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Abstract 
This study examines how artificial intelligence (AI) capabilities enhance the effectiveness of human resource (HR) functions and whether data governance & privacy strengthen this effect. Grounded in the resource-based view and dynamic capabilities, AI capability is conceptualized as an organizational capacity to mobilize data, AI technologies, and human expertise to improve HR decision-making and execution. Data were collected via a cross-sectional survey of middle and executive managers in Jordanian commercial and Islamic banks, yielding 350 usable questionnaires, and analyzed using PLS-SEM. The findings show that AI capability is positively associated with the overall effectiveness of HR functions and with staffing, training, and development, performance management, compensation and benefits decisions, workforce planning/predictive HR analytics, and retention and wellbeing/engagement. Data governance & privacy amplify the AI capability effect, indicating that governance maturity and privacy-by-design operate as value-enabling boundary conditions for credible and scalable AI-enabled HR. Multi-group analysis suggests that the focal relationships are broadly stable across commercial and Islamic banks. The study shifts attention from isolated AI tools to capability-based HR value creation and underscores the role of governance and privacy in responsible deployment.
Keywords: AI capability; HR functions effectiveness; data governance & Privacy; privacy-by-design; algorithmic HRM.
Introduction
Artificial intelligence (AI) is increasingly influencing the design, execution, and evaluation of human resource (HR) activities in organizations by expanding the scope of data-driven decision support, automation, and predictive analytics in these areas (Budhwar et al., 2023). However, despite the widespread adoption of AI-driven HR technologies, the state of knowledge in the field is characterized by an unbalanced empirical and theoretical landscape, where organizations often experience difficulties in leveraging AI to sustain HR improvements because the process of AI-driven HR is often contested, socially complex, and subject to slippage in its application in practice, especially when it interacts with the actual work context and the expectations of relevant stakeholders (Raisch & Krakowski, 2021). These issues are most evident in the context of HR, where the application of AI-driven decision support is often complicated by issues of fairness, accountability, and legitimacy, which can act as barriers to the application of AI-driven HR technologies, even when the performance of these technologies is technically robust (Langer & König, 2023). A pertinent research question in the context of modern HRM and information systems research is no longer whether AI can be used in HR, but for what conditions can AI be developed into an organizational competence that can improve HR, not in an undifferentiated and arbitrary manner, but in a sustained and meaningful way (Budhwar et al., 2023).
Although previous research has contributed to a deeper understanding of algorithmic HRM and PA, existing gaps in knowledge prevent cumulative theorizing in this area. First, a large body of prior research has been “application-centric,” focusing on individual tools (e.g., screening, interviewing, monitoring) rather than on the organization’s overall capacity to leverage AI to create sustained HR value (Chowdhury et al., 2023). Second, existing knowledge is limited regarding whether AI-related benefits spill over to the overall HR bundle, staffing, development, performance, rewards, planning, and retention, versus isolated areas, despite interdependencies/co-production between these areas (Chowdhury et al., 2023). In addition, a series of recent studies has also identified the “dark side” of analytics in HR, including issues related to privacy intrusion, surveillance, and evaluation, which suggests that tool-centric explanations of AI in HRM are not adequate to account for why similar AI interventions can have different effects on organizations (Giermindl et al., 2022). To overcome these gaps, it is necessary to move from individual tools to AI capacity as a construct, and to consider the boundary conditions that affect the effectiveness and legitimacy of AI-based HRM (Chowdhury et al., 2023).
In line with the capability perspective, the present study defines AI capability as an organizational ability to leverage data, AI technologies, and human expertise to support replicable learning and deployment within business processes (Mikalef & Gupta, 2021). This construct is in conformity with the RBV, where the creation of value is supported by the bundling, complementarity, and internalization of resources in ways that cannot be easily replicated, in lieu of the traditional view of IT as an investment in technology (Barney, 1991). This definition is also in conformity with the dynamic capabilities perspective, where the creation and maintenance of value in an environment of change is supported by the ability to sense opportunities, seize them through timely commitment, and leverage learning to transform processes (Teece, 2007). From the perspective of HR, the definition of AI capability is such that it should improve HR processes by enhancing signal quality, reducing decisional noise, and increasing consistency in information-driven processes such as screening, matching, forecasting, and personalization (Mikalef & Gupta, 2021).
However, establishing direct relationships between capability outcomes and AI-enabled HR is insufficient because AI-enabled HR is built upon sensitive employee data and inference, which is readily contestable when data quality, accountability, and oversight are lacking (Tursunbayeva et al., 2022). As such, this study incorporates data governance and privacy as boundary conditions that impact whether AI capability leads to improved HR effectiveness. Data governance literature has highlighted that decision rights, standards, accountability, and control processes are key drivers of data fitness-for-use, traceability, and auditable use, which directly impact the accuracy of AI-enabled HR decisions (Zhang et al., 2022). On the other hand, complementary literature on privacy by design has highlighted that privacy mechanisms must be designed into AI-enabled HR systems and processes, as opposed to being appended as an afterthought to maintain legitimacy and limit potential resistance (von Grafenstein et al., 2022). Moreover, literature on responsible AI governance has highlighted that AI system development, deployment, monitoring, and revision processes can institutionalize accountability and prevent ethical drift, thereby sustaining AI adoption and decision-making processes (Papagiannidis et al., 2025). Overall, these arguments suggest that data governance maturity may amplify the effectiveness of AI capability by stabilizing data and legitimacy foundations of AI-enabled HR (Zhang et al., 2022).
Empirically, the present study is set in the context of Jordan’s banking sector, which includes both conventional and Islamic banks. As such, the context is theoretically informative in the sense that HR practices are subject to an elevated level of institutional scrutiny in terms of the integrity of processes and procedures, even in the context of data-intensive digitalization strategies. The boundary condition of governance is especially relevant in the context of HR analytics and artificial intelligence in terms of the use of employee data, in which the legitimacy of HR practices is dependent upon the capability of the organization to demonstrate responsible use (Tursunbayeva et al., 2022). At the same time, the comparison between conventional and Islamic banks in the context of a single nation-state’s regulatory framework provides an empirical route through which the robustness of capability theorizing may be tested in the context of different types of organizations.
Against this background, this study proposes and tests a model where AI capability is seen as an antecedent of HR effectiveness in six different areas: recruitment/selection, training/development, performance management, compensation/benefits decisions, workforce planning/predictive HR analytics, and retention/well-being/engagement (Chowdhury et al., 2023). Additionally, the model proposes that data governance/privacy will serve as positive moderators of the above relationship, where the more effective the organization is in its use of AI, the more effective its HR functions will be, depending on the level of its data governance/privacy (Papagiannidis et al., 2025). By proposing an approach to HR effectiveness as being multidimensional, as well as an approach to data governance as being a boundary condition, this study aims to address the contemporary need to move beyond "tool-based" accounts of AI’s effects to an approach that centers more on capabilities and governance (Budhwar et al., 2023).
The present study has three important research contributions to make. First, it contributes to the research in the field of human resource management (HRM) and information systems by shifting the focus from individual AI application effectiveness to the effectiveness of AI capability, which can lead to general HR value creation when it is anchored in routines and learning mechanisms (Mikalef & Gupta, 2021). Second, it extends the theorizing in the field of HR by examining the relationship between AI capability effectiveness and effectiveness in multiple, interacting HR subdomains, thereby supporting the more holistic view of HR transformation in the context of AI (Chowdhury et al., 2023). Third, it moves the topic of data governance and privacy from the level of peripheral, compliance-driven importance to the level of theoretically important boundary conditions that help to understand when the effectiveness of AI capability is more likely to generate HR benefits, such as when data quality, accountability, and legitimacy can be ensured through data governance maturity and privacy by design (Zhang et al., 2022).
The rest of the paper is organized as follows. The following section will specify the theory and hypothesis section, which will substantiate our main argument by drawing upon resource-based theory and dynamic capabilities, and will motivate our moderation argument by drawing upon data governance and privacy literature. Methodology will be specified in the subsequent section, followed by the results section, and finally, we will conclude our paper with a discussion of our main findings.
Theoretical underpinning
In the resource-based theory, AI capability can be viewed as a strategic resource assemblage that combines heterogeneous resources such as data assets, scalable digital infrastructures, human resources, and supportive managerial practices, all embedded in the core processes. On the other hand, the development of value is seen as a product of AI capability embedded in the processes, as opposed to a standalone technology acquisition strategy (Mikalef & Gupta, 2021). AI capability can be seen as a source of competitive advantage that can be sustained since the resources involved in the process are valuable, path-dependent, and embedded in processes that are hard to replicate, thus moving the focus from the tools to the capabilities (Przegalinska et al., 2025).
In human resource management, it has been proposed that AI capabilities can contribute to effectiveness in terms of the quality, speed, and standardization of decision-making processes and the automation of routine processes without negatively affecting expert judgments (Chowdhury et al., 2023). The automation-augmentation paradox implies that the source of value is the development of AI capabilities that can support expert judgments and standardize routine processes to enhance the robustness of decision-making processes without the risk of over-automation, which can negatively affect legitimacy and increase error costs (Raisch & Krakowski, 2021; Zheng et al., 2025). Dynamic capabilities extend the resource-based view to show the processes by which AI capabilities are transformed into effective execution in a changing world, as depicted in the model of sensing opportunities, seizing them through timely commitment, and transforming processes through learning (Simón et al., 2024). Since AI capabilities are subject to continuous evolution in terms of model upgrades, feedback processes, and learning, the benefits to human resource management lie in learning and the adaptation of human-AI working processes, as opposed to the adoption of AI capabilities per se (Breckner et al., 2025).
On the basis of these theoretical underpinnings, Data Governance and Privacy have been theorized to be crucial boundary conditions that shape the relationship between AI capability and the effectiveness of the HR function, considering that HR analytics inevitably rely on critical, sensitive data and associated usage practices (Zhang et al., 2022). Data governance refers to the decision rights, accountabilities, and standards that make data an organizational asset, which in turn improves data quality, auditable history, and usability across the organization—attributes that inevitably affect the quality of AI-based inference and the validity of HR analytics (Von Grafenstein et al., 2022). Similarly, Privacy by Design, which also includes related concepts of protection by design, ensures that regulatory compliance is integrated into the design of the system and its operations, minimizing the risk of non-compliant or socially undesirable data practices that could impede organizational progress or force costly reversals (Del-Real et al., 2024). Similarly, the research on the responsible AI governance construct suggests that good governance practices—structural, relational, and procedural—can have a positive effect on the overall system of AI lifecycle management, which could lead to increased trust and acceptance of AI-based decision-making processes (Papagiannidis et al., 2025). Mechanistically, improved data governance maturity would imply that the data is more fit for purpose, less risky from a privacy or compliance perspective, and would have a more pronounced marginal effect of AI capability on HR effectiveness (Chedrawi et al., 2025; Ebert et al., 2021). Accordingly, both the Resource-Based View (RBV) and the Data-Capability (DC) approaches predict that AI capability would positively affect HR function effectiveness.
AI capability and overall HR functions effectiveness 
According to the resource-based perspective, AI capability is viewed as a high-order strategic resource bundle resulting from the integration of data assets, analytics infrastructure, algorithmic tools, and human expertise in such a manner that it is difficult to replicate and potentially creates value (Abdou, 2025). The AI capability is viewed as performance relevant to the extent to which it is embedded in processes that employ employee and process data to produce trusted HR insights and to enable faster and more consistent decision-making in core HR processes (Chowdhury et al., 2023). The dynamic capabilities perspective argues that AI capability enables the organization to better sense changes in workforce needs, seize opportunities to improve HR processes, and continuously reconfigure HR practices through learning and iteration (Böhmer & Schinnenburg, 2023). In this perspective, AI capability goes beyond the simple application of AI to automate HR processes and instead plays the role of an orchestration tool to enable augmentation, raising the quality, speed, and scale of HR work while maintaining managerial judgment in situations where ambiguity and contextual interpretation remain critical to organizational success (Tenakwah & Watson, 2025; Budhwar et al., 2023). Since HR effectiveness is fundamentally an information- and decision-intensity outcome (Guest & Conway, 2011), it is logical to assume that organizations with high AI capabilities will be able to leverage the same human resource inputs to generate better outcomes through more effective targeting, allocation, prediction, and governance-driven execution.
H1: AI capability positively influences the effectiveness of human resource functions. 
AI capability and staffing (recruitment, selection, and hiring) effectiveness
The staffing processes are also increasingly impacted by algorithmic tools used in candidate sourcing, screening, and matching (Alexander et al., 2025). Nevertheless, the effectiveness of such tools is dependent on the organization’s capacity for integrating the tools with job requirements, data quality, and responsible decision-making processes (Langer & König, 2023). AI capability improves the effectiveness of staffing processes through the consistent triage of numerous candidates, the precise extraction of information from multiple data sources, and the rapid feedback processes used in addressing delays in staffing processes (Deepa et al., 2024). At the same time, the legitimacy of staffing processes is also a concern in the context of algorithmic staffing processes, which may also appear unfair in some instances. Therefore, the capacity for transparency is also an important aspect in the context of AI capability and staffing processes. Evidence from AI-enabled staffing processes, such as AI-based video interviewing in the context of staffing processes, also supports the idea that stakeholder perceptions influence the validity of AI-based staffing processes (Kim & Heo, 2022). Therefore, the capability for AI in staffing processes should also improve the effectiveness of staffing processes in an organization.
H1a: AI capability positively influences staffing (recruitment, selection, and hiring) effectiveness. 
AI capability and training & development effectiveness 
Training and development effectiveness also increasingly relies on the ability to diagnose skill gaps, customize learning processes, and measure learning transfer through timely performance and competency data (Budhwar et al., 2023). It is argued that AI capabilities would enable a more precise needs assessment through pattern detection, offer adaptive learning content suggestions, and speed up iterative improvement processes through learner behavior data (Maity, 2019). Modern HRD theories argue that generative AI and other AI tools have the potential to influence HRD processes; however, this would depend on governance structures, skills, and work processes (Jiang et al., 2025). Recent studies on HRD also emphasized learning systems that utilize AI tools, which indicates that AI capabilities would be relevant to improving HRD processes (Yoo et al., 2024). Therefore, it is expected that organizations that possess stronger AI capabilities would be able to deliver higher effectiveness in training and development processes.
H1b: AI capability positively influences training and development effectiveness.
AI capability and performance management effectiveness 
The dependency of such a system on the dimensions of measurement, feedback, and calibration makes the entire system highly sensitive to data quality, transparency, and interpretability (Nyberg et al., 2026). Artificial intelligence capabilities may improve the effectiveness of a performance management system through the continuous detection of performance signals, the provision of more immediate coaching signals, and the identification of the drivers of performance when the use of analytics is related to valid performance constructs (Alwali & Alwali, 2025). However, the use of algorithms in the management of performance may also result in behavioral and legitimacy risks when employees sense the presence of such a system, indicating the importance of the effectiveness of the performance management system when AI capabilities are integrated with the dimensions of transparency and accountability (Cai & Wang, 2024). There is also a possibility that the transparency of the algorithmic performance management may influence proactive behaviors, indicating the importance of the ability of an organization to leverage the AI tools in a positive manner in the context of the effectiveness of the performance management system (Sampath et al., 2024). Therefore, the effectiveness of a performance management system may improve when the AI capabilities are strong since the entire system would be able to improve the dimensions of measurement and feedback capacity.
H1c: AI capability positively influences performance management effectiveness. 
AI capability and compensation & benefits decision effectiveness
The process of designing compensation decisions and benefits involves complex trade-offs, making the decision more attractive for analytics-based decision systems (Budhwar et al., 2023). The capabilities of artificial intelligence may improve the effectiveness of compensation strategies by providing more accurate calibration of the pay-for-performance systems, detection of anomalies in the payment systems, as well as modeling the link between incentives and strategic goals (Mikalef & Gupta, 2021). However, the artificial intelligence-based payment systems may create paradoxes such as the need for precision versus the need for perceived fairness, suggesting that organizations need robust capabilities for designing, communicating, and governing the systems (Nyberg et al., 2026). Therefore, it is anticipated that greater AI capability can positively influence the effectiveness of compensation and benefits decisions through enhanced analytical capability and the governance and redesign processes that are essential for legitimate compensation and benefits decisions.
H1d: AI capability positively influences compensation and benefits decision effectiveness. 
AI capability and workforce planning & predictive HR analytics effectiveness
By its nature, workforce planning takes a forward-oriented approach and requires the use of current and integrated data for forecasting talent requirements, predicting potential skill shortages, and optimizing deployment strategies in an uncertain environment (Mikalef & Gupta, 2021; Chowdhury et al., 2023). The use of AI technologies can augment the effectiveness of predictive HR analytics through better support for data integration and model development and updating, thereby enhancing the accuracy of planning decisions in an uncertain environment (Inaganti et al., 2021; Raisch & Krakowski, 2021). The research on HR analytics using the theoretical lens of the Resource-Based View and dynamic capabilities suggests that HR analytics can lead to better HRM and organizational outcomes under certain conditions of HR analytics and data quality (Thakur et al., 2024). Hence, it is proposed that organizations with better AI capabilities can lead to better workforce planning and predictive HR analytics through the operationalization of forecasting models in a near-real-time environment.
H1e: AI capability positively influences workforce planning and predictive HR analytics effectiveness. 
AI capability and employee retention & wellbeing/engagement effectiveness
Retention and well-being outcomes depend on how well organizations identify risks (e.g., burnout, disengagement), design support programs, and develop legitimate support infrastructures, which are data-intensive and interpretation-intensive processes (Valtonen et al., 2025). AI capabilities may contribute to retention and well-being by potentially detecting risks earlier, developing support programs that are more targeted, and informing evidence-based design of work and HR programs (Khatoon et al., 2025). There is empirical support that AI use is associated with employee well-being at work, which supports our argument that AI capabilities may be associated with HR outcomes that are more humane under certain conditions (Pinho et al., 2025). Algorithm-based HR practices may elicit negative responses if perceived as threatening or invasive, suggesting that AI capabilities may be associated with retention and well-being outcomes depending on how AI is implemented (Langer & König, 2023; Budhwar et al., 2023). Thus, having more AI capabilities may be associated with improved retention and effectiveness of well-being and engagement programs by potentially being proactive, personalized, and scalable, and by potentially being legitimate through responsible design.
H1f: AI capability positively influences employee retention and wellbeing/engagement effectiveness.
Data governance & privacy as a boundary condition
AI-enabled human resource (HR) systems are data-dependent socio-technical systems in which the value of AI capability is only achieved when the entire lifecycle of sensitive workforce data is subject to organizational governance from the point of data collection and integration through model training, deployment, monitoring, and revision (Papagiannidis et al., 2025). Data governance is the data control architecture wherein data is subject to a set of rules that define the scope of decision rights and responsibilities, data quality and integration standards, traceability, access control, and auditability. These conditions are the direct precursors of the reliability of AI output such that the output is deemed credible for the basis of HR decisions (Zhang et al., 2022). In the absence of data governance in such environments, AI capability may produce noisy and biased output since the data used in model training is in a state of disarray and not sufficiently subject to monitoring and revision. In such cases, the sophistication of AI capability is replaced by ambiguity rather than HR effectiveness (Bernardo et al., 2024; Giermindl et al., 2022). The concept of privacy by design is a complement to data governance in which constraints on lawful and socially acceptable use are integrated into the AI-enabled HR system such that the likelihood of AI-enabled HR practices being deemed intrusive, illegitimate, and non-compliant is reduced. Such perceptions are barriers to the adoption of AI-enabled HR practices and the resulting AI-assisted HR decisions (Del-Real et al., 2024; Adams-Prassl et al., 2021).
Governance and privacy do not merely serve the function of reducing risk but also act as value-added complements that leverage the benefits of increasing the marginal returns of AI capability through the stabilization of trust, institutionalization of accountability, and enhancement of the fitness for purpose of human resources data for inference (Manroop et al., 2024). The governance of AI is characterized by the prominence of structural, relational, and procedural mechanisms in the AI process, such as oversight structures, stakeholder alignment, and monitoring, that can help prevent ethical drift and the continued use of AI-based decision-making (Papagiannidis et al., 2025; Walsh et al., 2025). In the context of algorithm-based HRM, the relationship between opacity and low transparency and the resulting decreased level of trust and acceptability is already an established phenomenon; hence, robust governance and privacy mechanisms offer the procedural foundation for explainability, documentation, and accountability, thereby addressing the concerns of stakeholders and enhancing the level of legitimacy (Langer & König, 2023; Tursunbayeva et al., 2022). Thus, the level of legitimacy and the associated level of data integrity can expand the scope of the feasible application of AI in HRM, implying that the relationship between AI capability and HRM effectiveness is more robust at the level of data governance and privacy maturity (Bernardo et al., 2024; Giermindl et al., 2022; Zhang et al., 2022).
H2: Data governance & privacy positively moderate the relationship between AI capability and HR functions' effectiveness, such that the effect of AI capability is stronger at higher levels of data governance & privacy
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3. Research Methodology
3.1 Research Design
The research design for the study is quantitative, employing a cross-sectional field survey to collect data from a large sample, thereby testing the proposed research hypotheses statistically. The research design is appropriate for the research study, whose objective is to examine the relationship between the essential research variables, namely, artificial intelligence capability, the effectiveness of the human resource function, and data governance, in the Jordanian banking industry (Chowdhury et al., 2023; Mikalef & Gupta, 2021).
An electronic questionnaire was developed as the primary data collection tool. It comprises measures adapted and validated from previous literature to ensure reliability and validity. AI Capability was measured across its various dimensions (infrastructure, human skills, data, and integration) using a scale developed from the work of Mikalef & Gupta (2021) and Chowdhury et al. (2023), while the effectiveness of human resources functions was measured as a second-order variable reflecting the effectiveness of the six sub-functions based on a literature review for each function individually (Deepa et al., 2024; Maity, 2019; Alwali & Alwali, 2025; Nyberg et al., 2026; Inaganti et al., 2021; Valtonen et al., 2025). Data governance and privacy, as a moderating variable, were measured as a combination of structural and procedural practices based on metrics from the work of Zhang et al. (2022) on data governance, the concept of privacy by design as presented in Del-Real et al. (2024), and the responsible AI governance framework from Papagiannidis et al. (2025). Partial Least Squares Structural Equation Modeling (PLS-SEM) was used with the help of SmartPLS software for data analysis, as it is suitable for theoretical models under development and testing, and has the ability to deal with complex models that include second-order variables and modification relationships. The evaluation procedure was followed in two stages: the first to evaluate the measurement model by checking internal consistency using Cronbach's alpha and composite reliability, convergent validity using the extracted mean variance, discriminant validity using the Furnell-Lacker criterion and checking the HTMT ratio, and the second to evaluate the structural model by examining the path coefficient values ​​and testing the significance of relationships using the Bootstrapping procedure and evaluating the explanatory power of the model through the coefficient of determination R² and the effect size f², and testing the interaction effect to examine the hypothesis related to the moderating role of data governance and privacy with a graph to illustrate the direction and nature of this effect according to the recommendations of Dawson (2014).
3.2 Research community and sample
The sampling frame was the entire middle and senior-level management personnel in Jordanian banks. The sampling was based on job categories with direct or indirect exposure to the application of artificial intelligence in the working environment, with special emphasis on human resources management. The success of the application of artificial intelligence is dependent on the level of its integration into the central processes of the organization by the practitioners and end users (Mikalef & Gupta, 2021; Przegalinska et al., 2025). The target population included human resources managers and department heads, information technology managers, senior analysts, and senior managers involved in human resources and information technology decision-making processes.
As far as the study sample is concerned, it should be noted that, given the characteristics of the selected population and their distribution in a comparatively homogeneous banking sector in terms of organizational structure and supervisory system, a system of stratified random sampling was adopted. This sampling approach is considered to be the most suitable for ensuring a comprehensive and proportional representation of different categories of respondents (strata) in banks, including senior executives, middle executives, and executives in specialized positions (Langer & König, 2023; Raisch & Krakowski, 2021). The sample size was determined based on statistical rules that correspond to the number of banks operating in Jordan and the size of the targeted departments within them. Structural equation modeling (PLS-SEM) was also employed, which requires a minimum sample size to ensure the robustness and reliability of the results, as recommended in the literature on human resource management and analysis (Thakur et al., 2024). 400 questionnaires were distributed to the study sample, and after the sorting and verification process, 350 questionnaires were returned that were valid for statistical analysis, with a response rate of (87.5%).
4. Data Analysis
The data were analyzed using Partial Least Squares Structural Equation Modeling (PLS-SEM) via Smart-PLS version 4. This approach is suitable for studies that aim to test complex theoretical models with multiple mediating variables and does not require a normal distribution of the data. It is also effective in applied research in the fields of management and higher education (Hair et al., 2021; Henseler et al., 2016). To confirm validity and reliability of constructs, the Measurement Model component of Smart-PLS provides a series of key assessments: the first step is determining internal consistency reliability to confirm that items measuring the same construct are highly correlated. Cronbach's Alpha may be used to determine this, requiring a 0.7 or greater. Composite Reliability (CR) is excellent for PLS-SEM, needing to fall between 0.7 and 0.9. Also, the Rho (ρA) of Dijkstra-Henseler should ideally be 0.7 or larger, and discriminant validity (using criteria like Fornell-Larcker and HTMT). These steps ensure that the construct is measured adequately and distinctly in a way that serves as a solid foundation for analysis of the proposed structural relationships. (see Table 1).
Table (1): Measurement model 
	Construct
	Items
	Convergence validity
	Discriminant validity
	Reliability

	
	
	Outer loading
	Average variance extracted (AVE)
	Fornell-Larcker Criterion: is the square root of AVE for each construct be greater than its correlations with other constructs?
	Composite reliability (rho_a)
	Composite reliability (rho_c)
	Cronbach's alpha

	AI Capability
	AI1
	0.906
	0.828
	YES
	0.932
	0.951
	0.931

	
	AI2
	0.909
	
	
	
	
	

	
	AI3
	0.908
	
	
	
	
	

	
	AI4
	0.916
	
	
	
	
	

	Compensation and Benefits 
	CB1
	0.904
	0.807
	YES
	0.922
	0.944
	0.920

	
	CB2
	0.906
	
	
	
	
	

	
	CB3
	0.881
	
	
	
	
	

	
	CB4
	0.902
	
	
	
	
	

	Data governance and privacy
	DG1
	0.921
	0.844
	YES
	0.942
	0.956
	0.938

	
	DG2
	0.919
	
	
	
	
	

	
	DG3
	0.919
	
	
	
	
	

	
	DG4
	0.915
	
	
	
	
	

	Performance Management
	PM1
	0.906
	0.815
	YES
	0.925
	0.946
	0.925

	
	PM2
	0.903
	
	
	
	
	

	
	PM3
	0.905
	
	
	
	
	

	
	PM4
	0.898
	
	
	
	
	

	Retention and Wellbeing/Engagement 
	RET1
	0.902
	0.813
	YES
	0.924
	0.946
	0.923

	
	RET2
	0.891
	
	
	
	
	

	
	RET3
	0.915
	
	
	
	
	

	
	RET4
	0.899
	
	
	
	
	

	Staffing 
	ST1
	0.899
	0.815
	YES
	0.926
	0.946
	0.924

	
	ST2
	0.909
	
	
	
	
	

	
	ST3
	0.902
	
	
	
	
	

	
	ST4
	0.900
	
	
	
	
	

	Training And Development
	TD1
	0.896
	0.812
	YES
	0.924
	0.945
	0.923

	
	TD2
	0.914
	
	
	
	
	

	
	TD3
	0.905
	
	
	
	
	

	
	TD4
	0.889
	
	
	
	
	

	Workforce Planning and Predictive
	WP1
	0.911
	0.828
	YES
	0.931
	0.951
	0.931

	
	WP2
	0.901
	
	
	
	
	

	
	WP3
	0.920
	
	
	
	
	

	
	WP4
	0.907
	
	
	
	
	

	


The results in Table 1 show that the indicator loads exceed the acceptable value of 0.70, indicating that more than 50% of the indicator's variance is explained by its underlying variable (Hair et al., 2021). Load values ranged between 0.881 and 0.921 for all variables, demonstrating an excellent level of indicator reliability and aligning with the standards recommended in the measurement literature (Côrte-Real et al., 2020). As for internal consistency reliability, it was assessed using both Cronbach's alpha and composite reliability (CR). The results showed that all Cronbach's alpha values exceeded 0.90, and all CR values exceeded 0.920, which is significantly higher than the recommended minimum of 0.70. This confirms a high degree of internal consistency for the measures (Hair et al., 2021; Henseler et al., 2016). 

Variance inflation factor
The Table 2 shows the variance inflation factor values for the measurement model variables, The assessment of multicollinearity through VIF values safeguards the structural model results from possible distortions that might occur due to high indicator correlations. Multicollinearity issues will not affect results when VIF stands below 5 as per Hair et al. (2021).
Table (2): Variance inflation factor
	VIF
	Items
	VIF
	Items
	VIF
	Items
	VIF
	Items

	2.887
	TD1
	3.683
	DG1
	3.186
	RET1
	3.231
	AI1

	3.402
	TD2
	3.784
	DG2
	2.855
	RET2
	3.427
	AI2

	3.269
	TD3
	3.608
	DG3
	3.437
	RET3
	3.294
	AI3

	2.870
	TD4
	3.754
	DG4
	2.997
	RET4
	3.465
	AI4

	3.444
	WP1
	3.226
	PM1
	3.070
	ST1
	3.102
	CB1

	3.160
	WP2
	3.145
	PM2
	3.187
	ST2
	3.158
	CB2

	3.768
	WP3
	3.246
	PM3
	3.050
	ST3
	2.713
	CB3

	3.275
	WP4
	2.990
	PM4
	3.191
	ST4
	3.105
	CB4


All VIF values in the measurement model fall below 5.0 thus reflecting low levels of multicollinearity which does not affect the analysis significantly. Results demonstrate that the measurement model fulfills the criteria for reliable and suitable use in SEM analysis.
Fornell-Larcker matrix 
The Fornell-Larcker matrix is used in Structural Equation Modeling (SEM) analysis via Smart-PLS software to verify the discriminant validity of constructs. The role of this matrix is to prove that each latent variable in the model retains a unique identity that is statistically distinct from other variables, as shown in Table 3:
Table (3): Fornell-Larcker Criterion 
	
	AI
	CB
	DG
	PM
	RET
	ST
	TD
	WP

	AI
	0.910
	
	
	
	
	
	
	

	CB
	0.555
	0.899
	
	
	
	
	
	

	DG
	-0.123
	0.211
	0.918
	
	
	
	
	

	PM
	0.534
	0.587
	0.269
	0.903
	
	
	
	

	RET
	0.597
	0.625
	0.278
	0.587
	0.902
	
	
	

	ST
	0.590
	0.619
	0.233
	0.583
	0.611
	0.903
	
	

	TD
	0.626
	0.598
	0.215
	0.600
	0.612
	0.618
	0.901
	

	WP
	0.608
	0.614
	0.241
	0.614
	0.647
	0.639
	0.631
	0.910


Heterotrait-monotrait ratio (HTMT) matrix

the Heterotrait- Monotrait ratio (HTMT) - Matrix was conducted to ensure the discrimination of the variables. (HTMT) is a more accurate method for assessing the conceptual discrimination between the latent variables in the PLS-SEM models. The results table 4 showed that all values fell below the maximum acceptable threshold of 0.90 (Hair et al., 2021). This confirms that there is sufficient discrimination between the variables Therefore, it can be said that the model possesses strong discrimination validity, supporting the validity of the proposed causal relationships between the variables in the structural model.
Table (4): (HTMT) - Matrix
	
	AI
	CB
	DG
	PM
	RET
	ST
	TD
	WP

	AI
	
	
	
	
	
	
	
	

	CB
	0.598
	
	
	
	
	
	
	

	DG
	0.133
	0.227
	
	
	
	
	
	

	PM
	0.574
	0.636
	0.288
	
	
	
	
	

	RET
	0.642
	0.677
	0.298
	0.636
	
	
	
	

	ST
	0.634
	0.672
	0.248
	0.630
	0.660
	
	
	

	TD
	0.673
	0.649
	0.230
	0.649
	0.662
	0.668
	
	

	WP
	0.652
	0.662
	0.255
	0.662
	0.697
	0.688
	0.680
	



Model Fit Indices

The analysis of structural equation modeling using Smart-PLS includes Table 5, which presents the goodness-of-fit indices for both the saturated model and the estimated model. Evaluating these indices for the collected data is a crucial step in validating the proposed model for structural analysis, as recommended by Hair et al. (2021). The main indices used in this evaluation include the root mean squared standard residual (SRMR), the variance measures (d_ULS) and (d_G), the chi-squared value, and normed fit index (NFI).
Table (5): Model Fit Indices 
	Fit summary
	Saturated model
	Estimated model

	SRMR
	0.030
	0.042

	d_ULS
	0.487
	0.952

	d_G
	0.417
	0.460

	Chi-square
	885.527
	966.135

	NFI
	0.917
	0.910


The model quality indicators presented in Table (5) indicate that the structural model of the study has a good match with the field study data, supporting the validity of the findings regarding the relationship between AI capabilities and the effectiveness of human resource functions in Jordanian banks (Hair et al., 2021). The value of the standard squared residual (SRMR) index for the estimated model was (0.042), which is lower than the upper limit of acceptable value (0.08), indicating a high degree of convergence between the observed correlation matrix and the matrix predicted by the model. Thus, the theoretical model accurately reflects the actual relationships between variables in the study environment (Henseler et al., 2016). Furthermore, the value of the non-standardized fit index (NFI) was (0.910), exceeding the recommended limit (0.90), which confirms the strength of the theoretical framework based on resource theory (RBV) and dynamic capability theory in explaining how AI capabilities enhance the effectiveness of human resource functions (Böhmer & Schinnenburg, 2023; Simón et al., 2024). Accordingly, the collected data are in good agreement with the proposed theoretical model, paving the way for hypothesis testing.
Structural Model: 
The study hypotheses were tested using partial least squares structural equation modeling (PLS-SEM) with two main models: the first included sub-indices of HR function effectiveness (H1a to H1f), and the second included the overall HR function effectiveness index (H1) in addition to testing the interaction impact of data governance and privacy (H2). Table 6 presents the results of the path analysis, which was performed using the Bootstrapping procedure with 5000 remodeled samples (Henseler et al., 2016; Hair et al., 2021):
Table (6): Hypothesis test
	Hypothesis decision
	P values
	T statistics (|O/STDEV|)
	Standard deviation (STDEV)
	Original sample (O)
	Path
	Hypothesis

	Supported
	0.000
	23.082
	0.032
	0.740
	AI Capability -> HR Functions
	H1

	Supported
	0.000
	16.106
	0.037
	0.590
	AI Capability -> Staffing
	H1a

	Supported
	0.000
	18.804
	0.033
	0.626
	AI Capability -> Training and Development
	H1b

	Supported
	0.000
	12.928
	0.041
	0.534
	AI Capability -> Performance Management
	H1c

	Supported
	0.000
	13.376
	0.042
	0.555
	AI Capability -> Compensation and Benefits
	H1d

	Supported
	0.000
	17.188
	0.035
	0.608
	AI Capability -> Workforce Planning and Predictive
	H1e

	Supported
	0.000
	16.095
	0.037
	0.597
	AI Capability -> Retention and Wellbeing/Engagement
	H1f

	Supported
	0.000
	13.457
	0.030
	0.410
	Data governance and privacy x AI Capability -> HR Functions
	H2


The results in Table (6) indicate the following:
H1: The results showed a significant positive effect of AI capability on the overall effectiveness of human resource functions (β = 0.740, P < 0.001), supporting the acceptance of the H1 hypothesis. This implies that AI capability, as a strategic integration of heterogeneous resources, digital infrastructure, and human expertise, acts as a resource that improves human resource effectiveness when integrated into organizational processes (Mikalef & Gupta, 2021; Chowdhury et al., 2023). The argument aligns with resource-based view theory and dynamic capability theory in explaining the conversion of AI capability into performance improvement (Simón et al., 2024; Böhmer & Schinnenburg, 2023).
H1a: The findings indicate that there is a statistically significant positive impact of AI capabilities on the effectiveness of recruitment processes (β = 0.590, P < 0.001), thus supporting H1a. This is due to the capability of AI to screen applicants, process precise data, and provide timely feedback (Deepa et al., 2024), thus emphasizing the need to leverage AI with explicit job needs, data, and decision-making processes (Langer & König, 2023; Gong et al., 2025). H1b: The findings indicate that there is a statistically significant positive impact of AI capabilities on the effectiveness of training and development processes (β = 0.626, P < 0.001), thus supporting H1b. This is due to the capability of AI to identify skills gaps, provide appropriate training, and assess training transfer (Budhwar et al., 2023; Maity, 2019), while at the same time depending on governance, skills development, and job design (Jiang et al., 2025). H1c: The findings indicate that there is a statistically significant positive impact of AI capabilities on the effectiveness of performance management processes (β = 0.534, P < 0.001), thus supporting H1c. This is due to the capability of AI to identify performance signals, provide training guidance, and identify performance drivers (Alwali & Alwali, 2025), while at the same time depending on transparency and design that foster proactive behavior (Cai & Wang, 2024; Sampath et al., 2024).
H1d: The results reveal that there is a statistically significant positive relationship between AI capabilities and the effectiveness of the decisions related to compensation and benefits (β = 0.555, P < 0.001). Hence, H1d is supported. This is due to the fact that AI capabilities improve the calibration of performance-based pay, anomaly detection, and the alignment of incentives with strategic objectives (Mikalef & Gupta, 2021; Budhwar et al., 2023). H1e: The results show a statistically significant positive relationship between AI capabilities and the effectiveness of workforce planning and predictive analytics (β = 0.608, P < 0.001). Therefore, the H1e hypothesis is supported. This is because AI capabilities improve the accuracy and responsiveness of workforce planning through data integration and model development and updating, which are responsive to environmental factors (Inaganti et al., 2021; Raisch & Krakowski, 2021; Thakur et al., 2024). H1f: The results show a statistically significant positive relationship between AI capabilities and the effectiveness of employee retention (β = 0.597, P < 0.001). Therefore, the H1f hypothesis is supported. This is because AI capabilities improve the detection of burnout and disengagement risks and the design of the work (Valtonen et al., 2025; Khatoon et al., 2025).
H2: Figure 2 supports the H2 hypothesis by showing that the relationship between artificial intelligence and the effectiveness of the human resource function is more pronounced at high levels of data governance and privacy than at low levels. This, therefore, emphasizes the role of boundary conditions in enabling organizations to reap the benefits of artificial intelligence, such as tangible improvements in the effectiveness of the human resource function (Zhang et al., 2022; Papagiannidis et al., 2025). This is because data governance provides the control environment that ensures the quality of data, while privacy by design represents the boundaries of acceptable use, thereby promoting trust (Del-Real et al., 2024; Von Grafenstein et al., 2022). Conversely, poor data governance can lead to distorted and biased results, resulting from the fragmentation of the data, thereby creating an environment of ambiguity in the application of artificial intelligence, leading to the ineffectiveness of the human resource function (Giermindl et al., 2022; Langer & König, 2023).
[image: ]Figure 2: Interactive impact

Coefficient of determination R2, effect size F2 & predictive value Q2
Table (7) illustrates the predictive power of the model across three main measures: the coefficient of determination (R²), effect size (f²), and predictive value (Q²).
Table (7): R2, effect size & predictive value
	HR functions
	CB
	PM
	RET
	ST
	TD
	WP
	R-square

	0.820
	0.524
	0.536
	0.582
	0.554
	0.575
	0.582
	

	2.990
	0.665
	0.649
	0.909
	0.815
	0.958
	0.924
	AI
	F-square

	0.887
	-
	-
	-
	-
	-
	-
	AI x DG
	

	0.807
	0.303
	0.280
	0.352
	0.343
	0.387
	0.366
	Q²predict


Table (7) indicates the explanatory and predictive power of the model. The coefficient of determination (R²) for the effectiveness of the entire HR function was 0.820, which means that 82% of the variance in the effectiveness of the HR function is due to the AI capabilities. This high percentage is due to the strong theoretical model used, which is supported by the dynamic resource and capacity theory (Mikalef & Gupta, 2021; Chowdhury et al., 2023). For the subfunctions, the R² ranged from 0.524 for compensation to 0.582 for workforce retention and planning, which is acceptable and satisfactory in explaining the variance in the HR subfunctions. Regarding the effect size (f²), the results showed that the impact of AI capabilities on overall effectiveness was large (2.990), while its effects on the subfunctions ranged from medium to large (0.649 to 0.958). The interaction effect also had a large effect size (0.887). As for the predictive values ​​Q², they all exceeded zero, reaching (0.807) for the overall effectiveness and ranging between (0.280) and (0.387) for the sub-functions, which confirms the high predictive power of the model (Henseler et al., 2016).
Analysis of differences between type of the banks:
The Patial Least Squares Structural Equation Modelling (PLS-SEM) approach was used within the framework of Multi-Group Analysis to examine the differences in path coefficients between the two study groups (commercial and Islamic). To achieve this goal, the (PLS-MGA) test was used, which is a test that relies on randomly redistributing the data for the groups a large number of times (replication in this research). The model is then re-estimating each time, and the differences in the resulting path coefficients are calculated (Henseler et al., 2016; Hair et al., 2021).
Table (8): PLS-MGA Comparison
	 p value
	Difference (Commercial - Islamic)
	Path
	Hypothesis

	0.945
	-0.103
	AI Capability -> HR Functions
	H1

	0.970
	-0.137
	AI Capability -> Staffing
	H1a

	0.559
	-0.009
	AI Capability -> Training and Development
	H1b

	0.315
	0.040
	AI Capability -> Performance Management
	H1c

	0.952
	-0.137
	AI Capability -> Compensation and Benefits
	H1d

	0.702
	-0.037
	AI Capability -> Workforce Planning and Predictive
	H1e

	0.419
	0.016
	AI Capability -> Retention and Wellbeing/Engagement
	H1f

	0.061
	0.099
	Data governance and privacy x AI Capability -> HR Functions
	H2


Table 8 shows no statistically significant differences between the two types of banks in all major and minor relationships, as all p-values exceeded the significance level of 0.05. The p-values ranged from 0.061 for the interaction effect to 0.970 for the effect of AI capabilities on recruitment. This indicates a similar impact of AI capabilities and the role of data governance and privacy in enhancing the effectiveness of human resources functions across both types of Jordanian banks, reflecting the homogeneity of the banking sector in terms of organizational and regulatory structure and human resources management practices (Langer & König, 2023; Raisch & Krakowski, 2021).
Discussion
The results, in aggregate, reveal a positive relationship between AI capability and improved effectiveness in the overall HR function, with the relationship holding across the spectrum of HR-related dimensions that were subject to analysis. Rather than suggesting that the improvement is function-specific, the results support the notion of a more general, overall improvement in the HR function, in keeping with the notion that AI creates HR value when it is integrated into routinized practices, decision-making processes, and learning activities. Perhaps most notably, the results also support the notion that the benefits of AI capability to HR function effectiveness are not automatic but, rather, that they are more evident in the context of more robust data governance and privacy regimes, which serve to frame the boundary conditions for the extent to which AI capability can be leveraged to support HR-related outcomes in a credible way.
This underlying trend is also theoretically understandable when viewed through the lens of a resource-based view (RBV) and dynamic capabilities framework. According to the Resource-Based View (RBV), the most suitable way of conceptualizing the AI capability is as a group of complementary resources, such as data, enabling infrastructures, skills, and processes, that create value when they become embedded in HR processes, as opposed to being seen as an autonomous technological input (Teece, 2007; Barney, 1991). The concept of dynamic capabilities has expanded the RBV by highlighting the importance of the firm’s capacity for continuous improvement in HR outcomes, such as the firm’s ability to sense HR-related opportunities, seize them, and learn to make changes to HR processes. These considerations are especially relevant for AI capability because of its adaptive learning and feedback characteristics. Overall, this framework helps explain the cross-organizational domains of the observed effect because AI capability is viewed as a cross-functional enabler of the organization’s information processing architecture in HR.
With respect to the first functional dimension of staffing (recruitment/selection/hiring) and training/development, the study’s findings are of substantive significance in that both areas are characterized by high-volume information processing and uncertainty about fitness and future performance. The potential for enhancing effectiveness through AI capability in both areas is plausible in that better signal extraction and faster cycle times could facilitate more consistent matching and development targeting. At the same time, both areas pose the most salient legitimacy risk in that potential unfairness could undermine acceptance of recommendations and predictions, even when prediction accuracy is high. Hence, the socio-organizational integration of AI is crucial for realizing its potential value. At the same time, recent HR scholarship suggests that the potential of AI in enhancing learning effectiveness hinges on redesigning development practices and clarifying the scope of professional judgment and risk of overreliance on AI recommendations rather than the straightforward implementation of technology in existing practices.
Regarding the second set of decisions, namely performance management and compensation/benefits, the results can be understood in terms of the constructs of credibility and justice. These aspects directly relate to employees’ experiences of the organization, such that the value of analytics-driven systems is only created to the extent that they remain transparent, justifiable, and aligned with developmental objectives (Colquitt, 2001). The people analytics literature also warns that the effects of algorithmic monitoring and evaluation can be detrimental when experienced by employees as intrusive, unjust, and punitive, thereby undermining the effectiveness of such systems, even when technically sophisticated (Giermindl et al., 2022). Accordingly, the positive relationship is most plausibly explained in terms of the ability of organizations to incorporate AI technologies in the context of performance and compensation decisions in a way that is legitimate, transparent, and non-intrusive, rather than the actual presence of such technologies.
The third cluster of workforce planning/predictive HR analytics and retention/well-being/engagement corresponds to an anticipatory logic that suggests that value is derived from the early recognition of, and more precise intervention into, the situation. Within these two areas, the effectiveness of the organization is contingent upon the organization's ability to predict the future skill needs or recognize potential risk and take timely and precise actions to improve the situation before it declines. This perspective aligns with the dynamic capabilities view of the firm, which suggests that value is created through learning cycles and constant reconfiguring rather than through the singular act of adoption (Raisch & Krakowski, 2021). At the same time, more recent research on the ethics of people analytics has pointed to the fact that retention and well-being outcomes critically depend on the way that people analytics is used to promote job quality and human dignity or to augment control, surveillance, and stress (Tursunbayeva et al., 2022). Read from this perspective, the results suggest that AI capability is related to retention and well-being outcomes when used in ways that are supportive and promote human dignity.
The moderating impact of data governance and privacy adds depth to the theoretical framework by showing that the impact of AI capability is heightened when the legitimacy conditions of the organization’s data foundations are better governed. Data governance structures set the rules and guidelines on how decision rights, accountability, and standards are controlled to improve the quality, traceability, and access discipline of the reliability of analytics results, which stabilizes the HR inferences from contested and brittle conclusions (Khatri & Brown, 2010). Privacy by design approaches provide an extension to data governance by showing that the inclusion of privacy considerations reduces the risk of compliance and legitimacy issues, thus preventing reversals in adoption when the appropriateness of data use is questioned by stakeholders (von Grafenstein et al., 2022). Overall, these approaches suggest that the maturity of data governance plays a role that is less about compliance and more about value creation by providing a “boost” to the marginal returns of AI capability by reinforcing data fitness for use and trust.
The subgroup analyses, where no meaningful differences in the relationship of interest can be found, can also be seen to support the notion that the fundamental relationship between AI capability and HR effectiveness is generally similar across forms, although it is important to note that such findings would only be valid to the extent that subgroup differences can be supported by measurement equivalence; otherwise, it is possible that the similarity in the relationship, or the differences found, could be an artifact of non-invariant measurement, not structural invariance (Henseler et al., 2016). The substantive implication here could be that there is a convergence in terms of digital-related routines and expectations in governance, or that the role of governance maturity is more important in determining the relationship between AI capabilities and HR effectiveness than the form itself.
Consequently, the discussion provides three concise theoretical contributions, whereby the study supports the notion that AI capability should be understood as an organizational capability that can improve the HR information processing and learning architecture, rather than an artifact of technology (Mikalef & Gupta, 2021). Moreover, the study’s consistency in providing effects across multiple HR activities supports the notion that AI capability acts as a cross-cutting HR effectiveness enabler, thereby supporting the holistic view of AI-enabled HR value creation (Chowdhury et al., 2023). Lastly, the study’s moderation results place the importance of data governance and privacy at the forefront, suggesting that AI capabilities can improve HR effectiveness in the presence of high governance maturity and a privacy by design discipline.
Clearly, the results have significant management implications. For instance, the results have explicit relevance to management if an organization wishes to extract value from the application of artificial intelligence in the management of its human resources; the results suggest that the organization should invest in a capability system that includes data quality, interoperability, and analytics, and processes to leverage AI in decision-making. At the same time, the results have significant management implications on the need to improve data governance and privacy as the fundamental enablers of the extraction of value from the application of AI in the management of the organization’s human resources. Further, the results have significant management implications on the relationship between the effectiveness of the management of the organization’s human resources using artificial intelligence and the ethical issues surrounding the design of fair, unbiased, and trustworthy AI applications, especially those that have significant consequences, like performance evaluation. The following sections discuss the practical implications of the results, limitations, and avenues for future research to further clarify the boundaries of the results.
Conclusion
The present study seeks to shed light on how AI capability leads to improved effectiveness in the human resource (HR) function, as well as under which circumstances this relationship is amplified. Building on resource-based view and dynamic capabilities perspectives, AI capability is conceptualized as an organization’s ability that goes beyond technology acquisition; it also involves the ability to leverage data, knowledge, and processes to aid HR decision-making and execution. By including data governance/privacy as a boundary condition, this study also addresses concerns regarding the dependency of AI’s value to HR on data quality, legitimacy, and controllability of employees’ data usage.
The results point to a common conclusion that is strongly supported, namely, that the capability of AI is related to improvements in the effectiveness of human resources (HR) across the domains of HR that were investigated, suggesting that the HR value of AI is best understood not in terms of a single, isolated benefit but in terms of a cross-functional uplift. More significantly, the results suggest that these benefits are not necessarily realized in an automatic way, but they tend to be more pronounced in organizations that have high standards of data governance and privacy. In short, it seems that the maturity of the organization in terms of governance and the application of privacy by design seems to help the organization leverage the HR value of AI in a more credible, scalable, and sustainable way.
The current study makes a theoretical contribution in three succinct ways: First, it lends support to the notion that AI should be conceptualized as a capability-based construct in HR; that is, value is created when AI resources are aggregated or bundled as part of HR processes, as opposed to thinking of AI as a standalone entity. Second, this study lends support to a holistic view of AI-enabled HR effectiveness, as evidenced by our ability to demonstrate consistency in our findings across several HR processes; that is, that AI capability-driven improvements can be seen to “flow through” to other related HR processes. Finally, our moderation results position data governance and privacy as a theoretically meaningful boundary condition for AI capability-driven HR benefits, specifically when governance maturity, accountability, and privacy are maximized.
The conclusions drawn should be considered in the context of the methodological decisions and the empirical scope of the research. Anticipatory research may help to improve causal inference and generalization by applying longitudinal approaches, multiple information sources, and objective outcomes of human resource (HR) management, as well as by considering more aspects of the governance mechanisms and contingencies that may affect the outcomes of the application of AI in HR. Overall, the findings support an implication for practice and theory: the value of AI for HR outcomes is not directly tied to technology adoption but depends on the capability of the organization and its governance, which are critical for the effectiveness, acceptability, and sustainability of AI-based HR.
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