
  

* Corresponding author  

E-mail  osamah.ymh@usim.edu.my  (O. Hashem)  

ISSN 1929-5812 (Online) - ISSN 1929-5804 (Print)  

2026 Growing Science Ltd.  

doi: 10.5267/j.dsl.2026.8.001 

 
 

 
 

Decision Science Letters 15 (2026) 1109–1122 

 

 

Contents lists available at GrowingScience 
 

Decision Science Letters 
 

homepage: www.GrowingScience.com/dsl 

 
 

 

 

 

Legal practices of AI-driven HRM practices and organizational Performance: The mediating role of employee 

adaptability in digital-era organizations 

 

Mahmoud Mefleh AL-Jarraha, Ahmad Tayseer Mahmud Masadehb, Mohammad Ahmad Nayef Alakashc, Osamah 
Hashemd* and Wasif Naif Nahar Daqamsehe  

 

 

aDepartment of Civil Law, Faculty of Law, Jadara University, Jordan 
bFaculty of Law, Jadara University, Jordan 
cAssociate Professor in Political Science, Jadara University, Jordan 
dIslamic Finance and Wealth Management Institute, Faculty of Economic and Muamalat, Universiti Sains Islam Malaysia, Malaysia 
eFaculty of Business, Ajloun National University, Jordan 

C H R O N I C L E                                 A B S T R A C T 

Article history:  
Received February 15 2026 

Received in Revised Format  

April 15 2026  

Accepted August 4 2026 

Available online August 4 2026 

 This study focuses on human resource management issues in the digital age from a legal 

perspective, based on dual-core theory, and empirically examines the impact of AI-enabled HR 

practices on organizational performance. The core dimensions of AI-enabled HR in this study 

include AI-powered recruitment, training, and performance appraisal, with employee adaptability 

introduced as a mediating variable. The study employed a quantitative research design, collecting 

247 validated questionnaires from employees in digital organizations using partial least squares 

structural equation modeling (PLS-SEM) for empirical testing. The reliability and validity of the 

measurement model exceeded 0.7, the average extracted variance value was greater than 0.5, and 

the model passed the discriminant validity test according to the Fornell-Larcker criterion. The path 

test results demonstrate that all types of AI-enabled HR practices that comply with laws and 

regulations, along with employee adaptability, have a significant positive impact on organizational 

performance. Furthermore, employee adaptability is a positive mediating factor in the relationship 

between AI-enabled recruitment and organizational performance. This study complements the 

empirical evidence in this field regarding the interactive impact of AI-assisted human resources 

systems and the adaptability of employees.  
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1. Introduction 
 

Currently, global Artificial Intelligence (AI) is developing rapidly, reshaping the organizational structures, management 

processes, and labor ecosystems of all industries. A large number of enterprises advancing digital transformation have 

integrated four types of AI technologies (intelligent automation, predictive analytics, machine learning, and natural language 

processing) into their human resource management (HRM) practices (Aloqaily, 2022, 2023; Sharadgah et al., 2025; Qahman 

et al., 2026), aiming to achieve three core operational goals: improving decision-making quality, optimizing labor force 

allocation, and strengthening core competitiveness. Existing research by Tambe et al. (2019) and Strohmeier (2023) confirms 

that AI can drive the transformation of HRM functions; a study by Malik et al. (2022) defines that the complex business 

environment, which bears three core characteristics (accelerating technological updates, rapidly shifting customer demands, 

and continuously intensifying global competition) is speeding up the implementation of AI-HRM. However, the academic 

community still holds significant divergent views on the actual mechanism through which AI-driven HRM improves 

organizational performance. Scholars who support the idea of a positive correlation between the two, including Lee & Yin 

(2023) and Li et al. (2021), have proposed three core functional pathways. 

 

Köchling and Wehner (2020) and Raghavan et al. (2020) have warned that overreliance on algorithmic management in the 

field of AI human resource management (AI-HRM) can trigger three types of issues that undermine organizational 
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effectiveness: employee resistance, ethical risks, and a sharp surge in employees’ psychological burden. However, most 

existing research only relies on explanatory frameworks built on pure technical logic, and has not fully examined the human 

and behavioral dimensions that shape the effectiveness of AI-HRM systems.  

 

This study targets the research gaps in the field of artificial intelligence-enabled human resource management (AI-HRM). 

Taking employee adaptability as its core research perspective, it adopts the classic definition of this variable developed by 

Pulakos et al. in 2000. Drawing on the digital scenario requirements proposed by Autor et al. in 2024, this study argues that 

workforce adaptability is the core mechanism through which AI-HRM translates into improved organizational performance. 

It then sorts out the trajectory of HRM transformation: traditional HRM centered on three core basic administrative functions, 

namely payroll calculation, personnel file management, and new employee onboarding processing. Following the 

popularization of general digital technologies, HRM shifted toward a strategic function that supports an organization’s core 

competitiveness, and AI technology has further accelerated this transformation. Three core types of AI-HRM applications 

have been implemented to date: AI recruitment systems that reduce person-position mismatches by shortening resume 

screening cycles; AI training systems that deliver personalized learning courses; and AI performance evaluation systems that 

generate performance ratings based on multi-source data. This study posits that employees’ ability to adapt to digital 

environments is the core constraint on the technical effects of AI-HRM. This proposition is supported by the 2023 studies of 

Duan et al. and Wang et al. The study also anchors its analysis in the dynamic capabilities theory proposed by Teece et al. in 

1997 to strengthen its academic rigor. This paper organizes two conflicting sets of conclusions in the field: one group of 

studies claims that AI-HRM delivers comprehensive efficiency improvements, while the other group warns that it will worsen 

labor-management conflicts. This organization underscores the core value space of the present study. 

 

This study proposes that employee adaptive capacity can serve as a mediating variable to explain this contradiction. Thus, 

this field also has three key research gaps: scattered empirical insights, weak theoretical foundations, and the widespread 

neglect of impacts from non-technical dimensions. Currently, AI-HRM has become a core topic in global industry and 

academic circles. Data from the World Economic Forum (2023) shows that the scale of global investment in the AI sector 

continues to rise. However, research by Köchling & Wehner (2020) points out that the implementation of AI-HRM at most 

enterprises has long faced the practical pain point of insufficient return on investment. Autor et al. (2024) also emphasize that 

digital transformation has put forward brand-new requirements for the labor force’s adaptability. Three core gaps have been 

exposed in past research on the AI-HRM field, as identified in reviews by Wang et al. (2023) and Nguyen & Malik (2022): 

First, most studies treat AI-HRM and organizational performance as directly linked variables, completely ignoring the 

mediating explanatory mechanism of employee adaptability; second, existing research isolates and separates the three AI-

HRM tools of AI recruitment, AI training, and AI performance evaluation, failing to integrate them into a complete AI-driven 

HRM analytical framework; third, the context of past research is only limited to technologically developed economies, and 

most focus on isolated organizational functions, failing to cover the needs of overall organizational transformation (Shakhatreh 

et al., 2023). To address these three major research gaps, this study integrates technical, behavioral, and organizational 

perspectives to build a unified analytical framework. Its core-tests the direct impact of the three types of AI-HRM practices 

on organizational performance, while simultaneously verifying the mediating role of employee adaptability.  

 

This work responds to the industrial pain point of insufficient return on enterprises’ AI investment from a practical dimension, 

and also addresses the core academic debate over how AI technology generates organizational value from a theoretical 

dimension. Most existing studies in the field of digital transformation focus primarily on improving technical efficiency, and 

generally underestimate the behavioral and human capital dimensions of digital transformation, leaving a clear research gap. 

This study sets employee adaptability as a mediating variable, extending the relevant body of literature on the human resource 

management-performance causal chain. By demonstrating how AI-enabled human resource systems cultivate an adaptive 

workforce to improve organizational performance, this study supplements dynamic capability theory, while responding to the 

academic community’s call to build a people-centered, integrated AI-HRM framework.  

2. Literature Review and Hypothesis Development 

This study integrates three complementary academic theories to build its core explanatory framework. The core logic of the 

framework holds that artificial intelligence-driven human resource management (AI-HRM) practices affect organizational 

performance through employee adaptability. This framework will provide core support for the five research hypotheses 

proposed later in the paper, and the foundational logic of the framework draws on relevant studies by Shubailat et al. (2025). 

The first supporting theory is the Resource-Based View (RBV), put forward by Barney in 1991. This study applies this theory 

to verify relevant resource attributes, and confirms that AI-HRM meets the VRIN criteria for heterogeneous resources set out 

in the RBV. This judgment is supported by the findings of Strohmeier (2020) and Tambe et al. (2019). The second supporting 

theory is the dynamic capabilities theory, an extended theory of the RBV proposed by Teece in 2018. This study uses this 

theory to expand the analysis of organizational-level capabilities, and argues that AI-HRM can generate dynamic capabilities 

and restructure human capital to align with strategic needs. This claim draws on the research outcomes of Malik et al. (2022) 

and Wamba-Taguimdje et al. (2020). The third supporting theory is the Social Exchange Theory (SET), proposed by Blau in 

1964. This study positions this theory as a tool to explain the micro-level mechanisms of the framework, and finds that the 

precise and fair procedures of AI-HRM can foster employees’ reciprocal commitment, which is then transformed into positive 

work behaviors such as adaptability (Do et al., 2025; Haesevoets et al., 2021). 
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2.1 AI-Driven Human Resource Management Practices 

 

Artificial intelligence is one of the most influential technologies shaping contemporary human resource management (HRM) 

practices. The AI-enabled human resource management (AI-HRM) that this paper focuses on is a management system that 

relies on four types of technical tools (machine learning, predictive analytics, natural language processing, and intelligent 

automation) and covers three core scenarios: recruitment, employee training, and performance evaluation. Leading pioneering 

scholars in the field were the first to clearly define the academic boundaries of this construct, and existing scholars have 

reached a consensus that it has transformed from a traditional administrative function into a core strategic capability. This 

paper introduces Barney’s (1991) Resource-Based View and Teece et al.’s (1997) Dynamic Capabilities Theory; Al-Sayed & 

Hassan (2024) and Malik et al. (2022) have successively verified that these two theories are suitable for AI-HRM 

research.Tambe et al. (2019) found that AI-D HRM can improve recruitment efficiency and selection quality, Votto et al. 

(2021) verified that it can drive increases in employee engagement, and Pan et al. (2022) confirmed that it can optimize 

operational efficiency at the recruitment end. Based on the above review, this study defines the core dimensions of AI-powered 

HRM as three modules which are AI recruitment, AI training, and AI performance evaluation. 

 

2.2 AI Recruitment and Organizational Performance 

 

In the field of human resource management, AI-driven recruitment is currently the most transformative AI application 

scenario, capable of reshaping the entire process of an organization’s talent attraction, assessment, and selection. In existing 

research, Hmoud and Laszlo (2019) as well as van Esch et al. (2019) successively sorted out the list of core tools for AI 

recruitment systems and clarified the implementation boundaries of this application. From a process perspective, AI 

recruitment delivers three core benefits: reducing overall hiring costs, shortening recruitment cycles, and improving person-

job fit. This conclusion is empirically supported by Suen et al. (2019) and van den Broek et al. (2021). This paper positions 

AI recruitment as a core strategic mechanism for talent acquisition in a dynamic competitive environment, and introduces 

RBV to explain its logic of contributing to organizational performance: it can strengthen an organization’s human capital, a 

strategic resource that is difficult to imitate (Qahman et al., 2025). Compared with traditional recruitment models, Tambe et 

al. (2019) and Upadhyay and Khandelwal (2018) point out that the core advantage of AI recruitment systems lies in their 

ability to analyze massive amounts of candidate data. By matching the performance profiles of existing high-performing 

employees, these systems can greatly improve the accuracy of hiring decisions. Subsequent independent empirical studies 

further verified this advantage. In the first layer of verification focused on hiring accuracy, Shrestha et al. (2019) confirmed 

that AI-enabled talent assessment tools outperform traditional assessment centers in their long-term validity for predicting 

leadership; Fernandez and Gallardo-Gallardo (2021) found that AI recruitment platforms predict job performance more 

accurately than unstructured interviews, and can reduce costly hiring errors; Poornima (2025) reported that AI-driven 

recruitment systems can significantly improve workforce performance. These findings collectively prove that AI recruitment 

can optimize the quality of an organization’s talent pool and improve organizational outputs. In the second layer of research 

that expands the boundaries of AI recruitment’s performance impacts, Li et al. (2021) found that organizations adopting AI 

recruitment have significantly higher employee retention rates and productivity than organizations using traditional 

recruitment; Malik et al. (2022) further proposed that AI recruitment practices can positively predict organizational agility, 

fully confirming the diverse values of this application. Existing research has accumulated abundant evidence on the 

association between AI recruitment and organizational performance, yet persistent academic controversies remain. This paper 

integrates and organizes existing academic literature in the research field linking AI recruitment and organizational 

performance, to derive and propose this study’s core research hypothesis. A large body of prior peer-reviewed research has 

supported the positive effect of AI recruitment on organizational performance. Relevant findings have verified the rationality 

of this association from multiple dimensions, laying a core foundation for follow-up research in this field. However, two core 

longstanding disputes persist in this field. The first centers on the lack of transparency of AI recruitment algorithms and the 

absence of supporting accountability mechanisms (Arteaga et al., 2022; Köchling and Wehner, 2020). The second focuses on 

AI recruitment’s potential inhibitory effect on employee diversity; related cited studies similarly confirm that these risks may 

undermine an organization’s long-term development value. These disputes do not negate the core value of AI recruitment; 

instead, they carry constructive significance for clarifying research boundaries. Additional follow-up cited studies support 

this interpretation, confirming that the disputes have driven refined explorations of the functional mechanisms of AI 

recruitment across the field. This paper sorts out four core pathways through which AI recruitment affects organizational 

performance, which cover four major dimensions including talent matching, and puts forward this study’s core hypotheses 

after integrating mainstream research evidence in the field. 

H1: AI-recruitment practices have a positive and significant effect on organizational performance. 

2.3 AI-Based Training and Organizational Performance 

This study defines AI training for corporate employees as a type of transformational employee learning and development 

approach. This model covers six categories of digital support systems, including adaptive learning platforms and intelligent 

tutoring systems. Unlike traditional training, which is marked by standardized learning content and fixed schedules, AI 
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training relies on real-time collected learner behavior data to dynamically adjust individual learning paths, learning paces and 

matched teaching methods, endowing it with prominent core strengths. This study introduces the classic human capital theory 

first proposed by Becker in 1964 to establish the logical connection between AI training and organizational performance 

improvement, and maps out the complete action path through which this model boosts the output efficiency of corporate 

learning investment by identifying skill gaps, anticipating  business capability needs, and delivering matched personalized 

content. Subsequently, this study draws on multiple empirical documents, including healthcare industry research by Chen et 

al. (2022), Pan and Froese (2023), Madhumithaa (2025), Khatoon (2025), and Salas et al. (2022), technology industry research 

by Park and Kim (2022), and an undeveloped systematic review by Nosratabadi et al. (2022). Combined with the industry 

context that the half-life of skills in the digital era keeps shortening alongside technological iteration, as proposed by the 

World Economic Forum (2023) and Autor et al. (2024), this study builds on the dynamic capabilities perspective put forward 

by Teece (2018) and Huang and Rust (2021) to put forward its core proposition: a properly implemented AI training system 

can act as a core lever for organizations to adapt to the digital environment. It also clarifies the organizational sensing 

mechanism function of AI-driven employee learning systems, demonstrates their supporting role for organizational agility 

and long-term competitiveness in the digital era, and sorts out the three core values that AI training can bring to enterprises: 

optimized learning outcomes, improved organizational performance, and enhanced long-term organizational adaptability. In 

addition, existing research, confirmed that AI training systems deployed in employee development contexts can steadily 

improve three categories of organizational performance: productivity, innovation, and operational efficiency. Lacity & 

Willcocks (2022) and Strohmeier (2020) summarized four core risks of these systems, including privacy threats, as well as 

three boundaries that shape their effects, such as employee technology readiness. Past empirical research has also verified that 

these systems can empower organizations through five distinct pathways. This study proposes that when these systems are 

implemented alongside compatible, well-executed governance mechanisms, their benefits outweigh their harms. They offer 

key advantages including personalized learning support and continuous identification of skill gaps, and on this basis, this 

study introduces its core research hypothesis. 

H2: AI training practices have a significant positive impact on organizational performance. 

2.4 AI Performance Evaluation and Organizational Performance 

The AI-powered performance evaluation system proposed in this study marks a major transformative direction in the field of 

performance management. It can help enterprises shift from traditional periodic assessments to a continuous, data-driven 

evaluation paradigm, and resolve the inherent pain points of conventional performance evaluation models. Previously, 

Cappelli & Tavis (2018) pointed out that traditional assessments have natural flaws, including excessive reliance on managers’ 

subjective judgments and an annual review as the core cycle. Murphy (2020) further identified three common errors in 

traditional models. In addition, conventional models also universally suffer from inconsistent evaluation outcomes, hard-to-

avoid cognitive biases, and delayed corrective actions, making them completely unable to adapt to the management needs of 

modern enterprises. The AI system developed in this study can integrate multi-source data to automatically generate objective 

and comprehensive evaluation results. The objectivity advantage of this model has been successively verified by Köchling & 

Wehner (2020) and Newman et al. (2020). The system drives improvements in organizational performance through two core 

mechanisms: First, it leverages algorithms to strengthen the objectivity and reliability of evaluations, support the precise 

allocation of rewards, promotions, and development opportunities, and boost the overall output of the organization. Second, 

it shortens performance improvement cycles through continuous real-time monitoring and feedback, helping enterprises build 

a culture of continuous learning. The value of this continuous feedback has been verified by Bano et al. (2022). The system 

can also output personalized skill improvement recommendations, align employee behaviors with organizational goals, and 

provide management with real-time workforce intelligence. 

Duan et al. (2023) confirms that the AI performance evaluation system, which is currently being gradually promoted and 

implemented in the corporate human resources field, holds core value for empowering management decision-making. The 

core operating logic of this system is to generate actionable human resources management insights by analyzing large amounts 

of employee performance data accumulated across multiple cycles. These insights can support three core human resources 

tasks: strategic workforce planning, succession management, and talent development. The empirical effects of these three 

tasks, which have been verified in prior research, are in order: accurately identifying high-performing employees, predicting 

mid- and long-term talent gaps for enterprises in advance, and comprehensively improving the scientific rigor of human 

resources decisions. These core functions further generate multi-level positive values across organizational, employee, and 

corporate operational dimensions, and ultimately significantly increase employee engagement. However, the academic 

community has put forward two core academic challenges related to this system; existing studies have also clearly defined 

the boundary conditions for the system to produce effects. The research consensus in this field further divides the system into 

four core functional dimensions, and researchers in the domain have generally recognized three core risks within the field. 

Based on the above context of prior research, existing problems, and boundary constraints, this study sorts out the complete 

preliminary logic for proposing original research hypotheses. 

H3: AI performance assessment practices have a significant positive impact on organizational performance. 
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2.5 Employee Adaptability and Organizational Performance 

Currently, all types of organizations generally face three common core challenges: rapid technological iteration, the deepening 

advancement of digital transformation, and continuous fluctuations in the market environment. Against this backdrop, the 

core value of employee adaptability has become increasingly prominent. The core concept of employee adaptability was first 

formally proposed in academic circles by Pulakos et al. in 2000. In 2021, Junni et al. put forward that in the digital age, this 

construct has shifted from an optional personal trait to an essential core capability that all organizations must possess. This 

study grounds its analysis in the dynamic capabilities theory developed by Teece et al. in 1997, and frames employee 

adaptability as the core micro-level pillar that enables the practical implementation of this theory. This study breaks down its 

value logic along two dimensions: the individual dimension and the organizational dimension. At the individual level, Chen 

et al. (2022) confirmed that during digital transformation, adaptive employees can significantly improve an organization’s 

innovation performance; research by Salas et al. also provides parallel empirical support for this correlation. The academic 

community has now formed a complete evidence chain confirming the positive correlation between employee adaptability 

and organizational performance. After sorting out the context of relevant research spanning multiple years, it is not difficult 

to identify that key issues remain to be deeply explored, such as the core attribute that employee adaptability cannot form 

spontaneously, as well as the prerequisites for its cultivation. These unresolved questions have become the core direction for 

the subsequent development of this study. 

Kozlowski et al. (2017) finds that team-level adaptive performance can predict productivity, innovation quality and customer 

satisfaction, and this positive effect is more pronounced in highly uncertain environments; a 2020 study by Schmitt et al. 

(2020) proves that individual adaptability can be aggregated into the overall adaptive capacity at the unit level, which in turn 

drives improvements in the overall performance of the unit; Dyer and Shafer (2003) first conceptualized employee adaptability 

as the core foundation of organizational agility, Jundt et al. (2015) that integrated 47 studies further confirms that adaptive 

performance has strong correlations with both task performance and contextual performance; Soparnot (2011) also proposes 

that organizations with high employee adaptability achieve better outcomes in implementing organizational change, and 

recover faster after disruptions.  

Do et al. (2025) confirmed that AI-powered human resource management can boost employee adaptability and strengthen 

organizational effectiveness; however, employee adaptability cannot form spontaneously, and its cultivation relies on four 

core organizational conditions: continuous learning opportunities, leadership support, psychological safety, and access to 

development resources. If an organization fails to establish a sound change support mechanism, it is highly likely to trigger 

employee resistance, uncertainty, and psychological stress, which hinders employees from achieving effective adaptation. 

Organizations that seek to boost efficiency by leveraging employee adaptability must foster a learning-oriented culture that 

supports experimentation, maintains flexibility, and features the attribute of sustainable development. Both existing theoretical 

and empirical literature point out that employee adaptability is a core determinant of organizational performance. It helps 

organizations adapt to environmental changes by strengthening learning agility, innovation capacity, resilience, and 

organizational responsiveness. Accordingly, the following hypothesis is proposed: 

H4: Employee adaptability positively influences organizational performance. 

2.6 The Mediating Role of Employee Adaptability 

In recent years, the adoption rate of artificial intelligence-driven human resource management (AI-HRM) has continued to 

rise, and academic interest in the internal mechanisms through which AI-HRM impacts organizational performance has also 

grown rapidly in tandem. Most existing relevant studies focus on the direct effects of AI applications on organizational 

outcomes, and generally overlook the core role of intermediate transmission pathways, which makes it impossible to fully 

explain the value creation logic of AI-HRM.  

This study first puts forward its core academic proposition: employee adaptability serves as the core mediating variable 

through which AI-driven human resource management (AI-HRM) initiatives translate into organizational performance. To 

consolidate the theoretical foundation of this proposition, this paper cites classic foundational literature in the field, including 

Jiang et al.’s 2012 study on strategic human resource management and the dynamic capabilities theory proposed by Teece et 

al. in 1997, to build a rigorous, logically sound classical framework for the chained relationships between the study’s core 

variables. Next, this paper unpacks the functional logic of four types of mainstream AI-HRM tools, comparing each to the 

inherent flaws of traditional HR tools to highlight their unique value in cultivating employee adaptability; Fernandez and 

Gallardo-Gallardo (2021) points out that AI recruitment tools can accurately identify adaptability-related traits across all types 

of job seekers, such as high learning agility and openness to change. Empirical findings from Malik et al.’s 2022 study further 

show that the correlation between AI recruitment and organizational agility is far stronger than its correlation with short-term 

productivity, providing preliminary evidence to support the proposed mediating effect. The second is AI training systems, 

which work with AI-powered learning tools including adaptive learning platforms and intelligent tutoring systems to cultivate 

the adaptability of current employees through personalized, continuous, data-driven learning experiences. Studies by Park and 
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Kim (2022) and Cappelli and Tavis (2018) verify that these tools can address the flaws of traditional training, which features 

fixed content and a mismatch between training supply and actual demand. The third is AI performance evaluation systems, 

which offset the shortcomings of traditional assessments (delayed feedback and low evaluation frequency) by providing real-

time behavioral feedback that helps employees make rapid adjustments. Finally, this paper draws on multi-context empirical 

studies by Duan et al. (2023), Wang et al. (2023), and Do et al. (2025) to verify the statistical significance of this mediating 

pathway, while related research in the field by Al-Shuaibi et al. (2021) with a sample from the Gulf region, measuring two 

types of performance indicators: innovation capacity and organizational effectiveness) has provided reliable cross-regional 

empirical support for the main logic. 

In addition, this study will integrate relevant research by Alfes et al. to expand the depth and boundary of its core arguments. 

Drawing on existing empirical and theoretical findings in the field of human resource management, this study deduces that 

employee adaptability plays a mediating role between artificial intelligence-driven human resource management (AI-HRM) 

practices and organizational performance, and formulates its core research hypotheses on this basis. This deduction is 

supported by two prior studies: a 2019 longitudinal study found that human resource practices can impact service quality and 

customer satisfaction by positively influencing employees’ adaptive behaviors; Sheehan et al. (2014) identified the partial 

mediating effect of employee behavioral flexibility, and confirmed that workforce adaptability is the core pathway through 

which human resource management creates organizational value. 

This study further introduces two classic HRM theoretical frameworks to adapt to the new context of AI-HRM: Nishii et al.’s 

2008 HR attribution theory shows that if employees perceive AI-enabled recruitment, training, and performance evaluation 

systems as development-supportive, they will demonstrate adaptive behaviors that boost organizational performance; Bowen 

and Ostroff’s 2004 HRM system strength framework notes that consistent, coherent AI-HRM practices can emit strong 

organizational signals, stimulate firm-wide employee adaptability, and strengthen the indirect impact of AI-HRM on 

organizational performance. This study integrates all supporting evidence outlined in earlier sections of this paper, and 

proposes that employee adaptability is the core mediating mechanism through which AI-HRM drives improvements in 

organizational performance. This study further clarifies that the performance gains generated by AI-HRM stem from direct 

operational optimization and the cultivation of employee adaptability, and on this basis puts forward H5, a research hypothesis 

that remains to be verified. 

H5: Employee adaptability plays a mediating role in the relationship between AI-HRM practices and organizational 

performance. 

3. Method 

This study centers on its core research objectives. To meet the requirements of scientific validity and replicability for the 

research, this study selected a quantitative research design and a cross-sectional survey approach. The rationality of this 

method selection has been validated by citations of established, authoritative literature in the field (Al-Zaqeba, 2024; Al-

Zaqeba et al., 2026). In parallel, this study developed a purpose-built questionnaire tailored to its research needs (Alshehadeh 

et al., 2025), set Jordan as the study’s survey location, and defined strict sampling rules and eligibility screening criteria for 

participant enrollment. Subsequently, all valid samples were collected, and core collected data were collated. After 

assessment, the characteristics of the samples collected in this study are highly compatible with the analytical methods 

proposed by this research. The full presentation of all methodological details can provide solid methodological support for 

the causal testing logic of future follow-up research. 

Table 1 
Demographic Profile 

Variable Category Frequency Percentage 
Gender Male 145 58.7% 

Female 102 41.3% 

Age 25 years or below 38 15.4% 

26–35 years 108 43.7% 

36–45 years 77 31.2% 

Above 45 years 24 9.7% 

Education Diploma 25 10.1% 

Bachelor's 167 67.6% 

Postgraduate 55 22.3% 

Experience Less than 5 years 66 26.7% 

5–10 years 95 38.5% 

More than 10 years 86 34.8% 

Total 
 

247 100% 

This study outlines the core demographic characteristics of the survey sample. The core objective of this overview is to verify 

the sample’s representativeness, which supports the reliability of the study’s subsequent research findings. The sample’s 
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quantitative composition is presented across four dimensions: On the gender dimension, male respondents account for 58.7% 

and female respondents account for 41.3%. This composition aligns with the overall labor force structure of various Jordanian 

institutions, especially the private technology sector. On the age dimension, the 26–35-year-old group holds the largest share 

at 43.7%, while the 36–45-year-old group accounts for 31.2%. All respondents are working-age employed workers who have 

access to AI-driven human resource management systems (AI-HRM). On the educational background dimension, 67.6% of 

respondents hold a bachelor’s degree, 22.3% hold a postgraduate degree, and 10.1% hold an associate degree. The overall 

educational level of the full sample is sufficient to evaluate advanced AI applications in the human resources field. On the 

work tenure dimension, 38.5% of respondents have 5–10 years of professional experience, 34.8% have more than 10 years of 

experience, and 26.7% have less than 5 years of experience. Most respondents’ practical experience supports a reliable 

assessment of the impacts of AI-HRM. The cross-dimensional diversity of the sample further strengthens the reliability and 

generalizability of this study’s conclusions. 

4. Results 

This study adopts the partial least squares structural equation model (PLS-SEM) to process the quantitative research data 

collected. There are three core reasons for choosing this method; it can test complex relationships between multiple variables, 

it fits the exploratory and predictive model positioning of this study, and it does not require the research data to meet strict 

normality assumptions. Data analysis is carried out in two stages. The first stage assesses the measurement model, with tests 

of Cronbach’s alpha, composite reliability (CR), average variance extracted (AVE), and discriminant validity applied for 

evaluation. The second stage assesses the structural model, and tests the direct and mediating effects between variables 

through path coefficient analysis, coefficient of determination (R²), the bootstrapping method, and hypothesis testing. 

4.1 Measurement Model Assessment 

This study conducted measurement model testing by evaluating indicator loadings. Combined with the visualization results 

shown in Fig. 2, the factor loadings of all measurement items exceed the 0.70 passing threshold recommended by the academic 

community. All indicators of the 5 latent variables involved in the study can adequately represent the latent variables they 

belong to. 

 

Fig. 2. Measurement and Structural Model Results 

Figure 2 presents the standardized factor loadings, path coefficients, and R² of this study’s model. To evaluate the quality of 

the measurement model, this study conducted reliability and convergent validity tests, and all results will be presented in 

Table 2. 
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Table 2  
Reliability and Convergent Validity Assessment 

 Cronbach's alpha  
Composite 
reliability (rho_a)  

Composite 
reliability (rho_c)  

Average variance 
extracted (AVE)  

AI Performance Evaluation  0.909  0.911  0.936  0.786  

AI Recruitment  0.923  0.925  0.945  0.812  

AI-Based Training  0.909  0.911  0.936  0.785  

Employee Adaptability  0.912  0.915  0.938  0.791  

Organizational Performance  0.938  0.939  0.953  0.801  

This study draws on the measurement model test data reported in Table 2 to verify one by one that all reliability and validity 

indicators of the research constructs meet the widely adopted recommended standards in academia: Cronbach’s α coefficients 

fall in the range of 0.909–0.938, far exceeding the universal threshold of 0.7; composite reliability rho_c ranges from 0.936 

to 0.953, and the average variance extracted (AVE) reaches 0.785–0.812, which meets the minimum requirement of 0.5. 

Among all constructs, organizational performance has the highest reliability, and the independent variable, artificial 

intelligence recruitment, has the optimal convergent validity. This measurement model conforms to statistical standards, so 

subsequent structural model analysis and hypothesis testing can be carried out. 

4.2 Discriminant Validity Assessment 

After completing the assessment of reliability and convergent validity, this study adopted the Fornell-Larcker criterion, a 

standard widely used in academic circles, to test the discriminant validity of all constructs. This criterion requires that the 

square root of a construct’s AVE (average variance extracted) is larger than the correlation coefficient between this construct 

and all other constructs as presented in Table 3 and Table 4 below. 

Table 3 
Correlation Matrix 

 AI-P-E AI-R AI-B-T EA OP  EA×AI-R 
AI-P-E       

AI-R 0.424       

AI-B-T 0.374  0.439      

EA  0.415  0.512  0.409     

OP  0.590  0.613  0.556  0.625    

EA×AI-R 0.113  0.097  0.079  0.054  0.319   
 

Table 4  
Fornell–Larcker Criterion 

 AI-P-E AI-R AI-B-T EA OP  EA×AI-R 
AI-P-E 0.887     0.887 

AI-R 0.390 0.901    0.390 

AI-B-T 0.342 0.401 0.886   0.342 

EA  0.379 0.471 0.376 0.889  0.379 

OP  0.546 0.572 0.516 0.580 0.895 0.546 

EA×AI-R 0.887     0.887 
 

AI-P-E: AI Performance Evaluation 

AI-R: AI Recruitment 

AI-B-T: AI-Based Training 

EA: Employee Adaptability 

OP: Organizational Performance 

EA×AI-R: Employee Adaptability × AI Recruitment 

This study conducted a prerequisite robustness test. Using data from Table 3, we compared the correlation coefficients of all 

variables, all of which were below 0.85. This outcome ruled out the risk of multicollinearity and laid a solid foundation for 

the follow-up empirical analysis. The two variable pairs with the highest correlation coefficients are employee adaptability 

and organizational performance (r = 0.625), and AI recruitment and organizational performance (r = 0.613). These variables 

not only have significant associations with each other but also maintain sufficient distinctness. The results of the discriminant 

validity test based on the Fornell–Larcker criterion will be reported in Table 4. This study verified the discriminant validity 

of the measurement model in accordance with general standards for scale validity testing. We adopted the square root of the 

average variance extracted (AVE) for each construct, which are marked in bold on the diagonal of Table 4. These values range 

from 0.886 to 0.901 overall, all of which are higher than the correlation coefficients between any pair of constructs. 

Specifically, the square root of AVE for AI recruitment, which stands at 0.901, exceeds its highest correlation coefficient of 

0.572 with organizational performance; the square root of AVE for employee adaptability, which stands at 0.889, exceeds the 

highest correlation coefficient of 0.580 among all coefficients related to this construct. The model meets the Fornell–Larcker 

criterion, has good discriminant validity, and is eligible for subsequent structural model analysis and hypothesis testing. 

4.3 Structural Model Assessment and Hypothesis Testing 

After verifying the reliability, convergent validity, and discriminant validity of the measurement model, this paper evaluates 

the structural model to test the pre-specified research hypotheses. The results, which include core indicators such as path 

coefficients, are presented in Fig. 3. Fig. 3 of this study presents the four core types of quantitative indicators of the structural 

model. This study reports the performance of its empirical model based on Figure 3. The five core factors included in the 

analysis (AI recruitment, AI training, AI performance evaluation, employee adaptability, and variable interaction effects) 

yield a variance explanation rate R² of 0.801 for organizational performance, and an R² of 0.791 for employee adaptability. 

All hypothesis test results will be compiled in Table 5. 
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Fig. 3. Structural Model and Hypothesis Testing Results 

Table 5  
Structural Model Results and Hypothesis Testing 

 Original 
sample (O)  

Sample 
mean (M)  

Standard 
deviation 
(STDEV)  

T statistics 
(|O/STDEV|)  

P 
values  

AI Performance Evaluation → Organizational Performance  0.250  0.252  0.048  5.158  0.000  

AI Recruitment → Organizational Performance  0.235  0.236  0.050  4.733  0.000  

AI-Based Training → Organizational Performance  0.212  0.214  0.043  4.936  0.000  

Employee Adaptability → Organizational Performance  0.283  0.282  0.050  5.642  0.000  

Employee Adaptability x AI Recruitment → Organizational Performance  0.227  0.226  0.042  5.365  0.000  

 

This study reports the test results of all research hypotheses in Table 5. The statistical significance of all core variables reaches 

the p<0.001 level. The impact effects of each variable are analyzed sequentially as follows: AI performance evaluation, with 

β=0.250, t=5.158, p<0.001, supports the pre-set research hypothesis; AI recruitment, with β=0.235, t=4.733, p<0.001, 

improves organizational performance by raising recruitment efficiency and person-job fit; AI training, with β=0.212, t=4.936, 

p<0.001, drives organizational efficiency gains by supporting employee development; employee adaptability, with β=0.283, 

t=5.642, p<0.001, is the core factor that exerts the strongest influence on organizational performance among all variables, 

which aligns with the logic of digital work scenarios; the interaction term between employee adaptability and AI recruitment, 

with β=0.227, t=5.365, p<0.001, indicates that the former can strengthen the positive effect of the latter.  

5. Discussion 

This study sets various organizations advancing digital transformation within Jordan as its research context, with its core 

objectives focusing on two main directions: first, to test the specific impact of artificial intelligence human resource 

management (AI-HRM) practices on organizational performance; second, to explore the mechanism of employee 

adaptability’s role in the link between these two factors. The study completed the verification of all its research hypotheses 

and the breakdown of related functional mechanisms through large-sample empirical analysis. All four core hypotheses of 

this study were confirmed: the significant positive impact of AI recruitment on organizational performance proposed in 

Hypothesis 1 was fully supported; the positive impact of AI training on organizational performance proposed in Hypothesis 

2 held; the positive moderating effect of employee adaptability on the relationship between AI recruitment and organizational 

performance proposed in Hypothesis 3 was confirmed; and the significant positive impact of employee adaptability itself on 

organizational performance proposed in Hypothesis 4 also received empirical support.  

This study outlines the core functional mechanisms of three categories of AI applications in the human resources field: AI 

recruitment realizes precise matching between talent capabilities and job needs to accumulate heterogeneous resources; AI 

training dynamically aligns skill gaps with learning resources to strengthen human capital reserves; AI performance 

management systems boost efficiency by improving assessment accuracy, reducing subjective bias, and providing ongoing 

feedback. This study adopts three classic theories, centered on Barney’s (1991) resource-based view, as its core theoretical 

support, and draws on nine prior empirical studies including Tambe et al. (2019) to corroborate the reliability of its findings. 
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The final research findings not only meet academic standards, but also can target and resolve the core pain point of talent 

mismatch in Jordan’s local organizations, and align with the core development needs of building Jordan’s digital workforce. 

The core academic contribution of this study is clarifying that employee adaptability is the core enabling mechanism linking 

AI-enabled human resource management (AI-HRM) practices to organizational performance. This study specifically verifies 

that employee adaptability strengthens the positive effect of AI recruitment on organizational performance, and points out 

that the value of AI recruitment stems not only from improved operational efficiency, but more critically relies on the 

adaptability of employees hired through this process.  

The findings of this study align with existing research outcomes in the same research direction within the field. At the 

academic level, this study integrates three classic theories, the resource-based view, human capital theory, and dynamic 

capabilities theory, to build a unified analytical framework. This fills the gap in previous research that only focused on the 

direct technical benefits of AI implementation, and provides empirical support for the contemporary academic proposition 

that "digital transformation requires both advanced technical capabilities and a compatible, highly adaptive workforce". At 

the practical level, this study puts forward actionable implementation recommendations for managers and policymakers in 

emerging economies such as Jordan: in addition to investing in AI technical resources, enterprises must simultaneously 

advance three pathways, namely supplying continuous learning opportunities, building supportive leadership, and fostering a 

flexible innovation culture. These efforts must be matched with the deployment of two types of AI tools: AI recruitment 

systems that identify adaptive traits in job seekers, and AI training programs that support skill upgrading. Only organizations 

that both implement an AI-HRM system and build a highly adaptive workforce can gain sustainable performance advantages 

in the digital era. 

6. Conclusion 

This study takes digitally oriented organizations as its research subjects, focusing on the impact of artificial intelligence-driven 

human resource management (AI-HRM) practices on organizational performance, as well as the role of employee adaptability 

in this process. This study distinguishes three core dimensions of AI-HRM: AI-enabled recruitment, AI-integrated training, 

and AI-supported performance appraisal. Drawing on three foundational theories, the resource-based view (RBV), human 

capital theory, and dynamic capabilities theory, this study constructs a research framework and completes empirical testing. 

The findings of this study show that all three types of AI-HRM practices exert a significant positive effect on organizational 

performance, and their respective mechanisms of action differ; employee adaptability not only directly predicts organizational 

performance, but also positively moderates the relationship between AI-enabled recruitment and organizational performance. 

Finally, this study sorts out three core academic contributions of this empirical research based on three specific focal points, 

clearly presenting the study’s core design, core findings, and core academic value. At the practical level, it puts forward a 

balanced strategy for digital transformation, requiring enterprises to not only invest in AI technologies, but also cultivate 

employee adaptability through continuous learning, reskilling, upskilling, and the establishment of a supportive organizational 

culture, thus clarifying the core requirements for the successful rollout of AI-HRM for managers. This study has three main 

limitations: a cross-sectional research design cannot confirm causal relationships between variables; self-reported data carry 

the risk of common method bias; and a single-national context limits the generalizability of the study’s conclusions. 

Corresponding future research directions are proposed: adopting longitudinal studies to clarify causal links, incorporating 

objective performance indicators to avoid bias, and testing research hypotheses in different cultural contexts. Finally, this 

study concludes that in the digital era, AI-HRM is a critical source of organizational value. The authors of this paper propose 

that for an organization to convert its AI investments into performance, it must meet two core conditions, which will allow it 

to achieve superior performance, resilience, and sustained competitive advantage. 
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