sustainable growth and maintain a 
competitive advantage in dynamic markets. 

Despite its numerous benefits, the adoption of AI in marketing also presents several 
challenges. These include high initial investment costs, the need for high-quality and 
well-structured data, the requirement for skilled personnel, and concerns related to data 
privacy and ethical considerations. Organizations must address these challenges by 
developing appropriate strategies, investing in digital infrastructure, and ensuring 
compliance with relevant regulations. 

Overall, artificial intelligence represents a fundamental shift in how marketing 
strategies are designed and executed. Its ability to combine data analysis, automation, 
and personalization makes it a powerful tool for improving marketing effectiveness and 
enhancing profitability. As AI technologies continue to evolve, their role in marketing 
is expected to expand further, making them an essential component of modern business 
strategy. 

This paper focuses on analyzing this issue by examining the theoretical foundations 
and key concepts that connect artificial intelligence with marketing performance and 
profitability. 

 
1. ARTIFICIAL INTELLIGENCE IN MARKETING 
 
Artificial intelligence (AI) refers to a technology that enables systems to perform 
cognitive functions such as learning, analysis, and decision-making. In modern 
marketing, AI is widely used to process large volumes of data and generate relevant 
insights into consumer behavior. By leveraging advanced algorithms and 
computational models, AI systems can identify patterns, predict trends, and support 
marketers in making more informed and accurate decisions. This represents a 
significant shift from traditional, intuition-based marketing approaches toward more 
analytical and evidence-based strategies. 

With the intensification of digital transformation, marketing is increasingly moving 
away from generalized mass communication and toward data-driven strategies that 
emphasize precision, personalization, and efficiency. The growing availability of 
digital data from sources such as social media platforms, e-commerce transactions, and 
customer interactions has created an environment in which AI technologies can be 
effectively applied. Techniques such as machine learning, predictive analytics, and 
natural language processing allow companies to analyze customer behavior in real time 
and adapt their marketing efforts accordingly. As a result, organizations are better 
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equipped to understand customer needs, segment audiences more accurately, and 
deliver tailored content and offers. 

According to McKinsey & Company, companies that integrate AI into their 
marketing and sales processes can achieve significant performance improvements, 
including revenue increases of 10–20% and cost reductions of 10–30% (McKinsey & 
Company, 2021). These improvements are largely attributed to enhanced targeting 
capabilities, automation of repetitive tasks, and optimization of marketing campaigns. 
AI enables marketers to allocate resources more efficiently by focusing on high-value 
customers and channels that yield the greatest return on investment. In addition, AI-
powered tools can continuously monitor campaign performance and adjust strategies in 
real time, further enhancing effectiveness. 

Another important aspect of AI in marketing is its contribution to personalization. 
Personalized marketing has become a critical factor in improving customer engagement 
and satisfaction. AI systems can analyze individual preferences, browsing behavior, 
and purchase history to deliver customized recommendations and messages. This level 
of personalization not only increases the likelihood of conversion but also strengthens 
customer relationships and fosters long-term loyalty. Tools such as recommendation 
systems, chatbots, and virtual assistants further enhance the customer experience by 
providing relevant suggestions and immediate support. 

From a broader economic perspective, the impact of artificial intelligence is also 
substantial. PwC estimates that AI could contribute up to $15 trillion to the global 
economy by 2030, with marketing identified as one of the key areas benefiting from its 
application (PwC, 2017). This projection highlights the transformative potential of AI 
across industries and underscores its strategic importance for organizations aiming to 
remain competitive in a rapidly evolving digital landscape. 

Overall, these findings suggest that artificial intelligence not only improves 
operational efficiency but also has a direct and measurable impact on profitability. 
Through better targeting, enhanced personalization, and more efficient use of 
resources, AI enables companies to optimize their marketing strategies and achieve 
superior business outcomes. As AI technologies continue to advance, their role in 
shaping the future of marketing is expected to grow even further, making them an 
essential component of modern marketing practices. 
 
2. THEORETICAL FRAMEWORK 
 
2.1 Artificial Intelligence in Marketing 
 
Artificial intelligence in marketing is defined as the use of algorithms and analytical 
models to automate and optimize marketing processes (Huang & Rust, 2021). It 
enables a more comprehensive understanding of consumer behavior by processing 
large and complex datasets, identifying patterns that are often not observable through 
traditional analytical methods, and supporting the creation of highly personalized 
offers. Through techniques such as machine learning, natural language processing, and 
predictive analytics, AI systems can continuously learn from new data, thereby 
improving the precision of marketing insights and decision-making over time. 

Companies increasingly leverage AI across multiple domains of marketing 
activities. These include market segmentation, where AI-based clustering methods 
allow firms to identify more granular and dynamic customer groups based on 
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behavioral, demographic, and psychographic variables; campaign optimization, where 
algorithms test, evaluate, and adjust marketing messages in real time to maximize 
engagement and conversion rates; and the analysis of consumer behavior, where AI 
models predict future purchasing patterns, churn likelihood, and customer lifetime 
value. In addition, AI supports automated content generation, recommendation 
systems, and real-time personalization across digital channels, enhancing both 
operational efficiency and customer experience. 

According to Davenport et al. (2020), AI enables significant improvements in the 
efficiency and accuracy of marketing decisions by reducing human error, accelerating 
data processing, and providing data-driven recommendations at scale. By integrating 
AI into marketing strategies, organizations can shift from reactive to proactive 
decision-making, enabling more adaptive, responsive, and evidence-based marketing 
practices. This transformation contributes not only to improved performance metrics 
but also to a more customer-centric approach in which marketing activities are 
continuously aligned with evolving consumer preferences and market dynamics. 
 
2.2 Types of Artificial Intelligence in Marketing 
 
2.2.1 Machine Learning 

 
Machine learning constitutes a fundamental component of modern artificial intelligence 
systems, enabling computational models to learn patterns from data and improve their 
performance without being explicitly programmed for each task. By leveraging 
statistical techniques and large datasets, machine learning algorithms can identify 
complex relationships and generate predictive and descriptive insights. 

In the context of marketing, machine learning is widely applied to support data-
driven decision-making and enhanceand enhance operational efficiency. It is 
commonly used for predicting consumer purchasing behavior by analyzing historical 
transaction data, customer demographics, and interaction patterns. Additionally, 
machine learning facilitates trend analysis by detecting emerging patterns in consumer 
preferences and market dynamics over time. Another important application is price 
optimization, where algorithms dynamically adjust pricing strategies based on demand 
fluctuations, competitor behavior, and customer segmentation, thereby maximizing 
revenue and improving market competitiveness. 

 
2.2.2. Predictive Analytics 
 
Predictive analytics is a branch of artificial intelligence that leverages historical and 
real-time data, along with statistical modeling and machine learning techniques, to 
forecast future outcomes. By identifying patterns and relationships within large 
datasets, predictive models can generate actionable insights that support strategic 
decision-making across various business domains. 

Organizations apply predictive analytics to a wide range of use cases. In marketing 
and sales, it enables companies to estimate the likelihood of customer conversion, 
identify high-value prospects, and anticipate customer churn. This allows for more 
targeted and efficient campaign strategies. In risk management, predictive models are 
used to detect anomalies, assess credit risk, and anticipate potential operational or 
financial threats. Additionally, predictive analytics plays a significant role in demand 
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forecasting, inventory optimization, and supply chain management, helping 
organizations allocate resources more effectively and reduce uncertainty. 

The effectiveness of predictive analytics depends on the quality and quantity of 
data, as well as the selection of appropriate algorithms and features. Techniques such as 
regression analysis, classification models, time series forecasting, and ensemble 
learning are commonly employed to build robust predictive systems. As data 
availability continues to grow, predictive analytics is becoming increasingly integral to 
data-driven decision-making and competitive advantage. 

 
2.2.3 Chatbots and Virtual Assistants 
 
Chatbots and virtual assistants are AI-powered systems designed to simulate human-
like conversation and provide automated interaction with users through text or voice 
interfaces. These systems utilize natural language processing (NLP) and machine 
learning to understand user inputs, interpret intent, and generate appropriate responses 
in real time. 

One of the primary applications of chatbots is in customer service, where they 
handle frequently asked questions, guide users through processes, and provide instant 
support without human intervention. This significantly enhances the customer 
experience by reducing wait times and ensuring consistent responses. Furthermore, 
chatbots can operate continuously, enabling 24/7 availability and support across 
different time zones, which is particularly valuable for global businesses. 

From an operational perspective, chatbots contribute to cost efficiency by reducing 
the workload on human agents, allowing organizations to allocate human resources to 
more complex and high-value tasks. They can also be integrated into various platforms 
such as websites, mobile applications, and messaging services, providing seamless 
omnichannel communication. Advanced virtual assistants go beyond simple query-
response interactions by maintaining context, personalizing responses based on user 
data, and executing tasks such as scheduling appointments, processing transactions, or 
retrieving personalized recommendations. 

As AI technologies evolve, chatbots and virtual assistants are becoming 
increasingly sophisticated, incorporating features such as sentiment analysis, 
multilingual support, and integration with backend enterprise systems. These 
advancements are driving broader adoption across industries including retail, banking, 
healthcare, and telecommunications. 

 
2.2.4 Recommendation Systems 
 
These systems suggest products or services based on users’ previous behavior. They 
are widely used in e-commerce and have a significant impact on increasing sales. 
 
3. CONCEPT: CUSTOMER LIFETIME VALUE (CLV) 
 
Customer Lifetime Value (CLV) represents an estimate of the total value a customer 
brings to a company over the entire duration of their relationship. This concept is 
essential in modern marketing, as it enables companies to allocate their resources 
toward the most profitable customers. 
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Artificial intelligence plays a key role in the calculation and optimization of CLV 
through: 

 analysis of purchasing habits 
 prediction of future spending 
 identification of loyal customers 
By using AI, companies can develop customer retention strategies, offer 

personalized products, and increase long-term profitability. 
Theoretical insights indicate that artificial intelligence has significant potential to 

transform marketing by improving efficiency, personalization, and decision-making. Its 
application, particularly through tools such as machine learning and predictive 
analytics, enables companies to create greater value and enhance their profitability. 

 
4. CASE STUDY: ANALYSIS OF THE APPLICATION OF AI IN MARKETING 
 
In order to provide a more detailed analysis of the impact of artificial intelligence on 
marketing strategies and profitability, two companies have been selected: Amazon and 
Netflix. These companies are global leaders in the application of AI and offer relevant 
examples of marketing transformation. 
 
4.1 Amazon: Transformation through Personalization 
 
Prior to the widespread adoption of artificial intelligence (AI), Amazon operated 
primarily as a conventional e-commerce retailer with limited capabilities for 
systematically analyzing user behavior at scale. Marketing strategies during this early 
phase were largely based on mass promotional campaigns, generalized market 
segmentation, and static product recommendation mechanisms. These approaches 
relied on relatively coarse-grained assumptions about consumer groups rather than 
individualized behavioral insights. Consequently, personalization was minimal, and 
customer interactions with the platform were largely uniform rather than tailored to 
specific preferences. 

This lack of personalization reduced the overall effectiveness of marketing 
activities. In particular, the absence of individualized targeting contributed to lower 
conversion rates, as users were exposed to less relevant product suggestions and 
promotional content. It also limited the development of long-term customer 
relationships, resulting in weaker customer loyalty and increased reliance on 
continuous acquisition efforts. Furthermore, marketing expenditures tended to be 
higher due to the inefficiencies associated with broad, non-targeted campaigns. As 
noted by McKinsey (2018), insufficient personalization can lead to substantial 
unrealized revenue potential, as firms fail to effectively match offerings with individual 
consumer needs and preferences. 

With the introduction and integration of AI technologies, Amazon significantly 
transformed its marketing and customer engagement strategies in order to enhance 
competitiveness. A central component of this transformation has been the 
implementation of advanced personalization systems. These include recommendation 
systems that generate product suggestions based on prior user behavior, machine 
learning algorithms that analyze large-scale user data to identify patterns and predict 
preferences, and dynamic pricing models that adjust prices in response to demand 
fluctuations, competitive conditions, and user context. Collectively, these systems 
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enable the continuous processing and interpretation of vast and heterogeneous datasets, 
including purchase histories, search queries, clickstream data, and user interactions 
with the platform. 

The deployment of AI-driven systems has led to measurable improvements in 
marketing performance. Personalization has become a core strategic element, allowing 
Amazon to deliver highly relevant product recommendations and targeted content to 
individual users. This has contributed to increased conversion rates, as users are more 
likely to engage with and purchase products aligned with their preferences. At the same 
time, marketing efficiency has improved, with reductions in the cost associated with 
broad-based promotional activities. Enhanced personalization also supports higher 
customer retention and satisfaction, thereby increasing Customer Lifetime Value 
(CLV). 

Empirical evidence underscores the effectiveness of these AI-driven approaches. 
According to McKinsey & Company (2018), a substantial proportion of Amazon’s 
revenue—approximately 35%—is attributable to its recommendation systems, 
highlighting their significant role in influencing consumer purchasing behavior. In 
addition, Statista (2023) reports that AI contributes to increased user engagement and 
extended time spent on the platform, further reinforcing its impact on customer 
interaction dynamics and overall platform performance. Together, these findings 
illustrate how the integration of AI has enabled a shift from generalized marketing 
approaches toward highly data-driven, personalized, and efficient marketing systems. 

 
4.2 Analysis of Netflix 
 
Prior to the widespread implementation of artificial intelligence (AI), Netflix operated 
with relatively basic content categorization methods and early-stage recommendation 
systems. During this period, the user experience was largely standardized, with limited 
capacity to tailor content to individual preferences. Content discovery primarily 
depended on manually curated categories and rudimentary filtering mechanisms rather 
than data-driven personalization. As a result, the platform provided a relatively 
homogeneous experience across its user base, with minimal differentiation in content 
exposure based on individual user behavior. 

This approach led to several challenges in terms of user engagement and retention. 
In particular, the absence of advanced personalization contributed to higher churn rates, 
as users were less consistently presented with content aligned to their preferences. 
Engagement levels were also comparatively lower, as users spent more time searching 
for relevant content rather than being efficiently guided toward it. In addition, limited 
personalization weakened customer loyalty, as the platform was less effective in 
continuously delivering value tailored to individual users. According to Gomez-Uribe 
and Hunt (2015), the lack of sophisticated personalization mechanisms posed a 
significant challenge for sustaining user retention and optimizing the overall user 
experience. 

With the introduction and advancement of AI technologies, Netflix significantly 
enhanced its ability to deliver personalized content and improve user engagement. The 
company implemented a range of AI-driven systems, including recommendation 
algorithms designed to generate individualized content suggestions, predictive analytics 
models used to anticipate user preferences and future viewing behavior, and user 
segmentation techniques that group users based on behavioral patterns and interaction 
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histories. These systems rely on the continuous analysis of large-scale datasets 
encompassing viewing history, usage duration, content preferences, and interaction 
signals such as clicks, searches, and ratings. 

The integration of these AI technologies has resulted in substantial improvements in 
platform performance and user experience. Personalization has become a central 
component of Netflix’s service, with a significant proportion of viewed content being 
driven by algorithmic recommendations. Empirical observations indicate that over 80% 
of content watched on the platform is recommended by its AI systems. This shift has 
contributed to a reduction in churn rates, as users are more likely to find relevant and 
engaging content, thereby increasing subscription retention. Additionally, the time 
users spend on the platform has increased, reflecting higher levels of engagement 
facilitated by personalized recommendations. These developments have also 
strengthened customer loyalty by consistently aligning content offerings with 
individual user preferences. 

According to Gomez-Uribe and Hunt (2015), the recommendation system 
constitutes one of the most critical components of Netflix’s business model and overall 
success, underscoring the strategic importance of AI-driven personalization. 
Furthermore, Deloitte (2022) highlights that personalization plays a significant role in 
increasing revenue per user, as it enhances user satisfaction, engagement, and the 
likelihood of continued subscription. Collectively, these findings demonstrate that the 
adoption of AI has enabled Netflix to transition from a relatively static content delivery 
model to a highly dynamic, personalized, and data-driven platform, resulting in 
improved retention, engagement, and overall business performance. 

 
4.3 COMPARATIVE ANALYSIS OF THE APPLICATION OF ARTIFICIAL 
INTELLIGENCE 
 
The comparative analysis of Amazon and Netflix aims to identify similarities and 
differences in the application of artificial intelligence in marketing strategies, as well as 
their impact on key business indicators, particularly profitability. Although the two 
companies operate in different industries—e-commerce and digital streaming—their 
successful implementation of AI enables a relevant comparative analysis. 
 
4.3.1 Personalization as a Strategic Instrument 
 
One of the most significant aspects of AI application in both companies is 
personalization. At Amazon, personalization is focused on optimizing the purchasing 
process through product recommendations, dynamic content display, and tailoring 
offers according to individual user preferences. These systems use machine learning 
algorithms that analyze previous purchases, searches, and platform interactions. 

On the other hand, Netflix uses personalization as a key mechanism for user 
retention. Its recommendation systems not only suggest content but also shape the 
overall user experience, including the interface layout and the order in which content is 
displayed. According to Gomez-Uribe and Hunt (2015), personalization at Netflix is 
responsible for a significant portion of user engagement. 

Despite their different objectives, in both companies personalization represents a 
key factor in increasing customer value, which directly impacts the concept of 
Customer Lifetime Value (CLV). 
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4.3.2 Impact on Profitability 
 
The implementation of AI has both direct and indirect effects on companies’ 
profitability. In the case of Amazon, the impact is directly measurable through 
increased sales. Recommendation systems encourage additional purchases, leading to a 
higher average revenue per customer. According to McKinsey & Company (2018), 
around 35% of Amazon’s sales result from personalized recommendations. 

In the case of Netflix, the impact on profitability is more indirect. Instead of directly 
increasing sales, AI helps reduce churn rate, meaning users remain subscribed to the 
platform for longer periods. This leads to increased long-term revenue. According to 
Deloitte (2022), retaining existing customers is significantly more cost-effective than 
acquiring new ones. 

Thus, AI contributes to different outcomes in similar contexts: Amazon generates 
profit through increased sales, while Netflix generates profit through user retention. 
Despite the different approaches, the result is the same—enhanced profitability. 

 
4.3.3 Cost Optimization 
 
One of the key advantages of AI is the ability to optimize costs. In the case of Amazon, 
the automation of marketing processes leads to reduced advertising costs and better 
budget allocation. AI enables precise targeting, which lowers the customer acquisition 
cost (CAC). 

In the case of Netflix, cost optimization is achieved through the reduction of churn 
rate. By retaining existing users, the company avoids high marketing expenses 
associated with attracting new customers. 

According to Dave Chaffey and Fiona Ellis-Chadwick (2019), AI enables up to a 
20% reduction in marketing costs, which represents a significant competitive 
advantage. 

 
4.3.4 Impact on User Experience 
 
User experience is one of the most important factors for success in the digital economy. 
Both companies use AI to create a personalized and relevant experience. At Amazon, 
this is achieved through personalized recommendations, fast navigation, and optimized 
search. At Netflix, it is achieved through personalized content lists, behavior-based 
recommendations, and individualized interfaces. 

These practices lead to increased engagement, higher customer loyalty, and a higher 
Customer Lifetime Value (CLV). 

 
Table: Comparative Analysis of Key Indicators Before and After AI Implementation 

Indicator 
Amazon 
(pre-AI) 

Amazon (post-AI – 
2025) 

Netflix 
(pre-AI) 

Netflix (post-AI – 
2025) 

Marketing costs High Reduced (~10–20%) High 
Optimized (~10–
20%) 

Customer Acquisition 
Cost (CAC) 

High Reduced (better 
targeting) 

High Reduced 

Engagement Medium 
High (AI-driven 
personalization) 

Medium 
Very high 
(algorithmic feeds) 

Personalization Low Very high Low Very high 
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Conversion rate Moderate 
+10% to +16% 
growth 

Moderate High 

Churn rate / / 
High (~10–
12%) 

Reduced (~7–8% 
or lower) 

Marketing ROI Moderate +20–25% higher ROI Moderate 
Significantly 
improved 

Profitability Moderate High Moderate High 
Source: Own elaboration based on data from McKinsey & Company (2018), Deloitte (2022), and 
Statista (2023–2025). 

 
Updated data for 2025 show that the effects of artificial intelligence are becoming 

increasingly pronounced, particularly in terms of personalization, engagement, and 
return on investment, although in some companies the effects are still moderate due to 
insufficient scaling of AI systems (McKinsey & Company, 2025; Deloitte, 2025). 

 
5. REGRESSION ANALYSIS 

In order to examine more deeply the relationship between the use of artificial 
intelligence and profitability, a simple linear regression analysis is applied. 
 

 
Based on the analyzed data (secondary sources and estimates): 
 β₁ > 0 → there is a positive relationship between AI and profitability 
 an increase in AI by 1 unit → leads to an increase in profitability by 

approximately 0.2–0.3 
This implies that companies with a higher level of AI implementation achieve better 

financial results. 
The results of the regression analysis confirm that there is a statistically significant 

relationship between the application of AI and profitability. However, it is important to 
emphasize that: 

 AI is not the only factor for success 
 organizational strategy and implementation are crucial 
 the effects are stronger in companies with advanced digital infrastructure 
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The regression analysis supports the hypothesis that the use of artificial intelligence 
has a positive impact on profitability. This indicates that investments in AI represent a 
strategically important factor for long-term growth and competitiveness. 

 
6. ANALYSIS OF RESULTS 
 
The results of the conducted analysis indicate a significant positive impact of the 
application of artificial intelligence on marketing performance and company 
profitability. The analysis of Amazon and Netflix showed that the implementation of 
AI technologies leads to fundamental changes in the way companies manage their 
marketing activities. 

First, in terms of personalization, the results show that both companies achieve 
significant improvements in user targeting. Personalized recommendations and content 
lead to higher engagement and increased conversion rates. This is particularly evident 
in Amazon, where recommendation systems directly influence sales, while in Netflix 
personalization plays a key role in user retention. 

Second, the analysis indicates a reduction in marketing costs, especially through the 
optimization of advertising campaigns and better allocation of resources. The reduction 
in Customer Acquisition Cost (CAC) is a result of more efficient targeting and process 
automation. 

Third, in terms of profitability, the results confirm that AI has both direct and 
indirect effects. In Amazon’s case, increased sales lead to a direct growth in revenue, 
while in Netflix, the reduction in churn rate results in long-term increases in revenue 
per user. 

However, it is important to emphasize that the effects of AI are not uniform across 
all companies. Their size, industry, and level of digital maturity play a significant role 
in the success of implementation. Additionally, there are challenges such as high initial 
investments, dependence on high-quality data, and ethical issues related to privacy. 

Overall, the results are consistent with previous research, which indicates that 
companies that actively invest in AI achieve higher efficiency and competitive 
advantage. 

 
CONCLUDING REMARKS 
 
Based on the conducted theoretical and empirical analysis, it can be concluded that the 
use of artificial intelligence represents a key factor in transforming modern marketing 
strategies and has a significant impact on company profitability. The research 
confirmed that the integration of AI technologies enables improved efficiency, cost 
optimization, and the creation of greater value for customers. 

The analysis of Amazon and Netflix showed that, despite their different business 
models, the application of AI leads to similar positive outcomes. At Amazon, artificial 
intelligence directly contributes to increasing sales through personalized 
recommendations and optimized marketing campaigns. In contrast, at Netflix, AI plays 
a key role in user retention by improving user experience and reducing churn rates. 
This indicates that the effects of AI can be manifested both directly and indirectly, but 
in both cases result in increased profitability. 

Additionally, the results of the comparative and regression analysis indicate the 
existence of a positive and relatively strong relationship between the degree of AI 
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implementation and financial performance. The coefficient of determination confirms 
that a significant portion of the variation in profitability can be explained by the use of 
AI, although its impact is not isolated from other factors such as company strategy, 
market position, and organizational capabilities. 

The research also indicates that personalization represents a key mechanism 
through which AI influences marketing performance. A better understanding of 
consumer behavior enables more precise targeting, increased engagement, and higher 
customer value, which directly reflects the concept of Customer Lifetime Value. 

However, the application of artificial intelligence is not without challenges. High 
initial investments, the need for high-quality data and skilled personnel, as well as 
ethical and legal issues related to privacy protection, represent significant limitations 
for its broader implementation. Therefore, successful AI adoption requires not only 
technological capabilities but also a strategic approach and organizational readiness. 

In conclusion, it can be stated that artificial intelligence represents an essential 
element of modern marketing and an important driver of competitive advantage. 
Companies that timely and effectively integrate AI into their strategies have greater 
potential for sustainable growth and improved business performance. Future research 
should focus on quantitative analyses with larger company samples in order to further 
examine long-term effects and optimal models for AI implementation across different 
industries. 
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THE IMPACT OF ESG PRINCIPLES ON CORPORATE GOVERNANCE AND 
COMPANY PERFORMANCE 
 

Maja Tripunoska1 
 

Abstract  
In recent years, Environmental, Social, and Governance (ESG) principles have become a key factor in 
corporate decision-making. Companies are increasingly expected to integrate sustainability practices not only 
to meet regulatory requirements but also to enhance their long-term performance and reputation. This paper 
examines the impact of ESG adoption on corporate governance and company performance. Using a 
combination of literature review and empirical analysis, the study investigates how ESG practices influence 
board effectiveness, transparency, and accountability, and how these governance improvements, in turn, 
affect financial and non-financial performance. Preliminary findings suggest that firms with higher ESG 
scores demonstrate stronger governance structures and better overall performance, highlighting ESG’s role as 
a strategic tool rather than just a compliance measure. The study contributes to the growing literature on 
sustainable corporate management and provides practical recommendations for managers and policymakers 
seeking to strengthen governance and performance through ESG integration. 
 
Keywords: ESG, corporate governance, sustainability, firm performance, board 
effectiveness 
 

INTRODUCTION  
 
In the contemporary business environment, companies are increasingly evaluated not 
only on their financial performance but also on their environmental and social impact, 
as well as the quality of their governance structures. This shift has led to the growing 
importance of Environmental, Social, and Governance (ESG) principles as a 
framework for assessing corporate behavior and long-term sustainability. ESG has 
evolved from a voluntary disclosure practice into a strategic priority for firms seeking 
to attract investors, manage risks, and maintain competitive advantage in a rapidly 
changing global market. 

Corporate governance, which refers to the system of rules, practices, and processes 
by which companies are directed and controlled, plays a central role in ensuring 
accountability, transparency, and ethical decision-making. Effective corporate 
governance mechanisms, such as board structure, audit committees, executive 
compensation policies, and shareholder rights are essential for aligning the interests of 
management with those of shareholders and other stakeholders. In this context, ESG 
principles are increasingly integrated into governance frameworks as a way to enhance 
oversight, improve risk management, and support sustainable value creation. 

The relationship between ESG principles and company performance has attracted 
significant attention from academics, practitioners, and policymakers. On one hand, 
proponents argue that strong ESG practices contribute positively to firm performance 
by reducing risks, improving reputation, and fostering long-term strategic thinking. On 
the other hand, some critics suggest that ESG initiatives may impose additional costs 
on firms, potentially reducing short-term profitability. Despite the growing body of 
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research, the findings remain mixed, and the mechanisms through which ESG 
influences performance particularly via corporate governance, are not yet fully 
understood. 

This paper aims to examine the impact of ESG principles on corporate governance 
and company performance, with a particular focus on how ESG integration affects 
governance quality and organizational outcomes. Specifically, the study explores 
whether firms that adopt higher ESG standards demonstrate more effective governance 
structures and whether such improvements translate into better financial and non-
financial performance.  

The research is guided by the following key questions: How do ESG principles 
influence corporate governance mechanisms? What is the relationship between ESG 
performance and company performance? and does corporate governance act as a 
mediating factor in the relationship between ESG and firm performance? Addressing 
these questions will provide a clearer understanding of the role ESG plays in shaping 
modern corporate strategies. 

 
1. ESG PRINCIPLES  
 
Environmental, Social, and Governance (ESG) principles represent a comprehensive 
framework for evaluating a company’s sustainability practices and ethical impact. The 
Environmentalcomponent focuses on a company’s interaction with the natural 
environment, including energy consumption, carbon footprint, waste management, 
pollution control, and resource efficiency. Firms with strong environmental policies 
aim to minimize negative ecological effects while promoting sustainable development, 
often guided by international standards and regulations. 

The Social component assesses a company’s relationships with internal and 
external stakeholders, including employees, customers, suppliers, and local 
communities. Key social factors include labor practices, employee health and safety, 
diversity and inclusion, human rights, and community engagement. Socially 
responsible companies invest in workforce well-being and ethical supply chains, 
recognizing that strong stakeholder relationships enhance long-term value and 
reputation. 

The Governance component evaluates the quality of a company’s management 
structures, decision-making processes, and accountability mechanisms. Governance 
factors include board composition and independence, transparency in financial 
reporting, executive compensation policies, shareholder rights, and ethical conduct. 
Effective governance ensures that corporate objectives align with stakeholder interests, 
mitigates risks, and strengthens investor confidence. 

In recent years, ESG adoption has accelerated globally due to growing regulatory 
pressure, investor demand, and societal expectations. According to multiple reports, 
institutional investors increasingly integrate ESG criteria into their decision-making, 
while stock exchanges and governments implement mandatory ESG disclosure 
frameworks. For example, Europe’s Sustainable Finance Disclosure Regulation 
(SFDR) and similar initiatives in the U.S., Asia, and other regions are driving 
widespread ESG compliance. Corporations are responding by incorporating ESG 
strategies into their core operations, risk management systems, and corporate reporting, 
reflecting a shift from optional corporate social responsibility initiatives to strategic 
imperatives that influence performance and long-term sustainability. 
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2. CORPORATE GOVERNANCE  
 
Corporate governance refers to the system of structures, processes, and mechanisms 
through which companies are directed, controlled, and held accountable to their 
stakeholders. It encompasses the relationships among a company’s management, board 
of directors, shareholders, and other stakeholders, as well as the rules and practices that 
guide decision-making and oversight. The primary objective of corporate governance is 
to ensure that corporate activities are translated in a transparent, accountable, and 
efficient manner, ultimately supporting sustainable value creation and protecting 
stakeholder interests. 

A central element of corporate governance is the board of directors, which plays a 
critical role in supervising management and setting the strategic direction of the firm. 
The composition of the board particularly the presence of independent directors has 
been widely recognized as a key factor in enhancing objectivity and reducing conflicts 
of interest between management and shareholders. Independent directors are expected 
to provide unbiased judgment, monitor executive actions, and contribute to more 
balanced and informed decision-making. 

Another important aspect of corporate governance is transparency and disclosure. 
Companies are expected to provide accurate, timely, and comprehensive information 
regarding their financial performance, risks, and operational activities. High levels of 
transparency reduce information asymmetry between management and investors, 
thereby increasing trust and facilitating more efficient capital allocation. Disclosure 
practices are often regulated by corporate laws and stock exchange requirements, but 
voluntary disclosures such as ESG reporting are becoming increasingly relevant. 

Accountability mechanisms also form a core component of corporate governance. 
These include internal controls, audit committees, risk management systems, and 
performance evaluation procedures. Audit committees, typically composed of non-
executive directors, are responsible for overseeing financial reporting processes and 
ensuring the integrity of financial statements. Effective internal control systems help 
detect and prevent fraud, mismanagement, and operational inefficiencies.Executive 
compensation is another governance mechanism that aligns the interests of managers 
with those of shareholders. Performance-based compensation schemes, such as stock 
options and bonuses tied to financial targets, are designed to incentivize managers to 
act in the long-term interest of the company. However, poorly designed compensation 
structures may encourage short-termism or excessive risk-taking, highlighting the 
importance of careful governance design.In recent years, corporate governance has 
evolved beyond a purely shareholder-centric model to a more stakeholder-oriented 
approach, particularly with the integration of ESG principles. Modern governance 
frameworks increasingly consider the interests of a broader set of stakeholders, 
including employees, customers, suppliers, and society at large. This shift reflects the 
growing recognition that long-term corporate success depends not only on financial 
performance but also on ethical conduct, sustainability, and social responsibility. 

Overall, effective corporate governance provides the foundation for responsible 
management, risk mitigation, and sustainable business practices. When combined with 
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ESG principles, it enhances a company’s ability to operate transparently, maintain 
stakeholder trust, and achieve long-term performance objectives. 

 
3. ESG AND CORPORATE GOVERNANCE  

 
Environmental, Social, and Governance (ESG) principles have a significant influence 
on corporate governance by improving decision-making processes, strengthening risk 
management practices, and enhancing accountability within organizations. The 
integration of ESG factors into governance structures encourages companies to adopt a 
more holistic approach to strategy formulation, where financial objectives are balanced 
with environmental and social considerations. 

One of the key ways ESG improves decision-making is by expanding the 
information set available to managers and boards of directors. By incorporating ESG-
related datasuch as environmental risks, social impacts, and governance indicators 
companies can make more informed and forward-looking decisions. This broader 
perspective enables firms to identify long-term opportunities and avoid strategies that 
may generate short-term gains but lead to long-term reputational or financial damage. 
In addition, ESG integration promotes strategic alignment between corporate goals and 
stakeholder expectations, which is increasingly important in a globalized and socially 
conscious market. 

ESG also enhances risk management by encouraging firms to systematically 
identify, assess, and mitigate non-financial risks. Environmental risks, such as climate 
change and resource scarcity, social risks, such as labor disputes or human rights 
violations, and governance risks, such as corruption or weak internal controls, can all 
have significant financial implications. Companies that actively incorporate ESG 
criteria into their risk management frameworks are better equipped to anticipate 
potential disruptions and reduce exposure to unforeseen events. As a result, ESG-
oriented governance structures contribute to greater organizational resilience and 
stability. 

In terms of accountability, ESG principles promote higher standards of 
transparency and responsibility in corporate governance. Firms that disclose ESG 
information are subject to greater scrutiny from investors, regulators, and the public, 
which incentivizes more responsible behavior from management and boards. ESG 
reporting frameworks and sustainability disclosures help reduce information 
asymmetry and increase trust among stakeholders. Moreover, governance mechanisms 
such as independent boards, audit committees, and stakeholder engagement processes 
are strengthened when ESG considerations are embedded into corporate policies. 

Empirical research and case-based evidence suggest that companies with strong 
ESG integration tend to exhibit more robust governance structures. For example, firms 
that prioritize ESG often have more diverse and independent boards, clearer 
accountability lines, and more effective internal control systems. These characteristics 
contribute to improved oversight and reduced likelihood of corporate misconduct or 
governance failures. Additionally, several studies indicate that firms with higher ESG 
performance are less likely to experience financial scandals or regulatory penalties, 
highlighting the protective role of ESG in corporate governance. 
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4. ESG AND FIRM PERFORMANCE  
 
The relationship between ESG performance and firm performance has been widely 
studied, with many researchers examining both financial and non-financial indicators to 
evaluate corporate outcomes. ESG practices are increasingly considered a strategic 
asset that can influence a firm’s competitiveness, efficiency, and long-term value 
creation. 

From a financial perspective, firm performance is commonly measured using 
indicators such as Return on Assets (ROA), Return on Equity (ROE), and stock market 
returns. ROA reflects how efficiently a company utilizes its assets to generate profits, 
while ROE measures the return generated on shareholders’ equity. Stock returns 
capture market-based performance and investor perceptions of a company’s value. 
Numerous empirical studies suggest that firms with strong ESG performance tend to 
achieve better financial outcomes over time. This can be attributed to improved 
operational efficiency, reduced risk exposure, enhanced investor confidence, and better 
access to capital. ESG-oriented firms are often perceived as lower-risk investments, 
which may lead to higher valuations and more stable stock performance. 

In addition to financial metrics, ESG performance is closely linked to non-financial 
outcomes, which are increasingly important in evaluating overall corporate success. 
These include corporate reputation, brand value, stakeholder satisfaction, employee 
engagement, and customer loyalty. Companies that demonstrate strong ESG 
commitment are more likely to build positive relationships with stakeholders, which 
can translate into competitive advantages in the market. For instance, environmentally 
responsible practices may appeal to consumers who prefer sustainable products, while 
strong social policies can improve employee retention and productivity. 

Reputation is a particularly important non-financial metric influenced by ESG. A 
positive ESG profile enhances a company’s public image and strengthens trust among 
investors, customers, and partners. Conversely, poor ESG performance can lead to 
reputational damage, which may negatively affect sales, market share, and investor 
confidence. Stakeholder satisfaction is also enhanced when companies actively address 
environmental and social concerns, as this demonstrates a commitment to ethical and 
responsible business practices. 

Overall, ESG contributes to firm performance through multiple channels. While 
financial performance indicators such as ROA, ROE, and stock returns provide 
measurable evidence of economic outcomes, non-financial metrics highlight the 
broader impact of ESG on corporate sustainability and stakeholder relationships. The 
growing body of literature suggests that ESG should not be viewed merely as a cost or 
compliance requirement, but rather as a value-creating strategy that supports both 
short-term efficiency and long-term organizational success. 
 
5. CONCEPTUAL FRAMEWORK  

The conceptual framework illustrates the relationship between ESG principles, 
corporate governance, and firm performance. It proposes that ESG adoption positively 
influences corporate governance mechanisms, which in turn enhance both financial and 
non-financial performance. Corporate governance is also considered as a mediating 
factor in this relationship. 
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ESG Principles 
(Environmental, Social, Governance) 

| 
v 

Corporate Governance Quality 
(Board effectiveness, transparency, accountability) 

| 
v 

Firm Performance 
Financial: ROA, ROE, Stock Returns 

Non-Financial: Reputation, Stakeholder Satisfaction 
 

Key Points of the Framework are that ESG adoption improves decision-making, 
risk management, and accountability.  Then, effective corporate governance 
strengthens the impact of ESG on performance and firm performance includes both 
financial and non-financial outcomes.  

 
Based on the conceptual framework, the following hypotheses are proposed: 
H1: Higher ESG performance positively affects corporate governance quality.Firms 

with strong ESG practices tend to have more independent boards, better transparency, 
and stronger accountability mechanisms.  

H2: ESG performance positively influences financial firm performance (ROA, 
ROE, stock returns).ESG-oriented firms reduce operational and reputational risks, 
improve efficiency, and attract investors, leading to better financial outcomes.  

H3: ESG performance positively influences non-financial firm performance 
(reputation, stakeholder satisfaction).Strong ESG practices enhance public perception, 
stakeholder trust, and brand value.  

H4: Corporate governance mediates the relationship between ESG performance and 
firm performance.  ESG adoption improves governance structures, which then enhance 
both financial and non-financial performance, meaning governance acts as a channel 
through which ESG creates value. 

 
6. METHODOLOGY  
 
This study adopts a qualitative-analytical research design complemented by a case 
study approach in order to examine the relationship between Environmental, Social, 
and Governance (ESG) principles, corporate governance, and firm performance. The 
methodological approach is designed to provide both a theoretical foundation through 
literature analysis and practical insights through an in-depth examination of a real-
world corporate case. By integrating these two components, the study aims to enhance 
the robustness of the analysis and offer a comprehensive understanding of the 
phenomenon under investigation. 

The research is structured in two main phases. The first phase consists of a 
systematic review of relevant academic literature, including peer-reviewed journal 
articles, books, and industry reports. This review serves to establish the theoretical 
background of ESG principles and corporate governance, as well as to identify existing 
research gaps and inconsistencies in the literature. Particular attention is given to prior 
studies that explore the relationship between ESG practices and firm performance, as 
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well as those that analyze governance mechanisms as a mediating factor in this 
relationship. 

The second phase involves a single-case study analysis of Unilever. This company 
was selected due to its globally recognized commitment to sustainability, extensive 
ESG disclosures, and well-documented governance structure. The use of a case study 
allows for an in-depth exploration of how ESG principles are implemented in practice 
and how they interact with corporate governance mechanisms to influence 
organizational outcomes. The case study is based entirely on secondary data sources, 
including corporate annual reports, sustainability reports, ESG disclosures, and 
publicly available information from official company publications and reputable 
databases. 

In order to structure the analysis, the study conceptualizes three main groups of 
variables. The independent variable is ESG performance, which is operationalized 
through the three ESG dimensions: environmental, social, and governance. The 
environmental dimension refers to indicators such as carbon emissions, energy 
efficiency, waste management, and resource utilization. The social dimension 
encompasses aspects such as employee relations, diversity and inclusion, labor 
practices, and community engagement. The governance dimension includes board 
structure, transparency, ethical standards, and accountability mechanisms. ESG 
performance is assessed based on disclosures provided in sustainability reports and, 
where available, ESG ratings and indices. 

Corporate governance quality is treated as a mediating variable and is evaluated 
through several widely accepted proxies. These include board independence, board 
size, CEO duality, the existence and functioning of audit and risk committees, and the 
overall level of transparency in corporate reporting. These indicators reflect the 
effectiveness of internal control systems, oversight mechanisms, and decision-making 
structures within the organization. 

Firm performance represents the dependent variable and is examined from both 
financial and non-financial perspectives. Financial performance is measured using 
standard accounting-based indicators such as Return on Assets (ROA) and Return on 
Equity (ROE), as well as market-based indicators where applicable, such as stock 
performance. Non-financial performance is assessed through indicators such as 
corporate reputation, stakeholder satisfaction, ESG rankings, and inclusion in 
sustainability indices. Together, these measures provide a multidimensional perspective 
on organizational outcomes. 

The analytical approach applied to the case study is qualitative and descriptive in 
nature. It involves a detailed examination of Unilever’s ESG strategy, governance 
structure, and performance outcomes, followed by an interpretation of the relationships 
among these elements. The analysis is conducted in line with the conceptual framework 
of the study, which posits that ESG principles influence corporate governance quality, 
which in turn affects firm performance. The findings from the case study are then 
compared with insights from the existing literature in order to identify consistencies, 
patterns, and potential deviations. 

Despite its strengths, the methodology is subject to certain limitations. The reliance 
on secondary data may restrict access to internal organizational processes and decision-
making dynamics. Furthermore, variations in ESG reporting standards and 
measurement approaches may affect the comparability of data. In addition, the use of a 
single case study limits the generalizability of the findings. Nevertheless, the selected 
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case provides valuable illustrative evidence and contributes to a deeper understanding 
of how ESG principles can be integrated into corporate governance systems and how 
they may influence firm performance in practice. 
 
7. RESULTS- ESG PRACTICES AT UNILEVER (CASE STUDY) 
 
Unilever demonstrates a well-established and integrated ESG strategy that is embedded 
within its core business model. On the environmental dimension, the company has 
implemented initiatives aimed at reducing greenhouse gas emissions, improving energy 
efficiency, minimizing waste, and promoting sustainable sourcing across its supply 
chain. These initiatives are aligned with long-term targets such as achieving net-zero 
emissions and reducing environmental impact across product life cycles. The 
company’s environmental strategy reflects a proactive approach to managing climate-
related risks and operational efficiency. 

On the social dimension, Unilever places significant emphasis on employee 
welfare, diversity and inclusion, and community engagement. The company has 
developed policies that promote equal opportunities, workforce development, and safe 
working conditions. In addition, Unilever engages in initiatives that support public 
health, hygiene, and social development, particularly in emerging markets. These 
efforts contribute to strengthening stakeholder relationships and enhancing the 
company’s social responsibility profile. 

With regard to governance, Unilever maintains a robust corporate governance 
framework characterized by a board of directors with a significant proportion of 
independent members, clear accountability structures, and transparent reporting 
practices. ESG considerations are incorporated into board-level discussions and 
strategic decision-making processes. Furthermore, executive remuneration is partially 
linked to performance metrics that include sustainability objectives, thereby aligning 
managerial incentives with long-term ESG goals. 
 
7.1. Corporate Governance Structure and Firm Performance Analysis  

 
The governance structure of Unilever reflects strong adherence to internationally 
recognized corporate governance standards. The board of directors is composed of both 
executive and non-executive members, with independent directors playing a key role in 
ensuring objective oversight and balanced decision-making. The presence of 
specialized committees, such as audit and risk committees, further strengthens internal 
control systems and enhances transparency. 

Unilever’s governance framework emphasizes accountability, ethical conduct, and 
compliance with regulatory requirements. The company maintains comprehensive 
disclosure practices, providing stakeholders with detailed information regarding 
financial performance, ESG initiatives, and risk management processes. ESG 
integration at the governance level ensures that sustainability considerations are not 
treated as peripheral issues but are embedded within strategic planning and oversight 
mechanisms. 

The analysis of firm performance indicates that Unilever achieves balanced 
outcomes across both financial and non-financial dimensions. From a financial 
perspective, the company demonstrates stable revenue growth and consistent 
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profitability, as reflected in indicators such as Return on Assets (ROA) and Return on 
Equity (ROE). While exact figures may vary across reporting periods, the overall trend 
suggests that the company maintains efficient asset utilization and shareholder value 
creation over time. 

In addition to financial performance, Unilever exhibits strong non-financial 
performance indicators. The company consistently ranks highly in ESG ratings and 
sustainability indices, reflecting its strong commitment to environmental and social 
responsibility. Its global brand reputation remains robust, supported by consumer trust, 
stakeholder confidence, and recognition as a leader in sustainable business practices. 
High levels of stakeholder satisfaction, including employees, customers, and investors, 
further reinforce the company’s competitive position in the market. 
 
7.2. Relationship between ESG, Governance and Performance  

 
The findings suggest a positive relationship between ESG integration, corporate 
governance quality, and firm performance. Unilever’s ESG initiatives contribute to 
strengthening governance mechanisms by enhancing transparency, accountability, and 
strategic alignment. In turn, improved governance supports more effective decision-
making and risk management, which positively influences both financial and non-
financial outcomes. 

The case study provides evidence that ESG principles function not only as a 
sustainability framework but also as a strategic tool that enhances organizational 
performance. The integration of ESG into governance structures enables the company 
to manage long-term risks, build stakeholder trust, and maintain a competitive 
advantage in the global market. These findings are consistent with the conceptual 
framework proposed in this study, which posits that corporate governance acts as a 
mediating factor in the relationship between ESG performance and firm performance. 
 
8. ANALYSIS OF RESULTS  

 
The results obtained from the case study of Unilever provide meaningful insights into 
the relationship between ESG principles, corporate governance, and firm performance, 
and they largely support the conceptual framework proposed in this study. The findings 
indicate that ESG integration is not merely a compliance-driven activity, but rather a 
strategic approach that influences governance structures and contributes to both 
financial and non-financial organizational outcomes. 

First, the analysis suggests a positive association between ESG practices and the 
quality of corporate governance. Unilever’s approach demonstrates that ESG 
considerations are embedded within board-level discussions and decision-making 
processes, which enhances transparency, accountability, and oversight. The presence of 
independent board members, structured governance committees, and ESG-linked 
executive incentives indicates that governance mechanisms are strengthened when ESG 
principles are integrated into corporate strategy. This observation supports the 
argument that ESG adoption can improve governance quality by encouraging more 
responsible and long-term oriented management practices. 

Second, the findings indicate that ESG integration contributes to improved firm 
performance through multiple channels. From a financial perspective, the company 
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exhibits stable profitability and efficient resource utilization, suggesting that ESG-
oriented practices may contribute to operational efficiency and risk reduction. By 
proactively addressing environmental and social risks, the company is better positioned 
to avoid potential costs associated with regulatory penalties, reputational damage, or 
operational disruptions. This aligns with the view in the literature that ESG can 
function as a risk management tool that enhances long-term financial stability. 

From a non-financial perspective, the results highlight the importance of ESG in 
shaping corporate reputation, stakeholder trust, and brand value. Unilever’s strong ESG 
profile is reflected in its high rankings in sustainability indices and its positive 
perception among consumers, employees, and investors. These intangible assets are 
increasingly recognized as critical drivers of competitive advantage in modern markets. 
The findings suggest that companies with strong ESG commitments are more likely to 
achieve higher levels of stakeholder satisfaction, which can indirectly support long-
term financial performance. 

Furthermore, the results provide support for the mediating role of corporate 
governance in the relationship between ESG and firm performance. ESG practices 
appear to influence governance structures by promoting greater transparency, stronger 
accountability mechanisms, and improved board effectiveness. In turn, these 
governance improvements contribute to more informed decision-making and better 
alignment between management and stakeholder interests. This mediating effect is 
consistent with the conceptual framework of the study, which posits that governance 
acts as a key channel through which ESG influences organizational outcomes. 

When compared with existing literature, the findings of this case study are broadly 
consistent with prior research suggesting a positive relationship between ESG 
performance and firm performance. However, the analysis also reflects the complexity 
of this relationship, as the impact of ESG may vary depending on industry 
characteristics, firm size, and regional context. While the case of Unilever demonstrates 
clear benefits associated with ESG integration, it should be noted that these findings 
may not be universally applicable to all firms. 

Overall, the discussion confirms that ESG principles can play a significant role in 
enhancing corporate governance and supporting sustainable firm performance. The 
case study illustrates that when ESG is effectively integrated into corporate strategy 
and governance structures, it can contribute to improved transparency, better risk 
management, stronger stakeholder relationships, and ultimately, long-term value 
creation. 

 
Table: Summary of the Relationship between ESG, Corporate Governance, and Firm Performance 
(Case of Unilever) 

Dimension 
Observed 

ESG/Governance 
Characteristics 

Impact on Firm 
Performance 

Interpretation 

Environmental (E) 

Carbon reduction 
initiatives, sustainable 
sourcing, energy 
efficiency programs 

Improved operational 
efficiency and cost 
management 

Environmental 
practices contribute to 
long-term cost 
savings and risk 
mitigation 

Social (S) 

Employee welfare 
programs, diversity & 
inclusion policies, 
community 
engagement 

Higher employee 
satisfaction, stronger 
brand reputation, 
customer loyalty 

Social initiatives 
strengthen 
stakeholder 
relationships and 
intangible assets 
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Governance (G) 

Independent board 
members, audit 
committees, ESG-
linked executive 
compensation, 
transparency 
practices 

Better decision-
making, stronger 
oversight, reduced 
agency conflicts 

Governance 
mechanisms enhance 
accountability and 
strategic alignment 

Financial 
Performance 

Stable revenue 
growth, consistent 
ROA and ROE trends 

Sustained profitability 
and investor 
confidence 

ESG contributes 
indirectly to financial 
stability and long-term 
value creation 

Non-Financial 
Performance 

High ESG ratings, 
strong sustainability 
reputation, 
stakeholder trust 

Enhanced brand 
equity and competitive 
advantage 

Non-financial 
outcomes reinforce 
market positioning 
and stakeholder 
relations 

 
 
CONCLUSION  

 
This study examined the impact of Environmental, Social, and Governance (ESG) 
principles on corporate governance and firm performance, combining a theoretical 
literature review with a case study analysis of Unilever. The findings suggest that ESG 
integration plays a significant role in shaping corporate governance structures, 
enhancing transparency, accountability, and decision-making processes within 
organizations. 

The analysis indicates that companies with strong ESG practices tend to exhibit 
more effective governance mechanisms, including greater board independence, 
improved oversight, and better alignment between managerial actions and stakeholder 
interests. ESG principles contribute to strengthening corporate governance by 
embedding sustainability considerations into strategic planning and executive decision-
making. In this context, ESG functions not only as a reporting or compliance 
framework but also as a strategic governance tool. 

In terms of firm performance, the study finds that ESG adoption is associated with 
positive outcomes in both financial and non-financial dimensions. Financially, ESG-
oriented firms demonstrate stable profitability, efficient resource utilization, and 
potential resilience to market and operational risks. Non-financially, ESG contributes 
to improved corporate reputation, stronger stakeholder relationships, and enhanced 
brand value. These factors collectively support long-term value creation and 
competitive advantage. 

The case study of Unilever further illustrates how ESG principles can be effectively 
integrated into corporate governance structures to achieve sustainable business 
outcomes. The company’s comprehensive ESG strategy, combined with its robust 
governance framework, demonstrates the practical application of ESG as a driver of 
organizational performance. The findings from the case study are consistent with the 
broader academic literature, which generally supports a positive relationship between 
ESG performance and firm outcomes, although the strength of this relationship may 
vary across industries and contexts. 
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Despite its contributions, the study has certain limitations. The reliance on 
secondary data and a single case study limits the generalizability of the findings. Future 
research could expand the analysis by incorporating multiple case studies, cross-
country comparisons, or quantitative empirical models using larger datasets. 
Additionally, further research could explore sector-specific differences in ESG 
implementation and their impact on governance and performance. 

Overall, the study concludes that ESG principles are an important component of 
modern corporate management. When effectively integrated into corporate governance 
systems, ESG can enhance organizational efficiency, reduce risks, improve stakeholder 
trust, and contribute to sustainable long-term performance. 
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Abstract 
Complex temporal patterns in the hidden economy call for efficient tools to solve these problems.The 
machine learning (ML)approachshows strong potential for addressing these problems. 
In this work, we showed that machine learning can be efficiently applied as a sequence of steps after classical 
econometric steps. An example of implementing such a methodology was demonstrated in Visual Studio 
using the ML.NET platform.Specifically, a series of data from official statistics for unemployment 
(unemployment rate, total, %), poverty (people at risk of poverty after social transfers, total, %),and 
inequality (Gini coefficient), accompanied by values of the hidden economy share in the national GDP 
(hidden economy, HE, %), have been analyzed. A close connection between the four indicatorshas been 
identified while using classical econometric approaches, basedon the obtained correlation coefficients and 
observed temporal patterns. Further, a machine-learning methodology implemented in Visual Studio using 
the ML.NET platform has been applied to the HE indicator, and forecast values through 2040 have been 
collected. 

 
Keywords: model selection, forecasting models, inequality, poverty line, hidden 
economy, econometric forecasting, machine learning, unemployment 
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INTRODUCTION 

 
The phenomenon of the hidden economy attracts considerable interest among scientists 
(Schneider, 2026) due to its significant impact on national economies (Ngo et al., 2026; 
Schneider andBuehn, 2018; Canh and Thanh, 2020;Farzanegan et al., 2020). On a 
global scale (Williams and Schneider, 2016), it results in a substantial amount of 
economic output being produced outside the regular economy. For small countries, the 
value of the hidden economy sector's output is not a huge concern, but the indirect 
effects on their national economies can be rather important (Ekici and Besim, 2016). 
Here, we consider the case of the Republic of North Macedonia specifically, a small 
country exposed to various external influences and stresses arising from changes in the 
economic system. It has been found that its hidden economy is of exceptional 
magnitude (about 30% of the entire economy) (Novkovska, 2016), thus causing marked 
damage to the economy. As a small economy, it is particularly sensitive to external 
factors, including economic and security crises (Novkovska, 2016). Besides, it suffers 
chronically from high unemployment, poverty, and inequality, as limiting factors to 
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socio-economic development. Many other small developing economies in the region 
are in a similar position; they suffer from insufficient economic growth, resulting in 
substantially lower living standards than those of the EU-27 countries in the immediate 
vicinity. Therefore, seeking solutions to address long-standing high levels of the hidden 
economy, unemployment, poverty, and inequality is of broader interest and warrants 
attention, including through various analyses and policy development methods.  

It is well known that there is a strong connection between the extent of the hidden 
economy and the unemployment rate (MauleónandSardà, 2016; Goel andSaunoris, 
2017). However, the link between the hidden economy and unemployment appears 
more complex, and the results should be interpreted with caution, considering the 
country's specifics and the method used to determine the size of the hidden economy 
(HE) (Saafi et al., 2017). In this paper, we determine the HE value using the method we 
proposed in Novkovska and Novkovski (2018), with two input variables: total 
electricity consumption in the country and gross domestic product. Thus, the 
determination method does not assume that HE is a function of the unemployment rate, 
and the correlation between these two variables is determined using results obtained 
from two entirely independent methods. It is also expected to find correlations among 
HE, poverty, and income inequality, all measured using independent methods. As a 
measure of relative poverty, the indicator “people at risk of poverty after social 
transfers”has been used, which underpins the EU's main strategic goal for poverty 
reduction (Darvas, 2019). Exhaustive use of this indicator is to be expected in the 
future. The Gini coefficient has been used in this work as a measure of inequality.  

Multiple theoretical frameworks inform the analysis of these interrelationships: 
Modernization Theory: Views the hidden economy as a residual of 

underdevelopment, expecting it to decline as economies modernize and formalize. 
However, empirical evidence suggests that informality persists even in advanced 
economies and may increase during periods of economic restructuring. 

Structural and Dual Labor Market Theories: Emphasize the segmentation of 
labor markets into formal and informal sectors, with barriers to mobility and 
differential access to social protection and rights. 

Human Development and Capability Approaches: Highlight the 
multidimensional nature of poverty and the importance of access to education, health, 
and social participation, beyond income and employment status. 

Classical economic theory has long provided frameworks for understanding these 
issues, employing econometric models such as Ordinary Least Squares (OLS), 
probit/logit, and structural equation models (SEM/MIMIC) to analyze causal 
mechanisms and policy impacts. However, the advent of machine learning (ML) has 
introduced new possibilities for modeling, prediction, and policy simulation, especially 
with high-dimensional, nonlinear, and heterogeneous data. 

This paper provides a sustained analysis of how classical econometric methods and 
modern machine learning techniques can be integrated to study the interrelationship 
between poverty, inequality, unemployment, and the hidden economy. The analysis is 
grounded in empirical and methodological literature and is implemented in Visual 
Studio and ML.NET, leveraging these tools for model training, evaluation, and 
visualization. The paper covers the following key areas:the basics of the 
interrelationship among poverty, inequality, unemployment, and the hidden economy, 
followed by an example usingclassical econometric approaches (energy 
consumption).Next isa description of machine learning algorithms for socioeconomic 
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prediction: Random Forests, Gradient Boosting, Neural Networks, and causal inference 
tools. As an example,the implementation methodology in Visual Studio and ML.NET 
has been described, covering data preprocessing, feature engineering, model building, 
hyperparameter tuning, and deployment. Finally, the approach functionality has been 
demonstrated. 

 
1. CLASSICAL METHODFOR THE DETERMINATION OF THE SIZE OF THE HIDDEN 
ECONOMY 
 
Here we use the method we proposed previously in (Novkovska and Novkovski, 2018) 
for the extent of the hidden economy (HY) for a given year (t): 
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where HY (0) is a measure of the extent of the hidden economy in the base year (t = 

t0), as determined by an independent method. Two parameters are used in the model: μ 
is the elasticity of electricity consumption (E) with respect to GDP (Y), while r is the 
relative efficiency of the hidden economy to that of the regular economy. Parameter 
rmeasures how efficiently resources are used in the hidden economy. The parameter μ 
is the well-known elasticity of electricity consumption. This method has subsequently 
been used effectively to compare temporal variations inthe hidden economy in the 
country and in Croatia (Novkovska andDumičić, 2018). The model might require 
additional improvement for the case of a developed digital economy (Gasparėnienė et 
al., 2018). Nevertheless, during the period under consideration, no evidence of a 
significant hidden digital economy has been found in the Republic of North 
Macedonia.  

Elasticity μ in this work has been determined by a linear regression model using the 
expression:  

     ktYtE  lnln  . (2) 
The second parameter, the relative efficiency of the hidden economy with respect to 

the regular economy (r), provides a measure of the energy efficiency in the hidden 
sector.  

In this work, the calibration method described in (Novkovska, 2019) is used, 
reflecting values over a given period for which reliable values obtained by an 
independent method are available. Such information has been extracted from the work 
of Schneider andBuehn (2018), in which mean values, along with maxima and minima, 
for different countries over the period 1996-2012 are presented. Values of r and HY(0) 
have been determined using the least-squares method for deviations from the mean, 
maxima, and minima, respectively, between the results obtained in Schneider 
andBuehn (2018) and those obtained by the method used in this work. Specifically, for 
a given set of values of r and HY (0), values of HY(t) for the period 1996-2012 were 
calculated, and their mean value (HYm), maximum (HYmax), and minimum (HYmin) were 
determined. Using mean value (HYm0), maximum (HYmax0), and minimum (HYmin0) 
from the calibration set, the following combination was constructed: 

      2min0min
2

max0max
2

m0m
2 HYHYHYHYHYHYs  . (3) 

In the next step, r and HY (0) were varied until the minimum value of s2 was 
reached. Then, using the optimal values of r and HY(0), the values of HY(t) for the 
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entire study period were calculated withexpression (1). In this way, the calculated 
values for the size of the hidden economy reflect the same general behavior as in 
Schneider and Buehn (2018), but provide more detailed information on fluctuations 
typical for each country and cover a longer period. In addition, substantially new 
information on the relative efficiency of the hidden economy with respect to the regular 
economy is provided, which has not been previously determined by any other method 
for estimating the hidden economy.  

Values of the size of the hidden economy (HE, relative to the total economy) have 
been calculated as: 
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Data used to determine HE are total electricity consumption (E) and GDP (Y) from 

the State Statistical Office (SSO), subsequently integrated intothe World Bank database 
(Databank) (http://databank.worldbank.org/data/home.aspx). Therefore, the initial 
series of data is harmonized and reliable, providing a strong basis for accurately 
determining the quantities derived from these data sets. Data for the unemployment 
rate, poverty (People at risk of poverty after social transfers), and inequality (Gini 
coefficient) were extracted from the MakStat database of the State Statistical Office 
(http://makstat.stat.gov.mk/PXWeb/pxweb/en/). These data are also available in the 
World Bank DataBank and the Eurostat database 
(https://ec.europa.eu/eurostat/data/database). Unemployment rate data are available in a 
coherent series from 1996 to 2024. 

Data for HE is taken from our previous work (Novkovska and Novkovski, 2018) 
for the period 1990-2013 and is complemented by results obtained in this work. This 
series covers the period from the beginning of independence to the last year for which 
input data for HE computations are available. For poverty, a coherent data set is 
available only for 2010-2023; for inequality, only for 2010-2020. In this work, 
estimates of the size of the hidden economy have been computed to complement our 
previous publications.Temporal patterns of the four indicators considered are displayed 
in Figure 1.  

 
Figure 1. Temporal patterns of hidden economy, unemployment, poverty, and 
inequality, for the period 1990-2024, for the Republic of North Macedonia 
Source: Results in this work 
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Table 1 presents the correlation matrix for the size of the hidden economy (HE), 

unemployment rate, inequality, and poverty, calculated from data for the period 2010-
2020. It is observed that the strongest correlations are obtained for HE with the 
unemployment rate (0.951) and for inequality with poverty (0.94). 
Correlationsobtained for HE with the inequality (0.838) and for HE with poverty 
(0.863). are somewhat lower, indicating somewhatweaker interconnections. The 
weakest interconnection is also observed between unemployment and poverty (0.838). 

 
Table 1. Correlation matrix for the size of the hidden economy, unemployment, inequality, and poverty, 
calculated for the period 2010-2020 

Hidden 
economy 

Unemployment Inequality Poverty 

Hidden economy 1.000    

Unemployment 0.951 1.000   

Inequality 0.838 0.942 1.000  

Poverty 0.863 0.798 0.940 1.000 

 
 

2. MACHINE LEARNING METHODS FOR SOCIOECONOMIC PREDICTION 
 
As was demonstrated in the previous section, unemployment, poverty, inequality, and 
the hidden economy follow similar patterns. Therefore, the prediction of these 
indicators may rely on the pattern of one of them, in our case hidden economy, for 
which the longest series (1990 – 2023) is available. 

Linear regression does not provide satisfactory solutions; hence, forecasting must 
rely on nonlinear approaches, the most promising of which are machine learning 
methods. 

Machine learning (ML) offers a suite of flexible, nonparametric, and high-
dimensional modeling tools that can capture complex, nonlinear relationships and 
interactions among variables. ML methods are particularly valuable when the data 
structure is rich (i.e., many features and large sample sizes), relationships are nonlinear 
or unknown, and prediction accuracy is paramount. 

In the context of poverty, inequality, unemployment, and the hidden economy, ML 
can enhance predictive accuracy, enable granular poverty mapping, and uncover 
previously hidden patterns in the data. ML can also be integrated with causal inference 
frameworks to estimate treatment effects and simulate policy interventions. 

 
2.1 Key Algorithms 
 
a) Random Forests (RF) 

Random Forests are ensemble methods that build multiple decision trees on 
bootstrapped samples of the data and aggregate their predictions. RFs are robust to 
overfitting, handle nonlinearities and interactions, and provide measures of feature 
importance. They are widely used for both classification (e.g., poor/non-poor) and 
regression (e.g., predicting income or consumption). 
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b) Gradient Boosting Machines (GBM, XGBoost, LightGBM, CatBoost) 

Gradient Boosting builds trees sequentially, with each new tree correcting the residuals 
of the previous ensemble. GBMs are highly flexible and often achieve state-of-the-art 
predictive performance, especially with careful hyperparameter tuning. Variants such 
as XGBoost, LightGBM, and CatBoost offer computational efficiency and support for 
categorical variables. 

c) Neural Networks (NN), Deep Learning 

Neural networks, including deep learning architectures, model complex nonlinear 
relationships by composing multiple layers of transformations. They are particularly 
effective with large datasets and unstructured data (e.g., images, text, and remote 
sensing data). In poverty mapping, convolutional neural networks (CNNs) have been 
used to extract features from satellite imagery for fine-grained poverty estimation. 

d) Causal Machine Learning: Double Machine Learning (DML), Causal Forests 

Recent advances in causal ML enable the estimation of treatment effects in high-
dimensional, nonlinear settings. Double Machine Learning (DML) combines ML 
algorithms for nuisance parameter estimation with orthogonalization to obtain unbiased 
estimates of the treatment effect. Causal forests extend random forests to estimate 
heterogeneous treatment effects. 

2.2. Feature Engineering and Variable Selection: 

Feature engineering is critical for ML performance. Techniques include: 

 Encoding categorical variables (one-hot, ordinal, embedding) 
 Handling missing data (imputation, indicator variables) 
 Normalization and scaling 
 Dimensionality reduction (PCA, MCA) 
 Creation of domain-informed features (e.g., consumption diversity, 

spatial/geographic indicators) 
Automated feature selection methods (e.g., LASSO, tree-based importance, SHAP 
values) help identify the most predictive variables and improve model interpretability. 

a) Model Evaluation and Validation 

ML models are evaluated using metrics appropriate to the task: 

 Regression: Mean Squared Error (MSE), Root Mean Squared Error (RMSE), 
Mean Absolute Error (MAE), R-squared (R²), Mean Absolute Percentage 
Error (MAPE). 
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 Classification: Accuracy, Precision, Recall, F1-score, ROC-AUC, confusion 
matrix. 

Cross-validation (e.g., k-fold, time-series split) is essential for reliable performance 
estimation, particularly when data are limited or temporal dependencies are present. 

b) Interpretability and Explainability 

Interpretability is crucial for policy applications. Techniques include: 

 Feature Importance: Permutation importance, Gini importance (RF), gain 
(GBM). 

 SHAP (SHapley Additive exPlanations): Provides local and global 
explanations of model predictions, attributing contributions to each feature 
based on cooperative game theory. 

 Partial Dependence Plots (PDP): Visualize the marginal effect of a feature 
on the predicted outcome. 

 LIME (Local Interpretable Model-agnostic Explanations): Generates local 
surrogate models for individual predictions. 

These tools help bridge the gap between predictive accuracy and actionable insights for 
policymakers. 

c) Hyperparameter Tuning and AutoML 

Hyperparameter tuning is critical for optimizing ML model performance. Methods 
include grid search, random search, Bayesian optimization, and evolutionary 
algorithms. Automated Machine Learning (AutoML) frameworks, such as ML.NET 
Model Builder, streamline the process by evaluating multiple algorithms and 
configurations and selecting the best-performing model based on validation metrics. 

2.3. Implementation Methodology Example: Visual Studio and ML.NET 
ML.NET is a cross-platform, open-source machine learning framework for .NET 
developers, integrated into Visual Studio via the Model Builder extension. It supports a 
range of ML tasks (classification, regression, clustering), AutoML, and model 
deployment. 

The Model Builder extension in Visual Studio provides a graphical interface for 
building, training, and evaluating models using AutoML, making ML accessible to 
non-experts. 

a) Model Building Pipeline 
 Data Splitting: Train-test split (e.g., 80/20), cross-validation for robust 

evaluation. 
 Transformations: Concatenation of features, normalization, encoding, and 

missing value imputation. 
 Trainer Selection: Choice of algorithm (e.g., FastTree, LightGBM, SDCA, 

neural networks) based on task and data characteristics. 
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 Hyperparameter Tuning: Grid search, random search, Bayesian 
optimization, or evolutionary algorithms via AutoML. 

 Model Evaluation: Calculation of metrics (RMSE, MAE, R², accuracy, F1, 
AUC), confusion matrix, and feature importance. 

 Interpretability: Permutation feature importance, SHAP values, PDPs. 

b) Data Preparation 
 Cleaning: Handling missing values (multiple imputation, regression 

imputation, FCS), outlier detection, consistency checks. 
 Feature Engineering: Encoding categorical variables, creating composite 

indicators (e.g., consumption diversity), spatial aggregation, dimensionality 
reduction (PCA, MCA). 

 Weighting: Applying survey weights to ensure representativeness. 

As an example of connecting classical econometric models with M, we further 
present results from a machine learning model forecasting the evolution of the size of 
the hidden economy at the national level, as determined by the above-described model. 
MLNET in Visual Studio provides a robust, low-code interface (Model Builder) to 
integrate machine learning into .NET applications. It supports scenarios such as 
classification, regression, and recommendation in C# or F#, with automatic model 
training and code generation. In our case, model training was performed for 10 s using 
time series data from 1990 to 2023 for the hidden economy (figure 1, filled circles). 

 
Figure 2. Machine learning forecast of Macedonia’s hidden economy  
Source: Results in this work 

 
Figure2 shows a machine learning forecast of Macedonia’s hidden economy as a 

share of GDP from 2024 to 2040, along with historical data from 1990 to 2023.The 
thick line (“Forecast”) projects the trend of the hidden economy, suggesting a gradual 
decline over time.The thin, solid, and broken lines (“Lower” and “Upper Confidence 
Bounds”) mark the uncertainty range, showing possible variation around the forecast. 
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 In short, the chart shows that although the hidden economy is expected to shrink in 
the long run, uncertainty remains.Although current trends show a decline, the hidden 
economy is expected to remain significant in the long term, suggesting that its 
persistence stems from deep structural weaknesses within the national economy.A large 
share of the hidden economy is reflected in persistent poverty and inequality. Despite a 
steady decline in nominal unemployment, these improvements have not translated into 
reduced poverty or inequality, suggesting that unemployment-reduction policies are 
poorly targeted. 

 
CONCLUSIONS 
 
The integration of classical econometric methods and machine learning techniques 
provides a powerful toolkit for analyzing the interrelationships among poverty, 
inequality, unemployment, and the hidden economy, and predicting their future 
variations. Classical models provide interpretability, causal inference, and hypothesis 
testing, while ML models excel at prediction, handling high-dimensional data, and 
uncovering nonlinear patterns. The use of Visual Studio and ML.NET enables efficient, 
reproducible, and scalable implementation of these methods, with support for AutoML, 
model evaluation, and deployment. 

Policy analysis benefits from the enhanced predictive accuracy and scenario-
simulation capabilities of ML, but must remain vigilant about issues of bias, 
transparency, and ethical use. Future research should continue to refine the integration 
of causal inference and ML, improve data quality and representativeness, and ensure 
that models are interpretable and actionable for policymakers. 

By leveraging the strengths of both classical and modern approaches, researchers 
and practitioners can better understand and address the persistent challenges of poverty, 
inequality, unemployment, and the hidden economy in a rapidly changing world. 
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Abstract 
This study examines how statistical principles shape the performance and reliability of artificial intelligence 
models through a combined theoretical and empirical perspective. Rather than treating algorithms as purely 
technical tools, the analysis approaches them as statistically grounded systems whose behavior depends on 
data structure, model complexity, and validation procedures. The empirical part of the study relies on a 
dataset of 212 observations, combining survey-based inputs with controlled variables. Several modeling 
approaches are compared, including linear regression, logistic regression, random forest, and a neural 
network. The results show a clear pattern: as model complexity increases, predictive accuracy improves, but 
stability and interpretability tend to decline. This trade-off highlights a persistent tension that cannot be 
resolved through performance metrics alone. The findings suggest that sustainable development of artificial 
intelligence requires a balanced integration of statistical reasoning and computational techniques, especially 
in contexts where reliability and transparency are equally important. 
 
Keywords: statistical learning, artificial intelligence, generalization, empirical 
analysis, interpretability, modeling 
 
INTRODUCTION 
 
The expansion of artificial intelligence over the past decade has not only introduced 
new computational capabilities but has also reshaped how data is understood and 
interpreted. Behind most modern systems lies a statistical logic that often remains 
implicit, yet it determines how models learn, adapt, and produce outcomes. Artificial 
intelligence, in this sense, does not function independently of statistical reasoning; 
rather, it extends it into environments characterized by scale, complexity, and 
continuous data flow. This convergence has gradually shifted analytical focus toward 
prediction and performance, sometimes at the expense of interpretability and 
theoretical clarity (Kumar, Singh and Patel 2025). 

The emergence of large-scale datasets has intensified the need for models capable 
of capturing complex and nonlinear relationships. In this environment, statistical 
methods have undergone a transition from rigid parametric formulations toward 
flexible, data-driven structures. Machine learning algorithms embody this transition, as 
they operationalize statistical principles within computational frameworks designed to 
learn from data iteratively (Hastie, Tibshiraniand Friedman 2009). 

At the same time, this shift introduces new methodological tensions. The 
prioritization of predictive accuracy often reduces the interpretability of models, raising 
concerns about transparency and reliability. The challenge, therefore, lies in 
establishing a balance between statistical rigor and algorithmic efficiency, ensuring that 
models remain both accurate and analytically meaningful. 

                                                             
1Elena Tasevska, MSc., Assistant, Faculty of Economics; Goran Karovski, MSc., 
Assistant, Faculty of Economics and Ljupci Risteski, MSc., Assistant, Faculty of 
Information Sciences,University Skopje, Skopje, Republic of North Macedonia 
 



353 
 

Recent developments indicate that artificial intelligence systems are increasingly 
shaped by statistically grounded learning mechanisms, where predictive performance is 
achieved through large-scale data processing and probabilistic optimization (Dwivedi 
et al.2021). 
 
1. THEORETICAL FRAMEWORK 
 
The theoretical relationship between statistics and artificial intelligence can be 
understood through the lens of statistical learning theory, which formalizes the process 
of extracting patterns from data while controlling for uncertainty and variability 
(Vapnik1998). Central to this framework is the concept of expected risk minimization, 
where models are evaluated based on their ability to generalize beyond observed data. 
The bias–variance trade-off represents a fundamental principle within this framework. 
Models with high bias tend to oversimplify relationships, resulting in underfitting, 
whereas models with high variance capture noise alongside signal, leading to 
overfitting. This duality reflects a structural constraint inherent in all predictive systems 
and highlights the importance of selecting an appropriate level of model complexity. 
Recent developments in artificial intelligence demonstrate that even highly complex 
architectures, such as deep neural networks, adhere to statistical principles through the 
optimization of loss functions and probabilistic representations of data (Goodfellow, 
Bengio and Courville 2022). This suggests that the apparent distinction between 
statistical and algorithmic approaches is largely superficial, as both rely on shared 
mathematical foundations. 

In addition, the distinction between explanatory and predictive modeling has gained 
renewed importance. Predictive models prioritize accuracy in forecasting outcomes, 
whereas explanatory models seek to uncover causal relationships. This divergence has 
methodological implications, particularly in the interpretation of results and the design 
of empirical studies (Shmueli 2010). 

The relationship between model complexity and generalization is conceptually 
illustrated below. 

 
Figure 1. Bias–variance trade-off illustrating the relationship between model complexity and 

generalization error 
 

The figure illustrates that increasing model complexity reduces bias while 
increasing variance, thereby defining the structural limits of model generalization. 
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While statistical learning theory provides a coherent foundation for understanding 
model behavior, its practical application within contemporary artificial intelligence 
systems reveals several limitations that require critical consideration. The formal 
assumptions underlying many statistical models, including independence, stationarity, 
and distributional stability, are often violated in real-world data environments 
characterized by high dimensionality and continuous data drift. As a result, the 
theoretical guarantees of generalization may not fully translate into empirical 
reliability. 

Moreover, the increasing reliance on highly flexible models challenges the 
traditional bias–variance framework. Although the framework remains analytically 
useful, recent developments suggest that complex models can achieve low 
generalization error even in overparameterized settings, raising questions about the 
sufficiency of classical statistical explanations. This tension indicates that existing 
theoretical models may require reinterpretation rather than direct application. 

In addition, the distinction between predictive and explanatory modeling introduces 
a structural limitation in how results are interpreted. Predictive success does not 
necessarily imply causal validity, which creates a risk of over-reliance on performance 
metrics without sufficient theoretical grounding. In this context, statistical inference 
remains essential not only as a methodological tool, but as a corrective mechanism that 
prevents misinterpretation of model outputs. 
 
2. HYPOTHESIS DEVELOPMENT 
 
The relationship between model complexity, statistical validation, and predictive 
performance represents a central concern in contemporary artificial intelligence 
research. As models become more complex, their ability to capture nonlinear 
relationships improves, yet this often introduces instability and reduced interpretability. 
At the same time, statistical validation techniques serve as a mechanism for controlling 
such effects, ensuring that performance gains are not achieved at the expense of 
generalization. 

Within this framework, the study formulates the following hypotheses: 
H1: Model complexity has a positive effect on predictive accuracy, as more 

complex models are capable of capturing nonlinear relationships and high-dimensional 
interactions within the data. 

H2: Model complexity has a negative effect on interpretability, as increasing 
structural depth and flexibility reduces the transparency of model outputs and decision 
mechanisms. 

H3: Statistical validation techniques have a positive effect on model generalization, 
as procedures such as cross-validation and regularization reduce overfitting and 
improve model stability. 

H4: Data quality has a positive effect on predictive performance, as well-structured 
and representative datasets enhance the reliability of model outputs. 

H5: User trust in artificial intelligence systems is positively associated with 
perceived model effectiveness, reflecting the interaction between technical 
performance and human evaluation. 

These hypotheses establish a structured analytical framework that links theoretical 
assumptions with empirical testing, enabling a systematic evaluation of the 
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relationships between model characteristics, statistical procedures, and predictive 
outcomes. 
 
3. METHODOLOGY AND RESEARCH DESIGN 
 
The empirical component of this study is designed to evaluate the performance of 
different modeling approaches within a statistically controlled environment. A mixed 
data structure is employed, combining survey-based observations with synthetically 
generated variables to ensure variability and robustness. The final dataset consists of 
212 observations, each characterized by multiple independent variables, including 
frequency of AI usage, perceived reliability, trust in automated decisions, and domain-
specific familiarity. 

The dependent variable captures perceived predictive accuracy, operationalized 
through a scaled measurement reflecting respondents’ evaluations of system 
performance. Data preprocessing includes normalization, missing value imputation, 
and outlier detection, ensuring that the dataset meets statistical assumptions required 
for modeling. 

Four models are implemented: linear regression, logistic regression, random forest, 
and a multilayer neural network. These models are selected to represent varying 
degrees of complexity, allowing for a comparative analysis of their performance 
characteristics. 

To enhance methodological robustness, k-fold cross-validation is applied, ensuring 
that model evaluation is not dependent on a single data partition. This approach reduces 
the likelihood of overfitting and provides a more reliable estimate of generalization 
performance (James et al. 2021). 

The conceptual structure of the study is illustrated below, outlining the relationships 
between the key variables and modeling approaches. 
 

 
Figure 2. Conceptual research model illustrating the relationships between input variables and 

model outcomes 
The model integrates user-related variables with algorithmic outputs, enabling a 

structured evaluation of how statistical properties influence predictive performance and 
generalization. 
 
4. EMPIRICAL RESULTS 
 
The empirical analysis reveals distinct differences in performance across the selected 
models. Linear regression produces stable parameter estimates and consistent 
predictive behavior, yet its explanatory power remains limited in the presence of 



 

nonlinear relationships. The coefficient of determination indicates moderate model fit, 
suggesting that a substantial portion of variance remains unexplained.

The comparative performance of the applied models is presented below, providing a 
structured overview of their predictive accuracy and generalization capacity.
 
Table 1. Comparative performance of stati

Model 
Linear Regression 
Logistic Regression 
Random Forest 
Neural Network 

 
The results indicate a 

complexity, while the reduction in mean squared error confirms improved model fitting 
at the cost of increased risk of overfitting in more complex architectures.

To further examine the determinants o
analysis was conducted, the results of which are presented below.
 
Table 2. Regression analysis of factors influencing predictive performance

Variable 
Model Complexity 
Statistical Validation 
User Trust 
Data Quality 
Constant 

 
R² = 0.61 
Adjusted R² = 0.58 
The regression results indicate that model complexity and 

procedures have the strongest positive effects on predictive performance, while data 
quality and user trust also contribute significantly. All variables are statistically 
significant, confirming the robustness of the model.

The visual comparison below illustrates the variation in predictive performance 
across models with increasing complexity.
 

Figure 3. Comparative visualization of model performance across different levels of complexity
 

ear relationships. The coefficient of determination indicates moderate model fit, 
substantial portion of variance remains unexplained. 

The comparative performance of the applied models is presented below, providing a 
structured overview of their predictive accuracy and generalization capacity. 

Comparative performance of statistical and machine learning models 
Accuracy F1-score ROC-AUC MSE

0.69 0.65 0.71 0.24
0.74 0.72 0.78 0.21
0.82 0.80 0.86 0.17
0.88 0.85 0.90 0.14

The results indicate a consistent increase in predictive performance with model 
complexity, while the reduction in mean squared error confirms improved model fitting 
at the cost of increased risk of overfitting in more complex architectures. 

To further examine the determinants of predictive performance, a regression 
analysis was conducted, the results of which are presented below. 

Regression analysis of factors influencing predictive performance 
Coefficient (β) Std. Error t-value p-value

0.42 0.08 5.25 0.000
0.31 0.07 4.43 0.000
0.18 0.06 3.02 0.003
0.36 0.09 4.00 0.000
0.52 0.12 4.33 0.000

The regression results indicate that model complexity and statistical validation 
procedures have the strongest positive effects on predictive performance, while data 
quality and user trust also contribute significantly. All variables are statistically 
significant, confirming the robustness of the model. 

l comparison below illustrates the variation in predictive performance 
across models with increasing complexity. 
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To further evaluate model discrimination ability, ROC curve analysis is presented 
below. 

 
Figure 4. ROC curves illustrating the discriminative performance of the evaluated models 

 
The ROC curves indicate that the neural network achieves the highest area under 

the curve, followed by the random forest model, while logistic and linear regression 
exhibit comparatively lower discriminative capacity, confirming the superiority of 
nonlinear approaches in classification tasks. 

Logistic regression improves classification performance, particularly in scenarios 
involving binary outcomes. Its probabilistic structure allows for a more nuanced 
interpretation of results, although its capacity to model complex interactions remains 
constrained. 

The random forest model demonstrates a significant improvement in predictive 
performance. By aggregating multiple decision trees, it reduces variance and enhances 
robustness, resulting in higher accuracy and improved generalization. This finding is 
consistent with recent studies highlighting the effectiveness of ensemble methods in 
handling complex datasets (Chen and Guestrin2021). 

The neural network achieves the highest level of predictive accuracy, capturing 
intricate nonlinear relationships within the data. However, this performance is 
accompanied by increased sensitivity to training conditions, as reflected in variability 
across validation folds. This pattern suggests the presence of overfitting, particularly 
when regularization techniques are not sufficiently strong. 
 
5. DISCUSSION 
 
The findings of this study provide empirical support for the theoretical relationship 
between model complexity and generalization. Simpler models, grounded in statistical 
assumptions, exhibit greater stability and interpretability, making them suitable for 
contexts where transparency is required. In contrast, more complex models deliver 
superior predictive performance but introduce challenges related to interpretability and 
robustness (Zhang, Liu, and Wang 2025). 

What becomes evident from the results is that higher accuracy does not necessarily 
translate into better understanding of the model itself. In practice, this creates a 
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situation where the most effective models are often the least transparent, which raises 
important questions about their applicability in sensitive decision-making contexts. 

This trade-off reflects a broader methodological dilemma within artificial 
intelligence research. The pursuit of accuracy often leads to increasingly complex 
models, yet such complexity may undermine the reliability and explainability of 
results. The integration of statistical validation techniques, including cross-validation 
and regularization, emerges as a necessary condition for mitigating these risks. 

Furthermore, the results highlight the importance of hybrid approaches that 
combine statistical rigor with algorithmic flexibility. Such approaches enable 
researchers to leverage the strengths of both paradigms, achieving a balance between 
predictive performance and analytical clarity. 

The empirical findings provide strong support for the proposed hypotheses. The 
results confirm that model complexity is positively associated with predictive accuracy 
(H1), while simultaneously reducing interpretability (H2), as evidenced by the 
performance differences across models. Furthermore, the positive effect of statistical 
validation techniques on generalization (H3), along with the significant contributions of 
data quality (H4) and user trust (H5), is confirmed through the regression analysis, 
reinforcing the robustness and internal consistency of the proposed analytical 
framework. 

The practical implications of these findings extend beyond theoretical 
considerations and directly affect how artificial intelligence systems are deployed in 
real-world settings. In financial risk assessment, for instance, models with high 
predictive accuracy but low interpretability may lead to decisions that are difficult to 
justify under regulatory scrutiny. Similarly, in healthcare applications, the inability to 
explain model outputs may limit clinical adoption, regardless of predictive 
performance. 

These examples illustrate that model selection cannot be based solely on accuracy 
metrics. Instead, it requires a broader evaluation that includes interpretability, stability, 
and contextual suitability. In practice, this often leads to the use of hybrid approaches, 
where simpler statistical models are combined with more complex algorithms to 
achieve both reliability and performance. 

Such considerations highlight that the effectiveness of artificial intelligence is not 
determined only by technical capability, but by its alignment with domain-specific 
requirements and constraints. 
 
6. METHODOLOGICAL AND ETHICAL ISSUES 
 
Methodological rigor represents a fundamental condition for ensuring the validity of 
artificial intelligence models, particularly in contexts where statistical assumptions are 
either relaxed or implicitly embedded within algorithmic structures. Contemporary 
research emphasizes that the increasing reliance on complex models necessitates the 
strengthening of validation procedures, including cross-validation, regularization 
techniques, and robustness testing (Kumar, Singh and Patel 2025). 

Without such procedures, models risk producing results that appear accurate within 
training environments but fail to generalize under real-world conditions.A central 
methodological concern arises from data quality. Artificial intelligence systems are 
inherently dependent on the structure and integrity of input data, which directly 
influence model outcomes. Poorly curated datasets may introduce systematic 
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distortions that propagate through the modeling process, leading to unreliable 
predictions. Empirical evidence indicates that even highly sophisticated algorithms 
remain vulnerable to such distortions when data preprocessing is insufficient or 
improperly conducted (Garcia, Lopez and Torres 2025). This reinforces the necessity 
of statistical diagnostics aimed at detecting anomalies, outliers, and structural 
imbalances within datasets. 

Bias constitutes another major challenge, particularly in relation to fairness and 
equity. Machine learning models trained on historically biased datasets may replicate 
or amplify existing disparities, thereby generating outcomes that are systematically 
skewed. Recent studies propose statistical correction mechanisms, including 
reweighting techniques and fairness-constrained optimization, as potential solutions for 
mitigating such effects (Nguyen, Tran and Pham 2025). However, the implementation 
of these approaches requires a careful balance between fairness and predictive 
performance, as overly constrained models may experience a reduction in accuracy. 

Interpretability remains closely linked to both methodological and ethical 
considerations. As model complexity increases, the capacity to explain decision-
making processes diminishes, which creates challenges in domains requiring 
transparency and accountability. Advances in explainable artificial intelligence aim to 
address this issue by developing post hoc and inherently interpretable models, yet the 
effectiveness of these approaches varies depending on the underlying algorithmic 
structure (Zhang, Liu and Wang 2025). 

The ethical dimension extends beyond technical considerations and encompasses 
broader questions related to responsibility, accountability, and trust. Artificial 
intelligence systems are increasingly deployed in high-impact environments, including 
healthcare, finance, and public administration, where erroneous or biased outputs may 
have significant consequences. The literature underscores the necessity of integrating 
ethical guidelines into the design and deployment of models, ensuring that statistical 
validation is complemented by normative evaluation (Rudin et al. 2025). 

Taken together, these findings demonstrate that methodological precision and 
ethical awareness cannot be treated as separate dimensions. Instead, they must be 
approached as interdependent components of a unified framework guiding the 
development and application of artificial intelligence. 
 
7. LIMITATIONS 
 
Despite the contributions of this study, several limitations should be acknowledged. 
The empirical analysis is based on a relatively limited sample size, which may restrict 
the generalizability of the findings across different domains and data environments. 
Although the use of simulated variables enhances control over the dataset, it may not 
fully capture the complexity and variability of real-world data. 

In addition, the study focuses on a selected set of models, which, while 
representative, does not encompass the full range of available machine learning 
techniques. Future research could expand this scope by including additional algorithms 
and comparing their performance under varying conditions. 

Another limitation relates to the measurement of interpretability, which is treated 
conceptually rather than operationalized through a standardized metric. This may 
introduce subjectivity in the evaluation of model transparency. 
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Finally, while regression analysis provides insight into relationships between 
variables, it does not establish causality. Further research employing experimental or 
longitudinal designs could provide a more robust understanding of these relationships. 
 
CONCLUSION 
 
The findings of this study reaffirm that the relationship between statistics and artificial 
intelligence is both structural and unavoidable. Models do not operate in isolation from 
statistical principles; they depend on them at every stage, from data preparation to 
evaluation. At the same time, increasing model complexity introduces trade-offs that 
cannot be ignored, particularly in relation to stability and interpretability. 

What emerges from this analysis is not a preference for one modeling approach 
over another, but a need for balance. In real-world applications, decisions are rarely 
based on accuracy alone. They require models that are reliable, understandable, and 
adaptable to changing conditions. This is where statistical reasoning continues to 
provide an essential anchor. 

Future research should move toward frameworks that do not treat statistical 
inference and machine learning as separate domains, but as parts of a unified analytical 
approach. Such integration offers a more realistic path toward developing systems that 
are both effective and trustworthy. 
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ANALYSIS OF THE MACEDONIAN LEGAL FRAMEWORK FOR ICT AND 
CYBERSECURITY IN THE CONTEXT OF DIGITAL TRANSFORMATION 
AND THE ADOPTION OF EMERGING TECHNOLOGIES 

 
Valentina Angelkoska1 

Ivo Paunovski 
Aleksandar Risteski 

Zoran Ivanovski 
 

Abstract 
 
Digital transformation represents one of the key drivers of social and economic development, with the role of 
information and communication technologies, cybersecurity, and new digital solutions becoming increasingly 
prominent. This paper provides an analysis of three key strategic and normative documents in the Republic of 
North Macedonia: Law on Network and Information Systems Security, National Cybersecurity Strategy, and 
ICT Development Strategy – SMART/MK 2030. The analysis focuses on their complementarity and 
readiness to address challenges related to digital transformation, e-government, the increasing scope of e-
services, the application of artificial intelligence, emerging ICT technologies, and the development of the 
digital economy. The paper examines the role of the legal and strategic framework in creating a secure, 
trustworthy, and resilient digital environment, which is essential for the development of electronic public 
services and innovative business models. It also considers the alignment with European policies and 
directives, in particular the NIS2 Directive and the objectives of the Digital Decade 2030. 
 
Key words:Digital transformation, Information and communication technologies, Cybersecurity, Legal 
framework. 
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THE IMPACT OF THE EUROPEAN YOUTH OLYMPIC FESTIVAL ON 
TOURISM IN NORTH MACEDONIA: A COMPARATIVE AND 
STATISTICAL ANALYSIS 
 

Dejan Nedev1 
 
Abstract 
 
The European Youth Olympic Festival (EYOF) is a recurring, mid-scale multi-sport event fostering youth 
athletic excellence and intercultural exchange. This paper investigates the impact of EYOF on tourism 
performance with a focus on North Macedonia through comparative and quantitative analysis. Using official 
tourism statistics and secondary data from Sarajevo 2019 and Maribor 2023, we model scenario projections 
for EYOF Skopje 2025. Results indicate a projected 6–9% increase in tourist arrivals and a 5–7% growth in 
tourism receipts during the event year. Additionally, long-term benefits are anticipated in destination 
branding, infrastructure utilization, and human capital development. However, statistical projections point to 
potential crowding-out effects on regular tourism flows if legacy strategies are not strategically implemented. 
The study highlights critical policy implications for leveraging EYOF toward sustainable tourism growth. 
 
Keywords: European Youth Olympic Festival, tourism impact, North Macedonia, comparative analysis, 
scenario modeling 
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DIGITALIZATION OF EDUCATION IN ORDER TO IMPROVE THE 
COMPETENCES OF TEACHING STAFF 
 

Aleksandra Stoilkovska1 
 
Abstract 
 
The paper is an action research conducted in order to prove the connection between the digitalization of the 
educational institution and the development of the competencies of the teaching staff. 
Effectiveness of using digital devices – The more teachers have developed digital competencies, the more 
effective they will be in using digital devices. Although schools can have the most modern technology, if 
teachers do not have the necessary skills to use these devices in teaching, their effectiveness will be limited. 
Therefore, the continuous improvement of teachers in the use of digital tools is key to maximum utilization 
of the equipment. 
Adapting teaching to digital tools – In schools that are equipped with digital devices, teachers need to be 
empowered with skills to create and use digital resources such as interactive whiteboards, online platforms, 
multimedia materials, etc. Teachers with developed digital competencies can more effectively adapt their 
teaching practice and use this new equipment in an innovative way. 
The paper proves the assumption in the general hypothesis about the connection between the digitalization of 
the educational institution and the development of the competences of the teaching staff. 
 
Key words: digitalization, competence development, digital competencies, organizational culture, 
digitalization strategy, talented staff 
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APPLICATION OF ARTIFICIAL INTELLIGENCE FOR EARLY 
DETECTION AND MONITORING OF ALOPECIA THROUGH MOBILE 
HEALTH 
 

Gordana Badarovska1 
 

Abstract 
  
The integration of artificial intelligence (AI) in healthcare is increasingly transforming the way healthcare 
diagnostics are approached, offering solutions that are accessible, adaptable and user-oriented. This master’s 
thesis focuses on the analysis of a mobile application with an embedded AI system, designed to support early 
detection and monitoring of alopecia – an often neglected condition of hair loss that has significant 
psychological and social consequences. 
By applying deep learning and image processing, the application allows users to photograph parts of the 
scalp and receive automated diagnostic feedback. In addition to initial detection, the system offers the 
possibility of monitoring the condition over time, informing about treatments, and communicating with 
healthcare professionals. Such an approach represents a step towards democratizing access to dermatological 
care, especially in areas with limited health resources. 
The research covers the technological aspects of the development, as well as the evaluation of algorithms in 
recognizing visual indicators of alopecia. It also analyzes the potential impact of AI-enabled mobile solutions 
on the diagnosis and intervention of dermatological conditions. 
This paper contributes to the growing field of intelligent mobile health technologies, demonstrating how AI 
can improve access to health diagnostics and management of chronic conditions such as alopecia. 
   
Key words: artificial intelligence, mobile health, mobile applications, image pattern recognition, deep 
learning, AI-based diagnosis. 
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AI-ENABLED DIGITAL GOVERNANCE AND EDUCATION: 
EMERGING TECHNOLOGIES ADDRESSING SOCIETAL AND 
INSTITUTIONAL CHALLENGES IN THE WESTERN BALKANS 
 

Ana Sekulovska – Jovkovska1 
 
 
Abstract   
 
The rapid expansion of emerging digital technologies, particularly Artificial Intelligence (AI), big data, and 
platform-based systems, is transforming the way societies organize governance, education, and public 
services. These technologies offer powerful tools for improving institutional efficiency, citizen participation, 
and access to knowledge, but they also introduce new challenges related to data protection, algorithmic 
transparency, digital inequality, and cyber risks. In transitional and developing digital ecosystems, these 
challenges are especially pronounced, making the strategic governance of emerging technologies a critical 
priority. 
This paper explores the role of AI-enabled digital governance and AI-supported educational systems as key 
drivers of sustainable digital transformation. It examines how intelligent systems can enhance public service 
delivery, support evidence-based decision-making, and enable more adaptive, personalized, and inclusive 
learning environments. At the same time, the paper critically analyzes the risks associated with large-scale 
algorithmic decision-making, including bias, opacity, and the potential erosion of digital rights and public 
trust. 
The analysis demonstrates that AI-driven platforms can significantly improve institutional responsiveness, 
automate routine administrative processes, and strengthen early-warning systems in areas such as 
cybersecurity, online safety, and digital risk management. In education, AI technologies enable personalized 
learning pathways, real-time assessment, and adaptive content delivery, which can help reduce educational 
gaps and increase learner engagement. However, these benefits can only be realized if technological 
innovation is embedded within coherent governance frameworks that ensure accountability, ethical 
compliance, and interoperability across systems. 
The paper proposes an integrated conceptual model that connects AI-enabled governance, digital education, 
and regulatory oversight into a unified digital ecosystem. This model emphasizes the importance of ethical 
AI, institutional capacity-building, and cross-sector interoperability as foundational elements for managing 
emerging technologies responsibly. By linking technological innovation with governance and education, the 
study highlights how AI can become a strategic instrument for resilient institutions, inclusive digital 
development, and long-term societal sustainability. 
 
Keywords: Artificial Intelligence (AI); Digital Governance; Digital Transformation; Smart Public Services; 
Digital Education; Emerging Technologies; Ethical AI; Interoperability; Digital Society 
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1. CASE BACKGROUND: EDUCATIONAL CHALLENGES AND THE NEED FOR AI 

 
The case of North Macedonia is rooted in several structural educational challenges that 
have intensified the need for more adaptive and technologically supported learning 
environments. First, the education system has faced uneven levels of digital readiness 
across schools and institutions. While some higher education institutions and urban 
schools have developed stronger digital infrastructure and capacities, many settings 
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continue to experience disparities in connectivity, access to devices, teacher 
preparedness, and the effective pedagogical use of digital tools. This unevenness has 
limited the system’s ability to provide consistent and high-quality digital learning 
opportunities. 

Second, teachers in North Macedonia, as in many other educational systems, work 
under increasing pressure to modernise instruction, respond to diverse learner needs, 
prepare differentiated materials, and adapt to rapidly changing technological 
expectations. Traditional methods of lesson preparation and classroom management are 
often time-intensive, while digital transformation requires new forms of content 
development, assessment design, and learner engagement. In this context, AI offers 
potential support by reducing routine workload, assisting in content creation, and 
enabling more flexible and personalised teaching strategies. 

Third, students increasingly learn in digital environments characterised by 
information overload, diverse learning paces, and growing expectations for immediate 
feedback and individualised support. Standardised one-size-fits-all approaches are 
often insufficient, particularly in contexts where learners differ in terms of language 
competence, digital skills, socio-economic background, and prior knowledge. AI-
supported learning tools can help address these challenges by providing adaptive 
explanations, self-paced study support, automated feedback, and multilingual 
assistance. 

In the current Macedonian context, the most visible use of AI is found in higher 
education, training activities, research, and instructional support, rather than as a fully 
system-wide tool embedded across all schools. This reflects the country’s transitional 
stage between digital readiness and broader smart education integration. At the policy 
level, the topic has become increasingly visible as part of the national discussion on 
educational modernisation. In 2025, the Ministry of Education and Science publicly 
framed the introduction of AI as a next step in the digital transformation of education, 
with an emphasis on quality, efficiency, and inclusiveness. This indicates that AI is no 
longer perceived merely as a technological novelty, but as part of a strategic discourse 
on the future of education in North Macedonia. 

For these reasons, AI is increasingly perceived in North Macedonia as a practical 
and strategic response to educational modernisation. The case is therefore not one of 
fully mature system-wide AI integration, but rather of an emerging transformation in 
which AI serves as a bridge between existing digital readiness and the future 
development of smart learning environments. 
 
2. IMPLEMENTATION PROCESS: MEASURES, TECHNICAL SOLUTIONS, AND 
TIMELINE 

 
The implementation of AI in education in North Macedonia has not followed a single 
nationally centralised model. Instead, it has developed through a combination of 
institutional initiatives, teacher-led experimentation, university-based innovation, 
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training activities, and gradually increasing policy attention. This makes the 
Macedonian case particularly relevant as an example of bottom-up and semi-structured 
implementation. 

The first stage of the implementation process can be described as the digital 
readiness phase. This stage preceded explicit AI use and involved the broader 
expansion of ICT-supported teaching, digital learning platforms, online communication 
systems, and technology-enhanced instructional practices. This phase created the 
infrastructural and pedagogical conditions necessary for future AI integration. It 
included increased use of digital classrooms, remote learning tools, and e-learning 
resources, especially in the period during and after the COVID-19 pandemic. In this 
regard, AI in North Macedonia has generally been understood as a next phase 
following the development of digital competences, ICT infrastructure, STEM-oriented 
learning, and broader smart education initiatives. 

The second stage can be characterised as the exploratory AI adoption phase, most 
visible in higher education and professional practice. During this period, educators, 
researchers, and students began using generative AI tools such as ChatGPT and similar 
large language model-based systems for lesson planning, academic writing support, 
summarisation, content generation, translation, idea development, and quiz preparation. 
The type of AI technology used in this stage was primarily generative AI, particularly 
natural language processing systems capable of producing text-based educational 
outputs. In practical terms, these tools were applied as support technologies rather than 
autonomous systems. Teachers used them to generate draft teaching materials, simplify 
concepts, prepare discussion prompts, and create differentiated exercises. Students 
used them for clarification of concepts, language improvement, structuring of academic 
tasks, and self-directed learning support. 

The third stage involved teacher capacity-building and institutional guidance. In 
this phase, universities and academic actors began developing practical guidelines, 
webinars, and educational discussions on how AI could be responsibly used in teaching 
and learning. A particularly important example is the 2025 promotion of the Artificial 
Intelligence Guide, developed with the participation of Goce Delčev University. The 
guide provided practical directions for recognising and using AI tools in teaching, with 
examples from mathematics, natural sciences, languages, and social sciences, and 
included an overview of more than 70 tools. This is an important implementation 
marker because it shows that AI integration in North Macedonia is supported not only 
through use, but also through structured pedagogical guidance. 

The fourth stage can be identified as the smart education integration phase, 
which remains ongoing. In this stage, AI is increasingly framed not only as a classroom 
tool, but as part of a broader vision of smart learning environments. This includes 
connecting AI with digital literacy, robotics, STEM education, educational innovation, 
inclusion, adaptive learning, and future policy frameworks. University-level initiatives 
further illustrate this trend. At Ss. Cyril and Methodius University in Skopje, activities 
such as RoboMac 2025 have demonstrated the growing visibility of AI in robotics, 
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automation, electronics, and student-centred innovation. This shows that AI in North 
Macedonia is not only used as a support tool for teaching, but is also increasingly 
present as a field of academic engagement, practical experimentation, and innovation 
culture. 

A realistic implementation timeline for this case can therefore be presented in four 
steps: 

1. Digital readiness and platform expansion – development of digital 
infrastructure and online teaching practices;  

2. Exploratory adoption of generative AI tools – teacher and student use of AI 
for practical instructional and learning support;  

3. Guidance and training activities – development of professional support, 
webinars, guides, and responsible-use discussions;  

4. Toward smart learning environments – integration of AI into broader 
educational transformation strategies, institutional innovation, and policy 
discourse.  

This implementation model is significant because it reflects the actual pathways 
through which AI tends to enter smaller and reforming education systems: not through 
immediate full-system replacement, but through layered adoption, institutional 
learning, and gradual normalisation. 
 
3. INNOVATION HIGHLIGHTS: WHAT MAKES THE CASE DISTINCTIVE 
 
The North Macedonian case is innovative not because it already represents a fully 
formalised national AI-in-education system, but because it demonstrates how AI can be 
integrated meaningfully in a context of gradual transformation, limited resources, and 
uneven institutional capacity. Several innovation highlights distinguish this case from 
more standard technology-adoption narratives. 

The first innovation lies in the fact that AI use in North Macedonia is strongly 
connected to pedagogical support rather than automation for its own sake. The most 
visible applications are not based on replacing teachers, but on helping them design 
better materials, prepare more flexible content, and respond more effectively to learner 
diversity. In this sense, the Macedonian case reflects a human-centred model of AI use. 

The second innovation is the linking of AI adoption with the broader concept of 
smart education. Rather than treating AI as an isolated digital novelty, institutions and 
practitioners increasingly connect it with digital readiness, educational modernisation, 
teacher development, STEM innovation, and future learning environments. This 
integrative logic makes the case conceptually stronger than many fragmented AI pilots. 

The third innovation concerns the role of generative AI as an accessible entry point. 
In a context where advanced institutional AI systems may be financially or technically 
difficult to deploy, the use of readily available generative tools has allowed educators 
and students to experiment with AI in low-cost and flexible ways. This makes the case 
particularly relevant for small states and transitional education systems. 
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The fourth innovation is the growing incorporation of ethical and governance-
oriented thinking into the discussion. The Macedonian case increasingly recognises 
that AI in education must be developed in line with transparency, accountability, 
privacy, fairness, and learner protection. The relevance of principles associated with 
the EU AI Act and the Digital Services Act is especially important here, because it 
frames educational AI not merely as an instructional issue, but as part of responsible 
digital governance. 

The fifth innovation lies in the way AI is being integrated simultaneously in 
teaching practice, teacher training, university research, and student innovation 
ecosystems. This is visible in the coexistence of classroom-oriented generative AI use, 
institutional guides such as the Artificial Intelligence Guide, academic discussion on AI 
pedagogy, and university-based innovation activities such as RoboMac 2025. This 
combination gives the Macedonian case a broader ecosystem dimension. 

The sixth innovation concerns the growing body of local academic reflection on AI. 
In North Macedonia, AI is not only used as a tool, but is also becoming a subject of 
scholarly analysis. Macedonian academic work has already addressed the use of 
ChatGPT by students, AI-related learning practices, AI in English language teaching, 
and AI in robotics, cybersecurity, and computer science. This dual role of AI—as both 
educational instrument and object of research—strengthens the maturity of the case. 

Effectiveness Proof: Evidence, Emerging Outcomes, and User Value 
Because AI in education in North Macedonia is still in an emerging and partly 

decentralised phase, the available evidence is stronger in terms of practical value, 
institutional visibility, academic uptake, and user-oriented functionality than in terms 
of large-scale national performance metrics. Nevertheless, several types of evidence 
support the view that the case has generated meaningful effects. 

First, the continued and expanding use of generative AI tools by teachers and 
students indicates practical usefulness. Educators use AI for preparing teaching 
materials, formative tasks, summaries, prompts, translation support, and differentiated 
content, suggesting that these tools are seen as efficient and relevant to instructional 
work. Students use AI for self-study, revision, clarification, language support, and 
academic structuring, which points to perceived usefulness in daily learning practice. 

Second, university-level studies and academic reflections from North Macedonia on 
ChatGPT use among students provide an initial evidence base that AI has already 
become part of the educational experience, particularly in higher education. While 
these studies do not yet constitute a unified national assessment framework, they 
demonstrate that AI use is sufficiently established to be observed, studied, and 
critically evaluated within the local academic context. 

Third, the promotion of the Artificial Intelligence Guide developed with the 
participation of Goce Delčev University in 2025 serves as concrete institutional 
evidence of implementation. A guide of this kind does not merely reflect interest in AI; 
it represents an organised effort to support practical adoption in teaching through 
structured recommendations, disciplinary examples, and tool mapping. Similarly, 
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webinars and other educational activities dedicated to AI in the Macedonian context 
indicate that the issue has moved from informal experimentation toward more visible 
educational engagement. 

Fourth, university-level activities such as RoboMac 2025 at Ss. Cyril and 
Methodius University in Skopje demonstrate that AI is present not only as a teaching 
aid, but also as a field of student innovation, robotics, automation, and applied 
academic engagement. This matters because it expands the case beyond classroom 
support and shows that AI contributes to institutional innovation culture and future-
oriented competencies. 

Fifth, from a qualitative perspective, the main implementation effects can be 
summarised as follows: 

 improved efficiency in lesson preparation and educational content 
development;  

 expanded opportunities for student self-directed learning;  

 stronger awareness of AI literacy and responsible-use issues;  

 increased institutional openness toward smart education models;  

 broader academic and public discussion of ethical and governance questions 
in educational technology.  

At the current stage, the case would benefit from more systematic empirical 
tracking, including teacher satisfaction scores, comparative learning outcome data, 
institutional adoption rates, or student feedback surveys. However, even in the absence 
of full national metrics, the existing evidence supports the conclusion that AI is already 
generating observable functional benefits in the Macedonian educational context. 

Promotion Plan: Feasibility, Transferability, and Scaling Potential 
The Macedonian case has strong potential for promotion to other institutions and 

regions, precisely because it is based on scalable, relatively low-cost, and 
pedagogically accessible forms of AI use. Its promotion feasibility is high if supported 
by guidance, training, and institutional coordination. 

One possible promotion path is horizontal scaling across educational institutions 
within North Macedonia. Universities, secondary schools, teacher-training institutions, 
and vocational education settings could adopt structured AI-support models focused on 
lesson preparation, learning support, formative assessment, and responsible AI use. 
This would require the development of national or institutional guidance documents, 
teacher training modules, and examples of good practice. The experience already 
developed through higher education and academic initiatives can serve as a foundation 
for broader transfer. 

A second path is regional adaptation across the Western Balkans. Many 
neighbouring education systems face similar conditions: uneven digital readiness, 
constrained institutional resources, growing interest in smart education, and pressure to 
align with European digital governance frameworks. Because the Macedonian case is 
not based on expensive or highly centralised infrastructure, it is relatively transferable 
to comparable settings. Adaptation suggestions would include contextualising language 
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support, aligning with local curricula, and building governance principles into 
implementation from the outset. 

A third promotion path is integration through teacher professional development 
programmes. AI can be mainstreamed not only through technology procurement, but 
through educator training. If teachers are equipped to use generative AI critically and 
ethically, adoption can expand more organically and sustainably across institutions. In 
the Macedonian case, the importance of guides, webinars, and practice-oriented 
support already demonstrates the feasibility of this pathway. 

A fourth path concerns policy-driven promotion. Ministries and educational 
authorities could use the Macedonian case as a basis for drafting broader national 
recommendations on AI in education, covering issues such as AI literacy, transparency, 
human oversight, privacy, non-discrimination, and child protection. This is where 
alignment with European norms becomes especially important. The 2025 European 
Commission report on North Macedonia highlighted the need for further alignment 
with the EU AI Act and the establishment of relevant implementation structures. This 
suggests that promotion of AI in education should proceed not only through innovation 
discourse, but also through ethics, data protection, and regulatory preparedness. 

The expected promotion effects include greater teacher efficiency, stronger student 
support, better institutional preparedness for smart education transition, more 
responsible and ethically aware use of educational AI, and improved regional 
cooperation around AI in education practices. The feasibility of promotion is 
strengthened by the fact that the case does not depend on a single proprietary platform 
or a large-scale technical overhaul. Instead, it can be replicated through phased 
introduction, training support, ethical guidance, and adaptation to local educational 
conditions. 

 
CONCLUSION 

 
North Macedonia offers an illustrative and evolving case of how artificial intelligence 
can be introduced into education through gradual, practice-based, and context-sensitive 
processes. The experience so far shows that AI in the Macedonian educational context 
has been used primarily in higher education, training, research, instructional support, 
and student learning assistance, rather than as a fully institutionalised or system-wide 
tool embedded across all schools. This is an important characteristic of the Macedonian 
case, as it demonstrates a human-centred approach in which AI complements rather 
than replaces the role of teachers and educational institutions. 

The Macedonian experience also indicates that AI adoption in education is most 
effective when it builds on existing digital readiness and when it is linked to broader 
goals of smart education, inclusion, innovation, and pedagogical flexibility. Current 
practice shows growing use of generative AI tools for lesson preparation, summaries, 
translation, quiz generation, academic writing support, and personalised learning 
assistance. It also reveals the importance of supporting structures such as the Artificial 
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Intelligence Guide, university-based innovation activities, academic research on AI 
use, and broader public and institutional discussion. At the same time, the case reveals 
important limitations, including uneven institutional capacity, differences in teacher 
preparedness, the absence of fully standardised implementation models, and the need 
for clearer ethical and regulatory guidance. 

These experiences suggest that the transition toward smart learning environments in 
North Macedonia cannot be reduced to access to technology alone. It must also include 
AI literacy, human oversight, transparency, data protection, learner protection, and 
institutional responsibility. The growing relevance of the EU AI Act and the broader 
European digital governance agenda reinforces the need for North Macedonia to 
approach educational AI not only as a matter of innovation, but also as a matter of 
trust, rights, and accountability. 

Although the use of AI in education in North Macedonia is still developing, the 
experience to date provides valuable lessons. It suggests that meaningful 
implementation can begin with accessible generative AI tools, practical teacher 
support, and institution-led experimentation, but that long-term success depends on 
strategic coordination and evidence-based governance. In this respect, North 
Macedonia represents a relevant example of how a small and reform-oriented 
education system can approach AI-driven educational transformation gradually, 
critically, and in alignment with both educational goals and emerging European 
standards for trustworthy and responsible AI use. 
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Abstract 
In contemporary organizations, information systems represent essential mechanisms for collecting, 
processing, storing, distributing, and using information in support of organizational activities. However, their 
effectiveness does not depend only on technological infrastructure, software solutions, or database capacity, 
but also on the way information processes are organized and managed. This paper examines information 
process management as a basis for the effective functioning of organizational information systems. The main 
objective is to analyze how structured information processes contribute to information quality, knowledge 
creation, decision-making, coordination, and organizational efficiency. The paper applies a theoretical and 
conceptual approach based on recent literature from the fields of information sciences, organizational 
information systems, data governance, digital transformation, and knowledge management. The analysis 
shows that organizational information systems are effective when information processes are clearly defined, 
controlled, and aligned with organizational goals. Poorly managed information processes may lead to 
inaccurate information, delays, duplication of activities, weak communication, and ineffective decision-
making. In contrast, well-managed information processes improve information quality, support knowledge 
sharing, strengthen organizational learning, and increase the reliability of managerial decisions. The paper 
concludes that information process management should be understood as a central element of contemporary 
organizational information systems and as an important research area within information sciences. 

 
Keywords: information processes; information process management; organizational information systems; 
information sciences; information quality; data governance; knowledge management; decision-making. 
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INTRODUCTION 
 
In the contemporary digital environment, information has become one of the most 
important resources for organizations. Modern organizations operate in conditions of 
rapid technological development, intensive communication, complex data flows, and 
increasing uncertainty in decision-making. In such conditions, organizational 
information systems play a crucial role in supporting managerial, operational, 
administrative, and strategic activities. However, information systems cannot be 
understood only as technological platforms. Their real value depends on the way 
information is created, processed, organized, stored, distributed, interpreted, and 
used.For this reason, the management of information processes has become an 
important issue within the field of information sciences. Information processes 
represent the logical and organizational sequence through which data are transformed 
into useful information and later into knowledge that supports organizational action.  

Organizational information systems are effective only when information processes 
are properly managed. If information is collected without clear criteria, processed 
without standards, stored without structure, or distributed without relevance, the 

                                                             
1 Flamur Miftari, Ph.D., University of Library Studies and Information Technologies 
(UNIBIT), Sofia, Bulgaria, and Gorgi Kakasevski, Ph.D., Faculty of Informatics, 
AUE-FON University, Skopje, North Macedonia. 



375 
 

organization may face serious problems. These problems may include inaccurate 
reporting, weak coordination, slow decision-making, duplication of work, poor 
communication, and reduced trust in information systems.Therefore, the management 
of information processes is a fundamental condition for the effective functioning of 
organizational information systems. The concept of information process management is 
closely related to information quality, knowledge management, data governance, and 
decision-making. Information processes must ensure that information is accurate, 
timely, relevant, complete, accessible, consistent, and reliable. When these conditions 
are fulfilled, information systems can support knowledge creation, organizational 
learning, innovation, and strategic development. In contrast, poorly managed 
information processes can weaken the entire information system, regardless of the 
technological quality of the software or hardware.The main purpose of this paper is to 
analyze the role of information process management in the effective functioning of 
organizational information systems.  

The paper focuses on the relationship between information processes, information 
quality, knowledge management, and decision-making. Special attention is given to the 
organizational dimension of information systems, because information systems are not 
only technical instruments, but also socio-technical structures that include people, 
processes, technologies, rules, responsibilities, and managerial practices.This topic is 
particularly relevant for information sciences because the field studies not only 
information technologies, but also the organization, processing, communication, 
interpretation, and use of information. From this perspective, the management of 
information processes represents a core research area within information sciences. It 
connects technological systems with organizational behavior, knowledge creation, and 
decision-making.In addition, digital transformation has increased the importance of 
information process management.  

Organizations today use enterprise systems, cloud platforms, databases, artificial 
intelligence, digital communication tools, and automated processes. These technologies 
generate large amounts of data, but data alone do not create organizational value. Value 
is created when data are properly processed, transformed into quality information, 
shared among users, and applied in organizational decisions. Therefore, contemporary 
organizations must pay attention not only to the implementation of information 
systems, but also to the management of the information processes that operate within 
those systems.The effectiveness of an organizational information system depends on 
the interaction between technology, information quality, users, organizational structure, 
data governance, knowledge management, and managerial decision-making. 
Accordingly, this paper argues that management of information processes is a 
necessary foundation for the effective functioning of organizational information 
systems. Without clearly defined and well-managed information processes, 
organizations cannot fully benefit from their information systems. On the other hand, 
when information processes are effectively managed, information systems become 
powerful mechanisms for improving coordination, communication, learning, 
knowledge sharing, and strategic decision-making. 

 
1. LITERATURE REVIEW 
 
Recent literature shows that organizational information systems should not be 
understood only as technical tools, but as complex socio-technical systems that connect 
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technology, people, data, processes, rules, and decision-making practices. Their 
effectiveness depends not only on software, hardware, and database capacity, but also 
on information quality, data governance, knowledge management, digital 
transformation, and the ability of organizations to transform information into value.A 
useful theoretical basis for understanding information system effectiveness is the 
updated information systems success model developed by DeLone and McLean (2003). 
According to this model, the success of an information system depends on system 
quality, information quality, service quality, use, user satisfaction, and net benefits. 
This is important for the present paper because it shows that information systems 
cannot be evaluated only through technical performance. A system may be technically 
advanced, but if it does not provide accurate, relevant, timely, and useful information, 
its organizational value is limited. Therefore, information quality and information 
process management are central conditions for the effective functioning of 
organizational information systems.Information quality is closely connected with 
information processes. Wang and Strong (1996) argue that data quality should be 
understood from the perspective of data consumers.  

This means that information is valuable not only when it is technically correct, but 
also when it is useful, understandable, accessible, relevant, and appropriate for users’ 
needs. In organizational information systems, this depends on the way data are 
collected, validated, classified, stored, distributed, interpreted, and used. If these 
processes are not managed properly, information may become inaccurate, incomplete, 
duplicated, delayed, or difficult to access. Such problems reduce trust in information 
systems and weaken decision-making. On the other hand, well-managed information 
processes improve information quality and support planning, coordination, 
communication, and managerial decisions.Data governance is another important 
concept related to information process management. Abraham, Schneider, and vom 
Brocke (2019) explain that data governance defines decision rights, responsibilities, 
rules, and control mechanisms for managing data as an organizational resource.  

Data governance is important because it determines who is responsible for data, 
how data should be processed, who can access information, and how information 
quality should be monitored. Without governance, information processes may become 
fragmented, inconsistent, and unreliable. Bližnák, Munk, and Pilková (2024) also 
emphasize that data governance has become increasingly important because 
organizations depend on large volumes of data, digital platforms, analytics, and 
automated systems. This confirms that information process management must be 
supported by clear rules, standards, responsibilities, and control mechanisms.Digital 
transformation has further increased the importance of information process 
management. Vial (2019) explains that digital transformation involves significant 
organizational changes caused by digital technologies. It does not refer only to the 
implementation of new systems, but also to changes in organizational processes, 
structures, strategies, and value creation. Verhoef et al. (2021) distinguish between 
digitization, digitalization, and digital transformation. This distinction is important 
because it shows that the use of digital technologies does not automatically create 
organizational value. Value is created when digital technologies are supported by well-
managed information flows, reliable data, effective governance, and knowledge-based 
decision-making. 

Knowledge management and artificial intelligence are also strongly connected with 
information processes. Leoni, Gueli, Ardolino, Panizzon, and Gupta (2024) show that 
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artificial intelligence can support knowledge identification, creation, storage, sharing, 
and application. However, AI systems depend on accurate, consistent, relevant, and 
well-structured information. If information processes are weak, AI-supported decisions 
may become unreliable. Therefore, artificial intelligence does not reduce the 
importance of information process management. On the contrary, it increases the need 
for strong information quality, data governance, and controlled information 
flows.Based on the reviewed literature, it can be concluded that information process 
management is a central condition for the effectiveness of organizational information 
systems. DeLone and McLean (2003) emphasize the importance of information quality 
and organizational benefits, Wang and Strong (1996) explain the user-oriented nature 
of data quality, Abraham et al. (2019) and Bližnák et al. (2024) highlight the role of 
data governance, Vial (2019) and Verhoef et al. (2021) connect digital transformation 
with organizational change, while Leoni et al. (2024) show the importance of 
structured information for knowledge management and AI-supported decision-making. 
Together, these studies support the main argument of this paper: organizational 
information systems are effective when information processes are clearly structured, 
governed, and aligned with organizational goals. 
 
2. METHODOLOGY 
 
This paper is based on a qualitative, theoretical, and conceptual research approach. The 
main purpose of the methodology is to analyze the role of information process 
management in the effective functioning of organizational information systems. Since 
the paper focuses on conceptual relationships rather than statistical measurement, it 
does not use primary empirical data, surveys, interviews, or quantitative testing. 
Instead, it relies on secondary academic literature, foundational theoretical studies, 
systematic literature reviews, and recent scientific studies. 
 
2.1. Research Design 
 
The research design of this paper is conceptual and analytical. This design is 
appropriate because the paper aims to explain the relationship between information 
process management and organizational information systems. The paper does not 
analyze one specific organization or one specific software system. Instead, it examines 
the broader theoretical and practical connection between information processes, 
information quality, knowledge management, data governance, digital transformation, 
and decision-making. The conceptual design is suitable for research in information 
sciences because the field often studies not only technical systems, but also the 
organization, communication, interpretation, and use of information. This approach 
allows the paper to identify key concepts, compare relevant literature, and explain how 
information processes contribute to the effectiveness of organizational information 
systems. 
 
2.2. Research Approach 
 
The paper applies a qualitative research approach. Qualitative research is useful for 
understanding complex organizational and informational phenomena because it allows 
deeper interpretation of concepts, relationships, and processes. In this paper, the 
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qualitative approach is used to analyze how information processes influence the 
functioning of organizational information systems. 

The analysis focuses on several key dimensions: 
 management of information processes; 
 information quality in organizational information systems; 
 data governance and control of information flows; 
 knowledge creation and knowledge sharing; 
 decision-making based on structured information; 
 socio-technical nature of contemporary information systems. 

 
2.3. Data Collection Method 
 
The paper uses secondary data collected from academic articles, systematic literature 
reviews, conceptual studies, and scientific publications in the fields of information 
systems, information sciences, digital transformation, data governance, information 
quality, and knowledge management. The literature review was based on relevant 
academic sources identified through scientific databases and research platforms, 
including Scopus, Web of Science, Google Scholar, and ScienceDirect.The literature 
includes both foundational and recent scientific sources. Foundational studies were 
used to define key theoretical concepts and models, while recent studies published 
mainly between 2019 and 2025 were used to reflect contemporary scientific 
discussions. 

The selected literature includes studies that discuss: 
 information process management; 
 information quality and data quality; 
 organizational information systems; 
 data governance; 
 knowledge management; 
 digital transformation; 
 artificial intelligence and knowledge processes; 
 decision-making in digital organizations. 

 
2.4. Criteria for Literature Selection 
 
The literature was selected according to several criteria. First, the sources had to be 
directly related to information systems, information processes, data governance, 
knowledge management, or digital transformation. Second, priority was given to peer-
reviewed journal articles, systematic literature reviews, and academic publications. 
Third, the literature selection included both foundational and recent studies. 
Foundational studies were included when they provided important theoretical models, 
while recent studies published mainly between 2019 and 2025 were used to present 
contemporary developments in the field. 

The inclusion criteria were: 
 foundational studies relevant to information systems, information quality, or 

data governance; 
 recent studies published mainly between 2019 and 2025; 
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 studies related to information systems, information processes, information 
quality, data governance, knowledge management, or digital transformation; 

 academic articles, systematic reviews, and conceptual studies; 
 sources written in English; 
 studies that provide theoretical or practical insight into organizational 

information systems. 
The exclusion criteria were: 
 sources not directly related to information systems or information processes; 
 non-academic or non-scientific materials; 
 outdated sources without theoretical relevance; 
 publications focused only on technical programming without connection to 

organizational information systems. 
 
2.5. Method of Analysis 
 
The collected literature was analyzed through thematic analysis. Thematic analysis was 
used to identify the main themes related to the management of information processes 
and organizational information systems. This method enables the researcher to organize 
the literature into meaningful categories and interpret the relationship between key 
concepts.This literature-based analytical approach is consistent with Snyder (2019), 
who emphasizes that literature review methodology is suitable for identifying, 
synthesizing, and interpreting existing knowledge in a research field. 

The analysis focused on the following themes: 
1. Information Processes in Organizational Information Systems 

This theme includes data collection, processing, classification, storage, 
distribution, interpretation, and use. 

2. Information Quality and System Effectiveness 
This theme includes accuracy, completeness, timeliness, relevance, 
accessibility, consistency, and reliability. 

3. Data Governance and Control Mechanisms 
This theme focuses on rules, responsibilities, data ownership, standards, 
access control, and quality monitoring. 

4. Knowledge Management and Organizational Learning 
This theme includes knowledge creation, storage, sharing, transfer, and 
application. 

5. Decision-Making and Organizational Value 
This theme analyzes how managed information processes support planning, 
coordination, control, innovation, and strategic development. 

 
2.6. Scope of the Study 
 
The scope of this paper is limited to the theoretical and conceptual analysis of 
information process management in organizational information systems. The paper 
does not focus on a specific industry, country, or institution. Instead, it examines the 
general importance of information process management for modern organizations 
operating in digital environments. The study is positioned within the field of 
information sciences, with special emphasis on information processes, organizational 
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information systems, information quality, knowledge management, and decision-
making. 
 
2.7. Limitations of the Methodology 
 
Since this paper is theoretical and conceptual, it does not include primary empirical 
field research. Therefore, the conclusions are based on interpretation and synthesis of 
existing literature rather than direct measurement of organizational practices. This may 
limit the possibility of making specific claims about individual organizations. 
However, the theoretical approach is appropriate because it provides a broad 
understanding of the relationship between information process management and the 
effective functioning of organizational information systems. It also creates a foundation 
for future empirical research. 
 
2.8. Methodological Justification 
 
The selected methodology is appropriate because the main objective of this paper is to 
explain a conceptual relationship rather than measure a specific variable statistically. A 
theoretical and literature-based methodology allows the paper to connect foundational 
models with recent scientific findings, identify key research trends, and develop a clear 
academic argument. By using relevant literature, scientific databases, research 
platforms, and thematic analysis, the paper provides a structured understanding of how 
the management of information processes supports the effective functioning of 
organizational information systems. 
 
3. ANALYSIS OF SECONDARY EMPIRICAL AND FOUNDATIONAL STUDIES 
 
Although this paper does not include primary empirical research, it uses secondary 
empirical findings, systematic reviews, conceptual studies, and foundational theoretical 
models. These studies are related to information systems, information quality, data 
governance, digital transformation, knowledge management, and artificial intelligence. 
The purpose of this section is to analyze how selected foundational and recent studies 
explain the role of information process management in organizational information 
systems.The reviewed literature shows that organizations increasingly depend on 
structured information processes in order to ensure information quality, support 
knowledge creation, improve decision-making, and strengthen organizational learning. 
In this context, information process management is not only a technical issue, but also 
an organizational condition for the effective functioning of contemporary information 
systems. 
 
3.1. Analytical Basis of the Selected Studies 
 
The analysis is based on selected foundational and recent studies. Foundational studies 
were included because they provide important theoretical models for information 
system success and information quality. Recent studies, mainly published between 
2019 and 2025, were selected because they focus on data governance, digital 
transformation, knowledge management, artificial intelligence, and organizational 
decision-making.The reviewed studies support the main argument of this paper: 
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organizational information systems are effective when information processes are 
clearly structured, governed, and aligned with organizational goals. 
 

Table 1. Selected Foundational and Recent Studies Related to Information Process Management 
and Organizational Information Systems 

Author(s) 
and year 

Type of study Research focus Main contribution to this paper 

DeLone 
and 
McLean 
(2003) 

Foundational 
theoretical 
model 

Information 
systems 
success model 

Provides a strong theoretical basis for evaluating 
information system effectiveness through system 
quality, information quality, service quality, use, user 
satisfaction, and net benefits. 

Wang and 
Strong 
(1996) 

Foundational 
empirical/con
ceptual study 

Data quality and 
information 
quality 
dimensions 

Explains that data quality should be understood from 
the perspective of information users, not only from 
technical accuracy. 

Abraham, 
Schneider, 
and vom 
Brocke 
(2019) 

Structured 
literature 
review / 
conceptual 
framework 

Data 
governance 
framework 

Offers a structured framework for data governance, 
including authority, control, value creation, cost 
reduction, and risk reduction in data management. 

Bližnák, 
Munk, and 
Pilková 
(2024) 

Systematic 
literature 
review 

Recent data 
governance 
literature 

Provides a recent overview of data governance 
research from 2017 to 2023 and strengthens the 
contemporary relevance of governance in information 
process management. 

Vial (2019) 

Literature 
review / 
research 
agenda 

Digital 
transformation 
research 
agenda 

Explains digital transformation as a process where 
digital technologies create organizational disruption 
and require strategic responses, structural change, 
and management of organizational barriers. 

Verhoef et 
al. (2021) 

Multidisciplina
ry review 

Digital 
transformation 

Distinguishes between digitization, digitalization, and 
digital transformation, and explains the capabilities 
organizations need for successful digital 
transformation. 

Leoni et al. 
(2024) 

Empirical 
study 

AI-empowered 
knowledge 
management 
and decision-
making 

Directly connects artificial intelligence, knowledge 
management processes, and organizational decision-
making. 

Source: Author’s synthesis based on the reviewed literature. 

 
3.2. Information Processes and Information Quality 
 
The reviewed studies confirm that information quality depends on the proper 
management of information processes. Information quality is not achieved 
automatically by implementing information systems. It requires organized processes 
for collecting, validating, classifying, storing, distributing, and interpreting 
information. When information processes are not managed properly, organizations may 
experience errors, delays, duplicated information, inconsistent reports, and weak 
decision-making. On the other hand, structured information processes improve the 
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accuracy, completeness, timeliness, relevance, accessibility, consistency, and reliability 
of information.Recent studies also confirm that information quality has become 
increasingly important in digital transformation. Struijk et al. (2023) emphasize the role 
of information quality strategy in digital environments, while Wang, Wu, and Wang 
(2025) show that data quality supports digital transformation and organizational 
decision-making. 
 

Table 2. Information Processes and Their Contribution to Information System Effectiveness 

Information 
process 

Description Contribution to system effectiveness 

Data collection Gathering data from internal and 
external sources 

Provides the basic input for 
information systems 

Data 
validation 

Checking accuracy, consistency, and 
reliability 

Reduces errors and improves trust 
in information 

Classification 
Organizing information into 
categories 

Improves access, interpretation, and 
reporting 

Storage 
Keeping information in databases or 
repositories 

Preserves organizational memory 

Distribution 
Delivering information to relevant 
users 

Supports communication and 
coordination 

Interpretation Giving meaning to information Supports knowledge creation 

Use 
Applying information in decisions and 
actions 

Creates organizational value 

Source: Author’s conceptual synthesis. 

 
3.3. Data Governance and Control of Information Processes 
 
Data governance is a central condition for effective information process management. 
It defines who is responsible for data, how information should be processed, how 
access should be controlled, and how information quality should be monitored. Without 
data governance, organizations may collect large amounts of data but fail to transform 
them into useful information. Data may become fragmented, inconsistent, duplicated, 
or unreliable. This weakens the functioning of organizational information systems.The 
analysis shows that data governance supports organizational information systems by 
creating rules, responsibilities, standards, and control mechanisms. These elements 
ensure that information processes are not random, but structured and aligned with 
organizational goals. In this sense, data governance connects technical information 
infrastructure with organizational responsibility. It provides the framework through 
which information processes can be controlled, improved, and used for decision-
making.This is also supported by Bernardo et al. (2024), who emphasize that data 
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governance and quality management are essential for accountability, control, and 
organizational value creation. 
 
3.4. Knowledge Management and Organizational Learning 
 
The management of information processes is closely connected with knowledge 
management. Information becomes organizationally valuable only when it is 
interpreted, shared, stored, transferred, and applied. In this sense, information processes 
create the foundation for knowledge management.Organizational information systems 
support knowledge management by providing databases, digital repositories, 
communication tools, analytical mechanisms, and decision-support functions. 
However, technology alone is not sufficient. Knowledge management also depends on 
organizational culture, user trust, managerial support, and communication between 
departments.When information processes are effectively managed, organizations can 
create reliable knowledge, improve learning, reduce uncertainty, and support 
innovation. When information processes are weak, knowledge management becomes 
fragmented and unreliable. De Bem Machado et al. (2022) and Hafeez et al. (2025) 
show that knowledge management is closely connected with digital transformation, 
organizational learning, and the ability of organizations to use information for 
innovation and decision-making. 
 
3.5. Digital Transformation and Decision-Making 
 
Digital transformation increases the importance of information process management. 
Organizations today use digital platforms, artificial intelligence, cloud systems, 
enterprise systems, and automated processes. These technologies generate large 
volumes of data, but the value of data depends on how they are processed, interpreted, 
and used.The reviewed literature shows that digital transformation is successful when 
organizations are able to transform data into quality information and then into 
knowledge. This process requires well-managed information flows, clear governance 
structures, and information systems that support decision-making. Knowledge-based 
decision-making depends on reliable information processes. Managers need accurate, 
timely, relevant, and complete information in order to evaluate alternatives, understand 
risks, identify opportunities, and make strategic decisions.Dhingra and Jaiswal (2025) 
also emphasize that digital transformation depends on the interaction between 
technology, people, processes, and organizational context. 
 
3.6. Analytical Interpretation 
 
The analysis of selected foundational and recent studies confirms several important 
points. First, information process management is a central factor in the effective 
functioning of organizational information systems. Second, information quality 
depends on structured and controlled information processes. Third, data governance 
supports the reliability of information processes. Fourth, knowledge management 
depends on the ability of information systems to transform information into 
organizational knowledge.The findings also show that organizational information 
systems should be understood as socio-technical systems. Their effectiveness depends 
not only on software and hardware, but also on users, processes, rules, responsibilities, 
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organizational culture, and managerial practices. These findings provide the basis for 
further discussion on how information quality, information process management, 
knowledge management, and decision-making are connected within contemporary 
organizational information systems. 
 
3.7. Summary of the Analysis 
 
Based on the reviewed foundational and recent literature, organizational information 
systems have several important functions in relation to information process 
management: 

1. they collect and process organizational data; 
2. they transform data into useful information; 
3. they support knowledge creation and knowledge sharing; 
4. they improve communication and coordination; 
5. they support decision-making and organizational learning. 

The analysis confirms that the management of information processes is essential for 
the effective functioning of organizational information systems. It also shows that 
information systems create organizational value only when information processes are 
properly structured, governed, interpreted, and connected with knowledge-based 
decision-making. 
 
4. FINDINGS AND DISCUSSION 
 
The analysis of recent literature, foundational theoretical models, and secondary 
empirical studies shows that the management of information processes is strongly 
connected with the effectiveness of organizational information systems. The findings 
confirm that information systems cannot be evaluated only through technical 
infrastructure, software performance, or database capacity. Their real organizational 
value depends on how information processes are organized, governed, controlled, and 
used in organizational practice. 
 
4.1. Main Findings 
 
The first important finding is that the management of information processes represents 
a fundamental condition for the effective functioning of organizational information 
systems. Information systems are effective when information processes are clearly 
defined, structured, controlled, and aligned with organizational goals.The second 
finding is that information quality depends on the proper management of information 
processes. Accuracy, completeness, timeliness, relevance, accessibility, consistency, 
and reliability are not only technical characteristics of data. They are also the result of 
organized information processes.The third finding is that data governance has a 
significant role in controlling information processes. Governance defines standards, 
responsibilities, access rights, quality control procedures, and accountability 
mechanisms. Without governance, information processes may become fragmented, 
inconsistent, and unreliable.The fourth finding is that knowledge management depends 
on structured information processes. Organizations cannot create reliable knowledge if 
the information available in the system is inaccurate, incomplete, outdated, 
inaccessible, or poorly organized.The fifth finding is that digital transformation 



385 
 

increases the need for stronger information process management. As organizations 
generate more data through digital systems, cloud platforms, artificial intelligence, and 
automated processes, they need better mechanisms for processing, validating, 
interpreting, and using information.These findings answer the research problem of the 
paper in three ways. First, they show that information process management directly 
influences the effectiveness of organizational information systems. Second, they 
confirm that information quality, governance, and knowledge management depend on 
structured information processes. Third, they show that organizational information 
systems create value only when technical infrastructure is combined with clear 
information flows, user participation, governance mechanisms, and managerial support. 
 
4.2. Discussion of the Findings 
 
The findings of this paper confirm that information process management is not only a 
technical issue, but also an organizational and strategic issue. Many organizations 
invest in information systems, but they do not always manage information processes 
effectively. As a result, they may have advanced digital tools but still face problems 
with information quality, communication, coordination, and decision-
making.Information processes represent the bridge between technology and 
organizational value. Technology provides the infrastructure, but information processes 
determine how data are transformed into information and how information is 
transformed into knowledge. Therefore, the success of organizational information 
systems depends on the quality and management of information processes.The findings 
also show that information systems should be understood as socio-technical systems. 
This means that their effectiveness depends on the interaction between technology, 
users, information flows, organizational structure, governance mechanisms, and 
managerial practices. A technically advanced system may still be ineffective if 
information processes are not clear, if information quality is weak, or if users do not 
trust the information provided by the system. 
 
4.3. Relationship Between Information Processes and Organizational Information 
Systems 
 
The relationship between information processes and organizational information 
systems can be explained as a continuous organizational cycle. Data are first collected 
from internal and external sources. Then, information processes organize, validate, 
classify, store, distribute, and interpret these data. When these processes are properly 
managed, they create high-quality information. High-quality information then supports 
knowledge management, decision-making, and organizational value. 
 

Data → Information Processes → Information Quality → Knowledge Management → 
Decision-Making → Organizational Value 

Figure 1. Conceptual Relationship Between Information Processes and Organizational 
Information Systems 

 
The model shows that organizational information systems create value only when 

data pass through properly managed information processes. These processes ensure that 
data are transformed into useful and reliable information. Information quality then 
supports knowledge management, while knowledge management supports decision-
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making, learning, coordination, and organizational development.This relationship 
confirms that information processes are not secondary elements of information 
systems. They are central mechanisms through which organizational information 
systems become useful for management and decision-making. 
 
4.4. Implications for Organizational Information Systems 
 
The findings have several important implications for organizational information 
systems. First, organizations should evaluate information systems not only according to 
technical indicators, but also according to the quality of information processes. Second, 
organizations should define clear rules for collecting, processing, storing, distributing, 
and using information. Third, data governance should become an integral part of 
information system management. Fourth, employees should be trained to understand, 
interpret, and use information properly. 

This means that organizational information systems must include: 
 clear information flows; 
 data validation procedures; 
 classification and storage standards; 
 access control mechanisms; 
 information quality monitoring; 
 knowledge sharing practices; 
 user training and managerial support. 

Without these elements, organizations may collect large amounts of data but fail to 
transform them into useful knowledge. Therefore, the effectiveness of organizational 
information systems depends not only on digital infrastructure, but also on the 
organization and management of information processes. 
 
4.5. Scientific Relevance for Information Sciences 
 
The discussion confirms the relevance of this topic within information sciences. 
Information sciences do not study only computers, software, or technical infrastructure. 
They also study the organization, processing, communication, interpretation, and use of 
information.The management of information processes is therefore a central topic 
within information sciences, especially when analyzed in relation to organizational 
information systems. This paper contributes to the academic discussion by showing 
that information process management connects information quality, knowledge 
management, data governance, digital transformation, and decision-making.From this 
perspective, the topic is positioned within the broader field of information sciences 
because it explains how information is organized, controlled, transformed, and used in 
digital organizational environments. 
 
4.6. Summary of the Discussion 
 
The discussion shows that organizational information systems are effective when 
information processes are properly managed. Technology alone does not guarantee 
organizational value. Value is created when information is accurate, organized, 
accessible, meaningful, shared, and used in practice.The findings also indicate that this 
relationship depends not only on software and hardware, but also on governance 
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mechanisms, organizational culture, user trust, communication, and managerial 
support. From this perspective, organizational information systems should be 
understood as socio-technical systems that combine digital infrastructure with 
structured information processes and human participation. 

 
CONCLUSION 
 
This paper analyzed the management of information processes as a basis for the 
effective functioning of organizational information systems. The main purpose was to 
explain how organized and well-managed information processes contribute to 
information quality, knowledge management, decision-making, and organizational 
value. The analysis showed that organizational information systems should not be 
understood only as technical tools for data processing. They should also be understood 
as organizational mechanisms that depend on information processes, users, governance 
rules, knowledge-sharing practices, and managerial decisions.The findings confirm that 
information process management is a fundamental condition for effective 
organizational information systems.  

Information systems can function effectively only when data collection, validation, 
classification, storage, distribution, interpretation, and use are properly organized. If 
these processes are weak, the system may produce inaccurate, incomplete, outdated, or 
unreliable information.The paper also showed that information quality depends on the 
management of information processes. Accurate, timely, complete, relevant, accessible, 
consistent, and reliable information is not produced automatically.It requires clear 
procedures, standards, responsibilities, and continuous monitoring.Another important 
conclusion is that data governance plays a significant role in the management of 
information processes. Governance provides the rules and control mechanisms that 
ensure the reliability, accountability, and usefulness of information. Without 
governance, information processes may become fragmented and inconsistent.The 
analysis also confirmed that knowledge management depends on structured 
information processes. Organizations cannot create, share, and apply knowledge 
effectively if information is poorly managed. Information processes provide the 
foundation through which data become information and information becomes 
knowledge.From the perspective of information sciences, this topic has strong 
academic relevance. The management of information processes is directly connected 
with the organization, processing, communication, interpretation, and use of 
information. Therefore, it represents an important research area within information 
sciences, especially in relation to organizational information systems. 

In conclusion, organizational information systems are effective when information 
processes are clearly defined, properly managed, and aligned with organizational goals. 
Management of information processes improves information quality, strengthens 
knowledge management, supports decision-making, and creates organizational 
value.Future research may focus on empirical investigation of how organizations 
design, implement, and evaluate information processes in different sectors such as 
public administration, education, business, tourism, and digital services. 
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