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Abstarct: The growing pace of the adoption of Artificial Intelligence (AI) in the HR management (HRM) 

functions can be both an opportunity and a challenge. This empirical research study explores ethical, operational 

and technological issues that affect the adoption of AI by the HR professionals working in the Indian IT and 

service firms. The study uses Structural Equation Modeling (SEM) to examine relationships between perceived 

challenges and AI adoption behavior using data collected on 120 HR practitioners. Strong reliability and 

convergent validity (CR > 0.70; AVE > 0.50), measurement validation, and indices of model fit ( 2 /df = 1.964, 

CFI = 0.957, RMSEA = 0.046) showed strong fit. The results indicate that there exists an overwhelming 

positive correlation between obstacles and AI adoption ( = 0.398, p < 0.001), which implies that those 

organizations that are sensitive to the ethical, operational, and technological barriers and can deal with them 

proactively show greater willingness to implement AI. The technological readiness dimension had the highest 

impact, with the next dimension being the ethical and operational aspects. These findings highlight the 

importance of an organization to strike a balance between innovation and fairness, accountability, and 

infrastructural adequacy as an important element in determining the efficacy of AI integration. The research is 

empirically valuable to the field of responsible AI in HRM because it proves the hypothesis that the awareness 

of challenges makes people prepared and not resistant. It concludes with practical implications to the HR 

policymakers and practitioners, which are the promotion of ethical AI systems, lifelong learning, and open 

governance. The results provide a conceptual framework of future intersectoral and transnational studies on 

sustainable AI-powered HR change. 
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1 INTRODUCTION 

The swift adoption of artificial intelligence (AI) in the Human Resource Management (HRM) is transforming 

the way organizations recruit talent, assess performance, customize learning and build work-but it is also 

creating a number of thorny ethical, operational, and technology issues. Ethically, the issues can be grouped 

as algorithmic bias, explainability, privacy, consent, and accountability, particularly in high-stakes decision-

making, such as hiring and appraisal (Köchling and Wehner, 2020; Rigotti et al., 2024; Radanliev et al., 

2025). At the operational level, organizations face a problem of change management, skills preparation, 

alignment of AI processes with the current HR processes, which complicate the level of adoption, ROI 

recovery, and trust in the workforce (Budhwar et al., 2022; Madanchian et al., 2025). Such challenges as data 

quality, interoperability, and system reliability have not disappeared, and human-in-the-loop controls and 

governance mechanisms are going through the process of maturation (Nawaz et al., 2024; Radanliev et al., 

2025). It is in this context that HR leaders have to make trade-offs between efficiency and fairness, automation 

and human control, and experimentation and compliance (Budhwar et al., 2022; Rigotti et al., 2024). 

There is emerging but uneven empirical evidence on perceptions and outcomes in the sectors and geographies. 

The recent research indicates that the expectations regarding the impact of AI on streamlining the recruitment, 



 

Anusandhanvallari 

Vol 2024, No.1 

December 2024 

ISSN 2229-3388 

 

 

Available online at https://psvmkendra.com                                   2051 

training and performance management process are rather positive, however, with a combination of privacy 

concerns, loss of human judgment and equitability in salary and appraisal decisions (Alshahrani et al., 2025; 

Ncube and Mushonga, 2025). The results of adoption also seem to depend on labour preparedness and open 

governance; when systems are transparent and capable and communicative, acceptance and perceived utility 

will be greater, but when systems are opaque or that systems replace discretion, the outcomes will be 

resistance (Madanchian et al., 2025; Valtonen et al., 2025). Notably, fairness studies also show that fairness 

must be mitigated using technical interventions (e.g., bias audits, reweighing, feature constraints), as well as 

socio- organizational practices (e.g., documentation, appeals, stakeholder participation) (Köchling and 

Wehner, 2020; Rigotti et al., 2024; ACM Review, 2024). 

There is still an increasing adoption gap between leadership intent and day-to-day usage in spite of optimism. 

According to multi-country surveys and industry reports, organizations are eager and willing to do it, 

however, it has both measurement blind spots and uneven usage across multiple levels, which is why robust 

frameworks of ROI, workforce training, and guardrails are required (Budhwar et al., 2022; Business- 

Insider/Dayforce Study, 2025; Zinnov–ProHance, 2025). This situation renders HRM a perfect field to 

examine the relationship between ethical commitments, operational capabilities, and technological 

preparedness and the implementation of AI. This article is a reaction to the demands to have empirically based, 

cross-functional views that bridge ethics-by-design and process of adoption with infrastructural reality 

(Budhwar et al., 2022; Radanliev et al., 2025). 

The paper continues in the following manner. To begin with, the literature review summarizes the literature 

on 202025 on ethical (bias, transparency, privacy), operational (change management, skills, 

governance), and technological (data, interoperability, reliability) issues of AI-enabled HRM. Then the 

empirical design, sampling frame, instruments, and analysis plan are presented based on which the 

perceptions and practices of the HR professionals were to be captured. The following step is to report results 

in form of the three focused dimensions, and finally a discussion is made to incorporate findings with the 

existing body of literature and draw managerial and policy implications. Our final thought is limitations and 

future research directions. 

2 REVIEW OF LITERATURE 

In HRM, AI scholarship is dominated by ethical considerations. The risks of disparate impact, proxy 

discrimination, and insider trading in algorithmic hiring and evaluation are recorded in systematic reviews and 

scoping studies (Koecchling and Wehner, 2020; Rigotti et al., 2024; ACM Review, 2024). Multi-principle 

ethics framework-based work (fairness, privacy, accountability, etc.) are supported by enablers of governance 

(audit trails, model documentation, appeal rights, human-in-the-loop decisions, etc.) (Radanliev et al., 2025). 

Indicative of these themes are sector-specific questions (e.g. energy, public sector) with an added concern of 

the surveillance creep and consent in monitoring and performance analytics (Kumar, 2025; Ncube and 

Mushonga, 2025). 

The socio-technicality of adoption is brought out through operational research. Conceptual syntheses make AI 

a modification of HR operating models not a plug-in tool that necessitates new roles, reskilling, and change 

architectures (Budhwar et al., 2022). Empirical researches mention enablers (top management support, AI 

literacy, data governance) and barriers (resistance, workload shifts, fear of deskilling), with a mediating role 

of perceived usefulness and trust in usage (Madanchian et al., 2025; JMSR Study, 2025). Surveys of HR 

managers indicate a generally positive attitude towards the use of AI in recruitment and training and 

evaluation, with some people expressing anxiety about automated pay decisions and threats to privacy, 

differences in which are usually resolved by education and AI experience (Alshahrani et al., 2025). Such 

surveys of the workforce at large indicate the existence of boundary conditions: workers would prefer 
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employment augmentation to employment automation and want concrete, visible lines of human responsibility 

(Workday Survey, 2025). 

Technology preparedness cuts across ethics and operations. According to reviews, data quality, 

representativeness, and feature selection are the basis of fairness, and interoperability and legacy integration 

are the determinants of scalability (Nawaz et al., 2024; Rigotti et al., 2024). Research on design and 

implementation recommends participation methods, limited feature set in the job acquisition scenario, post- 

implementation controls, and metrics of impact (ACM Review, 2024; Agbasiere et al., 2025). The indirect 

impact of AI on well-being is also emerging, with links to work design alterations (task clarity, safety), which 

suggests that the reliability of the system and the user control determine the downstream employee 

performance (Valtonen et al., 2025). The strategic definitions present AI-enabled HRM as a knowledge- 

generation and decision-support switch, rather than automation, indicating that absorptive capacity and HR-

analytics maturity forecast the achieved value (Úbeda- Garcia et al., 2025). Lastly, industry research discloses 

that ambition exceeds governance maturity, and there exist gaps in measuring ROI, change management, and 

visibility across fragmented systems, which supports the need to have integrated data, talent, and governance 

pillars (Zinnov–ProHance, 2025). 

2.1 Research Objectives 

• To determine and evaluate the ethical, operational, and technological issues of HR professionals in 

genetics of AI-based systems. 

• To empirically assess the impact of perceived challenges on the behavior of adopting AI in HRM 

functions. 

• To evaluate if there is measurement validity and structural correlations between the identified 

challenge dimensions and AI adoption with the help of SEM. 

• To make viable suggestions of ethical and sustainable application of AI in the functioning of HRM. 

3 RESEARCH METHODS 

3.1 Research Design 

The current research considers the quantitative, explanatory research design, as it aims to empirically evaluate 

the correlation between ethical, operational, and technological issues and the use of artificial intelligence (AI) 

concerning Human Resource Management (HRM). The Structural Equation Modeling (SEM) was analyzed 

based on AMOS software to analyze the measurement and structural aspects. The design also incorporates 

latent factors of challenges and readiness to adopt, which is consistent with previous research models of 

digital transformation in HRM (Budhwar et al., 2022; Radanliev et al., 2025). The model provides direct causal 

connection between perceived challenges and AI adoption among the HR professionals in the technology 

intensive industries. 

3.2 Sampling and Population 

The sample was taken among the HR professionals of IT- and service-based companies that work in huge 

Indian cities such as Bengaluru, Pune, and Hyderabad, where the use of AI in HR is becoming popular. A 

purposive sampling technique was followed to make sure that the respondents have a first-hand experience in 

noting AI- related HR practices like analytics in the recruitment process, performance monitoring, or employee 

engagement software. The sample size of 120 respondents was sampled, and the mean professional experience 

of those working in the HR positions was more than six years. The adequacy of the sampling was checked using 

the Kaiser Meyer Olkin (KMO) test (0.842), which is an indication that the sampling was adequate to use in the 
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factor analysis (Hair et al., 2022). 

3.3 Instrumentation and Data Collection. 

The structured questionnaire was composed, having two parts. The former section involved the demographic 

and professional data, whereas the latter measured the critical constructs with five-point Likert-scale items (1 

= strongly disagree, 5 = strongly agree) such as ethical, operational, and technological challenges and AI 

adoption. The questions were based on validated scales in the previous research on AI ethics and HRM 

innovation (Koechling and Wehner, 2020; Rigotti et al., 2024). The collection of data was performed over the 

period of March2May 2025 using organizational HR networks and professional LinkedIn groups. One hundred 

and fifty out of one hundred and fifty responses were returned, 120 of which were complete and eligible to be 

analyzed following the elimination of missing data and outliers. 

3.4 Data Analysis Techniques 

The discussion involved two-step SEM. Measurement reliability and validity, such as factor loadings, 

Average Variance Extracted (AVE), Composite Reliability (CR), and discriminant validity were measured by 

using Confirmatory Factor analysis (CFA). Hypothesized relationships were the next thing tested by 

estimating the structural model. The assessments of model fit were done based on the indices of 2/df, CFI, TLI, 

GFI, RMSEA, and SRMR, which followed the cut-off values given by Hu and Bentler (1999). Also, to 

measure the power of explanation of the model, the values of R 2 were used. 

3.5 Ethical Considerations 

Institutional research ethics committee gave its ethical approval. Respondents were made aware of the nature 

of voluntary participation, confidentiality of data and anonymity. The research was also conducted in 

accordance with the ethical principles of informed consent, transparency, and non-disclosure of identifiable 

information, which meets the contemporary ethical standards of AI research in the HRM literature (Radanliev 

et al., 2025). 

4 RESULTS AND DISCUSSION 

4.1 HR Employee Profile 

The sample population consisted of 120 HR practitioners who work in IT and service companies in the cities 

of Bengaluru, Pune, and Hyderabad. Of them, 58 percent were women and 42 percent men, but the mean age 

was 33 years. The vast majority of respondents were postgraduate HRM or management, and 22% also had 

the certifications in data analytics or AI applications. Approximately 45% of them had more than seven years 

experience, and 30% had four-six years experience. Almost 60 percent of them acknowledged active 

participation in AI-based HR processes, including recruitment analytics, performance dashboards, or chatbot-

based employee engagement systems, meaning that they had significant experience in an AI adoption setting. 

4.2 Descriptive Statistics 

All major constructs, which were Ethical, Operational, Technological challenges, and AI Adoption, were 

calculated using descriptive statistics. The average was between 

3.68 and 4.12 on a five-point Likert scale, which indicated moderately high concurrence on the existence of 

AI-related challenges and adoption activities. Standard deviation of between 0.61-0.89 was acceptable 

dispersion of data. The values of skewness and kurtosis were within the range of ±1, which confirms that it 

was approximately normative. The highest mean was registered in technological issues (4.12) and ethical 

(3.97) and operational (3.68) issues, which indicates that the technological readiness and complexities during 

the integration process are regarded as the most significant barriers to a smooth introduction of AI. 
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4.3 Scale Validity and Reliability 

Confirmatory Factor Analysis was used to test construct validity. Convergent validity was established as all 

the standardized loadings were over 0.60 with the range of values between 0.67 (Operational) and 0.997 

(Technological). All the latent constructs had the Average Variance Extracted (AVE) exceeding the 0.50 

standard, and the values of Ethical (0.69), Technological (0.74), Operational (0.59), and AI Adoption (0.66) 

were above the 0.50 mark, which is sufficient to achieve satisfactory convergent validity (Hair et al., 2022). 

Composite Reliability (CR) and Cronbach alpha were used to test reliability; and both were above 0.70 

(Ethical: 0.88; CR: 0.90), Technological (0.91; CR: 0.93), Operational (0.84; CR: 0.87), and AI Adoption 

(0.89; CR: 0.91). These findings assert a good internal consistency. Fornell-larcker criterion was used to 

measure discriminant validity: the square root of each of the constructs AVE was higher than its correlation 

with other constructs, which showed that the constructs were empirically distinct (Fornell and Larcker, 1981). 

Collectively, the actions confirm that the scales were successful in measuring the ethical, operational, and 

technological issues and their impacts on the adoption of AI, which can be considered robust in the context of 

further structural modeling analysis. 

4.4 Model Fit Statistics 

The SEM model was shown to fit the observed data reasonably. The value of Chi- square/df was 1.964 which 

was less than 3 (the threshold). The other fit indices were as follows; Comparative Fit Index (CFI) = 0.957, 

Goodness-of-Fit Index (GFI) = 0.924, Tucker-Lewis Index (TLI) = 0.941 and Incremental Fit Index (IFI) = 

0.958 are all above the recommended cut off of 0.90 (Hu and Bentler, 1999). Root Mean Square Error of 

Approximate (RMSEA) was 0.046 and the Standardized Root Mean Square Residual (SRMR) was 0.039 and 

below 0.08 indicating a perfect fit to the model. 

The data structure observed was therefore well established by the measurement model. All indicators had 

significant factor loadings (p < 0.001) and covariance paths followed the theoretical expectations. The 

multiple correlations squared (R 2 ) indicated that the latent variable CHALLENGES contributed 39.8% to 

the variance in AI-ADOPTION, which depicts a moderate level of effect size (Cohen, 1992). Taken 

collectively, all these fit statistics indicate that the hypothesized correlations between ethical, technological, 

and operational issues and adoption of AI are not only empirically viable but also statistically effective, which 

makes it possible to have a trustworthy understanding of structural path estimates. 

4.5 Structural Model Results 

The structural model was used to test the hypothesized relations between the perceived AI-related challenges 

(including the ethical, operational, and technological subdimensions) and the level of AI adoption 

among the HR professionals. The standardized path coefficient between CHALLENGES and 

AI_ADOPTION was 0.398 (p < 0.001) which is a statistically significant and positive effect. This implies that 

the chances of embracing AI-driven HR practices are higher as organizations are successful in identifying and 

addressing AI issues. Though the concept of challenges is a form of barriers, the positive coefficient shows that 

the concept is refrained, a more organized organization that is ready and eager to implement AI in HR 

operations has less to overcome (Budhwar et al., 2022). 
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Figure 1 – Structural model – Impact of challenges on AI adoption 

Table 1 - Standardized Regression Weights: (Group number 1 - Default model) 

 Estimate 

AI_ADOPTION <--- CHALLENGES .398 

Adoption_AI_1 <--- AI_ADOPTION .823 

Adoption_AI_2 <--- AI_ADOPTION .806 

Adoption_AI_3 <--- AI_ADOPTION .676 

Ethical <--- CHALLENGES .871 

Technological <--- CHALLENGES .997 

Operational <--- CHALLENGES .671 

 

4.5.1 Latent Constructs are measured through application of the Explicit Constructs 

In the first-order measurement model, CHALLENGES was indicated by three indicators: 

• Ethical (λ = 0.871) 

• Technological (λ = 0.997) 

• Operational (λ = 0.671) 

Among them, the Technological factors had the greatest loading, which highlights that the reliability of the 

system, data integrity, and compatibility are the leading factors that influence the perceptions of the HR 

managers regarding the difficulty of integrating AI. This is consistent with Nawaz et al. (2024), who have 

discovered that infrastructural adequacy and quality of data are pre-conditions of AI-driven HR success. 

Ethical issues (λ = 0.871) were also highly loaded, and they indicated the significance of fairness, 

transparency, and privacy in automated HR practices, which are in line with the results by Rigotti et al. (2024) 

and Radanliev et al. (2025). The operational issues (λ = 0.671) were also not as high and still significant, 

which means that the adaption of the workflow and the training of the employees, despite being critical, might 

be viewed as manageable when an appropriate change management system is implemented (Madanchian et 

al., 2025). 

AI_ADOPTION is the second latent construct that was measured using three observed indicators: 

• Adoption_AI_1 (λ = 0.823) 

• Adoption_AI_2 (λ = 0.806) 

• Adoption_AI_3 (λ = 0.676) 
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All loadings were meaningful (p < 0.001), which justified the construct reliability. The most significant 

indicator (Adoption_AI_1) was a measure of technological assimilation in HR functions (AI-based 

recruitment, chatbot-enabled onboarding, and predictive analytics) that signified operationalizing AI in HR 

departments in the visible way (Alshahrani et al., 2025). 

4.5.2 Hypothesis Testing 

The hypothesis about the dominant role of Ethical, operational, and technological issues in affecting AI 

adoption in HRM was supported by the structural coefficient between CHALLENGES and AI_ADOPTION ( 

= 0.398): According to the coefficient, these challenges accounted for the percentage of about 40 of the total 

variation in AI adoption (R 2 = 0.398). Its directionality suggests that organizations that acknowledge, evaluate 

and plan to counter such obstacles have a greater adoption rate of AI. This lends credence to the idea that the 

recognition of challenges promotes the readiness and the development of capabilities as opposed to resistance 

(Budhwar et al., 2022; Radanliev et al., 2025). 

4.5.3 Justification and Interpretation. 

The good association may be viewed within the context of Technology-Organization- Environment (TOE) 

model and the Innovation Diffusion Theory (IDT). These theories assume that challenge awareness is a 

precursor of adoption readiness: in organizations where there are ethical or technological constraints, it is 

promoted by investing in governance, training, and infrastructure to facilitate a more successful AI integration 

(Tornatzky and Fleischer, 1990; Rogers, 2003). So, rather than being viewed as obstacles, challenges can be 

viewed as triggering structures in adopting planning. 

Ethical dimension: Two areas of ethical concern, such as algorithmic bias and transparency, still prevail in AI 

discussions in HR. Research by Koeling and Wehner (2020) and Rigotti et al. (2024) emphasizes that the 

notion of fairness audits and explainability tools are increasingly becoming common in HR departments 

when seeking to address the perceived bias of AI-based recruitment. Therefore, the positive correlation between 

the responsible adoption of AI and having organizations that face these problems directly is more likely to 

occur. 

Operational dimension: Operational issues, such as the resistance to change and skills deficiency, are 

consistent with the previous studies that digital HR transformation depends on the ability to empower 

employees and management (Madanchian et al., 2025). The mid loading (0.671) indicates that there are 

operational challenges that are not necessarily related to a technical malfunction but rather to human 

accommodation- as noted in Valtonen et al. (2025) the readiness to use human-AI collaboration is among the 

predictors of successful implementation. 

Technological dimension: The loading of the technological factor (0.997) is almost perfect which supports its 

centrality. HR analytics and AI-based insights cannot be achieved without high-quality data, interoperability, 

and system accuracy (Nawaz et al., 2024). The high impact of this construct is due to the fact that 

organizations that have already developed IT infrastructure and have strong data pipelines will demonstrate 

higher levels of adoption. Moreover, the perception of ethical risk is indirectly mediated by technological 

preparedness: the higher the level of data disclosure, the lower the fear of algorithmic discrimination 

(Radanliev et al., 2025). 

The standardized residuals were smaller (below 0.08) and the modification indices indicated that there were no 

significant cross-loadings that would have indicated model parsimony. The conceptualization of indirect effects 

was done: operational readiness mediates the dependence between technological robustness and adoption. 

This explanation is similar to that by Budhwar et al. (2022), who reported that the successful implementation of 

AI is achieved when the HR operations are being transformed in parallel with the upgrades in the systems and 
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ethical protection. 

4.6 Practical Implications 

As a manager, the findings emphasize that the adoption of AI in the HRM must not be perceived as a 

technological upgrade but rather as a strength-creating process. The mechanisms of the ethical transparency, 

like explainable AI dashboards and data consent policies, help to gain employee trust and minimize 

resistance. At the same time, the disconnect between intent and action is mitigated through spending on IT 

infrastructure and AI literacy (Kumar, 2025). These empirical findings support the demand of responsible AI 

models in the HRM framework that incorporates audits of fairness, skill development initiative, and constant 

monitoring (Radanliev et al., 2025). 

4.7 Theoretical Contribution 

The research paper is an empirical contribution to the emerging field of AI-HRM ethics by confirming that 

challenge recognition, which is handled in a systematized manner, increases the likelihood of adoption. This 

builds on previous conceptualizations (Budhwar et al., 2022; Rigotti et al., 2024) by measuring their 

relationships with each other in a structural framework. This is supported by the fact that the technological and 

ethical dimensions are heavily loaded and prove to be both inhibitors and enablers, as is the case with Ncube 

and Mushonga (2025). It further provides evidence that the efficacy of digital transformation depends on 

whether the governance of the ethics and the capacity of infrastructures are aligned. 

4.8 Overall Interpretation 

The integrated model has the capacity to explain the adoption behavior of AI among the HR professionals 

with a variance of close to 40 percent, which is a moderate to strong explanatory power of a single exogenous 

latent construct. It implies that, although challenges are substantial defining factors, other aspects, including 

organizational culture, leadership vision, and regulatory clarity, can also influence AI adoption (Úbeda-García 

et al., 2025). Future studies may be able to incorporate these moderating factors to produce a more elaborate 

adoption model. 

The empirical model proves that ethical, operational and technological issues are not only limiting factors but 

dynamic processes that determine the path of AI implementation in HRM. With an excellent ethical 

governance system, advanced technological platform, and flexible HR processes, organisations are more 

likely to implement AI tools successfully. The large path coefficient ( = 0.398) confirms that the holistic 

approach to these dimensions increases adoption preparedness and sustainable implementation of AI. The 

work therefore fills the gap between theoretical discussion on responsible AI and quantifiable organizational 

practice, providing both academic and managerial knowledge of the changing relationship between humans 

and AI in HRM. 

5 Conclusion 

The empirical results are validated with respect to the fact that the ethical, operational, and technological aspects 

of AI integration are critical to the formation of the adoption behavior by HR professionals. The positive and 

significant path coefficient ( = 0.398, p < 0.001) shows that considering and managing these challenges lead 

to readiness and structured adoption and not a barrier to it. Of the challenge factors, technological readiness 

proved to be the most important (loading = 0.997) with ethical concerns (0.871), and operational adjustments 

(0.671) coming in subsequent positions. These results confirm the fact that the use of AI in HRM is successful 

when companies retain strong technological support and simultaneously implement ethical governance and 

workforce adaptability policies. 

The research adds to the emerging literature on the subject of responsible AI in HRM by empirically 
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supporting the mediating role of ethical preparedness and operational preparedness in the relationship between 

technology and the outcomes of its adoption. It aids in the belief that AI is not an IT enhancement but a socio-

technical change that needs to balance fairness, responsibility and utility (Budhwar et al., 2022; Köchling and 

Wehner, 2020). Notably, HR specialists whose views were encouraged by greater degrees of governance 

transparency and ethical protection expressed greater confidence in the presence of AI-based decision-

making systems. It means that AI practices are ethical and thus facilitators rather than barriers to technological 

change. 

Scope for Further Research 

• Although this study provides an empirical base of the connection between challenges and adoption, 

the research in the future can be extended in a number of ways: 

• Cross-industry validation: Future research might investigate such models within the health care, 

manufacturing or educational industries to investigate contextual differences in AI adoption 

determinants. 

• Longitudinal design: It might be interesting to follow the organizations through time and see the 

effect of changing ethical rules and technological improvements on adoption sustainability. 

• Moderation and mediation effects: Organization culture, leader style, or regulatory compliance are 

also examples of variables that could mediate or moderate the challenge-adoption relationship. 

• Exploration using a mixed approach: Qualitative interviews or case studies may be used in 

combination with quantitative results and reveal several subtle details about the way employees think 

and ethical challenges. 

• Comparison based on cross-national studies: Comparative research of developed and emerging 

economies may reveal cultural and policy variations that affect ethical AI regulation. 

It is through these extensions that future scholarship would be improved to learn more about AI maturity 

models in HRM with a focus on fairness, accountability, and human- centered innovation. The current 

research, therefore, sets the analytical groundwork as well as an ethical perspective of subsequent empirical 

research on sustainable AI- based HR ecosystems. 
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