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	ABSTRACT
This study examines the effect of artificial intelligence–based human resource management (AI-based HRM) on employee performance with digital skills as a mediating variable and technology acceptance as a moderating variable. The research adopts a quantitative explanatory approach using a cross-sectional survey design. Data were collected from 300 permanent employees of manufacturing firms in Indonesia and analyzed using Partial Least Squares–Structural Equation Modeling (PLS-SEM). The results indicate that AI-based HRM has a significant positive effect on employee performance. Digital skills partially mediate the relationship between AI-based HRM and employee performance, while technology acceptance positively moderates the effect of AI-based HRM on digital skills. This study contributes to the AI–HRM literature by integrating the Resource-Based View and the Technology Acceptance Model and offers practical insights for manufacturing firms seeking to align AI adoption with employee digital capability development.
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INTRODUCTION
The rapid development of artificial intelligence (AI) has significantly transformed human resource management (HRM) practices, particularly within manufacturing organizations. AI-based HRM systems enable automation of recruitment, performance appraisal, workforce analytics, and training personalization, thereby enhancing decision accuracy and operational efficiency. In manufacturing firms, employee performance remains a critical determinant of organizational competitiveness, underscoring the relevance of adopting AI-driven HR practices.
However, the effectiveness of AI-based HRM does not solely depend on technological availability. Employees must possess adequate digital skills to effectively interact with AI systems. Furthermore, technology acceptance plays a crucial role in shaping employees’ willingness to adopt and utilize AI-based HR practices. Despite growing interest in AI-driven HRM, empirical evidence examining the combined roles of digital skills and technology acceptance in enhancing employee performance remains limited, particularly in emerging economic contexts.
By focusing on manufacturing firms in Indonesia, this study provides empirical evidence from an emerging economy and extends the AI-based HRM literature beyond developed country settings. Accordingly, this study examines the effect of AI-based HRM on employee performance, with digital skills as a mediating variable and technology acceptance as a moderating variable.

METHOD
This study employed a quantitative explanatory research design, using a cross-sectional survey. The population consisted of permanent employees working in Indonesian manufacturing firms that had implemented AI-based HRM practices. Purposive sampling was used, yielding 300 valid respondents. Data were collected using a structured questionnaire, scored on a five-point Likert scale from 1 (strongly disagree) to 5 (strongly agree).
All constructions were measured using established scales adapted from prior studies. AI-based HRM was measured using indicators adapted from Malik et al. (2022) and Zhang and Chen (2024), reflecting the application of AI in recruitment, performance appraisal, workforce analytics, and training personalization. Digital skills were measured using indicators adapted from Van Laar et al. (2020) that capture employees' ability to effectively use digital technologies. Technology acceptance was measured based on perceived usefulness and perceived ease of use, adapted from Davis (1989) and Venkatesh et al. (2003). Employee performance was measured using indicators adapted from Nguyen et al. (2023).
The measurement model was evaluated by assessing convergent validity using Average Variance Extracted (AVE), discriminant validity using the Heterotrait–Monotrait (HTMT) ratio, and internal consistency reliability using Cronbach’s Alpha and Composite Reliability. All constructions met the recommended threshold values.
Partial Least Squares–Structural Equation Modeling (PLS-SEM) was employed because the study is prediction-oriented and involves a complex structural model that incorporates both mediation and moderation. PLS-SEM is suitable for handling non-normal data distributions and moderate sample sizes, making it appropriate for the present study.

RESULTS AND DISCUSSION
1. Measurement Model Results
Table 1. Convergent Validity and Reliability
	Construct
	Indicator Loading
	Cronbach’s Alpha
	Composite Reliability (CR)
	AVE

	AI-based HRM
	0.712 – 0.862
	0.881
	0.912
	0.634

	Digital Skills
	0.734 – 0.889
	0.874
	0.908
	0.621

	Technology Acceptance
	0.746 – 0.901
	0.893
	0.924
	0.671

	Employee Performance
	0.721 – 0.876
	0.867
	0.903
	0.609


All indicator loadings exceed the recommended threshold of 0.70. Cronbach’s Alpha and Composite Reliability values are above 0.70, indicating strong internal consistency reliability. AVE values for all constructs exceed 0.50, confirming adequate convergent validity.
2. Discriminant Validity
Table 2. HTMT Ratio
	Constructs
	AI-HRM
	Digital Skills
	Tech Acceptance
	Performance

	AI-based HRM
	—
	
	
	

	Digital Skills
	0.643
	—
	
	

	Technology Acceptance
	0.587
	0.669
	—
	

	Employee Performance
	0.612
	0.741
	0.655
	—


All HTMT values are below the 0.90 threshold, indicating satisfactory discriminant validity.
3. Structural Model Results
a. Collinearity Assessment
All Variance Inflation Factor (VIF) values ranged between 1.412 and 2.386, which are below the critical value of 5.0, indicating no multicollinearity issues.
b. Path Coefficients and Hypothesis Testing
Bootstrapping was conducted using 5,000 subsamples.
Table 3. Structural Path Results
	Hypothesis
	Path
	β
	t-value
	p-value
	Result

	H1
	AI-HRM → Employee Performance
	0.312
	5.284
	<0.001
	Supported

	H2
	AI-HRM → Digital Skills
	0.547
	9.732
	<0.001
	Supported

	H3
	Digital Skills → Employee Performance
	0.401
	6.918
	<0.001
	Supported

	H4
	AI-HRM × Tech Acceptance → Digital Skills
	0.168
	3.241
	0.001
	Supported


AI-based HRM has a significant positive effect on employee performance and digital skills. Digital skills significantly enhance employee performance. The interaction term indicates a significant moderating effect of technology acceptance.
c. Coefficient of Determination (R²)
Table 4. R² Values
	Endogenous Construct
	R²

	Digital Skills
	0.421

	Employee Performance
	0.487


The R² values indicate that the model explains 42.1% of the variance in digital skills and 48.7% of the variance in employee performance, representing moderate to substantial explanatory power.
d. Effect Size (f²)
Table 5. Effect Size
	Relationship
	f²
	Effect

	AI-HRM → Digital Skills
	0.398
	Large

	Digital Skills → Performance
	0.274
	Medium

	AI-HRM → Performance
	0.146
	Small–Medium



e. Predictive Relevance (Q²)
Blindfolding analysis produced Q² values greater than zero:
	Construct
	Q²

	Digital Skills
	0.268

	Employee Performance
	0.312


These results confirm adequate predictive relevance.
f. Mediation Analysis
Table 6. Mediation Results
	Path
	Indirect Effect
	t-value
	p-value
	Mediation

	AI-HRM → Digital Skills → Performance
	0.219
	5.376
	<0.001
	Partial


Digital skills partially mediate the relationship between AI-based HRM and employee performance, indicating both direct and indirect effects.
g. Moderation Analysis
The interaction effect between AI-based HRM and technology acceptance is positive and significant (β = 0.168; p = 0.001), indicating that technology acceptance strengthens the impact of AI-based HRM on digital skills.
h. Integrated Interpretation
The findings demonstrate that AI-based HRM serves as a strategic organizational resource that directly and indirectly enhances employee performance through digital skills development. Technology acceptance amplifies this effect by increasing employees’ willingness to engage with AI-enabled HR systems.
The results indicate that AI-based HRM has a significant positive effect on employee performance. AI-based HRM also positively influences employees’ digital skills, thereby significantly enhancing employee performance. Mediation analysis confirms that digital skills partially mediate the relationship between AI-based HRM and employee performance.
Furthermore, technology acceptance positively moderates the effect of AI-based HRM on digital skills, indicating that employees who perceive AI-based HR systems as useful and easy to use are more likely to develop digital competencies. These findings support the Resource-Based View, suggesting that AI-based HRM serves as a strategic organizational resource when combined with employee capabilities. The results also align with the Technology Acceptance Model, highlighting the importance of perceived usefulness and ease of use in technology-driven HR systems.
From a practical perspective, manufacturing firms should integrate AI implementation with continuous digital skills development and effective change management initiatives to enhance employee performance.

CONCLUSION
This study concludes that artificial intelligence–based human resource management significantly improves employee performance both directly and indirectly through digital skills. Technology acceptance strengthens the effectiveness of AI-based HRM in enhancing digital skills. These findings highlight the importance of aligning AI implementation with employee capability development to maximize performance outcomes.
Limitations and Future Research Directions
Despite its contributions, this study has several limitations that also offer opportunities for theoretical advancement. The cross-sectional research design limits the ability to capture long-term and dynamic effects of AI-based HRM. Future studies may adopt longitudinal designs to examine changes in digital skills, technology acceptance, and employee performance over time.
Additionally, this study primarily focuses on performance outcomes and does not explicitly address emerging theoretical issues, such as ethical AI in HRM and algorithmic management. Future research is encouraged to incorporate ethical considerations, transparency, and fairness of AI-driven HR decisions to better understand their implications for employee trust and psychological safety.
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