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Abstract

Through recent innovations in IT, the manufacturing industry is undergoing a fourth industrial
revolution: the transition to a Smart Industry. With technologies like the internet, sensors, cloud
computing and big data, the production process is changing towards a collection of smart,
flexible, and efficient cyber-physical systems. The Dutch manufacturing industry needs this
transition to stay globally competitive, so it is important for Dutch firms to digitally transform
by adopting Smart Industry related technologies. There is still an incomplete understanding of
how this transition can be improved and how firms can adopt these technologies, as well as a
lot more potential for digital transformation in Dutch firms. Recent literature suggests that an
open innovation approach could enable firms to adopt more Smart Industry technologies, yet
little empirical research has been done so far to investigate the relationship between open
innovation and digital transformation. The goal of this study was therefore to empirically
investigate this relationship to help Dutch manufacturing firms in their digital transformation,
and to contribute to a better theoretical framework of the relevant factors at play in the transition
to a Smart Industry. Open innovation as a whole, as well as two dimensions of open innovation,
inbound and outbound knowledge flows, were tested for their effect on digital transformation.
Representative data from the European Manufacturing Survey of 169 Dutch manufacturing
firms was used in multiple regression analyses that showed a small to moderate positive
significant effect of open innovation and its two dimensions on the degree of Smart Industry
technology adoption in firms. This implies that firms should become more open to facilitate
digital transformation. A post-hoc analysis showed that employee involvement and outsourcing
R&D might be more important in this relationship compared to other open innovation practices.
Future research could now strive to better and more specifically understand the role of open
innovation, its dimensions, its individual practices and their interactions, in the context of the

transition to a Smart Dutch manufacturing industry.
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1. Introduction

1.1 Problem Description

Since the beginning of the twenty-first century, the rise of new ICT technologies is changing
the manufacturing industry. Technologies like cloud computing, Artificial Intelligence (Al), the
Internet of Things (1oT), and big data are increasingly being used in the production process.
Combined with machines and sensors, they form efficient, flexible and customizable production
systems like Cyber-Physical Systems (CPS) (Van Helmond et al., 2018; Huizinga et al., 2014).
In the scientific literature, this transition marked by firms undergoing digitization and digital
transformation is recognized as the fourth industrial revolution. It was dubbed as Industry 4.0
in Germany (Osterrieder et al., 2020), as Smart Manufacturing in the USA (Porter &
Heppelmann, 2015), and as Smart Industry (Huizinga et al., 2014). A key term in this transition
is the Smart Factory, which is the representation of a fully connected and data driven factory
that makes use of the cutting-edge technologies that are associated with Smart Industry, mostly
functioning with relatively little human labour and interference (Lasi et al., 2014; Osterrieder
et al., 2020). With these new technologies, the production process in manufacturing firms can
benefit from the value of information, become more automated, flexible and efficient, and
improve delivery time, quality and customer intimacy (Huizinga et al., 2014; Kang et al., 2016).

A study of Geissbauer et al. (2018) found that only 10% of global manufacturing
companies are in a mature stage of digital transformation, while almost two-thirds have just
begun or have yet to begin transforming. They also found that among global regions, Asia-
Pacific is in the lead with 19% digital maturity. Europe lags behind at only 5%. It is clear that
there is a lot of progress to be made. The transition to a Smart Industry is also an important
issue in the Dutch manufacturing industry. In the report of Huizinga et al. (2014), the authors
stress the urgency for innovation in order to maintain and strengthen its competitive position in
the global economy (p. 5). Yet, research of Van Helmond et al. (2018) found that most Dutch
manufacturing firms have not sufficiently introduced Smart Industry technologies in their
production process and that there is a lot of room for improvement.

To help manufacturing firms in their digital transformation, it is important to consider
what prevents them from adopting the new digital technologies and what makes adoption more
likely. A literature review of Hoyer et al. (2020) revealed fourteen relevant and comprehensive
factors for a successful implementation of Smart Industry technologies, which will be further

discussed and expanded upon in Chapter 2.2. They revealed factors like Perceived benefits,



Pressure to adapt, IT infrastructure maturity, Financial barriers, and Political support that can
hinder or enable firms in their digital transformation. Firms have limited control over some of
the factors, like Company size or Industry sector, but most factors are mostly under the firm’s
control, and can benefit from or require the external environment. Factors like Corporate and
institutional cooperation and Available knowledge and education show that firms can attain
great value from external parties. The environment of a firm, customers for example, can also
influence the firm internally on aspects like Perceived benefits, or Pressure to Adapt.

From these factors of Hoyer et al. (2020) it appears that firms with an open attitude
towards their environment would be able to gain more of the implementation factors that
influence successful Smart Industry technology adoption. The findings of Geissbauer et al.
(2018) also point in the direction of the benefits of openness, because they show that digitally
mature firms are typically open to partnerships and joint ventures with other companies, and
are more connected to their customers and ecosystem.

The openness of a firm relates to the concept of open innovation, a term first coined by
Chesbrough (2003). Open innovation is a relatively new and broad concept that describes the
way in which firms approach innovation. It has been widely researched since the inception of
the term. Chesbrough originally defined it as “the use of purposive inflows and outflows of
knowledge to accelerate internal innovation, and to expand the markets for external use of
innovation, respectively” (Chesbrough et al., 2006, p. 1). It is the opposite of closed innovation,
where firms generate, develop and commercialize their own ideas in-house, and shield the
outside world from their findings (Chesbrough, 2003). Open versus closed innovation is not a
dichotomy, but a spectrum whereon firms can be more or less open. One way to determine the
openness of a firm, is to look for open innovation practices in a firm. These are practices like
in- or outbound IP licensing, customer involvement, or outsourcing R&D by collaboration with
institutions like universities (Van de Vrande et al., 2009). The more open innovation practices
a firm engages in, and the greater the extent of implementation of these practices, the more open
a firm is considered to be.

It seems that, with an open innovation approach, manufacturing firms would be able to
exchange ideas, knowledge, skills and patents regarding Smart Industry technologies with their
environment and use these to innovate their production processes. Open innovation might
hereby be able to positively influence some of the earlier identified factors that determine
successful implementation of Smart Industry technologies. In the literature, open innovation
has been found to benefit innovation outcomes for both product and process innovations (Huang
& Rice, 2012; Noh, 2015; Von Krogh et al., 2018), for example in terms of profitability (Noh,
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2015) and competitiveness (De Paulo et al., 2017). However, many studies point to the
challenges of open innovation, which are reflected in the fact that open innovation can have
mixed innovation outcomes (Zobel, 2017, p. 270). Open innovation is not always beneficial for
firms, and is more or less appropriate depending on factors like globalization, technology
intensity, technology fusion and knowledge leveraging (Gassman, 2006).

In general, research into the relationship of open innovation with the innovativeness of
a firm, is done in different industries with a focus on product innovations (West & Gallagher,
2006; Huizingh, 2011; Huang & Rice, 2012). Process innovations, like the Smart Industry
technologies, remain mostly neglected in open innovation research. It is also not clear how open
innovation fares in the Dutch manufacturing industry specifically. On top of that, the field of
Smart Industry research is still young, so only little research has been done to identify the
relevant adoption factors that benefit the digital transformation of firms (Arnold et al., April
2018; Hoyer et al., 2020). It appears that some of the factors can be abstracted into the concept
of open innovation, but the specific relationship with open innovation and digital transformation

remains empirically unexplored.

1.2 Problem Statement

In order to contribute to the fields of open innovation and the Smart Industry literature, as well
as to the problem of a lack of adoption of Smart technologies in Dutch manufacturing firms,
this knowledge gap should be filled. The goal of this research is therefore to increase
understanding about the role that open innovation has in the adoption of technologies related to
a Smart Industry, if any, in particular for the Dutch manufacturing industry. More knowledge
on this subject is crucial for this industry, because its global competitiveness depends on it

(Huizingaetal., 2014; Van Helmond et al., 2018). This leads to the following research question:

“What is the relationship between the degree of open innovation and the degree of Smart

Industry technology adoption in Dutch manufacturing firms?”

Empirical data from the European Manufacturing Survey (EMS) will be used to quantitatively
answer this question. This preliminary study should result in more insights and knowledge on
how to improve the rate of adoption of Smart Industry technologies, as well as an addition to

the open innovation and Smart Industry literature.



1.3 Theoretical Relevance
The field of open innovation is still relatively new, and although much research has since been
done on the subject, some areas are still not or barely researched. For example, as mentioned
before in Chapter 1.1., much of the open innovation literature relates to product innovation, and
to a lesser extent to process innovations like Smart Industry technologies (West & Gallagher,
2006; Huizingh, 2011; Huang & Rice, 2012). This study adds to the open process innovation
research. Some research indicates that open innovation is beneficial for manufacturing firms in
terms of competitiveness, profitability, and product and process innovation outcomes (Noh,
2015; De Paulo et al., 2017; Tsinopoulos et al., 2017; Von Krogh et al., 2018), but not how this
improves digital transformation specifically. These studies also did not take the different
dimensions of open innovation into account, which are comprised of in- and outbound
knowledge flows. This study contributes to the literature by being one of the first to empirically
test the effects of open innovation in the context of digital transformation in firms, as well as
by further investigating the dimensions of open innovation. Furthermore, the even younger field
of Smart Industry research has started to unravel the factors that influence the adoption of Smart
Industry technologies in firms (Arnold et al., April 2018; Hoyer et al., 2020). Some of these
relevant factors they found overlap with the concept of open innovation, so this study looks into
the possibility that these factors can be bundled into a concept on a higher level of abstraction.
This study therefore attempts to contribute to a more efficient Smart Industry technology
adoption framework, which is something that Hoyer et al. (2020) call for.

These contributions enable more debate about the usefulness and potential benefits of
open innovation and add to the emerging field of Smart Industry research. This study could also
increase understanding about why and how firms choose to adopt the new digital technologies,

and how digital transformation can be enabled.

1.4 Managerial Relevance

This study helps managers that want to digitally transform their firms, or increase their
competitiveness in general, by providing insight about the role of open innovation in achieving
this. Open innovation practices might be important in digitally transforming firms, and
managers would benefit from having more insight on the matter. There is still a lot of potential
for Smart Industry technology adoption in Dutch manufacturing firms (Van Helmond et al.,
2018), so this knowledge would be valuable for them and potentially for managers from other
countries and regions as well. Because this research takes the dimensions of open innovation

and their relation to firm smartness into account, managers could also get a better understanding
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of which open innovation practices they should adopt to increase their firm’s smartness. Lastly,
it could have implications for policy makers, as Political support is one of the factors that
mediates in the decision to adopt a new technology (Hoyer et al., 2020). If open innovation
proves to be useful in the digital transformation of firms, it is advisable that policy makers
implement policies that stimulate these practices and do not hinder them.

1.5 Outline

Firstly, a literature review in the next chapter will further explain and elaborate the relevant
concepts and relationships of this study. This theoretical background leads to hypotheses and a
conceptual model, where the relationships between the core concepts are visualized. In the third
chapter the research method will be explained and accounted for. Hereafter, the data is analysed
and the results of the study are reported in chapter four. The last chapter concludes this study
by discussing these results, addressing the limitations, and reflecting on the implications. It also

provides avenues for future research.
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2. Theoretical Background

In this chapter, a literature review will compile and compare the relevant theoretical background
of this study. This review starts with a general introduction of the concept of Smart Industry
technologies and continues with explaining how these technologies diffuse and get adopted.
Then the concept of open innovation will be expanded upon and dissected. Hereafter, the
concept of open innovation and its practices will be put into context of the transition to a Smart
Industry. This results in hypotheses and a conceptual model.

2.1 Smart Industry Technologies
The transition to a Smart Industry entails the digital transformation of the firms in the
manufacturing industry. This includes the integration of many different technologies, which are
mainly IT-based, across the entire value chain (Haverkort & Zimmerman, 2017). Because the
literature on Smart Industries is relatively new and scattered geographically, there are many
mentions of different technologies and groups of technologies or functions that are associated
with Smart Industries (Oztemel & Gursev, 2020). For example, while Cyber-Physical Systems
(CPS), Internet of Things (loT), big data, cloud computing, and smart sensors are commonly
mentioned across the literature (Lasi et al., 2014; Osterrieder et al., 2020; Oztemel & Gursev,
2020), some regions have different understandings and priorities in terms of what core
technologies should be included. The USA and South Korea both classify Smart Energy and
additive manufacturing as an extra core technology of the Smart Industry, when Germany does
not. South Korea also classifies holograms as an additional core technology (Kang et al., 2016).
This study focuses primarily on the Dutch manufacturing industry, so the classifications
of Huizinga et al. (2014) and the EMS (Van Helmond et al., 2018) will be used to sort out the
specific technologies that will be used in the analysis. The definition of Smart Industries of
Huizinga et al. (2014) that corresponds with these technologies, is “...industries that have a
high degree of flexibility in production, in terms of product needs (specifications, quality,
design), volume (what is needed), timing (when it is needed), resource efficiency and cost (what
is required), being able to (fine)tune to customer needs and make use of the entire supply chain
for value creation. It is enabled by a network-centric approach, making use of the value of
information, driven by ICT and the latest available proven manufacturing techniques.”
(Huizinga et al., 2014, p. 17). This was found to be the best definition of Smart Industries to

accurately describe the Dutch interpretation of the concept.
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Now follow the categories of technologies that are associated with this definition
(Huizinga et al., 2014). The first is ICTs that allow machine-to-machine communication
(M2M), which enables machines and devices to exchange in- and output with other machines.
The second is sensor technology, which gives machines and devices awareness of the material
world. For example, Radio-Frequency Identification (RFID) can be used to communicate the
location of a device. The third and fourth are cloud and big data technologies. These allow the
collection, storage and processing of the large amount of data that is provided by these machines
and devices. The fifth is the 10T, which emerges out of the integration of these technologies.
The sixth is CPS, which is the network of interconnected machines, devices and software that
is enabled by the Internet and can be designed with the former technologies. The seventh is the
improvements of safe and intuitive human-machine interaction, which is essential when the
CPSs become more autonomous, complex and black-box like. The last category is additive
manufacturing, or 3D printing. This technology is suitable to make prototypes or customized

products cost- and time-efficiently, and is largely enabled by ICT.

Control Layer

gl;‘} a:rélgg Su‘;} Cloud &

Intelligence Layer

@ Data Layer

Physical Layer

Figure 2.1: The four layered Smart Factory (Osterrieder et al., 2020, p. 3)

When all these technologies are properly combined and integrated into a firm, it becomes a
Smart Factory, which is “envisioned as a future state of a fully connected manufacturing system,
mainly operating without human force by generating, transferring, receiving and processing
necessary data to conduct all required tasks for producing all kinds of goods.” (Osterrieder et

al., 2020). This complex system is comprised of the four layers in Figure 2.1.
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These new technologies are, in the context of this study, mainly process oriented,
because they are vital for enabling the process innovations in firms that are associated with the
transition to a Smart Industry (Jin et al., 2019; Van Helmond et al., 2018). The OECD (2005)

(13

defines process innovation as “... the implementation of a new or significantly improved
production or delivery method. This includes significant changes in techniques, equipment
and/or software.”. This differs from product innovation, which is concerned with what is
produced and commercialized, instead of how products and services are produced. Process
technologies and their complexity are much less visible to outsiders and can be kept a secret,

which could explain why these are less researched (Huang & Rice, 2012).

2.2 Diffusion & Adoption of Smart Industry Technologies
When innovations like the Smart Industry technologies enter the market, other firms can adopt
them by implementing them in their own firm. How these innovations spread to other firms is
described in the literature. A version of the Technology Acceptance Model (TAM) of Davis
(1989), TAM3 (Venkatesh & Bala, 2008), was considered for use, but was found to be
inappropriate for the level of analysis of this study. This is because TAM models are more
focused on the acceptance of technologies by employees within the firm on an individual level,
instead of a firm level. The diffusion of innovations theory of Rogers (1983) on the other hand
is suited to explain in general how and why new ideas and technologies spread among firms,
and at what rate. Generally, characteristics of the innovations themselves such as relative
advantage, compatibility or complexity, should explain some of the lack of adoption of the
Smart Industry technologies (Rogers, 1983). Firms might not perceive the relative advantages
of using the new technologies for their process innovations, or they might not have compatible
systems in place yet. These new technologies and their interdependencies are very complex,
which could also deter implementation and slow down diffusion. Furthermore, Rogers
distinguished categories of adopters, which all have different characteristics like risk taking or
aversion, scepticism, and status. These characteristics are likely to play a role for firms as well.

Complementarity and interdependence of different technologies can also matter, as well
as R&D investments (Gomez & Vargas, 2009) and financial constraints (Karshenas &
Stoneman, 1993; Canepa & Stoneman, 2005; Gomez & Vargas, 2009). The expected changes
in cost of the technology also affect diffusion, along with firm size and industry growth rates
(Karshenas & Stoneman, 1993).

Hoyer et al. (2020) is among the first that compiled the research specifically about

factors that influence the implementation of Smart Industry technologies in a literature review.
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The key factors that they identified overlap with the general literature on process innovation

diffusion, but also highlight some additional factors that are connected to the digital nature of

the Smart Industry technologies, such as IT standardization and security and IT infrastructure

maturity. These factors can be found in Figure 2.2.

10
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Factors

Political Support

IT standardization and security

Corporate and institutional cooperation

Cosl assessment and available funding
oplions

Available knowledge and education

Pressure to adapt

Perceived implementation benefils

Strategic consideration

IT infrastructure maturity

Internal knowledge and skills
development

Lean manufacturing experience

Occupational health and safcty

Industry sector

Company size

Further details

e.g., selling legal boundaries and
achieving a wider broadband
deployment

e.g., data security, and standardization
of communication prolocols

e.g., cooperation between companics
and universilies

¢.g., in order to overcome financial

¢.g., role models, methods, use cascs,
and frameworks

¢.g., maintaining the competitive edge
and external pressure from customers

e.g., [ncreasing operational Oexibility
and efficiency

e.g., having a dedicated Industry 4.0
stralcgy

e.g.. having an open and flexible I'T
infrastructure that facilitates the
integration of new lechnologies

c.g., internal promotion of skills that
are related to the transition towards
Industry 4.0

Lean manufacturing experience might
increase the probability of a thriving
Industry 4.0 implementation

Implementing Industry 4.0 might
increase the risks related to
occupational health and safety

Some industry sectors might be more
likely to implement Industry 4.0

The size of a corporation might have an
impact on the implementation of
Industry 4.0

Figure 2.2: Summary of the key implementation factors (Hoyer et al., 2020, p. 567)

Knowledge transfer is very important in the diffusion of innovations (Baptista, 1999). Inter-

firm networking, in which geographical location can play a role, enables the communication

about the innovation and the required knowledge to implement it, and can reduce uncertainty.
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A study of Ebadi and Utterback (1984) demonstrated a positive relationship between technical
communication among researchers and organizations and technological innovation success.
When the required technical knowledge to implement a technology is complex, which in this
case it is, this knowledge transfer becomes increasingly important (Baptista, 1999). The
importance of innovating with the involvement of other parties is also reflected in some of the
key factors of Hoyer et al. (2020), such as Corporate and institutional cooperation, or Pressure
to adapt. The concept of innovating with other parties is heavily present in the domain of open

innovation, which will be discussed next.

2.3 Open Innovation

Traditionally, firms innovated by heavily investing in their own research labs and the smartest
people. With these they generated their own ideas, developed them, and hoped to beat others to
market. These firms closed their innovation from the outside world to protect and control their
Intellectual Property (IP), so others could not profit from their R&D. This worked for many
industrial corporations in the 20th century and resulted in a big barrier to entry for other
emerging firms as R&D was costly business (Chesbrough, 2003). When the amount of
knowledge workers and their mobility increased, along with the rising availability of more
venture capital, this closed way of innovating became less viable to stay competitive. It became
increasingly difficult to keep ideas in-house, and knowledge workers could more easily start
their own company with their ideas and skills. This started a cycle in which a new way of

innovating emerged: open innovation.

Contrasting Principles of Closed and Open Innovation

Closed Innovation Principles Open Innovation Principles
The smart people in our field work for us. Not all of the smart people work for us® so we must find and tap
into the knowledge and expertise of bright individuals outside our
company.
To profit from R&D, we must discover, develop and ship it External R&D can create significant value; internal R&D is needed to
ourselves. claim some portion of that value.
If we discover it ourselves, we will get it to market first. We don’t have to originate the research in order to profit from it.
If we are the first to commercialize an innovation, we will win. Building a better business model is better than getting to market first.
If we create the most and best ideas in the industry, we will win.  If we make the best use of internal and external ideas, we will win.
We should control our intellectual property (IP) so that our We should profit from others' use of our IP, and we should buy others'
competitors don’t profit from our ideas. IP whenever it advances our own business model.

Figure 2.3: Principles of closed innovation versus open innovation (Chesbrough, 2003, p. 38)

Open innovation has been defined and elaborated a bit already in Chapter 1. To recap, the term

was originally coined by Chesbrough, who originally defined it as “the use of purposive inflows
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and outflows of knowledge to accelerate internal innovation, and to expand the markets for
external use of innovation, respectively” (Chesbrough et al., 2006, p. 1). This is one of the most
used and accepted definitions found in the open innovation literature (Huizingh, 2011), and is
therefore noteworthy. However, Chesbrough & Bogers (2014, p. 17) have since refined the
definition to “...a distributed innovation process based on purposively managed knowledge
flows across organizational boundaries, using pecuniary and non-pecuniary mechanisms in
line with the organization’s business model”. This definition came forth out of the later done
research, and also captures innovation sources such as communities and innovation contests, as
well as the (non-)monetary mechanisms that are a part of the process. This well-supported
refinement of their popular original definition is therefore preferred in this study. The principles
of open innovation have been put in contrast with closed innovation in Figure 2.3. In short, by
purposefully exchanging knowledge with their environment, firms can increase their internal
innovation capacity as well as exploit their own knowledge outside of the firm.

The broadness of the term open innovation has resulted in the literary distinction of
numerous types, dimensions, categories, practices and approaches incapsulated in the concept.
There are two general dimensions that emerge from the literature, which can also be derived
from the definition of open innovation. Chesbrough and Bogers (2014, p. 17) elaborate on their

definition with: "These flows of knowledge may involve knowledge inflows to the focal

organization (leveraging external knowledge sources through internal processes), knowledge
outflows from a focal organization (leveraging internal knowledge through external
commercialization processes) or both (coupling external knowledge sources and
commercialization activities)”. These common two core dimensions, Knowledge inflows and
outflows, go under different names in the literature. They are referred to as Inbound and
Outbound open innovation (Dahlander & Gann, 2010), Outside-in and Inside-out open
innovation (Enkel et al., 2009; Chesbrough & Bogers, 2014), and Technology exploitation and
exploration (Van de Vrande et al., 2009). A third dimension arises from the combination of
both Outside-in and Inside-out processes, called the Coupled process, which refers to co-
creation through cooperation, alliances and joint ventures (Enkel et al., 2009). This third
dimension will not explicitly be investigated in this study, because the specific combinations
between the two directions of knowledge flows are beyond its scope. It would take significant
effort to extract this information from a large quantity of firms. Since the coupled process is
made up of the two knowledge flows, these two should be sufficient to accurately describe open

innovation in a firm. The lack of attention to the coupled process will be compensated for when
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the knowledge inflows and outflows are taken into account not only separately, but also together
to form open innovation as one concept.

The activities that are associated with open innovation are referred to as open innovation
practices. Van de Vrande et al. (2009) compiled a comprehensive collection of eight practices
(Figure 2.4) that cover the definition of open innovation. They sorted them in line with the two
open innovation dimensions knowledge inflows and outflows, which they referred to as
Technology exploitation and exploration. Because of their comprehensiveness, these practices
will be used to measure the degree of open innovation and its dimensions in this study.

Practice Definition

Technology explottation

Venturing Starting up new organizations drawing on internal
knowledge, and possibly also with finance, human
capital and other support services from your enterprise.

Outward 1P Selling or offering licenses or royalty agreements to

licensing other organizations to better profit from your
intellectual property, such as patents, copyrights or
trade marks.

Employee Leveraging the knowledge and initiatives of employees

involvermeni who are nol involved in R&D, lor example by taking up

suggestions, exempling them Lo implement ideas, or
creating autonomous teams to realize Innovations,

Technology exploration

Customer Directly involving customers in your innovation

involvement processes, for example by active market research to
check their needs, or by developing products based on
customers’ specifications or modifications of products
similar like yours.

External Drawing on or collaborating with external network

networking partners Lo support iInnovation processes, for example
for external knowledge or human capital.

External Equity investments in new or estabhished enterprises in

parlicipalion order Lo gain aceess Lo ther knowledge or Lo oblain
others syncrgics.

Outsourcing Buying R&D services from other organizations, such as

R&D universities, public research organizations, commercial
engineers or suppliers.

Inward 1P Buying or using intellectual property, such as patents,

licensing copyrights or trade marks, of other organizations to

benefit from external knowledge.

Figure 2.4: The eight open innovation practices (Van de Vrande et al., 2009)

The value that firms can obtain with the inflow of knowledge, is only as much as the ability of
firms to properly use this knowledge. This is known as Absorptive capacity (Cohen &
Levinthal, 1990), which is defined as “the ability of firms to acquire, understand, value,
assimilate and exploit the information available in the environment” (Gomez & Vargas, 2009,
p. 107). This concept is linked to open innovation (Vanhaverbeke et al., 2008). Engaging in
open innovation practices with external parties might increase a firm’s ability to acquire and
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understand certain information, but without the ability to assimilate and exploit this
information, they would not be able to successfully implement new technologies. On the other
hand, open innovation practices might give firms the ability to assimilate and exploit certain
information by outsourcing these capabilities to other parties outside the firm. In any case, a
sufficient absorptive capacity is a prerequisite for firms in the success of (open) innovation
(Huizingh, 2011; Zobel, 2017).

2.4 Open Innovation in the Digital Transformation of Firms

As demonstrated by the literature review, the adoption of Smart Industry technologies is
influenced by many possible things. There are for example barriers like financial or political
constraints connected to a failure to adopt, and factors like industry sector and firm size play a
role too (Hoyer et al., 2020). A firm must also have an adequate absorptive capacity to
successfully capture the value of the information from the environment (Cohen & Levinthal,
1990). An important factor in the ability to successfully adopt the new technologies, especially
for complex technologies, is knowledge. This broad term refers to IP, to crucial technical
information and skills regarding their implementation, but also to signals and ideas from
competitors, customers, communities or suppliers. These information inflows and outflows can
be of high value, and are central in the concept of open innovations. This might therefore be an
important mechanism in digital transformation of firms. These might not only provide firms
with access to technical knowledge and IP, but also positively change the perception of firms
on the value of certain technologies in several ways. But can open innovation actually make a
difference in digital transformation, in light of all the other possible factors?

The literature shows mixed results regarding the impact of open innovation. Zobel
(2017, p. 270) mentions that the relationship between the degree of open innovation and
innovation performance is found by some scholars to be positive, curvilinear, but also negative.
This relationship is not specifically aimed at describing the process innovations in the
manufacturing industry however, but at innovation outcomes in general. This ambiguous
relationship shows that open innovation is not always beneficial and can have challenges like
loss of competitiveness or failure to change the organizational culture (Parida et al., 2014), or
high transaction costs (Christensen et al., 2005). This poses the question of how beneficial open
innovation generally is for process innovations in the manufacturing industry or, more
specifically, Smart Industry technology adoption in the Dutch manufacturing industry.

Some research seems to indicate that there is a positive relationship in this specific case.

Open innovation is for example more appropriate in contexts of globalization, high technology

18



intensity, technology fusion, new business models, and knowledge leveraging (Gassman,
2006), which should make it suited for the manufacturing industry. A study on open and process
innovation in the manufacturing industry by Tsinopoulos et al. (2017) supports the hypothesis
that open innovation increases the likelihood of introducing new processes. Von Krogh et al.
(2018) also call for open process innovation in the manufacturing industry and highlight several
of the forementioned benefits. Research of Lau and Lo (2015) indicates that open innovation
activities in the manufacturing industry can increase absorptive capacity which in turn improves
innovation performance, but Gomez and Vargas (2009) found this effect to be limited. Noh
(2015) made a more direct link by showing that open innovation in the manufacturing industry
improves profitability, the production process, and market benefits. A final clue is that Smart
firms, which are firms in a mature stage of digital transformation, typically seem to use open
innovation related practices (Geissbauer et al., 2018). However, digital technologies have also
been associated as management tools for open innovation (Urbinati et al., 2020), such as
technologies to share and access created knowledge with other firms. This might indicate that
digitally mature firms are more likely to use digital technologies for these purposes too, hereby
increasing open innovation. It might also indicate a potential positive feedback loop, where
more open innovation results in more Smart Industry technology adoption, which in turn allows
an increase in the degree of open innovation. All things considered, the literature seems to
indicate that a higher degree of open innovation enables firms to digitally transform by making
it more likely that they can and want to adopt Smart Industry technologies. This results in the
first hypothesis. H1: The higher the degree of open innovation is in a firm, the higher their
degree of Smart Industry technology adoption.

There might also be differences in the effect of knowledge inflows and outflows. The
literature focuses mainly on why knowledge inflows might be beneficial for innovation
outcomes such as the adoption of Smart Industry technologies. But how might knowledge
outflows benefit this implementation? First of all, the benefits of practices concerning employee
involvement draw on the same logic as those of knowledge inflows, because the employees that
revolve around this involvement are outside of the R&D department. Secondly, practices like
outward IP licensing and venturing are less obvious in their potential benefits for
implementation of Smart Industry technologies. However, they might induce reciprocal
behaviour in other firms on the innovation level. For example, Henkel et al. (2014) found that
selectively revealing IP rights can have benefits, as other actors would be enticed in co-creation.
They also found it can increase a firm’s chances of setting new standards in a market. Outward

IP licensing might also help to overcome financial barriers. Venturing can be done with other
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firms or institutions that are willing to share valuable pieces of knowledge for the sake of the
joint venture, and spin-offs might result in external knowledge creation which can be imported
back into the main firm. Because knowledge inflows and outflows reflect the two different
directions of knowledge, and are therefore slightly different in character, both dimensions of
open innovation should be tested for their individual effect. The findings in the literature lead
to the second hypothesis. H2: The higher the degree of inbound knowledge flows (a) and
outbound knowledge flows (b) is in a firm, the higher their degree of Smart Industry technology
adoption.

The definition of open innovation and its corresponding open innovation practices
covers more than just the technical knowledge transfer in a cooperation between corporations
and institutions that much of the reviewed literature suggests is important. The in- and outbound
IP transfers, the input from customers, the outsourcing of R&D activities etcetera, provide an
enriched view on the way firms end up in a position in which they can adopt more Smart
Industry technologies and further their digital transformation. It is time to empirically test if
these open innovation practices, under the comprehensive umbrella of open innovation, can
indeed be associated with a higher degree of Smart Industry technology adoption. As seen in

figure 2.5, the conceptual model shows the core concepts and their hypothesized relationships.

Inbound H2a+ R
knowledge flows -
Degree of
Degree of HI+ > Smart Industry
Open Innovation technology adoption
Outbound H2b+ R
knowledge flows i

Figure 2.5: Conceptual model
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3. Methodology

This chapter explains the choice of the research method and discusses the data source and its
shortcomings. Then it lays out how the concepts are operationalized into the variables that will
be used in the analyses. Lastly, it summarizes the data preparations and the assumptions that

need to be met, and addresses the research ethics of this study.

3.1 Research Method

The theoretical background of this study makes it clear that the concepts and their suggested
relationship are very complex and contingent on many factors and practices. That is why a
parsimonious, quantitative approach is better suited to be able to measure the overall effect of
open innovation in the manufacturing industry regarding digital transformation. Parsimony
refers to the methodology of keeping the research design simple and reducing the amount of
variables to prevent confusion rather than insight (Aarts, 2007). There are plenty of possible
reasons why a firm might or might not adopt Smart Industry technologies, or engage in open
innovation practices, and ways in how these practices can influence adoption. There are
contingencies like financial barriers, a failure in one or more of the components of absorptive
capacity, expectations about the future costs of technologies, political barriers to specific
innovations, and even geographical location. Therefore, data generated with a qualitative
approach would be convoluted by the large amount of idiosyncrasies individual firms have,
resulting in warped and unreliable results. This study simply poses that open innovation
practices in firms facilitate interactions and exchanges with the outside world on an innovation
level, which would result in these firms gaining the will and ability to adopt Smart Industry
technologies or implement them to a greater degree. The directions in which these exchanges
flow, as well as the two most relevant control variables, are taken into account. With this
approach, the research design is kept as simple and powerful as possible.

The appropriate data analysis method for testing the hypotheses is a multiple linear
regression model. This allows the numeric measurement of the average effects of open
innovation and its dimensions on Smart Industry technology adoption in firms across the Dutch
manufacturing industry, while accounting for control variables. Poisson regression variants like
the negative binomial model and the zero inflated model were also considered, but found to be
suboptimal. Poisson regressions are suited when the dependent variable is a count variable. In
this case, the dependent variable does have a count characteristic, because the number of

different technologies certainly matter, but this number is combined with the degree in which

21



these are adopted. This addition includes more information about the degree of Smart Industry
technology adoption. This gives the variable metric properties that make a multiple linear
regression more suitable. A zero inflated model is suited for count variables and allows for an
excess of measurements with a value of zeros, but this was also found suboptimal for the same
count-related reason, although there are some excess zeros (see Appendix A for a frequency
histogram of the scores).

3.2 Data Source

The data that will be used is a collection of quantitative data samples from the Dutch 2015
version of the European Manufacturing Survey (EMS), which is an international survey
developed by the EMS consortium. The EMS consortium consists of researchers of eleven
European countries, including the Netherlands. The contents of this survey are internationally
agreed upon indicators for innovation, including open innovation practices and process
innovations like Smart Industry technologies, aimed at the manufacturing industry (Fraunhofer
ISI, n.d.). In 2015, 178 firms participated in the Dutch EMS, which were found to be
representative of their sector and size (Van Helmond et al., 2018). However, it is not clear to
what extent the investigated relationship applies to other industries or countries.

Data and concepts need to be valid and reliable for them to be useful in research. Validity
refers to the accuracy of the measurement of a concept, and reliability to the accuracy of the
instrument (Heale & Twycross, 2015). The EMS has been modified and refined by a credible
collection of researchers over the years since its internationalization in 2001 (Fraunhofer ISl,
n.d.), so a reliable and valid set of data is expected.

The measurements themselves have decent validity. The variables that are used to
measure the degree of open innovation and Smart Industry technology adoption in this study,
are formative variables that come from the combination of the data from the individual
components of these concepts, which are grounded in well-developed theory. The EMS
consortium (Fraunhofer 1SI, n.d.) made this selection of components as comprehensive as
possible to cover the entire concept of open innovation and Smart Industry technology adoption.
The more (of) these definitionally determined components are used in firms, the higher the
degree of their corresponding concept is considered to be.

A shortcoming of the EMS regarding validity is the low range in which the degree of
individual open innovation practices and Smart Industry technology adoption are measured (0-
2 and 0-3, respectively). This results in less variability in the possible degrees in which firms

can score open or smart on their corresponding components. Especially individual open
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innovation practices, of which the maximum score of 2 essentially stands for 2-to-N times used,
will suffer in measurement accuracy. However, they do measure more than just the mere
presence of open innovation practices or Smart Industry technologies. In short, the individual
components do not have perfect, but still decent enough validity.

The measurements also have decent reliability. For data to be reliable, the accuracy of
the instrument must be as high as possible. This relates to its consistency (Heale & Twycross,
2015). The EMS is very consistent in the sense that every relevant component in the survey was
presented in the same way to respondents and the answers they could give were the same. On
the other hand, reliability might suffer from the self-reported nature of the degrees of the
concepts. Memories can fail and questions can be wrongly interpreted. It could also be possible
that different members of the same firm would give different answers to the questions asked,
which would be a problem for reliability. This has not been formally tested, so therefore some
caution about the reliability of the data is in order.

3.3 Operationalization

The variables and measurements from the EMS that will be used to test the hypotheses will
now be explained and detailed. First the dependent variable will be discussed, then the
independent variables, and lastly the control variables. An overview can be found in the

resulting operationalization table in Figure 3.1 below.

3.3.1 Dependent Variable

The dependent variable is the degree of Smart Industry technology adoption. This is a formative
variable measured by summing the individual implementation scores of a comprehensive
collection of twelve different Smart Industry technologies (Van Helmond et al., 2018). Each
individual score measures if a specific technology was adopted, and if it was, what the current
degree of adoption is compared to the maximal degree in which it can usefully be adopted.

In the EMS, the question of Smart Industry technologies was asked in a two-part
question for each of the technologies as “Do you use this technology (yes, no), and if so, to
what degree has it been implemented (slight, partial, extensive)”. If the answer was no, there
obviously could be no score on the question about the degree of implementation of the
technology, so the degree of adoption can be considered to be 0. If the answer was yes, it
resulted in a score of 1 to 3. Therefore the scores of the individual technology categories range
from 0-3, where 0 = not adopted, 1 = slight degree of adoption, 2 = partial degree of adoption,

3 = extensive degree of adoption. This resembles an ordinal scale with approximately equal
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distances between them, and when summed, it can be considered an interval scale variable
suited for regression (European Social Survey, n.d.). Summing the scores also takes the count
characteristic of Smart Industry technology into account, because the value of the variable score
increases once an extra technology is adopted. It is common to check for statistical internal
consistency of summated variables with Cronbach’s alpha (European Social Survey, n.d.).
However, this study assumes theoretical internal consistency, because the components of the
variables are theoretically defined, so statistical internal consistency is not deemed relevant.

The summation of these scores technically functions exactly like the interaction variable
that combines the average degree of adoption of the individual adopted technologies with the
amount of adopted technologies. The degree of Smart Industry technology adoption of a firm
therefore increases when firms adopt more technologies, and when they increase the degree of
implementation of the technologies they have adopted. This variable thus forms a metric proxy
variable for how “smart” a firm is compared to its highest sensible state of Smart Industry
technology adoption. A summated score was preferred over a count variable, which would have
merely counted the number of used technologies and left out valuable information by not
including the degree of adoption.

3.3.2 Independent Variables

The independent variables are degree of open innovation, and in- and outbound knowledge
flows. These are also formative variables comprised of the individual open innovation practices
and their degree of use. The last two will be measured in a separate analysis from the analysis
of open innovation as a whole. The open innovation variable is measured by the summation of
the scores of the eight open innovation practices (Van de Vrande et al., 2009), inbound
knowledge flows by the summation of the scores on its three individual practices, and outbound
knowledge flows by the summation of the scores on its five individual practices.

Similar to the dependent variable, these are summated score variables that function
exactly like a theoretical interaction effect of the amount of used practices and the average
implementation degree of these used practices. These two aspects are obviously relevant in
determining how open a firm is, because the more individual practices a firms engages in, and
the more they make use of the individual practices, the higher the score of their independent
variables should be. In the EMS, these responses were originally coded as 1-3, but were recoded
to 0-2 for the sake of the construction of the proxy variables. A score of 0 should first of all be
possible to indicate no use of open innovation practices, and the recoding also makes the

summated variables mathematically identical to the theoretical interaction variable. So the
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individual practices that form these variables are measured from 0-2 on the basis of frequency,
where 0 = never, 1 = once and 2 = more often. Technically, this is censored count data that can
not accurately take values of higher than 1 into account. This question was presumably
deliberately posed in the EMS at an ordinal level that would measure the degree of open
innovation practices with approximately equal distances. This would be the best possible
explanation for why this question was posed like it was, and therefore the scores of the
individual open innovation practices are considered to be at an ordinal level. Just like the
dependent variable, these ordinal scores can be summed to form interval scale variables
(European Social Survey, n.d.). The variables are therefore considered to metric proxy variables

for how open a firm is, and suited for regression.

3.3.3 Control Variables

The two control variables that are deemed most relevant are firm size to correct for the
economies of scale, and sector to correct for sectoral differences. These are both confounding
variables that might influence both the extent of the open innovation approach and the degree
of Smart Industry technology adoption in firms.

Regarding firm size and Smart Industry technology adoption, Hoyer et al. (2020) present
controversial findings. In general they find studies that suggest a strong positive effect, but also
studies with no relevant effect. This study assumes firm size is relevant. Because of economies
of scale, larger firms generally have a higher technological readiness and more resources (Hoyer
et al., 2020). This means they might be able to benefit more from Smart Industry technologies,
and have less adoption barriers like insufficient IT infrastructure and financial barriers. They
might also be more networked and have more legitimacy, making cooperation more attractive.
Firm size is also associated with different innovation strategies (Vaona & Pianta, 2008), and
this might influence an open innovation approach or a Smart Industry strategy. With the EMS,
firm size is measured by the number of employees.

Regarding the sectors of the manufacturing industry, Hoyer et al. (2020) finds that
sectors encounter different obstacles and benefits from Smart Industry technologies. These
technologies are for example better suited for firms with mainly repetitive and highly automated
production processes. Hagedoorn (1993) also finds sectoral differences in modes of
cooperation, so open innovation might not be as beneficial in every industry. In the EMS, sector
was an open question, so this study distinguishes seven sectors in which most of the respondents

could fit. Because this is a categorical variable, dummy variables were made for the sectors.
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3.3.4 Operationalization Table
An overview of the concepts, variables and their measurements from the EMS that are used in
this study can be found in the operationalization table below (Figure 3.1). It includes the

translated wording of the questions that were asked in the survey in brackets.

The variables of the open innovation practices of in- and
outbound knowledge flows combined

Degree of use of these open innovation practices:

1) Spinoffs:

“Starting new ventures or activities outside of the firm”

2) Outgoing Intellectual Property:

“Selling or providing licenses/ patents to other organizations”
3) Employee involvement:

“Using knowledge and initiatives from non-R&D employees in

realizing innovations”

4) Customer involvement:

“Directly involving customers in your innovation processes”
5) Externally networking

“Working together with other organizations (non-customers)
for innovation”

6) External participation:

“Participate (with e.g. capital, knowledge) in ventures to gain
access to their knowledge or to create other synergies?”

7) Outsourcing R&D:

“Outsourcing of R&D (services) to other organizations, like
universities, public research institutions, commercial engineers
or suppliers?”

8) Ingoing Intellectual Property:

“Buying or licensing intellectual property from other
organizations”

Degree of adoption of these Smart Industry Technologies:

Summated score
comprised of the
scores of all the open
innovation practice
variables

Summated score
comprised of scores
of these individual
variables

Individual variables:
Score of 0-2,

0 = never

1 =once

2 = more often
Summated score
comprised of scores
of these individual

variables

Individual variables:
Score of 0-2,

0 = never

1 =once

2 = more often

Summated score

comprised of the
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1) “Additive manufacturing technologies for prototyping (for
example 3D printing, rapid prototyping, Selective Laser
Sintering)”

2) “Additive manufacturing for production (for small volume
batches, spare parts)”

3) “Systems for machine-to-machine communication (M2M)”
4) “Cyber-physical systems and cloud computing”

5) “Digital production planning and scheduling (for example
Enterprise Resource Planning (ERP) systems)”

6) “Real-time production control systems (systems for
centralised control and data processing)”

7) “Digital exchange of production planning data with
customers and suppliers (Supply chain management)”

8) “Systems for automated internal logistics management
(RFID, warehouse management systems)”

9) “Mobile devices for programming and operating
installations and machines (tablets, smartphones)”

10) “Product Lifecycle Management (PLM) systems or
product/process data management”

11) “Technologies for safe human-machine interactions
(cooperative robots, open workstations)”

12) “Digital exchange of drawings, work schemas and
instructions on the work floor (tablets, smartphones)”

Number of employees

Firms were assigned to these Industry sectors:
1) Metals and metal products

2) Food, beverages and tobacco

3) Textiles, leather, paper and board

4) Construction, furniture

5) Chemicals (energy and non-energy)

6) Machinery, equipment transport

7) Electrical and optical equipment

scores of these

individual variables

Individual variables:
Score of 0-3,

0 = not adopted

1 = slight degree of
adoption

2 = partial degree of
adoption

3 = extensive degree
of adoption

(These scores are
relative to the
perceived maximally

useful degree)

Log transformation
of Number of
employees in 2014
Dummy variable for
each sector:

Scoreof Oor 1

Figure 3.1: Operationalization table

3.4 Preparation & Assumptions
Before the data analysis can be done, the data needs to be adequately prepared and the

underlying assumptions of the analysis need to be met to reduce bias in the model. A missing
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values check resulted in the deletion of two cases, leaving 176 cases. The proxy-variables were

constructed by summing the scores of their individual components. Case-wise diagnostics

should detect outliers with a standardized residual score of over 3, which will be removed after

detection. A common rule of thumb for sample size is 10 to 15 data cases for every predictor

(Field, 2013), which makes this a large enough sample size for an analysis with the amount of

used predictors. Lastly, these following assumptions of a multiple linear regression (Field,
2013) need to be met:

(0]

Additivity and linearity: A plot of the standardized residuals versus the standardized
predicted values and the partial plots should show that the relationships can be assumed
to be linear.

Independent errors: The residuals of any two observations need to be uncorrelated. This
can be tested with a Durbin-Watson test, which has a value of 0-4. The closer the value
comes to 2, the less correlated the residuals are.

Homoscedasticity: The variance of the residual terms should be homogeneous. The plot
of the standardized residuals versus the standardized predicted values and the partial
plots might show a slight tendency towards heteroscedasticity. This is expected because
of the complexity of the modelled relationship. If there is serious enough
heteroscedasticity, a Weighted Least Squares regression should be performed to
counteract this effect.

Normality: Residuals should be normally distributed. This will be checked with a P-P
plot and a histogram.

Multicollinearity: There should be no perfect multicollinearity, which means that there
should be no strong correlation between two or more predictors. To test for
multicollinearity, the VIF statistic should be no greater than 10, and preferably not much
greater than 1. The tolerance statistic should be higher than 0.2.

Variable types: independent variables need to be quantitative or dichotomized and the
dependent variable needs to be quantitative, continuous and unbounded. Sector was
therefore transformed into dummy variables for each sector. The dependent and
independent variables are quantitative and considered to be metric proxy variables, and
the dependent variable is considered to be continuous and unbounded. Technically the
latter is not the case, because there is a maximum sensible degree in which Smart
Industry technologies can be adopted. However, boundedness becomes a problem when

model predictions would exceed the maximal adoption degree, which would be non-
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sensical predictions. In the case of this study, these boundaries were not reached by the
scores of the participants (see Appendix A), so within the confines of this study, the

dependent variable can be considered continuous and unbounded.

3.5 Research Ethics

This study was done fully in line with the research ethics in the guidelines based on The
Netherlands Code of Conduct for Scientific Practice (Association of Universities in the
Netherlands, 2012). The Dutch EMS team consented to the use of the data, which contained
anonymous participants. The research process was done diligently, honestly, ethically,
professionally, critically, carefully, transparently and rigorously. Much time was devoted to
update and expand the skills and knowledge required to properly conduct this research at high
academic standards. Integrity and scientific independence were upheld at all times.
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4. Results

This chapter presents and discusses the results of the analyses that test both hypotheses posed
in this study. First the main model will be discussed, then the second model with the two
dimensions of open innovation, and lastly a post-hoc analysis. This post-hoc analysis is meant
to clarify more specifically which open innovation practices contribute to the found results.
This chapter is extended with the SPSS results found in the Appendices (Appendix B, C, D).

4.1 Degree of Open Innovation & Smart Industry Technology Adoption
Here the main analysis of the relationship between the degree of open innovation as one concept
and the degree of Smart Industry technology adoption (Model 1) will be discussed.

4.1.1 Assumptions Model 1

Two cases with missing values were already deleted. Influential cases were detected with Case-
wise Diagnostics, which resulted in the deletion of five influential cases with a standardized
residual higher than 3. There were also two outliers regarding firm size that were deleted to
improve the model. These interventions left the sample size at 169. The assumptions of the
multiple regression analyses (Field, 2013) were met (see Appendix B for details). Firm size was

log transformed to improve linearity.

4.1.2 Descriptive Statistics Model 1
These are the descriptive statistics from the model (Figure 4.1). On average, firms have a Smart

Industry technology adoption degree of 6,5, and an average degree of open innovation of 5,9.

Variable Mean Std. Deviation N

Degree of Smart Industry Technology Adoption 6,5148 4,60991 169
Degree of Open Innovation 5,8639 3,565222 169
Firm Size (log) 3,6372 ,79507 169
Metal ,2071 ,40643 169
Food ,1006 ,30168 169
Textile ,1243 ,33086 169
Construction ,0769 ,26726 169
Chemical ,1302 ,33750 169
Machinery ,1834 ,38817 169
Electronic 1775 ,38324 169

Figure 4.1: Descriptive Statistics Open Innovation and Smart Industry technology adoption
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4.1.3 Results of the Model 1 Analysis

The results of the first model can be found in Figure 4.2 and 4.3, and the SPSS output in
Appendix B. The model is significant (p<0,05) with a fairly decent adjusted R? of 0,316,
meaning it explains around 32% of the variance. Regarding the coefficients, the degree of open
innovation is found to be significant (p<0,05) with B of 0,395. This means that on average, for
every point increase on the degree of open innovation, firms increase their degree of Smart
Industry technology adoption with 0,395. The standardized R of 0,304 shows that its effect is
similar in size to that of firm size (3=0,342), which also has a significant effect (p<0,05). This
value means that for an increase of one standard deviation in open innovation (3,55), the degree
of Smart Industry technology adoption increases by 0,304 standard deviations, which is a score

increase of 1,40. Sector has no significant effect. In short, hypothesis H1 can be accepted.

Std. Error Change Statistics
Adjusted  of the R? F Sig. F  Durbin-
Model R R? R? Estimate Change Change dfl df2  Change  Watson
1 ,591 ,349 316 3,81223 ,349 10,708 8 160 ,000 1,974

Figure 4.2: Model summary (Model 1)

Standardized

Unstandardized Coefficients Coefficients
Model B Std. Error Beta Sig.
1  (Constant) -3,290 1,473 ,027
Degree of Open Innovation ,395 ,091 ,304 ,000
Firm Size (log) 1,982 ,407 ,342 ,000
Food -,514 1,132 -,034 ,651
Textile -,864 1,052 -,062 413
Construction 1,510 1,262 ,088 ,233
Chemical -1,074 1,046 -,079 ,306
Machinery 1,506 ,947 127 114
Electronic 1,045 ,950 ,087 ,273

Figure 4.3: Coefficients (Model 1)

4.2 In- and Outbound Knowledge Flows & Smart Industry Technology Adoption
Now the analysis of the relationship between the degree of in- and outbound knowledge flows

and Smart Industry technology adoption (Model 2) will be discussed.
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4.2.1 Assumptions Model 2

Similar to Model 1, the assumptions (Field, 2013) were met. No extra cases were deleted due
to excess influence, and no cases with a standardized residual higher than 3 were found with
Case-wise Diagnostics. More details about the assumptions can be found in Appendix C.

4.2.2 Descriptive Statistics Model 2
These are the descriptive statistics of model 2 (Figure 4.4). The average degrees of in- and
outbound knowledge flows are 4,3 and 1,6 respectively.

Mean Std. Deviation N
Degree of Smart Industry Technology Adoption 6,5148 4,60991 169
Degree of Outbound Knowledge Flows 1,5740 1,44611 169
Degree of Inbound Knowledge Flows 4,2899 2,59210 169
Firm Size (log) 3,6372 ,79507 169
Metal ,2071 ,40643 169
Food ,1006 ,30168 169
Textile ,1243 ,33086 169
Construction ,0769 ,26726 169
Chemical ,1302 ,33750 169
Machinery ,1834 ,38817 169
Electronic ,1775 ,38324 169

Figure 4.4: Descriptive Statistics (Model 2)

4.2.3 Results of the Model 2 Analysis

The results of the second model can be found in Figure 4.4 and 4.5, and the SPSS output in
Appendix C. This model is also significant (p<0,05) with a decent adjusted R? of 0,314,
explaining around 31% of the variance. The coefficients of both the degree of in- and outbound
knowledge flows are found to be significant (p<0,05), but with a higher p-value than open
innovation as a whole in the first model. They have a B of respectively 0,329 and 0,544. These
are the average increases the degree of Smart Industry technology adoption of a firm for every
point increase in their respective knowledge flow directions. The standardized 8 coefficients
are 0,185 and 0,171 respectively, which in total approximate the effect size of open innovation
as a whole. Firm size is still significant (p<0,05) and sector also is still insignificant. The
significance of both knowledge flow directions leads to the acceptance of the hypotheses H2a

and H2b. More output of Model 2 can be found in Appendix C.

32



Durbin-

Std. Error Change Statistics Watson

Adjusted  of the R? F Sig. F

Model R R? R? Estimate Change Change dfl df2  Change
2 ,592 ,350 314 3,81917 ,350 9,530 9 159 ,000 1,966

Figure 4.5: Model Summary (Model 2)

Standardized

Unstandardized Coefficients Coefficients
Model B Std. Error Beta Sig.
2 (Constant) -3,203 1,481 ,032
Degree of Outbound Knowledge ,544 247 171 ,029
Flows
Degree of Inbound Knowledge ,329 ,137 ,185 ,018
Flows
Firm Size (log) 1,961 ,409 ,338 ,000
Food -,395 1,149 -,026 732
Textile -,783 1,062 -,056 ,462
Construction 1,489 1,265 ,086 ,241
Chemical -1,003 1,053 -,073 ,342
Machinery 1,540 ,950 ,130 ,107
Electronic 1,077 ,953 ,090 ,260

Figure 4.6: Coefficients (Model 2)

4.3 Post-Hoc Analysis of Individual Open Innovation Practices
The individual degrees of in- and outbound knowledge flows respectively consist of five and
three practices that make up their scores. Although summated scales can work with this amount
of items (European Social Survey, n.d.), the individual practices do qualitatively differ from
each other, and they might for example make other practices more relevant or obsolete.
Especially on outbound knowledge flows, which contains only three practices, one practice
might be more influential than others. It is questionable whether these practices would equally
contribute to the found coefficients. This is why a post-hoc analysis for the individual practices
is appropriate. Hereby the relative importance of each practice can be estimated.

The degree of the individual practices was considered to be ordinal in chapter 3.3, and
summation was judged to be appropriate for making the summed variable approximate interval

level. In this case they remain ordinal, which would require a dummy variable for each level if
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the individual practice variables are to be used in regression (Field, 2013). For the sake of
parsimony, the model should not be inflated more than it has to. It already needs to incorporate
the eight individual practice variables on top of the two control variables, which consist of eight
predictors in the analysis. This is why the choice was made to dichotomize the individual
practices to 0 = not used and 1 = used at least once.

4.3.1 Assumptions Post-Hoc Model

The assumptions of the post-hoc model were met after the individual open innovation practices
were dichotomized. No additional cases were deleted to improve the model. More details on
the assumptions can be found in Appendix D.

4.3.2 Descriptive Statistics Post-Hoc Model
According to the means found in Figure 4.7, firms on average most use customer involvement

(78%), externally networking (72%) and employee involvement (53%).

Mean Std. Deviation N
Degree Smart Industry Technology Adoption 6,5148 4,60991 169
Firm Size (log) 3,6372 ,79507 169
Metal ,2071 ,40643 169
Food ,1006 ,30168 169
Textile ,1243 ,33086 169
Construction ,0769 ,26726 169
Chemical ,1302 ,33750 169
Machinery ,1834 ,38817 169
Electronic ,1775 ,38324 169
Spinoffs ,2663 ,44332 169
Outgoing IP ,1420 ,35010 169
Employee Involvement ,5325 ,50042 169
Customer Involvement , 7811 41475 169
Externally Networking 7219 ,44940 169
External Participation ,3669 ,48338 169
Outsourcing R&D 4379 ,49760 169
Ingoing IP ,1479 ,35608 169

Figure 4.7: Descriptive Statistics (Post-hoc model)

4.3.3 Results of the Post-Hoc Model Analysis
An overview of the results can be found in Figure 4.8 and 4.9, which show the model is

significant (p<0,05). The SPSS output can be found in Appendix D. Again, a decent adjusted
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R? was found (0,349) that indicates the model explains around 35% of the variance. From the
individual open innovation practices, two turned out to have a significant relationship with the
degree of Smart Industry technology adoption. From the outbound knowledge flows dimension,
only employee involvement is significant (p<0,05). From the inbound knowledge flows
dimension, only outsourcing R&D is significant (p<0,05). This suggests that these two practices

are relatively important practices in digital transformation.

Std. Error Change Statistics
Adjusted  of the R? F Sig. ' Durbin-
Model R R? R? Estimate Change Change dfl  df2 Change Watson
Post-hoc ,638 ,407 349 3,71981 ,407 7,001 15 153 ,000 1,998

Figure 4.8: Model Summary (Post-hoc Model)

Standardized

Unstandardized Coefficients Coefficients

Model B Std. Error Beta Sig.

Post-  (Constant) -3,709 1,580 ,020

Hoc  Firm Size (log) 1,975 412 341 ,000
Food -, 123 1,140 -,047 ,527
Textile -,847 1,043 -,061 ,418
Construction 1,967 1,264 ,114 ,122
Chemical -,818 1,041 -,060 ,433
Machinery 1,535 ,957 ,129 111
Electronic 1,085 ,947 ,090 ,254
Spinoffs 227 ,706 ,022 ,748
Outgoing IP ,644 ,925 ,049 ,487
Employee Involvement 1,579 ,667 171 ,019
Customer Involvement ,024 N ,002 ,976
Externally Networking , 746 ,755 ,073 ,325
External Participation 1,177 ,678 ,123 ,085
Outsourcing R&D 2,132 ,641 ,230 ,001
Ingoing IP -1,461 ,926 -,113 117

Figure 4.9: Coefficients (Post-hoc Model)
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5. Discussion & Conclusion

This last chapter discusses the results of this study, addresses the limitations and gives
recommendations for future research. This discussion leads to theoretical and practical
implications and concludes with a summary of this study.

5.1 Discussion of the Results

The results empirically confirm that a higher degree of open innovation and its dimensions are
significantly associated with higher degrees of Smart Industry technology adoption in Dutch
manufacturing firms. But what does this mean? This relationship might not be as simple and
straightforward as it seems. The findings and their implications should therefore be discussed.

First of all, the regression models were all significant with an adjusted R? of little over
0,3, which is relatively low. These low R?s were expected, because of the large possible number
of separate and interrelated factors at play when it comes to Smart Industry technology
adoption. Although the models still form a moderately sized explanation of the variance in this
case, all the other factors that can also play a role should not be forgotten.

Secondly, one needs to keep in mind that open innovation is in itself an abstract blanket
term that is virtually impossible to accurately quantify. The same goes for its dimensions and
the degree of Smart Industry technology adoption. The log transformed number of employees
also served as a proxy for firm size to control for economies of scale. That is why these used
variables are all just proxy variables, and therefore the meaning of the actual quantitative results
needs to be interpreted with caution. For example, the score on the degree of open innovation
increases when a firm uses an additional open innovation practice, or uses a practice more often.
But of course it could be that the use of this new or repeated practice was in reality not aimed
at, or did not contribute to the digital transformation of a firm. This is why the beta coefficients
should be met with some scepticism. It is not necessarily meaningful to interpret an increase of
a score on a single individual open innovation practice, which would increase the score of the
degree of open innovation with an equal amount, as always being a direct cause of an increase
of on average 0,395 (Figure 4.3) in the degree of Smart Industry technology adoption.

Instead of interpreting the results at the level of individual practices, the use of an
additional practice, or using the same practice more often, should be interpreted as a reflection
of an increase in how open a firm in general is. The standardized B of the predictors is in this
case more telling of the meaning and magnitude of the effect. This means that for an increase

of one standard deviation in degree of open innovation (3,55), the degree of Smart Industry
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technology adoption increases on average by 0,304 standard deviations, which is a score
increase of 1,40 (Figure 4.3). Based on this standardized coefficient, the degree of open
innovation has on average a small to moderate effect on the degree of Smart Industry technology
adoption.

The findings of the second model, the relationship between the degree of in- and
outbound knowledge flows and the degree of Smart Industry technology adoption, confirm that
both knowledge flows are relevant in digital transformation. Much of the research into the
benefits of open innovation was focussed on the inbound knowledge flows, so the role of
outbound knowledge flows was underrepresented. This study shows that outbound knowledge
flows might on average also benefit digital transformation, with a bit smaller but similar effect
as inbound knowledge flows. It might be possible that this is a result of how these two
dimensions reflect open innovation as a whole, or that it indicates the synergy between the two
dimensions that form the third dimension of open innovation, coupled processes, which was
not explicitly included in this study.

Because the individual practices are qualitatively different, and because firms can be
open in one area and closed in another, the usage of one practice does not necessarily equally
predict the usage of other practices. This makes it possible that just a few of the practices make
up most or all of the score of the underlying concept they represent. This especially applies to
outbound knowledge flows, which consists of only three practices. A post-hoc analysis was
done, which took all the practices into account separately, to estimate if any one practice could
have exerted undue influence over the score of a dimension.

The post-hoc analysis showed that firms that have used the practices of employee
involvement and outsourcing R&D at least once, are statistically more likely to have a higher
degree of Smart Industry technology adoption. However, the fact that these were the only
practices with a significant effect does not necessarily mean that these two practices alone lead
firms to adopt more technologies or implement them to a further degree. For one, the data does
not give information on whether these practices were specifically used for the purpose of digital
transformation. Secondly, it leaves out potential interdependencies and synergies with other
practices. This argument naturally also applies to the rest of the individual practices. Regardless,
the fact that these two practices were significant might indicate that these are more important
than others in the dimensions they represent. It shows that employee involvement is likely to
be a big contributor to the found positive effect of outbound knowledge flows, when looking at
the size of the mean and the standard deviation of this dimension (Figure 4.4). Outsourcing

R&D might also be a more important aspect of inbound knowledge flows.
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In short, the findings suggest that open innovation and its dimensions can facilitate
digital transformation in Dutch manufacturing firms by potentially reducing or removing
barriers for transformation. Employee involvement and outsourcing R&D might have a bigger
role in this relationship.

5.2 Limitations & Directions for Future Research

The limitations of this study will now be discussed, which will lead to recommendations for
future research. The first limitation is comprised of the issues with the way the concepts and
components were measured and defined. As touched upon in chapter 3.2 and 3.3, as well as in
the discussion, there are some problems with the validity and reliability of the measurements
and the way the variables were constructed. The variables are just proxies, and it is for example
also not clear if different members of the same firm would give the same answer to the questions
in the survey, or whether the results are generalizable to other industries or countries. Future
research could try to more accurately measure the concepts used in this study, or use multiple
data sources from firms to cross-validate their degree of open innovation and Smart Industry
technology adoption. This study looked at just a single source of potentially subjective
information, so by for example asking these questions to multiple people in a firm, and asking
them about the perceived role that open innovation has in their digital transformation, these
concepts and their relationships can be more accurately measured. This extra information,
combined with interviews, documents or data about the goals and outcomes of their open
innovation practices and digital transformation, could create a better picture of how open and
digitally transformed firms are and validate the scores that reflect these concepts in the EMS.
With this information, the third dimension of open innovation that was not explicitly addressed
in this study, coupled processes, could also be studied better. This study could also be replicated
in other countries to check generalizability. There were also some limitations in the models,
which will now be elaborated.

First of all, the assumption of the dependent variable being continuous and unbounded
in the regression analyses was technically not met, because there is a maximal sensible degree
of Smart Industry technology adoption. When firms have fully digitally transformed their
production process, nothing would make them adopt more technologies, including open
innovation. Predictions of the model at this level would predict that more open innovation
would nevertheless increase the degree of Smart Industry adoption. Predictions like these are
obviously spurious, so it needs to be taken into account that there is a limit at which the

predicted relationship is no longer accurate. The actual scores in the data did not come close to
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the boundaries however, so in practice the predictions of the models can be considered accurate
and linear. Therefore this assumption was assumed to be met, but a warning about the limits of
the models is in order. The magnitude of the effect that open innovation has on Smart Industry
technology adoption might curve downwards when the scores become high enough, but this
was not apparent in the dataset. Future research with more recent and reliable data might be
able to detect a curvilinear relationship.

Another issue with the reliability of the model is the fact that the scores of the open
innovation practices were interpreted as ordinal with approximately the same distance between
them in regards to how open they would make a firm, because of the way the responses on the
questions about the individual practices were presented in the survey by the EMS consortium.
This is not confirmed and clear however, so these responses might just be heavily censored
count data. Future research could investigate whether the way these questions were posed
resulted in a loss of important information, and how much this influenced the estimations of the
models in this study. Measuring the actual amount of open innovation practices, instead of
something resembling the degree in which the practice is used, might show a different effect on
the degree of Smart Industry technology adoption.

Furthermore, this study was preliminary research to demonstrate the average effect of
open innovation in the journey of Dutch manufacturing firms to become digitally mature, and
if this effect was significant. The study succeeded in demonstrating this positive effect, but the
results lack specific and concrete practical approaches towards using open innovation to
improve digital transformation. There are many ways in which open innovation can influence
digital transformation, so the most important ways in which open innovation benefits digital
transformation can still be distilled and refined. Future research could more purposefully
investigate what specific open innovation practices are most effective in digital transformation
and why, for example with a qualitative approach. This study indicates that open innovation
might especially be useful in enabling the compensation of a lack of necessary knowledge and
skills for digital transformation, based on the indication in this study of the relative importance
of employee involvement and outsourcing R&D. On the other hand, open innovation could also
lead firms to become more connected with parties outside of firm boundaries, which would
result in more demands and opportunities from their environment. Firms could hereby be
pressured in different ways to adopt more Smart Industry technologies, because these enable
more digital interconnectedness that increases flexibility in meeting demands of customers and
suppliers, timing, and resource efficiency (Huizinga et al., 2014). Future research could study

what role these two broad outcomes of open innovation, interconnectedness and necessary
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knowledge and skills, have in digital transformation. This circles back to respectively the will
and the ability that are both necessary for firms to digitally transform, and would paint a better
picture of the impediments for transformation.

Lastly, this study also shows that outbound open innovation might have a bigger role in
innovation outcomes for a firm than was previously believed, because of its similar effect size
to that of inbound knowledge flows. Whether this can be mostly attributed to the practice of
employee involvement, or if it has something to do with reciprocity or forms of coupled
processes, could also be addressed in future research.

5.3 Implications

5.3.1 Theoretical Implications
The theoretical implications of this study are firstly that open innovation can be associated with
process innovation success. This therefore strengthens the body of open process innovation
research. It more specifically implies that the transition process towards a Smart Industry can
be improved with open innovation, because the positive relationship indicates that firms
become more willing or able to adopt more Smart Industry technologies and implement them
to a greater degree if they are more open. For example, barriers of specialized knowledge and
skills required for adoption, financial barriers, or a lack of pressure to change, can be uplifted
or avoided with knowledge exchange. Open innovation could hereby facilitate digital
transformation by impacting the factors found in the literature review of Hoyer et al. (2020).

This study therefore contributes to a more efficient theoretical framework to explain the
relevant factors in the transition to a Smart Industry, something which Hoyer et al. (2020) and
others have called for. Open innovation and its dimensions and practices should be viewed in
the context of this transition, and integrated into a future theoretical framework. This would
result in the potential to combine some of the factors stated by Hoyer et al. (2020), like
Perceived benefits, Pressure to adapt, Corporate and institutional cooperation, and IT
infrastructure, into factors that can be overcome or improved with open innovation. This study
enables more knowledge and a different way of thinking about these factors that are at play in
the digital transformation of firms, by coupling some of them into a possible solution: open
innovation.

Lastly, this study also highlights the role of outbound knowledge flows, which was

subject to a lack of attention in the open innovation literature. The post-hoc analysis implies
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that of the practices related to outbound knowledge flows, employee involvement might be of

particular importance for firms in realizing digital transformation.

5.3.2 Managerial Implications

The managerial implications of this study are first and foremost that if managers of Dutch
manufacturing firms let their firm become open, it would make the firm more willing or able to
increase their degree of Smart Industry technology adoption. They could solve some of the
problems associated with digital transformation (Hoyer et al., 2020), as well as potentially
benefiting from open innovation in other ways, like improving profitability (Noh, 2015) or
enabling competitive advantage with product innovations (Zobel, 2017). However, open
innovation does not only have benefits, but also challenges and negative outcomes (Parida et
al., 2014) that should be taken into account.

It also needs to be noted, as elaborated before, that open innovation is not the only factor
at play. Without for example enough financial resources, absorptive capacity, or the right IT
infrastructure, firms are not in a position to start or continue their digital transformation.
However, open innovation practices could also potentially alleviate these impediments, so this
should be kept in mind when deciding to create a more open organizational culture, or
pondering what practices need to be implemented. Because of the exploratory, quantitative and
parsimonious nature of this study, it lacks specific practical recommendations for digital
transformation on an operational level. Each firm is unique in their situation, opportunities,
organizational culture, etcetera, so managers still need to judge for themselves whether an
individual open innovation practice or being open in general does more harm than good in their
firm, or if it could help in their digital transformation.

Lastly, this study showed that Dutch manufacturing firms are on average not that open,
and furthermore not very far on their road to digital maturity (Figure 4.1). This implies that
there is still a lot of potential for firms to become more digitally transformed with open
innovation. Policy makers should therefore create policies that enable and stimulate more

fruitful connection, cooperation and knowledge sharing between firms.

5.4 Summary

The transition to a Smart Industry is important to keep the Dutch manufacturing industry
globally competitive, and more understanding about what makes firms digitally transform is
needed to improve the transition process in this industry. For a firm to digitally transform, they

need to adopt Smart Industry technologies. These complex IT technologies often require
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specialized knowledge and skills, which could be existing internally or be acquired from outside
the firm. This relates to the concept of open innovation, which is the purposive management of
in- and outbound knowledge flows that cross organizational boundaries (Chesbrough & Bogers,
2014). The body of research presented in this study indicates that there would be a positive
effect on digital transformation if firms would be more open, but little empirical research has
yet been done about this relationship.

This study therefore aimed at investigating the role that open innovation has in the
transition to a Smart Industry in the Dutch manufacturing industry. It did so by investigating
the relationship between open innovation and digital transformation in Dutch manufacturing
firms. The research question was “What is the relationship with the degree of open innovation
and the degree of Smart Industry technology adoption in Dutch manufacturing firms?”. The
hypotheses were that both an increase in the degree of open innovation and its two dimensions,
in- and outbound knowledge flows, would be associated with a higher degree of Smart Industry
technology adoption in a firm. Empirical data from the European Manufacturing Survey was
used in multiple regression analyses to test these hypotheses. These analyses showed a small to
moderate positive significant relationship of both open innovation and its dimensions with the
degree of Smart Industry technology adoption. The post-hoc analysis found that of the
individual practices, employee involvement and outsourcing R&D were significant, indicating
a higher relative importance of these factors.

By discussing the results and taking the limitations into account, this study gives reasons
to further inspect the role that open innovation has in digital transformation, and what it implies
for firms. Future research could measure the concepts more accurately, look more into
individual practices and synergistic effects between the two knowledge flow directions and
their practices, and better establish the most important ways in which open innovation can
improve digital transformation. Interconnectedness and importing valuable knowledge and
skills can both be powerful outcomes of open innovation, and these outcomes could be tested
for their importance in digital transformation. Although more research is required for a better
theoretical framework for the Smart Industry transition, this study forms an initial building
block by indicating that open firms are generally more digitally mature.

To conclude, there is still a lot of room for improvement in the Dutch manufacturing
industry regarding both open innovation and digital transformation, and firms should therefore
consider becoming more open to reap the benefits of open innovation. Firms can hereby

digitally transform their production process and increase their competitive position.
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Appendices

Appendix A: Frequency Histogram

Frequency histogram of scores on degree of open innovation and Smart Industry technology
adoption:
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Appendix B: Assumptions and Output Model 1

This appendix contains the assumptions and output of the first model (Degree of Open

innovation and degree of Smart Industry technology adoption).

Assumptions:

Additivity and linearity: The partial plots show that the relationships can assumed to be linear.

This is also shown by the lack of a curve in the scatterplot found under homoscedasticity. Firm

Size (Number of employees) was log transformed to improve linearity.

Partial Regression Plot
Dependent Variable: degree_SITA
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Independent errors: The residuals of any two observations need to be uncorrelated. This can be
tested with a Durbin-Watson test, which has a value of 0-4. The closer the value comes to 2,

the less correlated the residuals are, which is the case with an observed value of 1,974.

Durbin-
Watson

1,974

Homoscedasticity: The plot of the standardized residuals versus the standardized predicted
values and the partial plots show no signs of heteroscedasticity, so this assumption is met.

Scatterplot
Dependent Variable: degree_SITA

3+

Regression Standardized Residual

Regression Standardized Predicted Value

Normality: Residuals should be normally distributed. This was checked with a P-P plot and a

histogram. Although there is no perfect normal distribution, it is close enough to meet the

assumption.
Histogram Normal P-P Plot of Regression Standardized Residual
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Multicollinearity: There should be no perfect multicollinearity, which means that there should
be no strong correlation between two or more predictors. To test for multicollinearity, the VIF
statistic should be no greater than 10, and preferably not much greater than 1. The tolerance
statistic should be preferably higher than 0.2. The found values are very acceptable, so this

assumption is met.

Tolerance VIF
1 (Constant)
degree_Openinn ,826 1,210
number of employees 2014 (log) ,828 1,208
Food 741 1,349
Textile , 713 1,402
Construction , 760 1,316
Chemical ,694 1,440
Machinery ,640 1,562
Electronic ,653 1,531
Collinearity Diagnosticsa
Variance Proportions
number of
Condition degree_Open employees
Model  Dimension Eigenvalue Index (Constant) Inn 2014 (log) Food Textile Construction  Chemical  Machinery  Electronic
1 1 3,639 1,000 00 01 00 01 01 01 01 01 01
2 1,005 1,902 00 .00 00 01 A5 35 02 00 g0
3 1,000 1,908 00 .00 00 0z .09 03 02 14 27
4 1,000 1,908 .00 .00 .00 25 A4 01 03 AR 06
] 1,000 1,908 00 .00 0o A2 L 01 26 18 .00
g 1,000 1,008 0 00 00 18 09 el 17 00 00
) 208 4178 00 61 00 8 13 23 22 24 8
g 126 5,376 08 32 7 23 Kl 15 27 34 35
g 021 13,263 52 06 93 o 02 00 0 Kl 04

a. DependentVariable: degree_SITA
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Other output of Model 1:

Correlations

number of
degree_Open emp\oyees
degree_SITA Inn 2014 {log) Metal Food Textile Construction  Chemical ~ Machinery  Electronic
Pearson Correlation  degree_SITA 1,000 450 468 -,085 -037 -128 66 =070 183 022
degree_Openinn 450 1,000 393 =112 041 - 067 149 065 040 - 056
number of employees 468 383 1,000 - 0eg 023 -041 26 071 072 =112
2014 (log)
Metal -,095 - 112 -,088 1,000 -7 193 148 -198 -242 -,237
Food -037 L 023 =171 1,000 - 126 -na7 -129 -158 - 155
Textile -128 - 087 -.041 - 193 - 126 1,000 -109 - 146 -179 -175
Construction 166 149 126 - 148 -,087 =109 1,000 =112 =137 -134
Chemical -070 0B5 o7 - 188 -129 S 146 -112 1,000 -183 - 180
Machinery 63 040 072 -,242 -159 =179 =137 -183 1,000 -,220
Electronic 022 -,056 - 12 -237 - 155 -178 - 134 -180 -220 1,000
Sig. (1-tailed) degree_SITA 000 000 109 314 049 016 183 017 388
degree_Openinn ,000 . ,000 073 ,300 Jas 027 202 304 233
number of employees 000 000 27 383 207 051 81 A77 074
2014 (log)
WMetal 109 073 127 . 013 006 028 005 .00 00
Food 314 300 383 013 051 06 047 020 022
Textile 049 185 287 006 051 . 080 028 010 011
Construction 016 027 051 028 106 080 074 038 041
Chemical 183 ,202 181 005 047 029 074 . ,009 010
Machinery 017 304 77 00 ,020 010 038 004 002
Electronic 388 233 074 001 022 011 041 010 002 .
M degree_SITA 169 169 169 168 169 168 168 168 169 169
degree_Openinn 169 169 168 169 169 169 169 169 168 169
number of employees 169 169 169 169 169 169 169 169 169 169
2014 (log)
Metal 169 169 189 169 169 169 169 169 189 169
Food 169 169 169 168 169 168 168 168 169 169
Textile 169 169 168 169 169 169 169 169 168 169
Construction 169 169 169 169 169 169 169 169 169 169
Chemical 169 169 169 169 169 169 169 169 169 169
Machinery 169 169 169 169 169 169 169 169 169 169
Electronic 169 169 169 168 169 168 168 168 169 169
Variables Entered/Removed?
Model Variables Entered Variables Removed Method
1 Electronic, degree_Openinn, Food, . Enter
Construction, Textile, Chemical,
number of employees 2014 (log),
Machinery®
a. Dependent Variable: degree_SITA
b. Tolerance =,000 limit reached.
ANOVA?®
Model Sum of Squares df Mean Square F Sig.
1 Regression 1244,917 8 155,615 10,708 ,000°
Residual 2325,296 160 14,533
Total 3570,213 168

a. Dependent Variable: degree_SITA
b. Predictors: (Constant), Electronic, degree_Openinn, Food, Construction, Textile, Chemical, number of employees 2014

(log), Machinery



Coefficients”

Standardized

Unstandardized Coefficients Coefficients 95 0% Confidence Interval for B Correlations Collinearity Statistics
Madal B Std. Error Beta t Sig Lower Bound  UpperBound  Zero-order Partial Part Tolerance VIF
1 (Constant) -3,290 1473 -2,234 027 -6,198 -,382
degree_Openinn 395 091 304 4,334 000 215 575 480 324 277 828 1,210
number of employees 1,982 407 342 4,876 000 1179 2,785 468 360 Rl 828 1,208
2014 (log)
Food -514 1132 -034 - 454 851 -2,750 1,723 -037 -,038 -029 T4 1,349
Textile - 864 1,082 -062 - 821 413 -2,043 1,215 -128 -,065 -052 713 1,402
Construction 1,510 1262 088 1,196 233 -883 4,003 66 094 076 760 1,316
Chemical -1,074 1,046 -079 -1,027 306 -3,140 892 -070 -,081 -, 066 694 1,440
Machinery 1,506 947 27 1,590 114 -365 3,378 J63 125 A0 640 1,562
Electronic 1,045 950 087 1,100 273 -830 2,920 022 087 070 653 1,531
Excluded Variables?®
Collinearity Statistics
Partial Minimum
Model Beta In t Sig. Correlation Tolerance VIF Tolerance
1 Metal b . . . ,000 ,000
a. Dependent Variable: degree_SITA
b. Predictors in the Model: (Constant), Electronic, degree_Openinn, Food, Construction, Textile, Chemical, number of
employees 2014 (log), Machinery
Coefficient Correlations®
number of
degree_Open employess
Model Electronic Inn Food Construction Textile Chemical 2014 {log) Machinery
1 Correlations  Electronic 1,000 -042 388 344 A58 419 035 462
degree_Openinn -042 1,000 -072 -131 -,006 -,079 -,369 -,063
Food ,388 -072 1,000 1309 ,350 ,363 -,033 ,398
Construction 1349 -131 ,309 1,000 316 ,339 -,086 370
Textile A6 -,006 350 316 1,000 ,380 -014 419
Chemical 419 -,079 1363 1339 ,380 1,000 -, 065 435
number of employees 035 -,369 -033 -,086 -,014 -, 065 1,000 -072
2014 (log)
Machinery 462 -,063 ,398 1370 419 435 -072 1,000
Covariances  Electronic a02 -004 Ean A8 A15 A6 014 416
degree_Openinn -,004 008 -,007 -015 -,001 -,008 014 -,008
Food M7 -,007 1,282 442 M7 ,430 -015 427
Construction 418 -015 442 1,594 ,420 448 -,044 443
Textile 415 -,001 M7 420 1,108 418 -,008 M7
Chemical A6 -.008 430 448 A8 1,094 -028 430
number of employees 014 -014 -015 -044 -,008 -,028 165 -028
2014 (log)
Machinery 416 -,008 427 443 M7 ,430 -,028 897
a. DependentVariable: degree_SITA
Residuals Statistics?
Minimum Maximum Mean Std. Deviation N
Predicted Value ,9906 14,7757 6,5148 2,72217 169
Residual -7,02719 9,87544 ,00000 3,72036 169
Std. Predicted Value -2,029 3,035 ,000 1,000 169
Std. Residual -1,843 2,590 ,000 ,976 169
a. Dependent Variable: degree_SITA
Casewise Diagnostics?
Case Number Std. Residual degree SITA Predicted Value Residual
30 2,590 17,00 7,1246 9,87544
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77

84

101

116

2,379
2,077
2,040
2,552

2,484

13,00
17,00
15,00
15,00

17,00

3,9316
9,0805
7,2219
5,2731

7,5294

9,06839
7,91954
7,77812
9,72691

9,47056

a. Dependent Variable: degree_SITA
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Appendix C: Assumptions and Output Model 2

This appendix contains the assumptions and output of the second model (degree of In- and
Outbound Knowledge Flows and degree of Smart Industry technology adoption).

Assumptions:
Additivity and linearity: Just like in the first model, the partial plots show that the relationships
can assumed to be linear. This is also shown by the lack of a curve in the scatterplot found under

homoscedasticity. The firm size (log) and sectorial partial plots look virtually the same as they
did in Model 1.

Partial Regression Plot Partial Regression Plot
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Independent errors: The residuals of any two observations need to be uncorrelated. This can be
tested with a Durbin-Watson test, which has a value of 0-4. The closer the value comes to 2,

the less correlated the residuals are, which is the case with an observed value of 1,966.
Durhkin-
Watson

1,966

Homoscedasticity: The plot of the standardized residuals versus the standardized predicted

values and the partial plots show no signs of heteroscedasticity, so this assumption is met.

Scatterplot
Dependent Variable: degree_SITA

-

Regression Standardized Residual

Regression Standardized Predicted Value

Normality: Residuals should be normally distributed. This was checked with a P-P plot and a

histogram. Although there is no perfect normal distribution, it is close enough to meet the

assumption.
Histogram Normal P-P Plot of Regression Standardized Residual
Dependent Variable: degree_SITA 0 Dependent Variable: degree_SITA
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Multicollinearity: There should be no perfect multicollinearity, which means that there should
be no strong correlation between two or more predictors. To test for multicollinearity, the VIF
statistic should be no greater than 10, and preferably not much greater than 1. The tolerance
statistic should be preferably higher than 0.2. The found values are very acceptable, so this

assumption is also met.

Collinearity Statistics

Model Tolerance VIF

1 (Constant)
OutKnowledge 679 1,474
InKnowledge ,687 1,455
number of employees 2014 (log) ,822 1,216
Food 122 1,384
Textile , 704 1,421
Construction ,759 1,317
Chemical ,687 1,456
Machinery ,638 1,567
Electronic ,651 1,535

Collinearity Diagnostit:si“'I

Variance Proportions

number of
Condition Outknowledy employees
Model Dimension  Eigenvalue Index (Constant) = Inknowledge 2014 (log) Food Texile Construction  Chemical ~ Machinery ~ Electronic
1 1 4313 1,000 00 o1 01 oo 00 00 00 00 01 oo
2 1,019 2,057 .00 01 .00 .00 .05 15 4 .00 01 02
3 1,003 2,074 a0 a0 a0 a0 A 01 v} 07 02 18
4 1,000 2,077 .00 .00 .00 .00 .08 07 01 01 A7 22
ai 1,000 2,077 a0 a0 a0 a0 01 29 18 01 14 01
[ 1,000 2,077 00 oo 00 i} 13 0o 01 40 06 i}
7 367 3,430 01 50 02 a0 03 02 16 07 09 05
] 146 5437 00 45 7 i} 19 Rl o7 a7 Rl 13
9 A3 5727 a7 .00 25 a7 20 28 18 26 35 35
10 021 14,477 a2 03 01 93 01 01 Kili] 00 01 03

a. DependentVariable: degree_SITA
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Other output of Model 2:

Correlations

number of
Qutknowledg employees
degree_SITA ) InkKnowledge 2014 {log) Metal Food Textile Construction  Chemical ~ Machinery  Electronic
Pearson Correlation  degree_SITA 1,000 407 389 468 -,095 -037 -128 166 -070 183 022
Outknowledge 407 1,000 508 352 -0 -,051 -100 178 o017 045 -,035
InKnowledge 389 G0e 1,000 343 - 142 084 -035 108 079 030 -,0568
number of employees 468 352 343 1,000 -.0eg 023 -,041 126 sl 072 =112
2014 (log)
Metal -095 -021 -142 -,088 1,000 =171 -193 -148 -1ag -,242 -,237
Food -.037 -,051 084 023 -7 1,000 - 126 -.097 -129 159 - 155
Texdile -128 -100 -035 -041 -193 - 126 1,000 -109 - 146 -179 -175
Caonstruction 166 78 108 126 -,148 -087 -,108 1,000 -112 -137 -134
Chemical -070 017 0738 071 -198 -128 - 146 -112 1,000 -183 -180
Machinery 163 045 030 072 -,242 -159 -179 -137 -183 1,000 -220
Electronic 022 -,035 - 058 -112 -237 - 155 -175 -134 -180 -,220 1,000
Sig. (1-tailed) degree_SITA 000 Jaoa 000 109 314 049 018 83 017 388
Qutknowledge 000 . Jaoa 000 302 254 a7 010 414 ,282 328
Inknowledge 000 000 ooo 033 138 324 087 153 351 226
number of employees 000 oo ,0o0 . 127 383 287 051 A8 A77 074
2014 (log)
Metal 109 392 033 A27 013 008 028 005 00 0m
Food 314 254 138 383 013 051 106 047 020 022
Texile 048 087 324 287 006 051 080 029 010 01
Caonstruction 018 010 a7 051 028 106 Jneg 074 038 04
Chemical 183 A14 153 181 ki3 047 029 074 Joog 010
Machinery 017 ,282 351 ATT o1 020 010 038 009 . 002
Electronic 388 328 226 074 o1 022 011 041 010 002 .
[ degree_SITA 169 169 169 169 169 169 169 169 169 169 169
Qutknowledge 169 189 169 169 169 169 169 169 169 189 169
InKnowledge 169 169 169 169 169 169 169 169 169 169 169
number of employzes 169 169 169 169 169 169 169 169 169 169 169
2014 (log)
Metal 169 169 169 169 169 169 169 169 169 169 169
Food 169 169 169 169 169 169 169 169 169 169 169
Textile 169 169 169 169 169 169 169 169 169 169 169
Construction 169 189 169 169 169 169 169 169 169 189 169
Chemical 169 169 169 169 169 169 169 169 169 169 169
Machinery 169 169 169 169 169 169 169 169 169 169 169
Electronic 169 189 169 169 169 169 169 169 169 189 169
Variables Entered/Removed?
Model Variables Entered Variables Removed Method
1 Electronic, OutKnowledge, Food, . Enter
Chemical, Construction, Textile,
number of employees 2014 (log),
InKnowledge, Machinery®
a. Dependent Variable: degree_SITA
b. Tolerance =,000 limit reached.
ANOVA?
Model Sum of Squares df Mean Square F Sig.
1 Regression 1251,030 9 139,003 9,530 ,000°
Residual 2319,183 159 14,586
Total 3570,213 168

a. Dependent Variable: degree_SITA
b. Predictors: (Constant), Electronic, OutKnowledge, Food, Chemical, Construction, Textile, number of employees 2014

(log), InKnowledge, Machinery
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Coefficients?

Standardized

Unstandardized Coefficients Coefficients 45,0% Confidence Interval for B Correlations Collinearity Statistics
Model B Std. Error Beta 1 Sig Lower Bound  UpperBound  Zero-order Partial Part Tolerance VIF
1 (Constant) 3,203 1,481 -2,162 032 6,128 - 277
Outknowladge 544 247 71 2188 028 055 1,032 407 72 140 6789 1,474
InKnowledge 329 137 188 2,396 018 058 588 388 87 153 687 1,455
number of employees 1,961 408 338 4,797 000 1,154 2,768 468 356 307 822 1,216
2014 (log)
Food -,385 1,148 -026 -,343 732 -2,664 1,875 -,037 -027 -022 722 1,384
Textile - 783 1,062 -,056 -738 462 -2,880 1,314 -128 -,058 -047 704 1,421
Construction 1,489 1,265 086 1177 24 -1,008 3,988 188 083 0758 759 1,317
Chemical 1,003 1,053 -073 -852 342 3,084 1,077 -070 075 - 061 a7 1,456
Machinery 1,540 950 130 1,621 107 - 336 3,417 163 128 104 638 1,667
Electronic 1,077 953 080 1,131 260 - 804 2,958 022 088 072 651 1,635

a. Dependent Variable: degree_SITA

Excluded Variables?
Collinearity Statistics
Partial Minimum

Model Beta In t Sig. Correlation Tolerance VIF Tolerance

1 Metal L . . . ,000 . ,000

a. Dependent Variable: degree_SITA
b. Predictors in the Model: (Constant), Electronic, OutKnowledge, Food, Chemical, Construction, Textile, number of

employees 2014 (log), InKnowledge, Machinery

Coefficient Correlations”

number of
Cutknowledg employees

Model Electronic ) Food Chemical  Construction Texdile 2014 (log) InkKnowledge  Machinery
1 Correlations  Electronic 1,000 033 391 422 347 418 031 - 067 464
Outknowlzedge 033 1,000 122 067 072 107 -212 -, 448 028
Food 1391 122 1,000 1373 301 362 - 045 - 167 402
Chemical 422 067 1373 1,000 1335 387 073 -129 437
Construction 347 -072 1301 1335 1,000 a1 -084 -,068 368
Texile 418 107 362 387 311 1,000 - 024 -092 422
number of employees 03 -212 -,045 -073 -084 -,024 1,000 - 184 - 076

2014 (log)
Inknowledge - 067 -448 SR -129 - 068 -.0gz2 184 1,000 -.084
Machinery 464 029 402 437 368 422 - 076 -,084 1,000
Covariances  Electronic o7 008 A28 423 418 423 012 -,009 420
Outknowladge 008 061 035 018 -022 028 -,021 015 007
Food 428 035 1,320 451 438 442 -,021 -026 439
Chemical 423 018 451 1,110 446 433 - 032 -019 438
Construction 418 -022 438 446 1,600 A7 - 043 =012 443
Textile 423 028 442 433 M7 1127 - 010 -013 426
number of employees 012 -021 -0 -032 -043 -010 6T -010 -,030

2014 (log)
Inknowledge -.008 015 - 026 -0g 012 -03 010 018 011
Machinary 420 007 439 438 443 A28 -,030 -011 803

a. DependentVariable: degree_SITA
Residuals Statistics?
Minimum Maximum Mean Std. Deviation N

Predicted Value ,9659 14,9607 6,5148 2,72885 169
Residual -7,02424 9,73036 ,00000 3,71546 169
Std. Predicted Value -2,033 3,095 ,000 1,000 169
Std. Residual -1,839 2,548 ,000 ,973 169

a. Dependent Variable: degree_SITA
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Casewise Diagnostics®

Case Number Std. Residual degree SITA Predicted Value Residual

30 2,548 17,00 7,2696 9,73036
52 2,391 13,00 3,8672 9,13279
77 2,136 17,00 8,8431 8,15692
84 2,034 15,00 7,2327 7,76726
101 2,489 15,00 5,4926 9,50744
116 2,473 17,00 7,5568 9,44321

a. Dependent Variable: degree_SITA
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Appendix D: Assumptions and Output Post-Hoc Model

This appendix contains the assumptions and output of the post-hoc model (individual open
innovation practices and degree of Smart Industry technology adoption).

Assumptions:
Additivity and linearity: The relationships are again assumed to be linear. This is also shown by

the lack of a curve in the scatterplot found under homoscedasticity. The partial regression plots
do not add any real value here, so they are left out.

Independent errors: The residuals of any two observations need to be uncorrelated. This can be
tested with a Durbin-Watson test, which has a value of 0-4. The closer the value comes to 2,
the less correlated the residuals are, which is the case with an observed value of 1,998.

Durhkin-
Watson

1,008

Homoscedasticity: The plot of the standardized residuals versus the standardized predicted

values and the partial plots show no signs of heteroscedasticity, so this assumption is met.

Scatterplot
Dependent Variable: degree_SITA

Regression Standardized Residual
: ‘ 9
8
&
o
8

Regression Standardized Predicted Value

Normality: Residuals should be normally distributed. This was checked with a P-P plot and a

histogram. This looks better than the other models, so this assumption is met.
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Normal P-P Plot of Regression Standardized Residual

Histogram
Dependent Variable: degree_SITA 10 Dependent Variable: degree_SITA
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Regression Standardized Residual Observed Cum Prob

Multicollinearity: There should be no perfect multicollinearity, which means that there should
be no strong correlation between two or more predictors. To test for multicollinearity, the VIF
statistic should be no greater than 10, and preferably not much greater than 1. The tolerance
statistic should be preferably higher than 0.2. The found values are very acceptable, so this

assumption is also met.

Model Tolerance VIF

1 (Constant)
number of employees 2014 (log) , 769 1,301
Food ,696 1,436
Textile ,692 1,445
Construction 122 1,386
Chemical ,667 1,500
Machinery ,597 1,675
Electronic ,625 1,599
OlSpinoffdich ,840 1,191
OlOutwlIPdich ,785 1,274
OIEmpldich ,738 1,355
OlCustdich , 792 1,262
OlExtnetsdich ,716 1,396
OlPartotherFirmsdich 167 1,304
OlOutsourcedich ,809 1,236
OllnwlIPdich , 757 1,321
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Collinearity Diagnostics?

Variancs Proportions

number of
Condition employess OlPartotherFir OlOutsoureed
Model  Dimension  Eigenvalue Index (Constant) 2014 (log) Food Texdile  Construcfion  Chemical ~ Machinery  Electronic — OISpinofidich — 00utwlPdich  CIEmpldich  OICustdich ~ ClEdnetsdich sdich ich OlinwiPdich
1 1 6,907 1,000 ,00 00 ,00 .00 .00 .00 .00 00 00 00 00 00 00 01 01 00
2 1,232 2,368 .00 00 .03 02 A3 .00 01 02 03 A2 00 00 00 00 00 06
3 1,095 2512 .00 .00 .02 .00 04 04 A0 19 03 02 .00 .00 .00 02 01 04
4 1,013 2611 ,00 00 A5 A7 01 A9 04 01 01 00 00 00 00 00 00 00
5 1,004 2623 .00 00 AT 01 A5 .00 A4 09 00 00 00 00 00 00 00 00
6 1,000 2,628 ,00 .00 ,00 29 .00 24 02 02 00 .00 00 .00 00 .00 00 00
7 77 2981 00 00 08 01 26 00 02 00 02 21 00 0 00 04 0 08
8 702 3,136 .00 .00 .00 01 01 .00 03 07 30 03 01 .00 .00 .00 00 40
g 567 3,401 00 00 03 02 00 01 00 02 a7 35 03 00 00 22 05 07
10 494 3741 .00 00 .00 00 01 03 03 02 26 A0 04 00 01 35 a7 02
11 401 4,148 .00 .00 06 01 .00 01 01 01 10 .00 02 01 .00 A5 60 16
12 317 4,666 ,00 00 01 .00 05 .00 03 03 03 RES 75 00 01 01 14 10
13 218 5,634 .00 01 A2 08 A0 A2 A5 06 01 03 02 A2 43 A2 00 01
14 137 7,099 .00 .00 A0 07 07 05 08 10 01 .00 04 64 48 07 01 .00
15 118 7,660 06 08 A7 27 A5 30 32 el) 02 00 04 22 0 00 ) 02
16 018 19 467 93 .90 01 02 .00 .00 01 05 00 01 04 .00 06 01 01 03
2. Dependent Variable: degree_SITA
Other output of the post-hoc model:
Correlations
number of
employees OIPartotherFir OlOutsourced
degree_SITA 2014 (log) Metal Food Textile Construction  Chemical  Machinery  Electronic  OISpinoffdich  OlOutwiPdich  OIEmpldich  OlCustdich — OlExtnetsdich msdich ich OlinwlPdich
Pearson Correlation  degree_SITA 1,000 468 -,095 -,037 -128 166 -070 163 022 163 1220 1389 184 199 254 1368 78
number of employees 468 1,000 -,088 023 =041 126 071 072 =112 095 178 364 194 047 162 239 312
2014 (log)
Metal -,095 -,088 1,000 =171 -193 -,148 -198 -242 -237 089 =124 =018 -118 -041 - 056 =127 =172
Food -,037 023 -A71 1,000 -126 -,097 -129 -159 -155 -112 -,080 037 128 076 072 062 -,029
Textile -128 -0 -193 -126 1,000 -109 - 146 -179 -175 -024 -050 -078 -017 -,006 011 -,007 1005
Construction 166 126 -148 -,087 -109 1,000 =112 -137 -134 128 201 082 098 030 011 014 130
Chemical -,070 071 -108 -129 -146 -112 1,000 -183 -180 006 -,006 -025 -,008 044 -039 084 086
Machinery 163 072 -,242 -159 -179 137 -183 1,000 -,220 -043 070 076 029 021 075 106 147
Electronic 022 -112 -,237 -155 -175 -134 -180 -,220 1,000 -,035 ,033 -,061 -,054 -,082 096 -,008 -,106
OlSpinoffdich 163 095 089 -112 -,024 128 006 -,043 -,035 1,000 292 135 092 135 208 143 ,088
OlQutwlP dich 220 178 -124 -,080 -,050 201 -006 070 033 292 1,000 075 051 063 183 1222 260
OIEmpldich ,389 364 -019 037 -078 ,082 -025 076 -,061 135 075 1,000 250 213 196 27T 324
OlCustdich 184 194 - 118 128 -017 099 -008 029 054 092 081 250 1,000 374 136 150 140
OlExtnetsdich 189 047 -041 076 -,006 030 044 021 -,082 135 063 213 ar4 1,000 363 202 147
OlPartotherFirmsdich 254 162 -,066 072 011 01 -039 -075 096 208 183 186 136 363 1,000 085 16T
OlOutsourcedich 1368 238 -127 062 -,007 014 084 106 -,098 143 1222 277 150 202 095 1,000 271
OlinwIPdich 178 312 -172 -,029 -,005 130 086 147 -106 088 260 324 140 47 167 27 1,000
Sig. (1-tailed) degree_SITA 000 109 314 048 016 183 017 388 017 ,002 ,000 008 005 000 ,000 010
number of employees ,000 427 383 207 051 REd AT 074 108 010 000 006 21 018 001 000
2014 (log)
Metal 109 127 013 006 028 005 001 ,001 126 054 405 064 297 236 050 013
Food 314 383 013 051 106 047 020 022 073 A5 315 047 163 76 213 356
Textile 048 297 006 051 ,080 029 010 011 378 267 165 A1 467 444 464 472
Construction 016 051 028 106 080 074 038 041 048 004 116 100 347 445 429 046
Chemical 183 181 005 047 028 074 008 010 471 468 372 460 285 307 139 132
Machinery 017 77 001 020 010 038 008 002 288 183 162 354 392 165 086 028
Electronic 1388 074 001 022 011 041 010 002 327 336 214 244 418 107 103 084
OlSpinoffdich 017 108 126 073 3718 049 471 288 327 000 040 6 040 003 032 27
OloutwlP dich 002 010 054 181 257 004 468 183 336 000 165 283 207 008 002 ,000
OIEmpldich ,000 000 405 315 155 16 372 162 214 040 165 001 003 005 ,000 ,000
OlGustdich .008 006 064 047 411 100 460 354 244 16 253 .001 000 033 026 035
OlExtnetsdich 0058 271 297 163 467 347 285 392 18 040 207 ,003 000 000 004 028
OlPartotherFirmsdich ,000 018 236 AT6 444 445 307 165 407 003 ,009 005 038 000 109 015
OlOutsourcedich 000 001 050 213 464 429 138 086 103 032 002 000 026 004 108 000
OlinwIPdich 010 000 013 356 472 048 132 028 084 27 000 ,000 035 028 015 ,000
Variables Entered/Removed?
Model Variables Entered Variables Removed Method
1 OllnwlPdich, Textile, OISpinoffdich, . Enter

OlCustdich, Chemical, Construction,
OlPartotherFirmsdich, Food,
OlQutsourcedich, number of
employees 2014 (log), Electronic,
OlOutwlPdich, OIEmpldich,

OlExtnetsdich, Machinery®

a. Dependent Variable: degree_SITA

b. Tolerance =,000 limit reached.

ANOVA?

Model Sum of Squares df

Mean Square

Sig.

1 Regression 1453,152 15

96,877

7,001

,000°
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Residual

Total

2117,061

3570,213

153

168

13,837

a. Dependent Variable: degree_SITA

b. Predictors: (Constant), OlinwIPdich, Textile, OISpinoffdich, OICustdich, Chemical, Construction, OlPartotherFirmsdich,

Food, OlOutsourcedich, number of employees 2014 (log), Electronic, OlOutwIPdich, OIEmpldich, OlExtnetsdich, Machinery

Coefficients®
Standardized
Unstandardized Coefficiznts Coeficients 95,0% Confidence Interval for B Carrelations Collinearity Statistics
Model B Std. Error Beta i Sig Lower Bound UpperBound  Zero-order Partial Fart Tolerance VIF
1 (Constant) -3,709 1580 -2,347 020 -6,830 -587
number of employees 1,975 412 A4 4,797 000 1162 2,788 468 362 ,299 769 1,301
2014 (log)
Food -723 1140 047 - 634 527 -2,975 1,529 037 -, 051 -,03g 636 1,436
Testile - 847 1043 - 081 -|12 418 -2,907 1,213 128 - 066 -, 051 63z 1,445
Construction 1,967 1264 14 1,556 122 - 631 4,464 166 125 0a7 722 1,386
Chemical - 818 1,041 -, 060 - 786 433 -2,875 1,239 070 - 063 -04g BET 1,500
Machinary 1,635 857 129 1,604 AN -,356 3,425 163 128 00 547 1,675
Electronic 1,085 847 080 1,146 254 - 786 2,856 022 a2 071 625 1,589
QISpinofidich 227 706 022 322 748 -1,168 1,623 63 026 020 840 1,191
Ql0utwlPdich 644 925 049 697 487 -1,183 2,472 220 056 043 785 1,274
QIEmpldich 1,679 G667 A7 2,366 019 ,260 2,808 389 188 47 738 1,355
QICustdich 024 T77 002 03 876 -1,512 1,560 84 002 002 782 1,262
QlExinetsdich 746 755 073 oge 325 - 745 2,238 99 080 062 716 1,396
QIPartotherFirmsdich 1177 678 123 1,736 085 - 162 2,518 254 139 08 JT6T 1,304
QlQutsaurcedich 2,132 641 ,230 3,325 0o 865 3,309 368 ,260 207 809 1,236
QllinwlPdich -1,461 926 -3 -1,577 A7 -3,291 370 78 -126 -,09e 757 1,321
a. Dependent Variable: degree_SITA
Excluded Variables?
Collinearity Statistics
Partial Minimum
Model Beta In t Sig. Correlation Tolerance VIF Tolerance
1 Metal b ,000 ,000
a. Dependent Variable: degree_SITA
b. Predictors in the Model: (Constant), OlinwIPdich, Textile, OlSpinoffdich, OlCustdich, Chemical, Construction,
OlPartotherFirmsdich, Food, OlOutsourcedich, number of employees 2014 (log), Electronic, OlOutwlPdich, OIEmpldich,
OlExtnetsdich, Machinery
Coefficient Correlations®
number of
OlPartotherFir Ol0utsourced employees
Model OllnwiPdich ~ Textile  OISpinoffdich ~ OlCustdich ~ Chemical =~ Construction msdich Food ich 2014 (log) Electronic  OlOutwlPdich ~ OIEmpldich  OlExtnetsdich  Machinery
1 Correlations  OllnwiPdich 1,000 -,089 ,039 -,004 - 131 - 113 073 025 -110 - 144 - 018 - 187 -198 -,028 - 160
Textile -,089 1,000 086 -,060 398 1321 044 368 066 001 424 -013 095 014 433
OlIspinoffdich 039 086 1,000 -,045 072 006 140 72 074 010 21 239 -062 -031 128
OlICustdich -,004 -,060 -045 1,000 034 -102 053 - 141 008 -123 -071 021 -120 -328 - 066
Chemical =131 398 072 -,034 1,000 343 033 kil 098 -,069 413 025 047 -038 457
Construction -113 321 006 102 343 000 043 299 024 -065 352 77 001 004 390
OlPartotherFirmsdich -073 -044 -140 053 033 043 1,000 -,082 062 115 -128 11 -076 -336 054
Food -,026 368 72 41 371 289 082 1,000 103 015 308 000 033 003 411
0lOutsourcedich -110 -,066 -074 -,005 098 024 062 -103 1,000 101 -018 151 - 156 -127 -090
number of employees - 144 001 010 123 069 -065 15 -015 =101 1,000 054 073 -248 148 -031
2014 (loa)
Electronic -018 424 21 -071 413 352 128 ,398 018 054 1,000 -104 031 089 460
QlQutwiF dich - 167 -013 -,239 021 025 -ATT 111 000 161 -073 - 104 1,000 101 034 -096
OIEmpldich -198 0as5 -,062 120 047 001 076 033 156 -,248 031 101 1,000 -073 022
OlExtnetsdich -,029 014 -031 -,328 038 004 336 003 127 146 089 034 -073 1,000 -010
Machinery -150 433 128 -,066 45T ,390 054 A 090 -031 460 096 022 -010 1,000
Covariances  OllnwiPdich 858 -,086 026 -,003 126 -132 048 026 065 -,056 - 016 143 -123 -,020 -133
Textile -,086 1,087 063 -,048 432 424 -031 438 044 000 419 013 066 01 433
OlIspinoffdich 026 063 499 -,025 053 006 067 138 034 003 081 156 -029 -017 086
OlICustdich -003 -,048 -,028 604 028 -100 028 - 128 003 -,039 - 052 015 -,062 -192 - 049
Chemical -126 432 053 -,028 1,084 452 023 441 065 -,030 408 024 067 -030 456
Construction -132 424 006 100 452 598 037 430 020 -034 421 207 001 004 471
OlPartotherFirmsdich -046 -03 -067 028 023 037 460 -063 027 -032 -082 070 -034 -172 035
Food 026 438 138 126 441 430 063 1,300 075 -,007 429 000 025 003 448
OlOutsourcedich -065 -,044 -034 -,003 065 020 027 -075 A1 -027 =011 080 - 067 - 061 - 055
number of employees -055 000 003 -,039 030 -034 032 -.007 027 169 021 028 -068 045 -012
2014 (loa)
Electronic -016 419 081 -,052 408 A21 082 429 011 021 897 -091 020 063 A7
QlQutwiF dich -143 -013 - 166 018 024 -,207 070 000 090 -,028 -091 856 063 024 -085
OIEmpldich -123 066 -028 -,062 067 001 034 025 067 -,068 020 063 445 -037 014
OlExtnetsdich -,020 011 -017 192 030 004 72 003 -061 045 063 024 -037 569 -007
Machinery -133 433 086 -,049 456 AT 035 448 055 012 AT 085 014 -007 918

a.DependentVariable: degree_SITA
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Casewise Diagnostics?®

Case Number Std. Residual degree SITA Predicted Value Residual
10 -2,002 ,00 7,4454 -7,44536
45 2,165 10,00 1,9476 8,05242
52 2,243 13,00 4,6564 8,34362
84 2,365 15,00 6,2008 8,79921
101 2,716 15,00 4,8954 10,10456
116 2,295 17,00 8,4629 8,53711
a. Dependent Variable: degree_SITA
Residuals Statistics?

Minimum Maximum Mean Std. Deviation N
Predicted Value ,6564 14,3541 6,5148 2,94104 169
Residual -7,44536 10,10456 ,00000 3,54987 169
Std. Predicted Value -1,992 2,665 ,000 1,000 169
Std. Residual -2,002 2,716 ,000 ,954 169
a. Dependent Variable: degree_SITA
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