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ABSTRACT

This paper reports an international survey of how Industry 4.0 (14.0) technologies are affecting job quality and employee well-
being in manufacturing. Consistent with the theory that greater capital intensity and technological/operational uncertainty

predict greater worker participation in management, the results more strongly support the optimistic rather than the pessimistic

view of how I4.0 technologies will affect job quality. Greater use of the most prevalent I4.0 technologies is associated with greater

involvement in decision-making, which leads to higher job satisfaction and better psychological health. Greater use of 14.0 tech-
nologies is not associated with work intensification. This suggests that I4.0 technologies can help humanize work, although our
data suggest that the transformation to a smart factory may imply that employee involvement is associated with more highly
qualified workers. The study does not rule out the emergence of digital Taylorism through increased managerial control and

work intensification as I4.0 technologies are progressively debugged.

1 | Introduction

Digital transformation is a principal feature of the policy agen-
das of many countries with “national digital strategies” now
“close to ubiquitous” (OECD 2024, 17). It has become custom-
ary to talk of the “fourth industrial revolution” (Industry 4.0;
hereafter, 14.0), a term signifying a major transformation be-
yond the information and communication technology (ICT) or
“third industrial revolution” of the last fifty years, which built
upon the mechanization of factory production and the electrifi-
cation of the power grid that shaped the first two industrial rev-
olutions (Kagermann et al. 2013; Vereycken, Ramioul, Desiere,
et al. 2021).

However, little research has focused on how I4.0 affects the
quality of work and employee well-being in manufacturing com-
panies (Adeniji and Boxall 2024; Berg et al. 2023). Instead, most
research on I4.0 has concentrated on developing and optimizing
its enabling technologies (Lu 2017; Oeij et al. 2024). Our goal in
this paper is to help address the issue of how 4.0 impacts the

job quality and well-being of manufacturing employees. We do
not focus on the extent to which I4.0 may impact job numbers
but on how the work of employees involved with 14.0 influences
their quality of working life: as they implement the technolo-
gies it involves, does it enhance or undermine their well-being?
Our study is based on a comprehensive international survey of
manufacturing workers conducted in 2020 employing structural
equation modeling for the analysis.

With numerous nations now seeking to preserve and foster do-
mestic manufacturing to improve their resilience in the face of
regular supply-chain disturbances, the study addresses a ques-
tion of major social consequence (Oeij et al. 2024). A highly
skilled, sustainable manufacturing workforce is a strategic
asset for economic and societal well-being. This is true across
the board and especially so in countries at the far end of fragile,
just-in-time supply chains, such as Australia and New Zealand
(Skilling 2022; Australian Industry Group 2025). In this context,
if we are to enhance manufacturing capabilities and sustainabil-
ity, we need an understanding of how 14.0 is affecting key work
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Key Points

« How I14.0 manufacturing technologies are affecting
job quality and employee well-being is of strategic
importance.

This study finds that the more prevalent I14.0 technolo-
gies are associated with greater employee involvement
in decision-making, which leads to higher job satisfac-
tion and more positive psychological health.

It does not find a link between greater use of 14.0 tech-
nologies and work intensification.

The study is more supportive of an optimistic than a
pessimistic view of how 4.0 will affect job quality.

This, however, does not rule out increasing manage-
rial control, work intensification, and variability in
worker experiences over time and across contexts.

characteristics and worker outcomes and, thus, the prospects of
recruiting and retaining a competent and motivated manufac-
turing workforce. While the paper contributes to the debate in
the academic literature between optimistic and pessimistic the-
oretical perspectives of the impacts of 14.0 on worker well-being,
the issue is much more than academic: it relates to an important
societal problem.

The paper is conventionally organized. It begins with a review
of the literature on the nature of 14.0 manufacturing, which
leads into a discussion of job quality and employee well-
being, in which we set up our hypotheses. We then report our
data, methods, and results, leading into our discussion and
conclusion.

2 | I4.0 Manufacturing

14.0 manufacturing involves the melding of the digital sphere
with manufacturing (Kang et al. 2016). Riiimann et al. (2015)
refer to the “nine pillars” of 14.0: big data and analytics, autono-
mous robots, simulation, horizontal and vertical system integra-
tion, the industrial internet of things, cybersecurity, the Cloud,
additive manufacturing, and augmented reality. Although parts
of these technologies have been in place for some time, they
argue that I4.0 brings them together in a much more integrated
and transforming way. It helps to organize the diverse technolo-
gies that travel under the I4.0 paradigm into three major catego-
ries (Adeniji and Boxall 2024):

2.1 | The Internet of Things (IoT)

This term, coined in 1999 by Kevin Ashton in a presentation at
Procter & Gamble (Kramp et al. 2013), refers to:

A world where physical objects are seamlessly
integrated into the information network, and
where the physical objects can become active
participants in business processes. Services are
available to interact with these “smart objects” over

the Internet, query their state and any information
associated with them, taking into account security
and privacy issues.

(Haller et al. 2009, 15)

The internet referred to here should not be confused with the
public internet accessible to most users. These networks are
owned and operated by individual manufacturing companies
due to intellectual property (IP) rights and other sensitive in-
formation. Cybersecurity is critically important for protecting
industrial systems from threats and malicious cyberattacks
(Tweneboah-Koduah et al. 2017).

2.2 | Cyber-Physical Systems (CPSs)

A CPS is “an embedded system that exchanges data in an in-
telligent network that enables smart production” (Pereira and
Romero 2017, 1211). In CPSs, virtual identities are created and
mapped online to replicate the physical environment of the fac-
tory (Lee et al. 2015). This “digital twin” or “cyber-twin” (Lee
et al. 2015) is created through computer algorithms and continu-
ously updated with real-time data. It uses simulations, machine
learning, and analytics to mirror, predict, and optimize perfor-
mance. Thereafter, commands can be issued over the network to
execute the determined actions, enabling real-time control and
automation of the physical counterpart.

2.3 | Smart Factory (SF)

A smart factory comprises smart machines, smart devices, smart
manufacturing processes, data analysis, smart engineering (prod-
uct design and development, innovation, planning), actual pro-
duction and associated IT services, and smart logistics (Shrouf
et al. 2014). It refers to the comprehensive integration of the manu-
facturing value chain, linking all activities from material sourcing
to after-sales service, to create a quick, interactive, and responsive
production environment. If the CPS is the heart and brain of 14.0,
then the smart factory can be regarded as its body, housing its dif-
ferent components, technologies, and processes. Smart factories
are highly automated, applying advanced robotics to the produc-
tion process (Pasupuleti 2024). The output of a smart factory is a
“smart product”, which continuously provides data and informa-
tion about itself throughout its lifecycle (Laird 2017).

While these three categories provide an overview, they also in-
dicate the complexity of 14.0. Before we proceed, it pays to un-
derline that manufacturers choose technologies that align with
their particular goals, resources and environment (e.g., Boxall
and Winterton 2018). Major contingencies inevitably shape how
firms, including cash-strapped small enterprises, make these
decisions.

3 | Job Quality and Employee Well-Being Under
Industry 4.0

We now turn to theory and research relevant to our ques-
tion: how will 14.0 change job quality, and what impacts will
it have on employee well-being? On the one hand, we have
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optimistic predictions. Kagermann et al. (2013) suggested that
14.0 would foster decentralized decision-making, promote
worker empowerment and enhance job quality. Theoretically,
there are two major reasons to expect that greater application
of 14.0 technologies will foster greater employee involvement
in decision-making (Boxall and Winterton 2018). One reason,
stemming from pioneering research by Blauner (1964), is that
greater capital intensity in manufacturing leads to greater
worker participation in problem-solving to make best use of
the potential of expensive equipment. Worker involvement in
addressing problems with expensive equipment is needed to
maximize the uptime of the machinery and, thus, the benefits
of the investment. A second, and complementary, reason is that
greater employee involvement in decision-making is needed
in conditions of technological or operational uncertainty, as
characterizes the rapid development of 14.0. In this context,
variances in system performance are best resolved at source
by those affected: operating workers need to handle, or help
to handle, in conjunction with technical specialists, the novel
or unexpected problems that arise (e.g., Wright and Cordery
1999). This is demonstrated in Antonazzo et al.'s (2024) qual-
itative study of management and union views on the advance
of 14.0 in European steel-making firms and its implications
for work and skills. Their data suggests that the challenge of
supervising highly automated, digitalized production systems
is likely to require a significant building and blending of tech-
nical and soft skills as workers are called upon to comprehend
what is happening in complex technical processes, analyze
the problems that emerge, and collaborate more intelligently
with data and with each other to resolve them.

Kagermann et al. (2013) argued that the benefits of 14.0 would
only be realized if a sociotechnical systems (STS) approach
was taken in implementing the new production system. This
perspective is now being expressed as part of the European
Commission's aspiration to transform I4.0 into “Industry 5.0”
(15.0), with the aim of developing a “sustainable, human-centric
and resilient” approach “toward industry, the economy and so-
ciety” (Oeij et al. 2024, 206). STS models of work organization
seek to reduce top-down control by management and to jointly
optimize the social and technical systems of work, encouraging
a large realm of “responsible autonomy” on the part of workers
(Trist and Bamforth 1951; Guest et al. 2022).

Bringing this perspective into the world of 14.0 implies that
workers will be more fully involved in decentralized, empow-
ering forms of decision-making (Oeij et al. 2024). Indeed, a
study by Vereycken, Ramioul, Desiere, et al. (2021), based on
management-provided data from 5609 manufacturing compa-
nies in the 2019 European Company Survey, found that digital
technologies were associated with greater employee involve-
ment, job complexity, and skill development.

We recognize, of course, that there is also a critical perspec-
tive. Grounded in labour process theory (e.g., Thompson and
Smith 2024), which sees management as continually seeking to
expand its control over work processes, this envisages a height-
ened form of Taylorist (1911) work organization, characterized
by the efficiency-driven standardization of processes and the
transfer of knowledge from workers to management. Under
14.0, “digital Taylorism” may be deployed to drive efficiency

through the standardization of techniques and processes
(Giinsel and Yamen 2020) and heightened surveillance (e.g.,
Moro et al. 2019). Rainnie and Dean (2020, 28) warn of a “digi-
tally driven debasement of high-skilled, high-waged work”, and
Butollo et al. (2019, 68), assessing an 4.0 pilot project, argue that
these systems do “not necessarily increase autonomy, personal
responsibility, and self-development”.

Our dataset enables us to test these contrasting visions: is 14.0
leading to greater employee involvement of a genuine kind (the
optimistic view) or is it debasing the quality of work (the pessi-
mistic view)? To test these opposing perspectives, we couch our
first hypothesis in terms of the positive vision, proposing that:

Hypothesis1. GreateruseofI4.0 manufacturing technologyis
associated with greater employee involvement in decision-making.

As predicted by a range of theories, including action-regulation
theory, the job characteristics model and STS, greater employee
involvement in decision-making generally leads to positive
outcomes for employees (Frese and Zapf 1994; Hackman and
Oldham 1976; Parker and Wall 1998). It tends to enhance job
satisfaction through meeting human needs for greater control
over working methods (e.g., Gallie 2013). It also has benefits for
physical health by enabling workers to make choices in their
work, such as responding to sources of work intensification that
can lead to fatigue (e.g., Boxall and Macky 2014). Greater in-
volvement is also likely to improve psychological health through
providing workers with better information and participation in
work decisions (e.g., Mackie et al. 2001). Therefore, we propose
these direct effects and that involvement acts as a mediator be-
tween the use of I4.0 manufacturing technology and these em-
ployee outcomes:

Hypothesis 2. Involvement in decision-making will have a
positive relationship with (a) Job satisfaction, (b) Physical health,
and (¢) Psychological health.

Hypothesis 3. Involvement in decision-making mediates the
relationship between the use of 14.0 manufacturing technology
and (a) Job satisfaction, (b) Physical health, and (c) Psychological
health.

The opportunity for workers to use their preferred skills in their
job tasks is recognized as an important intrinsic job quality
(e.g., Berg et al. 2023). O'Brien (1983, 462) defines skill utiliza-
tion as “the degree of match or congruence between an indi-
vidual's skills and the level of skill required by his or her job”.
It signifies the opportunity for individuals to explore more of
their potential. What 14.0 is likely to mean for employee skill
utilization remains unclear and is likely to vary. However, some
scholars contend that the paradigm’'s CPSs, rather than leading
to an erosion of human abilities, should enhance workers' skills
and capabilities, and result in human work being more effi-
cient because of the cognitive, sensorial and physical assistance
that is available (Nelles et al. 2016; Rauch et al. 2020; Romero
et al. 2016). On the other hand, as noted above, I14.0 technologies
might lead to greater monitoring and the degradation of work
through deskilling (Butollo et al. 2019; Moro et al. 2019; Rainnie
and Dean 2020). To assess these alternative predictions, we test
the positive argument that:
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Hypothesis 4. Greater use of 14.0 manufacturing technology
is associated with greater levels of skill utilization.

Skill utilization is strongly associated with valuable employee
outcomes. In enabling individuals to use more of their abilities
and realize more of their potential, greater skill utilization is
a major predictor of job satisfaction (e.g., Morrison et al. 2005;
O'Brien 1982). It is also linked to better physical health. In a US
study of 87,316 working adults, Fujishiro and Heaney (2017)
found a negative association between skill utilization and self-
reported levels of hypertension and high cholesterol. Similarly,
greater skill utilization has been found to predict better mental
health (e.g., Kornhauser 1965). Accordingly, we propose the fol-
lowing direct and mediating relationships:

Hypothesis 5. Skill utilization will have a positive rela-
tionship with (a) Job satisfaction, (b) Physical health, and (c)
Psychological health.

Hypothesis 6. Skill utilization mediates the relationship be-
tween the use of 4.0 manufacturing technology and (a) Job satis-
faction, (b) Physical health, and (c) Psychological health.

Work intensification involves a faster work pace or tougher dead-
lines and the reduction of employee idle or recovery time (e.g.,
Green 2006). The impact of 14.0 on work intensity is an open
question. On the one hand, “if digital technologies are designed
to take on the most intensive aspects of work, this could leave
workers with a more balanced pace of work” (Berg et al. 2023,
353). A common line of argument, however, is that the use of

information and communication technologies (ICT) through
devices and wearables creates work intensification through
heightened monitoring and through expecting employees to
remain in a constant state of being “switched on” (e.g., Berg
et al. 2023; Giinsel and Yamen 2020). Thus, we propose that:

Hypothesis 7. Greater use of [4.0 manufacturing technology
is associated with greater levels of work intensification.

Work intensification is well known to have negative effects on
employee well-being. Korunka et al. (2015), examining 587
Austrian workers, find a negative relationship between work in-
tensification and job satisfaction and a positive relationship be-
tween work intensification and emotional exhaustion. Similarly,
scholars find that work intensification is linked to greater work-
life imbalance and higher levels of stress and fatigue (Boxall and
Macky 2014) and to physical and emotional strain and exhaus-
tion (Paskvan and Kubicek 2017). Accordingly, we hypothesize
these direct and mediating effects:

Hypothesis 8. Work intensification will have a negative re-
lationship with (a) Job satisfaction, (b) Physical health, and (c)
Psychological health.

Hypothesis 9. Work intensification mediates the relationship
between the use of I4.0 manufacturing technology and (a) Job sat-
isfaction, (b) Physical health, and (c) Psychological health.

The nine hypotheses are depicted in the conceptual model in
Figure 1.

Job Satisfaction

14.0 Manufacturing

Involvement in
Decision-Making

Technologies

- Group 1 14.0 Technologies
- Group 2 14.0 Technologies
- Group 3 14.0 Technologies

Physical Health

Skill Utilization

Digitalization

Work Intensification

Psychological Health

- Positive Affects

FIGURE1 | Conceptual model.

- Negative Affects
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4 | Data, Methods and Analysis

The study is based on an international survey of manufactur-
ing workers conducted in 2020. Respondents were sourced from
the Prolific platform. The parameters were a non-management
manufacturing worker, aged 18 to 65, currently working in
one of 19 manufacturing sub-sectors (Table S1). Prolific has
controls in place to verify participants, ensure reliable demo-
graphic information, and prevent fraudulent activity (Palan and
Schitter 2018). The survey instrument, which covered a range of
questions on working conditions, HR practices, and employee
outcomes, was written in straightforward, concise language. It
was pilot-tested before deployment and provided assurances of
anonymity and confidentiality. To alleviate common-method
bias, the Likert response scales varied in terms of type, number
of scale points, and anchor labels for the questions (Podsakoff
et al. 2003).

Once the survey was closed, the response of each participant
was checked for completeness and to weed out those who
engaged in satisficing (i.e., the random selection of answers
with little or no thought), and submissions (11) completed in
less than a third of the allocated time were not included in
the final sample (DuHadway et al. 2018). This left 147 respon-
dents (70 operations workers and 77 technical specialists and
professional engineers), as described in Table S1. The larg-
est respondent groups are in the USA (64), the UK (34) and
Australia (11).

The mean age of the respondents is 36.9years, and, as ex-
pected in the manufacturing sector, males dominate the sam-
ple. Two-thirds hold a degree, a technical qualification, or an
apprenticeship. The average tenure with the current employer
is 7.43years. 31.3% of plants are unionized, but only 15.6% of
respondents are trade union members. Around 70% of plants
are at least 20years old. The main manufacturing subsectors
are electronics and electrical equipment, other manufactur-
ing, metal and metal products, and industrial and commercial
machinery.

The extent of uptake of 14.0 technologies was measured using
12 items based on responses to an earlier employer survey and
suggestions from a group of 14.0 engineering experts. Values of
0 (no) and 1 (yes) were assigned to the non-use and use of the
technologies, respectively, and these were averaged for each
respondent to give a score for technologies used. As a second
measure of 14.0 implementation, respondents were asked about
the extent of digitalization in their plant: 4% reported complete
digitalization, 31% reported a lot of digitalization, 42% reported
that digitalization was used for stand-alone processes, 16% re-
ported very little and 7% reported none. Overall, then, while
only a small number have experienced a total takeover by 14.0,
three-quarters of the sample are experiencing 14.0 technologies
to some extent.

Involvement in decision-making was measured by asking the re-
spondents how often they were involved in the decision-making
process for methods of work, adoption of new technologies, pace
of work, quality of work, and work schedule or roster, on a 7-
point Likert scale, ranging from 1 (never) to 7 (always).

Skill utilization was assessed using the six-item measure from
Morrison et al. (2005) on a 5-point scale, ranging from 1 (not
at all) to 5 (a great deal). A sample item is “To what extent does
your job provide you with the opportunity to use all of the skills,
talents and abilities you possess on a regular basis?”

Work intensification was measured wusing Mullarkey
et al.'s (1995) three-item scale. A sample question is “I am under
constant pressure at work.” Respondents were asked to indicate
their extent of agreement on a 7-point scale from 1 (strongly dis-
agree) to 7 (strongly agree).

Job satisfaction was assessed using the Michigan Organizational
Assessment Questionnaire Job Satisfaction Subscale, as ana-
lyzed by Bowling and Hammond (2008). The subscale has three
components—“All in all, I am satisfied with my job”, “In gen-
eral, I do not like my job”, “In general, I like working here”—
with the average score (after reverse coding the negative item)
taken as a measure of overall job satisfaction. The items were
rated on a 7-point Likert scale from 1 (strongly disagree) to 7
(strongly agree).

Physical health was measured using a single item, adopted from
Ware and Sherbourne (1992), which asked respondents to rate
their health on a 7-point scale from 1 (very poor) to 7 (very good).

For psychological health, the measure from Wood et al. (2012)—
which in turn was adapted from Warr's (1990) anxiety-comfort
scale—was used, with respondents asked to think about how
often their jobs have made them feel three positive affective
states (relaxed, calm, contented), and three negative ones (tense,
worried, uneasy) over the last few weeks on a 5-point scale,
ranging from 1 (all the time) to 5 (never). Since the items for
positive and negative affective states do not form a single factor
in the confirmatory factor analysis, they were examined as two
factors—positive psychological health and negative psychologi-
cal health—when testing the hypotheses. The items for positive
psychological health were reverse-scored so that higher scores
indicate better psychological health.

We controlled for the effects of gender, age, and tenure when
testing the hypotheses because previous studies have found
these variables to be associated with job satisfaction and phys-
ical and psychological health. All analyses were conducted
using Mplus 8.10 (Muthén and Muthén 1998-2017). We first
examined the quality of measurement scales using the R-based
measureQ package (Cheung et al. 2024). Since we tested 14.0
technologies at the dimension level and assessed psychological
health in two dimensions, the number of estimated parameters
in the full structural equation model exceeds the number of re-
spondents, resulting in a non-admissible solution. Hence, we
follow Cheung et al.'s (2021) suggestion to adopt the reliability-
corrected single indicator (RCS) approach to estimate the path
coefficients in the structural model. Specifically, each variable
is represented by the simple average of the item scores, and the
measurement error is defined as (1 — Cronbach's alpha) times
the variance of the simple average score. The RCS approach has
been demonstrated to provide accurate estimated parameters
in previous simulation studies (Cheung and Lau 2017; Cheung
et al. 2021; Su et al. 2019). Since the mediating effects are not
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normally distributed, we followed Cheung and Lau's (2008) sug-
gestion and tested the mediating hypotheses using the 95% bias-
corrected confidence intervals (BCCIs) generated from 2000
bootstrap samples.

5 | Results

The means, standard deviations, correlation coefficients
and Cronbach's alpha reliability are reported in Table 1.
The fit indices for the measurement model are as fol-
lows: x*(351)=573.836, CFI=0.911, RMSEA =0.066, and
SRMR =0.060, indicating that the measurement model pro-
vides an adequate fit to the data. The factor loadings, construct
reliability and average variance extracted (AVE) of all latent
variables are reported in Table 2. The construct reliability co-
efficients range from 0.78 to 0.94, implying that our measure-
ment scales have good reliability. Though the factor loading
of the item “adoption of new technologies” (0.49) for involve-
ment in decision-making is significantly lower than 0.7, it
is not significantly lower than 0.5. All other factor loadings
are not significantly lower than 0.7, and all AVEs are higher
than 0.5. Hence, our results provide evidence for convergent
validity, except for a minor concern about one item (Cheung
et al. 2024). All the correlation coefficients are lower than 0.7,
and all squared correlations are lower than the correspond-
ing AVEs, implying discriminant validity among the variables
(Cheung et al. 2024; Fornell and Larcker 1981).

Some comments should first be made on the incidence of 14.0
technologies. There is no particular technology that is over-
whelmingly present. We can discern three groups based on their
prevalence in our sample. First, cybersecurity, the internet of
things and cloud computing are reported by 42% to 50% of our
respondents. For the analysis that follows, we call these “Group
1” 14.0 technologies. There is then a group of technologies ex-
perienced by 23% to 34% of respondents: data-enabled resource
optimization, artificial intelligence, connected sensors, simula-
tion, big data and predictive maintenance, which we call “Group
2” 14.0 technologies. We then have “Group 3” 14.0 technologies,
which have an incidence of only 7% to 17% among our respon-
dents: digital twins of the production process, vertical and
horizontal system integration, and advanced robotics. This tech-
nology group is closest to what is meant by a “smart factory”.

A second set of comments should address variations in the
adoption of 14.0 technologies in work across the major groups
in the sample. The I4.0 manufacturing technologies and
the degree of digitalization by demographics of respondents
are presented in Table S1. It is found that respondents with
higher qualifications (y?>=18.19, df=9, p<0.05), no union-
ism at the workplace (y*=13.50, df=6, p<0.05), technical
specialists and professional engineers (y*=16.16, df=3,
p<0.01), and working in plants with more full-time employ-
ees (y*=28.30, df=15, p<0.05) reported working with more
Group 1 I14.0 technologies. Respondents with higher qualifica-
tions (y?>=17.43, df=9, p<0.05) also reported working with
more Group 3 I4.0 technologies. Finally, younger respon-
dents (y*=28.27, df =16, p <0.05), with higher qualifications
(x¥*=22.40, df=12, p<0.05), and working as technical spe-
cialists and professional engineers (y*=12.47, df=4, p <0.05)

reported a higher degree of digitalization in the workplace.
There is no statistically significant difference in the adoption
of I4.0 manufacturing technologies and the degree of digi-
talization at work between males and females, across coun-
tries, manufacturing subsectors, and the age of plants. The
picture that emerges, then, is that manufacturing workers
who are younger and more highly qualified in technical skills
and professional engineering experience a greater degree of
digitalization.

The fit indices for our hypothesized structural model are as fol-
lows: ¥%(14)=5.664 (p=0.974), CFI=1.000, RMSEA =0.000,
and SRMR =0.021, indicating that the hypothesized structural
model provides a very good fit to the data. The estimated pa-
rameters from the structural equation model are presented in
Table 3, and the standardized indirect, direct, and total effects,
together with the 95% BCCI generated from 2000 bootstrap sam-
ples, are reported in Table 4.

Hypothesis 1 posits that the greater use of I4.0 manufacturing
technology is associated with increased employee involvement
in decision-making. Table 3 shows that our two most preva-
lent groups of 14.0 technologies, Group 1 (=0.184, p <0.05)
and Group 2 (f=0.404, p<0.01), have statistically significant
positive relationships with involvement in decision-making.
The extent of digitalization has a positive but statistically
non-significant relationship with involvement in decision-
making. On the other hand, the least prevalent technologies,
Group 3, which are more reflective of smart factories, have a
statistically significant but negative relationship with involve-
ment in decision-making (f=-0.272, p <0.01). H1 is partially
supported.

Hypothesis 2 posits that involvement in decision-making will
have a positive relationship with job satisfaction, physical health,
and psychological health. Table 3 shows that involvement in
decision-making has a statistically significant positive relation-
ship with job satisfaction (8=0.229, p<0.05), supporting H2a.
The relationship between involvement in decision-making and
physical health is not statistically significant (8 =0.175, p =0.10);
hence, H2b is not supported. The association between involve-
ment in decision-making and positive psychological health is
statistically significant (§=0.306, p<0.01), but not significant
with negative psychological health (8=0.033, p=0.749); H2c is
partially supported.

Hypothesis 3 posits that involvement in decision-making me-
diates the relationship between the use of 14.0 manufactur-
ing technologies and the outcome variables. Table 4 shows
that the mediating effect of involvement in decision-making
on the relationship between Group 1 technologies and job
satisfaction (8=0.042, 95% BCCI=[0.002, 0.114]) is statis-
tically significant, as is the effect on positive psychological
health (8=0.056, 95% BCCI=[0.005, 0.144]). H3 is partially
supported.

Hypothesis 4 posits that the greater use of 14.0 manufacturing
technology is associated with higher levels of skill utilization.
Table 3 shows that neither digitalization nor the three groups of
technologies has a statistically significant relationship with skill
utilization; H4 is not supported.
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TABLE 2 | Factor loadings, construct reliability and average variance extracted of latent variables.

Average variance
Factor loadings Construct reliability extracted
Involvement in decision making 0.85 0.53
Methods of work 0.73
Adoption of new technologies 0.49
Pace of work 0.84
Quality of work 0.75
Work schedule or roster 0.79
Skill utilization 0.93 0.68
Use all of the skills, talents and abilities you 0.84
possess on a regular basis?
Develop new knowledge and learn new skills? 0.77
Improve on the skills and abilities you possess? 0.87
Apply your skills, knowledge and abilities to the 0.79
job in the way you think is best?
Use skills and abilities which others regard as 0.84
important and valuable?
Use a variety of your skills, talents and abilities 0.84
each day?
Work intensification 0.78 0.54
I find myself working faster than I would like in 0.63
order to complete my work
I am under constant pressure at work 0.83
I find that work piles up faster than I can complete 0.74
it
Job satisfaction 0.94 0.84
Allin all, T am satisfied with my job 0.95
In general, I do not like my job (reverse coded) 0.86
In general, I like working here 0.94
Psychological health—positive 0.89 0.73
Relaxed (reverse coded) 0.90
Calm (reverse coded) 0.88
Contented (reverse coded) 0.79
Psychological health—negative 0.90 0.75
Tense 0.77
Worried 0.87
Uneasy 0.93

Hypothesis 5 posits that skill utilization has a positive relation-
ship with job satisfaction, physical health, and psychological
health. Table 3 shows that skill utilization has a statistically
significant relationship with job satisfaction (8=0.567, p <0.01),
supporting H5a. The relationship between skill utilization
and physical health is not statistically significant (§=-0.030,
p=0.793); hence, H5b is not supported. The association between

skill utilization and positive psychological health is statistically
significant (§=0.289, p<0.01), but not significant with nega-
tive psychological health (§=0.148, p=0.136); H5c is partially
supported.

Hypothesis 6 posits that skill utilization mediates the relation-
ship between the use of I4.0 manufacturing technologies and
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the outcome variables. Table 4 shows that only the mediating
effect of skill utilization on the relationship between Group 2
technologies and positive psychological health (=0.055, 95%
BCCI=[0.000, 0.143]) is statistically significant, partially sup-
porting H6.

Hypothesis 7 posits that the greater use of 14.0 manufacturing
technology is associated with higher levels of work intensifica-
tion. Table 3 shows that none of the 14.0 technologies or digi-
talization has a statistically significant relationship with work
intensification. H7 is not supported.

Hypothesis 8 posits that work intensification has a negative
relationship with job satisfaction, physical health, and psycho-
logical health. Table 3 shows that work intensification has a
statistically significant negative relationship with job satisfac-
tion (=-0.154, p <0.05), physical health (§=-0.235, p<0.01),
positive psychological health (8=-0.326, p<0.01), and neg-
ative psychological health (f=-0.506, p<0.01); hence, H8 is
supported.

Hypothesis 9 posits that work intensification mediates the re-
lationship between the use of 14.0 manufacturing technologies
and the outcome variables. Table 4 shows that none of the me-
diating effects of work intensification is statistically significant;
therefore, H9 is not supported.

6 | Supplementary Analyses

Since our data are cross-sectional, we also tested a model in
which 14.0 manufacturing technologies mediate the relation-
ships between involvement in decision-making, skill utilization,
and work intensification. The results are presented in Tables S2
and S3. However, except for the indirect effect from involve-
ment in decision making through Group 2 technologies to pos-
itive psychological health (f=-0.096, 95% BCCI=[-0.194,
—0.027]), and negative psychological health (8=-0.093, 95%
BCCI=[-0.202, —0.024]), all other indirect effects through 14.0
technologies are statistically non-significant. On the other hand,
the direct effects of involvement in decision-making on job sat-
isfaction and positive psychological health, the direct effects of
skill utilization on job satisfaction and positive psychological
health, and the direct effects of work intensification on all out-
come variables are statistically significant. This indicates that
these effects are not going through 14.0 technologies.

7 | Discussion and Conclusions

The manufacturing workers in our sample report that greater
use of the most prevalent groups of 14.0 technologies that we
measure (Groups 1 and 2) is associated with greater involvement
in decision-making. While this is not true of our least prevalent
group (Group 3), which is more reflective of a “smart factory”,
the results are broadly consistent with the theory that greater
capital intensity and technological/operational uncertainty
will predict greater worker participation in management (e.g.,
Blauner 1964; Wright and Cordery 1999). It could be the case
that very high levels of automation reduce opportunities for em-
ployee involvement in decision-making among the operating

workers that remain, while requiring significant involvement
from more highly qualified workers whose role is important in
planning, programming, diagnosis of faults and restabilizing of
systems when problems occur (Xu et al. 2026).

Greater involvement in decision-making and greater skill utili-
zation in our sample have positive relationships with job satis-
faction and our positive measure of psychological health, but not
with physical health or our negative measure of psychological
health. This kind of result is widely observed and is a reassur-
ing but not unique finding. More interesting is the finding that
greater use of our more prevalent groups of 14.0 technologies
is associated with higher job satisfaction and better (positive)
psychological health through the mechanism of greater involve-
ment in decision-making, while our third, least prevalent group
is negatively associated with these well-being outcomes through
involvement.

It is also important that our respondents do not associate greater
use of any measure of 14.0 technologies with greater work inten-
sity. In our data, work intensification is not driven by the greater
application of 14.0 technologies. The analysis shows that work
intensification is clearly related to poorer well-being, as various
studies demonstrate (e.g., Boxall and Macky 2014). We confirm
its negative effects on all the measures of well-being we deploy:
job satisfaction, physical health, and both measures of psycho-
logical health. There is no doubt that work intensification is a
major threat to employee well-being. However, in our sample, it
is not possible to attribute this to the greater application of 14.0
technologies.

On balance, then, the results of this study more strongly sup-
port the optimistic rather than the pessimistic view of how 14.0
technologies will affect the quality of work and employee well-
being. In the main, the findings suggest that work under the
new paradigm is capable of helping to humanize work. This is
more consistent with an STS view of 14.0 implementation (e.g.,
Kagermann et al. 2013) than with a critical perspective (e.g.,
Rainnie and Dean 2020).

Why might this be so? Our study may reflect a fairly early stage
of adoption of 14.0 technologies in manufacturing. At this stage,
given technological or operational uncertainty, management
has a strong incentive to involve workers in decision-making
to win their support for implementation and benefit from their
ideas (e.g., Ghobakhloo and Fathi 2019; Vereycken, Ramioul,
Desiere, et al. 2021). Can we, then, rule out the emergence of
digital Taylorism or a diminishment of employee involvement,
or a mixed experience of it, in “smart factories”? Discounting
these outcomes would be unwise. Over time, as uncertainty de-
creases, greater management control and work intensification
may emerge as cost-cutting pressures and standardization as-
sert themselves, although this is unlikely to be the case where
uncertainty remains endemic in the production process (Xu
et al. 2026). As Vereycken, Ramiuol, and Hermans (2021, 45)
argue, employee participation can “temporarily gain ground
in organizations, only to disappear once the new technology
is debugged”. For example, the qualitative case study by Moro
et al. (2019) of seven companies in the “Italian motor valley”
found that machine operators reported an increase in man-
agerial control and an intensification in work rhythms after
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Outcome variables

(Continued)

TABLE 4

Psychological
health—negative

Psychological
health—positive

14.0 Manufacturing

technologies

Job satisfaction Physical health

Mediator

—0.055 [—0.233, 0.116]

—0.040 [-0.235, 0.143] 0.039 [-0.124, 0.185]

—0.006 [~0.148, 0.137]

Direct effect

—0.042 [-0.237, 0.134] 0.076 [—0.135, 0.257] —0.042 [-0.243, 0.143]

0.064 [-0.143, 0.272]

Total effects

Note: Entries are standardized effects and 95% bias-corrected confidence intervals. Effects in bold are significant at p <0.05.

the implementation of 14.0 technologies. On the other hand, in
Antonazzo et al.'s (2024) study of the European steel industry,
management and union representatives did not observe, or en-
visage, strategies of deskilling under 14.0: quite the reverse. We
must bear in mind that implementations of new technologies
can be expected to vary and reflect important local contingen-
cies (e.g., Hasle et al. 2012).

This study is subject to the limitation that it is cross-sectional,
and care must be taken with causal inferences. However, it is
much more likely that 14.0 technologies affect employee well-
being than the other way round. The study also relies on a single
source: individual employees. However, employees themselves
are best placed to report their job experiences and well-being,
and, as noted above, efforts were made to reduce the likelihood
of common-method bias.

‘While the results indicate, at least, that the use of 14.0 technol-
ogies is likely to have a positive impact on employee involve-
ment in decision-making and via this mediator, on employee
well-being, the dynamics of this relationship, and the nuances
it can contain, require ongoing investigation. This includes the
contextual and contingent factors involved, such as national in-
stitutional frameworks, company size, capital intensity and in-
dustry volatility (e.g., Parker et al. 2017; Antonazzo et al. 2024).
Both large-scale quantitative research and in-depth case studies
will support this endeavour and help policymakers develop skill
formation and industry policies that support a human-centric
future for their reindustrializing economies.

Acknowledgements

Open access publishing facilitated by The University of Auckland,
as part of the Wiley - The University of Auckland agreement via the
Council of Australasian University Librarians.

Conflicts of Interest

The authors declare no conflicts of interest.

Data Availability Statement

The data that support the findings of this study are available from
the corresponding author upon reasonable request. The Supporting
Information, containing further tables and analyses, as noted in the
paper, is available from the publisher.

References

Adeniji, A., and P. Boxall. 2024. “Industry 4.0 and the Quality of Work
in Manufacturing.” In A Research Agenda for Work and Employment,
edited by S. Procter, 135-151. Edward Elgar.

Antonazzo, L., D. Stroud, and M. Weinel. 2024. “Smart Manufacturing
and Tasks Automation in the Steel Industry: Reflecting on Routine
Work and Skills in Industry 4.0.” Economic and Industrial Democracy
45, no. 3: 914-936.

Australian Industry Group. 2025. Trade, Tariffs and Supply Chains:
Australian Industry Adjusts to New Trade Shocks. AT Group.

Berg, J., F. Green, L. Nurski, and D. Spencer. 2023. “Risks to Job Quality
From Digital Technologies: Are Industrial Relations in Europe Ready
for the Challenge?” European Journal of Industrial Relations 29, no. 4:
347-365.

12 of 14

Asia Pacific Journal of Human Resources, 2026

95U8017 SUOLILLOD BAIBID 3ol (dde ay) Aq peuienob a1e sapie O ‘88N J0'So|nI Joj A%Iq1T 8ULUO A1 UO (SUOIPUOS-PUR-SWLBIAED A3 1M Ale.d U1 |Uo//:Sdny) SUONIPUOD pUe SWwiS | 81 89S *[9202/90/20] Uo Afldiauliuo A8|im ‘Aiq) uousuyiolg 8y L spse JO AiseAIN Ad G200 TY6.-v¥2 T/TTTT OT/I0pALOY A8 |im AReiquljuo//sdny Wwolj pepeojumoq 'z ‘9202 ‘TveLrr.LT



Blauner, R. 1964. Alienation and Freedom: The Factory Worker and His
Industry. University of Chicago Press.

Bowling, N. A., and G. D. Hammond. 2008. “A Meta-Analytic
Examination of the Construct Validity of the Michigan Organizational
Assessment Questionnaire Job Satisfaction Subscale.” Journal of
Vocational Behavior 73, no. 1: 63-77.

Boxall, P., and K. Macky. 2014. “High-Involvement Work Processes,
Work Intensification and Employee Well-Being.” Work, Employment
and Society 28, no. 6: 963-984.

Boxall, P., and J. Winterton. 2018. “Which Conditions Foster High-
Involvement Work Processes? A Synthesis of the Literature and Agenda
for Research.” Economic and Industrial Democracy 39, no. 1: 27-47.

Butollo, F., U. Jiirgens, and M. Krzywdzinski. 2019. “From Lean
Production to Industrie 4.0: More Autonomy for Employees?” In
Digitalization in Industry, edited by U. Meyer, S. Schaupp, and D. Seibt,
61-80. Palgrave Macmillan.

Cheung, G. W., H. D. Cooper-Thomas, R. S. Lau, and L. C. Wang. 2021.
“Testing Moderation in Business and Psychological Studies With Latent
Moderated Structural Equations.” Journal of Business and Psychology
36:1009-1033.

Cheung, G. W., H. D. Cooper-Thomas, R. S. Lau, and L. C. Wang.
2024. “Reporting Reliability, Convergent and Discriminant Validity
With Structural Equation Modeling: A Review and Best-Practice
Recommendations.” Asia Pacific Journal of Management 41, no. 2:
745-783.

Cheung, G. W.,and R. S. Lau. 2008. “Testing Mediation and Suppression
Effects of Latent Variables: Bootstrapping With Structural Equation
Models.” Organizational Research Methods 11: 296-325.

Cheung, G. W., and R. S. Lau. 2017. “Accuracy of Parameter Estimates
and Confidence Intervals in Moderated Mediation Models.”
Organizational Research Methods 20: 746-769.

DuHadway, S., S. Carnovale, and V. Kannan. 2018. “Organizational
Communication and Individual Behaviour: Implications for Supply
Chain Risk Management.” Journal of Supply Chain Management 54, no.
4:3-19.

Fornell, C., and D. F. Larcker. 1981. “Evaluating Structural Equation
Models With Unobservable Variables and Measurement Error.” Journal
of Marketing Research 18: 39-50.

Frese, M., and D. Zapf. 1994. “Action as the Core of Work Psychology:
A German Approach.” In Handbook of Industrial and Organizational
Psychology, vol. 4, 271-340. Consulting Psychologists Press.

Fujishiro, K., and C. Heaney. 2017. “Doing What I Do Best: The
Association Between Skill Utilization and Employee Health With
Healthy Behaviour as a Mediator.” Social Science & Medicine 175:
235-243.

Gallie, D. 2013. “Direct Participation and the Quality of Work.” Human
Relations 66, no. 4: 453-473.

Ghobakhloo, M., and M. Fathi. 2019. “Corporate Survival in Industry
4.0 Era: The Enabling Role of Lean-Digitized Manufacturing.” Journal
of Manufacturing Technology Management 31, no. 1: 1-30.

Green, F. 2006. Demanding Work: The Paradox of Job Quality in the
Affluent Economy. Princeton University Press.

Guest, D., A. Knox, and C. Warhurst. 2022. “Humanizing Work in the
Digital Age: Lessons From Socio-Technical Systems and Quality of
Working Life Initiatives.” Human Relations 75, no. 8: 1461-1482.

Giinsel, A., and M. Yamen. 2020. “Digital Taylorism as an Answer to the
Requirements of the New Era.” In Agile Business Leadership Methods for
Industry 4.0, edited by B. Akkaya, 103-119. Emerald Publishing Limited.

Hackman, J. R., and G. R. Oldham. 1976. “Motivation Through the
Design of Work: Test of a Theory.” Organizational Behavior and Human
Performance 16, no. 2: 250-279.

Haller, S., S. Karnouskos, and C. Schroth. 2009. “The Internet of Things
in an Enterprise Context.” In Future Internet—FIS 2008. Lecture Notes
in Computer Science, edited by J. Domingue, D. Fensel, and P. Traverso,
vol. 5468, 14-28. Springer.

Hasle, P., A. Bojesen, P. Langaa Jensen, and P. Bramming. 2012.
“Lean and the Working Environment: A Review of the Literature.”
International Journal of Operations & Production Management 32, no.
7:829-849.

Kagermann, H., J. Helbig, A. Hellinger, and W. Wahlster. 2013.
Recommendations for Implementing the Strategic Initiative Industrie 4.0:
Securing the Future of German Manufacturing Industry; Final Report of
the Industrie 4.0 Working Group. Forschungsunion.

Kang, H., J. Lee, S. Choi, et al. 2016. “Smart Manufacturing: Past
Research, Present Findings, and Future Directions.” International
Journal of Precision Engineering and Manufacturing-Green Technology
3,no0.1:111-128.

Kornhauser, A. 1965. Mental Health of the Industrial Worker: A Detroit
Study. John Wiley & Sons.

Korunka, C., B. Kubicek, M. Paskvan, and H. Ulferts. 2015. “Changes in
Work Intensification and Intensified Learning: Challenge or Hindrance
Demands?” Journal of Managerial Psychology 30, no. 7: 786-800.

Kramp, T., R. Van Kranenburg, and S. Lange. 2013. “Introduction to the
Internet of Things.” In Enabling Things to Talk, edited by A. Bassi, M.
Bauer, M. Fiedler, et al., 1-10. Springer.

Laird, K. 2017. “Understanding the Digital Transformation Called
Industry 4.0: Manufacturing Today Requires More Brain Than Brawn.”
Plastics Engineering 73, no. 1: 24-28.

Lee, J., B. Bagheri, and H. Kao. 2015. “A Cyber-Physical Systems
Architecture for Industry 4.0-Based Manufacturing Systems.”
Manufacturing Letters 3: 18-23.

Lu, Y. 2017. “Industry 4.0: A Survey on Technologies, Applications, and
Open Research Issues.” Journal of Industrial Information Integration 6:
1-10.

Mackie, K., C. Holahan, and N. Gottlieb. 2001. “Employee Involvement
Management Practices, Work Stress, and Depression in Employees of a
Human Services Residential Care Facility.” Human Relations 54, no. 8:
1065-1092.

Moro, A., M. Rinaldini, J. Staccioli, and M. Virgillito. 2019. “Control
in the Era of Surveillance Capitalism: An Empirical Investigation
of Italian Industry 4.0 Factories.” Journal of Industrial and Business
Economics 46, no. 3: 347-360.

Morrison, D., J. Cordery, A. Girardi, and R. Payne. 2005. “Job Design,
Opportunities for Skill Utilization, and Intrinsic Job Satisfaction.”
European Journal of Work and Organizational Psychology 14, no. 1:
59-79.

Mullarkey, S., P. Jackson, and S. K. Parker. 1995. “Employee Reactions to
JIT Manufacturing Practices: A Two-Phase Investigation.” International
Journal of Operations & Production Management 15, no. 11: 62-79.

Muthén, L. K., and B. O. Muthén. 1998-2013. Mplus User's Guide. 8th
ed. Muthén and Muthén.

Nelles, J., S. Kuz, A. Mertens, and C. Schlick. 2016. “Human-Centred
Design of Assistance Systems for Production Planning and Control: The
Role of the Human in Industry 4.0.” In Paper presented at the 2016 IEEE
International Conference on Industrial Technology (ICIT), 2099-2104.

O'Brien, G. E. 1982. “The Relative Contribution of Perceived Skill-
Utilization and Other Perceived Job Attributes to the Prediction of Job
Satisfaction: A Cross-Validation Study.” Human Relations 35, no. 3:
219-237.

O'Brien, G. E. 1983. “Skill-Utilization, Skill-Variety, and the Job
Characteristics Model.” Australian Journal of Psychology 35, no. 3:
461-468.

Asia Pacific Journal of Human Resources, 2026

13 of 14

95U8017 SUOLILLOD BAIBID 3ol (dde ay) Aq peuienob a1e sapie O ‘88N J0'So|nI Joj A%Iq1T 8ULUO A1 UO (SUOIPUOS-PUR-SWLBIAED A3 1M Ale.d U1 |Uo//:Sdny) SUONIPUOD pUe SWwiS | 81 89S *[9202/90/20] Uo Afldiauliuo A8|im ‘Aiq) uousuyiolg 8y L spse JO AiseAIN Ad G200 TY6.-v¥2 T/TTTT OT/I0pALOY A8 |im AReiquljuo//sdny Wwolj pepeojumoq 'z ‘9202 ‘TveLrr.LT



OECD. 2024. Digital Economy Outlook 2024 (Volume 2): Strengthening
Connectivity, Innovation and Trust. OECD Publishing. https://doi.org/
10.1787/3adf705b-en.

Oeij, P., K. Lenaerts, S. Dhondt, et al. 2024. “A Conceptual Framework
for Workforce Skills for Industry 5.0: Implications for Research, Policy
and Practice.” Journal of Innovation Management 12, no. 1: 205-233.

Palan, S., and C. Schitter. 2018. “Prolific. ac—A Subject Pool for Online
Experiments.” Journal of Behavioral and Experimental Finance 17:
22-27.

Parker, S. K., F. Morgeson, and G. Johns. 2017. “One Hundred Years of
Work Design Research: Looking Back and Looking Forward.” Journal
of Applied Psychology 102, no. 3: 403-420.

Parker, S. K., and T. D. Wall. 1998. Job and Work Design: Organizing
Work to Promote Well-Being and Effectiveness. Sage.

Paskvan, M., and B. Kubicek. 2017. “The Intensification of Work.” In
Job Demands in a Changing World of Work, edited by C. Korunka and B.
Kubicek, 25-43. Springer International Publishing AG.

Pasupuleti, S. 2024. “Smart Manufacturing and Robotics:
Revolutionizing the Production Floor With Advanced Robotics.” ESP
International Journal of Advancements in Science & Technology 2, no.
4:6-12.

Pereira, A. C., and F. Romero. 2017. “A Review of the Meanings and the
Implications of the Industry 4.0 Concept.” Procedia Manufacturing 13:
1206-1214.

Podsakoff, P. M., S. Mackenzie, J. Lee, and N. P. Podsakoff. 2003.
“Common Method Biases in Behavioural Research: A Critical Review
of the Literature and Recommended Remedies.” Journal of Applied
Psychology 88, no. 5: 879-903.

Rainnie, A., and M. Dean. 2020. “Industry 4.0 and the Future of Quality
Work in the Global Digital Economy.” Labour & Industry 30, no. 1:
16-33.

Rauch, E., C. Linder, and P. Dallasega. 2020. “Anthropocentric
Perspective of Production Before and Within Industry 4.0.” Computers
& Industrial Engineering 139: 105644.

Romero, D., J. Stahre, T. Wuest, et al. 2016. “Towards an Operator
4.0 Typology: A Human-Centric Perspective on the Fourth Industrial
Revolution Technologies.” In Paper presented at the International
Conference on Computers & Industrial Engineering CIE 46.

Riiffimann, M., M. Lorenz, P. Gerbert, et al. 2015. Industry 4.0: The
Future of Productivity and Growth in Manufacturing Industries. https://
www.bcg.com/publications/2015/engineered_products_project_busin
ess_industry_4_future_productivity_growth_manufacturing_indus
tries.

Shrouf, F., J. Ordieres, and G. Miragliotta. 2014. “Smart Factories in
Industry 4.0: A Review of the Concept and of Energy Management
Approached in Production Based on the Internet of Things Paradigm.”
In Paper presented at the 2014 IEEE International Conference on
Industrial Engineering and Engineering Management, 697-701.

Skilling, D. 2022. Supply Chains to the Last Bus Stop on the Planet: An
International Perspective on Strengthening New Zealand's Supply Chain
Resilience. Landfall Strategy Group BV.

Su, R., Q. Zhang, Y. Liu, and L. Tay. 2019. “Modeling Congruence in
Organizational Research With Latent Moderated Structural Equations.”
Journal of Applied Psychology 104, no. 11: 1404-1433.

Taylor, F. W. 1911. The Principles of Scientific Management. Dover.

Thompson, P., and C. Smith. 2024. “Labour Process Theory: In and
Beyond the Core: Continuities, Challenges, and Choices.” Work in the
Global Economy 4, no. 2: 145-169.

Trist, E., and K. Bamforth. 1951. “Some Social and Psychological
Consequences of the Long-Wall Method of Coal-Getting.” Human
Relations 4, no. 1: 3-38.

Tweneboah-Koduah, S., K. Skouby, and R. Tadayoni. 2017. “Cyber
Security Threats to IoT Applications and Service Domains.” Wireless
Personal Communications 95, no. 1: 169-185.

Vereycken, Y., M. Ramioul, S. Desiere, and M. Bal. 2021. “Human
Resource Practices Accompanying Industry 4.0 in European
Manufacturing Industry.” Journal of Manufacturing Technology
Management 32, no. 5: 1016-1036.

Vereycken, Y., M. Ramiuol, and M. Hermans. 2021. “Old Wine in
New Bottles? Revisiting Employee Participation in Industry 4.0.” New
Technology, Work and Employment 36, no. 1: 44-73.

Ware, J. E., and C. Sherbourne. 1992. “The MOS 36-Item Short-Form
Health Survey (SF-36): I. Conceptual Framework and Item Selection.”
Medical Care 30, no. 6: 473-483.

Warr, P. 1990. “The Measurement of Well-Being and Other Aspects of
Mental Health.” Journal of Occupational Psychology 63, no. 3: 193-210.

Wood, S., M. Van Veldhoven, M. Croon, and L. de Menezes.
2012. “Enriched Job Design, High Involvement Management and
Organizational Performance: The Mediating Roles of Job Satisfaction
and Well-Being.” Human Relations 65, no. 4: 419-445.

Wright, B., and J. Cordery. 1999. “Production Uncertainty as a
Contextual Moderator of Employee Reactions to Job Design.” Journal of
Applied Psychology 84, no. 3: 456-463.

Xu, X., J. Tang, P. Zheng, and L. Wang. 2026. “Human-Centric
Manufacturing: Re-Thinking, Re-Justifying, and Re-Envisioning.”
Journal of Manufacturing Systems 84: 259-268.

Supporting Information

Additional supporting information can be found online in the
Supporting Information section. Table S1: I4.0 manufacturing technol-
ogies by demographics of respondents. Table S2: Estimated model pa-
rameters with 14.0 manufacturing technologies as mediators. Table S3:
Estimated standardized direct, indirect, and total effects with 14.0 man-
ufacturing technologies as mediators.

14 of 14

Asia Pacific Journal of Human Resources, 2026

95U8017 SUOLILLOD BAIBID 3ol (dde ay) Aq peuienob a1e sapie O ‘88N J0'So|nI Joj A%Iq1T 8ULUO A1 UO (SUOIPUOS-PUR-SWLBIAED A3 1M Ale.d U1 |Uo//:Sdny) SUONIPUOD pUe SWwiS | 81 89S *[9202/90/20] Uo Afldiauliuo A8|im ‘Aiq) uousuyiolg 8y L spse JO AiseAIN Ad G200 TY6.-v¥2 T/TTTT OT/I0pALOY A8 |im AReiquljuo//sdny Wwolj pepeojumoq 'z ‘9202 ‘TveLrr.LT


https://doi.org/10.1787/3adf705b-en
https://doi.org/10.1787/3adf705b-en
https://www.bcg.com/publications/2015/engineered_products_project_business_industry_4_future_productivity_growth_manufacturing_industries
https://www.bcg.com/publications/2015/engineered_products_project_business_industry_4_future_productivity_growth_manufacturing_industries
https://www.bcg.com/publications/2015/engineered_products_project_business_industry_4_future_productivity_growth_manufacturing_industries
https://www.bcg.com/publications/2015/engineered_products_project_business_industry_4_future_productivity_growth_manufacturing_industries

	Industry 4.0 and the Job Quality and Well-Being of Manufacturing Workers
	ABSTRACT
	Key Points
	1   |   Introduction
	2   |   I4.0 Manufacturing
	2.1   |   The Internet of Things (IoT)
	2.2   |   Cyber-Physical Systems (CPSs)
	2.3   |   Smart Factory (SF)

	3   |   Job Quality and Employee Well-Being Under Industry 4.0
	4   |   Data, Methods and Analysis
	5   |   Results
	6   |   Supplementary Analyses
	7   |   Discussion and Conclusions
	Acknowledgements
	Conflicts of Interest
	Data Availability Statement
	References


