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Abstract 
The skillsets of production workers are crucial for the effective adoption of smart 
technologies which are largely shaped by work design. However, current literature 
lacks comprehensive insights into the skills and work designs of production 
workers, hindering the adoption of Industry 5.0. Grounded in work design and 
skills literature this study explores the required skills of employees and perceived 
work design characteristics for adoption of AI, AR/VR, and Robotics in Dutch 
Manufacturing SMEs. This qualitative study involved semi-structured interviews 
with experts, managers and production workers. Results reveal a need to reassess 
traditional job profiles, as two distinct production workers roles emerge from AI, 
AR/VR and robotics adoption. Machine operators face potential deskilling through 
low feedback from the job, low task variety and low job complexity. Foreman-
production workers require additional skills due to job enlargement and 
enrichment. However, they seem to be put in this job role due to the lack of various 
professional and transversal skills to fully utilize smart technologies, and to 
accommodate a viable return on the technology investment. This highlights the 
importance of balancing job resources and requirements in work design, training 
programs for I5.0 skill development, and understanding contextual design 
elements of manufacturing systems contributing to viable I5.0 adoption in SMEs. 
Finally, sustainability, self-awareness, and self-reflection skills are not considered 
by professionals, displaying unawareness of its importance for I5.0 
implementation practices. 
 

KKeeyywwoorrddss::  Industry 5.0, SMEs, production workers, smart technology, workplace innovation, 
work design, skills 
 
 



European Journal of Workplace Innovation

Volume 10, Issue 1,  June 2025 56

Introduction 

In the last decade, a lot of attention has been paid to Industry 4.0 (I4.0) which was 
predominantly focused on digitalization and the implementation of smart technologies (e.g., 
Robots, AR/VR, AI) to create more efficient and flexible factories (Ammirato et al., 2023; Meindl 
et al., 2021; Müller, 2021). Recently, a new concept has emerged: Industry 5.0 (I5.0). This 
concept represents the next wave in manufacturing, promoting the integration of advanced 
digital technologies while prioritizing employee well-being and job quality (Breque et al., 2021; 
Ghobakhloo et al., 2023). I5.0 advocates that technology adoption should ensure 
sustainability, human-centricity, and resilience toward industry, the economy, and society 
including its members (Breque et al., 2021; Xu et al., 2021). In this feat, the evolution from I4.0 
to I5.0 does not seem to change what smart technologies are used. Instead, it predominantly 
changes how smart technologies are adopted, and the level of digitalization required in SMEs 
to accommodate sustainability, resilience, and human centricity requirements of smart 
technologies (Akundi et al., 2022; Alojaiman, 2023; Ammirato et al., 2023; Barata & Kayser, 
2023; Leng et al., 2022). Moreover, I5.0 shifts from I4.0's technological determinism to a more 
inclusive approach based on technology appropriation. Technology appropriation 
emphasizes adoption, modification and customization of technology and manufacturing 
processes to meet user requirements and needs (Carroll et. al., 2003; Dix, 2007). Therefore, 
true adoption of technology in I5.0 automatically implies appropriation of these technologies 
by definition (Oeij et al., 2024). 
 
Meanwhile, AI, AR/VR, and Robotics are smart technologies that have become rapidly available 
to manufacturing organizations (Maddikunta et al., 2022, Noghabaei et al., 2020, Zhang et al., 
2021). These technologies present opportunities for SMEs in areas such as production 
planning and control, energy management, quality management, and maintenance 
management (Zheng et al., 2021). The integration of smart technologies into everyday 
business allows SMEs to shift towards more efficient, agile, and competitive production 
processes (Chavez et al., 2023). In addition, example cases emerge that show benefits of AI, 
AR/VR and robotics in terms of more resilient production systems (Bortolini et al., 2018; 
Dohale et al., 2024), enhanced understanding of sustainability in production (e.g., Daut et al., 
2017; Liu et al., 2019), and enhanced well-being and performance through human-centered 
use of smart technologies (e.g., Bal et al., 2021; Kim et al., 2019; Mark et al., 2021; Vukicevic et 
al., 2019). Hence SMEs, who account for 4 million jobs in the Dutch economy, are increasingly 
implementing these technologies to reap the benefits (European Commission, 2023a; Frank 
et al., 2019).  
 
The adoption of AI, AR/VR, and robotics also brings about significant challenges, especially for 
Small and Medium-sized enterprises (SMEs) (Maddikunta et al., 2022). These challenges 
encompass (1) increased job complexity (Hecklau et al., 2016), (2) the need to learn new skills 
(Müller, 2021), (3) new job profiles being required (Wilson et al., 2017), and (4) a potential 
decrease in job quality (Spencer, 2018). Production workers are at the core of I5.0 and require 
specific skills to fully leverage smart technologies (Nair et al., 2024). However, these skills seem 
scarce across Europe (Büth et al., 2017; European Commission, 2023b; George & George, 
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2023). In response to this skills scarcity, SMEs are focusing on developing their existing 
workforce (European Commission, 2023b). In this vein, workplace innovation (WPI) gained 
attention, as it explores practices for effective integration of smart technologies while also 
ensuring the well-being and development of their production workers (Dhondt et al., 2015; 
Kopp et al., 2019; Oeij et al., 2017; Oeij, Preenen, & Dhondt, 2021). More specifically, WPI 
refers to practices that structurally (division of labour) and/or culturally (empowerment) 
enable employees to participate in organizational renewal and improvement to enhance the 
quality of working life and organizational outcomes (Oeij et al., 2017). This means that 
manufacturing processes can be adapted to the (development) needs and current 
capabilities of production workers (Breque et al., 2021) and work designs can be shaped such 
that they facilitate the exhibition and development of required skills (Eurofound & Cedefop, 
2020; Humphrey et al., 2007; Parker & Knight, 2024).  
 
Despite these initiatives, successful adoption of I5.0 is lacking at SMEs (Maisiri et al., 2019; 
Mavrikios et al., 2018). This seems to be due to various challenges such as data security, 
required investments, and human resource requirements in terms of time and effort invested 
and skills required to work with smart technologies (Adel, 2022; Leng et al., 2022; 
Lewandowska et al., 2023). In this paper, the focus is on the skills challenge. The novelty of 
I5.0 concept has resulted in limited understanding of skills that are required to work with 
smart technologies in an I5.0 context (European Commission, 2023c; Oeij et al., 2024).  
 
Additionally, whilst technology affects jobs (Parker et al., 2017) research on how these 
changed jobs look like is lacking (Pejic-Bacht et al., 2019). In particular for production workers, 
as they are traditionally underrepresented in research on jobs and learning (Koen et al., 2013; 
Preenen et al., 2015). Moreover, although research on the jobs and skills of production 
workers in I4.0 can provide a foundation, skills and jobs are context-specific and vary from 
organization to organization, depending on different factors, including the maturity of the 
implemented technologies (Dalenogare et al., 2018; Parker et al., 2017). For instance, the 
extent to which a decision support technology can support increasingly complex decisions is 
reliant on the technological maturity and can impact the job complexity of a production 
worker. Further empirical data on skills and work design is necessary (European Commission, 
2023c; Oeij et al., 2023; Rus et al., 2019). Therefore, to bridge the skills gap for SMEs, there is 
a need to specify the required skills and current work design of production workers into the 
context of specific smart technologies in a manufacturing system. 
 
Overall, a comprehensive understanding of the current skills landscape could facilitate a 
smooth transition to I5.0. To achieve this, a review of existing literature has been conducted 
to identify the spectrum of skills in I4.0 that are relevant to I5.0. The skills identified are often 
broad categories (i.e., technical skills, personal skills) that necessitate interpretation within 
specific contexts (Dalenogare et al., 2018). Production workers, defined as those directly 
involved in the operational processes of manufacturing and handling technology daily, are 
experiencing and adapting to I5.0 in their daily work. Understanding their perspective is 
crucial, as they are not just users of technology but are also significantly impacted by its 
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integration in their work environment. To further enhance comprehension of this perspective 
it is important to understand the context within which a smart technology is adopted. In this 
sense, it is critical to model the manufacturing processes (Havey, 2005). In this study, it is 
explored how production workers can be fostered to adopt three smart technologies: (1) AI, 
(2), AR/VR, and (3) Robotics. Striving for achieving the I5.0 vision, the identification of specific 
skills, and how jobs look like dependent on the manufacturing processes that they work on 
has become crucial. These two challenges result in the following two main research questions: 
Which skills do production workers need to work with AI, AR/VR and Robotics within 
manufacturing SMEs that strive for I5.0? 
How do production workers experience work design characteristics when working with AI, 
AR/VR and Robotics within manufacturing SMEs that strive for I5.0?  

 

Theoretical foundations for smart technology adoption 

This study is grounded in skills (e.g., van Laar et al., 2020) and work design theory (Humphrey 
et al., 2007) in the context of I5.0 manufacturing. Given the limited literature specific to I5.0, 
this study draws primarily from I4.0 research, adapting these insights to the I5.0 context. The 
European Commission highlighted human-centricity, sustainability, and resilience as the core 
principles of the I5.0 concept (Breque et al., 2021). Human-centric technology adoption 
means that technology is used to adapt production processes to the needs of the worker 
whilst ensuring smart technologies do not impinge on workers’ fundamental rights to privacy, 
autonomy, and human dignity (Breque et al., 2021). Sustainability requires technology 
adoption to enhance circular processes, reduce waste, and decrease environmental impact 
of manufacturing systems such that energy consumption and greenhouse emissions are 
reduced. Finally, smart technology adoption should contribute to the resilience of 
organisations through increased robustness in industrial production. Manufacturing systems 
should be armed better against disruptions and provide better security for critical industrial 
infrastructures in times of crisis (Breque et al., 2021) 
 
This chapter outlines the key concepts of work design and skills that are crucial for innovating 
manufacturing workplaces with smart technologies. To select these concepts we specifically 
looked at scientific and grey literature that fulfil the predetermined selection criteria: (1) 
production workers, (2) level of abstraction, and (3) duplicates. 
1. Skills and work design characteristics that are specifically relevant to production workers 

in manufacturing SMEs. This means identifying skills and work design characteristics that 
are important for people who work directly in manufacturing processes. 

2. Skills and work design characteristics that are described in a more concrete and 
practical way. In particular, skills and work design characteristics that are more directly 
related to the actual tasks and activities carried out by production workers. 

3. If there are skills or work design characteristics that appear multiple times in the papers 
or overlap with each other, duplicates are removed. This means if a skill is mentioned 
more than once, it is included once in the skills synthesis. 
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Work design and smart technology adoption 
Work Design can be defined as the process of structuring work and defining the roles and 
responsibilities within an organization. It involves determining the division of work tasks 
assigned to individuals, specifying not only what workers do but also how and why these tasks 
are performed. Designing jobs encompasses the analysis of task requirements, the methods 
used to complete these tasks, and the relationships involved in the job (Morgeson & 
Humphrey, 2006). This analysis is done on the level of work design characteristics which can 
be defined as “the attributes of the task, job, and social and organizational environment” 
(Humphrey et al., 2007, P. 1333). 
 
In general, Humphrey et al. (2007) distinguish three categories of work design that contain 
several work design characteristics. First, motivational characteristics refer to individual job 
components such as the skill, task and knowledge demands of work. Second, social 
characteristics pertain to interactional components of work such as interdependence, 
feedback, and social support from others. Third, work context relates to contextual elements 
of a job which can be physical demands, ergonomics of the workplace, and noise in the 
surrounding workplace (Humphrey et al., 2007).  
 
The introduction of smart technology can have various effects on work design depending on 
the context. Industry 4.0 is associated with more job variety and an increase in the cognitive 
predominance of the tasks executed. However, Industry 4.0 can also lead to deskilling and 
lower autonomy due to changes in job content (Shaba et al., 2019). While Industry 4.0 has 
been associated with affecting job enlargement and job enrichment by pushing workers at 
the shopfloor level to constantly monitor the production processes (Lagorio et al., 2021), 
Waschull et al. (2022) highlight a trend in job simplification for production workers, mainly 
from a technological push perspective. These contrasting findings highlight the context-
specific nature of technology effects on the workforce. Shaba et al. (2019) found that these 
effects are dependent on a control-oriented organizational design or a commitment-oriented 
organizational design. 
 
In the same vein, Parker et al. (2017) claim that the implementation of smart technologies 
affects work design both positively and negatively. In the context of Industry 4.0, the level of 
implementation has different effects on job complexity, skill variety, and job autonomy 
(Waschull et al., 2019). Hirsch-Kreinsen (2016) distinguishes between polarized organizations, 
where there are simple tasks and a need for highly skilled professionals for the execution of 
complex tasks. On the other hand, there are large groups of organizations where simple 
activities are completely automated. Lastly, as a result of new technologies, several job 
profiles are modified or newly created: industrial engineers (Cimini et al., 2020), data scientists 
(Pejic-Bach, 2020), AI engineers, cloud services managers, data security administrators 
(Pontes et al., 2021), cybersecurity managers, cobot programmers, cobot users, additive 
manufacturing experts, human-machine interface programmers & users (Leitao et al., 2020), 
augmented reality experts (Ras et al., 2017), robot coordinators, maintenance of smart 
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systems, software engineers for CPS, process analysts, bionics experts, and programmers 
(Jerman et al., 2019). 
 
In conclusion, extant literature focused mainly on the impact of I4.0 technologies on work 
design of production workers. Automation, as opposed to augmentation, seems to be the 
preferred use by manufacturing SMEs and other sectors such as logistics (Hosseini et al., 
2023). In addition, human-centricity has been limitedly applied to technology adoption 
(Kwiotkowska, 2022) which is integral to both the socio-technical approach (Trist, 1980) and 
the I5.0 concept (Beque et al., 2021). Despite the growing interest in the he social system, it 
represents a very marginal amount of the literature (Kadir & Broberg, 2021). The lack of 
attention to the social component aspect of this system is partially related to the failure to 
recognize the complexity of technology adoption (Schumacher et al., 2016). Table 1 provides 
an overview of the job characteristics that are considered within the three identified work 
design categories. These allow for further investigation of the effect of smart technology 
adoption for the work designs of production workers in an I5.0 context. 

 
TTaabbllee  11..  WWoorrkk  ddeessiiggnn  ccaatteeggoorriieess,,  cchhaarraacctteerriissttiiccss,,  aanndd  tthheeiirr  ddeeffiinniittiioonnss  aaddoopptteedd  ffrroomm  
HHuummpphhrreeyy  eett  aall..  ((22000077))  
CCaatteeggoorryy  JJoobb  cchhaarraacctteerriissttiicc  DDeeffiinniittiioonn  
Motivational 
characteristics 

Autonomy: 
• Work scheduling 

autonomy 
• Work methods 

autonomy 
• Decision making 

autonomy 

 
The freedom to control the schedule and timing of work. 
 
The freedom to control which methods and procedures are 
utilized. 
The freedom to make decisions at work. 

Skill variety The knowledge and skills necessary to perform a job. 
Task variety The extent to which an individual performs different tasks at 

his/her job. 
Task significance The extent to which a job impact’s others’ lives. 
Task identity The extent to which an individual can complete a whole piece 

of work. 
Feedback from the job The extent to which a job imparts information about an 

individual’s performance. 
Information processing The extent to which the job necessitates an incumbent to 

focus on and manage information. 
Job complexity The extent to which a job is multifaceted and difficult to 

perform. 
Specialization The extent to which the job involves the performance of 

tasks requiring specific knowledge and skill. 
Problem solving The extent to which a job requires the production of unique 

solutions or ideas. 
 

Social 
characteristics 

Interdependence The extent to which a job is contingent on others’ work. 
Feedback from others The extent to which other organisational members provide 

performance information. 
Social support The extent to which a job provides opportunities for getting 

assistance and advice from either supervisors and co-
workers. 
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Interaction outside the 
organization 

The extent to which a job requires and incumbent to 
communicate with people external to the organisation. 

Work context 
characteristics 

Physical demands The amount of physical activity or effort necessary for a job. 
Work conditions Aspect of the work environment such as health hazards, 

temperature, and noise. 
Ergonomics The extent to which the work permits appropriate posture 

and movement. 
 

Skills for smart technology adoption 
The current study is based on the definition of skills given by Peterson and Van Fleet (2004) 
who define skills as “the ability either to perform some specific behavioural task or the ability 
to perform some specific cognitive process that is functionally related to some particular task” 
(P. 1298). Tasks are units of activity that produce output (Autor, 2013). While literature often 
distinguishes between competencies and skills, this study treats them as synonyms, reflecting 
their interchangeable use in I4.0 and I5.0 research. 
 
One stream of research sees the change of work as so extensive that authors label new 
production workers as "Operator 4.0" (Bousdekis et al., 2020; Romero et al., 2016, 2020). Such 
Operator 4.0, or "smart worker," is skilled enough to perform not only "cooperative work" with 
robots but also work aided by machines. Hence, the relevance of acquiring a set of skills to 
cope with cyber-physical systems. Studies on the Operator 4.0 (e.g., Hecklau et al., 2016) have 
identified personal skills, social and interpersonal skills, technical skills, and methodological 
skills as important for the new workforce. Moreover, the significance of interpersonal skills 
lies in the fact that it is a crucial domain where humans can outperform machines, and they 
will be required in all the new job profiles (Alhoul & Kiss, 2022). The prominence of technical 
skills is also emphasized by Pinzone et al. (2017), who focused on the technological skills 
needed to operate in I4.0, particularly in areas where the most attention is needed (i.e., 
operations management, supply chain, product-service innovation management, data 
science management, IT-OT integration management). 
 
The World Economic Forum has investigated the skills required on more than one occasion 
(2017, 2020, 2023) and identified some of the most important skills: analytical thinking, active 
learning, complex problem solving, critical thinking and analysis, creativity, leadership and 
social influence, technology use, technology design, resilience, stress tolerance, flexibility, and 
reasoning. Similarly, Islam (2022) found that business skills, such as critical thinking, cognitive 
flexibility, complex problem-solving, adaptive thinking abilities, qualitative skills, and 
communication skills, as well as technical skills, including programming, quantitative skills, 
data interpretation, data visualization, and virtual collaboration, are also essential for 
employability in Industry 4.0. According to Karacay (2018), all employees in an Industry 4.0-
based system must have information and communications technology (ICT) skills and soft 
skills, such as collaboration, communication, and autonomy. According to Mudzar et al. 
(2022), three skills are crucial: high-level technical skills (e.g., deep understanding of 



European Journal of Workplace Innovation

Volume 10, Issue 1,  June 2025 62

technologies), higher-order cognitive skills (e.g., problem-solving and critical thinking), and 
human and interpersonal skills (e.g., interpersonal and leadership).  
 
The aforementioned paragraphs highlight either technical skills, non-technical skills (soft 
skills), or both. Janis and Alias (2018) have made a clear distinction between these two types 
of skills. A similar distinction has been made by Rampelt et al. (2019), who identify specific 
skills and general skills. The former is concerned with content-specific skills required to carry 
out a job, and the latter is concerned with a broader spectrum (e.g., literacy). Similarly, Maisiri 
(2021) distinguishes between technical skills (technological, programming, digital skills) and 
soft skills (thinking, digital, social). Praj et al. (2022) have investigated the crucial competencies 
for Industry 4.0, making a distinction between must-have skills (e.g., ability to interact with 
modern equipment), should-have skills (e.g., knowledge management), and could-have skills 
(e.g., programming skills). However, despite this overview, no distinction has been made or 
attention paid to the different roles and technologies independently. This specification to 
roles and technologies was also missing in the overview of Prifti et al. (2017) who identified 
eight critical areas and the associated skills required to effectively perform in I4.0 companies.  
 
Finally, after a literature review, Kohlgrüber et al. (2021) propose a new classification of the 
skills needed for the future of work. This classification consists of five primary areas: digital 
skills, personal skills, social skills, methodological skills, and professional skills.  
In conclusion, early literature focused mainly on the technological skills of the workforce to 
operate with Industry 4.0 technologies. More recent publications are focusing to a greater 
extent on non-technical skills. These align well with tasks of workers in the human-centric, 
sustainability, and resiliency views of I5.0 (Oeij et al., 2024). However, the dimensions 
identified as being of interest tend to be broad categories that require interpretation in 
specific contexts. A summary of the main skills associated with smart technologies can be 
found in appendix 1.  
 
To achieve a comprehensive list of skills, the starting point is the skillset identified by 
Kohlgrüber et al. (2021) due to the notable effort in mapping many studies comprehensively 
about skills and the seeming relevancy of the study in an I5.0 context. Further understanding 
of skills in the I5.0 context is derived from a study done by Oeij et al. (2024) who proposed a 
categorization for skills according to general, human-centric, resilient, or sustainable abilities 
of production workers. Human-centricity in I5.0 requires production workers to work with 
assistive technologies, communicate in participation processes, participate in (re)design / 
change processes, and make use of learning opportunities and being empowered (Oej et al., 
2024). This aligns with digital- and technical skills that enable production workers to engage 
in human-machine interaction and tailor technology to their needs for task support and 
interaction needs. Examples of these skills could be human machine interface skills and 
process management. Resilience requires production workers to engage in lifelong learning, 
develop the ability to adapt and be creative, reflect on and respond to the resilience of work 
processes, analyse and solve resilience-related problems at system-level, and be self-
organising and manage yourself (Oeij et al., 2024). This production work in I5.0 can be 
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implicitly attributed to some personal skills such as flexibility and cognitive flexibility, learning 
skills and self-awareness. Finally, sustainability requires production workers to understand 
circularity, conduct lifecycle and environmental impact assessments, evaluate contributions 
of smart technologies to sustainability goals, and elaborates resources efficiency (Oeij et al., 
2024). These tasks could be attributed to both green and personal skills. In sum, although 
most literature has focused on an I4.0 context, the skills derived from main skills literature 
seem to cover elements of the production work in I5.0 described by Oeij et al. (2024). 
 
Overall, a synthesis of the skills was created that clearly distinguishes between Transversal 
skills and Professional skills. Transversal skills are not limited to a specific job or domain but 
are generally required in the digital transformation. This category includes digital skills, 
personal skills, social skills, methodological skills, and green skills. Professional skills are 
specific and specialized skills relevant to a particular field of work, discipline, or occupation. 
They contrast with general skills as they pertain to the application of specific knowledge. 
Professional skills refer to the technical skills specific to the context under investigation and 
are needed to conduct the tasks associated with the job. Table 2 allows for analysis of the 
skills that production workers require to work with smart technologies in an I5.0 context. 
 
TTaabbllee  22..  SSkkiillllss  ssyynntthheessiiss  ooff  sskkiillllss  ffoorr  II55..00  

SSkkiillll  

CCaatteeggoorryy  

SSkkiillll  ssuubbccaatteeggoorryy  SSkkiillllss  RReeffeerreenncceess  

Transversal 

(generally 

required) 

 Personal Self-reflection, self-awareness; 

Learning skills / lifelong learning; 

Integrity / ethics; 

Responsibility, attitude (individual values); 

Flexibility & Cognitive flexibility; 

Emotional Intelligence. 

(Behrend et al., 2022; Büth 
et al., 2017; Corporaal et 
al., 2021; Hecklau et al., 
2016; Islam, 2022; Janis & 
Alias, 2018; Prifti et al., 
2017; Probst et al., 2019; 
van Laar et al., 2020) 
 

Social Teamwork;  

Collaboration; 

Intercultural skills; 

Mediating, Negotiating and persuasion. 

(Behrend et al., 2022; Büth 
et al., 2017; Hecklau et al., 
2016; Janis & Alias, 2018; 
Maisiri et al., 2019; Mudzar 
et al., 2022; Prifti et al., 
2017) 

Methodological Problem-solving skills; 

Creative thinking; 

Analytical thinking; 

Critical thinking; 

Decision making. 

(Behrend et al., 2022; Büth 
et al., 2017; Hecklau et al., 
2016; Islam, 2022; Mudzar 
et al., 2022; Prifti et al., 
2017) 

Green / 

Sustainability 

Environmental awareness; 

Energy efficiency; 

Water reduction; 

Waste reduction and management; 

Resource re use/ recycling. 

(Hecklau et al., 2016; 
Schröder et al., 2024) 
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Digital  

 

Basic digital skills (use of PC, browse 

Internet, finding information, storing 

data); 

Moderate digital skills (Word-processing, 

working on documents, working on 

spreadsheets); 

Advanced digital skills (Programming). 

 

(Behrend et al., 2022; 
Bouwmans et al., 2024; 
Kohlgrüber, 2021; Maisiri, 
2021; Schröder et al., 
2024) 

Profession

al 

(subject 

related) 

Technical  

(subject related) 

Specialized and expert knowledge; 

Process management; 

Human machine interface; 

Trouble shooting and maintenance; 

Analysis, modelling and simulation of 

production based on big data from 

sensors and devices; 

Use of digital devices (e.g. tablets, 

smartphones, smartwatches) for 

production monitoring and control; 

Programming and use of relevant 

technology (e.g. Collaborative robots, VR); 

Use of additive manufacturing 

technologies; 

Remote system monitoring and 

supervision of maintenance 

interventions; 

Use of virtual and augmented reality for 

instruction and support of maintenance 

interventions. 

 

(Acatech, 2016; Büth et al., 
2017; Kohlgrüber et al., 
2021; Mudzar et al., 2022; 
Pinzone et al., 2017; Prifti 
et al., 2017) 

 

Methodology 

To answer the research questions, this study adopted a qualitative research approach, 
because firstly, interviews allow for in-depth exploration of interactions between production 
workers and advanced technologies which are needed given the novelty and rapid evolution 
of the I5.0 concept. Secondly, a qualitative method allows capture of the variability in job roles 
and manufacturing processes that typifies SMEs operating in I5.0. 

Sample and research design 
The research involved 19 semi-structured interviews with two respondent groups: work 
design or technological experts (e.g., senior researchers, professors, and a technology 
supplier, N = 7X), and professionals from 6 SMEs (managers as well as production workers, N 
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= 12). The four semi-structured interviews with work design experts focused on all three 
technology contexts. Additionally, one interview with a technological expert focused on the AI 
context, one interview was conducted on the AR/VR context, and one interview addressed 
the AI and robotics context. The combinations of insights from the expert interviews with the 
6 SME cases has allowed for a multi-perspective view.  
 
The inclusion criteria for experts were threefold: (1) distinguished academics in related fields 
of work design, sociology of work, AI, AR/VR or Robotics, (2) actively engaged with research on 
I5.0, (3) familiar with the technical aspects of the technologies. Manufacturing SMEs were 
included in the sample if (1) the company adhered to SME size requirements defined by 
OPOCE (n.d.), and (2) if professionals use AI, AR/VR or Robotics technologies in a smart 
manufacturing system. It was assessed which smartness characteristics the technology of 
interest contributes to the manufacturing system through an adaptation of the smart 
manufacturing characteristics by Mittal et al. (2019). Below, table 3 describes which expert 
interviewees relate to which SME case, the smartness characteristics of the manufacturing 
system, and the application of smart technology. 
 
TTaabbllee  33..  SSMMEE  ssaammppllee  iinncclluuddiinngg  SSmmaarrtt  tteecchhnnoollooggyy  aapppplliiccaattiioonnss  
 

OOrrggaanniissaattiioonn  

IIDD  

RReessppoonnddeenntt  

IIDD  

RReellaatteedd  

EExxppeerrtt  

SSmmaarrttnneessss  

cchhaarraacctteerriissttiiccss  

TTeecchhnnoollooggyy  aapppplliiccaattiioonn  

SSMMEE11  PM1 

PW1 

 

WDE1-

WDE4 

 

TE3 

Connectivity Bending bench robot: 

Automation of picking up, bending, and 

depositing products  

CO2 laser cutting robot: 

Automation of the laser cutting process 

SSMMEE22  PM2 

PW2 

WDE1-

WDE4 

 

TE3 

Decision-

support, 

connectivity, 

and 

Monitoring 

and 

interpretation 

through 

sensors 

Fiber and CO2 laser cutting robot: 

Automation of the laser cutting process 

Maintenance monitoring support 

Quality control of end products 

Decision support for final product quality 

SSMMEE33  PM3 

PW3 

WDE1-

WDE4 

 

TE3 

Connectivity, 

monitoring 

and 

interpretation 

through 

sensors 

Fiber and CO2 laser cutting robot: 

Automation of the laser cutting process 

Maintenance monitoring support 

Quality control of end products 
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SSMMEE44  PM4 

PW4 

WDE1-

WDE4 

 

TE1 

TE3 

Connectivity 

and 

interoperability 

AI-enabled Planning and control system: 

Automation of production control in robot 

cell 

Pallet-loading and spark robot: 

Automation of pallet loading 

Automation of sparking process 

Quality control of end products 

SSMMEE55  PM5 

PM5 

WDE1-

WDE4 

 

TE1 

TE2 

Connectivity 

and 

interoperability

, monitoring at 

distance 

AI-enabled Work scheduling system: 

Automation of order scheduling 

Digital work schedule  

Digital work instructions 

SSMMEE66  PM6 

PW6 

WDE1-

WDE4 

 

TE1 

TE3 

Monitoring 

and 

interpretation 

through 

sensors 

Robotics and AI: 

Automation of substantive production 

processes such as milling 

Automation of production control in robot 

cell 

Automation of pallet loading 

 
Based on a synthesis of literature from Work design (Morgeson & Humphrey, 2006) and skills 
(e.g., Kohlgrüber et al., 2021; van Laar et al., 2017) two semi-structured interview protocols 
have been developed: one for experts, and one for production workers and managers. The 
exploration of Work Design and required skills included an investigation of the manufacturing 
context in which production workers adopted smart technologies. In order to achieve this, 
the measurement instrument was enriched with elements drawing from business Process 
Modeling (Havey, 2005) and Technology Appropriation (Caroll et al., 2002). Business 
processes modelling was utilized through the creation of a flowchart that visualizes the 
detailed production steps, responsible person or machine, and flow of information and 
materials when producing a typical product for which they utilize the respective smart 
technology. Finally, elements of technology appropriation are utilized to capture required 
skills for modification and customization of technology and manufacturing processes to meet 
user requirements and needs.  
 
The expert interview protocol assessed their views on two main elements: (1) Industry 5.0 
and work design, and (2) skills for appropriation of technology. An example of a question 
targeting work design in I5.0 is: “How has [the work design characteristic mentioned by the expert] 
evolved during one or two critical stages of implementing technologies like AI, VR, or Robotics in 
(I5.0) manufacturing?” 
 
The production workers interview protocol assessed three elements: (1) the current 
manufacturing process, and an assessment of (2) required skills and (3) current work design 
characteristics in the current manufacturing process. This focus on current processes is 
crucial because it establishes a baseline for understanding how I5.0 adoption may necessitate 
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new skills or changes in how workers interact with the manufacturing system. An example of 
a question is: “What did you already need to be able to do before you first started to collaborate 
with the technology?”  
 
The data was collected through a combination of on-site (professionals) and online interviews 
(experts). The interviews with the professionals were supplemented by a workplace visit of 
the production workers and managers to further enhance understanding of the 
manufacturing process and work design. All interviews were recorded, with professional 
interviews transcribed in full and expert interviews transcribed selectively. Data analysis 
employed a deductive thematic analysis approach, utilizing both detailed transcripts and 
summaries. This variation in transcription allowed for in-depth analysis while balancing 
resource constraints based on the interviewee's role and the depth of technical process 
insights. 
 
  
Results 

Results indicate several insights which are structured according to the two research questions 
in the following sections: (1) required skills, and (2) work designs. 

Required skills by production workers 
Although green/sustainability skills are recognized as significant in the I5.0 literature, they 
were notably absent in the perspectives of interviewees. Similar results are shown for self-
reflection and self-awareness which could be attributed as a skill for resilience. Instead, 
interviewees highlight the critical importance of digital skills, and technical skills such as 
human-machine interface skills. For instance, professionals indicated that manufacturing 
could be halted if production workers are unable to interact with the robot (interface). Experts 
further highlighted the importance of human-machine interaction for obtaining feedback 
from the job, maintaining job complexity, and maintaining task variety. Table 4 summarizes 
the perceived importance of skills in an I5.0 context. 
   
TTaabbllee  44..  CCoommppoosseedd  lliisstt  ooff  rreeqquuiirreedd  sskkiillllss  aanndd  tthheeiirr  iimmppoorrttaannccee  iinnddiiccaatteedd  iinn  tthhee  iinntteerrvviieewwss  

SSkkiillll  CCaatteeggoorryy  SSkkiillll  ssuubb--ccaatteeggoorryy  SSkkiillllss  IImmppoorrttaann
ccee  

  

TTrraannssvveerrssaall    

((ggeenneerraallllyy  

rreeqquuiirreedd))  

  Personal Integrity / ethics; 

Learning skill; 

Self-reflection, self-awareness; 

Responsibility, attitude (individual values); 

Flexibility & Cognitive flexibility; 

Emotional Intelligence. 

+ 
+++ 
0 
+ 
++ 
+ 
 

  Social 

 

Collaboration;  

Teamwork; 

Intercultural skills; 

+ 
++ 
0 
+ 
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Mediating, Negotiating and persuasion.  

 Methodological Creative thinking; 

Problem-solving skills; 

Analytical thinking; 

Critical thinking; 

Decision making. 

+++ 
+ 
+++ 
+++ 
+ 
 

Green / 

Sustainability 

 

Environmental awareness; 

Can identify appropriate approaches to mitigate, 

adapt and potentially solve sustainability problems; 

Challenge the status quo, and reflect on how 

personal, social and cultural backgrounds influence 

thinking and conclusions;   

Identify responsibility and accountability for 

unsustainable behaviour, and demand effective 

policies for sustainability. 

 

0 
0 
 
0 
 
0 
 

Digital  

 

Basic digital skills (Use of PC, Browse Internet, Finding 

Information, Storing data); 

Moderate digital skills (Word-processing; Working on 

documents; Working on spreadsheets); 

Advanced digital skills (Programming). 

 

+++ 
 
+++ 
 
++ 

PPrrooffeessssiioonnaall    

((ssuubbjjeecctt  rreellaatteedd))  

Technical  

(subject related) 

Process management; 

Human machine interface; 

Troubleshooting and maintenance; 

Analysis, modelling and simulation of production 

based on big data from sensors and devices; 

Use of digital devices (e.g. tablets, smartphones, 

smartwatches) for production monitoring and control; 

Programming and use of relevant technology (e.g. 

Collaborative robots, VR); 

Use of additive manufacturing technologies; 

Remote system monitoring and supervision of 

maintenance interventions; 

Use of virtual and augmented reality for instruction 

and support of maintenance interventions. 

+++ 
+++ 
++ 
+++ 
 
+++ 
 
++ 
 
+ 
+ 
 
0 
 
 

Note. ‘0’ indicates that the skill is not mentioned in the interviews. 

Perceived work designs by production workers 
Within the companies of this exploration, the gradual adoption of smart technologies has led 
to an incremental increase in technological sophistication. Consequently, distinctions 
between ‘smart technology’ and just ‘technology in general’ are not always salient for 
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production workers and managers. Some production workers have difficulties pinpointing 
changes in their jobs due to smart technology, given that they have been using the technology 
at hand for a prolonged period. This phenomenon is exemplified by the perception among 
production workers that smart robots do not seem to have not caused drastic changes to the 
work design compared to previous technologies, in the perception of these production 
workers: 

 

Although human-technology collaboration and augmentation are dominant pillars in I5.0 that 
give direction to desired work designs of production workers, the manufacturing SMEs mainly 
utilized smart technologies for automation purposes. Robotics and AI are the two main smart 
technologies that are adopted with various applications and levels of technological 
capabilities. Most notably AR/VR was absent in the SMEs under study. 
 
Interviews with managers highlighted the crucial role of Total Productive Maintenance. 
Automated tasks by robots enable the possibility of almost 24/7 activity in the manufacturing 
process. For instance, workers are often asked to start large orders near the end of the 
working day such that these larger orders can be performed by robots throughout the night. 
The next day, production workers perform control measures on the completed tasks. In this 
way, sequential interdependence is established in the human-machine interaction. In 
addition, AI-applications suggest work schedules and work instruction to production workers. 
In this vein, job autonomy seems to be contingent on the design of the manufacturing system. 
Generally, there is a high degree of autonomy between manufacturing processes, and a low 
degree of autonomy within manufacturing processes. Finally, interviewees unanimously 
agreed that task automation with Robotics alleviate the physical strain on humans through 
physical support. 
 
Two clearly distinct main job profiles emerge, namely ‘foreman-production workers’ and 
‘machine operators’. Typically, organizations have a few foreman-production workers as 
opposed to a larger group of machine operators. Professionals indicate that this results from 
the current skills gap that SMEs are faced with in relation to skills such as programming, work 
process overview and troubleshooting. Foreman-production workers are characterized by 
their expertise in programming, understanding of work process, and troubleshooting. The 
responsibility for addressing machine failures and programming machines has shifted away 
from machine operators to foreman-production workers. Otherwise, with more complicated 
errors, the manufacturer of the machines is contacted; they will attempt to solve the problem 
via the telephone, but if this does not work, they will visit the company themselves. The 
production workers’ hierarchy as mentioned here is illustrated by the following quote: 
 

“No, I think the tasks are pretty much the same as they were before. Only the process becomes 
much faster, and more products are created, when compared to ten years ago.” – PW1 
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The criteria for advancing machine operators to supervisory positions emphasize both 
domain-specific expertise and cross-functional skills such as digital skills, learning skills, 
cognitive flexibility, analytical thinking, and critical thinking. Professionals indicated plenty of 
social support, within and outside the company, for machine operators that want to learn to 
work with smart technology. However, upskilling is required if machine operators are tasked 
with performing the work of a foreman-production worker. Experts indicate that upskilling 
requires practices such as user participation, user-centered design of smart technologies, on-
the-job feedback, and possibility to customize work processes. However, these practices are 
rarely indicated by the professionals under study. Overall, the effect of smart technologies 
seems contingent on the job role of production workers and mainly distinct in the task and 
knowledge characteristics category. Table 5 provides an overview of the perceived work 
design of production workers who adopted smart technologies. 

 
TTaabbllee  55..  PPeerrcceeiivveedd  wwoorrkk  ddeessiiggnn  cchhaarraacctteerriissttiiccss  ssuubbddiivviiddeedd  bbyy  jjoobb  rroollee  iinnddiiccaatteedd  bbyy  
pprrooffeessssiioonnaallss  

WWoorrkk  ddeessiiggnn  ccaatteeggoorryy  WWoorrkk  ddeessiiggnn  cchhaarraacctteerriissttiicc  MMaacchhiinnee  

ooppeerraattoorrss  

FFoorreemmaann--pprroodduuccttiioonn  

wwoorrkkeerrss  

TTaasskk  cchhaarraacctteerriissttiiccss  Autonomy – within a 

manufacturing process 

– – 

Autonomy – between 

manufacturing processes 

+ / – + 

Task identity – + 

Task variety – + 

Feedback from the job – 
 

+ 
 

KKnnoowwlleeddggee  

cchhaarraacctteerriissttiiccss  

Job complexity – + 

Problem solving – + 

Specialization – 
 

+ / – 
 

SSoocciiaall  cchhaarraacctteerriissttiiccss  Interdependence + / – + / – 

Interaction outside the 

organization 

+/- + 

Feedback from others + 
 

+ 
 

CCoonntteexxttuuaall  

cchhaarraacctteerriissttiiccss  

Physical load – – 

Note. ' + ' indicating high, ' + / – ' moderate, and ' – ' low perceived level. 
  
 

“If a problem arises, not all production workers will be able to tackle it. [...] We definitely need 
the top layer for that.“ – PM3 
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Discussion 

This study offers valuable insights into the implications that smart technology adoption has 
on the required skills and the work designs of production workers. The following discussion 
highlights key points for practitioners, policymakers, and workplace innovation scholars that 
emerged from the analysis. 

Implications for practitioners 
While the effect of technologies on work design has been long established (Hirsch-Kreinsen, 
2016; Parker et al., 2017; Waschull et al., 2019; Waschull et al., 2022), professionals experience 
difficulty in assessing the direct impact of smart technologies on their work. Although all 
precautions were established to have all interviewees fully grasp the content, machine 
operators remain a challenging group when discussing complicated topics such as work 
design, skill requirements, and smart technology adoption.  This may be further complicated 
by the gradual adoption of smart technologies.  
 
Moreover, the context-specific effect of smart technologies on different job profiles remains 
an open challenge for practitioners. Implications for machine operators can be detrimental 
as low levels of task and knowledge characteristics, as indicated by professionals, is 
associated with various deskilling (Shaba et al., 2019) and motivational challenges (Humphrey 
et al., 2007). At the same time, the foreman-production worker experienced job enlargement 
and job enrichment. Consequently, they run similar risks for motivational challenges if their 
skillset and additional job resources do not suffice for the additional job requirements they 
experience (Humphrey et al., 2007). This highlights the importance of practitioners that 
integrate job quality, productivity, and well-being of production workers evenly when adopting 
technology. In this feat, practitioners could consider a SMART work design for their production 
workers as a starting point when adopting human-centric technologies (Parker & Knight, 
2024). Finally, the consideration of human-centric technologies such as assistance systems 
present another opportunity for practitioners as it ‘supports the production worker during 
manufacturing or assembly work tasks without replacing him, without overruling him and 
without posing any danger to the worker’ (p. 228) (Mark et al., 2021). This could contribute to 
enhanced capabilities of production workers to perform their job.  
 
Another important observation is the absence of explicit discussion around green and 
sustainable skills, despite their growing importance in literature (Hecklau et al., 2016; 
Schröder et al., 2024). As organizations strive to adopt smart technologies, practitioners 
should recognize the criticality of equipping production workers with the necessary skills to 
contribute to sustainable manufacturing practices. Integrating green and sustainable skills 
into workforce development strategies and training programs should be a priority (de Sousa 
Jabbour et al., 2018; Schröder et al., 2024). 
 
The study's findings on the return on investment (ROI) of technology for SMEs highlight a 
practical consideration that warrants attention. While the human-centered approach to smart 
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technologies is desirable, it must align with a viable business case for these organizations 
(Borchardt et al., 2022). The focus on maximizing the utilization of available technologies, 
rather than extending human capabilities, suggests that practitioners must carefully balance 
the investment in technological solutions with the need to maintain a sustainable and 
competitive operation. To make human-centered adoption of these technologies financially 
viable and more accessible to SMEs, practitioners could explore innovative business models 
(Waheed et al., 2022), lean manufacturing principles (Bittencourt et al., 2019), skills 
development in interorganizational learning communities (Schipper et al., 2023), learning 
factories (Büth et al., 2020), or government incentives (Mukherjee et al., 2023). Overall, the 
wide variety in different directions highlights the complexity and multidimensionality of the 
challenge that practitioners face. 

Implications for workplace innovation scholars 
The results of this study underscored divergent skill requirements and perceptions of work 
design between machine operators and foreman-production workers, once again, 
challenging a one-size-fits-all approach to WPI in the I5.0 era (De Spiegelaere et al., 2012; 
Putnik et al., 2019). This differentiation could lead to positive effects for foreman-production 
workers due to job enlargement, but potentially negative effects such as deskilling for 
machine operators. These varying effects call attention to a contingent approach to WPI such 
as various scholars have highlighted (Oeij, Dhondt, & McMurray, 2021; Oeij et al., 2023). 
Practitioners and researchers must recognize the diverse implications of smart technologies 
on various job profiles and develop customized strategies to address the unique challenges 
and opportunities faced by each group of workers. 
 
One key implication for workplace innovation scholars to consider is the potential impact on 
the job quality of machine operators. The findings suggest that the introduction of smart 
technologies may have led to a reduction in the task and knowledge characteristics of the 
work. These changes could potentially lead to deskilling (Shaba et al., 2019) and eventually a 
reduction in perceived job quality (Bakker & Demerouti, 2007). This is an important 
consideration, as maintaining or improving job quality should be a critical goal when 
implementing workplace innovation practices for I5.0 adoption (Oeij et al., 2017; Oeij et al., 
2019).  

Avenues for future research 
The insights from this exploratory study point to several promising avenues for future 
research.  
 
Firstly, addressing the methodological challenges of assessing the direct impact of smart 
technologies on work design characteristics is critical. This study considered context aspects 
in which the effect of smart technology on work design is assessed. For instance, the study 
considers a healthy mix of different manufacturing types used in SMEs, such as line 
manufacturing and cellular manufacturing. However, these differences were not considered 
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in the analysis of this study. Future research should explore how these manufacturing 
approaches influence the relationship between I5.0 adoption and work design, given the 
significant differences in work design between line manufacturing and cellular manufacturing 
(Sengupta & Jacobs, 2004). Moreover, other contextual elements in the manufacturing system 
such as technological maturity (Zizic et al., 2022), technology type (Dhondt et al., 2020), 
existing production workers skills (Nair et al., 2024), and the design and capabilities of the 
technology itself (Mark et al., 2021) should be considered when investigating context-specific 
adoption of smart technologies in manufacturing systems. Longitudinal studies and 
comparative analyses can provide a more comprehensive understanding of the dynamic and 
evolving nature of these relationships across specific contexts. For example, AR/VR 
applications were ultimately not utilized in the SMEs under study despite rigorous efforts. This 
warrants further exploration in terms of technology type. 
 
Secondly, the role of green and sustainable skills when innovating workplaces warrants 
deeper exploration. Researchers should investigate the integration of sustainability skills and 
work design elements that support environmentally conscious manufacturing processes and 
examine how organizations are adapting their training and development programs to 
address this emerging need. This research could contribute to a more holistic understanding 
of the evolving skill landscape in smart manufacturing environments. 
Thirdly, the study's findings on the affordability of smart technologies for SMEs and their focus 
on maximizing technology utilization rather than extending human capabilities open up new 
research questions. Future studies could investigate how an I5.0 approach to technology 
adoption can provide a viable business case for manufacturing SMEs. Such research requires 
a system-approach that includes a thorough understanding of contextual elements in 
manufacturing systems and their outcomes. 
 
To achieve this, scholars could explore specific strategies and interventions to improve job 
quality for production workers with human-centric smart technology. Human-centric 
technologies such as assistance system could be a potential solution for both machine 
operators and foreman-production workers (e.g., Pacaux-Lemoine et al., 2022; Wotschack et 
al., 2023). However, much uncertainty remains regarding the context-specific adoption in 
which assistance systems contribute and which additional strategies and interventions 
support the positive effects of these human-centric technologies (Kleineberg et al., 2017; 
Mark et al., 2022; Oestreich et al., 2020; Romero et al., 2016). Future research could examine 
how job roles and responsibilities can be restructured to increase task variety, autonomy, and 
skill utilization, evaluating the effectiveness of upskilling and reskilling programs to equip 
machine operators and foreman-production workers with necessary competencies, 
assessing the role of worker involvement in the design and implementation of assistance 
systems, and exploring the influence of organizational policies, practices, and the physical 
work environment on the job quality and well-being of machine operators. Conducting 
longitudinal studies to track the long-term effects of assistance system adoption and 
performing comparative analyses across different organisations, industries and regions could 
help identify best practices and contextual factors that influence job quality outcomes for 
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production workers, contributing to the development of evidence-based strategies to 
maintain or enhance their job quality in the face of technological change. 
 
Finally, researchers should investigate the specific mechanisms by which the job role of 
machine operators may have been affected. This could involve examining changes in task 
variety, autonomy, skill utilization, and other key job characteristics that contribute to overall 
job quality. Understanding these underlying drivers will be crucial in identifying ways to 
mitigate potential negative impacts. Given the challenging nature of doing research with 
machine operators, researchers should consider strengthening co-creation of business 
process models, and semi-structured interviews with observations and think-aloud protocols 
to get a more reliable view of mechanisms by which the jobs of machine operators may have 
been affected. 
 
 
Conclusion 

This study offers insights into work designs and required skills for production workers in 
manufacturing SMEs striving for I5.0 adoption. This research suggests that whilst machine 
operators can experience deskilling due to reported low feedback from the job, task variety 
and job complexity (Shaba et al., 2019), foreman-production workers require additional skills 
due to job enlargement and job enrichment (Lagorio et al., 2021). Moreover, both job roles 
required a combination of transversal and professional skills to effectively leverage these 
smart technologies. On the contrary, the absence of sustainability, self-reflection, and self-
awareness skills in the perspectives of production workers and managers signals a potential 
blind spot in current I5.0 implementation practices.  This, once again, highlights the 
importance of practices for fostering autonomy, collaboration, and continuous learning in the 
workplace to ensure a successful I5.0 transition (Oeij et al., 2017; Prus et al., 2017).  
 
In addition, the observed shift towards more cognitively demanding tasks and increased job 
variety necessitates (1) a re-evaluation of traditional job profiles (e.g. Wilson et al., 2017), (2) 
training programs (Leesakul et al., 2022), (3) and a balance between job demands and 
resources within SMEs (Bakker & Demerouti, 2007). Human-centric technologies such as 
assistance systems show great promise regarding the latter point through physical, sensorial, 
or cognitive assistance (Mark et al., 2021).  
 
Moreover, capturing context-specific elements has proven to be crucial for a comprehensive 
analysis of current work designs and required skills of production workers that adopted smart 
technologies. Technological maturity (Zizic et al., 2022), type of technology (Dhondt et al., 
2020), existing skills of production workers (Nair et al., 2024), and the design and capabilities 
of the technology itself (Mark et al., 2021) could contribute to enhanced understanding of the 
creation of a viable business case for human-centric smart technology adoption at SMEs.   
In conclusion, while smart technologies offer significant potential for enhancing productivity 
in manufacturing SMEs, their successful implementation requires careful consideration of skill 
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development, work design across different job roles, and contextual elements of the 
manufacturing system at hand. 
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AAppppeennddiixx  11::  OOvveerrvviieeww  ooff  mmaaiinn  sskkiillllss  lliitteerraattuurree  aassssoocciiaatteedd  wwiitthh  ssmmaarrtt  tteecchhnnoollooggiieess  
 

AAuutthhoorr  TTiittllee  SSkkiillllss  aarreeaa  ((oorr  ccaatteeggoorryy))  

Acatech (2016) Kompetenzentwicklungsstudie  
Industrie 4.0 

• Technical skills (e.g., data analysis);  
• Process skills (e.g., process management);  
• Organizational skills (e.g., leadership, autonomy, 

decision making). 
Behrend et al. 
(2022) 

Understanding future skills and 
enriching the skills debate 

• Digital; 
• Social; 
• Methodological; 
• Personal; 
• Job-specific. 

Bouwmans et al. 
(2024) 

Developing the digital 
transformation skills framework: A 
systematic literature review 
approach 
 

• Digital working; 
• Communication; 
• Adaptation; 
• Collaboration; 
• Evidence based working; 
• Entrepreneurial. 

Büth et al. (2017) Bridging the qualification gap 
between academia and industry 

• Professional (e.g., specific technical skills); 
• Methodological (e.g., problem solving); 
• Social (e.g., communication); 
• Personal (e.g., self-discipline). 

Corporaal et al. 
(2018) 

Werken in de nieuwe industriële 
revolutie 

• Analytical capabilities; 
• Reflecting and accurate working; 
• Communication; 
• Collaboration; 
• Creativity / innovativeness; 
• Commercial skills. 

Gronau et al. 
(2017) 

Development of the Industrial IoT 
Competences in the Areas of 
Organization, Process, and 
Interaction based on the Learning 
Factory Concept 

• Professional;  
• Personal;  
• Cultural; 
• Methodological;  
• Leadership;  
• Social; 
• Process;  
• Organization;  
• Interaction. 

Hecklau et al, 
(2016) 

Holistic approach for human 
resource management in Industry 
4.0 

• Technical; 
• Methodological; 
• Social; 
• Personal. 

Islam (2022) Industry 4.0: Skill set for 
employability 

• Business Skills; 
• Technical Skills. 

Janis and Alias 
(2018) 

A systematic literature review: 
human roles, competencies and 
skills in industry 4.0 

• Technical skills (knowledge, manufacturing, IT, 
computer science, Robotics, Automation); 

• Non-technical skills (personal, social, 
professional, methodological). 

Kohlgrüber 
(2021) 

Beyond 4.0 • Digital; 
• Personal; 
• Social; 
• Methodological; 
• Professional. 
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Maisiri (2021) Industry 4.0 skills: A perspective of 
the South African manufacturing 
industry. 

• Digital Skills (e.g., advanced Robotics); 
• Soft Skills (e.g., social); 
• Domain Skills. 

Mudzar et al. 
(2022) 

Change in Labour Force Skillset for 
the Fourth Industrial Revolution: A 
Literature Review 

• High-level technical skills (e.g., data analysis); 
• Higher-order cognitive skills (e.g., problem 

solving); 
• Human or interpersonal skills (e.g., leadership). 

 
Müller-
Frommeyer et al. 
(2017) 

Introducing competency models as 
a tool for holistic competency 
development in learning factories: 
Challenges, example and future 
application 

• Professional & Methodological Skills (e.g., 
presentation skills, analytical skills); 

• Social skills (e.g., teamwork, communication); 
• Personal Skills (e.g., motivation, openness). 

Pinzone et al. 
(2017) 

Jobs and skills in Industry 4.0: an 
exploratory research 

• Technical skills associated with: Operations 
Management (e.g., Simulation modeling), Supply 
chain (e.g., virtual design), Product-Service 
Innovation Management (e.g., smart product 
design), Data Science Management (e.g., big 
data analysis), IT-OT Integration Management 
(e.g., integration of embedded devices). 
 

Prift et al. (2017) A Competency Model for “Industrie 
4.0” Employees 
 
 
 
 

• Leading & Deciding;  
• Supporting and cooperating;  
• Interacting and presenting;  
• Analysing & interpreting; 
• Creating and conceptualizing; 
• Organizing and executing; 
• Adapting and coping;  
• Enterprising and Performing. 

 
Probst et al. 
(2019) 

Skills for smart industrial 
specialisation and digital 
transformation 

• Technical;  
• Quality, Risk and Safety;  
• Management, leadership & entrepreneurship; 
• Communication;  
• Innovation;  
• Emotional Intelligence;  
• Ethics. 

 
Schröder et al. 
(2014) 

From Industry 4.0 to Industry 5.0: 
The Triple Transition Digital, Green 
and Social 

• Digital; 
• Green;  
• Social; 
• Individual; 
• Personal; 
• Methodological; 
• Technical (subject specific) 

 
Van Laar et al. 
(2017) 

The relation between 21 -century 
skills and digital skills or literacy: A 
systematic literature review 

• Core skills (technical, information management, 
communication, collaboration, creativity, critical 
thinking, problem solving); 

• Contextual skills (ethical and cultural awareness, 
flexibility, self-direction, lifelong learning). 
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Van Laar et al. 
(2020) 

Determinants of 21st-Century Skills 
and 21st-Century Digital Skills for 
Workers: A Systematic Literature 
Review 

• Technical; 
• Information;  
• Communication; 
• Collaboration; 
• Critical thinking; 
• Creativity; 
• Problem-solving skills. 
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