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to enhance data-driven decision-making procedures. To facilitate the transfor-
mation process, several studies have identified factors that need to be consid-
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dynamic relationship between these factors has yet to be understood to provide
companies with the in-depth knowledge needed to effectively manage the tran-
sition. The principal aim of our research is therefore to map out the complex
relationships between the identified factors, by adapting a novel approach that
combines network analysis and causal loop diagrams. Results show that the
roles of implementation factors are not static, and what role they play depends
on their position in the network, complementing the findings of previous
investigations about the drivers of change. Furthermore, our findings indicate
that multiple intervention points exist, shedding more light on how to develop

effective implementation strategies.
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1 | INTRODUCTION (CPS) and big data (Dalenogare et al, 2018; Raj

et al., 2019). However, at its core, Industry 4.0 is a con-

In early 2000, Mendelson (2000) discussed the increasing
importance of corporations being able to process data col-
lected from internal and external environments, allowing
them to improve their decision-making and their reaction
time with respect to internal and external changes.
Eleven years later, Industry 4.0 was born—a worldwide
recognised concept that builds on that very principle
(Kagermann et al., 2013; Lasi et al., 2014). Industry 4.0 is
often associated with a number of key technologies such
as artificial intelligence (AI), cyber-physical systems

cept that promises to transform entire business models
and the way goods are developed, produced and distrib-
uted. The aforementioned technologies are therefore not
what constitutes Industry 4.0, but what allows the essen-
tial concept of Industry 4.0 to be put into practice
(Calabrese et al., 2021; Castelo-Branco et al., 2019; Da
Silva et al., 2020). This concept is about connecting as
many entities as possible, such as machines and sensors,
within and beyond an organisation to process and chan-
nel the resulting stream of information to augment the
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decision-making capabilities of workers and entire facto-
ries, including their customers and suppliers. Conse-
quently, Industry 4.0-related technologies are needed to
connect devices, to process information and to increase
the pace and the accuracy of companies' decision-making
processes both on micro and macro levels (Bai
et al., 2020; Kagermann et al., 2013; Vaidya et al., 2018).
Given this upcoming paradigm shift, it is no surprise that
governments and corporations around the world have
started to invest in the concept in order to cement and
even further extend their competitive advantage (Lee
et al., 2018; Lin et al., 2018). However, previous research
has established that the transition towards Industry 4.0 is
complex and that companies are still struggling with
implementation (Hirsch-Kreinsen, 2016; Raj et al., 2019;
Staufen AG, 2019). As a result, there is a growing body of
literature that tries to identify potential implementation
barriers and ways to overcome them instead of solely
focusing on the potential of Industry 4.0 technologies
(Miiller et al., 2018; Stentoft et al., 2021).

In the beginning, Industry 4.0 research was predomi-
nantly geared towards the special characteristics of the
manufacturing sector, but then more and more studies
started discussing its usefulness in other areas. This
research trend can also be observed for other
manufacturing philosophies, such as lean manufacturing
(Buer et al., 2018; Distelhorst et al., 2017; Santos
et al., 2015). Therefore, since its inception in 2011, the
scientific field of Industry 4.0 has been in constant
motion. Besides becoming more diverse with respect to
its usability beyond the manufacturing sector, the field
has also moved away from a purely technological
approach to solve Industry 4.0 implementation-related
issues, towards an approach that considers other factors
as equally important. Thus, instead of simply assessing
which Industry 4.0 technologies can help companies to
become more efficient and flexible, a number of studies
have brought forward the idea that a successful imple-
mentation of the Industry 4.0 concept and technologies
depends on a number of factors, such as how companies
train their workforce and in which ways they perceive
Industry 4.0 as beneficial (Cimini et al., 2017; Cugno
et al., 2021; Raj et al., 2019). Initially, most of these
implementation factors were discussed in isolation, with-
out considering how their causal relationship to other
factors might influence the overall implementation pro-
cess. However, the field has recently started to shift
again, with more studies indicating that certain imple-
mentation factors exert influence on other factors
(Bakhtari et al., 2021). For example, the findings of
Cimini et al. (2021) demonstrated that the introduction
of new Industry 4.0 technologies can have an impact on
how companies organise and train their workforce. In a
similar vein, Biichi et al. (2020) showed how more

openness, with respect to how companies use their IT
infrastructure, improves the way companies seize
opportunities.

Findings like these illustrate the risks involved in not
recognising the underlying dynamic relationship between
Industry 4.0 implementation factors. Recommending cor-
porations to focus on a given set of factors without provid-
ing them with a deeper grasp of how these factors interact
with others may lead to false expectations and ineffective
or incomplete implementation strategies (Bakhtari
et al., 2021; Calabrese et al., 2021). Although previous
investigations have acknowledged this issue, research has
yet to systemically study the complexity that arises from
the interdisciplinary nature of the industry research field,
4.0, as well as the multicausality of the implementation
factors (Hoyer et al., 2020). Hence, this study sets out to
obtain a more comprehensive understanding of the multi-
causal relationship between previously identified and
well-studied Industry 4.0 implementation factors. Further-
more, we seek to explore how the roles and the individual
importance of factors change when considered as part of
a larger network of implementation factors instead of
examined individually. This systemic approach allows us
to further explore the dynamics that take place within the
complex system Industry 4.0 (Da Xu, 2020; Lin, 2012;
Medoh & Telukdarie, 2022).

To account for the interdisciplinary DNA of Industry
4.0 and its implementation, we apply a novel approach of
systems thinking by developing a causal loop diagram
(CLD) based on the findings of our previously published
systematic literature review and semi-structured inter-
views that we conducted with Industry 4.0 experts to
learn more about the relationship between the factors
which emerged as critical for Industry 4.0. We then ana-
lyse the characteristics of the CLD with the help of net-
work theory to learn more about the characteristics of
the network and the roles of the implementation factors
within that network. This study stands out with its
unique combination of systematic review, expert inter-
views, practitioner surveys, system dynamics and net-
work theory to gain a deeper understanding of Industry
4.0 implementation complexities. The innovative utilisa-
tion of these methods and data sources offers a compre-
hensive and multifaceted perspective on the topic.

The remaining part of this study is organised as fol-
lows: Section 2 further discusses the application of sys-
tems thinking in the field of Industry 4.0. Our research
approach, including the acquisition of data, is outlined in
Section 3. Along with the numerical results from our net-
work analysis, we present the final CLD, including iden-
tified feedback loops, in Section 4. We then continue
discussing the key findings of the study in Section 5,
before we conclude the study and outline suggestions for
future research in Section 6.
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2 | SYSTEMS THINKING AND THE
IMPLEMENTATION OF INDUSTRY
4.0

The existing body of knowledge on Industry 4.0 suggests
that the reasons for its complexity are manifold. From a
technological perspective, the concept of Industry 4.0
requires organisations to make decisions based on an
increasing amount of data shared and processed by a
growing number of smart devices (Hoyer et al., 2020;
Kagermann et al., 2013; Sjodin et al., 2018). However, as
advocated by Whysall et al. (2019) and Freixanet et al.
(2020), this continuing technological evolution creates a
gap between what technologies can achieve and the com-
petencies required by employees to work effectively in
such an evolving environment, adding another layer of
complexity to the implementation of Industry 4.0. What is
more, Oliveira et al. (2020) argued that this internal per-
spective of complexity with respect to adapting Industry
4.0 must be extended, as the implementation process inter-
acts with external factors such as economic growth and
human capital. Hou et al. (2020) argued that these differ-
ent elements of complexity inherent to Industry 4.0 must
interact seamlessly to achieve a successful implementation
process. In a similar vein, Da Xu (2020) views Industry 4.0
through the systems of systems lens, showing that there
are multiple layer of complexity interacting within the sys-
tem of Industry 4.0. One of the complexities presented in
his study refers to the integration of Industry 4.0, which
includes the relationship between the internal structures
of an organisation and the external environment
(Da Xu, 2020; Hirsch et al., 2007). This particular perspec-
tive has been further analysed by Hoyer et al. (2020), who
explored the different factors that constitute the integra-
tion complexity. The results of their analysis show that the
complex relationship between the identified internal and
external factors needs to be explored further by using the
tools of systems dynamics (Hoyer et al., 2020).

Although numerous approaches exist to address, eval-
uate and comprehend complexity, all of the authors men-
tioned above regard systems thinking as the most
promising among them in the context of Industry 4.0.
Due to its flexibility, systems thinking has also been
employed in other scientific disciplines such as neurosci-
ences, education and management (Azar, 2012; Jonker &
Karapetrovic, 2004; Mahaffy et al., 2019; Uleman
et al., 2021). As pointed out by McGlashan et al. (2016),
systems science offers a wide range of qualitative tech-
niques to capture the shared understanding of a given
topic and a variety of quantitative methods to generate
simulations (Berry et al., 2018). Similarly, Kenzie et al.
(2018) referred to systems thinking as an appropriate tool
for the synthesis of information gathered from different
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stakeholders and disciplines with the goal to develop a
model that reflects their shared understanding of a com-
plex system. This model can also help to identify gaps in
theoretical and empirical knowledge that need to be
addressed in future research (Cabrera et al.,, 2008;
Ghaffarzadegan et al., 2011; Jones et al., 2011).

One specific and validated systems thinking tool that
helps to visualise the synthesis of the shared understand-
ing of a complex phenomenon is the CLD (Roberts, 1978;
Saurin et al., 2013; Spector et al., 2001). In the present
study, we use this tool to map out the causal relationship
between Industry 4.0 implementation factors based on the
shared understanding of Industry 4.0 experts with various
backgrounds. More specifically, we aim to develop a
visual grounded model that illustrates the dynamic rela-
tionship between Industry 4.0 implementation factors, by
showing the direction of each relationship and whether a
given factor either exerts a positive or negative influence
on another factor. Both polarity and the direction of a
causal relationship are based on the statements of our
interview participants. This approach, to our knowledge,
has never been taken before to explain the dynamic pro-
cess of implementing Industry 4.0 with the goal to help
managers and practitioners to understand and manage
the complex nature of implementing Industry 4.0.

Therefore, to construct the CLD, we conduct semi-
structured interviews with Industry 4.0 experts with vari-
ous Industry 4.0 backgrounds. In that context, we focus
on interview participants who are also engaged with
Industry 4.0-related activities such as working on Indus-
try 4.0 initiatives. In a similar vein, our previously con-
ducted systematic review drew from a wide spectrum of
different Industry 4.0 studies, reflecting what is known
about the implementation factors according to the exist-
ing body of Industry 4.0 literature. Combined with the
findings of Da Xu (2020), these factors both account for
the internal environment of corporations that want to
implement Industry 40 and the external environment
that has an impact on the transitional process. Conse-
quently, within the complex system Industry 4.0, this
study focuses on the implementation process that is
defined by the complex dynamic between the previously
identified implementation factors.

3 | METHODS

To gain a better understanding of the relationships
between the previously investigated implementation fac-
tors, we developed a three-stage research approach. First,
based on the results of our systematic literature review
and the findings of our Industry 4.0 survey of practi-
tioners, we conducted interviews with Industry 4.0
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experts to learn more about the factors themselves and
the relationship between them. Second, based on their
explanations, we used the program Vensim PLE 8.2.1 to
visualise the connections between the factors. Finally, we
identified causal loops and used NetworkX for Python
and Gephi 0.9.2 to analyse the overall structure of the
CLD, which was interpreted as a directed network based
on the studies of Uleman et al. (2021) and McGlashan
et al. (2016).

3.1 | Expertinterviews

In our semi-structured interviews, we asked participants
to discuss the Industry 4.0 implementation factors that
they consider crucial. After asking them why they think
these factors are important, we asked them if there were
any other factors they would like to discuss before we pro-
ceeded with asking them about the relationship between
the factors they mentioned (Adams, 2015). Following the
recommendation of McIntosh and Morse (2015), every
question was asked in the same way and in the depicted
order to ensure replicability between interviews.

Due to the multifaceted nature of Industry 4.0, our
goal was to interview experts with a wide spectrum of
Industry 4.0 knowledge and experience (Bartodziej, 2017;
Bogner et al., 2009; Lee et al., 2018). Consequently, the
study was not limited to participants with an industry
background (Luthra & Mangla, 2018; Raman &
Rathakrishnan, 2019; Sung, 2018). Furthermore, we spe-
cifically looked for participants with more than 5 years of
experience with Industry 4.0 projects in a leading position
with the assumption that they would have solved prob-
lems that were not only limited to technological issues.
Third, we prioritised participants engaged with Industry
4.0 beyond their profession. This includes being part of
Industry 4.0 committees, initiatives and associations.

We used the database of the Hanover Industrial Fair
to find suitable candidates, due to its significance in the
field of Industry 4.0, as well as other databases that pro-
vided publicly accessible information, such as the web-
page ‘Plattform Industrie 4.0’. We selected and contacted
30 candidates after cross-checking their profiles with the
help of additional publicly available information;
16 agreed to an interview. Following the recommenda-
tions of Symon and Cassell (2012), we considered this
number sufficient, taking into account that we had two
additional sources of data with which we could compare
the results. At the time of the interviews, nine partici-
pants worked for a corporation, four worked for an
Industry 4.0-related initiative and three worked as uni-
versity researchers. All of our participants fulfilled all of
our criteria.

Finally, we employed the findings of our systematic
literature review to classify the implementation factors in
our thematic analysis and added new factors to the list
when a factor that was discussed by one or more partici-
pants did not match the description of our systematic
synthesis.

32 | CLD

To draw the causal connection between the identified
implementation factors, we used the software tool Ven-
sim. These connections are represented by directed
arrows, whereby solid lines show positive causal relation-
ships and dotted lines show negative causal relationships.
A positive causal connection indicates that if a causal fac-
tor, ‘A’, moves in one direction, the factor it is connected
to, ‘B’, moves in the same direction. In contrast, if a con-
nection is negative, an increase of A results in a decrease
of B (Kiani et al.,, 2009; Roxas et al., 2019; Sahin
et al., 2020; Uleman et al., 2021).

After drawing the connections, we continued with
the identification of feedback loops. These feedback loops
are indicators for a sequence of change that can further
amplify the original momentum (reinforcing feedback
loops) or push back against it (balancing feedback loops).
Reinforcing and balancing sequences are initiated by
introducing change to one factor whereby the sequences
of change can go through an unlimited number of factors
(Kiani et al., 2009).

We distinguished between internal and external
implementation factors to account for the fact that some
of the identified implementation factors are under the
direct control of corporations that want to implement
Industry 4.0, whereas other factors such as ‘Political Sup-
port’ cannot be directly influenced by corporations
(Hoyer et al., 2020).

3.3 | Network analysis

In 2016, McGlashan et al. (2016) demonstrated how
quantitative network analysis can be used to examine the
structure of a CLD to learn more about its properties and
the underlying dynamics between the variables in the
system. This approach was then adopted and further
refined by Uleman et al. (2021), who added additional
steps to the analysis to study the robustness of their CLD.
For the present study, we build on both approaches to
analyse the relationship between the previously identified
and examined Industry 4.0 implementation factors. In
the following section, we describe the measures and tech-
niques used to analyse the CLD and test its robustness.
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3.3.1 | Structural metrics
Structural metrics are used to describe the overall topol-
ogy of the network and can help to better understand
how change in one factor might cause change in other
factors (Hansen et al., 2011; McGlashan et al., 2016).
‘Network Density’ (ND) is a measure that shows the
fractions of connection between the ‘Actual Number of
Implementation Factors’ in the CLD (AC) relative to the
‘Maximum Possible Number of Connections Between the
Factors’ (PC), where n represents the number of factors.
The higher the density, in other words, the closer the
actual number of connections between factors gets to the
theoretical maximum number of possible connections,
the higher the chance that introducing change to one fac-
tor will cause change in other parts of the network
(McGlashan et al., 2016; Metcalf & Casey, 2016).

—1 AC
" ND=

PC= _a2
" DC

1)

The ‘Degree Distributions’ simply refers to the num-
ber of directed causal connections leading to or exiting a
given factor. The degree distribution is, therefore, divided
into in-degree distribution and out-degree distribution
and shows the level of involvement of a given factor in
the network. As argued by McGlashan et al. (2016), this
means that factors with a high in-degree and/or out-
degree can serve as important hubs in the network from
which change can be initiated due to their
interconnectedness.

The ‘Average Path Length’ (L) depicts the smallest
number of connections between any given implementa-
tion factors in the network. The distance d;; between two
chosen factors i and j includes all directed connection on
the shortest path in the network between these two fac-
tors. If there is no connection between a pair of factors,
then dj =N (Xiong, 2012). The average path length is a
strong indicator of how efficiently change spreads from
one factor to the other (McGlashan et al., 2016).

1 N
L:N(N—l) Zij:l, P (2)

‘Network Modularity’ is a measure that helps to iden-
tify clusters in the network and shows their level of segre-
gation. Therefore, if a given network exhibits a high level
of modularity, clusters should be targeted individually to
introduce change, and factors with high betweenness
centrality (BC) should be targeted to spill over change
from one cluster to another (McGlashan et al., 2016). To
calculate the modularity of the CLD, we used the algo-
rithm proposed by Blondel et al. (2008), which is based
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on the approach developed by Leicht and Newman
(2008). In a partition of a directed network, the modular-
ity Q, is defined as follows:

in jout
dnd;

L

Ay stands for the existing connection between two
chosen factors i and j, whereas dé” and d]‘.’“‘ stand for the
in- and out-degree of i and j, respectively. The variable
m represents the number of connections within the net-
work, and ¢; is defined as the cluster the factor i belongs
to (Blondel et al., 2008; Leicht & Newman, 2008).

3.3.2 | Network centrality measures

Centrality measures can reveal the importance of each
factor in the network. However, depending on the cen-
trality measure applied, importance has a different mean-
ing. Following the approaches of McGlashan et al. (2016)
and Uleman et al. (2021), we focused on BC and ‘close-
ness centrality’ (CC) to identify factors that either lie on
and/or have the shortest paths in the network.

The importance of high BC factors arises from their
potential to act as a bridge between other factors and
clusters in the network (Ahmed, 2017; Uleman
et al., 2021). It shows how many times a factor can be
found on the shortest path between other factor in the
network (Kolli & Khajeheian, 2020; McGlashan
et al., 2016). The BC for a chosen factor v is calculated as
followed:

B 1 o(s,tv)
BC, = (N—l)(N—z); o(s,t) (4)

N represents the total number implementation factors
within the network, whereas o(s,t) is defined as the total
number of shortest paths between two chosen factors s
and t. The expression o(s,t|v) stands for the number of
shortest paths going through factor v (Kolli & Khaje-
heian, 2020; Uleman et al., 2021).

CC measures how close each factor is to other factors
in the network. It can therefore help to identify factors
that influence the entire network at the highest speed. In
that context, Uleman et al. (2021) and McGlashan et al.
(2016) recommended using this measure to identify
efficient spreaders of information that can be used to ini-
tiate potential interventions (Ahmed, 2017; Kolli &
Khajeheian, 2020). The CC of a chosen variable v is
calculaqted as follows:
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=n—-1)—————.
' S td(v.u) ®)

The number of reachable factors in the network is
represented by (n—1), whereas d(v,u) is defined as the
distance of the shortest path from a chosen factor v to u.
After calculating the shortest paths between all the fac-
tors in the network, a score is assigned to each imple-
mentation factor with respect to the number of its
shortest paths (Kolli & Khajeheian, 2020).

3.3.3 | Robustness test
To test the structural robustness of the centrality mea-
sures, we adopted the approach that was recently pro-
posed by Uleman et al. (2021). In their study, they
created mutated CLDs by introducing five random muta-
tions to the connections between the variables in the net-
work. These mutations were equiprobably implemented
by rewiring the connection between a random set of fac-
tors and by randomly adding new connections to the
adjacency matrix of the CLD. Similarly, existing connec-
tions can be randomly removed from the CLD. For exam-
ple, instead of A having a directed connection to B, the
connection can be either removed entirely from the CLD
or changed to a new connection where A directly con-
nects to C. Furthermore, a not already existing connec-
tion between two factors can be added to the CLD.
Following this method, we created 300 mutated CLDs
by introducing five random changes to the final adja-
cency matrix of the CLD, as described above, in order to
test the robustness of the centrality measures to random
perturbations. This test was done by calculating the cen-
trality measures of each of the mutated CLDs. These
measures were then used to calculate the interquartile
ranges of each factor's CC and BC to construct error bars
(Uleman et al., 2021).

4 | RESULTS

Table 1 portrays the factor relationships that emerged
from the analysis of the qualitative data obtained from a
set of 16 interviews. Out of the 13 initial factors that have
been mentioned as part of a relationship with other fac-
tors, 10 factors have been further divided into subthemes
to illustrate which specific facet of a given factor was
addressed by the interviewees.

Overall, we consider the inclusion of 25 factors into
the CLD appropriate, highlighting the 65 existing connec-
tions between them (Figure 1). As discussed in the

previous section, we divided the CLD into two clusters
based on the findings from the systematic literature
review by Hoyer et al. (2020).

41 | CLD structure

The density of the final network is 0.1, meaning that the
network contains 10% of all the possible edges if all the
nodes in the network were completely interconnected. As
pointed out by Uleman et al. (2021), this sparse network
topology demands a more strategic approach when it
comes to identifying and using potential leverage-critical
points in the system. This notion is supported by McGla-
shan et al. (2016) who argued that compared to dense
networks, sparse networks are more likely to require
multiple points of intervention in order to introduce
change in the overall system. Sparse networks are more
vulnerable to this problem, as with decreasing density,
the number of alternative routes from one node to
another decreases accordingly. With respect to the imple-
mentation of Industry 4.0, this could mean that not tak-
ing into consideration certain key factors can lead to a
more challenging and less efficient transition towards
Industry 4.0.

The observed average path length in the CLD is 3.518,
meaning that the average causal distance between two
factors is 3.518 connections. Consequently, almost all
implementation factors are interconnected within a short
number of edges, indicating a smooth flow of information
despite the low density.

We calculated a modularity of 0.332, indicating that
different clusters within the network exist. Upon further
analysis, we identified three clusters, which are shown in
Figure 2. Interestingly, while there are two main clusters
that reflect the exact division between internal and exter-
nal implementation factors, a third cluster was identified.
This cluster builds a subcluster within the internal cluster
and seems to comprise implementation factors that are
more relevant for the operational aspects of Industry 4.0
such as ‘Lean Performance’ and ‘Improving Productivity
and Efficiency’.

The degree distributions and the individual in- and
out-degree values are shown in Figure 3. In both cases,
the degrees range from 0 to 9 with most factors having a
degree of 2. Similarly, in both cases, only a few larger
hubs can be observed, leading to a heavy-tailed degree
distribution (Kolli & Khajeheian, 2020; Metcalf &
Casey, 2016). Moreover, only one factor was found to not
have an impact on at least one other factor. As stated by
McGlashan et al. (2016), factors with an out-degree of
0 are less likely to occur than factors with an in-degree of
0, as shown in the presented CLD.
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TABLE 1 Implementation factors integrated into the CLD.
Subthemes n Subthemes n
1. Political Support 42 7. Perceived Implementation Benefits 60
7.1. New Business Models
2.1. IT Standardisation 32 7.2. Need for New Technologies

2.2. Data Ownership and Privacy Rules
2.3. Broad Band and 5G Expansion

3. Corporate and Institutional Cooperation 57
3.1. Availability of Cooperation Platforms

3.2. Inter-Institutional Cooperation

4. Cost Assessment and Available Funding 21
Options

4.1. Cost of Transition
4.2. Financial Support and Initiatives

4.3. Financial Support for 1.4.0. Initiatives

5. Available Knowledge and Education 39
5.1. Availability of Skilled Workers

5.2. Education System

5.3. Availability of Industry 4.0 Knowledge

6. Pressure to Adapt 19
6.1. Market Pressure to Adapt Industry 4.0

6.2. Customer Demand for Current

4.2 | Variable centrality

The network analysis returned the highest BC for the fac-
tor ‘IT-Infrastructure Maturity’ (Figure 4). Therefore, it
lies directly on the shortest path that connects various
factors with each other (Hansen et al.,, 2011; Kolli &
Khajeheian, 2020; Layton & Watters, 2015). A closer look
reveals that the factor seems to act as a bridge between
the inner workings of corporations and the factors that
have a more strategic component, such as the creation of
new business models. Therefore, despite its compara-
tively low individual reference score (Table 1) in combi-
nation with other factors, the analysis shows that its
importance changes when the implementation of Indus-
try 4.0 is considered as a complex system. In fact, the con-
nection between ‘IT-Infrastructure Maturity’ and
‘Perceived Implementation Benefits’ was found to be the
connection that Industry 4.0 experts most referred to,
indicating that the execution of implementation plans is
connected to the capabilities of the local infrastructure.

7.3. Improving Productivity and Efficiency

8. Strategic Consideration 27

9. IT-Infrastructure Maturity 19

10. Internal Knowledge and Skills 17
Development

10.1. Industry 4.0-Related Skill Promotion

10.2. Internal HR Capacity

11. Lean Manufacturing Experience 6
11.1. Lean Performance

11.2. Lean Experience

12. Occupational Health and Safety 4
12.1. Safety and Job Loss Anxiety

13. Attitude and Mindset 15
13.1. Openness to Change and Cooperation

13.2. Scepticism Towards Change

In the same vein, ‘Inter-Institutional Cooperation’
may have a similar role, acting as a junction between
internal and external implementation factors. Its high BC
indicates that in order to have a strong impact on corpo-
rations from the outside and vice versa, ‘Inter-
Institutional Cooperation’ may offer the most efficient
paths to achieve these goals. The fact that this factor also
has the highest CC is one of the most striking results
found, as it strengthens the idea that cooperation repre-
sents a crucial platform through which both corporations
and outside parties can address key issues related to
Industry 4.0 across internal and external boundaries.
Consequently, the factor not only sits on a number of
shortest paths between external and internal factors, but
it also shows that ‘Inter-Institutional Cooperation’ is very
close to all other factors in the network, making it crucial
for implementation strategies. According to network the-
ory, this, on average, short distance to other factors in the
network gives cooperation a position from which infor-
mation spreads quickly (McKnight, 2014).
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FIGURE 1 Industry 4.0 implementation factors CLD: internal factors are in green, and external factors are in orange. [Colour figure can
be viewed at wileyonlinelibrary.com]
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Besides cooperation, the factors ‘Openness to
Change’, ‘Political Support’ and ‘IT Standardisation’
emerged from the analysis as key factors with high CC,
indicating on the one hand that from a corporation’s per-
spective, incorporating measures that encourage an open
mindset towards Industry 4.0 may be the strongest lever-
age point in terms of having an impact on as many imple-
mentation factors as possible.

Elaborating now on the factor ‘Political Support’, the
results show that despite its high CC, it has a BC of
0, indicating that the factor can have a significant impact
on the system, while changes in the system do not impact
the factor itself. Although it is a widely held view that

political institutions play an important role when it
comes to Industry 4.0, our findings may offer an addi-
tional explanation as to why the support of political insti-
tutions is crucial. Its exogenous nature combined with a
high CC suggests that the factor has many and short con-
nections to other influential factors in the network
(Metcalf & Casey, 2016; Uleman et al., 2021).

To test the robustness of the centrality measures, we
included the interquartile range of the mutated CLDs for
each factor in Figure 4, showing that the error bars only
rarely overlap, suggesting that small errors in connecting
the implementation factors will not lead to different qual-
itative interpretations (Uleman et al., 2021).
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TABLE 2 Implementation factors integrated into the CLD.
Loop 1st variable 2nd variable
RD1 3.1. Availability of 3.2. Inter-Institutional

Cooperation Platforms

Cooperation

3rd variable

13.1. Openness to Change
and Cooperation

9. IT-Infrastructure Maturity

11.2. Lean Experience

7.3. Improving Productivity
and Efficiency

10.1. Industry 4.0-Related
Skill Promotion

9. IT-Infrastructure Maturity

9. IT-Infrastructure Maturity

10.1. Industry 4.0-Related
Skill Promotion

7.1. New Business Models

9. IT-Infrastructure Maturity

9. IT-Infrastructure Maturity

4th variable

13.1. Openness to Change
and Cooperation

11.1. Lean Performance

10.1. Industry 4.0-Related
Skill Promotion

13.1. Openness to Change
and Cooperation

7.3. Improving Productivity
and Efficiency

10.2. Internal HR Capacity

RD2 13.1. Openness to Change 10.1. Industry 4.0-Related
and Cooperation Skill Promotion
RD3 3.2. Inter-Institutional 2.1. IT Standardisation
Cooperation
RD4 3.2. Inter-Institutional 2.2. Data Ownership and
Cooperation Privacy Rules
RI1 3.2. Inter-Institutional 3.1. Availability of
Cooperation Cooperation Platforms
RI2 7.1. New Business Models 7.2. Need for New
Technologies
RI3 9. IT-Infrastructure Maturity ~ 11.1. Lean Performance
RI4 9. IT-Infrastructure Maturity ~ 7.2. Need for New
Technologies
RI5 3.2. Inter-Institutional 5.3. Availability of Industry
Cooperation 4.0 Knowledge
RI6 7.3. Improving Productivity 7.2. Need for New
and Efficiency Technologies
RI7 7.1. New Business Models 7.2. Need for New
Technologies
RI8 6.1. Market Pressure to 9. IT-Infrastructure Maturity
Adapt Industry 4.0
BI1 13.2. Scepticism Towards 7.2. Need for New
Change Technologies
BI2 4.1. Cost of Transition 7.2. Need for New
Technologies
BI3 7.1. New Business Models 7.2. Need for New
Technologies
4.3 | Feedback loops

As shown in Table 2, both direct and indirect balancing
(BD and BID) as well as reinforcing (RD and RID) feed-
back loops are present in the CLD (see Figure 1). Direct
feedback loops are defined as feedback loops between
two variables whereas indirect feedback loops include
more than two variables (Uleman et al., 2021). Before we
extend our discussion on the overall findings, the follow-
ing part of the paper describes different feedback loops
considered important across feedback loops and intersec-
tions identified in the CLD.

4.3.1 | Within scale feedback loops

We define within scale feedback loops as loops that take
place within the cluster of internal or external implemen-
tation factors (Uleman et al., 2021). For example, as

Figure 5 shows, the development of new business models
not only increases the need for new technologies but also
the capabilities of a corporation's IT infrastructure result-
ing from introducing these new technologies—a process
that exclusively happens within the boundaries of an
organisation. Meanwhile, the feedback loop also proposes
that an improved infrastructure gives organisations more
opportunities to develop new business models. Similar to
several implementation studies, the particular impor-
tance of new business models and optimisation opportu-
nities was a recurrent theme among the interviewed
group of Industry 4.0 experts.

432 | Cross-scale feedback loops

RI5 shows a causal chain between internal and external
implementation factors (see Figure 6). More specifically,
the internal promotion of skills of an organisation could
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Example of a cross-scale loop (RI5). [Colour figure

benefit from the availability of accessible Industry 4.0
knowledge. While this is an expected and well-
documented relationship, a surprising finding is that
organisations seem to have an impact on the availability
of skilled workers that goes beyond a simple supply and
demand logic—cooperation and collaboration also seem
to play a crucial role.

4.3.3 | Loop intersections

Starting with Inter-Institutional Cooperation, Figure 7
summarises all the factors and feedback loops that are
connected it. What stands out is that cooperation seems
to take a key role when it comes to the standardisation of
IT solutions and communication (RD3 and RD4). The
interviewed experts argued that the lack of existing IT

SYSTEMS ,, BEHAVIORAL —WILEY =
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standards forces companies to invest more time and
resources into identifying IT solutions that are compati-
ble with the infrastructures of their customers and sup-
pliers. They further argued that cooperation, even with
direct competitors, seems inevitable as the most optimal
solution always involves players outside of an
organisation.

In contrast to ‘Inter-Institutional Cooperation’, ‘IT-
Infrastructure Maturity’ (Figure 8) mainly exerts its influ-
ence on the internal part of the system and is only con-
nected to a small number of cross-scale loops such as
RI8. Nonetheless, as illustrated earlier, its overall impact
on the network is strong, indicating that internal imple-
mentation processes and endeavours in particular are
directly connected to the maturity and capability of the
company's infrastructure.

5 | DISCUSSION

Recent studies have come to the conclusion that a sys-
tematic approach to Industry 4.0 is inevitable (Freixanet
et al., 2020; Hou et al., 2020; Oliveira et al., 2020). For
example, Neumann et al. (2021) argued that because
companies tend to enter unsafe states when they are
engaged with process innovation, unanticipated system
risks are even more likely to occur when approaching
Industry 4.0 through isolated steps. This accords with our
findings that shed new light on how the implementation
factors influence each other within the system. For
instance, in Figure 9, it can be seen that developing busi-
ness models (Factor 7.1) may also lead to job loss anxiety
among employees (Factor 12). A sole focus on developing
new business model, without considering the impact on
other factors such as ‘Internal Promotion of Industry 4.0
Skills’, could therefore lead to a stronger resistance
against change and to lower productivity, as suggested by
our interviews and the findings of Saniuk et al. (2021).
The density of the presented CLD is low, indicating
that the implementation of Industry 4.0 through one fac-
tor will likely not affect as many other factors as in dense
networks. Therefore, to introduce change in the system
effectively, multiple leverage points must be identified
(Hansen et al., 2011; Kolli & Khajeheian, 2020). This fur-
ther strengthens the idea that comprehensive approaches
should be chosen over single projects, despite seeming
more practical on the surface, as illustrated by the most
recent German Industry 4.0 Index (Staufen AG, 2019).
Our modularity test showed that the network is
divided, not only confirming our initial separation
between external and internal implementation factors
but also suggesting that a third cluster may exist. This
third cluster is consistent with the growing body of
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Operations Management literature that is mainly focused
on increasing the overall flexibility and efficiency of oper-
ations with the help of Industry 4.0, as illustrated by the
findings of Zhang et al. (2020) and Hastig and Sodhi
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(2020). A possible explanation that complements those
observations might lie in the nature of the factor ‘Per-
ceived Implementation Benefits’. The factor was divided
into subclusters to account for the fact that our interview
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partners treated the desire to build new business models
differently from the desire to increase the overall effi-
ciency of processes, which is consequently also reflected
by their respective connections to other factors in the
CLD. This could mean that the differentiation between
operational and business model-oriented goals is more
important with respect to Industry 4.0 strategy develop-
ment than previously assumed (Masood &
Sonntag, 2020).

The fact that all, except one, interviewed Industry 4.0
experts advocated for a more systematic approach to
Industry 4.0 that involves multidisciplinary cooperation
across institutions, offers a sound explanation for the
high BC value of ‘Inter-Institutional Cooperation’ and its
central position in the network. Moreover, combined
with its high out-degree, it is no surprise that ‘Inter-
Institutional Cooperation’ is the main hub in the net-
work that connects the external implementation cluster
with the internal one. Recent studies have presented evi-
dence that cooperation plays a major role when it comes
to overcoming certain implementation barriers, such as
the lack of know-how and experience with smart technol-
ogies and new IT standards (Masood & Sonntag, 2020;
Saniuk et al., 2021; Stentoft et al., 2021). Moreover, the
findings of Cugno et al. (2021) have shown that incen-
tives such as Industry 4.0 support and awareness pro-
grammes are not effectively targeting the barriers
companies need to overcome while moving towards
Industry 4.0, indicating a lack of coordination between
key players such as the corporate sector and government
institutions. In that context, our CLD offers new insights
as to which implementation processes would directly
benefit from cooperation, which could be used to tailor
support programmes around the needs of corporations.
Furthermore, the discussed network structure of the CLD
puts forward the idea that even when support pro-
grammes are aimed at a specific barrier, such as the lack
of skilled workers, they need to consider multiple factors
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in order to effectively target this Industry 4.0-related bar-
rier. In that regard, our developed CLD can facilitate the
identification of implementation factors that need to be
acknowledged in order to develop more effective
approaches.

We also demonstrated that every internal implemen-
tation factor is either directly dependant on the IT infra-
structure of the organisation or indirectly connected to it
through a short causal loop. It is probable therefore that
every organisation's attempt to move towards Industry
4.0 stands and falls with their ability to efficiently man-
age and scale their IT infrastructure, which may further
help to explain why a great deal of Industry 4.0 literature
is still focused on Industry 4.0 technologies
(Ghobakhloo, 2020; Jiang et al., 2022; Nara et al., 2021).
However, our findings also show that ‘IT Infrastructure’
has the second highest in-degree, which is unusual for
high out-degree variables in a network and indicative of
a dynamic and complex relationship to other factors. Our
findings, therefore, broadly support the notion that the
maturity of an IT infrastructure should not only be
assessed based on its technological capabilities but also
based on their relationship to other implementation fac-
tors and drivers, as proposed by other recent investiga-
tions (Jiang et al., 2020; Pozzi et al., 2021; Stentoft
et al., 2021; Wagire et al., 2021).

The results of this study assert that more factors caus-
ally influence the creation of Industry 4.0-related busi-
ness models, rather than the other way around. As a
result, the degree to which other implementation factors
influence the creation of new business models becomes
more important than we previously assumed (Lin
et al., 2018; Miiller et al., 2018). However, what remains
unchanged is the overall importance of the factor. As
pointed out by McGlashan et al. (2016), factors with high
in-degree centrality can serve as a central hub for change
in a network and therefore be viewed as an important
factor to consider when implementing Industry 4.0.

6 | LIMITATIONS AND FUTURE
WORK

The construction of our CLD was based on interviews
with Industry 4.0 experts. Although we adapted the
methods and recommendations from McGlashan et al.
(2016) and Uleman et al. (2021) to increase the overall
robustness of our approach and compared the results
against the findings of our systematic literature review, a
certain level of subjectivity cannot be avoided with
respect to how the presented implementation factors are
connected. Furthermore, a major challenge of CLDs is to
find the right level of detail to avoid either difficult to
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comprehend or overly simplified representations of real-
ity (Richards et al., 2021). The introduction of mutated
CLDs to test how changing existing and adding new con-
nections to the network influences the centrality mea-
sures of the presented CLD, however, has shown a strong
resilience against random permutations, making alterna-
tive qualitative conclusions less likely (Uleman
et al., 2021). As proposed by Uleman et al. (2021), con-
ducting systematic reviews on every connection identified
in the network might further strengthen the model.

Another important limitation of CLDs is their static
nature when it comes to emergent behaviour, nonintui-
tive quantitative results and time delays (Richards
et al., 2021; Richardson, 1986; Sterman, 2002). These fac-
tors can alter the properties of a given network by, for
instance, changing the calculated centrality measures of
variables within the network and thereby affecting the
overall dynamic of the system. In future research, we will
therefore aim to quantitively define the connections
between Industry 4.0 implementation factors by collect-
ing empirical data on implementation processes, to simu-
late different implementation scenarios, making it more
suitable for practical application.

Finally, although we integrated different perspectives
by interviewing experts with various Industry 4.0-related
backgrounds, we want to use the findings of this study to
conduct future research that revolves around more spe-
cific implementation scenarios. Together with various
stakeholders, we will perform participatory systems map-
ping which not only involves stakeholders in the process
of defining the system boundaries but also in the analysis
process (Barbrook-Johnson & Penn, 2022). With this
approach, we hope to develop distinct implementation
strategies that can be tailored to the specific needs of a
given organisation.

7 | CONCLUSION

The aim of the present research was to examine and map
out the complexity inherent in the implementation of
Industry 4.0 through the application of network analysis
to a CLD developed based on in-depth interviews with
Industry 4.0 experts. Our study has shown that a compre-
hensive grasp of the importance of Industry 4.0 imple-
mentation factors cannot be obtained without
considering the role of each factor in a multicausal net-
work. Through the application of network analysis, we
determined the specific properties of the CLD to derive
potential intervention points in the network to introduce
and spread change more efficiently. These insights not
only help to explain why focusing on one implementa-
tion factor can cause negative side effects but also which
factors are crucial to achieve a more effective

implementation of Industry 4.0. Therefore, the flexible
combination of systems thinking, and network theory
has allowed us to shed more light on the specific func-
tions of previously investigated implementation factors.
At the same time, through the identification of feedback
loops, our findings demonstrated that the role of a given
factor is not static, as it changes depending on which
other factors it is connected to. In order to illustrate and
study this effect, the flexible use of system dynamics com-
bined with other methods was crucial to explore the com-
plex dynamics between the previously studied
implementation factors. Without this flexible application
of system dynamics, the knowledge about the implemen-
tation factors would still be limited to the static function
of each isolated factor.

Our modularity test further supports the notion that
the internal transformation process interacts with exter-
nal implementation factors. The presented CLD can
therefore be used to further expand our understanding of
how external implementation factors exert influence on
internal implementation processes and vice versa, thereby
providing external key players, such as government insti-
tutions, with a more comprehensive understanding of
how specific measures influence the transition process of
corporations. Taken together, our findings therefore high-
light the importance of approaching the implementation
of Industry 4.0 in a systemic manner that accounts for its
complexity. Scientific investigations should, therefore,
favour the application of holistic and interdisciplinary
approaches to further improve our understanding of the
underlying dynamics of implementing Industry 4.0. Simi-
larly, we recommend that corporations and governments
need to change their perspectives on Industry 4.0. Iso-
lated use cases and pilot projects may be beneficial to
assess the potential of certain technologies, but they fail
to make allowances for the various factors that need to be
considered to have a sustainable impact. Our findings
suggest that strategic approaches that acknowledge the
dynamic behaviour of complex adaptive systems are more
likely to have a strong enough effect on the overall system
to introduce lasting change.

Due to the static nature of CLDs, emergent behaviour
within the network cannot be entirely captured, which is
why we will focus our future research on the simulation
of the dynamics between the identified networks by col-
lecting more empirical data. At the same time, this will
also help us to further decrease the level of subjectivity
that comes with interviewing experts.
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