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A B S T R A C T

Artificial intelligence (AI) is transforming work by reshaping how jobs are designed, experienced, and performed. 
This article reviews emerging evidence on the implications of AI adoption for job design from the perspective of 
Job Demands–Resources theory. We develop a conceptual framework that explains how AI adoption may alter 
the balance between job demands and job resources, and thereby influence both motivational and health- 
impairment processes. We further propose AI readiness resources (AI-R) – including personal resources, such 
as AI self-efficacy, and job resources, such as colleague support for AI – as important conditions that help explain 
when AI adoption is more likely to strengthen rather than undermine employee well-being and performance. 
Building on this framework, we formulate three guiding principles for future research. First, scholars should 
distinguish the level of AI adoption, namely top-down versus bottom-up adoption, from the type of AI use, 
namely automation versus augmentation, because these dimensions may have different job design implications. 
Second, researchers should differentiate AI-R resources at the personal and job levels, as they point to different 
mechanisms and intervention opportunities. Third, research should approach AI adoption as a dynamic process 
in which employee well-being, performance, and AI readiness may influence one another over time. The article 
concludes with an agenda for future research and practical directions for designing AI-enhanced jobs that are 
meaningful, motivating, and sustainable.

1. Introduction

Artificial intelligence (AI) has rapidly moved from research labora
tories into the fabric of everyday work life. Large language models, such 
as ChatGPT and Claude, now assist with writing, coding, and creative 
work. At the same time, predictive algorithms shape hiring, scheduling, 
and performance evaluation, while AI-enabled automation takes over 
routine administrative tasks (Parker & Grote, 2022; Raisch & Krakowski, 
2021). Across sectors, AI is changing how work is allocated, coordi
nated, and evaluated – with direct implications for the well-being and 
performance of employees and organizations at large (Y. Liu et al., 
2026).

AI holds the potential to foster more engaging and human-centered 
work, but it may equally undermine trust, psychological health, and 

sustainable employee functioning if its implications for job design are 
not carefully addressed (Demerouti, 2022; N. Jia et al., 2024; Wei et al., 
2026). To clarify when and how AI adoption benefits workers and or
ganizations, we need a theoretical framework that moves beyond the 
question of where AI can be adopted (e.g., in what tasks or job roles) to 
how this change impacts the content, organization, and experience of 
work (i.e., job design; Parker, 2014). Much of the current debate focuses 
on AI exposure: which jobs contain tasks that AI could perform or sup
port (e.g., Burn-Murdoch & O’Connor, 2026; Eloundou et al., 2024; 
Felten et al., 2021; McElheran et al., 2024). Yet, how these predictions 
will unfold is not only a question of AI exposure but also of job design.

To address the latter question, the present article reviews emerging 
literature on the impact of AI on job design through the lens of Job 
Demands–Resources (JD–R) theory (Bakker, Demerouti, & Sanz-Vergel, 
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2023; Demerouti & Bakker, 2023). Rooted in organizational psychology, 
JD–R theory conceptualizes AI adoption from a job design perspective, 
focusing on how technologies change the content and organization of 
tasks, relationships, and responsibilities (Parker, 2014). The theory 
posits that every job entails a dynamic interplay between demands – 
those aspects requiring sustained effort and associated with strain – and 
resources – those that facilitate goal attainment, foster development, 
and stimulate motivation (Demerouti et al., 2001). The balance between 
demands and resources determines whether work becomes a source of 
engagement or exhaustion.

Research on AI and job design is a moving target, as each AI 
advancement brings new technical possibilities for its use in the work
place (Stollberger et al., 2025). Prior reviews provided descriptive 
overviews of AI and job design (J. Jia et al., 2025), focused on specific 
types of job demands (e.g., cognitive job demands; Kulikowski, 2026), or 
specific types of workers (e.g., frontline service employees; Jooss et al., 
2026). We aim to develop an explanatory conceptual framework guided 
by the two central processes in JD-R theory: the motivational process 
and the health-impairment process. The motivational process states that 
individuals in resource-rich environments have the energy and moti
vation to build and sustain their work engagement through proactive 
behaviors (e.g., job crafting; Tims et al., 2012). In contrast, job demands 
instigate a health-impairment process that, if left unaddressed, can un
dermine employee well-being and performance (Bakker & de Vries, 
2021). We argue that AI adoption can impact both processes depend
ing on how it is implemented (top-down vs. bottom-up) and used 
(automation vs. augmentation-focused; Raisch & Krakowski, 2021). By 
making this distinction, we aim to bring more clarity to the evolving 
impact of AI on job design, offering a guiding framework that could help 
in understanding why AI instigates motivational processes in some cases 
and health-impairment in others.

It is unlikely that the impact of AI adoption is uniform, even when 
one considers how a given type of AI is implemented and used. In other 
words, there likely exist considerable individual and situational differ
ences in the impact of AI adoption on JD-R processes. Building on the 
insights of our review, as well as ideas from research on technology 
adoption and readiness (cf. Parasuraman, 2000; Venkatesh et al., 2016), 
we propose that the impact of AI adoption on JD–R processes is 
contingent on what we call AI-readiness resources or shortly AI–R 

resources. We further distinguish between AI–R job resources (e.g., 
organizational AI support; Quan et al., 2025) and AI–R personal re
sources (e.g., metacognitive skills; Sun et al., 2025). These resources 
constitute job and individual characteristics that enable employees to 
work effectively with AI, manage AI-related demands, and adapt to 
AI-induced changes in tasks, roles, and workflows, thereby supporting 
goal achievement, motivation, and development. Hence, we position 
AI-R resources as moderators that influence the extent to which 
AI-adoption instigates motivational and health-impairment processes.

Building on the most recent version of JD–R theory (Bakker & 
Demerouti, 2024; Bakker, Xanthopoulou, & Demerouti, 2023), we 
further propose that AI-R resources themselves are influenced by moti
vational and health-impairment processes (see Fig. 1). We propose a 
dynamic model explaining why some employees thrive whereas others 
fall behind as AI adoption increases. Employees in gain spirals, charac
terized by job resources, work engagement, and proactive behaviors, are 
more likely to develop AI-R personal resources, such as AI literacy, and 
to access AI-R job resources, such as developmental opportunities. By 
contrast, employees in loss spirals, characterized by high job demands, 
exhaustion, and self-undermining behaviors, may struggle to use or 
develop such resources. AI adoption may therefore create a cumulative 
advantage–disadvantage process: employees with strong job resources 
and AI readiness gain further autonomy, learning opportunities, and 
performance benefits, whereas those with fewer resources face 
increasing demands, reduced control, and declining well-being (cf., 
Hakanen et al., 2011). In doing so, we extend debates on AI-related 
inequality from the macro level (e.g., Karunakaran et al., 2025) to the 
micro level, explaining why workers may follow divergent trajectories 
even when their occupations are similarly exposed to AI.

We aim to make one principal theoretical contribution, supported by 
two further ones. Our central contribution is a dynamic model of AI 
readiness (Fig. 1) that explains why some employees thrive while others 
fall behind as AI adoption spreads. At its core is the concept of AI- 
readiness (AI-R) resources – job resources such as colleague support for AI 
and personal resources such as AI self-efficacy – which govern whether 
the adoption of a given AI tool feeds the motivational or the health- 
impairment process. Crucially, we do not treat these resources as 
static moderators. Building on the most recent version of JD-R theory, 
we propose that the two JD-R processes feed back onto AI-R resources: 

Fig. 1. A dynamic model of AI readiness (JD-R perspective).
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employees in a gain spiral of job resources, work engagement, and 
proactive behavior develop and gain access to further AI-R resources, 
whereas those in a loss spiral of job demands, exhaustion, and self- 
undermining see these resources erode. As Fig. 1 shows, these recur
sive loops turn small initial differences into diverging trajectories – a 
cumulative advantage–disadvantage process that helps explain why 
workers in similarly AI-exposed occupations can nonetheless end up far 
apart. To our knowledge, this is the first model to treat AI readiness not 
as a stable trait but as an evolving resource influenced by the very work 
processes it helps set in motion, and we specify how its feedback loops 
can be tested in longitudinal research.

This dynamic model of AI readiness rests on a broader JD–R frame
work for organizing the fast-moving and still-fragmented evidence on 
how AI affects job design, well-being, and performance. Rather than 
drawing premature conclusions, we specify when AI is likely to activate 
motivational versus health-impairment processes, distinguishing the 
level of adoption (top-down vs. bottom-up) from the type of use (auto
mation vs. augmentation). As the input side of Fig. 1 makes explicit, 
these two dimensions characterize the AI adoption that enters the 
model, and they yield testable propositions for future systematic reviews 
and meta-analyses – for example, whether the impact of adoption differs 
by its level or its type.

Finally, the model extends outward to practice and policy. By dis
tinguishing AI-R job resources from AI-R personal resources, we identify 
two complementary levers for AI-readiness interventions – a distinction 
that will only grow in importance as tools evolve from generative to 
agentic AI. The framework can thus serve as a basis for theory-based 
intervention research on AI adoption and job design (Demerouti et al., 
2025). Because structural, job-based resources can be addressed at the 
organizational and policy level, our model also offers a starting point for 
countering the inequalities that uneven AI readiness may otherwise 
entrench – an important contribution to practice and policy.

In what follows, we first introduce readers to the basics of JD-R 
theory, outlining its core propositions (Bakker, Demerouti, & 
Sanz-Vergel, 2023; Demerouti & Bakker, 2023). Subsequently, we pre
sent a narrative review of the impact of AI adoption on job design and 
introduce the concept of AI readiness resources. Finally, we develop a 
dynamic model that explains: (1) how AI adoption translates into 
motivational or health-impairment processes contingent on AI readiness 
resources, and (2) how these JD-R processes, in turn, influence AI 
readiness by influencing the extent to which employees make use of and 
develop AI readiness resources. Finally, we discuss the implications of 
this framework for future research and practical AI readiness 
interventions.

2. Job Demands–Resources theory

The Job Demands–Resources theory (Bakker, Demerouti, & 
Sanz-Vergel, 2023; Demerouti & Bakker, 2023) provides a powerful 
yet flexible lens for understanding how the design of work influences 
employees’ motivation, well-being, and performance. Unlike classic job 
design models that assume a fixed set of motivating job characteristics 
(e.g., Hackman & Oldham, 1976), JD-R theory starts from the premise 
that every job – regardless of sector, organization, or level – can be un
derstood in terms of its unique configuration of job demands and job 
resources.

Job demands are those aspects of the job that require sustained 
physical, emotional, or cognitive effort and are therefore associated with 
certain costs (Demerouti et al., 2001). These can include workload, 
emotionally demanding client interactions, complex problem-solving, or 
constraints imposed by rigid and inflexible AI systems. In contrast, job 
resources are physical, psychological, social, or organizational elements 
of the job that help achieve goals, reduce demands, or stimulate growth 
– such as autonomy, supportive leadership, skill variety, or access to 
well-designed digital tools. JD-R theory's first proposition is that de
mands and resources are context-dependent and must be studied 

considering specific occupational realities (Bakker & Demerouti, 2024).
The second proposition of JD-R theory is that job demands and re

sources trigger two distinct psychological processes. Job demands, when 
they become excessive or chronic, deplete employees’ energy and lead 
to strain – a dynamic known as the health impairment process (Demerouti 
et al., 2001; Schaufeli et al., 2009). For instance, a customer service 
agent continuously monitored by AI-driven performance systems may 
experience constant pressure to respond faster and maintain a positive 
tone during interactions with clients, leaving little room for recovery 
and eventually leading to fatigue or even burnout.

On the other hand, job resources drive motivation and engagement 
through the motivational process, especially when they satisfy basic 
psychological needs for autonomy, competence, and relatedness (Van 
den Broeck et al., 2008). A designer with creative freedom and regular 
feedback may feel energized and fulfilled – even on challenging days. 
Job resources motivate employees to reach work-related goals and 
facilitate persistence and performance (Kovjanic et al., 2013; Lesener 
et al., 2019).

Building on the distinction between the health impairment and 
motivational processes, the theory's third proposition introduces an 
important dynamic interaction: the interplay between job demands and 
job resources. Through the buffering effect, job resources can alleviate the 
unfavorable impact of high job demands on strain. For example, strong 
peer support can make a heavy workload or emotionally demanding 
interactions feel more manageable (Bakker et al., 2005; 
Lavoie-Tremblay et al., 2014). Conversely, through the boosting effect, 
job resources become especially potent in combination with demands, 
such as under pressure (e.g., Hakanen et al., 2005). A deadline may feel 
invigorating instead of overwhelming when paired with role clarity and 
recognition. Importantly, these dynamics do not just unfold over months 
or years. Daily diary studies (e.g., Breevaart & Bakker, 2018; Tadić et al., 
2015) suggest that the synchrony between daily demands and resources 
is crucial. Namely, it is on these short time scales that well-being and 
performance often rise or fall.

JD-R theory also highlights the role of the individual. Propositions 
four and five bring personal resources into focus – positive self-beliefs 
such as optimism, resilience, and self-efficacy (Bakker, Xanthopoulou, 
& Demerouti, 2023). These resources not only help buffer the impact 
of demands (Bajaba et al., 2022) but also build a bridge to more job 
resources (Xanthopoulou et al., 2009). Employees who feel capable are 
more likely to seek feedback, connect with colleagues, and reframe 
stressors. For example, in a study among nurses, those high in optimism 
and self-efficacy experienced emotionally demanding shifts as more 
meaningful and engaging (Bakker & Sanz-Vergel, 2013), while others 
felt overwhelmed and drained.

The sixth proposition of JD-R theory emphasizes employee agency: 
individuals are not passive recipients of job design. Through job craft
ing, employees proactively modify their job demands and job resources 
to achieve a better fit between their work and their needs, abilities, and 
strengths (Tims & Bakker, 2010; Wrzesniewski & Dutton, 2001). A 
developer might reconfigure their day to include more coding and less 
admin, while a teacher may seek new learning materials to keep lessons 
fresh. Even small, daily acts of crafting – like asking for input, blocking 
time for focused work, or reframing a repetitive task – have been shown 
to enhance daily well-being and engagement (Demerouti & Bakker, 
2024; Oprea et al., 2019; Petrou et al., 2012).

Finally, Proposition 7 draws attention to a critical risk: self- 
undermining. When job demands remain high and recovery is insuffi
cient, strain may accumulate and gradually become chronic, increasing 
the likelihood of maladaptive feedback loops (Bakker & de Vries, 2021). 
Under such conditions, employees do not simply suffer from high de
mands; they may also, often unintentionally, contribute to the persis
tence of those demands. Exhausted or distracted employees may miss 
deadlines, communicate less clearly, make avoidable mistakes, or 
withdraw from colleagues precisely when support is most needed 
(Bakker & Wang, 2020). These behaviors can make work even more 
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demanding and further reduce access to resources, thereby deepening 
the loss spiral rather than breaking it (Bakker & de Vries, 2021). For 
example, an employee under intense pressure may avoid asking for help, 
leading to errors that increase their workload and stress in the long run. 
Indeed, in a daily diary study, Roczniewska and Bakker (2021) found 
that nurses who started their workday depleted were less likely to pro
actively craft their job to increase resources and more likely to show 
self-undermining behaviors, ultimately leading to impaired daily 
performance.

Taken together, JD-R theory provides a dynamic, empirically 
grounded framework for understanding how job conditions, personal 
resources, and daily behaviors interact. It explains not only why some 
employees thrive while others struggle, but also how individuals, teams, 
and organizations can actively design for well-being and performance. 
This design orientation is particularly consequential in AI-infused 
workplaces, where technologies continuously reconfigure tasks, redis
tribute responsibilities, and recalibrate the balance between demands 
and resources.

3. Artificial intelligence and job design

Having outlined the core propositions of JD–R theory, we now 
examine how artificial intelligence is reshaping contemporary job 
design. We begin by analyzing how AI adoption reconfigures job de
mands and job resources. Next, we introduce the automa
tion–augmentation framework (cf. Raisch & Krakowski, 2021) as a 
conceptual lens to differentiate how AI is deployed and experienced in 
organizations. We then consider the moderating role of AI-R resources at 
both job and personal levels. Finally, we develop a dynamic model of AI 
adoption and AI readiness. For each section, we conclude by proposing 
guiding recommendations to advance theoretically rigorous research on 
AI, JD–R processes, and job design more broadly. Fig. 1 presents our 
conceptual model of how AI reshapes job design and, in turn, influences 
employee functioning.

We conducted an initial Web of Science search in December 2025 for 
articles explicitly referring to both AI and JD–R theory, which yielded 90 
records. Because relevant research on AI and work does not always 
explicitly invoke JD–R theory, we supplemented this search by 
screening the reference lists of influential reviews on AI in organiza
tional behavior (e.g., Bankins et al., 2024), conducting forward citation 
searches, and performing additional keyword searches for studies rele
vant to the JD–R framework. The resulting literature was synthesized 
narratively, using JD–R theory as the organizing framework.

3.1. Impact of AI adoption on job demands and resources

In drawing initial conclusions on how AI adoption impacts job de
mands and job resources, it is important to keep the level of adoption in 
mind. By level of adoption, we mean whether AI is implemented by 
employees on their own discretion (bottom-up; Fong et al., 2025) rather 
than mandated by management or embedded in algorithmic systems 
(top-down; Parent-Rocheleau & Parker, 2022). In the case of bottom-up 
adoption, employees have more control over how and when they use 
AI to complete their work activities.

When AI is implemented top-down, it can vary in how directional the 
influence is between the technology and the employee. At one end, AI 
becomes part of a more bilateral work process, where employees actively 
engage with an AI system and the output is determined through iterative 
input, judgement, and adjustment. For instance, a financial analyst may 
be required to work with an AI agent to generate, test, and refine an 
analysis, making human–AI interaction an explicit element of the job's 
task execution. Similarly, contexts in which manufacturing employees 
(Goštautaitė et al., 2024) or warehouse workers (Berkers et al., 2023) 
coordinate their actions with intelligent robots reflect top-down adop
tion where influence is comparatively more reciprocal because em
ployees must continuously respond to (and sometimes correct) the 

system.
At the other end, top-down adoption can be largely unilateral, in that 

AI influences the parameters of work without inviting meaningful 
interaction – employees mainly experience its consequences rather than 
collaborating with it. Here, AI is embedded in organizational in
frastructures that allocate work, optimize schedules, or set performance 
targets, with employees primarily on the receiving end and not neces
sarily aware that AI is driving these decisions (Röttgen et al., 2024). For 
example, in healthcare or retail, AI-enabled forecasting and optimiza
tion tools may determine staffing levels, shift timing, workload distri
bution, and productivity expectations, influencing pace and autonomy 
even when frontline employees never “use” AI directly in carrying out 
core tasks.

In what follows, we review how AI adoption changes job demands 
and job resources considering existing research. We identify four path
ways through which AI alters the JD–R system: it can increase or 
decrease job demands, and it can increase or decrease job resources (cf. 
Wei et al., 2026). Table 1 illustrates these pathways across diverse roles. 
For example, customer service agents may face more cognitively com
plex escalations, and physicians may carry greater diagnostic account
ability, while administrative and warehouse workers may experience 
reduced workload through automation. At the same time, engineers and 
marketers can use AI to expand skill utilization and improve decision 
quality, whereas retail and gig workers may encounter diminished au
tonomy and social support under algorithmic management.

3.1.1. Increasing job demands
AI adoption can introduce new cognitive, emotional, and account

ability pressures that make work more demanding. Interactions with AI 
agents may increase experiences of technostress, defined as the efforts 

and energy devoted to coping with new (digital) technologies (Ayyagari 

Table 1 
AI impact on job design.

AI Impact Job Role Example

Increasing Job 
Demands

Customer Service Employees handle only escalated issues 
unresolved by AI chatbots, increasing 
cognitive and emotional complexity.

Healthcare Doctors face pressure to interpret AI 
diagnostics and remain accountable for 
clinical decisions.

Decreasing Job 
Demands

Administrative 
Support

AI automates scheduling and data entry, 
reducing workload and freeing up 
cognitive capacity.

Warehouse 
Operations

Robotic automation reduces physical 
strain by taking over heavy lifting and 
repetitive tasks.

Increasing Job 
Resources

Software 
Engineering

Engineers use tools like GitHub Copilot 
for real-time coding support, enhancing 
autonomy and skill development.

Marketing Marketers leverage AI analytics for data- 
driven decisions, improving strategic 
focus and effectiveness.

Decreasing Job 
Resources

Retail Social interaction diminishes as AI self- 
checkouts replace cashier roles, reducing 
peer support and collaboration.

Gig Work Algorithmic control in ride-share 
platforms limits flexibility and worker 
autonomy, diminishing perceived control.
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et al., 2011). Technostress1 has multiple dimensions, including over
load, invasion, complexity, uncertainty, and insecurity (Tarafdar et al., 
2007). In a three-wave study among Taiwanese workers from diverse 
sectors, AI technostress related positively to exhaustion – indirectly 
resulting in higher work-family conflict (Chuang et al., 2025). Zooming 
in on the privacy invasion aspect, Verma and Singh (2024) found in a 
cross-sectional study of teleworkers that concerns about privacy inva
sion correlated positively with AI-induced overload, as well as reduced 
teleworking productivity. The invading nature of AI technology has also 
been documented in research on algorithmic management, demon
strating that algorithmic monitoring can make work more demanding 
for platform workers such as food delivery riders (e.g., Lippert et al., 
2023; Scharp, Ter Hoeven et al., 2022).

Another mechanism through which AI adoption can make work more 
effortful is what we refer to as job demand substitution. We define job 
demand substitution as situations where AI or other intelligent systems 
take over certain work tasks (e.g., routinized activities), while the freed- 
up work time is filled with other, potentially more demanding work. 
This has been observed, for instance, in warehouse settings where 
workers had to pick up “left-over tasks” that could not be handled by an 
intelligent robot (Berkers et al., 2023). Job demand substitution effects 
can also be expected based on recent patterns in job vacancy data. 
Analyzing 12 million job vacancy postings, Mäkelä et al. (2024) noted 
that as AI adoption grows, job vacancies increasingly mention comple
mentary human skills such as agility, teamwork, or resilience. However, 
whether requirements for higher-level skills translate into improved job 
quality often depends on other organizational characteristics. For 
example, Bienefeld et al. (2025) observed that AI may allow nurses to 
engage in more complex problem-solving skills to diagnose patient 
needs. Yet this potential shift toward more advanced skill use was 
constrained by the hierarchical structure of healthcare teams, which 
limited nurses’ opportunity to work on more intellectually stimulating 
tasks.

The growing adoption of AI threatens many professions and can 
heighten employees’ perceptions of job insecurity. Within the JD-R 
framework, AI-related job insecurity functions as a job demand that 
undermines well-being and performance. In a three-wave study of Chi
nese employees, Wu et al. (2024) showed that AI-induced job insecurity 
at Time 1 predicted lower informal learning, creativity, and psycho
logical well-being at Time 3, with tech-learning anxiety at Time 2 
mediating these effects. Perceptions of AI-related job insecurity are also 
socially determined. For example, Y. Zhou and Lyu (2025) found that 
employees reported greater insecurity when they believed their leaders 
feared job loss due to AI. Taken together, these findings suggest that AI 
adoption not only introduces new demands, such as technostress and 
learning anxiety, but can also intensify existing demands by amplifying 
uncertainty about roles, careers, and labor market prospects.

3.1.2. Decreasing job demands
AI adoption can potentially also reduce job demands and, thereby, 

lower work-related exhaustion (Demerouti et al., 2001). Employees can 
partially offload cognitively demanding activities (e.g., drafting, sum
marizing, and idea generation) to conversational AI agents such as 
ChatGPT. This has the potential to make work less demanding in various 
occupations. Teachers have reported workload reductions from 
AI-assistance in activities such as lesson planning or the development of 

course materials (Ghamrawi et al., 2024). In healthcare, AI systems can 
help with reducing administrative burdens and mentally demanding 
diagnostic work (Bienefeld et al., 2025). In software development, the 
adoption of GitHub Copilot has been found to accelerate coding per
formance, with stronger benefits observed among less experienced de
velopers (F. Xu et al., 2026).

The reduction in job demands, however, is neither uniform nor un
equivocally beneficial. Rather than eliminating demands, AI often re
distributes them. Xu et al. (2026) showed that although junior 
developers coded faster with GitHub Copilot, senior developers experi
enced higher workloads. After adoption, senior developers spent 6.5% 
more time reviewing code and became less productive in their own 
programming. Efficiency gains at one level thus translated into inten
sified evaluative demands at another, illustrating a shift of demands 
between roles. A similar substitution dynamic can occur within in
dividuals. Jia et al. (2024) found that sales agents who delegated re
petitive tasks to AI reallocated their effort to creative persuasion. 
Routine demands declined, but cognitive and emotional demands 
increased (i.e., job demand substitution). Consequently, AI-driven re
ductions in job demands should be understood not as simple relief, but 
as a reconfiguration of the demand structure.

When AI is integrated with physical technology, such as intelligent 
robots, its adoption can also lead to a reconfiguration of cognitive and 
physical demands. Intelligent robots have long been associated with 
industrial production and factory settings, where they primarily 
replaced physically strenuous, repetitive, and hazardous tasks (Ulfert 
et al., 2024). More recently, such robots can also be found in service 
settings. The effects on job demands not only depend on the technical 
functionalities of robots, but also on employees’ psychological reactions 
to them (J. Y. Bai et al., 2025). Counterintuitively, technical malfunc
tions can elicit positive psychological responses. In interviews reported 
by Goštautaitė et al. (2024), manufacturing workers described playfully 
“outsmarting” malfunctioning robots, which enhanced their sense of 
work meaningfulness. Rather than experiencing breakdowns solely as 
hindrances, they reframed them as challenges. This suggests that 
employee well-being depends less on whether intelligent systems in
crease or reduce job demands, and more on how workers interpret and 
optimize these changing demands (cf. Scharp et al., 2021).

3.1.3. Increasing job resources
We now turn to the question of how AI adoption may impact job 

resources. By mimicking human reasoning and decision-making pro
cesses, AI-based systems have the potential to augment employees' 
cognitive job resources. Cognitive job resources refer to the information 
and knowledge needed to complete job tasks, as well as opportunities for 
switching between complex and simple tasks (de Jonge et al., 2012). The 
benefits of AI use for augmenting cognitive resources have been 
demonstrated by Sun et al. (2025) in a quasi-experimental field study 
among technology consultants in China. They found that the introduc
tion of AI-assistance (access to LLM's such as ChatGPT) translated into 
higher levels of cognitive resources, which indirectly predicted higher 
supervisor ratings of employee creativity. These benefits were stronger 
among employees who possessed higher levels of meta-cognitive skills. 
Meta-cognitive skills refer to the ability to reassess and monitor one's 
approach to work tasks (P. Chen et al., 2020). By simplifying work 
procedures, AI-based systems may have similar effects among opera
tional employees in manufacturing (Goštautaitė et al., 2024) or ware
house settings (Berkers et al., 2023).

Beyond extending human workers’ cognitive resources, AI-based 
systems can function as a source of feedback. Through an experiment 
among call center agents of a financial service company, Tong et al. 
(2021) demonstrated that AI-based performance feedback led to 
higher employee performance because it increased the breadth of 
feedback-relevant information and stimulated a higher number of 
error-corrections among employees. Crucially, however, the positive 
effects of AI-based feedback diminished once employees were informed 

1 Technostress is treated here as a job demand because its commonly used 
facets (e.g., techno-overload, techno-complexity, techno-invasion, techno-un
certainty) describe taxing conditions that add to employees' load and effort 
requirements. At the same time, consistent with the construct's original defi
nition as a stress response to technology-related stressors, technostress can also 
be conceptualized as a strain reaction that mediates the effects of such demands 
(i.e., technology stressors → technostress → well-being/performance 
outcomes).
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that the feedback was generated by an AI system rather than a human 
manager. Research from educational psychology also supports the idea 
that AI-enabled feedback can stimulate learning (e.g., Bauer et al., 
2025). It is possible that the benefits of AI-enabled feedback may not 
only be due to higher feedback breadth or feedback depth, but also 
higher feedback immediacy. For example, AI-enabled feedback can 
facilitate more rapid behavioral adjustment compared to (delayed) 
human feedback.

While considerable evidence demonstrates the benefits of AI adop
tion for cognitive job resources and task feedback, its effects on job 
autonomy are more complex. In a sample of employees from multiple 
manufacturing companies in China, self-reported AI usage was posi
tively associated with perceived job autonomy and self-reported inno
vative work behavior (Zheng et al., 2025). Benefits of bottom-up AI 
adoption on perceived autonomy were stronger among employees with 
a promotion-oriented regulatory focus (i.e., individuals who focus on 
gains rather than losses). In contrast, Giering and Kirchner (2025)
concluded that the “association between AI and autonomy is merely 
superficial and cannot be properly evaluated without considering 
workplace preconditions” (p. 1). Using a sample of more than 11,000 
German workers, they observed that the association between AI use and 
job autonomy disappeared after controlling for other digital workplace 
characteristics (e.g., access to computers and digital software). Likewise, 
top-down implemented algorithmic management is associated with 
reduced autonomy (Parent-Rocheleau et al., 2024). This illustrates the 
importance of considering the level of AI adoption (top-down vs. 
bottom-up) in research on the impact of AI on job resources (see Fig. 1).

3.1.4. Decreasing job resources
The aforementioned studies on AI use and autonomy already suggest 

that AI adoption may not only increase but also decrease key job re
sources. Drawing from action regulation theory, Röttgen and colleagues 
(2024) developed a theoretical model of how algorithmic management 
reduces job resources by undermining task completeness. In action 
regulation theory (Hacker, 2003), task completeness refers to the extent 
to which a job comprises all phases of goal-directed action, including 
goal setting, planning, and execution. When task completeness is high, 
workers are more likely to experience their job as coherent and mean
ingful (Frese & Zapf, 1994; Mustapha & Rau, 2024). It is possible that 
top-down implemented AI systems can undermine the completeness of 
action-regulation sequences, thereby reducing job resources such as 
autonomy and opportunities for development (Ohly et al., 2025). For 
example, in a sample of gig economy workers, Parent-Rocheleau et al. 
(2024) found that exposure to algorithmic management was negatively 
associated with work engagement due to reduced job autonomy and 
lower job complexity. Erosion of task completeness may also occur in the 
context of bottom-up AI adoption, due to increasing interruptions and 
the loss of meaningful task sequences (Simkute et al., 2024).

Similar concerns about the negative effects of AI adoption on job 
resources have been raised by research conducted in the healthcare 
sector. For instance, AI technology has been observed to pose a threat to 
the expertise of professionals such as radiologists (Perez et al., 2024). In 
radiology, AI systems are increasingly being used to analyze medical 
images and provide preliminary diagnoses, which can reduce workers’ 
involvement in the diagnostic process (Budzyń et al., 2025). Concerns 
about reduced skill development due to AI technologies have also been 
raised in other medical professions, such as pharmacy (Zawiah et al., 
2023) and nursing (Ramadan et al., 2024). Negative effects on task 
variety have also been found in warehouse settings, where meaningful 
tasks have been taken over by robots (Berkers et al., 2023). Research 
from educational psychology echoes concerns about the negative impact 
of interactions with AI chatbots on (student) learning and development 
(Bauer et al., 2025). Together, this suggests that AI adoption can 
diminish learning resources that are inherent to complex work activities 
in various sectors.

Related to the potential loss of meaningful learning opportunities, 

interactions with AI agents can also lead to a loss of interpersonal con
nections. In a series of four studies among workers from different regions 
(USA, Malaysia, Taiwan, and Indonesia), Tang et al. (2023) found that 
more frequent interactions with AI agents were associated with 
increased loneliness and a heightened need for affiliation. This suggests 
that AI use can reduce individuals’ social resources. Using a daily diary 
design, Hai et al. (2025) found that on days when employees interacted 
more extensively with AI agents, they reported higher levels of work 
alienation. This effect was more pronounced among employees who 
experienced high levels of digital job demands. Hence, excessive reli
ance on AI and other digital tools can dismantle the social fabric of work 
that makes jobs motivating. Taken together, these studies suggest that AI 
adoption can also lead to an erosion of job resources such as autonomy, 
opportunities for skill development, or social resources (e.g., support, 
feedback).

3.1.5. The automation-augmentation framework
These mixed findings suggest that AI effects depend on both who 

initiates adoption and how the technology is used. We therefore 
distinguish the level of adoption (i.e., top-down versus bottom-up) from 
the type of use (i.e., automation versus augmentation). Whereas top- 
down systems such as algorithmic management may reduce autonomy 
and job quality, bottom-up use may give employees more discretion over 
how AI enters their work. Similarly, automation shifts tasks from 
humans to technology, whereas augmentation involves closer human–AI 
collaboration. Drawing from Raisch and Krakowski (2021), 
automation-oriented forms of adopting AI would imply that technology 
largely takes on tasks with limited involvement by humans. 
Augmentation-oriented forms, in contrast, imply close interactions be
tween humans and technology. We expect that these two prototypical 
forms of adopting AI may have vastly different psychological effects (see 
Table 2). Our recommendation for future research on AI adoption and 
job design is to clearly distinguish between the level and type of AI 
adoption. Doing so will enable a more nuanced understanding regarding 
the heterogeneous effects of AI adoption on job demands and job 
resources.

Guiding Principle 1: In studying the impact of AI adoption on job 
demands and job resources, researchers should distinguish between the 
level of adoption (top-down vs. bottom-up) and the type of adoption 
(automation vs. augmentation).

3.2. AI readiness resources

AI adoption does not affect all employees in the same way: some 
thrive, whereas others experience stress, resistance, or disengagement 
(Bankins et al., 2024). We use the term AI-readiness resources (AI-R 
resources) to explain this variability (see Fig. 1). AI-R resources are job 
and personal characteristics that help employees work effectively with 
AI, manage AI-related demands, and adapt to AI-driven changes in tasks, 
roles, and workflows. Building on JD–R theory, we differentiate between 
AI-R job resources and AI-R personal resources. While the former refers 

Table 2 
A typology for research on AI adoption and JD-R theory.

Automation-oriented Augmentation-oriented

Top-down 
adoption 

Organizationally mandated use 
of AI or intelligent machines to 
take over routine or repetitive 
tasks with minimal human 
involvement.

Organizationally mandated use 
of AI or intelligent machines to 
support human decision-making 
or assist in complex tasks 
through close human-AI 
collaboration.

Bottom-up 
adoption 

Self-initiated use of AI tools or 
intelligent machines to offload 
repetitive or burdensome tasks, 
streamline workflows, and 
reduce personal workload.

Self-initiated use of AI tools or 
intelligent machines to co-create 
outputs, augment human skills, 
and collaboratively perform 
knowledge-intensive or 
otherwise complex tasks.
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to aspects of the job that enable employees to effectively work with AI 
(e.g., autonomy), the latter refers to personal characteristics that aid 
with the use and learning regarding AI tools (e.g., openness to 
experience).

3.2.1. AI-readiness job resources
According to JD-R theory (Bakker, Demerouti, & Sanz-Vergel, 2023), 

job resources help employees manage job demands. In the context of AI 
adoption, such resources enable employees to use AI effectively, cope 
with AI-related demands, and recognize opportunities created by 
AI-enabled changes in work. We refer to these as AI-readiness job re
sources. They include supportive leaders, colleagues, and organizations 
(Radic et al., 2025; Suseno et al., 2022). They also include learning and 
development infrastructures, such as AI-specific training (Rožman et al., 
2023). Shown in Fig. 1, we position AI-R job resources as moderators 
that influence the extent to which AI adoption translates into motiva
tional rather than health-impairment processes (Liang et al., 2022; Mo 
et al., 2024; Xie & Ma, 2026).

While AI adoption may increase uncertainty, complexity, or work
load, AI-readiness job resources can protect employees from these 
health-impairing effects by helping them understand, manage, and 
integrate AI into their work. At the task level, relevant resources include 
human decision control over AI outputs, transparent and understand
able AI recommendations, task–AI fit, and the preservation of core task 
characteristics such as autonomy, task identity, skill use, and meaningful 
human judgment. These resources allow employees to experience AI as a 
support for task accomplishment rather than as a replacement of their 
expertise. For example, research on human–AI collaboration suggests 
that decision control strengthens trust, understanding, and compliance 
with AI recommendations (Westphal et al., 2023), whereas high sub
stitution of core task characteristics can weaken the motivational ben
efits of AI use and increase work alienation (Hai et al., 2025).

At the team level, AI-R job resources include shared norms for 
responsible AI use, psychological safety, clear allocation of re
sponsibility between human and AI agents, and communication routines 
that enable teams to scrutinize AI outputs (Arslan et al., 2022). At the 
leadership level, constructive leadership is especially important (cf. 
Pletzer et al., 2024). Coaching leadership (J. Jeong et al., 2024), 
empowering leadership (S. Zhou et al., 2024), and servant leadership 
(Mo et al., 2025) have been found to attenuate health impairment pro
cesses instigated by AI adoption (Kim et al., 2025; Moin & Zhang, 2025). 
Additionally, organizational AI support has been shown to attenuate the 
relationship between AI-induced job insecurity and turnover intentions 
(J. Li et al., 2019). Similarly, Yin et al. (2024) demonstrated that in the 
absence of AI-R job resources, the perceived intelligence of AI assistants 
elicited fear of replacement. However, the availability of AI-R job re
sources buffered this effect (Kim & Lee, 2025).

Beyond attenuating health-impairment processes, AI-R job resources 
may also strengthen motivational processes (i.e., a boosting effect). Quan 
et al. (2025) showed that when organizational AI support was higher, AI 
adoption was indirectly associated with higher performance ratings 
through increased vigor. This suggests that AI-R job resources determine 
whether AI functions as a motivational asset or a motivational liability. 
Likewise, among nurses, Li et al. (2024) found that the indirect, positive 
association between AI implementation and innovation behaviors via AI 
self-efficacy was boosted in the presence of an ethical organizational 
climate. Similarly, Xiao et al. (2025) found that AI-enabled HR analytics 
only instigated the motivational process, promoting resilience through 
job crafting, when the HRM system strength was higher. This means that 
AI adoption benefits primarily arise when there is a shared perception of 
effective practices (Bowen & Ostroff, 2004). Digital resources embedded 
in digitally supportive organizational cultures have likewise been shown 
to buffer against burnout and enhance mental well-being (Y. Li et al., 
2025). Further emphasizing the role of shared perceptions, Qi et al. 
(2025) found that the positive indirect associations between the use of 
generative AI with performance and innovation were amplified among 

employees working in a more innovative culture. Taken together, this 
suggests that AI-R job resources can both boost motivational processes 
and buffer health-impairment processes elicited by AI adoption.

3.2.2. AI-readiness personal resources
In line with JD-R theory's conceptualization of personal resources as 

positive self-evaluations that help individuals to exert control over their 
work environment (Hobfoll et al., 2003; Xanthopoulou et al., 2009), 
AI-R personal resources refer to individual characteristics that enable 
employees to adapt to, engage with, and derive value from AI in the 
workplace. Key examples include AI self-efficacy – the belief in one's 
capability to effectively use AI tools (Chuang et al., 2025) – along with 
digital literacy, which encompasses the knowledge and skills required to 
navigate, interpret, and integrate AI technologies into daily tasks (Ding 
et al., 2025). From an information systems and user acceptance 
perspective, personal innovativeness with IT can also be considered an 
AI-R personal resource, capturing individual differences in willingness 
to experiment with and adopt new technologies, and thereby helping to 
connect JD–R research on AI to adjacent IS traditions (Jackson et al., 
2013). Moreover, task expertise, domain experience, and a learning 
goal orientation can facilitate the accurate interpretation of complex 
AI-generated outputs (Allen & Choudhury, 2022; Küper & Krämer, 
2025). In addition, personality traits such as openness to experience 
(McCrae & Costa, 1997) promote curiosity, cognitive flexibility, exper
imentation with AI, and more positive attitudes toward its use (Grassini 
et al., 2025). Together, these AI-R personal resources equip individuals 
to better deal with or benefit more from AI adoption (see Fig. 1; Wu 
et al., 2025; S. Zheng et al., 2025).

Several studies illustrate how AI-R personal resources attenuate the 
negative consequences of AI adoption (buffering effect). For instance, in a 
daily study among call center representatives, when employees used 
augmentation-based AI, they had difficulty detaching from work in the 
evening because they experienced more information overload (Shao 
et al., 2025). Yet, this process was weaker for individuals who were 
more open to experience (see also Xu et al., 2025). Likewise, in a 
time-separated study, Kim and Lee (2024) demonstrated that AI adop
tion only promoted burnout by increasing job stress for individuals who 
lacked self-efficacy (see also, X. Kong et al., 2026; Zhao, 2025). Similar 
buffering effects have been observed for workplace mindfulness (X. 
Zheng et al., 2023), defined as the ability to maintain nonjudgemental 
awareness of one's internal experiences and the work environment. In a 
three-wave lagged survey study, Wu et al. (2024) found that for mindful 
individuals, the association of job insecurity (resulting from AI adop
tion) with AI learning anxiety was weaker. One explanation is that the 
integration of AI into work elicits less hindrance appraisals among more 
mindful individuals (Huang & Gursoy, 2024).

AI-R personal resources do more than buffering the health- 
impairment process. They can also amplify the benefits of AI adop
tion. When individuals are equipped to engage constructively with AI, 
they are more likely to experience growth, learning, and motivation (H. 
Kong et al., 2024). For instance, Sha and Chai (2025) studied employees 
in organizations undergoing digital AI transformation – the process of 
adopting AI. They found that while AI adoption increased job crafting, 
this effect was stronger among individuals with more extensive AI 
knowledge. Similarly, the use of AI has been found to increase 
self-efficacy more for learning goal-oriented individuals (Han et al., 
2025). An experiment and field study also revealed that using genera
tive AI boosted creativity by increasing cognitive job resources, but only 
for individuals with high metacognitive skills (Sun et al., 2025). Bai and 
Wang (2025) found a comparable effect among university students. The 
learning and motivational benefits of using generative AI were greater 
among those with greater creative thinking ability. Thus, individuals 
who possess a variety of AI-R personal resources are expected to benefit 
more from AI adoption.

We recommend future research to investigate the role of AI-R re
sources, and to distinguish job from personal AI-R resources. This 

A.B. Bakker et al.                                                                                                                                                                                                                               Technology in Society 89 (2026) 103533 

7 



distinction matters theoretically because job and personal resources may 
operate in different ways. Job-related AI-readiness resources may 
reduce uncertainty and prevent AI from becoming an additional de
mand. For example, when employees receive clear guidance, training, 
and managerial support, AI is less likely to be experienced as threatening 
or uncontrollable. Personal AI-readiness resources, by contrast, may 
determine whether employees feel capable of exploring AI, learning 
from mistakes, and integrating this new technology into their daily 
work. Employees with high AI self-efficacy and digital literacy may be 
more likely to see AI as a tool for learning and performance improve
ment rather than as a source of strain.

This distinction can also guide intervention design. When low 
readiness stems from the work environment, organizations should 
improve training, communication, participation, technical support, and 
opportunities for experimenting with AI. When it stems from personal 
resources, interventions should build skills, confidence, and learning 
orientation. In practice, both levels are likely needed: AI training has 
limited value without time, autonomy, and support to apply it, while a 
supportive implementation climate may not be enough when employees 
lack basic digital skills or confidence. Based on these considerations, we 
propose:

Guiding Principle 2: In studying the impact of AI adoption on 
employee well-being and performance, researchers should explicitly 
account for AI-R resources and distinguish between AI-R job resources 
and AI-R personal resources, as both determine whether AI adoption 
triggers health-impairment or motivational processes.

3.3. A dynamic model of AI readiness

As shown in Fig. 1, AI adoption changes job design by altering both 
job demands and job resources. AI may reduce some demands by, for 
instance, automating repetitive or cognitive effortful tasks while 
increasing resources such as access to information. Yet, the same tech
nology may also introduce new job demands, including an accelerated 
work pace and uncertainty about changing role expectations (Tarafdar 
et al., 2007; Wu et al., 2024) while deteriorating job resources such as 
reduces autonomy, task completeness, meaningful human contact, or 
opportunities for skill use (Parent-Rocheleau et al., 2024; Tang et al., 
2023). We therefore argue that AI adoption does not produce one uni
form JD–R process. Its consequences depend on AI-readiness resources. 
When these resources are present, AI is more likely to activate the 
motivational pathway of the JD–R model. When employees feel 
competent, they learn faster, remain engaged, and perform better. 
Conversely, in the absence of these resources, AI is more likely to acti
vate the health-impairment pathway.

Importantly, AI-readiness resources do not only facilitate successful 
AI adoption. We propose that they are also outcomes of JD–R gain and 
loss spirals. Consider a scientist with an enriched job who enjoys au
tonomy, access to training, and time to experiment. Because she is 
engaged, she starts using a large language model to search literature, 
generate alternative explanations, and improve code. These early suc
cesses increase her AI self-efficacy. She then asks colleagues for better 
prompts and develops new routines for integrating AI into her work. Her 
engagement therefore helps her mobilize new AI-readiness resources, 
which in turn make AI more useful and motivating. This exemplifies a 
positive gain spiral. Her resources foster engagement and the engage
ment stimulates proactive resource generation, and newly acquired re
sources further improve learning and performance (Bakker, Demerouti, 
& Sanz-Vergel, 2023; Demerouti & Bakker, 2026).

Now consider an employee in a constrained job, where work is 
tightly monitored, targets are rigid, and AI is introduced mainly to track 
output or standardize decisions. This employee is likely to experience AI 
as an additional demand. Exhaustion leaves little energy to explore the 
system, seek feedback, attend training, or experiment with alternative 
ways of working. Early mistakes may confirm the belief that “AI is not 
for me,” lowering AI self-efficacy and increasing resistance. From a JD-R 

perspective, employees exposed to resource loss become more defensive 
and less able to invest in new resources (Bakker, Demerouti, & 
Sanz-Vergel, 2023; Hobfoll et al., 2003). Thus, a lack of readiness re
sources may produce health-impairment when AI adoption rises, while 
the resulting strain further undermines later AI readiness.

In short, in the proposed model, we also integrate reversed causal 
effects. AI-readiness resources determine how employees respond to AI, 
but employees’ responses also determine whether they accumulate or 
lose AI-readiness resources over time. AI adoption may therefore 
intensify inequality in job design. Employees in resource-rich jobs are 
better positioned to convert AI into learning, autonomy, and perfor
mance. Employees in resource-poor jobs may experience AI mainly as 
surveillance, pressure, and fragmentation. In this way, AI can create a 
“rich-get-richer, poor-get-poorer” dynamic where enriched jobs become 
more stimulating and future-oriented, whereas constrained jobs become 
more controlled, demanding, and developmentally impoverished (e.g., 
Hakanen et al., 2011). Prior JD–R research provides evidence for 
reciprocal gain and loss spirals between work characteristics, employee 
well-being, and employee behavior (Bakker et al., 2023a). Engaged 
employees who enjoy a resourceful environment tend to proactively 
ensure they stay engaged and benefit more from initiatives (Demerouti, 
2026; Hakanen et al., 2018; Harju et al., 2016; Lu et al., 2014), whereas 
strained individuals with an impoverished job tend to showcase be
haviors that inadvertently worsen outcomes and sensitivity to demands 
(Bakker et al., 2023b; Bakker & Wang, 2020; McLinton et al., 2023).

Thus, there is evidence that well-being is not merely an outcome of job 
design. It also influences proactive and dysfunctional work behaviors, 
which may create either more resources or more demands over time. 
However, there is only scant research on the extent to which gain and 
loss spirals over time influence AI adoption and AI-R resources. Pre
liminary evidence comes from a cross-national study conducted by 
Henseke (2026). Individuals who already had more human capital, 
cognitively rich jobs, and influence were more likely to adopt AI after 
exposure. Conversely, when these conditions were not present, they 
were less likely to start using AI after exposure. While this research was 
cross-sectional, it suggests that gain spirals may set the stage for in
dividuals to develop AI-R resources, whereas loss spirals inhibit this 
process. Findings from longitudinal research on technology adoption 
resonate with this proposition. In a cross-lagged longitudinal study, 
Olivo et al. (2025) found that job autonomy positively predicted work 
engagement, which predicted more positive perceptions of technology 
as a work resource. These appraisals also predicted subsequent work 
engagement, suggesting a reciprocal process between gain spirals and 
the development of AI-R resources.

Guiding Principle 3: In studying the impact of AI adoption on 
employee well-being and performance, researchers should consider the 
possibility that health-impairment and motivational processes also in
fluence AI readiness resources over time (i.e., recursive feedback loops).

4. Discussion

4.1. Theoretical implications

Integrating AI research with JD–R theory (Bakker, Demerouti, & 
Sanz-Vergel, 2023; Demerouti & Bakker, 2023) helps move the field 
beyond broad claims about “AI effects” toward more precise questions: 
which forms of AI adoption matter, for whom, through which mecha
nisms, and over what time frame? Table 3 translates our three guiding 
principles into an agenda for future research focused on adoption 
configuration, AI-readiness resources, and dynamic feedback loops.

First, the effects of AI adoption on job demands and job resources 
should not be treated as uniform. Research must distinguish both the 
origin of adoption (top-down vs. bottom-up) and the mode of use 
(automation vs. augmentation). This 2 × 2 framework (Table 2) differ
entiates organization-led – often embedded in performance monitoring 
and task allocation systems that may intensify job demands – from 
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employee-initiated AI adoption that may operate as a job resource by 
representing a source of feedback or support. It also clarifies that top- 
down adoption varies in directionality: some systems enable bilateral 
human–AI collaboration that may build resources, whereas others 
impose unilateral control through algorithmic management, potentially 
amplifying demands and eroding resources. Consequently, AI's impact 
on strain and engagement is conditional on adoption configuration 
rather than inherent technological features. Importantly, the adoption of 
AI by employees may itself be influenced by demands and resources. 
This may particularly be the case for bottom-up AI adoption, where 
employees need to make strategic choices regarding how to deploy AI to 
rebalance demands and strengthen resources. Hence, there likely exists a 
bi-directional relationship between AI adoption and JD-R configura
tions, especially in bottom-up AI adoption contexts (see lower part of 
Table 2).

Second, we foreground AI-readiness resources as central boundary 
conditions for whether AI adoption amplifies strain or supports work 
engagement. Distinguishing AI-R job resources (e.g., AI-training or 
supportive leadership) from AI-R personal resources (e.g., AI self- 
efficacy or meta-cognitive skills) refines JD–R theorizing by specifying 
when AI exposure is more likely to translate into exhaustion rather than 
engagement. This distinction also highlights the importance of readiness 
fit. That is, when AI is mandated, but readiness resources are insuffi
cient, organizations may anticipate higher disengagement, resistance, 
and unsafe or noncompliant workarounds. The distinction between AI-R 
personal and AI-R job resources is also valuable from a practical 
perspective because it can inform AI readiness interventions. Subse
quent intervention research could, then, investigate both single and 
combined effects of AI-R personal and AI-R job resource interventions 
(cf. Van Wingerden et al., 2017).

Third, we developed a dynamic JD–R perspective recognizing that 
health-impairment and motivational processes also have an influence on 
AI-R resources (see feedback loops in Fig. 1). In other words, AI-R re
sources are not only antecedents or moderators of AI adoption, but may 
themselves be influenced by ongoing JD–R processes. Employees 
embedded in resource-rich jobs may have more energy to further 
develop AI-related skills and access organizational support. By contrast, 

Table 3 
Future research outlooks.

Focus research area Potential research questions (examples)

Guiding Principle 1: Distinguish level × type
Top-down £ automation (e.g., 

workflow redesign; monitoring/ 
accountability; exception handling; 
pacing/targets; recovery/boundaries)

When does AI-driven automation remove 
demands versus shift them (e.g., to 
monitoring, exception handling, rework, 
accountability)? When does AI-enabled 
performance infrastructure intensify 
pace or time pressure and reduce 
recovery opportunities? Which 
governance designs prevent demand 
substitution and protect autonomy/ 
meaningfulness?

Top-down £ augmentation (e.g., 
copilots/scaffolds; decision support; 
AI-enabled feedback; well-being- 
oriented augmentation)

Under what conditions do AI scaffolds 
build resources (e.g., feedback, cognitive 
support) without adding cognitive load 
or technostress? Which augmentation 
features (e.g., suggestions vs. coaching 
vs. reframing) generate sustained 
improvements versus short-lived boosts? 
How does directionality (bilateral 
collaboration vs. unilateral control) 
influence resource gains and strain?

Bottom-up £ automation (e.g., self- 
initiated workflow automation; 
“shadow AI”; diffusion and inequality; 
compliance/ethics)

Why do employees engage in self- 
initiated automation (overload relief, 
performance pressure, curiosity)? When 
does bottom-up automation reduce 
demands versus increase verification/ 
worry/dependence? Does bottom-up 
diffusion create “power-user” inequality 
in resources, performance, or visibility?

Bottom-up £ augmentation (e.g., job 
crafting; prompt-coaching; inclusive 
support under constrained autonomy)

Do AI prompts shift same-day crafting 
and next-day strain/engagement? When 
do employees benefit most from AI- 
supported augmentation (e.g., under 
high workload or constrained 
autonomy)? What personalization is 
needed so that augmentation supports 
thriving rather than becoming another 
demand?

Guiding Principle 2: Model AI-readiness resources; distinguish AI-R job vs. AI-R 
personal resources shaping impairment vs. motivation

AI-R job resources (e.g., training; 
supportive leadership; governance; 
ethical climate; autonomy-preserving 
redesign; clarity of accountability)

Which job-level AI-R resources most 
effectively buffer AI-related demands (e. 
g., technostress, insecurity) and amplify 
resource gains (e.g., learning, feedback, 
autonomy)? What is the minimal 
“readiness bundle” required for safe 
scaling of mandated AI? How do 
autonomy-preserving designs shape 
whether AI triggers motivational vs. 
impairment processes?

AI-R personal resources (e.g., AI self- 
efficacy/literacy; metacognitive 
monitoring; openness/learning 
orientation; mindfulness; domain 
expertise)

Who thrives vs. strains under similar AI 
exposure, and why? Do metacognitive 
skills prevent overreliance and support 
critical evaluation of AI outputs? Which 
personal resources strengthen gain 
spirals (AI use → resources → 
engagement/thriving) and weaken loss 
spirals (AI demands → strain → 
maladaptive coping/self-undermining)?

Readiness fit/misfit (i.e., high adoption 
pressure with low readiness)

When AI is mandated but readiness is 
low, do we see disengagement, turnover 
intentions, unsafe workarounds, or skill 
erosion? Which organizational responses 
prevent “readiness gaps” from turning 
into chronic strain?

Guiding Principle 3: Health-impairment and motivational processes may influence 
AI readiness resources (i.e., recursive feedback loops)

Motivational gain spirals 
AI adoption may strengthen job 
resources, engagement, learning, and 
AI-R personal resources over time.

Do employees who experience AI as 
useful, supportive, and autonomy- 
enhancing become more AI-ready over 
time? Does work engagement foster 
greater AI self-efficacy, AI literacy, and 
willingness to experiment with AI? 
When do AI-R job resources, such as  

Table 3 (continued )

Focus research area Potential research questions (examples)

training, leadership support, and 
transparent implementation, initiate 
gain spirals in which employees become 
increasingly capable of using AI to 
improve job design, well-being, and 
performance?

Health-impairment/loss spirals 
AI adoption may increase demands, 
strain, exhaustion, and reduced 
capacity to develop AI-R resources.

Do AI-related demands, such as 
technostress, surveillance, 
accountability pressure, or task 
complexity, reduce AI readiness over 
time? Does exhaustion reduce 
employees' motivation or capacity to 
learn how to use AI effectively? Under 
what conditions do low AI-R resources 
and high AI-related demands reinforce 
one another, creating loss spirals in 
which employees fall further behind in 
AI-enabled work?

Diverging trajectories in AI-enabled 
job design 
Feedback loops may explain why the 
“rich get richer” and the “poor get 
poorer.”

Do employees in resource-rich jobs 
accumulate more AI-R resources over 
time, while employees in demanding or 
resource-poor jobs become less able to 
benefit from AI adoption? Which 
interventions can interrupt negative 
feedback loops and help employees in 
more vulnerable positions build AI 
readiness? How can longitudinal, diary, 
or intervention studies capture 
reciprocal effects between AI adoption, 
JD–R processes, and AI-R resources?
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employees facing high demands may have fewer opportunities to invest 
in AI learning or to benefit from available AI-R job resources. This 
recursive perspective helps explain why AI adoption may widen differ
ences between employees over time (cf. Karunakaran et al., 2025). 
Those already positioned in resource-rich work environments may 
become increasingly ready and capable of using AI constructively, 
whereas those in more demanding or resource-poor contexts may fall 
further behind. Thus, the dynamic model highlights how AI adoption, 
JD–R processes, and AI-readiness resources may mutually reinforce one 
another over time.

4.2. Directions for future research

Our review suggests that AI adoption does not uniformly benefit or 
harm job design. Because the literature remains immature for definitive 
conclusions, several important avenues for future research emerge. First, 
future research should develop and validate measures that distinguish 
top-down from bottom-up AI adoption and capture whether AI is 
implemented primarily through an automation or augmentation logic 
(see Table 2). Although this distinction has been theorized in prior work 
(e.g., Parent-Rocheleau & Parker, 2022; Raisch & Krakowski, 2021), 
empirical research still often treats AI adoption as a broad and undif
ferentiated construct. This limits the ability to explain why similar AI 
technologies produce divergent outcomes across contexts. The 2 × 2 
framework may inspire novel hypotheses. This could, for example, lead 
to investigations of whether automation-oriented AI adoption is more 
strongly associated with reduced hindrance job demands (e.g., fewer 
repetitive demands), whereas augmentation-oriented AI adoption is 
more strongly associated with increased job resources (e.g., feedback, 
opportunities for learning). The taxonomy provided in Table 2 could 
also help to review emerging evidence regarding the impact of AI 
adoption on job design in a more systematic way. This could pave the 
way for meta-analyses examining how relationships with JD-R outcomes 
differ.

Second, the presence and implications of AI may vary from one task 
to the next. Emerging applications of the Day Reconstruction Method 
(Bakker & Oerlemans, 2019; Kahneman et al., 2004) could offer an 
empirical approach to examine how AI reshapes job demands and job 
resources at the task level. Employees can reconstruct specific work 
episodes (e.g., completing a task with AI support) and report the de
mands they faced, available resources, and engagement or strain they 
experienced. These episode-level data can reveal when AI reduces hin
dering demands, builds resources, or instead intensifies workload and 
cognitive strain. Repeated assessments across days or weeks would 
allow researchers to test whether such micro-level shifts accumulate into 
gain spirals (increasing engagement and resource building) or loss spi
rals (exhaustion and rising demands). Moreover, by also including a 
general assessment of stable organizational conditions, this method 
enables examination of the extent to which enduring factors qualify the 
gain and loss spirals (i.e., person × situation approach: Bakker et al., 
2023a). For instance, by assessing AI-supportive organizational climate 
in a general survey, future research may assess to what extent this 
readiness resource strengthens weekly gain spirals and weakens weekly 
loss spirals.

Third, JD-R theory suggests that job resources and personal resources 
may reinforce one another over time (Bakker et al., 2023a; 
Xanthopoulou et al., 2009). This reciprocal logic is particularly relevant 
for AI readiness. AI-readiness job resources, such as training, supervisory 
support, and opportunities to experiment with AI, may strengthen 
AI-readiness personal resources, including AI self-efficacy, AI literacy, 
and confidence in using AI at work (e.g., Bankins et al., 2024; D. Jeong 
et al., 2025). This is consistent with self-efficacy theory (Bandura, 2001), 
which identifies mastery experiences, modelling, and feedback as key 
sources of efficacy beliefs, as well as evidence showing that training can 
enhance self-efficacy (Demerouti, 2026; Täschner et al., 2025). 
Conversely, employees with stronger AI-readiness personal resources 

may be better able to mobilize job resources, for instance by seeking 
advanced training, requesting feedback, joining AI pilot projects, or 
crafting their jobs toward AI-enabled learning. Future research should 
therefore examine reciprocal effects between AI-readiness job and per
sonal resources, and test whether a high-readiness work environment 
can compensate for initially low personal AI readiness.

Fourth, this past decade, research has convincingly demonstrated 
that job crafting is a particularly relevant proactive behavior for facili
tating change (Demerouti, 2026). Hence, another important research 
direction concerns how job crafting is linked with AI adoption. Future 
research should clarify when AI adoption stimulates job crafting and 
how individuals may craft their jobs using AI in automation or 
augmentation-oriented ways (i.e., bottom-up AI adoption). For instance, 
emerging evidence suggests that AI adoption may especially foster job 
crafting in the presence of AI-R resources (cf. Fig. 1; Bai et al., 2025). 
Popular generative AI tools such as ChatGPT can facilitate job crafting in 
various forms (Fong et al., 2025). Moreover, in an interview study 
among 27 junior consultants, Mayer et al. (2025) identified diverse ways 
through which entry-level professionals crafted their work with the help 
of generative AI. They used AI to automate repetitive tasks, develop and 
refine ideas, and obtain career decision-making and networking advice. 
These findings suggest AI adoption may directly stimulate and enable 
job crafting. Therefore, we call for research examining when AI adoption 
stimulates job crafting and how individuals adopt AI as a tool for job 
crafting.

Fifth, we call for research examining how AI adoption creates (or 
restricts) affordances for playful work design. Within JD-R theory, 
playful work design (PWD; Scharp et al., 2023) can be conceived of as an 
approach to performing a given set of work activities rather than a 
change in the activities themselves. For example, employees can use 
humor and imagination to have fun while performing a task, or strive for 
small wins and personal records during tasks. In this way, PWD has the 
potential to alter the experience of tasks (rather than changing the tasks 
or activities as is the case for job crafting; Bakker & Scharp, 2025). This 
potential becomes especially relevant when individuals have limited 
control over how AI is adopted. Initial evidence suggests that useful and 
easy-to-use Industry 4.0 technologies (including AI) stimulate PWD (I.-S. 
Chen & Choi, 2025). At the same time, future research may investigate 
when bottom-up AI adoption is done playfully. Playful engagement with 
technologies may itself enhance creativity and motivation (I.-S. Chen & 
Choi, 2026). Future research should, therefore, investigate when AI 
adoption inspires PWD and the implications of playfully interacting with 
AI.

4.3. Implications for practice

Organizations should treat AI implementation as a form of job 
redesign. Before, during, and after implementation, they should assess 
how AI changes job demands and resources. This could entail evalua
tions of how AI reduces hindering job demands such as administrative 
burden and whether it strengthens or erodes critical resources such as 
autonomy or social support (Demerouti, 2022). Importantly, reductions 
in routine workload may trigger demand substitution effects, whereby 
time saved is reinvested in more complex or intensified tasks. Without 
careful monitoring, such reconfigurations can activate 
health-impairment processes despite apparent productivity gains 
(Bakker, Demerouti, & Sanz-Vergel, 2023). AI integration should 
therefore be evaluated not only through performance and output met
rics, but also through indicators of job design and employee well-being. 
This would allow organizations to determine whether AI adoption is 
promoting resource gain spirals or inadvertently initiating loss dynamics 
(Hobfoll et al., 2003; Xanthopoulou et al., 2009), while accounting for 
differences across job, team, and organizational levels (Hernaus et al., 
2026).

Second, organizations must deliberately build AI-R resources at both 
the job and personal levels. From a JD–R perspective, the impact of AI 
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adoption depends less on the technology itself than on whether em
ployees have the resources to regulate AI-related demands and effec
tively use AI-enabled opportunities. AI-readiness job resources such as 
training and support may buffer technostress and general exhaustion, 
while amplifying motivational processes (Demerouti & Bakker, 2023; 
Tarafdar et al., 2007). In parallel, AI-readiness personal resources such 
as meta-cognitive skills, enable employees to critically evaluate AI 
outputs and integrate them effectively into their work. Empirical evi
dence suggests that AI use enhances creativity primarily when such 
readiness resources are present (e.g., Sun et al., 2025). Consequently, 
organizations should prioritize readiness development before 
mandating widespread AI adoption.

Third, AI can be strategically deployed to institutionalize job crafting 
as an embedded, scalable organizational practice rather than a discre
tionary individual effort. JD–R theory assumes employee agency in 
optimizing demands and resources, yet crafting requires cognitive and 
motivational capacity that is often depleted under high workload 
(Bakker & Oerlemans, 2019). The paradox is that when redesign is most 
needed, employees have the least bandwidth to initiate it (Bakker & de 
Vries, 2021). AI can resolve this by functioning as a scaffolding mech
anism. Workflow-integrated micro-prompts (e.g., “Which task could be 
simplified?”, “What feedback would help you progress?”, “What 
boundary protects recovery today?”) externalize executive control and 
lower the activation threshold for increasing resources or recalibrating 
demands (Bakker & Slemp, 2026). Critically, such systems must remain 
autonomy-supportive rather than surveillance-driven to ensure that AI 
augments, rather than intensifies, job demands.

Fourth, preserving autonomy and task completeness should be a 
central design principle in AI-mediated environments. As automation 
becomes more embedded in coordination, planning, and evaluation, 
organizations risk fragmenting work in ways that relocate discretion 
from employees to systems (Parker & Grote, 2022). This is especially 
salient in algorithmic management contexts, where control can become 
opaque and create perceptions of surveillance (Kellogg et al., 2020). 
Designing AI to augment rather than replace human discretion (e.g., by 
preserving human judgment) protects motivational resources and re
duces the probability that control-centric implementations trigger 
health-impairment processes (Bakker, Demerouti, & Sanz-Vergel, 2023; 
Kellogg et al., 2020).

Finally, organizations must actively anticipate and prevent AI- 
induced self-undermining. When AI-related demands outstrip em
ployees’ resources, they can experience difficulties in self-regulation. 
Employees may then cope in counterproductive ways: compulsive 
checking of outputs, blind overreliance on systems, or allowing work to 
spill into recovery time. From a JD–R perspective, such imbalances 
initiate loss spirals in which strain erodes performance, and declining 
performance further increases pressure (Bakker, Xanthopoulou, & 
Demerouti, 2023). Prevention requires structural and not individual 
solutions. Organizations can implement calibrated trust cues (clarifying 
when AI should and should not be relied upon), protect opportunities for 
human skill maintenance, and establish explicit norms around digital 
boundaries and response times. Continuous demand–resource moni
toring is essential, so that early warning signals are addressed by 
appropriate job redesign. The default response should not be “more 
training,” but rather recalibrating job demands and resources 
(Demerouti & Bakker, 2023; Tarafdar et al., 2007).

5. Conclusion

Artificial intelligence is not a peripheral digital layer added to 
existing jobs. It is a socio-technical force that reconfigures the 
demand–resource architecture of jobs and organizations at large. 
Drawing on JD–R theory, this article outlined how AI adoption reshapes 
job demands and job resources, thereby activating either health- 
impairment processes or motivational processes. By distinguishing 
levels of adoption (top-down versus bottom-up), types of use 

(automation versus augmentation), and the availability of AI-readiness 
resources at both job and personal levels, we provide a framework for 
understanding when AI integration generates work engagement and 
adaptive performance, and when it triggers strain and self-undermining 
dynamics. Importantly, the societal impact of AI-enabled work depends 
less on technological capability than on how organizations govern, 
embed, and regulate these systems. A JD–R perspective foregrounds job 
design choices as the key lever through which intelligent technologies 
translate into sustainable productivity, workforce well-being, and long- 
term organizational resilience.
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