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Abstract
Background: The increasing adoption of artificial intelligence (AI) in organizations has significantly transformed work 
processes and employee experience. However, the successful implementation of AI depends not only on the availability of 
technologies but also on how employees perceive and respond to AI systems. In this context, organizational support, 
digital competencies, and confidence in AI governance may shape employee readiness for AI-enabled workplaces.
Objective: This study examines the relationships between employer-provided AI support, employees’ digital skills, and 
attitudes toward AI, with particular attention to the mediating role of digital skills and the moderating role of perceptions 
of AI regulations.
Methods: Using cross-sectional data from the 2024 Special Eurobarometer 554 survey, collected from 7,942 employees 
across 27 European Union countries, the study employs Partial Least Squares Structural Equation Modeling within the 
framework of Job Demands-Resources theory.
Results: The findings indicate that employer-provided AI support is positively associated with employees’ digital skills, 
which in turn are linked to more positive attitudes toward AI. Digital skills partially mediate this relationship, accounting for 
51.12% of the total effect. Additionally, perceptions of AI regulations modestly moderate the relationship between digital 
skills and employees’ attitudes toward AI.
Conclusions: The results imply that organizations and policymakers should place greater emphasis on employee 
upskilling, continuous training initiatives, digital competency development, and transparent AI governance to cultivate 
more positive employee attitudes toward AI. These factors play a complementary and equally critical role in supporting the 
effective and sustainable integration of AI technologies within workplace environments.
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Introduction

Institutions encounter significant challenges across sec
tors due to the unprecedented acceleration of artificial 
intelligence (AI) technologies. The emergence of AI has 
increased the need for organizations to assess employees’ 
perceptions of AI in order to enhance performance.1,2 It is 
estimated that 72% of the entities utilize AI in routine 
operations, with significant  advancements realized in 
service sectors.1,2 According to Special Eurobarometer 
554 conducted by the European Commission (EC),3 62% 
of the workers in Europe are aware of AI and digital 
technologies and 68% of them have access to digital tools 
to perform their activities.

Although AI functions as a valuable enabler with the 
potential to increase productivity through its application in 
business environment it may lead to potential technostress 
that may cause fatigue and work–family conflict  for 
employees.4,5 Employing a three-wave survey of 600 em
ployees across diverse industries, Mayer et al.5 show that 

1School of Business, Ibn Haldun University, Istanbul, Turkey

Corresponding author: 
Alireza Ghezel, School of Business, Ibn Haldun University, Başak 
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Turkey. 
Email: alirezaghezel@ihu.edu.tr

https://uk.sagepub.com/en-gb/journals-permissions
https://doi.org/10.1177/01672533261461699
https://journals.sagepub.com/home/hsy
https://orcid.org/0000-0002-8642-1863
https://orcid.org/0000-0001-6036-0559
https://orcid.org/0000-0002-0068-0048
https://orcid.org/0009-0009-4436-5718
https://orcid.org/0009-0005-3345-7247
mailto:alirezaghezel@ihu.edu.tr
http://crossmark.crossref.org/dialog/?doi=10.1177%2F01672533261461699&domain=pdf&date_stamp=2026-06-28


while AI efficacy positively impact productivity, AI tech
nostress simultaneously increases exhaustion, exacerbates 
work–family conflict,  and lowers job satisfaction, under
scoring the dual nature of AI in workplaces. Similarly, 
drawing on the Job Demands-Resources theory, empirical 
evidence shows that AI awareness triggers a serial medi
ation chain through job insecurity and work interference 
with family, ultimately leading to emotional exhaustion 
among employees—work interference with family ac
counting for 24.2% of the total effect.6 A recent study held 
by Gálvez Ruiz et al.7 on 1,037 employees in banking sector 
confirm  that technology-related stressors significantly  in
crease both emotional exhaustion and work–family conflict, 
with the effects intensifying during periods of rapid digital 
transformation. Stamate et al.8 indicate that AI significantly 
reshapes employees’ work experiences, task structures, and 
decision-making processes within organizations, creating 
both opportunities and new challenges for workforce 
management.

These organizational and psychological changes high
light the growing importance of examining employees’ 
responses to the AI implementation in the workplace. 
Understanding how employees perceive AI is essential for 
organizations seeking to successfully integrate AI into their 
operations as the attitudes can extensively influence  its 
adoption.9 Employees that have favorable attitudes towards 
AI can assist in its implementation, enhance collaboration 
between humans and AI tools, and boost the level of cre
ativity, whereas employees that unfavorably perceive AI 
may hesitate to use it, leading to lower productivity.10,11

Beyond individual performance outcomes, the attitudes of 
employees toward AI influence  their job satisfaction and 
psychological well-being.12 AI adoption in organizations 
can evoke contrasting emotional responses, ranging from 
positive engagement driven by AI-supported autonomy to 
avoidance behaviors triggered by anxiety over job dis
placement and heightened competitive pressure,13 high
lighting that the psychological consequences of AI may 
extend beyond task performance. In this regard, corporate 
climate plays a vital role in shaping AI acceptance, as it 
encompasses the atmosphere, culture, and relational dy
namics in which AI technologies are adopted.14

In this regard, employer-provided support emerges as a 
key factor to understand employees’ responsiveness toward 
AI-driven efficiency  improvements.12 This study is 
grounded in the Job Demands-Resources (JD-R) theory 
developed by Bakker and Demerouti13,14 and further ex
tended by Bakker et al.4 According to the JD-R framework, 
environmental and occupational conditions function as job 
demands and resources, influencing  employee well-being 
through both health-impairment and motivational pro
cesses. Within this perspective, technostress constitutes a 
significant  job demand that can impact employee fatigue, 
exhaustion and negative attitudes toward technology 
adoption,15–17 while resources such as digital competencies 

and organizational support can foster more favorable atti
tudes toward AT by enabling employees to better cope with 
technological demands and adopt to digital 
transformation.18,19 The JD-R theory has also implications 
for developing training programs to address job insecurity 
and enhance superagency, workers’ ability to leverage AI to 
achieve greater autonomy, adaptability and performance 
outcomes.5

In the context of AI adoption, this framework is par
ticularly well-suited to the present study, as it allows for the 
simultaneous examination of how organizational job re
sources, that is, AI awareness, training provision, and 
regulatory clarity, as well as personal resources such as 
digital skills and AI self-efficacy  motivate employees to
ward positive AI attitudes, while job demands such as AI- 
related insecurity and uncertainty may impair this moti
vational process. Prior studies highlight that employees’ 
attitudes toward AI adoption are shaped by technological 
attributes, perceived usefulness, and organizational factors 
that influence  behavioral intentions to engage with AI 
systems.20–22 By applying the JD-R framework to the 
workplace AI context, this study connects macro-level 
organizational conditions and individual-level attitudinal 
responses, providing a theoretically grounded explanation 
for why some employees are more willing to embrace AI 
technologies, while others show resistance toward their 
adoption.

While prior studies have identified digital skills as a vital 
resource influencing  employees’ acceptance of digital 
technologies in the workplace,19,23 the underlying mecha
nisms linking organizational AI support, digital compe
tence, and employees’ attitudes toward AI remain 
underexplored. Existing literature has predominantly fo
cused on the direct effects of technological and organiza
tional factors and AI adoption outcomes,21,24,25 with 
relatively limited attention devoted to the processes through 
which digital skills may function as a mediating resource 
between employer-provided support and employees’ AI 
perceptions. Consequently, the extent to which organiza
tional support contributes to positive attitudes toward AI 
through the development of digital competencies remains 
obscure. Additionally, the role of AI governance percep
tions has not yet been adequately clarified in the literature. 
Perceiving AI regulations as important may foster insti
tutional trust and enhance employees’ sense of psycho
logical safety regarding AI use. At the same time, such 
perceptions may signal heightened concerns related to 
surveillance, privacy and AI-related risks. This dual nature 
suggests that the relationship between organizational AI 
support, digital skills, and employee attitudes toward AI 
may vary depending on how employees perceive AI gov
ernance and regulation. However, these conditional dy
namics are not sufficiently explored empirically. To address 
these gaps, the present study examines the relationships 
among employer-provided AI support, digital skills, and 
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employees’ attitudes toward AI using Eurobarometer 
554 survey data collected from 7,942 employees across 
27 European Union member states. Drawing on the JD-R 
framework, the study also investigates the mediating role of 
digital skills and the moderating role of AI regulation 
perceptions in shaping workplace AI attitudes. By inte
grating organizational resources, digital competencies, and 
governance perceptions into an analytical framework, this 
study offers a more comprehensive explanation of the 
factors associated with employees’ evaluations of AI 
technologies in organizational contexts.

The remainder of the study is organized as follows: The 
theoretical background section develops the hypotheses. 
The data and methodology section describes the dataset, 
variables, and analytical approach. The findings  section 
presents the empirical results. Finally, the conclusion 
section discusses the implications of the study.

Theoretical background and 
hypotheses development

The Job Demands-Resources theory

The systematic analysis of the interplay between organi
zational conditions and employee AI attitudes requires a 
robust theoretical framework, one that can simultaneously 
account for the enabling role of workplace resources and the 
constraining role of job-related pressures. Rooted in oc
cupational psychology, the JD-R theory offers an integra
tive lens to explain how workplace conditions shape 
employee motivation, well-being, and behavioral attitudes 
across institutions.13 The theory asserts that work factors 
can be classified  into two categories: demands and re
sources. These factors produce distinct psychological 
processes that have a direct impact on employees’ well- 
being.15 Job demands (JD) include the physical, psycho
logical, social, and organizational aspects of the work 
environment that requires employees’ persistence and have 
consequences for the body and mind.26 In the context of AI, 
demands could be the complexity of AI technology, the fear 
of change associated with the AI utilization, as well as the 
requirement to develop new digital skills.16,24,27 The health 
impairment process suggests that employees’ expectations 
may cause them to exhaust resources, leading to burnout 
and detrimental health problems such as work–family 
conflict.28,29 Job resources (JR), on the other hand, assist 
employees achieve goals, reduce pressure, and facilitate 
personal growth.14 In this regard, the JD-R theory claims 
that the motivational process occurs when employees’ re
sources fulfill their basic needs for autonomy, competence, 
and relatedness.4

The JD-R theory has been recently expanded to include 
digitalization and technological developments. Scholze and 
Hecker17 show the validity of a model that assesses both 
aspects of digitalization, comprising digital job demands 

such as techno-complexity and techno-insecurity, and 
digital job resources such as awareness and technological 
support to improve digital competence. Digital resources 
play a significant role in shaping employee motivation and 
workplace engagement. The Job Demands-Resources (JD- 
R) theory has evolved considerably by incorporating per
spectives related to person–environment fit,  multilevel 
organizational processes, and proactive employee behav
ior.4 Within this framework, AI can be conceptualized si
multaneously as both a JD and JR. As a JD, AI may generate 
concerns related to job insecurity, role ambiguity, and the 
pressure to adapt to rapidly changing technological envi
ronments. In this regard, organizational training and skill- 
development initiatives can assist employees cope with 
these demands by fostering “superagency,” the capacity to 
leverage AI to enhance autonomy and maximize work 
performance.5 Conversely, as a JR, AI has the potential to 
improve work efficiency, optimize task performance, and 
support decision-making processes, contributing positively 
to employee well-being, motivation, and organizational 
outcomes.24,29

Employer AI support and digital skills

Human resources are psychological capacities that allow an 
individual to cope with unfavorable conditions and achieve 
his goals.30 In workplace, digital competencies that include 
technical skills, management skills, communication skills, 
collaboration skills, creative thinking, critical thinking, 
problem-solving skills, and information and communica
tion technology skills, are essential resources.21 Similarly, 
AI self-efficacy serves as a resource, depicting the level of 
self-confidence  that employees possess to work with AI 
systems.17,31 It is an extension of digital skills that is likely 
to emerge among technologically proficient  employees, 
thereby facilitating their adaptability to technology-based 
environments.26

Employer-provided digital resources, AI-related training 
and transparent AI governance policies may function as 
organizational enablers that support employees’ compe
tence and adaptability in technologically changing work 
environments.4,14,17 The supporting efforts in mastering 
how to work effectively with AI via training help upskilling 
and reskilling employees to close digital talent gaps, am
plify AI integration and foster the AI adaptability of 
workers.19 These enhancements are related to motivational 
dimension and contribute to the development of individual 
resources against job stressors such as technostress.4,24

Additionally, human resource management in digital 
transformation is vital in bridging the digital divide through 
the development of digital adaptability.32–34 Vitezic and 
Peric18 highlight the importance of digital skills for the 
adoption of AI, and training programs for increasing in
dividuals’ AI perceptions in service sectors. On this respect, 
the development of more inclusive learning pathways for 
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advanced AI adoption is critical. Building on these argu
ments, we propose the following hypothesis:

Hypothesis 1: Employer AI support has a positive impact 
on employees’ digital skills.

Digital skills and employees’ attitudes toward AI

Digital skills and AI self-efficacy play a key role in shaping 
employees’ attitudes toward AI. According to social cog
nitive theory,35 self-efficacy  has a significant  impact on 
cognition, motivation, and actions. Skilled employees in 
digital technologies are more likely to perceive AI as an 
opportunity rather than as a threat.11,22 Innovative tech
nologies improve self-efficacy,  influence  well-being and 
attitudes and convert anxiety into positive adoption.21 More 
skilled employees take advantage of AI technologies to 
increase productivity.2,5 They consider AI as a challenge 
rather than a hindrance.25,29 This favorable appraisal leads 
to more positive attitudes toward AI. From a cognitive 
appraisal perspective, employees that perceive themselves 
as digitally competent may experience lower uncertainty 
and greater control when interacting with AI systems, re
ducing technology-related anxiety and increasing openness 
toward AI-enabled work processes.25,35,36 In this sense, 
satisfaction with psychological needs such as competence 
and autonomy affects whether employees use AI in their 
daily and professional lives. On the other hand, unskilled 
employees in digital technologies may experience techno- 
anxiety and treat AI as a threat to their job security.36 Thus, 
poor digital skills often lead to psychological barriers like 
distrust and technostress. These dual appraisals of AI 
technology play a critical role in shaping the responses of 
employees.25,37 Therefore, we propose the following 
hypothesis:

Hypothesis 2: Digital skills have a positive impact on 
employees’ attitudes toward AI.

The mediating role of digital skills

The role of digital competencies intervenes between em
ployer AI support and attitudes of employees. Skill devel
opment mediates whether employees view AI as a supportive 
tool or a threat. When employees possess the necessary 
digital skills to interact with AI, the anxiety of job dis
placement drops dramatically, transforming a fear-based 
attitude into one characterized by confidence.  Investment 
in AI training programs creates the base upon which the 
improvement of human resources is built, and shapes the 
attitudes of employees.4,18 Prior studies have shown that the 
impact of training programs is only evident through the 
intermediary variables that connect training programs with 
the outcome.30 On the AI domain, although the impact of 
employer AI support is evident, the actual impact comes out 
through the intermediary role of digital skills.22,38 This is 
consistent with the JD-R theory’s resource-building mech
anism proposing that the development of job resources 
initiates a gain cycle that ultimately results in the develop
ment of personal resources and work engagement.14,24 Thus, 
we propose the following hypothesis:

Hypothesis 3: Digital skills mediate the relationship be
tween employer AI support and employees’ attitudes 
toward AI.

The moderating role of AI regulations

The relationship between digital competencies and atti
tudes toward AI depend on some contextual factors, 
including the perceptions of workers on AI governance.31

Figure 1. Conceptual framework.
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The AI Act of EU and the regulations in other countries 
intend to safeguard the privacy of workers, enhance 
transparency in decision-making, and restrict the use of 
AI-based surveillance.3,39 Workers that perceive AI 
regulation as necessary may feel more secure about the 
potential negative impact of AI implementation in the 
workplace. This may foster the relationship between 
digital competencies and employees’ attitudes toward AI. 
Digitally skilled workers may be more inclined to use AI 
systems due to their knowledge of the regulations that 
protect them from the adverse effects of its 
implementation.18,40 Empirical studies have shown that 
AI regulations and governance are important for the 
development of trustworthy working environment.40

However, perceptions of AI regulations may operate 
through more than one psychological mechanism. On the 
one hand, employees may interpret AI governance as a 
safeguard that reduces uncertainty, increases transpar
ency, and enhances psychological safety regarding the 
use of AI technologies in the workplace.31,40 Under this 
interpretation, strong endorsement of AI regulations may 
reinforce positive evaluations of AI by increasing trust in 
organizational and regulatory protections.31 On the other 
hand, strong AI regulations may reflect  heightened 
concern regarding surveillance, automation risks, algo
rithmic bias, and loss of employee autonomy.16,29,37

Therefore, employees who perceive AI as potentially 
threatening may place greater importance on regulatory 
intervention since they are skeptical about the organi
zational consequences of AI adoption. These competing 
interpretations imply that the role of AI regulation per
ceptions in shaping employees’ AI attitudes is complex 
and warrants further examination as these approaches 
might form different views on AI in interaction with 
psychological characteristics. If employees believe that 
there are rules to deal with the adverse impacts of using 
AI, they may more likely utilize digital skills, feel 
comfortable, whereas if they believe the rules are not 
protective enough, they may hesitate in using AI even if 
they know how to use it.24,29 Therefore, we propose the 
following hypothesis:

Hypothesis 4: Perceptions in AI regulations positively 
moderate the relationship between digital skills and em
ployees’ attitudes toward AI.

Figure 1 shows the conceptual framework.

Data and methodology

Data

The study draws on the Eurobarometer 101.4 (ZA8844) 
survey run during April–May 2024 by the EC and dis
tributed by Leibniz Institute for the Social Sciences (GE
SIS).41 Eurobarometer is part of a series of public opinion 
surveys conducted regularly since 1974, covering topics 
relevant to the European Union and its member states.3

Eurobarometer 101.4 includes a Special Eurobarometer 
module on AI and the future of work, which provides the 
indicators used in this study. Data was collected through 
Computer-Assisted Personal Interviews (CAPI) and web- 
based interviews with EU citizens aged 15 and over across 
all 27 EU member states.3,41 The sampling design followed 
multi-stage random probability sampling, with approxi
mately 1,000 respondents per country, except for smaller 
member states such as Luxembourg, Cyprus, and Malta, 
where the sample was approximately 500 respondents. The 
full release contains 26,404 respondents. Table 1 presents 
the survey details and the sample characteristics.

Variables and measurement

Out of the 349 variables available in the dataset, 15 indi
cators were selected on theoretical grounds to represent the 
four constructs included in the proposed model. The sample 
was then established through a three-step selection process. 
First, the measures capturing employer AI support (items 
qb3 and qb4) were administered only to respondents en
gaged in paid employment. Consequently, the analysis was 
inherently limited to employed individuals, reducing the 
eligible sample from 26,404 to 10,973 respondents. This 
restriction is justified, as the study focuses specifically on 
workplace-level antecedents of attitudes toward AI. Such 

Table 1. Survey details and sample characteristics.

Attribute Description

Survey Title Eurobarometer 101.4 - Digitalization, AI in the Workplace
Data Collection Period 2024
Geographic Coverage 27 EU Member States
Survey Mode Computer-Assisted Personal Interview (CAPI)
Target Population EU citizens aged 15 years and older
Sampling Method Multi-stage random probability sampling
Total Sample Size 26,404 respondents
Final Analytical Sample 7,942 employed respondents
Dataset ID ZA8844 v1.0.0
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Table 2. Constructs measurement and reflective measurement.

Construct Role Item 
code

Eurobarometer 
101.4 questionnaire wording

Response scale

Employer AI 
Support

Independent 
variable

qb3 To what extent do you agree or disagree that your 
employer provides you with the necessary tools or 
training to work effectively with the most recent digital 
technologies, including Artificial Intelligence?

1 = Totally agree; 
2 = Tend to agree; 
3 = Tend to disagree; 
4 = Totally disagree. 

(Reverse-scored)
qb4 Overall, how aware are you of the use that your employer 

makes of digital technologies, including Artificial 
Intelligence, to manage your or your co-workers’ 
activities? Examples include setting working schedules, 
monitoring your activities, or evaluating performance.

1 = Totally aware; 
2 = Fairly aware; 
3 = Fairly unaware; 
4 = Totally unaware. 

(Reverse-scored)
Digital Skills Mediator qb2_1 To what extent do you agree or disagree with the 

following statements regarding your skills in the use of 
the most recent digital technologies, including Artificial 
Intelligence? … You consider yourself to be sufficiently 
skilled in the use of digital technologies: 

… in your daily life.

1 = Totally agree; 
2 = Tend to agree; 
3 = Tend to disagree; 
4 = Totally disagree. 

(Reverse-scored)

qb2_2 To what extent do you agree or disagree with the 
following statements regarding your skills in the use of 
the most recent digital technologies, including Artificial 
Intelligence? … You consider yourself to be sufficiently 
skilled in the use of digital technologies: 

… to do your job.

1 = Totally agree; 
2 = Tend to agree; 
3 = Tend to disagree; 
4 = Totally disagree. 

(Reverse-scored)

qb2_3 To what extent do you agree or disagree with the 
following statements regarding your skills in the use of 
the most recent digital technologies, including Artificial 
Intelligence? … You consider yourself to be sufficiently 
skilled in the use of digital technologies: 

… to do a future job if you were to find a job or to change 
jobs within the next twelve months.

1 = Totally agree; 
2 = Tend to agree; 
3 = Tend to disagree; 
4 = Totally disagree. 

(Reverse-scored)

qb2_4 To what extent do you agree or disagree with the 
following statements regarding your skills in the use of 
the most recent digital technologies, including Artificial 
Intelligence? … You consider yourself to be sufficiently 
skilled in the use of digital technologies: 

… to benefit from digital and online learning opportunities.

1 = Totally agree; 
2 = Tend to agree; 
3 = Tend to disagree; 
4 = Totally disagree. 

(Reverse-scored)

AI Regulations Moderator qb11_1 How important, if at all, do you think the following rules 
would be in addressing risks and maximizing the benefits 
of digital technologies, including Artificial Intelligence, in 
the workplace? 

… Protecting workers’ privacy.

1 = Very important; 
2 = Somewhat 

important; 
3 = Not very important; 
4 = Not at all important. 

(Reverse-scored)
qb11_2 How important, if at all, do you think the following rules 

would be in addressing risks and maximizing the benefits 
of digital technologies, including Artificial Intelligence, in 
the workplace? 

… Prohibiting fully automated decision-making processes 
(e.g. automated task assignment or performance 
assessment, including promotion or dismissal, without 
human review).

1 = Very important; 
2 = Somewhat 

important; 
3 = Not very important; 
4 = Not at all important. 

(Reverse-scored)

qb11_3 How important, if at all, do you think the following rules 
would be in addressing risks and maximizing the benefits 
of digital technologies, including Artificial Intelligence, in 
the workplace? 

… Limiting the automated monitoring of employees.

1 = Very important; 
2 = Somewhat 

important; 
3 = Not very important; 
4 = Not at all important. 

(Reverse-scored)

(continued)
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factors can only be meaningfully examined among indi
viduals who are currently situated within organizational 
environments where AI technologies, employer support 
mechanisms, and AI-related training are present or 

accessible. Second, Eurobarometer-specific  response cat
egories indicating “don’t know,” “not applicable,” and 
refusals were recoded as system-missing values following 
standard survey data processing conventions. Third, 

Table 2. (continued)

Construct Role Item 
code

Eurobarometer 
101.4 questionnaire wording

Response scale

qb11_4 How important, if at all, do you think the following rules 
would be in addressing risks and maximizing the benefits 
of digital technologies, including Artificial Intelligence, in 
the workplace? 

… Enforcing more transparency in the use of digital 
technologies to handle HR decision-making.

1 = Very important; 
2 = Somewhat 

important; 
3 = Not very important; 
4 = Not at all important. 

(Reverse-scored)
qb11_5 How important, if at all, do you think the following rules 

would be in addressing risks and maximizing the benefits 
of digital technologies, including Artificial Intelligence, in 
the workplace? 

… Involving workers and their representatives in the 
design and adoption of new technologies.

1 = Very important; 
2 = Somewhat 

important; 
3 = Not very important; 
4 = Not at all important. 

(Reverse-scored)
AI Attitudes Dependent 

variable
qb1_1 In your view, what impact do the most recent digital 

technologies, including Artificial Intelligence, currently 
have on: 

… The economy.

1 = A very positive 
impact; 

2 = A fairly positive 
impact; 

3 = A fairly negative 
impact; 

4 = A very negative 
impact. (Reverse- 
scored)

qb1_2 In your view, what impact do the most recent digital 
technologies, including Artificial Intelligence, currently 
have on: 

… Society.

1 = A very positive 
impact; 

2 = A fairly positive 
impact; 

3 = A fairly negative 
impact; 

4 = A very negative 
impact. (Reverse- 
scored)

qb1_3 In your view, what impact do the most recent digital 
technologies, including Artificial Intelligence, currently 
have on: 

… Your quality of life.

1 = A very positive 
impact; 

2 = A fairly positive 
impact; 

3 = A fairly negative 
impact; 

4 = A very negative 
impact. (Reverse- 
scored)

qb1_4 In your view, what impact do the most recent digital 
technologies, including Artificial Intelligence, currently 
have on: 

… Your current job.

1 = A very positive 
impact; 

2 = A fairly positive 
impact; 

3 = A fairly negative 
impact; 

4 = A very negative 
impact. (Reverse- 
scored)

Note. Item codes follow the Eurobarometer 101.4 (ZA8844) codebook. The verbatim questionnaire wording shown above is taken from the English 
(Ireland) version of the questionnaire. Spontaneous responses (“Don’t know,” “It depends,” “Not applicable”), as well as “Refusal,” were treated as 
system-missing prior to analysis. All scales were reverse-scored so that higher values indicate, respectively, greater employer AI support, higher self- 
assessed digital skills, stronger perceived importance of AI regulations, and more positive attitudes toward AI.
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missing data across the 15 selected indicators were handled 
using listwise deletion. After applying these procedures, the 
final sample consists of 7,942 respondents from the 27 EU 
member states, representing 30.1% of the original dataset 
and 72.4% of the employed pool.

A comparison of country distribution before and after the 
application of listwise deletion indicates only minor 
changes in the sample composition. The largest absolute 
shifts were observed for Croatia (+1.8 percentage points 
(pp)), Romania (+1.7 pp), Lithuania (�1.1 pp), and Latvia 
(�1.0 pp), while the distributions for most other member 
states changed by less than 0.5 pp. These results suggest that 
the final  sample largely maintains the cross-national 
structure and representativeness of the original subsam
ple. With a final sample size of 7,942 respondents, the study 
exceeds the minimum sample requirement recommended 
for PLS-SEM, the widely applied “ten-times” rule of 
thumb.42 The sample size also provides strong statistical 
power for bootstrap-based estimation and hypothesis test
ing, including the assessment of direct, mediating, and 
moderating effects within the proposed model.

Eurobarometer datasets provide several post- 
stratification  weights designed to adjust for unequal se
lection probabilities and patterns of non-response across 
national samples.41 To evaluate the potential impact of 
omitting these weights on the findings, all structural model 
coefficients  were re-estimated using w1, within-country 
weight available for all respondents. The comparison re
vealed only negligible differences between weighted and 
unweighted estimates across all structural paths, with ab
solute deviations remaining below 0.012. For instance, the 
coefficient  for the relationship between Employer AI 
Support and Digital Skills changed only marginally from 
β = 0.532 in the unweighted model to β = 0.526 in the 
weighted model, while the effect of Digital Skills on AI 
Attitudes shifted from β = 0.384 to β = 0.374. Importantly, 
the overall pattern of results remained fully consistent, 
including the direction, magnitude, and statistical signifi
cance of the direct, mediating, and moderating effects. 
Given the high degree of robustness between the two es
timation approaches, the unweighted results are reported in 
the main analysis to facilitate clearer interpretation and 
presentation of the findings.

Independent variable. We used employer AI support as an 
independent variable. It was operationalized to the extent to 
which organizations provide employees with resources for 
engaging with digital and AI-based technologies in the 
work. It was measured using two items from the Euro
barometer 101.4 questionnaire: (a) “Considering your 
current job and looking ahead to the next five years, please 
tell me to what extent you agree or disagree with the fol
lowing statement: My employer provides me with the 
necessary tools and training to do my job in the digital 
environment” (variable qb3); and (b) “To what extent are 

you aware that your employer uses or has used artificial 
intelligence in workforce management?” (variable qb4). 
Both items were assessed using four-point Likert scales. 
Responses for qb3 range from 1 (“totally agree”) to 4 
(“totally disagree”), while responses for qb4 range from 1 
(“totally aware”) to 4 (“totally unaware”). Prior to analysis, 
the responses for both variables were reverse scored so that 
higher values reflect  greater employer AI support. Spon
taneous responses such as “not applicable” and “don’t 
know” were treated as missing values.

Dependent variable. Employees’ attitudes toward AI were 
used as the dependent variable. It was measured using four 
items assessing perceptions of the impact of recent digital 
technologies, including AI, across different life domains 
(variables qb1_1 to qb1_4). Respondents were asked: 
“Considering the most recent digital technologies, such as 
artificial  intelligence, would you say that they currently 
have or will have a very positive, fairly positive, fairly 
negative or very negative impact on the following?”. The 
items referred to: (a) the economy, (b) society, (c) your 
quality of life, and (d) your current job. Responses were 
recorded on a four-point scale ranging from 1 (very positive 
impact) to 4 (very negative impact), and reverse coded prior 
to analysis so that higher values reflect more positive at
titudes toward AI. Spontaneous responses such as “don’t 
know enough,” “it depends,” and “don’t know” were treated 
as missing values.

Mediating variable. Digital skills were used as the mediating 
variable and conceptualized as a personal resource. It was 
measured using four items assessing respondents’ perceived 
digital competence across different domains of use (variables 
qb2_1 to qb2_4). Participants were asked to indicate their 
level of agreement with the following statement “Please tell 
me to what extent you agree or disagree with each of the 
following statements. You have the necessary skills to use 
digital technologies…” across four areas: (a) in your daily 
life, (b) to do your current job, (c) to do your future job, and 
(d) to be able to benefit  from digital online learning op
portunities. Responses were recorded on a four-point Likert 
scale ranging from 1 (“totally agree”) and 4 (“totally dis
agree”). Prior to analysis, all items were reverse coded so that 

Table 3. Construct reliability and convergent validity.

Construct Cronbach’s α CR AVE Items

AI Attitudes 0.840 0.893 0.677 4
Digital Skills 0.888 0.923 0.748 4
Employer AI Support 0.661 0.855 0.747 2
AI Regulations 0.826 0.878 0.591 5

Note. CR: Composite Reliability; AVE: Average Variance Extracted. 
Thresholds: α ≥ 0.70 (0.60 acceptable for two-item scales), CR ≥ 0.70, 
AVE ≥ 0.50.
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higher values reflect  greater self-assessed digital compe
tence. Spontaneous responses such as “not applicable” and 
“don’t know” were treated as missing values.

Moderating variable. Perceptions of AI regulations were 
used as the moderating variable and operationalized using 
five  items. Respondents were asked to evaluate the im
portance of regulatory framework addressing the risks and 
benefits of digital technologies and AI, using the following 
statement: “How important is it to have rules addressing the 
risks and benefits of digital technologies and artificial  in
telligence for…?” Responses were recorded on a 4-point 
Likert-type scale ranging from 1 (Very important) to 4 (Not 
at all important). The following five  items were used to 
assess the perceived importance of regulatory provisions: 
(a) the protection of workers’ privacy, (b) the prohibition of 
fully automated decision-making, (c) the restriction of 
automated monitoring in the workplace, (d) the assurance of 
transparency in AI-assisted hiring processes, and (e) the 
assurance of accountability in the deployment of AI sys
tems. Higher scores reflect lower perceived importance of 
AI regulation. The items were reverse coded so that high 
values reflect strong regulatory perceptions.

Construct specification and reflective measurement. All four 
latent constructs in the model were specified as reflective. 

This specification  is appropriate as each construct repre
sents an underlying psychological or organizational con
dition that is assumed to cause its observed indicators rather 
than being formed by them. For AI attitudes, respondents’ 
overall evaluative toward AI are expected to shape their 
perceptions of its impact across the economic, social, 
personal, and occupational domains qb1_1 to qb1_4. 
Similarly, digital skills reflect  an underlying sense of re
spondents’ self-assessed digital competence that manifests 
across the daily-life, current-job, future-job, and online- 
learning items (qb2_1 to qb2_4). Likewise, perceptions of 
AI regulations capture a general orientation toward the 
importance of regulating AI in the workplace, which is 
reflected in respondents’ evaluations of specific regulatory 
provisions.

The reflective  specification  of Employer AI Support, 
measured by two indicators (qb3: provision of tools and 
training; qb4: awareness of employer AI use in workforce 
management), requires particular justification.  Conceptu
ally, both items capture complementary aspects of how 
organizations engage with digital and AI-enabled envi
ronments. Specifically,  qb3 reflects  the extent to which 
employers provide operational support and capability- 
building resources, whereas qb4 captures organizational 
transparency and employee awareness regarding the man
agerial use of AI technologies. Although these two items 

Table 4. Outer loadings.

Construct Indicator Loading Loading2

AI Attitudes Impact on Economy 0.826 0.682
Impact on Society 0.818 0.669
Impact on Quality of Life 0.836 0.699
Impact on Current Job 0.811 0.658

Digital Skills Skills in Daily Life 0.870 0.757
Skills for Current Job 0.869 0.755
Skills for Future Job 0.854 0.730
Skills for Online Learning 0.867 0.752

Employer AI Support Employer Tools/Training 0.864 0.747
Awareness of AI Use 0.864 0.747

AI Regulations Protect Workers Privacy 0.750 0.562
Prohibit Automated Decisions 0.714 0.510
Limit Automated Monitoring 0.781 0.610
Ensure Transparency 0.806 0.649
Ensure Accountability 0.791 0.626

Table 5. Discriminant validity (Fornell-Larcker criterion).

AI Attitudes Digital Skills Employer AI Support AI Regulations

AI Attitudes 0.823
Digital Skills 0.498 0.865
Employer AI Support 0.399 0.532 0.864
AI Regulations 0.222 0.345 0.235 0.769

Note. Diagonal values represent the square root of AVE; off-diagonal values represent inter-construct 
correlations.
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address different organizational practices, both share a 
common sense in the employer’s strategic orientation to
ward digital and AI integration. This supports their treat
ment as reflective indicators of a common latent construct.

The empirical evidence further supports this specifica
tion. The correlation between qb3 and qb4 was moderate 
and significant (r = 0.494, p < .001), indicating meaningful 
shared variance while avoiding concerns of redundancy. 
Additionally, both items had identical standardized factor 
loadings (0.864), with composite reliability (CR = 0.855) 
and average variance extracted (AVE = 0.747) exceeding 
recommended thresholds. Although Cronbach’s α for the 
two-item scale was comparatively modest (α = 0.661), this 
value is acceptable for short-form measures. Since Cron
bach’s α and the Spearman-Brown coefficient  are alge
braically equivalent in two-item scales with equal item 
variances,43 greater emphasis was placed on the more in
formative CR and AVE statistics. Nevertheless, the het
erogeneity of the two indicators is a potential limitation of 
the measurement model. Table 2 presents the full construct 
operationalization and item mapping.

Methodology

In this study, we employed Partial Least Squares Structural 
Equation Modeling (PLS-SEM) to make the analysis. PLS- 
SEM is a variance-based approach that is appropriate for 
complex models involving numerous constructs.42 We 
followed two-step procedure: first,  the analysis of the 
measurement model; and second, the analysis of the 
structural model. For the analysis of the measurement 
model, we relied on the criteria of indicator reliability (outer 
loadings > 0.708), internal consistency reliability 

(Cronbach’s alpha > 0.70; composite reliability > 0.70), 
convergent validity (Average Variance Extracted > 0.50), 
and discriminant validity (Fornell-Larcker criterion; 
HTMT < 0.90). The analysis of the structural model relies 
on the criteria of collinearity (VIF < 5), the significance of 
path coefficients  via bootstrap with 5,000 samples, coef
ficient of determination (R2), and predictive relevance (Q2).

For the mediation analysis, we relied on the recom
mendations of Hayes44 and Zhao et al.45 The indirect effect 
of the constructs is calculated as the product of the relevant 
path coefficients.  The magnitude of the indirect effect is 
considered significant  if the confidence  interval of the in
direct effect does not contain 0. We used Python 3.11 for 
software analysis.

Empirical findings and discussions

Measurement model assessment

Before assessing structural relationships, we assessed the 
measurement model to ensure the reliability and validity of 
the constructs. Following Hair et al.,42 we evaluated in
dicator reliability, internal consistency, convergent validity, 
and discriminant validity. Table 3 reports the construct 
reliability and convergent validity results. Cronbach’s α 
ranged from 0.661 to 0.888 across the constructs. The lower 
value of 0.661 for Employer AI Support is operationalized 
as a two-item composite. For two-item scales, Cronbach’s α 
is known to underestimate reliability and is mathematically 
equivalent to the Spearman-Brown coefficient  when item 
variances are similar.43 Therefore, we computed the 
Spearman-Brown coefficient  for this construct, which 
yields the same value (0.661), with an inter-item Pearson 

Table 6. Discriminant validity (heterotrait-monotrait ratio of correlations (HTMT)).

AI Attitudes Digital Skills Employer AI Support AI Regulations

AI Attitudes —
Digital Skills 0.578 [0.599] —
Employer AI Support 0.537 [0.564] 0.695 [0.719] —
AI Regulations 0.270 [0.299] 0.406 [0.433] 0.322 [0.353] —

Note. Off-diagonal cells report HTMT point estimates with 95% bootstrap upper confidence bounds in square 
brackets (5,000 resamples). The Henseler test for discriminant validity requires the upper bound of each 
bootstrap confidence interval to remain below 0.85; this condition is satisfied for every pair of constructs in the 
model.

Table 7. Structural model path coefficients.

Path Β SE t-value p-value Decision

Employer AI Support → Digital Skills (H1) 0.532 0.011 47.402 <0.001 Supported
Digital Skills → AI Attitudes (H2) 0.384 0.014 28.057 <0.001 Supported
Employer AI Support → AI Attitudes 0.184 0.013 14.021 <0.001 Supported
AI Regulations → AI Attitudes 0.046 0.011 4.038 <0.001 Partially Supported

Note. Bootstrap samples = 5,000. All paths significant at p < .001.
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correlation of r(qb3, qb4) being equal to 0.494 (p < .001). 
These figures  indicate that the two items co-vary substan
tially but are not redundant—consistent with their treatment 
as interchangeable manifestations of the underlying con
struct, Employer AI Support, rather than as alternative 
measures of the same operation. The more diagnostic indices 
for two-item reflective  scales, composite reliability (CR = 
0.855) and average variance extracted (AVE = 0.747), are 
above the thresholds of 0.70 and 0.50, respectively. Com
posite reliability for all constructs exceeds 0.85, and AVEs 
exceed 0.50, supporting internal consistency and convergent 
validity. Table 4 reports outer loadings for all indicators, 
which exceed the threshold of 0.70.42

The outer loadings are greater than the predetermined 
minimum, which was 0.708, ranging between 0.714 and 
0.870. From the squared loadings, it is evident that each 
measure explains a significant amount of variance for the 
respective constructs, validating the reliability of the in
dicators. For discriminant validity, we used the Fornell- 
Larcker criterion and Heterotrait-monotrait ratio of corre
lations (HTMT), as shown in Tables 5 and 6. Fornell- 
Larcker criterion was satisfied  when the square root of 
average variance extracted (AVE) for each construct is 
greater than its correlations with other constructs, that is, 
off-diagonal elements. This implies that each construct 
explains more variance for its own measures than it explains 
variance for measures belonging to other constructs. Hence, 
discriminant validity is established.

We further assessed discriminant validity using the 
heterotrait-monotrait ratio (HTMT) proposed by Henseler 
et al.46 to identify discriminant-validity violations more 
reliably than the Fornell-Larcker criterion. Table 6 presents 
the full HTMT matrix with the 95% bootstrap upper 
confidence bounds (5,000 resamples). All HTMT values are 

well below the threshold of 0.85, with the highest value 
being 0.695 between digital skills and employer AI support. 
The upper bound of every bootstrap confidence  interval 
remains below 0.85 (Henseler test), providing strong evi
dence of discriminant validity.

Structural model assessment

After the validation of the measurement model, we assessed 
the structural model and tested the hypothesized relation
ships. Table 7 presents the path coefficients  and their 
significance levels. The results support the first and second 
hypotheses. Employer AI support has a positive and sig
nificant effect on employees’ digital skills (β = 0.532, t = 
47.40, p < .001), and in turn digital skills have a significant 
positive effect on employees’ attitudes toward AI (β = 
0.384, t = 28.06, p < .001), indicating that employees with 
higher digital competence report more positive evaluations 
of AI. The direct effect of employer AI support on em
ployees’ AI attitudes is also significant (β = 0.184, t = 14.02, 
p < .001), as is the effect of perceived AI regulations on AI 
attitudes (β = 0.046, t = 4.04, p < .001). These results align 
with prior studies emphasizing the role of AI literacy and 
digital competence in shaping employees’ confidence and 
positive AI appraisal.16,17,25 However, we noted that with a 
sample size of 7,942 respondents, very small relationships 
may become significant.  Therefore, the interpretation of 
each path relies not only on its p-value but also on the 
magnitude of the standardized coefficient  and, diagnosti
cally, on Cohen’s f2 effect size, reported in Table 8. This 
distinction is particularly relevant for the direct effect of 
perceived AI regulations on AI attitudes (β = 0.046), which 
corresponds to a very small effect, despite being significant.

Table 8. Effect sizes (f2).

Path f2 Effect size

Employer AI Support → Digital Skills 0.394 Large
Digital Skills → AI Attitudes 0.136 Small-medium
Employer AI Support → AI Attitudes 0.033 Small
AI Regulations → AI Attitudes 0.003 Below threshold

Note. Cohen’s [54] f2 thresholds: ≥ 0.02 = small, ≥ 0.15 = medium, ≥ 0.35 = 
large. Values below 0.02 are reported here as “below threshold” rather than 
zero, as they may remain statistically significant in large samples without 
representing meaningful effects.

Table 9. The results of the mediation analysis.

Effect Estimate SE p-value 95% CI

Total Effect (c) 0.399 0.012 <0.001 [0.376, 0.422]
Direct Effect (c’) 0.184 0.013 <0.001 [0.158, 0.209]
Indirect Effect (a × b) 0.204 0.009 <0.001 [0.195, 0.228]
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The model explains 28.26% of the variance in digital 
skills (R2 = 0.283) and 27.49% of the variance in AI at
titudes (R2 = 0.275). Although the R2 values fall within the 
weak to moderate range according to Hair et al.,42 the 
results are satisfactory given the nature of the data and the 
complexity of attitudes towards AI.

The effect sizes reported in Table 8 enable a calibrated 
interpretation of the relative practical importance of each path. 
Following Cohen’s46 thresholds (f2 ≥ 0.02 small, ≥ 
0.15 medium, ≥ 0.35 large), employer AI support exerts a large 
effect on digital skills (f2 = 0.394), confirming that organiza
tional provision of digital tools and managerial transparency 
about AI is the strongest predictor in the model. Digital skills 
exert a small-to-medium effect on AI attitudes (f2 = 0.136), 
confirming  digital competence as a meaningful—though not 
dominant—antecedent of positive AI evaluations. Employer 
AI support exerts a small direct effect on AI attitudes (f2 = 
0.033), in line with the mediation pattern reported in subsection 
4.3. By contrast, perceived AI regulations exert a small effect 
on AI attitudes (f2 = 0.003) that falls below Cohen’s threshold.

Mediation analysis

To test the third hypothesis, we examined whether digital 
skills mediate the relationship between employer AI 

support and employees’ attitudes toward AI. Table 9
presents the results. The indirect path through digital skills 
is significant (indirect effect = 0.204, SE = 0.009, 95% CI 
[0.195, 0.228]), as is the direct path from employer AI 
support to AI attitudes (c0 = 0.184, p < .001). The Variance 
Accounted For, defined as the indirect effect divided by the 
total effect, is 51.26%, indicating that half of the association 
between employer AI support and AI attitudes is derived by 
digital skills, with the remainder reflecting  a direct 
relationship. The results are in line with prior studies, 
implying that digital competence is associated with reduced 
AI-related insecurity and more favorable evaluations of AI 
in the workplace.18,21,22 As the data were cross-sectional 
and collected at a single point in time, these findings 
document patterns of co-variation rather than causal pro
cesses. Therefore, the mediation pattern could be treated as 
a decomposition of contemporaneous associations, not as 
evidence that employer AI support generates digital skills 
which then produce positive attitudes toward AI in a 
chronological sequence (Figure 2).

Reverse-direction interpretations are also worth men
tioning. Employees that hold favorable attitudes toward AI 
may be more inclined to invest in digital learning oppor
tunities to leverage digital tools that their employer pro
vides, and to interpret their organization’s AI-related 

Figure 2. PLS-SEM structural model results.
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practices in a more positive way. Although the JD-R 
framework4,13,14 provides theoretical ground for directional 
ordering (organizational and personal resources → moti
vational outcomes), it does not rule out reverse pathways. 
Designs that establish temporal precedence—for example, 
longitudinal panel surveys with repeated measurement of 
attitudes, skills, and perceived support—are required to 
disentangle these alternative directional interpretations.

Moderation analysis

To test the fourth hypothesis (H4), we examined whether 
perceptions of AI regulations moderate the relationship 
between digital skills and attitudes toward AI. We used 
mean-centered variables and the product indicator method. 
Table 10 presents the results.

The interaction term is significant (β = 0.040, t = 4.128, 
p < .001), supporting Hypothesis 4. The positive value of 
the interaction coefficient  implies that the relationship 
between digital skills and attitudes toward AI is moderated 
positively if employees perceive AI regulations in a positive 
way. Although the increase in R2 is low (ΔR2 = 0.002), the 
F-test is statistically significant  (F(1, 7938) = 22.57, p < 
.001). These results suggest that employees that perceive 
the importance of AI regulations are more likely to have 
positive attitudes toward AI. This is in line with the findings 
of prior studies,21,24,29 underlining the role of safeguards in 
mitigating technostress.

Conclusions and discussions

Rapid technological advancements generate both oppor
tunities and challenges for organizations seeking to inte
grate AI into work processes. Drawing on cross-sectional 
data from Eurobarometer 101.4, this study investigates the 
relationships between employer-provided AI support, em
ployees’ digital competencies, and attitudes toward AI 
among 7,942 employed respondents across all 27 EU 
member states. The analysis employed Partial Least 
Squares Structural Equation Modeling within the frame
work of the Job Demands-Resources model. Before con
sidering the broader implications of the findings, three key 
results warrant particular attention and discussion.

First, employer-provided AI support has a strong posi
tive association with employees’ digital skills, while digital 
skills, in turn, are positively related to employees’ attitudes 

toward AI. These patterns are in line with the findings of 
Vitezic and Peric,18 who identify digital competence as a 
key determinant of AI acceptance in the service sector, as 
well as with the resource-building proposition advanced by 
Bakker et al.,4 which posits that organizational resources 
facilitate the accumulation of personal resources. In this 
sense, the present study extends this line of evidence to a 
multi-country European workforce, implying that the re
lational structure operates through a resource-building 
pathway. Employer-provided AI support fosters digital 
skill development, while employees possessing strong 
digital competencies perceive their employer’s AI practices 
more favorably, producing positive attitudes toward AI 
adoption.

Second, digital skills account for 51.26% of the rela
tionship between employer-provided AI support and em
ployees’ attitudes toward AI, and both the direct and 
indirect paths are significant, yielding partial mediation.45

Prior studies on the mediating role of digital competence in 
AI-related outcomes have predominantly examined single- 
sector or single-country cases,19,22 while only few studies 
have explored this pathway using multi-country data. Our 
findings are in line with those single-context results, yet the 
variance in AI attitudes remains modest, signaling that 
digital skills and employer-provided support together ac
count for roughly one quarter of the variation in how 
employees evaluate AI. Factors such as occupational role, 
sector-level AI exposure, trust in management, and indi
vidual risk tolerance are other antecedents. Therefore, the 
partial mediation implies that digital skills are the primary 
determinant of AI attitudes within a wider set of 
antecedents.

Third, the moderation of AI regulation perceptions on 
the skills-attitudes relationship is statistically significant but 
practically negligible. This result suggests that AI gover
nance perceptions and institutional trust shape employee 
orientations toward AI to a certain extent,31 strengthening 
the association between digital skills and positive AI atti
tudes, yet the magnitude of this effect falls below Cohen’s 
threshold for a small effect. One explanation is that most of 
the employees captured by Eurobarometer surveys already 
perceive AI regulation as important, compressing the 
variance for the interaction. Another reason may be that 
perceptions on AI regulation operate through psychological 
channels, including trust in institutional safeguards and 
concern about surveillance risks, which may partially offset 

Table 10. The results of the moderation analysis.

Variable Coefficient SE t-value p-value

Digital Skills 0.475 0.012 40.685 <0.001
AI Regulations 0.045 0.012 3.815 <0.001
Interaction (DS × REG) 0.040 0.010 4.128 <0.001

Note. R2 change due to interaction = 0.002; F(1, 7938) = 22.57, p < .001.
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each other. These competing mechanisms warrant further 
investigation in future studies.

In conclusion, the findings provide support for the ap
plicability of the JD-R framework to AI adoption within 
European workplace settings, while underlining the 
methodological limitations inherent in a cross-sectional 
research design. The results indicate that organizations 
seeking to improve employees’ attitudes toward AI may 
achieve the greatest impact through strengthening 
employer-provided AI support, as this pathway exhibits the 
largest effect size in the model. At the same time, digital 
skill development should be viewed as one component 
within a broader attitudinal and organizational process 
rather than as a sufficient condition for positive AI adoption. 
Furthermore, the weak moderation effects in the analysis 
indicate that policymakers should exercise caution in 
placing excessive emphasis on the promotion of AI-related 
regulations as a short-term mechanism for shaping em
ployees’ attitudes. Future research employing longitudinal 
designs would offer a more robust basis for assessing the 
directional and conditional relationships identified  in this 
study. Studies that track employer AI support, the devel
opment of digital competencies, perceptions of AI regu
lation, and attitudes toward AI across multiple time points 
would enable stronger inferences regarding the dynamic 
processes underlying AI.

Implications of the study

Theoretical implications. This study applies the JD-R 
framework within the AI adoption context, providing 
empirical evidence for its core propositions. The strong 
association between employer-provided AI support and 
digital skills implies that organizational resources support 
the development of personal resources.17 In AI-enabled 
workplaces, where task demands shift rapidly and skill 
obsolescence is a pressure, digital job resources act as 
enablers of digital competence derived by the employer- 
provided support that remove technostress and skill 
stagnation.17,24,27,47

The positive association between digital skills and AI 
attitudes confirms  the role of personal resources as ante
cedents of favorable technology appraisal. Employees that 
have digital competence are more likely to evaluate AI as an 
opportunity rather than a threat, fostering cognitive ap
praisal arguments of JD-R theory.22,35 However, the modest 
R2 for the AI attitudes signals that other personal resources 
including AI self-efficacy and tolerance for uncertainty may 
operate alongside digital competence. The partial media
tion, where digital skills account for 51.12% of the total 
association between employer-provided AI support and 
employees’ attitudes, is in line with the JD-R’s resource 
gain spiral, where organizational resource provision asso
ciates with personal resource accumulation, which in turn 
creates motivational outcomes.14,46

The most nuanced finding  of the study concerns the 
moderating role of perceptions of AI regulation. The 
relatively weak effect size raises an important theoretical 
question regarding the role that regulation perceptions 
occupy in the JD-R framework. Three interpretations may 
account for this relationship. From a trust-based per
spective, support for AI regulation may function as an 
institutional resource that reduces uncertainty and en
hances employees’ psychological safety.31,40 Alterna
tively, from a risk-oriented perspective, strong 
endorsement of regulation may reflect heightened anxiety 
regarding AI-related risks, implying that the moderating 
mechanism operates through perceptions of threat rather 
than resource buffering.16,29 A third interpretation con
ceptualizes regulation perceptions as an indicator of trust 
in governance structure at the macro level, distinct from 
individual feelings of safety and personal risk appraisal. 
The negligible moderation effect is consistent with the 
possibility that these mechanisms coexist simultaneously 
and partially counterbalance one another, limiting the 
strength of the moderating relationship.

Practical implications. The results provide important impli
cations for organizations, policymakers and AI system 
developers. Organizations should implement AI training 
programs and promote transparent communication for 
building employee digital competence in the workplace. 
Since digital skills have a small-to-medium effect on 
positive attitudes toward AI, training programs designed on 
AI use cases may improve AI receptivity, elevate digital 
skills and support the attitudinal shift about how employees 
evaluate AI. Additionally, organizations may make pro
motional communication for framing AI as a supportive 
tool. Thus, as recent evidence suggests,29,47,48 by equipping 
the workforce with tools and skills to use AI and ensuring 
AI governance, organizations can create a workforce that 
views AI as a collaborator rather than a threat. These in
sights can foster adoption frameworks that mitigate both 
job-loss risk and raise AI’s capacity to augment human 
capabilities.49,50

For policymakers, the findings  lay out noteworthy in
sights. Although the moderation effect of AI regulation 
perceptions is significant,  its effect size is negligible, im
plying that regulatory communication alone is less likely to 
move employees’ attitudes toward AI in a positive way. 
Rather than framing AI regulation as a primary attitudinal 
lever, policymakers should treat the EU AI Act’s provisions 
on privacy, automated decision-making, and transparency 
as fundamental rights protections whose attitudinal benefits 
may be generated gradually. The results imply that dis
seminating accessible information about protective mea
sures is worthwhile, but expectations about attitude change 
should be modest. Policymakers can improve this outcome 
by formalizing better AI governance policies and priori
tizing proactive communication on AI regulations.
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For AI system developers, the findings  imply that the 
implementation of digital technologies in workplaces with 
limited digital proficiency  may encounter significant  re
sistance from employees. This challenge can be partially 
mitigated through technical design choices that prioritize 
usability and accessibility. Designing interfaces that min
imize the cognitive demands associated with AI interaction, 
may provide interpretable outputs, and enhance the trans
parency of AI decision-making processes, reducing the 
level of expertise required for effective engagement with AI 
systems. Such design strategies can work alongside orga
nizational training initiatives by making AI tools more 
approachable and less intimidating for non-specialist users. 
Additionally, developers may incorporate adaptive support 
features, such as guided workflows,  contextual explana
tions, and interactive feedback mechanisms, to further fa
cilitate user trust in AI systems.

Limitations of the study and future research avenues

While this study offers novel evidence in the drivers of 
employees’ attitudes and perceptions toward AI, there are 
several limitations worth mentioning. First, this study relies 
on cross-sectional survey data, which limits causal infer
ences for the relationships between employer-provided AI 
support, digital skills, regulation perceptions, and em
ployees’ attitudes toward AI as response bias may impact 
the results, particularly for behavior measurement variables 
such as attitudes and perceptions. Also, the Eurobarometer 
indicators were not originally designed to operate JD-R 
constructs, and some measures, particularly Employer AI 
Support, rely on short reflective scales. Future longitudinal 
studies may address these concerns to better examine the 
temporal dynamics between employer AI support, digital 
competencies, and employees’ AI attitudes.

Second, although Eurobarometer offers a large repre
sentative sample of the EU-27, cultural, regulatory, and 
labor-market differences limit direct extensions to non-EU 
contexts. Future studies may make cross-regional analysis 
to increase the generalizability of the findings. Third lim
itation is the lack of cross-industry effects of AI integration. 
This is extremely important as some job roles are more at 
risk for automation and replacement than others. Future 
research should examine how differently AI affects 
workplaces by engaging with cross-industry effects.

Fourth, the variance in employees’ attitudes toward AI 
remained moderate, implying that additional antecedents 
such as AI self-efficacy,  occupational AI exposure, man
agerial trust, algorithmic fairness perceptions, individual 
risk tolerance, sectoral AI intensity and institutional gov
ernance environments may play important roles not cap
tured in the model. Future studies may use these variables to 
produce more refined results.

Finally, the moderation effect associated with AI 
regulation perceptions was significant  but weak, 

indicating that governance-related perceptions may 
function through multiple competing psychological 
mechanisms that were not directly measured in this study. 
Future research could distinguish more explicitly be
tween trust-based and risk-based interpretations of AI 
regulation perceptions, as these mechanisms may pro
duce different attitudinal and behavioral outcomes.
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