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Abstract 

This study investigates the relationships among Artificial Intelligence (AI), perceived usefulness of AI, transformational leadership, job 

engagement, and job performance, with the moderating role of work passion. Drawing on the Job Demands–Resources (JD–R) model and the 

Technology Acceptance Model (TAM), the study proposes a research model explaining how technological and leadership resources jointly 

influence employee performance in the context of digital transformation. A quantitative approach was employed, with data collected through an 

online survey of 345 employees at five leading joint-stock commercial banks in Vietnam. Partial Least Squares Structural Equation Modeling 

(PLS-SEM) was applied to test the proposed hypotheses. The findings reveal that perceived usefulness of AI is the strongest indirect predictor of 

job performance through the mediating role of job engagement. The results also confirm that transformational leadership significantly enhances 

employee engagement, particularly through inspirational motivation and individualized consideration. Artificial Intelligence, as an organizational 

resource, further strengthens engagement by reducing workload and supporting decision-making processes. Furthermore, work passion plays a 

moderating role in the relationship between job engagement and job performance, with harmonious passion amplifying this relationship while 

obsessive passion may reduce its marginal effect. These findings highlight the importance of integrating AI applications with effective leadership 

practices to foster employee engagement and improve job performance in modern digital organizations. 

Keywords: AI, Usefulness of Artificial Intelligence, Transformational Leadership, Job Engagement, Work Passion, Job Performance, Digital Transformation. 

1. Introduction 

The rapid and profound advancement of technology, particularly AI, is fundamentally reshaping operational and 

managerial practices across modern organizations. Numerous studies have highlighted that the accelerating pace of 

technological change compels businesses to swiftly adapt by integrating AI into their decision-making processes and 

developing comprehensive digital transformation strategies [1]. In the banking sector, an industry particularly sensitive 

to technological shifts, AI has emerged as a critical tool for personalizing financial services, developing intelligent 

products, and establishing business models that respond to increasingly complex customer demands [2].Despite its 

considerable benefits, the adoption of AI also presents significant managerial challenges. These include strategic 

planning difficulties, system compatibility issues, and concerns over data security and financial transaction privacy [3], 

[4]. Such challenges underscore the urgent need for innovative leadership, particularly among those with strategic 

thinking capabilities and a strong foundation in digital technologies. These leaders are essential not only for the 

effective implementation of AI but also for guiding organizations through the continuous changes in today’s business 

environment. In this context, transformational leadership has gained prominence as an effective leadership style to 

navigate the complexities of technological transformation. 

Although technological advancements provide significant advantages for organizations, the successful adoption and 

use of new technologies by employees require that organizations ensure employees perceive these technologies as both 

useful and easy to use. According to the Technology Acceptance Model (TAM) proposed by Davis [5] employees’ 

perceived usefulness of AI in organizational contexts reflects the extent to which they believe that the technology can 

enhance their job performance, improve decision-making quality, and optimize operational processes. In the context 

of financial institutions, when employees perceive AI as providing tangible benefits to their work, they are more likely 
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to adopt the technology and engage more actively in organizational activities. Recent studies have also demonstrated 

that positive perceptions of digital technologies can enhance work motivation, strengthen employee engagement, and 

improve overall organizational performance [3], [6].  

Beyond technological factors, research in organizational behavior highlights the critical role of the work environment 

and organizational resources in shaping employee motivation and performance. Drawing on the Job Demands–

Resources (JD–R) model [7], [8], employee performance is influenced by the interaction between job demands and job 

resources. Within this framework, job resources, such as leadership support, career development opportunities, and 

technological tools, can help employees reduce work-related pressures while simultaneously fostering intrinsic 

motivation and work engagement. In the context of this study, AI and transformational leadership can be conceptualized 

as important job resources that enable employees to perform their tasks more effectively by supporting decision-

making, providing timely information, and automating work processes. According to the JD–R model, when employees 

are provided with sufficient job resources, they are more likely to experience higher levels of job engagement, which 

ultimately leads to improved job performance. 

This leadership approach emphasizes vision-building, inspiration, individualized development, and innovation, all of 

which are crucial in helping employees adapt to change, enhance motivation, and improve performance [6], [9]. When 

combined with AI, transformational leaders are better positioned to leverage technology as a tool for informed decision-

making, process optimization, and organizational performance enhancement [10]. In practice, AI can support the 

customization of training programs and performance assessments, enabling employees to identify strengths and areas 

for improvement while aligning their skills with job requirements. When transformational leadership is effectively 

exercised alongside AI, the workplace evolves into a more dynamic environment that nurtures employee potential and 

strengthens organizational engagement. Kannan and Msila affirm that the synergy between AI and transformational 

leadership positively contributes to job performance and employee satisfaction [11]. 

In the Vietnamese context, recent research by Nguyen and Pham [12] has demonstrated that AI and job engagement 

exert a positive impact on employee performance. Complementing this, Nguyen [13] found that job stress has a 

detrimental effect on performance, whereas work motivation acts as a moderator that can mitigate stress and enhance 

outcomes. While digital transformation offers substantial benefits for organizations, its high-intensity implementation 

may also have psychological repercussions for employees, especially amid growing concerns that AI may increase the 

risk of job displacement. These anxieties can affect employees’ passion for their work, which is a crucial psychological 

factor in sustaining motivation, managing stress, and adapting proactively to technological changes. According to 

Vallerand et al. [14], work passion plays a vital role in promoting job performance and fostering a more cohesive and 

productive workplace. 

Building on the theoretical and practical foundations outlined above, this study is guided by three interrelated research 

questions. Specifically, the study examines: how AI, together with its perceived usefulness and transformational 

leadership, influences job engagement within the banking sector; what mediating role job engagement plays in the 

relationships between AI, transformational leadership, and job performance; and in what way work passion moderates 

the relationship between job engagement and job performance. 

This research is conducted in the context of joint-stock commercial banks in Ho Chi Minh City, where AI is being 

vigorously deployed in both business operations and marketing activities. Employing a quantitative approach via a 

staff survey, the study seeks to provide empirical evidence to inform human resource management policies that can 

enhance performance and foster talent development within Vietnam’s banking industry. 

2. Literature Review 

2.1. Theoretical Background 

2.1.1. Technology Acceptance Model (TAM) 

The TAM was developed by Davis [5] to explain individuals’ acceptance and use of information technologies. 

According to TAM, two core cognitive beliefs, perceived usefulness and perceived ease of use, determine users’ 

attitudes toward a technology, which subsequently influence their behavioral intention and actual usage [5]. Among 

these determinants, perceived usefulness is considered the most important factor influencing technology adoption 

because individuals are more likely to accept a technology when they believe it can enhance their job performance and 

work efficiency [5], [15]. In the context of AI adoption in organizations, TAM provides an important theoretical 
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framework for understanding how employees evaluate the value of AI-based systems. The concept of perceived 

usefulness is particularly relevant when examining employees’ perceptions of AI features, such as decision-support 

capabilities, automation of routine tasks, and improvements in work efficiency. Therefore, TAM is applied in this study 

to explain how the perceived usefulness of AI influences employees’ work-related attitudes and behaviors. By 

incorporating TAM into the research framework, this study aims to capture the cognitive mechanisms through which 

AI-related perceptions contribute to employee engagement and performance in technology-driven workplaces. 

2.1.2. Job Demands–Resources (JD-R) 

The Job Demands–Resources model (JD–R) was introduced by Evangelia Demerouti and Arnold B. Bakker to explain 

how different job characteristics influence employee well-being and performance [7]. The model suggests that all 

occupations involve two main categories of job characteristics: job demands and job resources. Job demands refer to 

aspects of work that require sustained effort and may lead to strain, such as workload or time pressure. In contrast, job 

resources refer to physical, psychological, social, or organizational factors that help employees achieve work goals, 

reduce job demands, and stimulate motivation and personal development [8]. According to the JD–R model, job 

resources play a critical role in fostering work engagement, which subsequently leads to higher job performance [8]. 

In technology-driven work environments, resources may include advanced digital tools and supportive leadership 

practices. In this study, artificial intelligence and transformational leadership are conceptualized as important 

organizational resources that support employees in performing their tasks more effectively. By applying the JD–R 

framework, this research explains how these resources enhance employees’ job engagement, which ultimately 

contributes to improved job performance. 

2.2. Relationship between Artificial Intelligence and Perceived Usefulness of AI 

From a theoretical perspective, the relationship between AI and the perceived usefulness of AI needs to be clearly 

conceptualized in order to better understand the mechanisms through which technology influences employee behavior 

and performance. In organizational contexts, AI is commonly defined as technological systems based on algorithms 

and data that can support or automate analytical, predictive, and decision-making activities [16]. As a technological 

resource, AI has the potential to optimize operational processes and enhance organizational efficiency. However, the 

mere implementation of AI technologies within organizations does not necessarily guarantee that employees will 

effectively utilize these technologies in their work. 

According to the TAM proposed by Davis [5], employees’ adoption and use of technology depend not only on the 

availability of the technology but also on users’ perceptions of its usefulness. Specifically, employees are more likely 

to accept and utilize technological systems when they believe that such systems can improve their job performance. In 

this sense, AI represents the technological infrastructure or the level of technology implementation within the 

organization, whereas the perceived usefulness of AI reflects employees’ subjective evaluation of the benefits that such 

technologies bring to their work. This perspective is consistent with the argument of Berente et al. [6], who describe 

AI as a significant advancement in organizations’ computational and data-processing capabilities, enabling 

technological systems to address complex decision-making problems in modern business environments. Nevertheless, 

research on attitudes toward and acceptance of AI suggests that individuals’ perceptions of the usefulness of AI play a 

crucial role in shaping positive attitudes toward the technology and encouraging its use in the workplace [17]. 

Furthermore, in the context of digital transformation, Meijerink et al. [16] emphasize that algorithmic and AI systems 

implemented in organizations primarily function as technological infrastructures supporting decision-making 

processes. In contrast, employees’ reactions to these systems, including trust, acceptance, and perceived value, are 

rooted in users’ cognitive and psychological evaluations. 

Therefore, distinguishing between AI as an organizational technological resource and the perceived usefulness of AI 

as employees’ cognitive evaluation of that resource allows researchers to simultaneously capture both the objective 

aspect of technology implementation and the subjective perception of users. Such an approach provides a clearer 

explanation of how AI can influence job engagement and job performance in the context of organizational digital 

transformation. 
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2.3. Research Hypothesis 

2.3.1. The Relationship between Usefulness of AI and Job Engagement 

The perceived usefulness of AI reflects employees’ subjective evaluations regarding the extent to which artificial 

intelligence technologies can enhance their work performance. This perception is closely related to employees’ 

psychological responses when interacting with technological systems [18]. According to the Technology Acceptance 

Model (TAM), perceived usefulness represents a critical cognitive factor that determines whether users believe that 

utilizing a technological system can improve their job performance and work effectiveness [19]. Accordingly, in the 

context of this study, AI represents the technological functions and systems implemented within organizations, whereas 

the perceived usefulness of AI refers to employees’ subjective evaluation of the benefits that such technologies bring 

to their work. 

Recent studies suggest that employees’ willingness to adopt AI in the workplace is strongly influenced by their 

perceptions of its usefulness and their expectations that AI can support them in performing tasks more efficiently [20]. 

When employees perceive that AI reduces workload, provides timely information, and supports decision-making 

processes, they are more likely to view the technology as beneficial to their job tasks [16]. These advantages can 

enhance employees’ sense of control, autonomy, and confidence in performing their work, which are important 

psychological conditions for fostering job engagement. 

According to Schaufeli et al. [21], job engagement represents a positive work-related psychological state characterized 

by vigor, dedication, and absorption in work. When employees perceive AI as a supportive tool that enhances their 

work effectiveness, they tend to invest greater cognitive and emotional effort into their job tasks. Moreover, AI can 

strengthen employees’ sense of competence and professional value when it is perceived as augmenting rather than 

replacing human work [6]. In such circumstances, employees are more likely to develop positive attitudes toward their 

work and become more actively involved in their job roles. Therefore, when employees perceive AI technologies as 

useful and beneficial to their work activities, they are more likely to experience higher levels of job engagement. Based 

on the above theoretical and empirical foundations, the following hypothesis is proposed: 

H1: Perceived usefulness of AI positively influences job engagement. 

2.3.2. The Relationship between Transformational Leadership and Job Engagement 

Transformational leadership is a leadership style that is both strategically and emotionally driven, emphasizing 

inspiration, the stimulation of creative thinking, and the personal development of followers to enhance organizational 

effectiveness. This leadership approach comprises four core components: inspirational motivation, idealized influence, 

intellectual stimulation, and individualized consideration [22].  

These elements not only influence job performance but also play a central role in strengthening employees’ job 

engagement. The inspirational motivation refers to a leader’s ability to instill confidence and enthusiasm in employees 

by articulating a clear vision, fostering a sense of purpose, and motivating individuals to overcome challenges. 

Encouragement and motivation from leaders serve as a source of inspiration that promotes collaboration and enhances 

the ability to achieve shared goals. This cultivates a positive emotional bond between employees and the organization, 

thereby reinforcing job engagement [23]. In addition, idealized influence reflects the leader's role as an ethical role 

model who demonstrates positive behaviors within the organization. Bass and Bass [24] argue that transformational 

leaders gain trust and respect from their subordinates by acting with integrity and prioritizing collective interests. When 

leaders alleviate employee stress and foster inspiration, they not only create a supportive environment but also enhance 

job satisfaction and commitment [25]. As such, idealized influence strengthens the leader–employee relationship and 

contributes to the development of sustainable job engagement. Intellectual stimulation refers to a leader’s ability to 

encourage critical thinking, creativity, and innovative problem-solving. Transformational leaders empower employees 

to question assumptions, explore new ideas, and actively contribute to organizational innovation [26]. Afsar et al. [26] 

suggest that such active participation in creative activities fosters a sense of personal value and contribution, which in 

turn deepens psychological connection and enhances engagement. Individualized consideration involves a leader’s 

genuine understanding of employees’ needs, capabilities, and goals [27]. Holten and Brenner [28] note that 

transformational leaders often act as mentors, coaches, and developmental guides. When employees perceive that their 
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leaders care deeply and personally about their growth, they tend to put in greater effort, gain a clearer sense of self-

efficacy, and pursue both individual and organizational goals with greater purpose [29]. Handayani [30] reinforces this 

perspective by emphasizing that individualized consideration, expressed through specific actions that respond to 

employees’ needs and expectations, strengthens leader–employee relationships and fosters job engagement. 

From the employee’s perspective, job engagement is understood as a positive work-related attitude characterized by a 

willingness to invest physical, cognitive, and emotional resources to perform effectively [31]. When leaders provide 

direction, support, and developmental opportunities, they not only improve performance but also activate intrinsic 

motivation, thereby deepening employees’ engagement with their work and the organization. In sum, transformational 

leadership, characterized by inspiration, value orientation, and people development, plays a fundamental role in 

enhancing job engagement. Based on the aforementioned theoretical and empirical foundations, the following 

hypothesis is proposed: 

H2: Transformational leadership positively influences job engagement. 

2.3.3. The Relationship between AI and Job Engagement 

In the context of rapid digital transformation in the banking sector, an industry highly sensitive to technology and data, 

the application of AI not only enhances operational efficiency but also exerts a profound influence on human resource 

dynamics, particularly employees' job engagement. According to Chen et al. [32], organizations seeking to maintain a 

competitive advantage must proactively invest in and effectively leverage organizational resources. AI is considered a 

strategic intangible asset that contributes to long-term value and can amplify both individual and collective performance 

[33]. AI’s exceptional capabilities, including decision-making support, personalized service, and automation, are 

reshaping how employees interact with their work. Integrating AI into decision-making processes helps reduce 

repetitive manual tasks while enabling employees to access data and information more quickly and accurately. This, in 

turn, fosters a sense of importance, recognition, and growth, critical components of job engagement. As Kaur et al. [34] 

define it, job engagement is a positive psychological state characterized by enthusiasm, pride, and a desire for long-

term commitment to one’s work. When AI is deployed as a supportive tool rather than a replacement, it creates an 

environment in which employees feel empowered and experience greater control over their workflow. The real-time 

feedback provided by AI not only enhances performance but also strengthens employees’ self-perception of their value 

within the organization. 

In the contemporary workplace, AI is increasingly embedded in daily operations, reshaping how employees interact 

with their work and redefining service delivery processes [35]. Employees are not only using AI to accomplish tasks 

but also benefiting from personalized learning programs tailored to their competencies and development needs [36]. 

These learning opportunities enhance professional capabilities and generate a sense of progress, thereby reinforcing 

the connection between individuals and the organization. Organizational efforts to apply AI in human resource 

processes aim to enhance engagement and performance while ensuring job security. AI is increasingly used to automate 

administrative tasks and create optimal working environments, leading to improved efficiency and employee 

satisfaction. 

Moreover, AI functions as an effective internal communication channel. AI-powered chatbots, for example, are used 

to answer frequently asked questions regarding policies, benefits, or administrative procedures, enabling employees to 

resolve issues quickly without manual intervention from HR departments. This enhances transparency, reduces 

ambiguity, and reinforces employees' perception of organizational support [37]. Transparency and continuous support 

are critical to maintaining high levels of job engagement. More importantly, AI plays a role in restructuring job roles 

by eliminating repetitive tasks, freeing up time for employees to focus on creative and strategic activities, fostering a 

deeper sense of meaning and fulfillment at work [16]. When work transitions from being purely mechanical to a process 

of learning, creativity, and collaboration, employees are more likely to develop strong intrinsic engagement with the 

organization. In sum, AI is not merely a technological tool that supports organizational operations; it also acts as a 

catalyst for initiating and sustaining job engagement. By enhancing the work experience, supporting personal 

development, and optimizing communication and decision-making processes, AI contributes to creating a workplace 

where employees feel valued, supported, and empowered to grow. Based on the aforementioned theoretical and 

empirical foundations, the following hypothesis is proposed: 
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H3: Artificial Intelligence positively influences job engagement. 

2.3.4. The Relationship between Job Engagement and Job Performance 

Job performance is defined as the overall value that an employee contributes to an organization, encompassing both 

direct contributions through task execution and indirect contributions through behaviors that support the work 

environment [38]. In the contemporary workplace, enhancing performance depends not only on professional 

competencies but also significantly on the level of job engagement. Job engagement is described as a psychological 

state in which employees invest personal resources, including physical, cognitive, and emotional energy, into fulfilling 

their roles and responsibilities within the organization [39]. When employees feel engaged, they exert greater physical 

effort, maintain heightened cognitive focus, and develop a positive emotional attachment to their work [40]. 

Conversely, a lack of engagement often leads to psychological withdrawal, passivity, detachment, and diminished 

motivation, which can undermine work effectiveness [41]. 

Analyzing each dimension, physical investment in one’s role enables employees to sustain long-term effort. This not 

only meets the behavioral expectations of the organization but also reflects a strong commitment to one’s professional 

responsibilities. Individuals who are willing to take on more challenging tasks are more likely to exhibit higher levels 

of performance. In addition, cognitive engagement helps employees remain highly focused, proactive in learning, and 

committed to developing professional skills to meet the organization's increasing demands [41]. Such cognitive effort 

improves individual performance and contributes to the overall productivity of the organization. Emotional investment, 

meanwhile, fosters a strong sense of connection between employees and the organization’s goals. This emotional bond 

motivates cooperative behavior, peer support, and improved team effectiveness, an increasingly vital factor in today’s 

collaborative work environments [40]. Based on these insights, it can be concluded that highly engaged employees 

tend to work with greater intensity, demonstrate stronger responsibility, and sustain a positive emotional connection to 

their tasks. Therefore, job engagement stands out as a significant predictor of employee job performance. Based on the 

aforementioned theoretical and empirical foundations, the following hypothesis is proposed: 

H4: Job engagement positively influences job performance. 

2.3.5. The Moderating Role of Work Passion 

While job engagement has long been recognized as a key driver of job performance (facilitating the investment of 

physical, cognitive, and emotional resources into one’s role [39]), its influence is not always consistent. Recent research 

suggests that the impact of job engagement on performance may be contingent upon certain psychological factors, 

among which work passion plays a prominent moderating role. According to the Dualistic Model of Passion proposed 

by Vallerand et al. [14], work passion can be categorized into two types: harmonious passion and obsessive passion. 

Harmonious passion reflects an individual’s voluntary engagement in work, where the activity is perceived as 

intrinsically valuable and integrated harmoniously with other areas of life. In contrast, obsessive passion arises when 

individuals feel compelled to pursue their work due to internal pressures, often leading to conflict between their 

professional and personal lives. 

Empirical studies have consistently shown that harmonious passion amplifies the positive relationship between job 

engagement and job performance. Specifically, Forest et al. [42] and Ho et al. [43] found that harmonious passion 

encourages employees to sustain cognitive engagement, which leads to more enduring and effective work outcomes. 

Ho et al. [43] further noted that harmonious passion enables individuals to fully capitalize on the benefits of engagement 

by transforming positive psychological energy into effective work behaviors. Similarly, Carbonneau et al. [44], in their 

study on teachers, observed that individuals with high levels of work passion tend to achieve superior teaching 

performance and greater job satisfaction compared to those with lower passion levels. Furthermore, Chen et al. [45] 

demonstrated that individuals displaying higher passion exhibit more compelling performance behaviors, suggesting 

that passion functions as a behavioral amplifier in achievement-oriented contexts. Theoretically, work passion can be 

conceptualized as a moderator that influences the strength and direction of the relationship between job engagement 

and job performance. When harmonious passion is high, individuals not only sustain long-term commitment to their 

roles but also demonstrate resilience, continuous learning, and a proactive approach to achieving professional goals. In 

this context, passion functions not merely as an emotional state but as a behavioral regulatory mechanism within the 

organizational setting. It fosters the maintenance of positive psychological energy, facilitates productive work 



Journal of Applied Data Sciences 

Vol. 7, No. 2, May 2026, pp. 1281-1298 

ISSN 2723-6471 

1287 

 

 

 

behaviors, and ultimately enhances individual performance and organizational outcomes. Based on the aforementioned 

theoretical and empirical foundations, the following hypothesis is proposed: 

H5: Work passion moderates the relationship between job engagement and job performance. 

2.3.6. The Mediating Role of Job Engagement 

Job engagement is defined as the extent to which employees are willing to mobilize and invest their physical, cognitive, 

and emotional resources in the execution of their work roles [39]. According to Bakker and Demerouti [46], 

engagement arises when individuals are provided with sufficient job resources, such as technological support or 

effective leadership, and it is this engagement that ultimately determines performance-related behaviors. Engaged 

employees are typically more responsible, proactive, and creative, thereby making direct contributions to 

organizational outcomes. Empirical studies by [39] and [47] confirm the mediating role of job engagement in the 

relationship between various input factors (e.g., work conditions, organizational culture, leadership behavior) and 

output variables such as job performance, satisfaction, and organizational commitment. 

 When employees utilize technology and feel supported by AI, such as receiving timely information, benefiting from 

personalized learning, or offloading repetitive tasks, they are more likely to perceive greater self-efficacy, autonomy, 

and professional value. These positive perceptions form the basis for increased engagement, which in turn drives 

proactive, creative, and committed work behavior, key components of high job performance. Similarly, 

transformational leadership, through its dimensions of inspirational motivation, individualized consideration, 

intellectual stimulation, and idealized influence, not only fosters a supportive work environment but also cultivates 

positive emotional states among employees. Such leaders encourage learning, resilience, and a deeper sense of meaning 

in one’s work [48]. These factors activate engagement as both a psychological and behavioral response, thereby 

motivating employees to perform with greater intensity, accountability, and long-term effectiveness. Based on the 

above theoretical and empirical foundations, the following hypothesis is proposed: 

H6: Job engagement mediates the relationship between Artificial Intelligence, transformational leadership, and job 

performance. 

3. Methodology 

3.1. Research Method 

This study employs both qualitative and quantitative research methods to examine the relationships among Artificial 

Intelligence, Usefulness of Artificial Intelligence, Transformational Leadership, Job Engagement, and Job 

Performance, as well as the moderating role of Work Passion in the proposed model. The qualitative stage involved a 

review of relevant literature and expert discussions with academics and practitioners in the banking and digital 

transformation fields to refine the research constructs and measurement items. The research was conducted through an 

online survey targeting employees working at five leading joint-stock commercial banks in Vietnam. These banks were 

identified based on the 2024 ranking of reputable banking brands published by Brand Finance. The selected banks 

include the Bank for Investment and Development of Vietnam (BIDV), the Joint Stock Commercial Bank for Foreign 

Trade of Vietnam (Vietcombank), the Vietnam Joint Stock Commercial Bank for Industry and Trade (VietinBank), the 

Military Commercial Joint Stock Bank (MB Bank), and the Vietnam Technological and Commercial Joint Stock Bank 

(Techcombank). These institutions are recognized for their strong digital transformation efforts and advanced 

applications of AI in business and marketing operations. 

The study employed a five-point Likert scale ranging from 1 (“strongly disagree”) to 5 (“strongly agree”). The scale 

for Usefulness of AI comprises four items adapted from the Technology Acceptance Model (TAM) by Davis [5]. These 

items are tailored to capture not only the impact of AI on work productivity but also the users’ subjective evaluations 

of AI in the workplace. The Transformational Leadership scale includes four items based on the framework developed 

by [24], which has been widely validated in academic research to measure the core dimensions of transformational 

leadership. The Artificial Intelligence scale consists of three items developed from the work of Schepman & Rodway 

[18], focusing on the technical features of AI that enhance employee performance. The Job Engagement scale 

comprises four items adapted from [39], reflecting employees’ emotional involvement, concentration, and physical 
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effort in their job roles. The Job Performance scale includes four items based on the measure developed by [49], 

capturing performance outcomes in the context of AI integration. Finally, the Work Passion scale consists of three 

items adapted from [49], emphasizing the moderating role of harmonious passion in promoting voluntary engagement 

and improved performance, while also highlighting employees’ work–life balance. 

3.2.  Proposed Research Model 

Figure 1 illustrates the proposed research model, depicting the hypothesized relationships among the six constructs 

examined in this study: Artificial Intelligence (AI), Usefulness of Artificial Intelligence (UAI), Transformational 

Leadership (TL), Job Engagement (JE), Work Passion (WP), and Job Performance (JP). In the model, AI, UAI, and 

TL are positioned as independent variables that directly influence JE (H1, H2, H3), while JE serves as the mediating 

variable between these antecedents and JP (H4, H6). Work Passion is included as a moderating variable that regulates 

the strength of the JE-JP relationship (H5). 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Proposed Research Model 

3.2.1. Research Flowchart 

The research process follows a structured six-stage flowchart: (1) Literature Review and Hypothesis Development: 

theoretical frameworks (TAM and JD-R) are reviewed and five hypotheses (H1–H5) are proposed; (2) Questionnaire 

Design: measurement scales are adapted from validated instruments for AI, UAI, TL, JE, WP, and JP constructs; (3) 

Data Collection: an online survey is distributed to 500 employees at five leading joint-stock commercial banks in 

Vietnam, yielding 345 valid responses; (4) Data Screening: incomplete and inconsistent responses are removed; (5) 

PLS-SEM Analysis: measurement model assessment (reliability, convergent validity, discriminant validity) is 

performed, followed by structural model testing (path coefficients, mediation analysis, moderation analysis); and (6) 

Interpretation and Reporting: findings are discussed in relation to prior literature, and practical implications are drawn 

for managers and policymakers. 

3.2.2. Research Formulas 

The study applies Partial Least Squares Structural Equation Modeling (PLS-SEM) via SmartPLS. The core statistical 

formulas used are as follows: 

Reflective Measurement Model: 

𝑥𝑖𝑗 =  λ𝑖𝑗 ξ𝑗 + δ𝑖𝑗  (1) 

Job 

Engagement 
Job          

Performance 

Work 

Passion 

Transformational 

Leadership 

Artificial 

Intelligence 

Usefulness of 

Artificial 

Intelligence 

H1

+ 

H2

+ 

H3

+ 

H4

+ 

H5

+ 



Journal of Applied Data Sciences 

Vol. 7, No. 2, May 2026, pp. 1281-1298 

ISSN 2723-6471 

1289 

 

 

 

xᵢⱼ is the i-th indicator of latent construct ξⱼ, λᵢⱼ is the outer loading, and δᵢⱼ is the measurement error. 

Composite Reliability (CR): 

𝐶𝑅 =  
(∑ λ𝑖)

2

(∑ λ𝑖)
2

+ ∑(1 − λ𝑖
2)

 (2) 

Threshold: 𝐶𝑅 ≥ 0.70 [50]  

Average Variance Extracted (AVE): 

𝐴𝑉𝐸 =  
∑ λ𝑖

2

∑ λ𝑖
2  +  ∑(1 − λ𝑖

2)
 (3) 

Threshold: 𝐴𝑉𝐸 ≥ 0.50 confirms convergent validity [50]. 

Structural Path Equations: 

𝐽𝐸 =  𝛽1(𝐴𝐼) +  𝛽2(𝑈𝐴𝐼) + 𝛽3(𝑇𝐿) + ζ1 (4a) 

𝐽𝑃 =  𝛽4(𝐽𝐸) + 𝛽5(𝑊𝑃) +  𝛽6(𝐽𝐸 × 𝑊𝑃) +  ζ2 (4b) 

𝛽 values are path coefficients estimated via bootstrapping (5,000 resamples), and 𝜁 represents the residual error term. 

Indirect Effect (Mediation): 

𝐼𝑛𝑑𝑖𝑟𝑒𝑐𝑡 𝐸𝑓𝑓𝑒𝑐𝑡 =  𝛽(𝑋 → 𝐽𝐸) ×  𝛽(𝐽𝐸 → 𝐽𝑃) (5) 

Significance assessed via bootstrapped 95% confidence intervals. 

Predictive Relevance (Q² via Blindfolding): 

𝑄2 =  1 − (
𝑆𝑆𝐸

𝑆𝑆𝑂
) (6) 

𝑄² >  0 indicates predictive relevance; 𝑄² >  0.35 indicates strong predictive relevance  [50]. 

3.2.3. Research Pseudocode 

The following algorithm 1, describes the analytical procedure implemented in SmartPLS: 

Algorithm 1. PLS Path Modeling with Bootstrapping, Mediation, and Moderation Analysis 

INPUT: Survey dataset (𝑛 =  345), 6 constructs (AI, UAI, TL, JE, WP, JP), 22 indicators 

STEP 1: Measurement Model Assessment: 

    FOR each construct C in {AI, UAI, TL, JE, WP, JP}: 

        Compute Cronbach Alpha and Composite Reliability (CR) 

        IF (Alpha below 0.70) OR (CR below 0.70) THEN flag reliability issue 

        Compute AVE for construct C 

        IF AVE below 0.50 THEN flag convergent validity issue 

        Remove indicators with outer loading below 0.70 

    END FOR 

STEP 2: Discriminant Validity (HTMT Criterion): 

    FOR each pair of constructs (Ci, Cj): 

        Compute HTMT ratio 

        IF HTMT ratio above 0.85 THEN flag discriminant validity violation [51] 

    END FOR 

STEP 3: Structural Model (Path Coefficients): 

    Run PLS algorithm to estimate path coefficients beta 
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    Run bootstrapping (B = 5,000 resamples) to obtain t-statistics and p-values 

    FOR each hypothesis H in {H1, H2, H3, H4, H5}: 

        IF p-value below 0.05 THEN Accept hypothesis ELSE Reject hypothesis 

    END FOR 

STEP 4: Mediation Analysis: 

    Compute indirect effect = beta(X to JE) x beta(JE to JP) 

    Assess significance via bootstrapped 95% confidence interval 

    IF confidence interval excludes 0 THEN mediation is statistically significant 

STEP 5: Moderation Analysis: 

    Mean-center JE and WP variables 

    Compute interaction term: INT = JE_centered x WP_centered 

    Estimate beta(INT to JP) and assess significance via bootstrapping 

STEP 6: Predictive Relevance: 

    Run blindfolding procedure (omission distance d = 7) 

    Compute Q^2 for each endogenous construct 

OUTPUT: Path coefficients, t-statistics, p-values, R^2, Q^2, mediation and moderation results 

4. Results and Discussion 

4.1. Measurement Model Assessment Results 

The study conducted an online survey via Google Forms using a convenience sampling approach, targeting employees 

from the five aforementioned joint-stock commercial banks. Out of 500 distributed questionnaires, 345 valid responses 

were retained for analysis. Data were analyzed using SmartPLS software, applying the Partial Least Squares Structural 

Equation Modeling (PLS-SEM) technique. This approach was employed to evaluate the reliability and convergent 

validity of the measurement scales, discriminant validity, path coefficients, mediation and moderation effects, as well 

as predictive relevance through Q² values. 

The demographic profile of the 345 respondents reveals that 149 were female and 196 were male. Participants ranged 

in age from 18 to 55, with 61% falling within the 26 to 40 age group, an age range generally associated with the core 

workforce in most industries, particularly in banking, where employees tend to have gained experience and demonstrate 

strong job commitment. The majority of respondents held a university degree (59%), while 4.9% held postgraduate 

qualifications, 20.9% held college diplomas, and 14.5% had other educational backgrounds. Monthly income levels 

ranged from below VND 10 million to above VND 25 million, with 33.6% earning over VND 25 million and 18.8% 

earning under VND 10 million. As shown in table 1, the reliability and convergent validity results demonstrate that all 

measurement scales achieved Cronbach’s Alpha coefficients above 0.70 (ranging from 0.772 to 0.863), indicating a 

high level of internal consistency among observed items [50]. Regarding indicator loadings, all items exceeded the 

0.70 threshold, confirming strong convergent validity. For the AI construct, all three items, AI1 (0.869), AI2 (0.877), 

and AI3 (0.911), showed strong loadings, confirming high reliability and convergence. For the JE construct, the four 

items, JE1 (0.864), JE2 (0.827), JE3 (0.706), and JE4 (0.800), all met the minimum threshold for factor loadings. 

Although JE3 had the lowest loading (0.706), it was still within the acceptable range. The JP construct also showed 

high reliability with JP1 (0.801), JP2 (0.787), JP3 (0.876), and JP4 (0.852). 

Composite Reliability (CR) values ranged from 0.867 to 0.916, exceeding the recommended threshold of 0.70 and 

confirming the stability and strong reliability of the scales used in the model. In terms of Average Variance Extracted 

(AVE), all constructs had AVE values greater than 0.50 (ranging from 0.642 to 0.785), indicating that the observed 

variables explain a substantial portion of the variance in their respective latent constructs. 
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Table 1. The reliability and convergent validity of the measurement scales 

Research 

constructs 
Items 

Factor 

Loadings 

Cronbach's 

alpha 

Composite 

reliability 

(rho_a) 

Composite 

reliability 

(rho_c) 

Average 

variance 

extracted 

(AVE) 

Artificial Intelligence 

(AI) 

AI1 0.869 

0.863 0.876 0.916 0.785 AI2 0.877 

AI3 0.911 

Job Engagement 

(JE) 

JE1 0.864 

0.815 0.835 0.877 0.642 
JE2 0.827 

JE3 0.706 

JE4 0.8 

Job Performance 

(JP) 

JP1 0.801 

0.849 0.86 0.898 0.689 
JP2 0.787 

JP3 0.876 

JP4 0.852 

Transformational 

Leadership 

(TL) 

TL1 0.812 

0.884 0.901 0.856 0.694 
TL2 0.84 

TL3 0.839 

TL4 0.842 

Usefulness of 

Artificial Intelligence 

(UAI) 

UAI1 0.76 

0.843 0.856 0.895 0.68 
UAI2 0.873 

UAI3 0.822 

UAI4 0.839 

Work Passion 

(WP) 

WP1 0.876 

0.772 0.824 0.867 0.687 WP2 0.897 

WP3 0.699 

After assessing the reliability and convergent validity, we proceeded to evaluate discriminant validity using the 

Heterotrait-Monotrait ratio (HTMT) as recommended by [51]. This method aims to determine the degree of distinction 

between the constructs within the research model. According to Henseler et al. [51], HTMT values should be below 

0.85 or 0.90 to confirm that the latent constructs are empirically distinct from one another. Based on the data presented 

in table 2, all construct pairs exhibit HTMT values below 0.85, thereby confirming the presence of discriminant validity 

and indicating that there is no significant conceptual overlap among the theoretical constructs in the model. 

Table 2. Result of Heterotrait-monotrait ratio 

Factor AI JE JP TL UAI WP WP x JE 

AI        

JE 0.362       

JP 0.58 0.63      

TL 0.292 0.407 0.605     

UAI 0.355 0.554 0.647 0.422    

WP 0.421 0.499 0.601 0.461 0.471   

WP x JE 0.309 0.341 0.492 0.378 0.415 0.422  

4.2. Result of Mediation Analysis 

To examine the mediating variable in the model, we conducted a structural model analysis. The results of the path 

coefficient analysis, as presented in table 3 and Validated Structural Model with Computed Path Coefficients (figure 

2), indicate that all path coefficients are statistically significant at a high level of confidence (p < 0.05). These findings 

demonstrate meaningful linear relationships among the latent constructs in the proposed research model. 
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Table 3. Result of Path Coefficients 

 
Original 

sample 

(O) 

Sample 

mean (M) 

Standard 

deviation 

(STDEV) 

T statistics 

(|O/STDEV|) 
P values Result 

AI → JE 0.151 0.152 0.045 3.341 0.001 Acceptance 

JE → JP 0.349 0.351 0.045 7.689 0 Acceptance 

TL → JE 0.193 0.195 0.044 4.367 0 Acceptance 

UAI → JE 0.359 0.36 0.051 7.087 0 Acceptance 

WP → JP 0.264 0.269 0.046 5.697 0 Acceptance 

WP x JE → JP -0.192 -0.189 0.036 5.315 0 Acceptance 

 

Figure 2. Validated Structural Model with Computed Path Coefficients (SmartPLS Results) 

The mediation analysis results presented in table 4 indicate that Job Engagement plays a statistically significant 

mediating role in the relationships between three key predictors, AI, Transformational Leadership, and Usefulness of 

AI, and Job Performance. The indirect effect of the AI → JE → JP pathway is β = 0.053, with a t-value of 2.923 and p 

= 0.003, suggesting that AI has a significant indirect impact on job performance through job engagement. This result 

confirms that the effectiveness of AI tools lies not only in their technical features but also in how they support 

employees in achieving their work goals. These findings reinforce the argument by Pillai and Sivathanu [20] that 

employees' perceptions of AI are critical predictors of AI acceptance and effective utilization in the workplace. 

Table 4. The result of  Mediation Analysis 

 
Original 

sample (O) 

Sample 

mean (M) 

Standard deviation 

(STDEV) 

T statistics 

(|O/STDEV|) 
P- values Result 

AI → JE → JP 0.053 0.053 0.018 2.923 0.003 Acceptance 

TL → JE → JP 0.067 0.069 0.018 3.678 0 Acceptance 
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UAI → JE → JP 0.125 0.127 0.027 4.599 0 Acceptance 

Additionally, the indirect effect of TL → JE → JP is β = 0.067, with t = 3.678 and p < 0.001, indicating that 

transformational leadership influences job performance through employee engagement. This finding is consistent with 

the work of [48], who emphasized the crucial role of leadership in fostering a positive work environment, building 

trust, and inspiring employees, factors that drive dedication and commitment at work [24],[48]. Components of 

transformational leadership such as individualized consideration, intellectual stimulation, and inspirational motivation 

serve as key mechanisms that enhance engagement and, in turn, improve job performance. 

Finally, the UAI → JE → JP path shows the strongest indirect effect, with β = 0.125, t = 4.599, and p < 0.001. This 

indicates that the perceived usefulness of AI has the most substantial indirect influence on performance through job 

engagement. The findings suggest that when employees perceive AI as supportive in reducing workload, enhancing 

capabilities, and improving decision-making, they are more likely to invest emotional, cognitive, and physical 

resources into their work, leading to improved overall performance. This result aligns with studies by Meijerink et al. 

[16] and Berente et al.  [6], which argue that AI-driven personalization and intelligent support contribute to a stronger 

sense of autonomy and organizational commitment among employees [6], [16]. 

4.3. Moderation Analysis 

In examining the moderating effect of Work Passion (WP), we assessed the model’s predictive relevance using the Q² 

statistic (predictive relevance coefficient). In PLS-SEM, the Q² value is generated through the blindfolding procedure 

and is used to evaluate the predictive capability of the model. According to [50], a Q² value greater than zero indicates 

that the model has predictive relevance. The results from the current research model show that all endogenous 

constructs exhibit Q² values above 0.35, indicating strong predictive relevance, surpassing the threshold for strong 

predictive relevance as classified by [50]. The result of table 5, the construct Artificial Intelligence recorded the highest 

Q² value (0.541), indicating that its observed indicators strongly reflect the underlying concept, i.e., the selected 

measurement items provide a robust representation of AI. Other constructs, including Job Engagement, Job 

Performance, Transformational Leadership, and Usefulness of AI, recorded Q² values ranging from 0.408 to 0.479, 

demonstrating strong explanatory power of the endogenous variables. 

Table 5. The result of Moderation Analysis 

Construct cross - Validated redundancy - Total Construct cross - Validated communality - Total 

 SSO SSE Q² (=1-SSE/SSO)  SSO SSE Q² (=1-SSE/SSO) 

AI 1035 1035 0 AI 1035 475.392 0.541 

JE 1380 1136.841 0.176 JE 1380 817.481 0.408 

JP 1380 987.601 0.284 JP 1380 724.644 0.475 

TL 1380 1380 0 TL 1380 719.134 0.479 

UAI 1380 1380 0 UAI 1380 741.569 0.463 

WP 1035 1035 0 WP 1035 635.091 0.386 

In addition, the results of the moderation analysis show that the interaction term (WP × JE) has a statistically significant 

effect on job performance, with a path coefficient of –0.192, a t-value of 5.315, and p < 0.001. This indicates that Work 

Passion significantly moderates the relationship between Job Engagement and Job Performance. The negative 

coefficient (–0.192) suggests that as the level of work passion increases, the strength of the relationship between JE 

and JP tends to weaken.  

This finding suggests that the moderating role of work passion may reflect the complex nature of passion in the 

workplace. According to the Dualistic Model of Passion, work passion can manifest in two forms: harmonious passion 

and obsessive passion [14]. While harmonious passion is generally associated with positive outcomes such as 

motivation and well-being, excessively strong passion may shift toward obsessive passion, which is characterized by 

internal pressure, difficulty disengaging from work, and an imbalance between work and personal life. In such 

situations, employees may already invest substantial cognitive and emotional energy in their work, so additional 
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increases in job engagement may not proportionally enhance performance outcomes.This result suggests that although 

job engagement generally enhances performance, higher levels of work passion may reduce the marginal impact of job 

engagement on job performance. This finding aligns with the Dualistic Model of Passion proposed by Vallerand et al. 

[14], which distinguishes between harmonious passion, linked to positive outcomes, and obsessive passion, which may 

lead to burnout, internal pressure, and reduced performance [14]. These findings are also consistent with Ho et al. [42] 

and Forest et al. [43], who emphasize that employees with harmonious passion, those who maintain balance between 

work and life, tend to achieve higher performance by fostering greater focus, creativity, and initiative. 

5. Conclusion 

The findings of this study confirm that the perceived usefulness of Artificial Intelligence (AI) is the strongest indirect 

predictor of job performance through the mediating role of job engagement. This highlights the importance of AI 

features, such as decision-making support, workload reduction, and personalized user experiences, as valuable 

organizational resources that foster positive employee attitudes. This result is consistent with Grassini [17], who 

emphasized that the perceived usefulness of AI is a core factor in shaping positive employee attitudes and increasing 

their intention to adopt technology in the workplace. Similarly, Cicero et al. [52] found that when employees clearly 

understand and appreciate the value of AI features, they are more likely to develop positive attitudes, resulting in higher 

levels of engagement with both their work and the organization, ultimately enhancing individual performance. 

Additionally, this study reveals that employees' acceptance of AI at work depends significantly on the level of comfort 

and perceived safety associated with its use. This aligns with findings by Schepman and Rodway [18], who noted that 

the degree of comfort in interacting with AI is a significant predictor of employees’ positive attitudes and their 

willingness to adopt technology. However, the results also suggest that despite AI’s evident potential to improve work 

efficiency and productivity, concerns remain about job displacement and loss of control over information. This supports 

the argument by Kostopoulos et al. [53], who emphasized that AI-based decision support systems must be designed 

with transparency in mind to foster employee trust and a sense of security when using these technologies. 

Regarding the role of transformational leadership, the current study reinforces the findings of Handayani [30], which 

highlighted the positive relationship between transformational leadership and job engagement. Two key dimensions, 

Inspirational Motivation and Individualized Consideration, were found to significantly influence employee 

engagement. The results suggest that transformational leaders are capable of reducing work-related stress, providing 

psychological support, and enhancing job effectiveness. Furthermore, the study clearly establishes the mediating role 

of job engagement (JE) in the relationship between input factors (AI and transformational leadership) and job 

performance. Employee engagement serves as a mechanism that translates both organizational and personal resources 

into actual job performance. This finding is consistent with Corbeanu and Iliescu [54], who argued that job engagement 

is a critical driver of both individual and organizational performance. Finally, the study sheds light on the moderating 

role of work passion. The level of work passion can alter the strength and direction of the relationship between job 

engagement and job performance. In particular, harmonious passion emerges as a positive moderator, facilitating a 

healthy balance between job performance and personal life. This view aligns with Cabrita and Duarte [55], who 

emphasized that while work passion can amplify the positive relationship between engagement and performance, it 

must be effectively managed to avoid slipping into obsessive passion, which can lead to stress and reduced job 

effectiveness. 

Overall, the findings underscore the importance of integrating Artificial Intelligence with effective leadership styles in 

modern organizations. At the same time, managers should implement appropriate policies and provide supportive tools 

that enhance employee engagement and improve performance in an increasingly digital and complex work 

environment. 

6.  Conclusion and Limitations 

This study provides important insights into the roles of AI, usefulness of AI, and transformational leadership in 

enhancing employee job engagement, thereby improving job performance in a digitalized work environment. The 

findings confirm that employees’ positive perceptions of AI, particularly its usefulness, and their favorable attitudes 

toward transformational leadership serve as key organizational resources that foster psychological engagement. These 
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factors help build sustainable commitment and performance. In addition, the study highlights the significant moderating 

role of work passion, which shapes how engagement translates into performance, underscoring the complexity of 

psychological dynamics in modern human resource management. Despite its contributions, this study has several 

limitations. First, the research focuses only on the banking sector within the specific cultural and organizational context 

of Vietnam. As a result, the findings may not be fully generalizable to other industries or countries with different 

institutional environments. Second, the study employed a convenience sampling technique due to time and resource 

constraints. Although this method facilitated efficient data collection, it may introduce sampling bias because 

participants were not selected randomly. Consequently, the sample may not fully represent the broader population of 

employees in the Vietnamese banking sector. Future research should consider using probability sampling techniques 

and expanding the research context to other industries and countries to enhance the robustness and generalizability of 

the proposed model. 
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