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Abstract. This study examines the relationship between 

GenAI job resources, GenAI job demands, work 
engagement, and extra-role behavior within the Job 

Demands–Resources framework. Using survey data 

from 666 employees in Croatian organizations, a 

moderated mediation model was tested. The results 

show that GenAI job resources positively predict extra-

role behavior. Although GenAI job resources were not 

directly related to work engagement, the moderated 

mediation analysis indicates that work engagement 

functions as a conditional explanatory mechanism. 

Specifically, the indirect effect becomes stronger when 

GenAI job demands are higher, highlighting GenAI's 
dual role as both a job resource and a job demand.  

 

Keywords. Generative AI, Job Demands–Resources 

Model, Work Engagement, Extra-role Behavior 

1 Introduction 

Generative artificial intelligence (GenAI) is rapidly 

becoming part of everyday organizational life. Tools 

based on large language models are increasingly used 

to search for information, generate and summarize text, 

support decision-making, and solve complex work-

related problems (Brynjolfsson & Mitchell, 2017; 

Mayer et al., 2025). As a result, GenAI is not only 

changing how employees perform individual tasks, but 
also how they experience their work, collaborate with 

others, and contribute to organizational outcomes 

(Brynjolfsson & Mitchell, 2017; Karunakaran et al., 

2025; Przegalinska et al., 2025). 

Research on artificial intelligence (AI) suggests that 

AI is transforming work, occupations, organizations, 

and labor markets. Brynjolfsson and Mitchell (2017) 

argue that advances in machine learning create new 

opportunities for automation and task redesign, while 

requiring organizations to reconsider how to combine 

human and machine capabilities. Similarly, recent 

integrative research shows that AI may reshape work 
by complementing employee skills, changing skill 

requirements, altering access to work opportunities, 

and creating new forms of workplace inequality 
(Karunakaran et al., 2025). Evidence from OECD 

surveys further indicates that both employers and 

workers are generally positive about the effects of AI 

on performance and working conditions, although 

concerns remain regarding job loss, trust, training, and 

worker consultation (Lane et al., 2023). These findings 

suggest that the effects of AI at work depend not only 

on the technology itself, but also on how organizations 

implement, support, and manage its use. 

Although AI has received increasing attention in 

organizational research, the specific implications of 
GenAI for employees’ motivational and behavioral 

outcomes remain insufficiently understood. Existing 

studies indicate that GenAI may support employees by 

improving access to information, enhancing problem-

solving, increasing autonomy, improving work quality, 

and saving time (Biba & Laumer, 2024; Mas-Machuca 

et al., 2025). At the same time, GenAI may create new 

demands by requiring employees to learn new tools, 

adapt to technological change, and critically evaluate 

AI-generated outputs (Biba & Laumer, 2024). This 

dual role suggests that GenAI should not be viewed 
solely as a productivity-enhancing tool but also as a 

work-design factor that may simultaneously provide 

resources and impose demands. 

This issue is particularly relevant because 

employees’ responses to AI may shape not only task 

performance, but also motivational and discretionary 

behavior at work. Recent research shows that 

employee–AI collaboration can enhance work 

engagement by increasing meaningful work and 

creative self-efficacy, suggesting that AI-enabled work 

may function as an important motivational resource (L. 

Sun et al., 2025). However, less is known about 
whether and how GenAI-related job resources 

contribute to extra-role behavior, especially through 

motivational states such as work engagement. To 

address this gap, the study applies the Job Demands–

Resources (JD–R) theory (Bakker et al., 2014; 

Demerouti et al., 2001) to examine the relationship 
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between GenAI-related job characteristics, work 

engagement, and extra-role behavior. Specifically, the 

study investigates whether GenAI job resources are 

positively related to extra-role behavior, whether work 

engagement mediates this relationship, and whether 

GenAI job demands strengthen the indirect 

relationship between GenAI job resources and extra-

role behavior through work engagement. 

The study contributes to the literature in three ways. 

First, it extends JD–R theory to the emerging context 
of GenAI use at work by examining GenAI as both a 

job resource and a job demand. Second, it contributes 

to research on work engagement by examining 

engagement as a motivational mechanism through 

which GenAI job resources may translate into extra-

role behavior. Third, it contributes to the growing 

literature on AI in organizations by shifting attention 

from broad discussions of productivity and job 

transformation to employees’ perceptions of GenAI 

and their discretionary behavioral responses at work. 

The paper is structured as follows. The next sections 
present the theoretical framework and develop the 

hypotheses. The following section describes the 

research method, sample, and measures. The results 

section presents the moderated mediation analysis. 

Finally, the paper discusses theoretical and practical 

implications, limitations, and directions for future 

research. 

2 Theoretical framework 

The JD–R theory elucidates the psychological 

mechanisms by which job design directly influences 

work engagement and indirectly affects various 

individual and organizational outcomes, including job 

performance (Bakker et al., 2014; Demerouti et al., 

2001). The model posits that all job characteristics fall 
into two broad categories: job demands and job 

resources (Bakker & Demerouti, 2007). It 

differentiates between two concurrent psychological 

processes: the health impairment process and the 

motivational process. The health impairment process 

occurs when employees expend sustained physical or 

psychological effort to manage high job demands, such 

as time pressure or emotionally taxing work (van 

Wingerden et al., 2018). Extended exposure to these 

demands may result in exhaustion and adverse 

outcomes, with strain serving as a key mediator 
between job demands and outcomes (Bakker & 

Demerouti, 2017). Conversely, the motivational 

process highlights the significance of job resources. 

Resources such as autonomy, social support, and 

feedback not only facilitate the attainment of work 

goals but also fulfill fundamental psychological needs 

for autonomy, competence, and relatedness (Ryan & 

Deci, 2000; Schaufeli & Bakker, 2004). Empirical 

evidence indicates that job resources exert a stronger 

motivational effect when challenges, as a specific type 

of job demand, are present (Bakker et al., 2012). 

Recent research directly applies the JD–R model to 

GenAI and conceptualizes it as a source of both job 

demands and job resources. Particularly relevant is the 

study by Biba and Laumer (2024), which 

operationalizes generative artificial intelligence within 

the JD–R framework as both a job demand and a job 

resource, and develops measurement scales for both 

constructs. According to their approach, AI-related 

demands stem from the need to learn new tools, adapt 

to technological changes, and invest additional 
cognitive effort to integrate them effectively into 

everyday work. At the same time, GenAI can serve as 

a resource by facilitating information processing, 

accelerating task completion, improving work quality, 

and supporting problem-solving. 

Empirical evidence demonstrates that when GenAI 

is perceived as a resource, it is positively correlated 

with employee work engagement, confirming the 

activation of the motivational process within the JD–R 

framework (Biba & Laumer, 2024). Conversely, AI-

related demands may constitute an additional burden 
that, without sufficient resources, can trigger the health 

impairment process (Bakker & Demerouti, 2017). 

Qualitative research by Mas-Machuca et al. (2025) 

further indicates that GenAI can enhance employee 

autonomy, improve access to information, elevate 

work quality, and save time, thereby supporting its role 

as a job resource. However, the same technology may 

also introduce new demands, such as the necessity for 

ongoing learning or adaptation, reinforcing its dual role 

within the JD–R framework. Thus, GenAI should be 

regarded as a contextual factor that modifies the 

configuration of job demands and resources in job 
design.  

3 Hypotheses development 

Building on the dual conceptualization of GenAI as 

both a job resource and a job demand, GenAI job 

resources may contribute to extra-role behavior by 

increasing employees’ capacity to perform beyond 

formal role requirements. Extra-role behavior refers to 

discretionary behavior that goes beyond formal job 

requirements and supports organizational functioning 

(Organ, 2015; Organ et al., 2006). Examples of such 

behavior include helping a new employee adjust to the 

job, sharing the workload with a colleague, and 

training colleagues to use new equipment (Podsakoff 
et al., 2000). Extra-role behavior may also involve 

refraining from unnecessarily emphasizing workplace 

problems, avoiding blame toward colleagues, 

tolerating organizational difficulties, and preventing 

tensions and conflicts with coworkers during times of 

crisis (Polat, 2009).  

By helping employees access information, analyze 

problems, generate ideas, and complete tasks more 

efficiently, GenAI may increase their capacity to help 

colleagues, take initiative, and contribute beyond their 

formal role. This assumption is consistent with 
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research showing that job resources and favorable job 

characteristics are related to organizational citizenship 

behavior and extra-role performance (Fan et al., 2025; 

Mihalca et al., 2024; Nguyen et al., 2025). It is also 

supported by studies showing that job crafting and 

employee–AI collaboration can foster innovative, 

proactive, and extra-role behaviors by strengthening 

employees’ fit, motivation, and capacity to take 

initiative (Ok & Lim, 2022; C. Sun et al., 2025). 

Therefore, employees who perceive GenAI as a job 
resource may be more likely to engage in discretionary 

behaviors that support colleagues and the organization. 

H1: Generative AI job resources are positively 

related to extra-role behavior. 

Work engagement is a central motivational 

mechanism in the JD–R framework and is defined as a 

positive, fulfilling work-related state characterized by 

vigor, dedication, and absorption (González-Romá et 

al., 2006; Schaufeli et al., 2002). Similarly, Byrne 

(2015) describes work engagement as a moment-to-

moment motivational state in which employees are 
psychologically present, focused, and aligned with 

work and organizational goals. The same author further 

emphasizes that work engagement involves investing 

oneself in work and performing with authenticity, 

passion, persistence, and energy. Prior studies show 

that job resources foster work engagement by 

facilitating goal achievement, supporting personal 

growth, and satisfying basic psychological needs 

(Bakker & Demerouti, 2007; Schaufeli & Bakker, 

2004). More recent research also confirms the 

importance of job resources for work engagement 

across sectors and over time (Hakanen et al., 2024; Van 
den Broeck et al., 2017; Xanthopoulou et al., 2009). 

In the GenAI context, resources such as improved 

information processing, problem-solving support, and 

creative idea generation may strengthen employees’ 

sense of competence and effectiveness, thereby 

increasing engagement. Engaged employees are more 

likely to show extra-role behavior because they have 

higher levels of energy, involvement, and persistence. 

Empirical evidence supports this connection: work 

engagement has been associated with contextual 

performance and extra-role behavior and has been 
shown to mediate the relationship between job 

characteristics and extra-role outcomes (Christian et 

al., 2011; Demerouti et al., 2015; Ok & Lim, 2022; 

Sulea et al., 2012). 

H2: Work engagement mediates the relationship 

between generative AI job resources and extra-role 

behavior. 

Although GenAI can provide job resources, its use 

may also create job demands. Employees may need to 

learn new tools, evaluate AI-generated content, and 

continuously adapt to technological changes, which 

can increase cognitive effort and skill requirements 
(Biba & Laumer, 2024). It is important to distinguish 

between GenAI-related demands as potential challenge 

and hindrance demands. Demands may support work 

engagement when they are perceived as meaningful 

and manageable, but may undermine work engagement 

when they are excessive, unclear, or poorly supported 

(Crawford et al., 2010). In line with the JD–R 

framework, job resources may become especially 

motivational under demanding conditions (Bakker & 

Demerouti, 2007, 2017). Therefore, this study argues 

that GenAI resources are more likely to activate work 

engagement when GenAI demands create a meaningful 

need for these resources and help employees cope with 

AI-enabled work requirements. According to JD–R 
theory, job demands may contribute to strain when 

employees lack sufficient resources, but they may also 

strengthen the motivational role of job resources under 

demanding conditions (Bakker & Demerouti, 2017; 

Demerouti et al., 2001). 

Bakker et al. (2007) showed that job resources 

boost work engagement, particularly when job 

demands are high. In the GenAI context, AI-related 

resources may be especially valuable when employees 

face higher demands for learning, adaptation, and skill 

acquisition. Consequently, GenAI job demands are 
expected to strengthen the indirect relationship 

between GenAI job resources and extra-role behavior 

through work engagement. 

H3: Generative AI job demands moderate the 

indirect relationship between GenAI job resources and 

extra-role behavior through work engagement, such 

that the indirect effect is stronger when GenAI job 

demands are higher. 

The conceptual research model (Fig. 1) illustrates 

the proposed relationships among GenAI job 

resources, GenAI job demands, work engagement, and 

extra-role behavior. GenAI job resources are expected 
to have a direct positive effect on extra-role behavior, 

while work engagement mediates this relationship. 

GenAI job demands are proposed to moderate the 

relationship between GenAI job resources and work 

engagement, thereby strengthening the indirect effect 

of GenAI job resources on extra-role behavior through 

work engagement. 

 

 
 
Figure 1. Conceptual research model and hypotheses 

4 Method 

4.1 Sample 
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A quantitative online survey questionnaire was used in 

the study, and primary data were collected from 

October to December 2025. The data were gathered 

from 37 Croatian organizations employing at least 20 

staff members. The participating organizations came 

from a broad range of organizational and industry 

contexts. Based on the organizational information 

provided by respondents, the sample included 

employees from private companies, public institutions, 

and publicly owned organizations. The represented 
sectors included telecommunications and information 

technology, retail, manufacturing, food and beverage 

production, transport and logistics, infrastructure, 

energy and utilities, financial and insurance services, 

tourism and hospitality, education, and healthcare. 

Although the study did not examine industry-level 

differences, this diversity indicates that the findings are 

based on respondents from varied organizational 

settings rather than from a single sector. 

Prior to data collection, the study protocol and 

survey questionnaire were approved by the 
institutional Ethics Committee. Participation in the 

study was voluntary and anonymous, and respondents 

were informed about the purpose of the research before 

completing the questionnaire. 

The sample consisted of 666 respondents. Most 

participants were 35 years or younger (37.1%) or 

between 36 and 45 years of age (33.3%), and 56.6% 

were female. Regarding education, the majority had 

completed secondary education (36.6%) or held a 

university degree (29.4%). 

In terms of organizational tenure, 40.7% had 

worked in their organization for 10 years or more, 
while 27.3% had less than three years of tenure. Most 

respondents were executive/operational employees 

(44.3%) or professional administrative staff (32.6%), 

with fewer participants in lower and middle 

management (20.9%) and top management (2.3%). 

4.2 Measures 

The study examined job characteristics related to the 

use of GenAI applications at work. Job characteristics 

were measured using the scale developed by Biba and 

Laumer (2024), who conceptualize GenAI as both a job 

demand and a job resource within the Job Demands–

Resources (JD–R) framework. Their instrument builds 

on the Work Design Questionnaire (WDQ), originally 

developed by Morgeson and Humphrey (2006) and 
adapts it to the GenAI context to capture AI-related 

cognitive enhancements and skill requirements. 

Specifically, the scale includes items reflecting AI-

related demand (acquiring skills) and AI-related 

resources (information processing and problem-

solving). Although the scales adopted from Biba and 

Laumer (2024) are relatively recent, they demonstrated 

satisfactory psychometric properties in the present 

study. Nevertheless, additional validation across 

different contexts and samples is warranted to further 

establish their generalizability. 

Work engagement was measured using the Utrecht 

Work Engagement Scale (UWES) developed by  

Schaufeli et al. (2002). The scale captures the three 

core dimensions of engagement: vigor, dedication, and 

absorption. Extra-role behavior was measured using 

the Organizational Citizenship Behavior Scale (3 

items) developed by Motowidlo (2000). All items were 

measured using a 5-point Likert scale (1 = strongly 

disagree; 5 = strongly agree).  

All measurement items were administered in 
Croatian. The original English items were translated 

into Croatian by the research team and reviewed to 

ensure conceptual equivalence, clarity, and suitability 

for the Croatian organizational context. Where 

necessary, minor wording adjustments were made to 

preserve the original meaning while making them 

understandable to Croatian respondents. The GenAI 

job resources and GenAI job demands scales were 

adapted to refer specifically to the use of GenAI 

applications in the workplace.  

Table 1 presents the descriptive statistics for all 
items (N = 666). AI-related resource items show 

moderate mean values (M = 2.944–3.153), while AI-

related demand items are slightly lower (M = 2.808–

2.977), indicating moderate perceptions of GenAI as 

both a resource and a demand. Work engagement items 

show moderate to relatively high mean values (M = 

3.069–4.033), indicating generally positive 

engagement among respondents. Extra-role behavior 

items show relatively high mean values (M = 4.030–

4.198), indicating that respondents generally report 

frequently engaging in discretionary behaviors such as 

taking initiative and investing additional effort beyond 
formal job requirements. 

 

Table 1. Descriptive statistics of items 

 

Items M SD 

Utilizing GenAI apps enhances 

my ability to interact with vast 

amounts of information. 

3.096 1.136 

Utilizing GenAI apps enhances 
my ability to reflect more deeply 

and think critically. 

2.944 1.123 

Utilizing GenAI apps enhances 

my ability to consider multiple 

perspectives and ideas. 

3.153 1.141 

Utilizing GenAI apps enhances 

my ability to analyze and 

evaluate information. 

3.086 1.120 

Utilizing GenAI apps enhances 

my ability to find solutions for 

problems without clear or 

definitive answers. 

3.066 1.114 

Using GenAI apps enhances my 

creativity and ability to explore 

innovative ideas. 

3.050 1.137 
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Using GenAI apps enhances my 

ability to address problems I 

have not encountered before. 

3.062 1.138 

Utilizing GenAI apps enhances 

my ability to develop novel 

approaches to problems. 

3.132 1.125 

Utilizing GenAI apps requires a 

variety of skills. 
2.977 1.114 

Using GenAI apps requires me to 

draw on a variety of skills. 
2.919 1.098 

Utilizing GenAI apps requires me 

to use several high-level skills. 
2.808 1.083 

Using GenAI apps requires 

several skills. 
2.856 1.097 

When I get up in the morning, I 

feel like going to work. 
3.326 1.098 

My job inspires me. 3.396 1.059 

At my job, I feel strong and 

vigorous. 
3.368 1.056 

At my work, I feel bursting with 

energy. 
3.069 1.061 

I am enthusiastic about my job. 3.414 1.039 

I am proud of the work that I do. 3.842 1.032 

I feel happy when I am working 

intensely. 
3.707 1.066 

I get carried away when I am 

working. 
3.751 1.010 

I am immersed in my work. 4.033 .974 

I do tasks beyond those required 
without being asked. 

4.030 1.006 

I put in additional effort at work 

to complete tasks successfully 

when necessary. 

4.198 0.863 

I put forth additional effort in my 

job to make the business a 

success. 

4.107 0.948 

4.3 Data analysis 

Common method bias was addressed using both 

procedural and statistical remedies. Procedurally, 

participation was voluntary and anonymous, 

respondents were informed about the purpose of the 

study, and no personal identifiers were collected. The 

questionnaire also included clear instructions, and 

respondents were assured that there were no right or 

wrong answers. Statistically, Harman’s single-factor 

test was conducted by entering all measurement items 
into an unrotated exploratory factor analysis and 

extracting a single factor. 

Before testing the hypothesized relationships, the 

measurement model was assessed. A confirmatory 

factor analysis (CFA) was conducted in JASP to 

examine the distinctiveness of the four constructs: 

GenAI job demands, GenAI job resources, work 

engagement, and extra-role behavior. In addition, 

reliability, convergent validity, and discriminant 

validity were assessed using SmartPLS. Internal 

consistency reliability was evaluated using Cronbach’s 

alpha and composite reliability (CR), convergent 

validity was assessed using the average variance 

extracted (AVE), and discriminant validity was 

examined using the heterotrait–monotrait ratio of 

correlations (HTMT).  

The hypotheses were tested using the PROCESS 

macro for SPSS (Hayes, 2018), Model 7. A moderated 

mediation model was estimated, with GenAI job 

resources as the independent variable, work 
engagement as the mediator, extra-role behavior as the 

dependent variable, and GenAI job demands as the 

moderator of the relationship between GenAI job 

resources and work engagement. The analysis was 

conducted using 5,000 bootstrap samples and 95% 

confidence intervals. The index of moderated 

mediation was used to determine whether the indirect 

effect of GenAI job resources on extra-role behavior 

through work engagement varied significantly across 

levels of GenAI job demands. 

5 Results 

The four-factor CFA model demonstrated an 

acceptable fit to the data, χ² (246) = 1104.700, p < .001, 
χ²/df = 4.49, CFI = .946, TLI = .939, RMSEA = .073, 

and SRMR = .043. Although the chi-square test was 

significant, this result was expected given the large 

sample size. Overall, the CFA results support the 

adequacy of the four-factor measurement model. 

Reliability and convergent validity results are 

presented in Table 2. Internal consistency reliability 

was supported, as Cronbach’s alpha values ranged 

from .886 to .963, while CR values ranged from .929 

to .972, exceeding the recommended threshold of .70. 

Convergent validity was also supported, as all AVE 

values ranged from .648 to .897 and were above the 
recommended threshold of .50. All HTMT values were 

below the conservative threshold of .85, with the 

highest value observed between GenAI job resources 

and GenAI job demands (HTMT = .681). These results 

indicate satisfactory reliability, convergent validity, 

and discriminant validity of the measurement model. 

 

Table 2. Reliability, convergent validity, and 

discriminant validity 

 

Construct Cronbach’s 

α 

CR AVE 

GenAI job 
resources 

.962 .969 .817 

GenAI job 

demands 

.967 .972 .897 

Work 

engagement 

.932 .943 .648 

Extra-role 

behavior 

.882 .929 .815 

Note. CR = composite reliability; AVE = average 

variance extracted. 
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Harman’s single-factor test was conducted to assess 

potential common method bias. All measurement items 

were entered into an unrotated exploratory factor 

analysis, and a single factor was extracted. The results 

showed that the single factor explained 41.55% of the 

total variance, which is below the commonly used 

threshold of 50%. This suggests that common method 

bias is unlikely to be a major concern in this study. 

Table 3 presents the results of the moderated 
mediation analysis. GenAI job resources had a positive 

and significant direct effect on extra-role behavior (B 

= .061, SE = .029, p = .032), supporting H1. This 

suggests that employees who perceive GenAI as a 

useful job resource are more likely to engage in 

behaviors that go beyond their formal job 

requirements. The regression model predicting work 

engagement was statistically significant, F (3, 662) = 

19.72, p < .001, explaining 8.2% of the variance in 

work engagement (R² = .082). 

The direct relationship between GenAI job 
resources and work engagement was not significant (B 

= .041, SE = .073, p = .574). However, work 

engagement was strongly and positively related to 

extra-role behavior (B = .504, SE = .035, p < .001). In 

addition, GenAI job demands were negatively 

associated with work engagement (B = −.165, SE = 

.084, p = .049). In contrast, the interaction between 

GenAI job resources and GenAI job demands was 

significant (B = .061, SE = .023, p = .008). The 

interaction term explained an additional 1.0% of the 

variance in work engagement beyond the main effects 

(ΔR² = .010, F = 6.99, p = .008), indicating a modest 
but statistically significant moderation effect. This 

indicates that GenAI job demands moderate the 

relationship between GenAI job resources and work 

engagement, such that GenAI job resources become 

more positively associated with work engagement as 

GenAI job demands increase. The regression model 

predicting extra-role behavior was also statistically 

significant, F (2, 663) = 126.06, p < .001, explaining 

27.6% of the variance in extra-role behavior (R² = 

.276). 

 
Table 3. Results of moderated mediation analysis 

 

 Work 

engagement 

Extra-role 

behavior 

GenAI-JR .041 (.073) .061* (.029) 

GenAI-JD −.165* (.084) — 

GenAI-JR × 

GenAI-JD 
.061** (.023) — 

Work 

engagement 
— .504*** (.035) 

Note. Unstandardized coefficients are reported, with 

standard errors shown in parentheses. p < .05, ** p < 

.01, *** p < .001. 

 

Table 4 shows that the index of moderated 

mediation was statistically significant (Index = .031, 

Boot SE = .014, 95% CI [.004, .057]), as the 

confidence interval did not include zero. The results do 

not support H2 in its simple mediation form. GenAI job 

resources were not significantly related to work 

engagement, indicating that work engagement does not 

function as a general mediator between GenAI job 

resources and extra-role behavior. However, the 

significant interaction between GenAI job resources 

and GenAI job demands shows that the relationship 

between GenAI job resources and work engagement 
depends on the level of GenAI job demands. 

Furthermore, the significant index of moderated 

mediation indicates that the indirect effect of GenAI 

job resources on extra-role behavior through work 

engagement is conditional on GenAI job demands. 

Therefore, work engagement should be interpreted as a 

conditional explanatory mechanism rather than as a 

universal mediator. Accordingly, H2 is not supported 

in its simple form, while H3 is supported. 

 

Table 4. Index of moderated mediation 
  

Index 
Boot 

SE 

Boot 

LLCI 

Boot 

ULCI 

GenAI-JD .031 .014 .004 .057 

6 Discussion, contribution and 

limitations 

The findings support the dual role of GenAI within the 

JD–R framework. GenAI job resources were positively 
associated with extra-role behavior, suggesting that 

when employees perceive GenAI as useful for 

information processing, problem-solving, and idea 

generation, they are more likely to engage in 

discretionary behaviors beyond formal job 

requirements. This finding is consistent with JD–R 

research showing that job resources and favorable job 

characteristics can support positive performance-

related outcomes (Demerouti et al., 2015; Mihalca et 

al., 2024; Schaufeli & Bakker, 2004), as well as with 

studies linking job resources and new ways of working 
to organizational citizenship and extra-role behavior 

(Fan et al., 2025; Nguyen et al., 2025). The results also 

align with emerging AI-related research suggesting 

that employee–AI collaboration may foster proactive 

behavior by reducing workload and strengthening 

employees’ capacity to take initiative (C. Sun et al., 

2025). 

One of the most interesting findings of this study is 

that GenAI job resources were not directly related to 

work engagement. This suggests that the mere 

availability or perceived usefulness of GenAI tools 

may not be sufficient to motivate employees. GenAI 
resources may not automatically increase vigor, 

dedication, and absorption unless the work context 

creates a meaningful need for these resources. When 

employees face higher GenAI-related demands, such 
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as the need to learn new skills, evaluate AI-generated 

outputs, or adapt to AI-enabled work processes, GenAI 

resources may become more salient and motivationally 

relevant. This finding refines the JD–R perspective by 

showing that the motivational role of GenAI resources 

depends on the demand context in which they are 

embedded. 

The study contributes to the literature in three ways. 

First, it extends the JD–R model to the emerging 

context of GenAI use at work by examining GenAI 
simultaneously as a job resource and a job demand, 

following the approach proposed by Biba and Laumer 

(2024). Second, it contributes to research on work 

engagement by showing that engagement functions as 

a conditional explanatory mechanism rather than a 

universal mediator. Although GenAI job resources 

were not directly related to work engagement, the 

indirect effect on extra-role behavior became stronger 

when GenAI job demands were higher. This supports 

the JD–R assumption that job resources may become 

more salient and motivational under demanding work 
conditions (Bakker et al., 2007, 2014). Third, the study 

contributes to research on AI in organizations by 

shifting attention from broad discussions of 

productivity and automation to employees’ perceptions 

of GenAI and their discretionary behavioral responses 

at work.  

From a managerial perspective, the findings 

suggest that organizations should avoid treating GenAI 

implementation as a purely technical process. 

Introducing GenAI tools is unlikely to enhance work 

engagement on its own. Managers should ensure that 

employees understand how GenAI can support their 
work, provide sufficient training, and create 

opportunities for employees to use GenAI in tasks 

where it has clear practical value. At the same time, 

organizations should be careful not to interpret higher 

GenAI-related demands as automatically beneficial. 

Demands may become motivational only when they 

are manageable and accompanied by adequate 

resources, support, and skill development. Without 

such support, GenAI demands may function as 

hindrance demands, reducing work engagement. 

Several limitations should be noted. First, the study 
used cross-sectional survey data, which limits causal 

interpretation of the relationships among GenAI job 

resources, work engagement, and extra-role behavior. 

Future studies should use longitudinal or experimental 

designs to examine how employees’ perceptions of 

GenAI change over time. Second, the data were 

collected from Croatian organizations, which may limit 

the generalizability of the findings to other cultural or 

organizational contexts. Third, all variables were 

measured using self-reported data collected from the 

same respondents, which may increase the risk of 

common method bias. Although procedural remedies 
and Harman’s single-factor test were used to assess and 

reduce this concern, common method bias cannot be 

fully excluded. Future research should use multi-

source designs, particularly by collecting supervisor or 

peer ratings of extra-role behavior, as such ratings 

would provide a more objective assessment of 

discretionary employee behavior. Nevertheless, the 

high reliability values for GenAI job resources and 

GenAI job demands suggest that future studies could 

further examine whether shorter versions of these 

scales may reduce potential item redundancy while 

preserving content validity.  
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