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Abstract 

 

Research background: The rapid diffusion of generative artificial intelligence (GenAI) is 

transforming how employees perform and redesign their work. However, limited research has 

examined the psychological and contextual mechanisms through which perceived technologi-

cal support translates into proactive job adaptation. This study draws on the conservation of 
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resources (COR) theory, and social cognitive theory (SCT), to investigate how perceived 

GenAI support fosters job crafting. It focuses on self-efficacy toward GenAI as a mediating 

psychological resource and GenAI usage as a boundary condition that shapes this process. 

Purpose of the article: This study examines the mediating role of self-efficacy toward GenAI 

in the relationship between perceived GenAI support and job crafting, as well as the moderat-

ing effect of GenAI usage on this relationship. 

Methods: A two-wave, time-lagged survey was conducted with South Korean employees who 

had experience using GenAI at work. Path modeling with bootstrapping was used to test the 

mediation, moderation, and moderated mediation effects while controlling for demographic 

variables, industry, and affectivity. 

Findings & value added: Perceived GenAI support was positively associated with job crafting 

through self-efficacy toward GenAI. Furthermore, GenAI usage strengthened the effect of 

perceived GenAI support on self-efficacy and the indirect effect of perceived support on job 

crafting through self-efficacy. This study advances the literature by clarifying how external 

technological support is internalized into psychological resources and activated through usage 

to promote proactive work redesign. The findings provide a refined theoretical explanation 

for adaptive employee behavior in AI-enabled workplaces by extending COR theory and SCT 

to human–AI collaboration contexts and highlighting the central role of domain-specific self-

efficacy. 

 

 

Introduction 

 

The rapid diffusion of generative artificial intelligence (GenAI) is funda-

mentally transforming job structures and the execution of knowledge work 

in contemporary organizations (Cramarenco et al., 2023; Dabija & 

Vătămănescu, 2023; Lazaroiu & Rogalska, 2023). Unlike earlier technologies 

that automated tasks based on predefined rules, GenAI—powered by large 

language models and generative algorithms—supports higher-order cogni-

tive activities, including problem framing, alternative generation, and 

complex information integration. Consequently, GenAI is increasingly 

conceptualized as a collaborative partner that augments human cognitive 

capacity, not as a substitute for human labor (Oschinsky & Nguyen, 2025; 

Sigala et al., 2024; Zhao et al., 2026). In organizational contexts, this repre-

sents more than efficiency gains, constituting a qualitative transformation 

in how work is performed. By delegating repetitive and cognitively de-

manding tasks to GenAI, employees can conserve cognitive resources and 

redirect their efforts toward complex, value-adding activities (Przegalinska 

et al., 2025; Yuan, 2025). Consistent with this view, recent studies show that 

GenAI adoption contributes to productivity improvements and work rede-

sign (Mayer et al., 2025; Parvez et al., 2025). 
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Despite these potential benefits, GenAI does not uniformly enhance job 

performance or employee well-being. Employees may experience GenAI 

either as a job resource that alleviates workload or as a job demand that 

generates technostress and a perceived loss of control, depending on indi-

vidual perceptions and usage patterns (Chuang et al., 2025; Cui et al., 2026; 

Duong et al., 2025; Yang et al., 2026). Although GenAI facilitates rapid in-

formation processing, it can also introduce new cognitive and psychologi-

cal costs, including prompt ambiguity, output unreliability, and ongoing 

learning demands (Oschinsky & Nguyen, 2025; Yang et al., 2026). This du-

ality suggests that GenAI’s effectiveness hinges less on technical sophistica-

tion than on how employees interpret, internalize, and deploy the technol-

ogy in their work. Accordingly, GenAI is best understood as a context-

dependent technology whose functional value is socially and cognitively 

constructed through experience (Amrollahi et al., 2026). Building on this 

perspective, we focus on perceived GenAI—employees’ perception of 

GenAI as providing meaningful task-related assistance—as a central pre-

dictor of behavioral and performance outcomes (Brynjolfsson et al., 2025). 

Organizational investments in GenAI are unlikely to generate sustained 

benefits if employees fail to internalize the technology as a personal capa-

bility or translate it into meaningful work redesign. This limitation high-

lights the need for a theoretical framework to explain proactive adaptation 

in response to GenAI (Nobels, 2024). This study addresses this gap by ex-

amining the role of perceived GenAI support in promoting job crafting—

defined as proactive behaviors through which employees modify task 

boundaries, social interactions, and cognitive interpretations of their work 

to better align with their strengths and motivations (Holúbek et al., 2025). 

An increasing body of research has examined factors affecting job crafting 

in the context of GenAI, documenting that opportunity or challenge per-

ceptions of AI promote job crafting, whereas threat perceptions of AI inter-

fere with job crafting (Cheng et al., 2023; Li et al., 2024; Tan et al., 2025; Xu et 

al., 2026; Zhao et al., 2025). This stream of research has mainly focused on 

the double-edged effect of AI; thus, little attention has been paid to when 

and how GenAI support fosters job crafting. To bridge this gap, our study 

explores the mediators and moderators that intervene in the relationship 

between perceived GenAI support and job crafting. 

We draw on the conservation of resources (COR) theory (Hobfoll, 1989) 

to theorize the relationship between perceived GenAI support and job 

crafting. COR theory proposes that individuals seek to preserve their cur-
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rent resources and allocate them toward acquiring further resources when 

their resource reservoirs are adequate. From this perspective, GenAI sup-

port functions as a job resource that provides employees with job-related 

assistance (Chuang et al., 2025; Yuan, 2025). COR theory further postulates 

that external resources (e.g., GenAI support) influence outcomes only when 

they are internalized as psychological resources (e.g., self-efficacy; Siddiqi 

et al., 2025). Similarly, social cognitive theory (SCT) assumes that individu-

als’ behaviors are shaped through the interaction of individual characteris-

tics (e.g., cognitive beliefs), environmental or situational factors, and behav-

ioral factors (Bandura, 1986). In this framework, perceived environmental 

support (e.g., perceived GenAI support) influences individuals’ beliefs 

about their capabilities (e.g., self-efficacy toward GenAI), guiding their job 

crafting. Building on these theories, we propose self-efficacy toward GenAI 

as a key mediating resource linking perceived GenAI support and job craft-

ing. This construct reflects employees’ confidence in their ability to collabo-

rate effectively with GenAI and maintain control over AI-enabled work 

processes (Wang & Chuang, 2024). Thus, this study primarily examines the 

mediating role of self-efficacy toward GenAI in the relationship between 

perceived GenAI support and job crafting. 

We further propose that this resource conversion process is contingent 

on GenAI usage. COR theory emphasizes that resources exert their effects 

only when actively mobilized in daily behaviors (Zhu et al., 2025). Fur-

thermore, drawing on the SCT proposition that individuals’ beliefs in their 

capabilities are jointly influenced by situational and behavioral factors 

(Han et al., 2025), we argue that self-efficacy toward GenAI is shaped by the 

interaction between perceived GenAI support and GenAI usage. Employ-

ees who engage frequently with GenAI are more likely to develop mastery, 

familiarity, and confidence, which strengthens the translation of perceived 

support into self-efficacy (Yang et al., 2026). Accordingly, GenAI usage is 

conceptualized as a boundary condition that moderates the relationship 

between perceived GenAI support and self-efficacy toward GenAI and the 

indirect effect of perceived support on job crafting. This study tests this 

moderating effect. 

The study advances the literature on GenAI and job crafting in several 

meaningful ways. First, it redirects scholarly attention from traditional 

productivity outcomes to proactive behavioral adaptation by conceptualiz-

ing job crafting as a key mechanism through which employees actively 

reshape their work in AI-enabled environments. Thus, it portrays employ-
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ees not merely as passive users of technology but as active agents who lev-

erage GenAI to redesign their tasks and work processes. Second, it extends 

the literature on job crafting by offering a more nuanced explanation of 

how GenAI support stimulates job crafting through mediating and moder-

ating mechanisms. It observes that the influence of perceived GenAI sup-

port operates primarily through the development of domain-specific self-

efficacy. It also concludes that the psychological internalization of techno-

logical resources, rather than their mere availability, is central to promoting 

job crafting. Third, the study identifies GenAI usage as a critical boundary 

condition that enables the translation of external technological support into 

psychological and behavioral outcomes. This study explores the role of 

GenAI usage in boosting the positive effects of GenAI support. It offers 

novel insights into the interplay between environmental and behavioral 

factors in predicting self-efficacy toward GenAI and job crafting. These 

insights integrate COR theory and SCT into the emerging context of hu-

man–AI collaboration and offer a more precise theoretical framework to 

understand how technological resources can catalyze adaptive and proac-

tive employee behavior. 

The subsequent sections of this paper include a literature review and 

hypotheses, methods, results, and discussion. The literature review devel-

ops a research model proposing that perceived GenAI support enhances 

job crafting via self-efficacy toward GenAI and that this indirect effect is 

amplified under conditions of high GenAI usage. The methods section 

details a two-wave, time-lagged survey of South Korean employees who 

use GenAI at work, including validated measures and path modeling with 

bootstrapping to test mediation, moderation, and moderated mediation 

while controlling for demographics, industry, and affectivity. The results 

section presents the findings, and the discussion interprets these findings 

in light of their theoretical and practical implications. 

 

 

Literature review and hypotheses 

 

Perceived GenAI support and job crafting 

 

Prior research has generally shown a positive effect of GenAI on job craft-

ing. Li et al. (2024) noted a trickle-down effect, wherein leader job crafting 

affects employee engagement with AI through employee job crafting. 
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Vuong (2026) demonstrated that GenAI usage enhances job performance 

through job crafting and work engagement. However, there are boundary 

conditions affecting the link between AI and job crafting. Yan et al. (2025) 

identified harmonious passion as a mediator and perceived corporate so-

cial responsibility as a moderator linking GenAI awareness to job crafting. 

Wang et al. (2025) showed that although employees’ opportunity percep-

tions of AI are positively related to job crafting, this relationship is weak-

ened by threat perceptions of AI. Cheng et al. (2023) found that organiza-

tional AI adoption positively affects promotion-focused job crafting among 

employees with an internal locus of control by creating challenge appraisal. 

They also found that organizational AI adoption leads to prevention-

focused job crafting among employees with an external locus of control by 

eliciting hindrance appraisal. Zhao et al. (2025) indicated that employees 

who perceive dependence on GenAI as a positive stimulus are more likely 

to engage in approach-oriented job crafting, whereas those who perceive 

such dependence as a negative stimulus tend to engage in avoidance-

oriented job crafting. Similarly, Xu et al. (2026) reported that challenge ap-

praisal toward AI indirectly promotes promotion-focused job crafting 

through creative process engagement, whereas hindrance appraisal toward 

AI indirectly promotes prevention-focused job crafting through job insecu-

rity. These findings generally suggest that employees who perceive AI 

a positive stimulus engage in the approach form of job crafting, whereas 

employees who consider AI a negative stimulus prefer the avoidance form 

of job crafting. As prior work mainly focused on opportunity/challenge 

versus threat/hindrance perceptions of AI, knowledge of the mediating and 

moderating processes underlying the relationship between perceived 

GenAI support and job crafting remains incomplete. To fill this gap, this 

study models self-efficacy toward GenAI as a mediator and GenAI usage 

as a moderator. 

GenAI alleviates cognitive load by automating repetitive and standard-

ized tasks while supporting the integration and application of large vol-

umes of information and complementing employees’ capabilities during 

task execution (Cui et al., 2026; Oschinsky & Nguyen, 2025; Parvez et al., 

2025; Sigala et al., 2024). These features allow GenAI to function as a job 

resource that provides temporal and cognitive flexibility and enhances 

employees’ sense of control over their work (Xu et al., 2026; Yuan, 2025). 

Even within identical technological environments, GenAI may be expe-

rienced either as a supportive resource or as a job demand that intensifies 
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psychological strain, depending on employees’ perceptions and usage pat-

terns (Chuang et al., 2025; Cui et al., 2026; Yang et al., 2026). This finding 

underscores the idea that the effects of GenAI are shaped less by its func-

tional attributes than by how employees interpret and engage with it. Ac-

cordingly, GenAI is best understood as a context-dependent technology 

whose functional role is constructed through subjective experience rather 

than as a fixed automation tool (Amrollahi et al., 2026; Przegalinska et al., 

2025). Building on this perspective, this study conceptualizes GenAI as 

a job resource that alleviates temporal and cognitive burdens and provides 

instrumental support during demanding tasks rather than as a technology 

that directly replaces human labor (Chuang et al., 2025; Yuan, 2025). Central 

to this view is perceived GenAI support, which is defined as the extent to 

which employees perceive GenAI as providing task-related information 

and assistance (Tews et al., 2013). Beyond mere technological availability, 

perceived GenAI support constitutes a critical instrumental resource that 

enhances task efficiency and motivates proactive behaviors, such as job 

crafting (Nobels, 2024; Wang & Chuang, 2024; Xu et al., 2026). 

Job crafting refers to employees’ efforts to actively modify the task, rela-

tional, and cognitive boundaries of their jobs to better align with their 

strengths, motivations, and interests (Holúbek et al., 2025). As a bottom-up 

change process, job crafting requires additional effort and resource invest-

ment, as individuals deliberately move beyond prescribed job responsibili-

ties (Bruning & Campion, 2018; Xu et al., 2026). Consequently, perceptions 

of available resources become a crucial precondition for engaging in such 

behaviors (Lim et al., 2025). 

From the COR perspective, job crafting constitutes a form of resource 

investment behavior in which individuals deploy existing resources to 

acquire additional resources in the future (Lim et al., 2025). Job crafting 

demands substantial time and cognitive effort; hence, it is more likely to 

occur when individuals perceive their resource reservoir as sufficient. COR 

theory posits that individuals strive to acquire, maintain, and protect val-

ued resources, and that resource sufficiency enables proactive and agentic 

behaviors, whereas resource loss elicits strain and defensiveness (Hobfoll, 

1989). Perceived GenAI support functions as a job resource that secures 

temporal flexibility and cognitive energy, lowering the psychological costs 

associated with experimenting with new work methods (Cui et al., 2026; 

Yuan, 2025). As employees perceive GenAI as supportive, they are likely to 

explore more efficient, challenging, or meaningful ways of performing their 
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jobs rather than relying on established routines (Cui et al., 2026; Xu et al., 

2026). The time and effort saved by delegating repetitive tasks may also 

enable cognitive adjustments, such as reinterpreting the meaning of work 

or one’s contribution within the organization (Sigala et al., 2024; Zhao et al., 

2026). 

The relationship between perceived GenAI support and job crafting can 

also be explained by SCT, which asserts that individuals’ behavior is 

shaped through the reciprocal interaction among environmental factors, 

cognitive beliefs, and behavioral factors (Han et al., 2025). Environmental 

support influences how individuals interpret their capabilities and oppor-

tunities for action within this framework. Perceived GenAI support facili-

tates an environmental condition that provides employees with infor-

mation assistance, idea generation, and problem-solving support during 

task execution. When employees perceive GenAI as a reliable and support-

ive tool, they are more likely to view their work environment as enabling 

experimentation and exploration of alternative ways to perform tasks 

(Marimon et al., 2025). Such supportive environmental cues can encourage 

employees to take the initiative to adjust their work processes and explore 

new approaches to accomplish their tasks. Employees who perceive higher 

levels of GenAI support are likelier to engage in job crafting by modifying 

aspects of their jobs to improve effectiveness and aligning their work with 

their strengths and preferences. Accordingly, perceived GenAI support is 

expected to be positively related to job crafting. Based on this reasoning, 

we propose the following hypothesis: 

 

Hypothesis 1: Perceived GenAI support is positively related to job crafting. 

 

Self-efficacy toward GenAI as a mediator between GenAI support and job crafting 

 

Self-efficacy refers to an individual’s belief in his or her ability to per-

form specific tasks successfully and represents a core psychological re-

source that shapes effort, persistence, and behavioral choices under condi-

tions of uncertainty (Bandura, 1997). By enhancing motivation and resili-

ence, self-efficacy provides a foundation for proactive responses to envi-

ronmental change. Extending this concept to AI-enabled work, we define 

self-efficacy toward GenAI as a domain-specific psychological resource, 

conceptually distinct from general self-efficacy (Wang & Chuang, 2024; Xu 

et al., 2026). This construct reflects employees’ belief that they can effective-



Oeconomia Copernicana, 17(1), 141–179 

 

149 

ly collaborate with GenAI to accomplish work tasks in a controllable and 

capable manner despite technological uncertainty. In this sense, self-

efficacy toward GenAI embodies the belief that one can execute tasks using 

GenAI while maintaining control over the work process and fulfilling role 

expectations. 

From a COR theory perspective, employees’ behavior is shaped less by 

objective environmental conditions than by their subjective assessments of 

available resources and their overall resource configuration (Hobfoll, 1989). 

A key principle of COR theory is the resource caravan, which emphasizes 

that resources accumulate and function synergistically through interactions 

between environmental support and personal resources (Fletcher & 

Lysova, 2026). Accordingly, job resources facilitate proactive behavior only 

when internalized and transformed into personal psychological resources. 

Self-efficacy is critical in this process because it influences how individuals 

interpret and respond to change (Siddiqi et al., 2025). Given COR theory’s 

emphasis on the primacy of resource loss, employees are typically more 

sensitive to potential losses than to equivalent gains. Thus, self-efficacy acts 

as a cognitive filter through which employees determine whether GenAI 

represents a threat to existing resources or an opportunity for resource 

acquisition (Chuang et al., 2025; Xu et al., 2026). When employees experi-

ence GenAI as reducing workload pressure and assisting with complex 

problem-solving, they are more likely to construe the technological envi-

ronment as supportive of resource gain rather than as a potential source of 

loss (Chuang et al., 2025; Xu et al., 2026). GenAI becomes integrated into 

individuals’ resource caravans through repeated supportive experiences 

and shifts from being an external, uncontrollable technology to an accessi-

ble, reliable work resource. Once established, self-efficacy toward GenAI 

expands the range of feasible resource investment behaviors, particularly 

job crafting (Xu et al., 2026). 

From an SCT perspective, perceived support from GenAI can function 

as an important environmental factor (Han et al., 2025; Hu et al., 2025). 

When employees perceive that GenAI tools effectively assist them in gen-

erating ideas, solving problems, or completing tasks more efficiently, they 

are likely to develop stronger confidence in their ability to utilize these 

technologies in their work (Xu et al., 2026). Such experiences can strengthen 

self-efficacy toward GenAI because employees perceive that they possess 

the capability to integrate GenAI into their task performance. Higher self-

efficacy encourages employees to engage in job crafting behaviors that 
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improve their work effectiveness (Ramadhani et al., 2025). Employees who 

believe they can effectively use GenAI are more likely to experiment with 

new approaches, adjust task boundaries, and proactively redesign aspects 

of their jobs (Xu et al., 2026). Accordingly, employees with higher self-

efficacy toward GenAI are more likely to leverage AI capabilities to re-

shape how they perform their work. Thus, based on COR theory and SCT, 

we propose the following mediation: 

 

Hypothesis 2: Self-efficacy toward GenAI mediates the positive relationship be-

tween perceived GenAI support and job crafting. 

 

Moderation of GenAI on the relationship between perceived Gen AI sup-

port, self-efficacy toward GenAI, and job crafting 

 

COR theory distinguishes resource availability, the objective presence of 

support, from resource activation, the extent to which individuals engage 

with and extract value from that support (Hobfoll, 1989). Therefore, per-

ceiving technological support is necessary but insufficient for developing 

personal resources. Transforming environmental support into a psycholog-

ical capability relies on repeated and intentional usage experiences, which 

allow employees to test, refine, and appropriate the resource in practice 

(Wang & Chuang, 2024). 

This activation process is particularly salient for emerging technologies 

such as GenAI, in which novelty and ambiguity heighten sensitivity to 

potential resource loss. COR theory emphasizes that individuals weigh 

prospective losses more heavily than equivalent gains, leading them to 

perceive the learning costs, trial-and-error processes, and time investments 

associated with new systems as threats to their existing resource pools (Qi-

an et al., 2025). Frequent and routine GenAI usage mitigates these concerns 

by promoting experiential learning and increasing the predictability of 

technological outputs (Oschinsky & Nguyen, 2025; Yang et al., 2026). Sus-

tained engagement enables employees to develop a more accurate under-

standing of GenAI’s functional boundaries, reliability, and task relevance, 

which reduces uncertainty about the returns on their resource investments. 

Consequently, perceived GenAI support is more likely to be interpreted as 

a stable and dependable resource rather than as a provisional or ambigu-

ous aid (Chuang et al., 2025; Yang et al., 2026). 

The resource caravan perspective clarifies the mechanism underlying 

this moderating role. Resources operate in interconnected systems in which 
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repeated activation strengthens the linkages among environmental, cogni-

tive, and motivational resources (Fletcher & Lysova, 2026). Employees who 

frequently engage with GenAI are more likely to integrate technological 

support into their broader resource system, allowing it to function as an 

extension of cognitive capacity rather than as an external aid (Cui et al., 

2026; Przegalinska et al., 2025). The psychological association between per-

ceived GenAI support and self-efficacy toward GenAI becomes stronger 

and more enduring through repeated activation cycles (Wang & Chuang, 

2024). Conversely, infrequent or sporadic use leaves perceived support as 

a latent resource weakly connected to the individual’s internal resource 

reservoir. Without sufficient opportunities for experiential learning and 

mastery, perceptions of support may remain abstract and fail to translate 

into the confidence needed to exercise control over AI-enabled work pro-

cesses. 

A central premise of SCT is that individuals develop beliefs about their 

capabilities through interactions with environmental resources and experi-

ences gained from performing behaviors (Han et al., 2025). From this per-

spective, self-efficacy is shaped by mastery experiences—individuals’ di-

rect experiences of performing a behavior strengthen their confidence in 

their ability to perform that behavior successfully. This theory suggests that 

the extent to which environmental resources translate into stronger self-

efficacy depends on individuals’ behavioral experiences with the focal ac-

tivity (Han et al., 2025). Specifically, employees with higher levels of GenAI 

usage accumulate more direct experiences in interacting with GenAI sys-

tems. Through repeated use, employees gain opportunities to test AI-

generated outputs, refine prompts, and complete tasks successfully with AI 

assistance. These mastery experiences reinforce employees’ beliefs that they 

can effectively leverage GenAI in their work (Han et al., 2025). Consequent-

ly, when employees frequently use GenAI, the supportive features of the 

technology are more salient and interpretable, allowing perceived GenAI 

support to enhance self-efficacy toward GenAI (Chuang et al., 2025; Cui et 

al., 2026; Xu et al., 2026; Zhang et al., 2026). Conversely, when GenAI usage 

is low, employees have limited opportunities to experience successful in-

teractions with AI systems. Without sufficient behavioral experience, em-

ployees may find it difficult to translate perceived technological support 

into stronger beliefs about their capabilities. Thus, the positive relationship 

between perceived GenAI support and self-efficacy toward GenAI should 
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be weaker when GenAI usage is low. Based on this reasoning, the follow-

ing hypothesis is proposed: 

 

Hypothesis 3: GenAI usage moderates the positive relationship between perceived 

GenAI support and self-efficacy toward GenAI, such that this relationship is 

stronger when GenAI usage is high than when it is low. 

 

As described earlier, perceived GenAI support functions as a job re-

source that enhances self-efficacy toward GenAI, a personal psychological 

resource, facilitating resource investment behaviors such as job crafting (Xu 

et al., 2026). COR theory emphasizes that the effectiveness of these accumu-

lation processes depends on contextual conditions that determine whether 

and how resources are mobilized and transformed (Fletcher & Lysova, 

2026). Thus, we identify GenAI usage as a critical boundary condition that 

governs the strength of the resource gain spiral that links perceived sup-

port, self-efficacy, and job crafting. 

According to SCT, when GenAI usage is high, employees accumulate 

mastery experiences by repeatedly translating organizational support into 

tangible task accomplishments through frequent interactions with the tech-

nology (Wang & Chuang, 2024). These repeated experiences reduce uncer-

tainty about GenAI’s reliability and effectiveness, clarifying the pathway 

through which perceived support is transformed into self-efficacy. Draw-

ing on findings that self-efficacy is a key predictor of job crafting (Lin et al., 

2025; Oprea et al., 2024; Xu et al., 2026), higher self-efficacy toward GenAI 

fuels employees to adjust and redesign aspects of their work proactively 

and results in increased job crafting (Chuang et al., 2025; Przegalinska et al., 

2025). Conversely, sporadic GenAI usage limits experiential learning and 

mastery experiences, which reduces the likelihood that external support is 

fully internalized into efficacious beliefs. This weak internalization ham-

pers the formation of self-efficacy toward GenAI and diminishes the psy-

chological energy required to initiate behavioral change (Qian et al., 2025). 

Consequently, even when employees recognize the presence of GenAI 

support, the indirect effect of perceived support on job crafting through 

self-efficacy is expected to be weaker when GenAI usage is low. Based on 

these arguments, the following hypothesis is proposed: 
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Hypothesis 4: GenAI usage moderates the indirect effect of perceived GenAI sup-

port on job crafting through self-efficacy toward GenAI, such that this indirect 

effect is stronger when GenAI usage is high than when it is low. 

 

This study employs a two-wave, time-lagged design to test the mediat-

ing role of self-efficacy toward GenAI, addressing empirical gaps in the 

literature. In the interest of methodological rigor, we performed multiple 

logistic regressions to rule out attrition bias and tested an alternative model 

to validate our structural paths. This confirmed that GenAI usage is more 

appropriate as a boundary condition than as a primary driver. Further-

more, this study accounts for heterogeneous characteristics across diverse 

industries (e.g., manufacturing, ICT, and services) and variations in GenAI 

tool types (free versus paid) to enhance the generalizability of our findings. 

This research design provides a robust empirical framework that effective-

ly addresses the sample constraints and causal ambiguity prevalent in ex-

isting GenAI studies by demonstrating the non-significance of alternative 

causal relationships. 

 

 

Method 

 

Sample and procedure 

 

We recruited full-time employees through a South Korean online panel 

platform. Consistent with prior research demonstrating the validity and 

low non-response bias of online panels (Daly & Nataraajan, 2015; Miller et 

al., 2017), this study employed a convenience sampling technique through 

an online platform (Lee et al., 2022; Zhang & Sackett, 2023). Screening ques-

tions on employment status, job tenure, and job type identified eligible 

respondents, resulting in an initial sample of 302 employees who had used 

ChatGPT for at least three months and had held their current positions for 

at least one year. This approach allowed the inclusion of respondents from 

diverse industries, including manufacturing, trade and distribution, ICT 

and telecommunications, banking and finance, bio-healthcare, and services. 

Eligible employees received an informed consent form via email that ex-

plained the study’s purpose and assured voluntary participation, anonymi-

ty, and confidentiality. A survey link was provided to those who consent-

ed. 
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We conducted two-wave online surveys administered three months 

apart to examine the time-lagged relationship between perceived GenAI 

support and job crafting through self-efficacy toward GenAI. Of the 399 

employees who initially agreed to participate, 302 completed the Time 1 

survey (November 2023), which measured perceived GenAI support, 

GenAI usage, self-efficacy toward GenAI, positive affectivity (PA), negative 

affectivity (NA), and demographic characteristics. At Time 2 (January 

2024), these respondents were invited to report their job crafting. The re-

sponses were matched across waves using email addresses, yielding a final 

sample of 202 respondents (50.1% response rate). 

Notably, 53% of the respondents were female, with a mean age of 35.42 

years (SD = 6.44) and an average job tenure of 5.80 years (SD = 4.70). Re-

spondents represented multiple industries: manufacturing (28.2%), ICT 

and telecommunications (27.7%), services (17.3%), trade and distribution 

(5.4%), banking and finance (5.5%), bio-healthcare (5.4%), and others 

(10.4%). Most respondents held a bachelor’s degree (72.0%), followed by 

graduate degrees (14.9%) and high school diplomas (5.9%). Moreover, 73% 

of the respondents utilized the free version of GenAI, and the remainder 

paid for the fee-based version. 

We used multiple logistic regression analyses, in accordance with pre-

vious studies, to evaluate potential attrition bias (Li et al., 2022; Pek et al., 

2018). In this model, dropout status was the binary dependent variable, 

and the predictors included sex, age, GPT type, job tenure, PA, NA, per-

ceived GenAI support, and GenAI usage. The non-significant coefficients 

for these predictors suggested that the missing data were random, reduc-

ing concerns that non-response bias affected the validity of the findings. 

 

Measures 

 

Except for GenAI usage, all measurement items were rated on a 5-point 

Likert scale ranging from 1 (strongly disagree) to 5 (strongly agree; see 

Appendix). As shown in Table 1, Cronbach’s alpha values for the study 

variables ranged from .82 to .86, exceeding the recommended reliability 

threshold of .70 (Nunnally, 1978). 

Perceived GenAI support was assessed using six items adapted from es-

tablished instrumental support scales (Settoon & Mossholder, 2002; Tews et 

al., 2013). Self-efficacy toward GenAI was measured using the five-item 

scale developed by Tojib et al. (2022). Job crafting was measured using 
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Bindl et al.’s (2019) 12-item scale. This measure represents three distinct yet 

interrelated dimensions: task crafting (4 items; e.g., taking on additional 

tasks), relational crafting (4 items; e.g., expanding social interactions at 

work), and cognitive crafting (4 items; e.g., reframing the purpose of work). 

Scores across these three dimensions were averaged to produce a compo-

site job crafting index (α = .82), following established procedures (Hur & 

Shin, 2023; Hur et al., 2024; Sekiguchi et al., 2017). 

GenAI usage was operationalized as the proportion of work time devot-

ed to GenAI-related activities. Unlike Likert-scaled constructs, GenAI us-

age was operationalized as a ratio variable (0 to 1) to capture the intensity 

of GenAI integration. Respondents reported (a) the total number of hours 

spent using a GenAI tool (i.e., ChatGPT) for work purposes during a typi-

cal workweek and (b) their total working hours during the same period. 

GenAI usage was calculated as the ratio of GenAI-related hours to total 

working hours, standardizing usage relative to actual work engagement. 

This approach enables meaningful comparisons across employees with 

differing schedules and workloads, consistent with prior research on tele-

work and technology use (Chin et al., 2023; Golden & Eddleston, 2020; 

Golden & Veiga, 2005; Golden et al., 2008; Hwang et al., 2025), with higher 

values indicating greater GenAI usage. 

Control variables included demographic characteristics owing to their 

potential associations with self-efficacy toward GenAI and job crafting 

(Hur et al., 2022; Hwang et al., 2025; Park & Hur, 2025). Age and job tenure 

were operationalized as continuous variables using a ratio scale. Gender         

(0 = female, 1 = male) and GPT type (0 = free, 1 = paid) were included as 

dummy variables. Additionally, six industry dummy variables were in-

cluded to account for industry effects, consistent with prior studies (Hur & 

Shin, 2025; Hwang et al., 2025). PA and NA were also controlled to mitigate 

common method variance, measured using six items from Watson et al. 

(1988). 

 

Analytic strategy 

 

The proposed mediation, moderation, and moderated mediation effects 

were tested using path modeling with the Mplus PROCESS macro (model 

numbers = 0: total effect; 1: moderation effect; 4: mediation effect; and 7: 

moderated mediation effect; Stride et al., 2015). Continuous variables were 

mean-centered prior to hypothesis testing (Hayes, 2022, pp. 320–329). Gen-
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der, GPT type, and industry-effect variables were used as dummy varia-

bles. Mediation and moderated mediation effects were estimated using 

a statistical resampling method (bootstrapping; N = 5,000; Hayes, 2022, pp. 

99–100). 

 

 

Results 

 

Reliability and validity 

 

Table 1 presents the descriptive statistics and correlations among the study 

variables. To evaluate the psychometric properties of the measurement 

model, we conducted a confirmatory factor analysis using Mplus 8.10 

(Muthén & Muthén, 2017). The results indicated that the proposed five-

factor model—comprising PA, NA, perceived GenAI support, self-efficacy 

toward GenAI, and job crafting—provided an acceptable fit to the data 

(χ²(364) = 682.29, p < .05; comparative fit index [CFI] = .90; Tucker–Lewis 

index [TLI] = .90; root mean square error of approximation [RMSEA] = .07; 

standardized root mean square residual [SRMR] = .06). These findings sup-

port the adequacy of the measurement structure. As shown in Table 1, all 

constructs demonstrated satisfactory composite reliability values ranging 

from .84 to .87, exceeding the recommended threshold of .70 (Nunnally, 

1978). Moreover, the average variance extracted for each construct sur-

passed the squared correlations between that construct and the others, 

satisfying the Fornell–Larcker criterion for discriminant validity (Fornell & 

Larcker, 1981). These results indicate that the measures exhibit adequate 

reliability, convergent validity, and discriminant validity. 

As all variables were reported by the same respondents, common meth-

od variance could potentially bias the observed relationships (Podsakoff et 

al., 2012). We conducted Harman’s single-factor test to assess this possibil-

ity. The results showed that the proposed measurement model provided 

a substantially better fit to the data than the single-factor model in which 

all items loaded onto one latent factor (χ²(377) = 2154.30, p < .05; CFI = .46; 

TLI = .41; RMSEA = .15; SRMR = .15; Δχ²(13) = 1536.73, p < .01). Further-

more, we estimated a latent common method factor (LCMF) by allowing all 

measurement items in the baseline model to load simultaneously onto their 

theoretical constructs and a common latent factor. The LCMF explained 

less than 6.1% of the total variance, well below the 25% median method 
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variance typically reported in studies relying on self-reported data (Wil-

liams et al., 1989). Collectively, these findings indicate that common meth-

od variance is unlikely to pose a serious threat to the validity of the study’s 

results. 

 

Hypothesis testing 

 

Hypothesis 1 suggested that perceived GenAI support is positively related 

to job crafting. Controlling for gender, age, job tenure, ChatGPT type, six 

industry dummies, PA, and NA, the total effect of perceived GenAI sup-

port on job crafting was significant (b = .15, p < .05; see Table 2), supporting 

Hypothesis 1. 

Hypothesis 2 stated that the positive association between perceived 

GenAI support and job crafting is mediated by self-efficacy toward GenAI. 

Mediation analysis indicated that self-efficacy toward GenAI significantly 

mediated the association between perceived GenAI support and job craft-

ing (b = .105, 95% CI [.017, .205]; see Table 2), supporting Hypothesis 2. 

Notably, the direct effect was non-significant (b = .047, p > .05), indicating 

a full mediation process. To evaluate the practical significance, we calculat-

ed the ratio of mediation (i.e., indirect effect/total effect) and found that 

69.1% of the effect of GenAI support on job crafting was channeled through 

self-efficacy toward GenAI, confirming the substantial role of the mediator 

in our theoretical framework. 

Hypothesis 3 postulated that GenAI usage moderates the positive effect 

of perceived GenAI support on self-efficacy toward GenAI. Supporting 

Hypothesis 3, GenAI usage significantly strengthened the positive associa-

tion between perceived GenAI support and self-efficacy toward GenAI        

(b = .60, p < .05; see Table 3). This interaction was plotted at high and low 

levels of the moderator (±1 SD; Aiken & West, 1991). As illustrated in Fig-

ure 1, the positive relationship between perceived GenAI support and self-

efficacy toward GenAI was significant for employees with high GenAI 

usage (b = .64, p < .01) and those with low GenAI usage (b = .41, p < .01). 

The slope for the high-usage group was significantly steeper than that for 

the low-usage group. 

Hypothesis 4 proposed that the indirect effect of perceived GenAI sup-

port on job crafting through self-efficacy toward GenAI varies depending 

on the level of GenAI usage. As depicted in Table 3, the moderated media-

tion effect of GenAI usage was significant (b = .116, 95% CI [.015, .296]). 
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This finding indicates that the positive indirect effect of perceived GenAI 

support on job crafting through self-efficacy toward GenAI is more pro-

nounced under high GenAI usage compared with low GenAI usage. The 

results of the hypothesis testing are summarized in Figure 2. 

 

Tests of alternative models 

 

To assess the robustness of the hypothesized model, we tested two al-

ternative models, particularly because all variables, except for job crafting 

(Time 2), were measured at Time 1. First, an alternative mediation path 

(self-efficacy toward GenAI → perceived GenAI support → job crafting) 

was analyzed, but the results showed no significant mediation effect             

(b = .025, 95% CI [–.065, .118]), supporting our original assumption that 

organizational support precedes psychological resources. Second, when 

GenAI usage was included as an additional independent variable, the orig-

inal path from perceived GenAI support to job crafting through self-

efficacy toward GenAI remained significant (b = .095, 95% CI [.012, .191]). 

However, the path from GenAI usage to job crafting through self-efficacy 

toward GenAI was not significant (b = .028, 95% CI [–.005, .208]). These 

findings confirm that GenAI usage is more appropriate as a boundary con-

dition than a primary driver, reinforcing the structural validity and empiri-

cal superiority of the proposed model. 

 

 

Discussion 

 

This study examined the mediating role of self-efficacy in the relationship 

between perceived GenAI support and job crafting, as well as the moderat-

ing effect of GenAI usage on this relationship. Hypothesis testing support-

ed all the proposed relationships. Perceived GenAI support was positively 

associated with job crafting measured three months later, and this relation-

ship was mediated by self-efficacy toward GenAI. Moreover, GenAI usage 

strengthened the positive effect of perceived GenAI support on self-efficacy 

and the indirect effect of perceived support on job crafting through self-

efficacy. These findings have important theoretical and practical implica-

tions for future research. 
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Theoretical implications 

 

This study makes several theoretical contributions to the literature on 

GenAI and job crafting by clarifying the psychological and contextual con-

ditions under which GenAI fosters proactive job redesign. Although re-

search on GenAI has rapidly expanded, prior work has primarily focused 

on productivity and performance outcomes, with limited attention paid to 

job crafting as a key adaptive behavior in AI-enabled work contexts. Re-

search on AI and job crafting has largely focused on examining the effects 

of opportunities or challenges versus threats or hindrance perceptions of 

GenAI on job crafting (Cheng et al., 2023; Wang et al., 2025; Xu et al., 2026; 

Zhao et al., 2025), leaving the underlying mechanisms of this relationship 

insufficiently explained. This study addresses this gap by identifying self-

efficacy toward GenAI as a central mediating mechanism and GenAI usage 

as a key boundary condition in the GenAI–job crafting relationship. These 

findings offer initial empirical evidence of the mediating role of GenAI self-

efficacy and the moderating role of GenAI usage in shaping job crafting in 

AI-enabled work contexts. 

Our findings indicated full mediation wherein the relationship between 

perceived GenAI support and job crafting became non-significant when 

GenAI self-efficacy was included in the model. This mediation effect was 

further validated through tests of alternative models, which showed that 

the proposed mediation model was more viable than the alternative causal 

models. Although perceived GenAI support is associated with job crafting 

at the bivariate level, its effect operates through employees’ confidence in 

their ability to collaborate effectively with GenAI. This finding highlights 

the pivotal role of domain-specific self-efficacy in job crafting. By fostering 

a belief in performability and control over AI-assisted work processes, self-

efficacy toward GenAI empowers employees to modify task scope, content, 

methods, and scheduling proactively. Thus, this study enriches job crafting 

theory by identifying a technology-specific psychological mechanism 

through which external support is translated into proactive work redesign. 

This study helps reconcile the mixed findings in the literature on GenAI 

and work outcomes. Some studies portray GenAI as a source of efficiency 

and work redesign, whereas others emphasize its negative consequences, 

including technostress and reduced perceived control (Chuang et al., 2025; 

Cui et al., 2026; Duong et al., 2025; Yang et al., 2026). By conceptualizing 

perceived GenAI support as a focal antecedent, this study shifts the theo-
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retical emphasis from the technological properties of GenAI to employees’ 

subjective interpretations and experiences. The present findings suggest 

that GenAI positively affects proactive behavior when perceived as genu-

inely supportive of task execution. This perspective explains why GenAI 

may function as a resource in some contexts but as a demand in others, 

helping to reconcile previously inconsistent findings. 

This study offers a detailed understanding of the role of GenAI support 

by highlighting the interactive roles of GenAI support and usage. The re-

sults show that the positive effect of perceived GenAI support on self-

efficacy and its positive effect on job crafting through self-efficacy are 

stronger when employees frequently use GenAI. This suggests that per-

ceived support alone is insufficient to stimulate proactive behavior unless it 

is activated through repeated use. This underscores the theory that GenAI 

usage is a critical condition that enables perceived support to be internal-

ized as a psychological resource. Without sustained engagement, GenAI 

support remains weakly connected to employees’ resource systems, limit-

ing its behavioral consequences. The findings provide empirical support 

for COR theory’s resource caravan principle by showing how technological 

resources are converted into psychological resources that motivate resource 

investment behaviors such as job crafting. Additionally, this study is one of 

the first attempts to apply SCT to an AI-powered work environment by 

proposing perceived GenAI support as an environmental factor, GenAI 

usage as a behavioral response, and GenAI self-efficacy as an efficacy be-

lief. By demonstrating that self-efficacy is shaped by the interplay between 

perceived GenAI support and GenAI usage, this study confirms the rele-

vance of SCT in understanding adaptation to AI-augmented work envi-

ronments. 

This study contributes to the broader literature on self-efficacy by em-

phasizing the importance of domain-specific self-efficacy in technology-

rich contexts. Prior job crafting research has primarily relied on generalized 

self-efficacy (Miraglia et al., 2027; van den Heuvel et al., 2015), whereas the 

present findings show that self-efficacy toward GenAI plays a distinct and 

consequential role in shaping proactive behavior. This suggests that re-

search on AI-enabled work should move beyond generalized confidence 

beliefs and incorporate task- and technology-specific self-efficacy con-

structs. By identifying self-efficacy toward GenAI as a key psychological 

mechanism, this study deepens the theoretical understanding of how em-
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ployees adapt to AI integration and provides a more precise framework for 

examining proactive behavior in human–AI collaboration. 

Another important consideration relates to the contextual conditions to 

which our findings may apply. As the data were collected from employees 

in South Korea, a country with a relatively advanced digital infrastructure 

and rapid adoption of GenAI (Jeong, 2025), the observed relationships may 

differ in contexts in which technological development and AI usage are less 

widespread. In countries where AI adoption is emerging, employees may 

have fewer opportunities to interact with GenAI in their daily work, limit-

ing the development of GenAI self-efficacy through mastery experience. 

Consequently, perceived GenAI support may translate less strongly into 

job crafting. Furthermore, the meaning of self-efficacy and job crafting may 

differ between individualistic and collectivistic cultures. Employees in col-

lectivist cultures (e.g., South Korea), in which group harmony and con-

formity are emphasized, may approach AI use in ways that align with 

group expectations and collaborative practices (Naiseh et al., 2025). Such 

orientations may influence how self-efficacy toward AI develops into job 

crafting, potentially differing from patterns observed in more individualis-

tic cultures that emphasize personal autonomy and independent initiative 

(Chi et al., 2023). 

 

Practical implications 

 

The findings offer several practical implications for organizations aim-

ing to leverage GenAI as a sustainable driver of employee effectiveness and 

proactive work behavior. First, organizations should shift their focus from 

mere GenAI adoption to the cultivation of perceived GenAI support. The 

importance of perceived GenAI support highlights that investment in 

GenAI infrastructure alone might not be sufficient. Managers should em-

phasize use cases in which GenAI demonstrably reduces cognitive burden, 

accelerates problem solving, or supports complex decision making. Clear 

communication on GenAI’s ability to assist employees in their specific roles 

can strengthen their perceptions of support and reduce ambiguity regard-

ing its value. Framing GenAI as a work companion that enhances employ-

ees’ control over task execution may help them interpret the technology as 

a resource rather than as an additional demand. 

Second, our mediation analysis highlights the central role of employees’ 

psychological readiness in realizing the benefits of GenAI in the workplace. 



Oeconomia Copernicana, 17(1), 141–179 

 

162 

The mediation ratio indicates that a substantial proportion of the influence 

of perceived GenAI support on job crafting operates through employees’ 

self-efficacy toward GenAI—organizations cannot rely solely on providing 

access to AI technologies to stimulate proactive work redesign. Instead, the 

effectiveness of GenAI largely depends on whether employees develop 

confidence in their ability to use these tools effectively. Accordingly, man-

agers should focus on implementing GenAI systems and strengthening 

employees’ self-efficacy toward GenAI through training, guided experi-

mentation, and opportunities for successful AI-assisted task completion. 

Programs that allow employees to gain mastery experiences with GenAI 

(e.g., hands-on workshops, peer learning, and sharing of effective use cas-

es) may help employees internalize AI as a personal capability. 

Third, the moderating role of GenAI usage suggests that organizations 

should actively encourage frequent and routine engagement with GenAI in 

their daily work processes. The findings indicate that GenAI support trans-

lates more effectively into self-efficacy and job crafting when employees 

use the technology consistently. Managers can facilitate this by embedding 

GenAI into standard workflows rather than positioning it as an optional or 

peripheral tool. For example, integrating GenAI into document prepara-

tion, data analysis, or problem-solving routines can normalize its use and 

increase the predictability of its output. This routinization reduces uncer-

tainty and learning-related stress, which are key barriers to proactive be-

havior in technology-rich environments. 

Finally, from a broader organizational perspective, GenAI implementa-

tion strategies should be aligned with job design and employee develop-

ment initiatives. Job crafting has emerged as a key behavioral outcome 

through which GenAI contributes to adaptive work redesign. Organiza-

tions that allow flexibility in task execution, encourage autonomy, and 

reward proactive improvement efforts are more likely to realize the bene-

fits of GenAI-enabled work. Viewing GenAI as part of an integrated re-

source system rather than as a standalone technology can foster continuous 

learning, resilience, and innovation in AI-augmented work environments. 

Managers should recognize and legitimize employees’ efforts to experi-

ment with GenAI, even when such experimentation involves initial ineffi-

ciencies or trial and error. By signaling tolerance for learning costs and 

encouraging reflection on how GenAI can improve work processes, man-

agers can help employees reinterpret experimentation as a worthwhile 

investment rather than a risky diversion. Such a supportive climate ampli-
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fies the motivational impact of self-efficacy and promotes job-crafting be-

haviors that enhance long-term adaptability. 

 

Limitations and directions for future research 

 

Despite its theoretical and practical contributions, this study has several 

limitations that suggest directions for future research. First, although 

a two-wave research design was employed, perceived GenAI support, 

GenAI usage, and self-efficacy toward GenAI were concurrently measured. 

This design constraint limits the ability to draw strong causal conclusions 

regarding the relationships among these variables. It is plausible that em-

ployees with higher self-efficacy toward GenAI are more likely to perceive 

GenAI as supportive, or that frequent GenAI use itself shapes perceptions 

of support. Although our test of alternative models showed that the pro-

posed causal model is more viable than the others, the directionality of our 

model should be interpreted with caution. Future research could address 

this limitation by adopting three-wave longitudinal panel designs that 

temporally separate perceptions, psychological resources, and behavioral 

outcomes. Experimental or policy-capturing approaches that manipulate 

exposure to GenAI support or usage conditions can provide strong causal 

evidence. 

Second, this study operationalized GenAI usage primarily through us-

age intensity, measured as the proportion of work time dedicated to AI 

tools. Although this approach provides a robust behavioral indicator of the 

extent of AI integration and helps mitigate common method variance by 

utilizing a ratio-scale format, it may not fully capture the qualitative nu-

ances of engagement. Gao et al. (2026) conceptualized AI usage as a multi-

dimensional construct comprising two distinct dimensions: usage intensity 

(i.e., the frequency and duration of use) and usage diversity (i.e., the range 

of different AI tools and functions employed). Although our study focused 

on the intensity dimension to establish a clear behavioral anchor for re-

source investment, it did not account for the diversity of tools. Future re-

search should incorporate both dimensions, as proposed by Gao et al. 

(2026), to investigate how the sophistication and variety of AI interaction—

beyond mere time investment—differentially influence employee out-

comes. 

Third, this study focused on the instrumental support provided by 

GenAI, such as task assistance and information processing, and excluded 
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potential emotional support functions. GenAI can also provide emotional 

reassurance through counseling-like interactions and help alleviate stress 

(Pani et al., 2024; Volpato et al., 2025). Investigating whether and how emo-

tional support from GenAI influences different forms of job crafting, par-

ticularly relational and cognitive crafting, is a promising avenue for future 

research. Comparative analyses of instrumental versus emotional GenAI 

support may further clarify their distinct and interactive effects. 

Fourth, although this study focused on ChatGPT owing to its wide-

spread recognition and adoption, the diversity of the GenAI ecosystem 

suggests that reliance on a single tool may have influenced the participants’ 

perceptions. We recommend that future research examine a broader range 

of GenAI platforms (e.g., Claude, Gemini, Perplexity, and Llama) to assess 

the generalizability of our findings across diverse GenAI contexts. 

Finally, this study relied on a convenience sample, which may constrain 

the generalizability of the findings beyond the specific context in which the 

data were collected. Because convenience sampling does not ensure that 

participants are representative of the broader population, the observed 

relationships may not fully capture how employees in different cultural, 

institutional, or organizational settings respond to AI and GenAI usage. In 

particular, employees’ perceptions, attitudes, and behavioral responses to 

AI may vary systematically across countries due to differences in cultural 

values, technological infrastructure, and regulatory environments. Like-

wise, variation across industries and job positions—such as differences in 

task complexity, autonomy, and exposure to AI technologies—may shape 

how employees experience and utilize GenAI in their work. To address this 

issue, we encourage future researchers to collect data across diverse coun-

tries, industries, and occupational groups. 

 

 

Conclusions 

 

This study demonstrates that the effectiveness of GenAI in shaping em-

ployee behavior depends not only on technological availability but also on 

how such support is psychologically internalized and behaviorally activat-

ed. Specifically, perceived GenAI support promotes proactive job crafting, 

primarily through the development of self-efficacy toward GenAI, and this 

resource conversion process is strengthened when employees engage in 

frequent GenAI usage. By integrating mediation and moderated mediation 
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within a COR framework, the findings illuminate how external technologi-

cal resources are transformed into personal psychological capabilities that 

drive adaptive work redesign in human–AI collaboration contexts. Overall, 

this study advances the theoretical understanding of employee adaptation 

in AI-enabled workplaces and highlights the importance of cultivating 

perceived support, domain-specific self-efficacy, and sustained usage to 

realize the transformative potential of GenAI in organizations. 
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Figure 1. Moderating effect of GenAI usage on the relationship between GenAI 

support and self-efficacy 

 

 
Note: **p < .01 

 

 

Figure 2. Results of proposed research model 
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Note: N= 202, *p < .05, **p < .01. b = unstandardized coefficients. Control variables = gender, age, job tenure, 

positive and negative affectivity, ChatGPT type, and industry dummies. T1 = Time 1, T2 = Time 2.  



Appendix 
 

Survey Items 

 
1. Which of the following best describes the industry (sector) you are currently working in? 

(1) Manufacturing (e.g., Automotive, Electronics, Chemicals) 

(2) ICT and Telecommunications (e.g., Software, IT Services, Network) 

(3) Services (e.g., Education, Hospitality, Professional Services) 

(4) Trade and Distribution (e.g., Retail, Wholesale, Logistics) 

(5) Banking and Finance (e.g., Insurance, Investment, FinTech) 

(6) Bio-healthcare (e.g., Pharmaceuticals, Medical Devices, Healthcare Services) 

(7) Other (Please specify: __________) 

 

2. Do you currently utilize ChatGPT (a generative AI tool) for your work-related activities? 

(1) Yes           (2) No (→ End of survey) 

 

3. When did you start using ChatGPT for work-related purposes? 

I have been using ChatGPT for work since: [ Year ] / [ Month ]. 

(Note: Respondents with less than three months of usage experience were excluded from this study) 

 

4. Which version of ChatGPT are you currently using for your work? 

(1) ChatGPT-3.5 (Free version)         (2) ChatGPT-4.0 (Paid/Subscription version) 

 

5. On average, how many hours do you work per week? 

On average, I work approximately [ A ] hours and [ B ] minutes per week. 

 

6. On average, how many hours per week do you use ChatGPT for work-related purposes? 

On average, I use ChatGPT for work-related tasks for approximately [ C ] hours and [ D ] minutes per 

week. 

 

7. Please select your gender.    (1) Male     (2) Female 

 

8. In which year were you born? [      ] (Please enter your 4-digit birth year, e.g., 1990) 

 

9. How long have you been working at your current organization? 

 

10. I have been working at my current workplace for approximately [  ] years and [  ] months. 

(Note: Respondents with less than one year of tenure were excluded from this study) 

 
Please evaluate the extent to which you have experienced the feelings or thoughts described in the 

following items while performing your work over the past week. 

 

Positive and negative affectivity scale 
Strongly 

disagree 
disagree Neutral agree 

Strongly 

agree 

1. Enthusiastic 1 2 3 4 5 

2. Active 1 2 3 4 5 

3. Interested 1 2 3 4 5 

4. Irritable 1 2 3 4 5 

5. Upset 1 2 3 4 5 

6. Distressed 1 2 3 4 5 



 

 

Task crafting items 
Strongly 

disagree 
disagree Neutral agree 

Strongly 

agree 

1. I actively took on more tasks in my work. 1 2 3 4 5 

2. I added complexity to my tasks by changing their structure or 

sequence. 
1 2 3 4 5 

3. I changed my tasks so that they were more challenging. 1 2 3 4 5 

4. I increased the number of difficult decisions I made in my 

work. 
1 2 3 4 5 

 

Relational crafting items 
Strongly 

disagree 
disagree Neutral agree 

Strongly 

agree 

1. I actively sought to meet new people at work. 1 2 3 4 5 

2. I made efforts to get to know other people at work better. 1 2 3 4 5 

3. I sought to interact with other people at work, regardless of 

how well I knew them. 
1 2 3 4 5 

4. I tried to spend more time with numerous people at work. 1 2 3 4 5 

 

Cognitive crafting items 
Strongly 

disagree 
disagree Neutral agree 

Strongly 

agree 

1. I tried to think of my job as a whole rather than as separate 

tasks. 
1 2 3 4 5 

2. I thought about how my job contributed to the organization’s 

goals. 
1 2 3 4 5 

3. I thought about new ways of viewing my overall job. 1 2 3 4 5 

4. I thought about ways in which my job, as a whole, 

contributed to society. 
1 2 3 4 5 

 

Please check the box that best represents your level of agreement or disagreement with each of the 

following statements 

GenAI support items 
Strongly 

disagree 
disagree Neutral agree 

Strongly 

agree 

1. My GenAI (e.g., Chat GPT) assists me with heavy workload. 1 2 3 4 5 

2. My GenAI goes out of its way to help me with work-related 

problems. 
1 2 3 4 5 

3. My GenAI helps me out when things become demanding. 1 2 3 4 5 

4. My GenAI helps me when I am running behind in my work. 1 2 3 4 5 

5. My GenAI helps me with difficult assignments, even when I 

do not directly request assistance. 
1 2 3 4 5 

6. My GenAI show me where things are that I need to do my 

job. 
1 2 3 4 5 

 

Self-efficacy toward GenAI items 
Strongly 

disagree 
disagree Neutral agree 

Strongly 

agree 

1. I am fully capable of using GenAI.  1 2 3 4 5 

2. I am confident in my ability to use GenAI. 1 2 3 4 5 

3. Using GenAI is well within the scope of my abilities. 1 2 3 4 5 



4. I do not feel I am qualified for the task when using GenAI.  1 2 3 4 5 

5. My past experience increases my confidence that I will be 

able to use GenAI successfully. 
1 2 3 4 5 

Item 4 = Reversed coded. 

 


