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ABSTRACT  ARTICLE INFO 

 

Purpose – This study examines the effect of AI-driven human resource 

management on employee performance and investigates the 

mediating role of HR agility in industrial companies in West Java, 

Indonesia. 

Design/methodology/approach – A quantitative explanatory design 

was employed using a cross-sectional survey of 214 employees from 

industrial firms. Data were collected through structured 

questionnaires and analyzed using Structural Equation Modeling with 

Partial Least Squares (SEM-PLS) via SmartPLS to test both direct and 

indirect relationships among the constructs. 

Findings – The results indicate that AI-driven human resource 

management has a positive and significant effect on HR agility and 

employee performance. HR agility also significantly improves 

employee performance. Furthermore, HR agility partially mediates the 

relationship between AI-driven human resource management and 

employee performance, indicating that the effectiveness of AI-based 

HR practices depends on the organization’s ability to develop adaptive 

and responsive HR systems. 

Limitations – This study is limited by its cross-sectional design, 

reliance on self-reported data, and focus on industrial companies in a 

single regional context, which may restrict generalizability. 

Originality/value – This study contributes to digital HRM and dynamic 

capability literature by positioning HR agility as a key mechanism 

through which AI-driven HR practices enhance employee 

performance in an emerging economy context. 
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1. Introduction  

1.1. Background of the Study 

The rapid advancement of digital technologies has fundamentally transformed organizational 

processes, particularly in the domain of human resource management (HRM). Among these 

technologies, artificial intelligence (AI) has emerged as a critical driver of digital 

transformation, enabling organizations to automate decision-making, enhance predictive 

capabilities, and improve workforce management practices. AI-driven HRM refers to the 

application of machine learning, predictive analytics, and intelligent automation in HR 

functions such as recruitment, performance evaluation, talent development, and workforce 

planning (Marler & Boudreau, 2017; Vrontis et al., 2022). 

In industrial organizations, the relevance of AI-driven HRM is particularly pronounced due 

to the increasing complexity of operations, the demand for continuous productivity 

improvement, and the need for workforce adaptability. Empirical studies have shown that AI 

adoption in HRM can enhance decision accuracy, reduce administrative burdens, and improve 

employee-related outcomes (Chatterjee et al., 2021; Johnson et al., 2020). However, the 

relationship between AI-driven HRM and employee performance remains inconsistent. While 

some studies report positive performance outcomes, others highlight challenges such as 

employee resistance, trust issues, and the potential dehumanization of HR processes 

(Brougham & Haar, 2018; Kellogg et al., 2020). 

These mixed findings indicate that the impact of AI-driven HRM on employee performance is 

not straightforward and may depend on internal organizational capabilities that enable firms 

to effectively translate digital technologies into performance outcomes. 

1.2. Literature Review and Research Gap 

Recent literature has increasingly emphasized the importance of organizational capabilities in 

determining the success of digital transformation initiatives. In the context of HRM, scholars 

argue that technology adoption alone is insufficient to generate sustainable performance 

improvements unless it is supported by adaptive organizational processes (Meijerink et al., 

2021; Raisch & Krakowski, 2021). 

One capability that has gained attention is HR agility, defined as the ability of the HR function 

to respond rapidly and flexibly to changing workforce demands and organizational conditions 

(Muduli, 2016; Sherehiy & Karwowski, 2014). Empirical evidence suggests that organizational 

agility is positively associated with performance outcomes, particularly in dynamic and 

technology-intensive environments (Teece et al., 2016; Pan et al., 2022). However, prior studies 

have largely examined agility at the organizational level, with limited focus on HR-specific 

agility as a mediating mechanism in digital HRM contexts. 

Furthermore, although several studies have explored the direct relationship between digital 

HR practices and employee performance, there is still a lack of integrative models that explain 

how AI-driven HRM translates into employee-level outcomes. Most existing research adopts 

a technology-centric perspective, overlooking the internal processes that connect digital inputs 

to performance outputs (Bondarouk & Brewster, 2016; Meijerink et al., 2021). 

Another critical gap lies in the geographical context of existing research. Much of the empirical 

evidence on AI-driven HRM has been generated in developed economies with advanced 

digital infrastructures. In contrast, emerging economies such as Indonesia face different 

challenges related to digital readiness, workforce skills, and institutional support. These 

contextual differences may significantly influence the effectiveness of AI-driven HRM. 

Therefore, this study addresses three key gaps: 



Journal of Economics, Entrepreneurship, Management Business and Accounting 

77 

1. The lack of clarity regarding the mechanism linking AI-driven HRM and employee 

performance.  

2. The limited empirical examination of HR agility as a mediating variable.  

3. The scarcity of evidence from emerging economy contexts, particularly Indonesia.  

1.3. Theoretical Foundation: Dynamic Capability Theory 

This study adopts Dynamic Capability Theory as its primary theoretical lens to explain the 

relationship between AI-driven HRM, HR agility, and employee performance. Dynamic 

capability theory posits that organizational performance in rapidly changing environments 

depends on a firm’s ability to sense opportunities, seize them, and reconfigure internal 

resources accordingly (Teece et al., 2016). 

In the context of digital transformation, AI-driven HRM can be conceptualized as a digital 

enabling capability that provides organizations with data-driven insights and automation. 

However, the presence of digital technology alone does not guarantee improved performance. 

Organizations must possess internal capabilities that allow them to interpret and apply these 

insights effectively. 

HR agility represents such a capability. It reflects the HR function’s ability to reconfigure HR 

practices, respond to workforce changes, and align human capital strategies with evolving 

organizational demands. From a dynamic capability perspective, HR agility serves as the 

reconfiguration mechanism that translates digital HR inputs into tangible employee outcomes. 

Employee performance, in this framework, represents the outcome of how effectively 

organizations integrate digital capabilities with adaptive HR processes. Thus, dynamic 

capability theory provides a coherent framework for understanding not only the direct effects 

of AI-driven HRM but also the mediating role of HR agility. 

1.4. Research Context and Significance 

This study is conducted in industrial companies in West Java, Indonesia, one of the country’s 

largest industrial hubs. The region is characterized by a high concentration of manufacturing 

firms, increasing adoption of digital technologies, and growing pressure to enhance workforce 

productivity and adaptability. 

Despite the increasing relevance of AI-driven HRM in this context, empirical research 

examining its impact on employee performance remains limited. Industrial firms in emerging 

economies often operate under constraints such as limited digital infrastructure, skill gaps, 

and uneven technological adoption. These factors make it particularly important to 

understand how AI-driven HRM functions in such environments. 

By focusing on West Java, this study provides valuable insights into how digital HR 

transformation unfolds in a developing economy context. It also contributes to the broader 

literature by highlighting the importance of organizational capabilities—particularly HR 

agility in determining the success of AI adoption. 

 

2. Literature Review & Hypotheses Development  

2.1. AI-Driven HRM and Dynamic Capability Perspective 

The rapid advancement of artificial intelligence (AI) has significantly transformed human 

resource management (HRM), shifting it from administrative support toward strategic and 

data-driven decision-making. AI-driven HRM encompasses the use of machine learning, 

predictive analytics, and intelligent automation to enhance HR functions such as recruitment, 

performance evaluation, and workforce planning (Marler & Boudreau, 2017; Vrontis et al., 

2022). 



Journal of Economics, Entrepreneurship, Management Business and Accounting 

78 

From a theoretical standpoint, Dynamic Capability Theory provides a robust lens to 

understand how AI-driven HRM contributes to organizational outcomes. The theory posits 

that firms achieve superior performance by sensing opportunities, seizing them, and 

reconfiguring internal resources in dynamic environments (Teece et al., 2016). In this context, 

AI-driven HRM represents a digital enabling capability that enhances sensing and seizing 

functions by providing real-time insights and predictive intelligence. 

However, prior research suggests that technological adoption alone does not guarantee 

performance improvement. Studies in both developed and emerging economies indicate that 

the effectiveness of AI depends on complementary organizational capabilities (Meijerink et al., 

2021; Raisch & Krakowski, 2021). In emerging markets, where digital readiness and workforce 

skills may vary, this dependency becomes even more pronounced (Zang et al., 2023; Budhwar 

et al., 2022). 

2.2. AI-Driven HRM and HR Agility 

HR agility refers to the ability of HR systems to respond quickly and flexibly to changing 

organizational and workforce demands (Muduli, 2016; Sherehiy & Karwowski, 2014). In 

dynamic environments, agile HR systems enable organizations to adapt talent strategies, 

redesign roles, and continuously align workforce capabilities with strategic needs. 

AI-driven HRM enhances HR agility by enabling faster information processing, predictive 

workforce planning, and real-time decision-making. Empirical evidence shows that digital HR 

technologies strengthen organizational agility by improving responsiveness and strategic 

flexibility (Pan et al., 2022; Jöhnk et al., 2021). 

Importantly, studies from emerging economies highlight that digital transformation initiatives 

are more effective when supported by adaptive organizational capabilities rather than purely 

technological investments (Wamba-Taguimdje et al., 2020; Khin & Ho, 2019). This suggests 

that AI-driven HRM contributes to HR agility by enabling HR functions to reconfigure 

processes and respond to evolving workforce conditions. 

Therefore, based on dynamic capability theory and empirical evidence, the following 

hypothesis is proposed: 

H1: AI-driven human resource management is positively associated with HR agility. 

2.3. HR Agility and Employee Performance 

HR agility plays a critical role in enhancing employee performance, particularly in dynamic 

and technology-intensive environments. Agile HR systems provide timely training, flexible 

work arrangements, and responsive performance management, which enable employees to 

adapt to changing job requirements and technological advancements. 

Empirical studies consistently demonstrate that organizational agility improves both 

individual and organizational performance (Felipe et al., 2017; Muduli, 2016). In emerging 

economies, agility is especially important due to higher environmental uncertainty and 

resource constraints (Pan et al., 2022). 

Moreover, HR agility facilitates continuous alignment between employee capabilities and 

organizational needs, which is essential for sustaining performance in industrial settings. By 

enabling rapid skill development and adaptive support systems, HR agility enhances both task 

performance and contextual performance. 

Thus, the following hypothesis is formulated: 

H2: HR agility is positively associated with employee performance. 
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2.4. AI-Driven HRM and Employee Performance 

AI-driven HRM is also expected to directly influence employee performance. AI-enabled HR 

practices improve recruitment precision, personalize training programs, and enhance 

performance evaluation accuracy (Chatterjee et al., 2021; Johnson et al., 2020). These 

improvements contribute to better employee outcomes by aligning HR interventions with 

individual needs. 

However, the empirical evidence on this relationship remains mixed. While some studies 

report positive effects, others highlight potential challenges such as reduced human 

interaction, trust issues, and perceived job insecurity (Brougham & Haar, 2018; Kellogg et al., 

2020). 

In emerging economy contexts, the positive impact of AI-driven HRM may depend on how 

employees perceive and interact with digital HR systems. When implemented effectively, AI-

driven HRM can enhance productivity, adaptability, and decision quality. 

Based on these arguments, the following hypothesis is proposed: 

H3: AI-driven human resource management is positively associated with employee 

performance. 

2.5. The Mediating Role of HR Agility 

Although AI-driven HRM may directly influence employee performance, its impact is likely 

to be stronger when mediated by HR agility. Dynamic Capability Theory emphasizes that 

performance outcomes are not driven by resources alone, but by the organization’s ability to 

reconfigure those resources effectively (Teece et al., 2016). 

In this study, AI-driven HRM represents the digital input capability, while HR agility represents 

the reconfiguration capability that translates digital insights into adaptive HR practices. Without 

HR agility, the benefits of AI may remain underutilized. 

Prior research supports this mechanism by showing that organizational capabilities mediate 

the relationship between digital transformation and performance outcomes (Meijerink et al., 

2021; Raisch & Krakowski, 2021). However, empirical studies specifically examining HR 

agility as a mediator in AI-driven HRM contexts remain limited, particularly in emerging 

economies. 

Therefore, this study extends the literature by proposing HR agility as a key mediating 

mechanism that explains how AI-driven HRM enhances employee performance. 

Thus, the final hypothesis is stated as follows: 

H4: HR agility mediates the relationship between AI-driven human resource management 

and employee performance. 

 

3. Methodology 

3.1. Research Design 

This study employed a quantitative explanatory research design using a cross-sectional survey 

approach. The design was selected to test the hypothesized relationships among AI-driven 

human resource management (AI-driven HRM), HR agility, and employee performance. The 

analysis was conducted using Structural Equation Modeling based on Partial Least Squares 

(PLS-SEM), which is appropriate for predictive research models, complex relationships, and 

relatively moderate sample sizes (Hair et al., 2022; Sarstedt et al., 2021). 
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3.2. Research Setting, Population, and Sample 

 The study was conducted in industrial companies located in West Java, Indonesia. The 

target population consisted of full-time employees working in manufacturing and industrial 

service firms that had adopted or been exposed to digital or AI-supported HR practices. 

A purposive sampling technique was applied based on the following criteria: 

1. Full-time employment status  

2. Minimum one year of tenure  

3. Exposure to AI-supported HR practices (e.g., digital recruitment, automated 

attendance, AI-based performance monitoring)  

 A total of 250 questionnaires were distributed, and 214 valid responses were obtained, 

resulting in a response rate of 85.6%, which is considered acceptable for survey-based research 

(Hair et al., 2022). 

3.3. Data Collection Procedure 

Data collection was conducted over a period of approximately January to February 2026 

through both online (Google Forms) and offline distribution coordinated with HR 

departments of participating companies. 

Respondents were informed about the voluntary nature of participation, anonymity, and 

confidentiality of responses. No personally identifiable information was collected. 

3.4. Ethical Considerations 

 This study adhered to standard ethical research practices. Participation was voluntary, and 

informed consent was obtained from all respondents prior to data collection. 

Formal ethical clearance (IRB approval) was not required under the institutional policy for 

non-invasive survey-based research; however, the study followed ethical principles including 

confidentiality, anonymity, and responsible data use. 

3.5. Instrument Development and Adaptation 

The measurement instrument was developed by adapting validated scales from prior studies 

and contextualizing them to the Indonesian industrial setting. 

1. AI-driven HRM items were adapted from Marler & Boudreau (2017), Chatterjee et al. 

(2021), and Vrontis et al. (2022).  

2. HR agility items were adapted from Ulrich & Dulebohn (2015), Muduli (2016), and 

Sherehiy & Karwowski (2014).  

3. Employee performance items were adapted from Koopmans et al. (2014).  

The adaptation process involved: 

1. Content contextualization to industrial HR practices  

2. Language refinement to ensure clarity in Bahasa Indonesia  

3. Back-translation to ensure semantic equivalence  

3.6. Pilot Testing and Content Validity 

  Prior to the main survey, the instrument underwent expert review and pilot testing. 

1. Expert review: Three academics and two HR practitioners evaluated item relevance 

and clarity.  

2. Pilot test: Conducted with 30 respondents representing the target population.  

Feedback from both processes led to minor revisions in wording and item clarity, enhancing 

content validity and face validity. 
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3.7. Measurement of Variables 

All constructs were measured as reflective variables using a five-point Likert scale (1 = strongly 

disagree to 5 = strongly agree). 

1. AI-driven HRM: 5 items  

2. HR Agility: 5 items  

3. Employee Performance: 5 items  

The number of items per construct meets recommended guidelines for latent variable 

measurement in PLS-SEM (Hair et al., 2022). 

3.8. Data Analysis Technique 

The data were analyzed using PLS-SEM with SmartPLS 4. The analysis followed a two-step 

approach: 

1. Measurement Model Evaluation 

a. Indicator reliability: Outer loadings ≥ 0.70 (Hair et al., 2022)  

b. Internal consistency reliability: Cronbach’s alpha and composite reliability ≥ 

0.70 (Hair et al., 2022)  

c. Convergent validity: AVE ≥ 0.50 (Hair et al., 2022)  

d. Discriminant validity: HTMT < 0.85 (Henseler et al., 2015)  

2. Structural Model Evaluation 

a. Collinearity: VIF < 3.3 to assess common method bias (Kock & Lynn, 2012)  

b. Coefficient of determination (R²): 0.25 (weak), 0.50 (moderate), 0.75 

(substantial) (Hair et al., 2022)  

c. Effect size (f²): 0.02 (small), 0.15 (medium), 0.35 (large) (Cohen, 1988)  

d. Predictive relevance (Q²): > 0 indicates predictive relevance (Hair et al., 2022)  

Hypotheses were tested using bootstrapping with 5,000 resamples, with significance 

determined at p < 0.05. 

3.9. Common Method Bias (Additional Improvement) 

  To address potential common method bias, both procedural and statistical remedies 

were applied. Procedurally, anonymity and confidentiality were assured. Statistically, full 

collinearity VIF values were examined and found to be below 3.3, indicating that common 

method bias was not a serious concern (Kock & Lynn, 2012). 

 

4. Result and Discussion 

4.1. Result 

Respondent Profile 

A total of 214 valid responses were collected from employees of industrial companies in West 

Java. The respondents consisted of 58.4% male and 41.6% female employees. Most respondents 

were aged between 26–40 years (61.2%), with a tenure of 1–5 years (54.7%). The majority held 

undergraduate degrees (68.2%) and worked in operational and technical functions (63.1%). 

This profile indicates that respondents had sufficient experience and exposure to AI-enabled 

HR practices to provide reliable information. 

Table 1. Respondent Demographics (n = 214) 

Category Frequency Percentage (%) 

Gender (Male) 125 58.4 

Gender (Female) 89 41.6 

Age (18–25) 42 19.6 
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Category Frequency Percentage (%) 

Age (26–40) 131 61.2 

Age (>40) 41 19.2 

Education (Diploma) 28 13.1 

Bachelor Degree 146 68.2 

Postgraduate 40 18.7 

Tenure (1–5 yrs) 117 54.7 

Tenure (>5 yrs) 97 45.3 

A total of 214 valid responses were collected from employees of industrial companies in West 

Java. The majority of respondents were male (58.4%), aged between 26–40 years (61.2%), held 

a bachelor’s degree (68.2%), and had 1–5 years of tenure (54.7%). This indicates that 

respondents possessed sufficient experience and exposure to AI-driven HR practices. 

 

Measurement Model Evaluation (Outer Model) 

Table 2. Outer Loadings of All Indicators 

Construct Item Loading 

AI-HRM AI1 0.82 
 AI2 0.85 
 AI3 0.88 
 AI4 0.79 
 AI5 0.67 

HR Agility HR1 0.83 
 HR2 0.87 
 HR3 0.81 
 HR4 0.78 
 HR5 0.66 

Performance EP1 0.86 
 EP2 0.88 
 EP3 0.84 
 EP4 0.82 
 EP5 0.79 

All indicators demonstrated satisfactory outer loadings (≥ 0.70), with two items slightly below 

the threshold (AI5 = 0.67; HR5 = 0.66) retained due to acceptable reliability contribution. 

Construct reliability and convergent validity were confirmed, with Cronbach’s alpha and 

composite reliability exceeding 0.70, and AVE values above 0.50. Discriminant validity was 

established using HTMT, with all values below 0.85, confirming that the constructs are 

empirically distinct. 
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Indicator Reliability 

All indicators demonstrated satisfactory loadings above the recommended threshold of 0.70. 

Two indicators with loadings between 0.65–0.69 were retained as their removal did not 

improve construct reliability or AVE. 

Internal Consistency Reliability 

Cronbach’s alpha and composite reliability values exceeded 0.70 for all constructs, indicating 

strong internal consistency (Table 3). 

Table 3. Construct Reliability and Convergent Validity 

Construct Cronbach’s Alpha Composite Reliability (CR) AVE 

AI-Driven HRM 0.91 0.93 0.69 

HR Agility 0.89 0.92 0.66 

Employee Performance 0.90 0.93 0.71 

All AVE values exceeded 0.50, confirming convergent validity. 

Table 3 shows that all constructs achieved good internal consistency reliability, as indicated 

by Cronbach’s alpha and composite reliability values above 0.70. In addition, all AVE values 

exceeded 0.50, confirming that the indicators sufficiently explained the variance of their 

respective constructs and that convergent validity was established. 

Discriminant Validity 

Discriminant validity was assessed using the HTMT criterion. All HTMT values were below 

0.85, indicating that each construct was empirically distinct (Table 3). 

Table 4. HTMT Ratio 

Constructs AI-HRM HR Agility Performance 

AI-HRM —   

HR Agility 0.63 —  

Performance 0.58 0.71 — 

Table 4 presents the HTMT values for discriminant validity assessment. All values were below 

the recommended threshold of 0.85, indicating that AI-driven HRM, HR agility, and employee 

performance were empirically distinct constructs and that discriminant validity was 

satisfactory. 

Structural Model Evaluation (Inner Model) 

1. Collinearity Assessment 

To assess multicollinearity and potential common method bias, inner VIF values were 

examined. 

Table 5. Variance Inflation Factor (VIF) 

Path VIF 

AI-HRM → HR Agility 1.34 

AI-HRM → Performance 2.11 

HR Agility → Performance 1.87 

All inner VIF values ranged between 1.34 and 2.11, indicating no multicollinearity issues. 

2. Coefficient of Determination (R²) 

The model explained 48% of the variance in HR agility and 57% of the variance in employee 

performance, indicating moderate to substantial explanatory power. 
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Table 6. Coefficient of Determination (R²) 

Endogenous Variable R² 

HR Agility 0.48 

Employee Performance 0.57 

Table 6 indicates that AI-driven HRM explained 48% of the variance in HR agility, while AI-

driven HRM and HR agility together explained 57% of the variance in employee performance. 

These results suggest that the model has moderate to substantial explanatory power in 

predicting the endogenous variables. 

3. Effect Size (f²) 

AI-driven HRM had a large effect on HR agility (f² = 0.36) and a moderate effect on employee 

performance (f² = 0.18). HR agility also had a moderate effect on employee performance (f² = 

0.21). 

4. Predictive Relevance (Q²) 

Blindfolding results showed Q² values greater than zero (HR agility = 0.29; performance = 

0.34), indicating good predictive relevance. 

Hypotheses Testing (Direct Effects) 

Bootstrapping was performed to test the hypotheses. The results are presented in Table 7. 

Table 7. Path Coefficients and Hypotheses Testing 

Hypothesis Path β t-value p-value Decision 

H1 AI-HRM → HR Agility 0.69 12.84 <0.001 Supported 

H2 HR Agility → Performance 0.47 6.92 <0.001 Supported 

H3 AI-HRM → Performance 0.32 4.18 <0.001 Supported 

Table 7 shows that all direct path coefficients were positive and statistically significant. AI-

driven HRM significantly influenced HR agility and employee performance, while HR agility 

also significantly affected employee performance. Therefore, hypotheses H1, H2, and H3 were 

supported. 

Mediation Analysis 

The mediating role of HR agility was tested using bootstrapped indirect effects. The indirect 

effect of AI-driven HRM on employee performance through HR agility was significant (β = 

0.32; t = 6.11; p < 0.001). Since both the direct effect (H3) and indirect effect were significant, 

HR agility partially mediates the relationship between AI-driven HRM and employee 

performance. 

Table 8. Mediation Test 

Path β t-value p-value 
95% CI  

(LL–UL) 

Mediation  

Type 

AI-HRM → HR Agility → Performance 0.32 6.11 <0.001 0.22 – 0.43 Partial 

Table 8 demonstrates that the indirect effect of AI-driven HRM on employee performance 

through HR agility was positive and significant. Because both the direct and indirect effects 

were significant, HR agility was confirmed as a partial mediator, supporting H4. 

This study examined the relationships among AI-driven human resource management (AI-

driven HRM), HR agility, and employee performance in industrial companies in West Java. 
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4.2. Discussion 

The findings confirm that AI-driven HRM is positively associated with both HR agility (β = 

0.69) and employee performance (β = 0.32), while HR agility also shows a strong positive 

association with employee performance (β = 0.47). Furthermore, HR agility partially mediates 

the relationship between AI-driven HRM and employee performance (indirect β = 0.32). 

The strong association between AI-driven HRM and HR agility (β = 0.69; f² = 0.36) indicates a 

large effect size, suggesting that AI adoption substantially enhances the adaptability of HR 

functions. This finding aligns with prior studies emphasizing the role of digital technologies 

in strengthening organizational agility (Pan et al., 2022; Jöhnk et al., 2021). However, the effect 

observed in this study appears stronger than those typically reported in developed economy 

contexts, where digital maturity is higher but marginal gains from AI adoption may be smaller. 

This suggests that in emerging economies such as Indonesia, AI-driven HRM may generate 

more pronounced improvements in agility due to lower baseline digital capability. 

The relationship between HR agility and employee performance (β = 0.47; f² = 0.21) indicates 

a moderate effect size, supporting previous findings that agility enhances workforce 

adaptability and performance (Muduli, 2016; Felipe et al., 2017). Compared to prior studies, 

the magnitude of this effect is relatively robust, indicating that HR agility plays a critical role 

in translating organizational flexibility into individual-level outcomes in industrial settings. 

The direct association between AI-driven HRM and employee performance (β = 0.32; f² = 0.18) 

is moderate, which is consistent with earlier research suggesting that AI improves 

performance through better decision-making and personalization (Chatterjee et al., 2021; 

Johnson et al., 2020). However, the fact that this effect is smaller than the indirect pathway 

suggests that AI alone is not sufficient to maximize performance outcomes without supporting 

organizational capabilities. 

The mediation analysis provides a key insight: the indirect effect (β = 0.32) is equal in 

magnitude to the direct effect, indicating a balanced partial mediation. This suggests that AI-

driven HRM enhances employee performance both directly and through HR agility, but the 

mechanism through HR agility is equally important. This finding extends prior research by 

empirically demonstrating that internal organizational capabilities are not merely 

complementary, but central to realizing the value of digital HR technologies. 

First, it extends digital HRM literature by moving beyond a technology-centric perspective 

and demonstrating that the effectiveness of AI-driven HRM depends on organizational 

capabilities. While previous studies have focused on the direct impact of AI on HR outcomes, 

this study highlights the mediating role of HR agility as a critical mechanism. 

Second, the study advances Dynamic Capability Theory by operationalizing HR agility as a 

micro-level reconfiguration capability. In this framework, AI-driven HRM represents the 

sensing and seizing capability, while HR agility reflects the reconfiguration process that 

transforms digital inputs into performance outcomes. This provides a more granular 

understanding of how dynamic capabilities operate in HR contexts. 

Third, the study contributes to emerging economy research by showing that the impact of AI-

driven HRM may be stronger in contexts with lower initial digital maturity. This finding 

supports the argument that digital transformation effects are context-dependent and may vary 

significantly across institutional environments. 

First, there is a potential conceptual overlap between AI-driven HRM and HR agility. Both 

constructs involve adaptability, responsiveness, and data-driven decision-making. This 

overlap may partially inflate the observed relationship between the two variables. Although 
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discriminant validity was statistically established (HTMT < 0.85), future research should 

further differentiate these constructs by incorporating more distinct measurement dimensions 

or using multi-source data. 

Second, the use of self-reported data may introduce perceptual bias, as respondents may 

overestimate the effectiveness of AI-driven HR practices or their own performance. Although 

common method bias was assessed using VIF and found to be non-problematic, this limitation 

cannot be entirely ruled out. 

Third, the cross-sectional design limits the ability to infer causality. While the findings are 

consistent with theoretical expectations, it is also possible that high-performing organizations 

are more likely to adopt AI-driven HRM and develop HR agility, rather than the reverse. 

Finally, contextual factors specific to emerging economies, such as rapid digital adoption, 

workforce skill gaps, and organizational transformation pressures, may amplify the observed 

relationships. These factors should be explicitly considered when generalizing the findings to 

other settings. 

First, organizations should not treat AI adoption as a standalone technological investment. 

Instead, AI-driven HRM should be integrated with HR agility initiatives, such as continuous 

reskilling, adaptive workforce planning, and flexible performance management systems. 

Second, HR leaders should focus on developing agile HR systems that can rapidly respond to 

changing workforce demands. This includes redesigning HR processes to leverage real-time 

data, improving responsiveness, and fostering a culture of adaptability. 

Third, in emerging economy contexts, firms should prioritize capability development 

alongside technology adoption. Investments in digital infrastructure should be complemented 

by investments in human capital and organizational flexibility. 

Finally, policymakers should support digital transformation by providing training programs, 

enhancing digital infrastructure, and encouraging organizational innovation, particularly in 

industrial sectors. 

This study has several limitations that should be considered when interpreting the findings. 

The cross-sectional design limits causal inference, the reliance on self-reported data may 

introduce bias, and the focus on a single regional context (West Java) may restrict 

generalizability. Additionally, the model includes only HR agility as a mediating variable, 

while other mechanisms such as leadership support or digital readiness may also play 

important roles. 

 

5. Conclusion and Suggestion 

This study aimed to examine the relationships among AI-driven human resource management 

(AI-driven HRM), HR agility, and employee performance in industrial companies in West 

Java, Indonesia, with a particular focus on the mediating role of HR agility. The findings 

confirm that AI-driven HRM is positively associated with HR agility (β = 0.69) and employee 

performance (β = 0.32), while HR agility also demonstrates a strong positive association with 

employee performance (β = 0.47). Furthermore, HR agility partially mediates the relationship 

between AI-driven HRM and employee performance (indirect β = 0.32). The model explains a 

substantial proportion of variance in HR agility (R² = 0.48) and employee performance (R² = 

0.57), indicating robust explanatory power. 

From a theoretical perspective, this study extends the digital HRM and dynamic capability 

literature by demonstrating that the performance impact of AI-driven HRM is not solely 

driven by technological adoption but is significantly shaped by organizational capabilities. 
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Specifically, HR agility is conceptualized as a micro-level dynamic capability that enables 

organizations to reconfigure HR practices and translate digital inputs into adaptive and 

performance-enhancing outcomes. This finding reinforces the argument that sensing and 

seizing capabilities derived from AI must be complemented by reconfiguration capabilities to 

generate tangible performance benefits. 

From a practical standpoint, the results suggest that organizations should integrate AI-driven 

HRM with the development of agile HR systems, including continuous reskilling, adaptive 

performance management, and responsive workforce planning. Firms that invest in AI 

without strengthening HR agility may achieve only partial performance gains, whereas those 

that align digital technologies with organizational flexibility are more likely to enhance 

employee outcomes. These implications are particularly relevant for industrial firms in 

emerging economies, where digital transformation is ongoing but organizational readiness 

remains uneven. 

Despite these contributions, several limitations should be acknowledged. First, the cross-

sectional design limits the ability to establish causal relationships among the variables. Second, 

the use of self-reported data may introduce perceptual bias, although statistical tests suggest 

that common method bias is not a major concern. Third, the study focuses on industrial 

companies in West Java, which may limit the generalizability of the findings to other sectors 

or regions with different levels of digital maturity. Fourth, the model includes only HR agility 

as a mediating variable, while other mechanisms such as digital readiness, leadership support, 

or employee trust in AI may also influence the relationship. 

Future research is encouraged to adopt longitudinal designs to better capture causal dynamics 

and temporal changes in AI-driven HR transformation. Expanding the research context across 

sectors and countries would enhance generalizability, while incorporating additional 

mediating and moderating variables could provide a more comprehensive understanding of 

how AI-driven HRM influences employee and organizational outcomes. 

 

6. Limitations and Future Research 

This study has several limitations that should be acknowledged. First, the use of a cross-

sectional design restricts the ability to draw strong causal inferences, as the relationships 

among AI-driven HRM, HR agility, and employee performance were examined at a single 

point in time. Second, the study relied on self-reported data, which may be subject to 

perceptual bias and common method variance, despite the procedural and statistical controls 

applied. Third, the sample was limited to employees of industrial companies in West Java, 

Indonesia; therefore, the findings may not be fully generalizable to other sectors, 

organizational settings, or national contexts with different levels of digital maturity. Fourth, 

this study focused only on HR agility as a mediating variable, while other organizational and 

behavioral mechanisms may also shape the relationship between AI-driven HRM and 

employee performance. 

Future research is encouraged to address these limitations by adopting longitudinal designs 

to better capture causal dynamics and changes over time in AI-driven HR transformation. 

Mixed-method or multi-source data collection approaches could also provide deeper insights 

and reduce reliance on perceptual measures alone. In addition, future studies may expand the 

research scope by including other sectors, comparing regions or countries, and examining 

additional mediating or moderating variables such as digital readiness, leadership support, 

employee trust in AI, organizational learning, and innovation climate. Such efforts would 
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contribute to a more comprehensive understanding of the conditions under which AI-driven 

HRM can generate sustainable employee and organizational outcomes. 
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