| systems

Article

Al Usage and Employee Performance: The Dual Roles of Al
Self-Efficacy and Al-Enabled HRM

Yannan Li *

W) Check for updates

Academic Editor: Maja Mesko

Received: 27 May 2026

Revised: 22 June 2026

Accepted: 30 June 2026

Published: 6 July 2026

Copyright: © 2026 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license.

and Xiaoxiao Geng *

Graduate School of Technology Management, Kyung Hee University, Yongin 1732, Republic of Korea
* Correspondence: 1iu84333@khu.ac.kr (Y.L.); 1996gxxx@khu.ac.kr (X.G.); Tel.: +82-031-201-2191 (Y.L.)

Abstract

In the context of accelerating artificial intelligence (AI) development, this study explores
how Al Usage contributes to employee job performance and innovation performance by
activating cognitive and HR system-level mechanisms. Adopting an integrative individual-
organizational perspective, this study examines the mediating roles of Al self-efficacy
and digital human resource management (HRM) practices in translating Al adoption into
employee performance outcomes. Survey data were collected from firms located in major
Chinese cities (Beijing, Shenzhen, Xi’an, and Zhengzhou), resulting in 750 valid responses
for analysis. The results indicate that Al self-efficacy and digital HRM practices function
as significant positive mediators, facilitating the conversion of Al adoption into enhanced
work performance and innovation outcomes. Theoretically, this study advances knowledge
management studies by highlighting the complementary roles of individual cognitive
beliefs and HR systems in enabling Al-driven learning and capability development. Practi-
cally, the findings suggest that organizations should embed Al technologies in HR systems
that foster learning, knowledge utilization, and continuous innovation.

Keywords: Al usage; Al self-efficacy; digital (intelligent) HRM; job performance; innovative
performance

1. Introduction

Artificial Intelligence (Al) encompasses a range of technologies that enable machines
or systems to perceive and learn from external environments and simulate and extend
human cognitive and behavioral capabilities. This includes areas such as semiconductors,
algorithms, machine learning, and intelligent terminals [1]. Al adoption is transforming
workplaces by improving efficiency, supporting decision-making, and enhancing human
capabilities across industries [2]. It has become a key factor in establishing and maintaining
a unique market advantage, with its application surging globally at an unprecedented
pace [3]. Moreover, Al is reshaping the nature of work and driving the shift toward an
intelligent work model. In this context, human-computer interaction is fostering the devel-
opment of employees’ self-awareness and strengthening role identity and self-efficacy [4].
The continuous innovation and application of Al have created new career opportunities
and development paths, enhanced skill levels, promoted talent growth, and improved
employee performance and job satisfaction [5]. Additionally, companies can significantly
boost operational efficiency, freeing employees from mechanical work to focus on tasks
that require subjective judgment and emotional engagement. This transformation enhances
employees’ adaptability to workplace changes, stimulates a continuous learning mindset,
and comprehensively improves work performance [6]. In this process, Al self-efficacy has a
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crucial mediating role, becoming the core driver of employee motivation. Employees with
high Al self-efficacy are willing to proactively learn new knowledge and acquire new skills,
driving the generation and implementation of innovative ideas [7]. These employees are
confident in their creativity and actively embrace challenges during the innovation process,
demonstrating exceptional creativity in team collaboration [8].

In the era of digital transformation, Digital (Intelligent) HRM has become an important
organizational mechanism for managing technology-enabled work. A systematic Digital
(Intelligent) HRM framework promotes innovative work practices, enhances employee
performance, drives organizational innovation, and strengthens corporate competitiveness,
thereby contributing to sustainable organizational development [9]. As Al technologies
continue to penetrate various business functions, including human resources, finance,
marketing, and production, organizations are increasingly able to perform tasks more
efficiently and effectively. Consequently, Al is widely recognized as an important driver of
productivity improvement and organizational transformation [10].

Drawing upon Social Cognitive Theory, this study conceptualizes Al self-efficacy
as a critical psychological resource that influences employees’ confidence in using Al
technologies, encourages engagement in innovative activities, and enhances motivation to
apply Al in work-related problem-solving. In addition, this study is grounded in Socio-
Technical Systems (STS) theory, which argues that organizational effectiveness results from
the joint optimization of social and technical subsystems rather than from technology
adoption alone [11,12]. From this perspective, Al technologies may not automatically
generate performance improvements unless employees possess the necessary capabilities
and organizations establish supportive systems and practices.

Accordingly, Digital (Intelligent) HRM can play a crucial role in integrating Al tech-
nologies into organizational processes by facilitating learning, capability development, and
job redesign. Based on these theoretical foundations, this study examines the mediating
roles of Al self-efficacy and Digital (Intelligent) HRM in translating Al usage into enhanced
job performance and innovative performance [13,14].

Theoretically, this study extends existing research by moving beyond technology-
deterministic explanations and highlighting the complementary roles of individual cogni-
tive resources and organizational HR systems in shaping Al-enabled performance outcomes.
Practically, the findings suggest that organizations should not only invest in Al technologies
but also strengthen employees” Al-related self-efficacy and redesign HR systems to support
continuous learning, capability development, and innovation, thereby fully realizing the
performance potential of Al adoption.

2. Theoretical Background and Hypothesis
2.1. Al Usage and Al Self-Efficacy

As society continues to develop, Bandura’s theory of self-efficacy has gradually ex-
panded its application to various fields, such as healthcare, communication, education,
and services, providing guidance for studies and practice in an increasingly intelligent
era [15,16]. As studies deepened, the traditional framework of self-efficacy innovatively
expanded, leading to the concept of digital self-efficacy [17]. Al self-efficacy refers to an
individual’s belief in their ability to effectively use Al technologies and applications in the
workplace. It reflects users’ confidence in applying Al tools to support task completion,
learning, and performance improvement [18].

However, Al self-efficacy can be defined as an individual’s overall belief in their ability
to effectively use and interact with Al. At the operational level, Al self-efficacy is regarded
as a multidimensional structure encompassing various interrelated beliefs [19]. As the
integration of intelligence in work and daily life expands, the application of Al has enhanced
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digital self-efficacy in multiple domains, far beyond traditional computing and internet
environments [20]. For example, based on an analysis of the self-efficacy of employees in
logistics companies in an Al-enabled work environment, Xiang et al. (2024) found that self-
efficacy in an Al-enabled work environment was significantly higher than in other fields [21].
As smart devices increasingly integrate into daily life and workplaces, digital self-efficacy
is also gradually being incorporated into Al-driven scenarios [22]. Employees can enhance
their Al self-efficacy by observing the success of others, thereby increasing their perceived
ability to master the technology and gain vicarious experience [23]. Encouraging and
supporting others in completing work tasks can enhance an individual’s self-efficacy and
motivate them to invest more effort in Al-related tasks. Notably, employees who advocate
for integrating Al tools into their daily work often exhibit stronger Al self-efficacy [24].
Therefore, we propose the following hypothesis:

H1. Al usage positively influences employees” Al self-efficacy.

2.2. Al Usage and Digital (Intelligent) HRM

In an era of rapid technological advancement, Al has become a core driving force
for industry transformation and development. Moreover, Al has fundamentally reshaped
HRM. These changes have contributed to improvements in operational efficiency and
the overall employee experience [25]. Empirical studies have confirmed that the key
mechanism for enhancing economic productivity is through effective digital HRM strategies.
Investment in digital skills training by enterprises can enhance employees’ ability to adapt
to evolving developments. Combined with Al-driven HRM models, these strategies can
optimize organizational efficiency, boost economic productivity, and generate broader
positive social impacts [26]. Based on intelligent digital technology, it is characterized by
openness, convenience, and self-updating capabilities. Employees who use Digital HRM
in their work practices are likely to exhibit innovative work behaviors that support the
implementation of employee-centered management strategies [27]. For example, in a study
on the data-driven transformation of HRM in the tourism industry, Hong (2025) revealed
the transformative role of Al and big data technologies in HRM by examining their strategic
value [28]. Through automation, traditionally labor-intensive tasks, such as recruitment
screening, attendance tracking, and payroll calculations, are completed efficiently and
accurately, thereby enhancing the operational performance of tourism enterprises. Similarly,
Memon et al. (2025) indicated that the application of Al in HRM offers unique advantages
in the context of structural talent shortages in the industry [29]. Traditional HRM processes
are constrained by procedural complexity and high costs, making it difficult to meet
the specific needs of the industry [29]. Moreover, organizations can accurately identify
performance gaps, uncover potential issues, and design personalized training programs.
Additionally, in an analysis of agile HRM practices in the postal industry, that intelligent
digital transformation provides practical value and quality support for enhancing the
agility of HRM, which strengthens the core competitiveness of postal enterprises. Moreover,
Digital HRM empowers employees with greater autonomy to choose flexible work methods,
enabling them to discover efficient workflows. This autonomy saves time and resources
and creates conditions for continuous organizational innovation, accelerating the virtuous
cycle of innovative practices [30].

Therefore, we propose the following hypothesis:

H2. Al usage positively influences the implementation of Al-enabled human resource management.

https:/ /doi.org/10.3390/systems14070786


https://doi.org/10.3390/systems14070786

Systems 2026, 14, 786

40f23

2.3. Al Usage and Innovative Performance

In recent years, Al has developed at an unprecedented pace. It has automated routine
tasks, enabling employees to focus on the creative and complex aspects of their work [31].
The integration of Al technology with innovative processes has entered the stage of open
application, enhancing employee performance and satisfaction, creating new opportunities
for skill development, and opening up new avenues for talent cultivation in enterprises.
In addition, the quality of communication between organizational leaders and employees
has a crucial role in promoting innovative job performance, increasing job satisfaction,
and improving efficiency [32]. Innovative performance refers to the intentional generation,
promotion, and realization of new ideas in a specific position, work team, or organization.
Employees’ digital literacy and Al readiness significantly impact their innovative perfor-
mance; those with higher digital skills and stronger readiness can adapt more quickly and
effectively to Al-driven innovations [33]. From an organizational perspective, employees
are the key drivers of maintaining competitiveness. In increasingly competitive markets,
employee performance is a critical determinant of business success, and innovative perfor-
mance is closely related to the overall innovation vitality of the organization [34]. From the
perspective of Al consciousness, organizations can cultivate employees’ positive attitudes
toward the use of Al and create an interactive Al environment to enhance employees’ open-
ness to Al usage and their awareness of actively participating in human-AlI collaboration.
This, in turn, can boost employees’ breakthrough creative performance, helping enterprises
gain core competitive advantages that are difficult for competitors to replicate in the era of
rapid Al development [35]. Additionally, Wei et al. (2025) emphasized that as traditional
human collaboration models shift toward human-machine collaboration for innovative
tasks, people begin to view creativity as a role-based responsibility, forming a cognitive
mindset of “I should innovate.” This finding confirmed the impact of Al usage on the
formation of a creative personality [36].

Therefore, we propose the following hypothesis:

H3. Al usage positively influences employees’ innovative performance.

2.4. Al Usage and Job Performance

In the process of globalization, the expanding internet technology is leading to sig-
nificant changes in organizational structures. Increasingly intense competitive pressures
have made digital transformation an indispensable strategic task for enterprises [37]. In
this context, the digital capabilities of enterprises empower employees to effectively utilize
digital platforms, tools, and technologies, thereby improving work performance [38]. The
core of Al applications is in enhancing workplace flexibility, professionalism, autonomy;,
and leadership. Moreover, Al significantly boosts employee engagement and improves
work performance by promoting autonomous knowledge acquisition [39]. According to
Borman and Motowidlo (1997), job performance, particularly task performance, refers to
the extent to which employees effectively execute assigned tasks to achieve organizational
goals and bring corresponding rewards to both the organization and individual [40]. In an
era where intelligence and digitalization are increasingly integrated, employees’ techno-
logical adaptability, competitive attitudes, behaviors, and dynamic capabilities collectively
enhance digital performance [41]. The empirical study by Wang et al. (2024) demonstrated
that technological adaptability can positively predict competitive attitudes and behaviors
while simultaneously enhancing employees’ job capabilities [42]. Moreover, Al is widely
regarded as a key driver of digital technology development, transforming production
processes, marketing strategies, and internal operations in the business sector, becoming
a powerful catalyst for corporate growth. For instance, Al can improve management ef-
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ficiency, reduce operational costs, and optimize decision-making processes [43]. From a
psychological perspective, Fan et al. (2023) confirmed that the application of deep learn-
ing and Al technologies can enhance employees” psychological empowerment, thereby
optimizing work performance and providing a theoretical and empirical foundation for
sustainable organizational management and employee well-being [44].

Therefore, we propose the following hypothesis:

H4. AI usage positively influences employees’ job performance.

2.5. Al Self-Efficacy and Innovation Performance

Currently, as Al technology is becoming increasingly prevalent and rapidly trans-
forming organizational landscapes, a key area of enterprise studies is understanding the
impact of Al integration on employees” autonomy and creative self-efficacy across different
cultural contexts [45]. Moreover, employees can overcome obstacles and build confidence in
their ability to complete tasks. This sense of self-efficacy, in turn, encourages employees to
engage actively in innovative behaviors [46]. Utomo et al. (2025) empirically demonstrated
that job changes and promotions markedly increase employees’ job satisfaction, which
positively influences self-efficacy and overall performance [47]. Furthermore, transparent
and equitable policies regarding promotion, compensation, and job rotation are vital for
sustaining employee satisfaction. With the widespread adoption of generative Al tools in
the workplace, Wang and Zhang (2025) found that employees using these technologies
exhibit stronger innovative behaviors [48]. Organizations that actively promote the ap-
plication of generative Al maintain a competitive edge through continuous innovation.
In the technology-driven modern work environment, employees’ digital capabilities and
self-efficacy are two key factors influencing performance. These factors help employees
adapt to their environment and improve work efficiency, thereby driving the achieve-
ment of organizational goals. Employees with high self-efficacy typically exhibit greater
adaptability, initiative, and creativity, which enhance overall performance levels [49].

Therefore, we propose the following hypothesis:

H5. Al self-efficacy positively influences employees’ innovative performance.

2.6. Job Performance and Al Self-Efficacy

Previous studies have considered employee job performance as a key focus of or-
ganizational attention, emphasizing the theoretical and practical value of studying the
internal and external determinants of performance [50]. Kizrak (2025) explored the impact
of psychological safety, organizational respect, and self-efficacy on job performance, with
data indicating that the indirect effect of psychological safety on performance depends
on the level of employees’ self-efficacy [51]. This finding highlights the critical role of
situational and individual psychological resources in organizational contexts, suggest-
ing that individuals with higher self-efficacy are more likely to leverage psychological
safety to achieve positive work outcomes. Scholars such as Hameli et al. (2025) advocated
for organization-centered initiatives focused on training and development, creating an
environment that supports employees in building confidence, thereby enhancing their self-
efficacy [52]. These efforts enable employees to grow, creating an efficient and sustainable
workplace where employees systematically integrate Al technology, further enhancing fair-
ness, efficiency, empowerment, working conditions, organizational culture, and economic
stability, stimulating employee engagement and motivation [53].

Therefore, we propose the following hypothesis:

Hé6. Al self-efficacy positively influences employees” job performance.
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2.7. Innovation Performance and Digital (Intelligent) HRM

With technology as the core and premise, intelligent HRM, an emerging concept, has
emerged through optimizing human capital and leading organizational innovation [54].
Effective management requires a precise understanding of core digital capabilities
and strategic resource allocation to achieve digital transformation and performance
improvement [55]. In the context of increasingly diversified human resource allocation,
organizations must strengthen collaboration and coordination among team members. Per-
formance management methods need to be closely integrated with organizational strategy
and corporate culture to effectively address the multiple challenges brought by the digital
intelligence era. This requires companies to increase investment in the development of key
talent capabilities [56]. This capability enables digital empowerment, thereby accelerating
the realization of employees’ innovative performance and organizational innovation. Orga-
nizations should leverage digital technology to safeguard employee rights, foster a positive
digital innovation environment, and continuously encourage employees to learn and use
digital tools to enhance personal creativity, thereby achieving overall innovation output
for the enterprise. In recruitment and training, emphasis should be placed on innovative
capabilities to ensure sustained high performance [57].

Therefore, we propose the following hypothesis:

H7. Al-enabled human resource management positively influences employees’ innovative performance.

2.8. Job Performance and Digital (Intelligent) HRM

The advent of the digital age has triggered transformations, prompting organizations
to re-examine their strategic frameworks through the perspective of strategic HRM the-
ory. They recognize the importance of agility in strategic adaptation for strengthening
core competitive advantages [58]. Digital HRM, as an innovative and technology-driven
paradigm, fundamentally enhances the employee experience by leveraging emerging digi-
tal technologies. This evolving management model creates a human-machine symbiotic
work environment, reshaping how employees access information and collaborate to com-
plete tasks, highlighting the empowering role of digital technology in improving work
performance [59]. Saleh et al. (2024) investigated the impact of compensation, human
resource digitalization, and emotional intelligence on management performance in the
manufacturing sector of Johor, Malaysia [60]. The study confirmed that both human re-
source digitalization and emotional intelligence can moderate the relationship between
compensation and employees” work performance [60]. Organizations should tailor effi-
cient digital platforms to their specific development needs, such as promoting effective
information processing related to employee growth, fostering positive self-awareness and
professional attitudes, and enhancing work engagement and productivity [61].

Therefore, we propose the following hypothesis:

H8. Al-enabled human resource management positively influences employees” job performance.

2.9. Mediating Role of Al Self-Efficacy

As organizations and societies become increasingly integrated into the global digital
system, digital technologies have become a key driver for improving operational efficiency,
creating new value, and achieving strategic transformation. The widespread application
of smart devices and Al in professional fields is constantly reshaping the skill structures
required for effective employee engagement and performance improvement [62]. Human-—
computer interaction has been shown to accelerate workflows, optimize resource utilization,
and improve organizational efficiency, thereby supporting employees” higher-order cogni-
tive functions and value-added activities [63]. Drawing on the Job Demands—Resources
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theory, human—AlI collaboration influences employees” work engagement through underly-
ing psychological mechanisms and relevant boundary conditions [64]. Similarly, improved
employee experience, knowledge acquisition, learning ability, and technical skills can en-
hance their creative self-efficacy, thereby stimulating innovation motivation and improving
innovation performance [65]. Further, Yin et al. (2024) expanded the direction of these
studies, demonstrating that organizational preparedness for Al can strengthen the positive
correlation between Al assistance and employee creative self-efficacy and highlighting
the importance of a supportive organizational environment [66]. In summary, these find-
ings emphasized that self-efficacy, as a fundamental psychological mechanism supporting
individual innovative behavior, had a broad impact on employee innovation outcomes
and organizational performance [67]. The application of Al can help employees to reduce
repetitive daily tasks, allowing them to focus on creative and value-creating activities,
thereby strengthening innovation-related self-beliefs and behaviors [68].
Therefore, we propose the following hypothesis:

H9-1. Al self-efficacy mediates the relationship between Al usage and employees” innovative performance.

In the emerging data-driven economy, technological innovation is driving organiza-
tions to transition to increasingly digital work models, leading to profound changes in
operational processes [69]. Simultaneously, self-efficacy, or an individual’s belief in their
ability to successfully complete tasks, has a critical impact on employees’ motivation, atti-
tudes, and behavior, directly influencing work performance [70]. From the perspective of
organizational behavior theory, work-related self-efficacy reflects employees’ confidence in
their technical skills and knowledge, which is conducive to employees efficiently complet-
ing assigned tasks and forming the basis for effective performance [71]. From a management
perspective, Wiyanto et al. (2024) provided empirical evidence from the aviation sector
confirming that self-efficacy, career development, and work engagement collectively drive
positive and significant effects on employee performance [72]. Meanwhile, Chen et al.
(2022) emphasized the importance of perceived fairness in the dimensions of distribution,
procedure, and interaction [73]. Moreover, enhancing team trust and improving work
performance provide new avenues for promoting constructive employee-organization
interactions that contribute to sustainable organizational development [73].

Therefore, we propose the following hypothesis:

H9-2. Al self-efficacy mediates the relationship between Al usage and employees’ job performance.

2.10. Mediating Role of Digital (Intelligent) HRM

The application of Al in HRM has attracted increasing scholarly attention amid ac-
celerated digital transformation across industries. Moreover, Al-enabled analytics and
forecasting tools enhance HR decision-making by enabling precise performance monitoring
and goal alignment, thereby improving organizational effectiveness [74]. As digitalization,
the systematic conversion of information, processes, and operations into digital forms,
becomes central to competitiveness, HRM assumes a strategic role in sustaining innovation,
optimizing resource allocation, and balancing organizational performance with employee
well-being [75]. Empirical evidence indicates that the performance benefits of Al adoption
are contingent on human resource systems that effectively integrate advanced technolo-
gies. For example, Al-Faouri et al. (2024) demonstrated that strategic human resource
management (SHRM) plays a critical mediating role in translating technology investments
into innovation performance [76]. Consistent with these findings, Nugroho et al. (2025)
provided evidence that Al adoption positively influences HR performance, particularly
when accompanied by Al-driven training and capability development [77]. Collectively,
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these studies suggest that Al-enhanced HRM contributes to sustainable competitive advan-
tage through technology and the development of distinctive human capital that supports
innovation, adaptability, and high performance [77].

Therefore, we propose the following hypothesis:

H10-1. Al-enabled human resource management mediates the relationship between Al usage and
employees’ innovative performance.

The deep integration of Al into HRM is fundamentally reshaping traditional man-
agement models and has become a central focus of contemporary organizational studies.
In performance management, Al-enabled recruitment, data-driven decision support, and
intelligent workforce planning enhance managerial efficiency and strengthen internal HR
capabilities [78]. Previous studies emphasized that intelligent HRM automates routine
tasks and reallocates employee effort toward higher-value activities, enabling continuous
skill development and improved work performance [79]. Similarly, Al-driven automa-
tion allows HR professionals to concentrate on strategic functions, streamlining work-
flows and enhancing productivity, employee experience, and performance management
outcomes [80]. Further, empirical evidence suggests that the performance effects of dig-
ital transformation are mediated by HRM and human resource development practices.
For example, Lou et al. (2024) demonstrated that HRM and HRD play critical mediating
roles in translating digital transformation into employee innovation behavior and job per-
formance [81]. Consistent findings from the insurance industry show that digital HRM
practices, such as e-recruitment, online learning, and electronic performance appraisal,
significantly enhance operational efficiency and organizational performance, reinforcing
competitive advantage [82]. Collectively, these studies indicated that intelligent digital tech-
nologies drive an inevitable transformation of HRM, and organizations that strategically
leverage digital intelligence can improve talent allocation, employee performance, and
long-term organizational sustainability [83].

Therefore, we propose the following hypothesis:

H10-2. Al-enabled human resource management mediates the relationship between Al usage and
employees’ job performance.

Figure 1 presents the conceptual framework of this study, summarizing the hypotheses

above.
H3
]
Innovative
8 Performance
Al Self-Efficacy
H1 HY-1: AIUsage->AIES->IP
H9-2: AI Usage->AIES->JP
Al Usage
H2
Digital (Intelligent)
HRM
H8 Job Performance
H10-1: AI Usage->DHRM->IP
H10-2: AI Usage->DHRM->JP T

H4

Figure 1. Research model.
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3. Methods
3.1. Sample and Data Collection

To examine the effects of artificial intelligence (Al) adoption on employees’ job per-
formance and innovation performance, this study employed an online survey targeting
employees working in Chinese enterprises. Data collection was conducted between 18
April 2025 and 4 February 2026, using purposive sampling to recruit employees from firms
located in major Chinese cities, including Beijing, Shenzhen, Xi'an, and Zhengzhou, across
a range of industries (e.g., IT and internet services, finance, manufacturing and services,
consulting and professional services, education and training, and higher education and
research institutions). Prior to survey administration, participants were informed of the
study’s purpose, research content, and ethical considerations through both offline briefings
(face-to-face explanations provided to enterprise representatives) and online informed
consent procedures embedded in the survey platform. Participation was entirely voluntary,
and respondents were explicitly informed of their right to withdraw from the study at any
time without penalty. All questionnaires were collected anonymously, and no personally
identifiable information was obtained. The collected data were treated with strict confi-
dentiality and used solely for academic research purposes, in accordance with established
research ethics guidelines. To ensure the relevance of responses, employees who had no
prior experience using Al tools in their work were excluded from the analysis. A total of
900 questionnaires were distributed in two waves, resulting in 750 valid responses that
were retained for empirical analysis.

A summary of respondents” demographic characteristics is presented in Table 1. In
terms of gender, the sample comprised 350 males (46.7%) and 400 females (53.3%), indicat-
ing a relatively balanced gender distribution. Regarding age, respondents were predomi-
nantly concentrated in the 30-39 (38.9%) and 4049 (32.5%) age groups, together accounting
for more than two-thirds of the sample. With respect to educational attainment, nearly
half of the respondents held a bachelor’s degree (49.7%), and approximately one quarter
possessed a master’s degree or above (24.9%), suggesting that the majority of participants
had sufficient educational backgrounds to understand and respond meaningfully to the
survey items. From an industry perspective, respondents were drawn from a diverse range
of sectors, with relatively higher representation from IT/Internet/Technology (21.3%),
Finance (20.8%), and Manufacturing/Service (20.7%), followed by Consulting/Education
and Training (14.1%) and Higher Education/Research Institutes (11.2%). In terms of
functional areas, participants were distributed across multiple departments, including
production/operations, technology and R&D, product/project management, adminis-
tration/logistics, human resources, finance/audit, and sales/business, reflecting broad
coverage of organizational functions. Finally, regarding firm size, most respondents were
employed in organizations with 101-500 employees (39.3%) or 501-1000 employees (26.7%),
indicating a predominance of medium- to large-sized enterprises in the sample.

Table 1. Demographic information.

Categories N Y%
Gend Male 350 46.7
ehaer Female 400 53.3
20-29 years 177 23.6
30-39 years 292 38.9
Age 4049 years 244 32.5
50-59 years 28 3.7

60 and above 9 1.2
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Table 1. Cont.

Categories N %

Below Associate degree 39 5.2
Educati Associate degree 151 20.1
ucation Bachelor’s degree 373 49.7
Master’s degree or above 187 249
IT/Internet/Technology 160 21.3
Finance 156 20.8
Manufacturing /Service 155 20.7

Consulting/Education &
Industry Tr%ining 106 141

Higher
Education/Research 84 11.2
Institutes
Others 89 11.9
Production/Operations 99 13.2
Technology/R&D 127 16.9
Product/Project 118 15.7
' Management

functional areas Administration/Logistics 75 10.0
Human Resources 77 10.3
Finance/Audit 93 12.4
Sales/Business 79 10.5
Others 82 10.9
0~100 employees 146 19.5
Corporate size 101~500 employees 295 39.3
P 501~1000 employees 200 26.7
>1000 employees 109 14.5

3.2. Measurement of Variables

To test the research hypotheses, the questionnaire used in this study included five mea-
surement constructs: the Al Usage Scale, the Al Self-Efficacy Scale, the Work Performance
Scale, the Digital-Intelligent Human Resource Management Scale, and the Innovative
Performance Scale. All five scales were adapted from well-established instruments that
have been developed and validated by domestic and international scholars to ensure the
validity and reliability of the research results. Since the original measurement tools were
in English, the scales were translated into Chinese and revised to better fit the context of
Al application among enterprise employees. Following the translation, necessary mod-
ifications and adjustments were made based on qualitative analysis results to improve
the accuracy and contextual relevance of the questionnaire items. Specifically, the Al Us-
age Scale was adapted from [84,85] and consists of six items. The Al Self-Efficacy Scale
was adapted from [14] and includes five items. The Job Performance Scale was adapted
from [38] and contains six items. The Digital-Intelligent Human Resource Management
Scale was adapted from [79] and includes six items. The Innovative Performance Scale
was also adapted from [15] and consists of six items. All items were measured using a
five-point Likert scale, where responses ranged from 1 (strongly disagree) to 5 (strongly
agree). Detailed items for each construct are presented in Table 2.
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Table 2. Measurement of variables.

Variable

Items

Al Usage
[84,85]

When using Al tools for work, I often rely on Al to
complete my tasks.

When using Al tools for work, I do not need to think
excessively, as Al helps me accomplish tasks more
effectively.

When using Al tools for work, I feel that I can skillfully use
various Al functions.

I believe that learning and using Al software and products
is an easy task.

I am proficient in using Al applications or products to
assist me in completing my daily work.

I can use Al applications or products to improve my work
efficiency

Al Self-Efficacy
[14]

I am confident in my ability to use Al services effectively.

I can use Al services if someone shows me how to do it first.
I can use Al services if I receive assistance when
encountering difficulties.

I can use Al services after trying them myself and
observing others use them.

I can use Al services if help instructions are available.

Job Performance
[38]

I am able to complete my work with high quality.

I am able to complete my work in a timely and efficient
manner.

The work I complete satisfies others.

The quantity of my completed work is satisfactory.

The quality of my completed work is satisfactory.

My overall job performance is satisfactory.

Digital (Intelligent) HRM
[79]

The degree of digital intelligence in our company’s human
resource plan module.

The degree of digital intelligence in our company’s
recruitment and placement module.

The extent to which digital intelligence is applied (or
embedded) in our company’s training and development
module.

The degree of digital intelligence in our company’s career
development and succession management module.

The degree of digital intelligence in our company’s
performance management module.

The degree of digital intelligence in our company’s
compensation and benefits module.

Innovative Performance
[15]

I seek new work methods, skills, or tools through
continuous learning.

I am able to transform innovative ideas into practical
applications.

I generate creative ideas to improve my work content.

My innovative ideas enhance my task performance.

I propose innovative solutions to problems encountered in
my work.

I receive recognition or praise from my supervisor for my
innovative ideas.

Because all variables were measured using self-reported questionnaires, Harman's

single-factor test was conducted to assess the potential influence of common method
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bias. The exploratory factor analysis extracted five factors with eigenvalues greater than
1. The first unrotated factor explained 48.281% of the total variance, which is below the
recommended threshold of 50% [86]. Therefore, common method bias is not considered a
serious threat to the validity of the findings.

4. Result
Measurement Reliability and Validity Assessment

To verify the measurement model’s reliability and validity, confirmatory factor analy-
sis (CFA) was conducted on the proposed five-factor structure using AMOS 24. As shown
in Table 3, the model demonstrated an acceptable fit to the data: x?/df = 2.186, p < 0.001,
RMR = 0.026, GFI = 0.931, CFI = 0.974, TLI = 0.971, IFI = 0.974, RFI = 0.948, NFI = 0.953,
RMSEA = 0.040, all of which met the recommended thresholds [87], supporting the overall
adequacy of the model specification. All standardized factor loadings ranged from 0.705 to
0.856 and were statistically significant at the 0.001 level, providing strong support for item
reliability. The composite reliability (CR) of each latent construct exceeded the acceptable
benchmark of 0.70, indicating high internal consistency: Digital Human Resource Manage-
ment (CR = 0.938), Job Performance (CR = 0.927), Innovative Performance (CR = 0.924),
Al Usage (CR = 0.907), and Al Self-Efficacy (CR = 0.898). In addition, all average variance
extracted (AVE) values were above the minimum threshold of 0.50, further confirming
convergent validity: DHRM = 0.716, JP = 0.679, IP = 0.671, AI = 0.619, and AISE = 0.638. To
evaluate discriminant validity, the Fornell and Larcker (1981) criterion was employed [88].
The square root of the AVE for each construct was greater than the inter-construct corre-
lations, indicating that each construct shared more variance with its own indicators than
with other latent variables in the model. Collectively, these results support the reliability
and validity of the measurement model for subsequent structural modeling.

Table 3. Confirmatory Factor Analysis Results.

Estimate

Item 5 B S.E. C.R. AVE CR
Al6 0.786 1.000
AI5 0.811 1.104 0.046 24.141 ***
Al4 0.798 1.088 0.046 23.690 ***
AlI3 0.822 1.190 0.048 24.576 *** 0619 0907
Al2 0.705 1.033 0.051 20.309 ***
All 0.794 1.143 0.049 23.525 ***
AISE1 0.785 1.000
AISE2 0.762 0.920 0.041 22.180 ***
AISE3 0.815 0.991 0.041 24.087 *** 0.638 0.898
AISE4 0.815 0.959 0.040 24.109 ***
AISE5 0.815 0.946 0.039 24.086 ***
DHRM5 0.832 1.000
DHRM6 0.838 1.014 0.036 28.186 ***
DHRM4 0.832 0.990 0.036 27.863 ***
DHRM3 0.856 1.053 0.036 29.129 *** 0716 0958
DHRM?2 0.847 1.036 0.036 28.636 ***
DHRM1 0.872 1.054 0.035 30.066 ***

https:/ /doi.org/10.3390/systems14070786


https://doi.org/10.3390/systems14070786

Systems 2026, 14, 786 13 of 23

Table 3. Cont.

Estimate
Item S.E. C.R. AVE CR
[§] B
JP1 0.877 1.000
JP2 0.816 0.918 0.032 29.028 ***
JP3 0.814 0.932 0.032 28.884 ***
0.679 0.927
JP4 0.808 0.868 0.030 28.546 ***
JP5 0.828 0.924 0.031 29.785 ***
JP6 0.798 0.879 0.031 27.924 ***
IP5 0.819 1.000
P4 0.829 0.955 0.036 26.746 ***
IP3 0.825 1.020 0.038 26.578 ***
0.671 0.924
P2 0.821 0.933 0.035 26.368 ***
1IP1 0.817 0.923 0.035 26.177 ***
1P6 0.802 0.990 0.039 25.499 ***

Model fit: CMIN/DF =2.186, p < 0.001, RMR = 0.026, GFI = 0.931, CFI = 0.974,
TLI=0.971, IFI = 0.974, RFI = 0.948, NFI = 0.953, RMSEA = 0.040

Notes. N = 750, *** p < 0.001. Digital Human Resource Management (DHRM), Job Performance (JP), Innovative
Performance (IP), AI Usage (Al), and Al Self-Efficacy (AISE).

Table 4 reports the means, standard deviations, and Pearson correlation coefficients
among the study variables. As shown, all key constructs were positively and significantly
correlated at the 0.01 level (p < 0.01), indicating meaningful associations among the variables.
Al usage was positively related to Al self-efficacy (r = 0.664), job performance (r = 0.541),
digital human resource management (r = 0.555), and innovative performance (r = 0.584). Al
self-efficacy also exhibited significant positive correlations with job performance (r = 0.605)
and innovative performance (r = 0.610). Digital human resource management was moder-
ately to strongly associated with job performance (r = 0.537) and innovative performance
(r =0.629). In addition, job performance and innovative performance were strongly corre-
lated (r = 0.638), reflecting their conceptual relatedness. Discriminant validity was further
assessed using the Fornell and Larcker (1981) [88] criterion. As reported in Table 3, the
square roots of the average variance extracted (AVE) for all constructs—including Al usage,
Al self-efficacy, digital human resource management, job performance, and innovative
performance—exceeded the corresponding inter-construct correlations, providing evidence
of adequate discriminant validity. Collectively, these results offer preliminary support for
the hypothesized relationships and justify subsequent structural model testing.

Table 4. Mean, Standard Deviations and Correlations.

Mean SD Al AISE JP DHRM IP
Al 3.8904 0.82582 0.787
EAIS 4.0395 0.78656 0.664 ** 0.799
EJP 4.1582 0.70480 0.541 ** 0.605 ** 0.846
DHRM 4.0004 0.85865 0.555 ** 0.476 ** 0.537 ** 0.824
EIP 4.0902 0.77870 0.584 ** 0.610 ** 0.638 ** 0.629 ** 0.819

Notes. N =750, ** p < 0.001. Digital Human Resource Management (DHRM), Job Performance (JP), Innovative
Performance (IP), Al Usage (Al), and Al Self-Efficacy (AISE).
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The hypothesized structural relationships were examined using structural equation
modeling. As shown in Table 5, Al usage exerted a strong and positive effect on Al
self-efficacy (3 = 0.797, p < 0.001), providing support for H1. In addition, Al usage was pos-
itively associated with digital human resource management practices (3 = 0.684, p < 0.001),
supporting H2. With respect to performance outcomes, Al usage had a significant direct
effect on innovative performance (3 = 0.115, p < 0.05), supporting H3, whereas its direct
effect on job performance was not statistically significant (3 = 0.067, p = 0.236); thus, H4
was not supported. Al self-efficacy demonstrated significant positive effects on both in-
novative performance (f = 0.389, p < 0.001) and job performance (3 = 0.450, p < 0.001),
lending support to H5 and Hé6. Similarly, digital human resource management showed
significant positive relationships with innovative performance (3 = 0.398, p < 0.001) and
job performance (3 = 0.277, p < 0.001), supporting H7 and HS.

Table 5. Structural Equation Modeling Results for Hypothesis Testing.

Hypothesized Path Estimate S.E. C.R. p Results
H1 AI = AISE 0.797 0.045 17.641 ok Supported
H2 Al » DHRM 0.684 0.045 15327 Supported
H3 Al IP 0.115 0.055 2.091 0.036 Supported

H4 Al JP 0.067 0.057 1.185 0.236 Rejected
H5 AISE - IP 0.389 0.047 8.246 Supported
H6 AISE - JP 0.450 0.049 9.207 Supported
H7 DHRM - IP 0.398 0.036 11.109 e Supported
H8 DHRM - |P 0.277 0.035 7.887 e Supported

SEM Model with Multiple Mediators Using Phantom Variables (Indirect Effects)
, 95% CI
hypothesized path Estimate S.E. p Results
Lower Upper

HO-TAI Z%?ISE 2P o310 0.059 0.198 0435  Supported
H9-2 Al Z)é;ISE 2P 359 0.054 0.262 0474  Supported
H10-1 AIIPZ,IS))HRM A 0.046 0.194 0374  Supported
HI10-2 A]IPE?)HRM > 0198 0.038 e 0.121 0270  Supported
Al DH]&MPS')’ AISE=> 4 033 0.018 0.044 * 0.001 0073  Supported
Al=> DHIII%;)) AISE= 4 029 0017  0.043% 0.001 0067  Supported

Model fit: CMIN/DF =2.329, p < 0.001, RMR = 0.035, GFI = 0.926, CFI = 0.971, TLI = 0.968, IFI = 0.971, RFI = 0.945,

NFI = 0.971, RMSEA = 0.042

Notes. N =750,* p <0.05, *** p < 0.001. Digital Human Resource Management (DHRM), Job Performance (JP),
Innovative Performance (IP), Al Usage (AI), and Al Self-Efficacy (AISE).

To assess mediation effects, indirect paths were estimated using the phantom variable
approach with bias-corrected bootstrap procedures (5000 resamples) (see Figures 2 and 3).
Al usage had a significant indirect effect on innovative performance through Al self-efficacy
(B =0.310, 95% CI [0.198, 0.435]), supporting H9-1. The same pattern was observed for
job performance (3 = 0.359, 95% CI [0.262, 0.474]), supporting H9-2. DHRM also acted
as a significant mediator. Al usage influenced innovative performance through DHRM
(B =0.272, 95% CI [0.194, 0.374]; H10-1 supported) and job performance (3 = 0.198, 95%
CI[0.121, 0.270]; H10-2 supported). More importantly, the analysis reveals a significant
sequential mediation mechanism. Al usage enhances DHRM practices. DHRM, in turn,
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strengthens employees” Al self-efficacy. Al self-efficacy then improves both innovative
performance and job performance. The indirect effects of this chain are significant for
innovative performance (3 = 0.029, 95% CI [0.001, 0.067]) and job performance (3 = 0.033,
95% C1[0.001, 0.073]). This finding provides a critical theoretical contribution. It clarifies
that Al usage does not directly translate into performance outcomes. Instead, its impact
is realized through a two-stage mechanism. The first stage is organizational (DHRM).
The second stage is cognitive (Al self-efficacy). The results advance prior research by
identifying a structured pathway linking Al usage to performance. They demonstrate that
organizational digital HR practices and individual cognitive beliefs jointly enable value
creation from Al
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Figure 3. Structural Model with Sequential Mediation.

5. Discussion
5.1. Theoretical Contributions

This study advances research on technology-enabled work and digital human resource
management (HRM) by explaining how artificial intelligence (AI) usage is translated into
employee performance through individual cognitive and organizational HRM mecha-
nisms. Previous research has largely focused on the impact of technological innovation on
enterprise-level performance, often adopting a technology-deterministic perspective. In
contrast, this study shifts its focus to the employee level, demonstrating that the impact of
Al use varies across different performance dimensions.
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First, this study empirically validates Al self-efficacy as a key psychological mecha-
nism, thereby contributing to social cognitive theory. Consistent with previous research
emphasizing the importance of self-efficacy in shaping employee adaptation and perfor-
mance under technological change [21,52], this study finds that Al use enhances employees’
confidence in using Al technologies. This enhanced self-efficacy subsequently improves
innovative and work performance. By explicitly linking Al use with self-efficacy and per-
formance outcomes, this study expands existing research and demonstrates that cognitive
beliefs are crucial for translating technology exposure into productive behavior.

An important and theoretically meaningful finding is that Al Usage did not exert a
significant direct effect on Job Performance. This result suggests that merely adopting or
using Al technologies may be insufficient to improve employees” work outcomes. While
Al tools can facilitate access to information, automate routine tasks, and support decision-
making processes, their effectiveness largely depends on employees’ ability to use these
technologies effectively and on the organizational context in which they are implemented.
From the perspective of Socio-Technical Systems (STS) theory, technological resources alone
are unlikely to generate performance gains unless they are accompanied by appropriate
human capabilities and supportive organizational arrangements. The significant mediating
roles of Al Self-Efficacy and Al-Enabled HRM further reinforce this interpretation, indi-
cating that the performance benefits of Al are realized primarily through cognitive and
organizational mechanisms rather than through technology use alone.

Secondly, this study advances research in the field of digital HRM by viewing digital
(intelligent) HRM as a key organizational mechanism. The results show that the use of Al
significantly promotes the development of digital HRM practices, thereby improving work
performance and innovation performance. This finding is consistent with previous research
emphasizing the strategic role of digital HRM systems in supporting employee learning,
capability development, and job design [29,44,64,73]. Importantly, this study transcends
the traditional HRM perspective as a passive support function, conceptualizing digital
HRM as an active transformation mechanism that aligns technological capabilities with
human resource development.

Thirdly, this study makes new theoretical contributions by revealing two mediating
mechanisms: parallel and sequential. Previous studies have typically examined only a sin-
gle mediating variable, but this study’s results indicate that the use of artificial intelligence
(AI) influences performance through two independent yet complementary pathways: a
cognitive pathway (Al self-efficacy) and an organizational pathway (digital human resource
management). More importantly, the findings confirm a sequential mediation structure: Al
use enhances digital human resource management, digital human resource management
reinforces Al self-efficacy, and Al self-efficacy subsequently improves innovation and job
performance. This sequential mechanism provides a more nuanced explanation of how
organizational systems and individual cognition jointly influence performance outcomes.

Fifth, this study highlights the synergistic effect between technology, organizational
systems, and human capabilities, contributing to the emerging literature on human-—
machine collaboration. Consistent with recent research demonstrating that effective Al
implementation requires a coordinated approach across technological infrastructure, hu-
man resource systems, and employee capabilities [65,72], this study suggests that Al alone
is insufficient to improve performance. Instead, value creation occurs when digital human
resource management systems support continuous learning and employees cultivate strong
Al-related self-efficacy. This perspective expands upon previous research, positioning artifi-
cial intelligence (Al) as a socio-technical system embedded in organizational and human
environments, rather than merely a tool.
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Finally, this study challenges mainstream technological determinism by proposing a
comprehensive framework integrating Al use, digital human resource management, Al
self-efficacy, and employee performance. By demonstrating that performance outcomes
depend on organizational structure and individual cognition, this research provides a
comprehensive theoretical model for understanding how Al can promote sustainable
performance improvement in digitally transformed workplaces.

5.2. Practical Implications

This study provides important practical implications for organizations seeking to
promote artificial intelligence (AI) adoption and digital (intelligent) HRM transformation.
The findings indicate that the impact of Al use on employee performance does not occur
automatically; rather, it is closely associated with employees’ cognitive mechanisms and
organizational management systems. Therefore, organizations should emphasize the
coordinated development of technology application, employee capability building, and
digital HRM system optimization when implementing Al technologies.

First, organizations should not limit Al development to technological upgrades alone,
but should simultaneously promote the digital transformation of HRM systems. Firms
can develop intelligent recruitment systems tailored to organizational needs in order to
accurately identify talent that matches digital transformation requirements and optimize
job allocation accordingly, thereby laying the foundation for cultivating interdisciplinary
Al-related talent. In addition, from a technological perspective, organizations should
establish Al platforms that provide employees with intelligent and stable working envi-
ronments, thereby facilitating complementary human—Al work patterns. At the organi-
zational level, firms should formulate standardized Al governance policies, particularly
for cross-departmental collaboration, by clearly defining responsibilities, performance
evaluation standards, and data management requirements associated with Al use. Rel-
evant policies and practices should also be continuously refined according to different
application scenarios.

Second, organizations should leverage digital HRM systems to identify technical
difficulties employees encounter during Al-related work processes and provide feasible
solutions to address these technological challenges in a timely manner, thereby strength-
ening employees’ confidence in using Al technologies. For example, organizations can
utilize real-time feedback mechanisms and personalized capability development pathways
through digital platforms to help employees gradually improve their Al application com-
petence and technological adaptability. Such practices can further enhance employees’
confidence in Al use, promote innovation and job performance, and facilitate the effective
transformation of technological capability into actual performance outcomes.

Finally, organizations should place greater emphasis on cultivating employees” Al
self-efficacy. On the one hand, firms should provide regular professional training pro-
grams for employees at different organizational levels and foster a continuous learning
climate. On the other hand, organizations should establish appropriate performance-based
incentive systems by incorporating employee capability development into performance
evaluation and reward mechanisms, thereby encouraging proactive learning and inno-
vative behavior and enhancing employees’ Al self-efficacy. In doing so, organizations
can promote complementary human—AlI collaboration in the workplace. Furthermore,
organizations should recognize that improvements in employees” Al-related capabilities
can influence performance only when these capabilities are effectively translated into actual
work behaviors.

Overall, this study demonstrates that the positive effect of Al on employee perfor-
mance does not stem solely from the technology itself, but rather from the joint influence
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of technological factors, organizational mechanisms, and employee cognitive capabilities.
Organizations should therefore move beyond a purely technology-oriented approach to-
ward a systematic Al-enabled governance model by enhancing employees’ Al self-efficacy,
advancing digital HRM transformation, and establishing effective human-Al collaborative
systems. In this way, firms can fully realize the organizational value of Al and promote
sustainable organizational development.

5.3. Limitations and Future Research Directions

Despite its theoretical and practical contributions, this study has several limitations
that should be acknowledged.

First, this study employed a cross-sectional research design based on survey data col-
lected at a single point in time. Therefore, the observed relationships should be interpreted
as statistical associations rather than definitive causal effects. Although the proposed model
was grounded in established theoretical frameworks and supported by empirical evidence,
the cross-sectional nature of the data limits the ability to establish causal relationships
among Al usage, Al self-efficacy, Digital (Intelligent) HRM, and employee performance
outcomes. Moreover, as Al technologies continue to evolve and become increasingly inte-
grated into organizational processes, employees’ perceptions, capabilities, and performance
outcomes may change over time. Future research is encouraged to adopt longitudinal,
multi-wave, or experimental research designs to capture the dynamic nature of Al adoption
and provide stronger evidence regarding the causal mechanisms underlying Al-enabled
performance outcomes.

Second, the empirical data were collected from employees working in organizations
located in four major cities in China. While the sample covered multiple industries and or-
ganizational contexts, the findings may still reflect institutional, cultural, and technological
characteristics specific to the Chinese context. Given that Al implementation practices, dig-
ital transformation strategies, and HRM systems vary across countries and regions, caution
should be exercised when generalizing the findings to other settings. Future studies are
encouraged to conduct cross-cultural and cross-national comparisons to examine whether
the relationships identified in this study remain stable across different institutional and
cultural environments.

In addition, the present study focused on Al self-efficacy and intelligent HRM as key
mechanisms linking Al usage to employee job performance and innovative performance.
However, Al-enabled workplaces are complex socio-technical systems in which individual,
organizational, and technological factors interact continuously. Future research may extend
the current framework by incorporating additional contextual factors, such as leadership
styles, organizational learning climate, digital culture, algorithmic transparency, and em-
ployee trust in Al systems, to develop a more comprehensive understanding of how Al
creates value within organizations.
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