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A B S T R A C T   

The digital wave of change had an unprecedented effect on the competitiveness of the global value chain, 
whereby the process industries are not an exception. Although they are often regarded as laggards in the general 
progress towards adopting digital technologies, the pressure to cut costs and to review existing business models 
have prompted the industry forerunners within the process industries to reassess their business operations. One 
way to tackle this issue is to source information from the emerging startup landscape. To shed light on the 
importance of digitalization within the process industries, this paper provides a novel perspective using startup 
information. Therefore, it examines the interaction dynamics between the process industries and other industries. 
By centering on emerging interactions with information technology (IT)-related industries, this study further 
focuses on identifying the different digitalization efforts of the process industries and explores their varying 
degree of digital affinity. Our results indicate that not all process industries can be regarded as laggards in terms 
of incorporating digital capabilities. “Biotechnology”, “Pharmaceutical”, “Food and Beverage”, “Energy” and “Oil 
and Gas” demonstrated a higher IT-affinity, thus presenting themselves as digital leaders within the process 
industries. Judging from the IT-interaction preference, each segment of the process industries has adopted a 
unique pathway towards unlocking digital transformation opportunities.   

1. Introduction 

An important aspect in today’s business environment is the diffusion 
of new industrial paradigm characterized through merging of automa
tion and data exchange in manufacturing, commonly referring to In
dustry 4.0 (Castelo-Branco et al., 2019; Lasi et al., 2014). Industry 4.0 
denotes a transformation from machine dominant manufacturing to 
digital manufacturing and bears a huge potential to achieve a higher 
level of personalization and resource efficiency (Benitez et al., 2020; 
Diez-Olivan et al., 2019). It is safe to say that there is no industry 
remaining untouched by this digital revolution (Mariani and Borghi, 
2019). The amount of available data has continuously increased over the 
past years in a non-linear fashion, and new analytical approaches 
combined with greater computational power are turning this flood of 
raw data into meaningful insights (Oztemel and Gursev, 2020; Xu and 
Duan, 2019). In product or service innovation, the application of 
advanced analytics, such as machine learning or natural language pro
cessing, is transforming the way companies base their decisions and 
interact with the value chain partners (Gosal et al., 2019). Many com
panies have already harnessed these capabilities to improve their core 

operations or to rethink existing business models (Alejandro Germ Frank 
et al., 2019). For example, leading e-commerce companies or 
media-services providers are personalizing their customer experience 
with artificial intelligence (AI)-powered product recommendations 
(Zhang et al., 2019). In terms of manufacturing performance, a greater 
openness to enabling technologies of Industry 4.0 helps companies 
achieve higher speed in prototyping and increased production capacity 
due to the possibility of demand estimations (Büchi et al., 2020). In view 
of sustainability, new opportunities arise to lower waste from produc
tion due to the possibility of receiving information in real-time and 
providing virtual training (Brozzi et al., 2020). 

Against this background, the pressure to find strategies for cost 
reduction and to review business models have prompted the industry 
forerunners within the process industries to reevaluate their business 
operations (Snihur and Wiklund, 2019). The cluster of process industries 
is a part of all manufacturing industries and spans multiple industrial 
segments, including petrochemicals, chemicals, food and beverages, 
mining and metals, mineral and materials, pharmaceuticals, pulp and 
paper, steel and utilities (Lager, 2017). As more information will be 
available to manufacturing plants and extended supply chains, it is 

* Corresponding author. REACH – EUREGIO Start-up Center, University of Münster, Geiststraße 24, 48151, Münster, Germany. 
E-mail address: chiehoon.song@uni-muenster.de (C.H. Song).  

Contents lists available at ScienceDirect 

Technovation 

journal homepage: www.elsevier.com/locate/technovation 

https://doi.org/10.1016/j.technovation.2020.102211 
Received 9 January 2020; Received in revised form 7 October 2020; Accepted 25 November 2020   

mailto:chiehoon.song@uni-muenster.de
www.sciencedirect.com/science/journal/01664972
https://www.elsevier.com/locate/technovation
https://doi.org/10.1016/j.technovation.2020.102211
https://doi.org/10.1016/j.technovation.2020.102211
https://doi.org/10.1016/j.technovation.2020.102211
http://crossmark.crossref.org/dialog/?doi=10.1016/j.technovation.2020.102211&domain=pdf


Technovation 105 (2021) 102211

2

expected that Industry 4.0 will lead to major changes in the configura
tion of manufacturing companies in terms of their value contribution 
and production network (Culot et al., 2020). The future smart 
manufacturing systems will have a different vision of interconnected 
product, supplier intelligence, communication and information network 
to better respond to customer needs and disruptions in the market place 
(Oztemel and Gursev, 2020). The smartness will go beyond total auto
mation and control of the systems (Kusiak, 2018). 

However, analyzing how the process industries are adopting this 
digital transformation is challenging, given that their innovations are 
somewhat dependent on the external provision of machines, equipment 
and software. Typically, the manufacturing industries are customers of 
high-tech innovators, whereby the improvements in productivity result 
from the utilization of embodied technology purchased from other 
sectors (Trott and Simms, 2017). Unfortunately, there is no objective 
measure to determine such activities in the formal statistical measure
ments used for research and development (R&D). Moreover, there was 
an image that ICT-induced productivity effects are less pronounced in 
manufacturing industries (International Business Publications, 2009). 
This may be also linked to the fact that the related innovative activities 
take place within a production plant and can only be captured through 
learning-by-doing and extensive tacit knowledge (Trott and Simms, 
2017). This makes more difficult to determine the influence of digital 
transformation using conventional data sources. 

On the other hand, emerging startups are capitalizing on the 
disruptive trends of Industry 4.0 by transcending sectoral demarcation, 
often having analytics- or digital-related backgrounds (Lim et al., 2018). 
Startups refer to newly founded companies, which are perceived as a 
potentially rich source of novel ideas for bringing innovations to the 
market and are flexible in exploring untapped business opportunities 
(Mercandetti et al., 2017). Compared to established companies, they are 
in a better position to make use of their low level of bureaucracy, high 
agility and openness to come up with targeted and innovative digital 
solutions for traditional businesses that rely on physical assets (Nam
bisan, 2017). Due to such characteristics, they can act as a useful data 
source for technology or market scouting in the era of digital trans
formation (Rindfleisch et al., 2017). Nevertheless, studies dealing with 
the influence of digital capabilities on the process industries from a 
startup-based perspective are scant. Thus, the aim of this study is to 
analyze whether individual segments of the process industries have 
unique requirements in terms of adopting digital technologies and 
whether a different approach is required when implementing Industry 
4.0 through the lens of startup information. This study is conducted 
based on exploratory research, aiming to identify patterns and re
lationships between the segments of the process industries and segments 
of digital transformation. Thus, it attempts to provide sophisticated 
perspectives on the opportunities arising from the digital transformation 
for the process industries and to make contributions towards emergence 
of new knowledge and theories in the process industries discipline. 
Particular attention is given to analyzing and visualizing the different 
degree of interaction between the segments pertaining to the process 
industries and the segments representative for digital transformation. 
Consequently, three research questions are formulated as follows: 

RQ1: Can startup information be used as a means for investigating 
the influence of digital technologies on the process industries? 

RQ2: Which industries act as drivers for digital transformation? 
RQ3: Do the individual segments of the process industries behave 

differently when adopting digital technologies and if so, what oppor
tunities arise for these sectors? 

To answer these questions, we performed data-driven analyses 
focusing on the investigation of interaction dynamics between industries 
using data drawn from the startup landscape. After providing general 
statistics about the development trend of startups within the process 
industries, we quantified and visualized the interacting pairs of in
dustries by means of network representation. Additionally, the degree of 
IT-affinity and unique IT-interaction preference were examined by 

means of heat map representation. Compared to previous studies, which 
predominantly rely on the qualitative research interview, this study can 
help reveal emerging patterns that may occur in the future or may not be 
known to industry representatives or R&D managers. Hence, in terms of 
theoretical contribution, this study complements the survey- or 
interview-based studies by providing a novel perspective to investigate 
the digital transformation. In terms of managerial contribution, the 
findings help the decision makers to better understand the chances 
arising from the digitalization and to reveal vacant digitalization op
portunities that could be exploited to strengthen the integration process 
of digital solutions. 

The remainder of this study is organized as follows: Following this 
introduction, Section 2 briefly reviews the theoretical background of 
process industries, startups and their use as a data source for technology 
and market scouting. Section 3 outlines the data collection procedure 
and the applied methodological approaches. In Section 4, the major 
research findings are presented. Section 5 discusses the findings with 
reference to the research questions of this study. In Section 6, the 
managerial and theoretical implications are presented. The final section 
summarizes the major findings and concludes with an outlook for future 
research. 

2. Background 

2.1. Process industries in upheaval 

The process industries were originally defined as a cluster of various 
industries spanning chemicals, petrochemicals, pharmaceuticals, min
eral, mining, metal, food processing, pulp and steel (Lager, 2010). 
Recently, this definition was extended to represent “a part of all 
manufacturing industries, using raw-materials (ingredients) to manu
facture non-assembled products in an indirect transformational pro
duction process often dependent on time” (Lager, 2017). Hence, the 
cluster of process industries also includes biotechnology, energy (e.g. 
electricity), and food and beverage industries. They share common 
characteristics concerning the production process, thus making up a 
substantial part of the manufacturing industry, and are characterized by 
a complex supply chain, high asset intensity and high degree of 
attachment to production sites (Lager et al., 2013). A major difference 
between the process industries and other manufacturing industries lies 
in the type of incoming and outgoing material (Lager, 2010). Primarily, 
the process industries are responsible for processing raw materials and 
delivering intermediate products for the downstream market rather than 
manufacturing of prefabricated components or assembled products. 
Moreover, the different unit processes along the long supply chain are 
connected in a continuous flow. Thus, the successful development of a 
new process technology or product innovation requires a profound un
derstanding of the total chain operation. In this context, it has been 
argued that there is little room for responding to dynamically changing 
market conditions (despite the presence of several supplier-customer 
interfaces), as the ability of process firms to reach the end users as 
well as to alter the marketing perspectives is limited (Hill, 2000; Zaborek 
and Mazur, 2019). 

Traditionally, an improved innovation performance can be achieved 
through intense collaboration with providers of equipment suppliers. 
New product concepts within the process industries commonly require 
changes to the production process and subsequently the process devel
opment also evokes changes in features of the final product (Frishammar 
et al., 2012). Such collaboration allows process firms operating in more 
mature industries to acquire competences or skills that would otherwise 
not have been accessible, whereby equipment suppliers can use this 
relationship to gain feedback on new prototype technology. Hence, 
innovation opportunities are more easily missed, if there are no mutual 
commitment to find competitive production solutions from both sides. 
In order to effectively respond to competitive pressure, firms in the 
process industries are suggested to deal with dynamics of the total cost 
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structure in the production process, thereby developing innovation 
strategies that embrace both the product-market and the 
process-manufacturing perspective (Onufrey and Bergek, 2020; Storm 
et al., 2013). Especially, for firms producing more functional products 
rather than commodities, the pursuit of application development, which 
focuses on optimizing cost saving potential through involvement in the 
customer’s process and product development, can add value to the 
customer’s production economy and secure an opportunity to build 
long-term sustainable customer relationships (Lager and Storm, 2013). 
In a recent study, a framework for platform-based production and design 
of non-assembled products within the process industries was developed 
to improve management of product variety under operational con
straints (Samuelson and Lager, 2019). Using a such framework, both 
economies of scale and scope can be maintained whilst serving as a tool 
for assessing corporate strategic production capabilities. 

Today, the process industries have been hit by advancements in the 
digital transformation, which have resulted in a substantial need for 
cross-disciplinary competences and research collaborations to stimulate 
innovation (Isaksson et al., 2018). Machine learning, big data and con
nected devices are shaking up multiple industries, and the impact will 
only become more pronounced, as their acceptance reaches the critical 
mass (e.g. allowing machines to mimic and surpass human intelligence) 
(Yao and Ge, 2018) (Note: A glossary is attached in Appendix for clar
ifying the definition of technical terms used, such as “machine learning” 
and “big data”). New opportunities for value creation are expected to 
arise from incorporating networked machines and data-based operating 
models into a firm’s strategic agenda. In fact, the process industries can 
use insights derived from huge volumes of data generated via devices 
and sensors to make faster evidence-based decisions (Stock and Seliger, 
2016). For example, the chemical industry can use “data” as another 
type of raw material and establish new digital business models that can 
act as aggregation platforms between end users and business ecosystem 
participants. Moreover, digitalization can automate the production 
process with regard to optimizing the resource input and finding bot
tlenecks. It can also help correct errors that interrupt the workflow. 
However, progress in capturing value from data and predictive analytics 
has been not even over the industrial landscape. So far, the process in
dustries have captured only a fraction of potential values compared to 
their peer industries (e.g. retail or automotive industry) that take a 
leading role in the push for digital sovereignty (Reinartz et al., 2019). 
Although advances in data science and the convergence of several digital 
technology trends can allow process firms to tackle business problems 
with a whole new mindset and outlook, factors, such as lack of senior 
management involvement and the design of right organizational struc
ture and technological infrastructure (e.g. perception that the 
complexity outweigh the potential gains), were identified as critical 
internal barriers (McKinsey Global Institute, 2016). 

Consequently, it is generally assumed that organizations capable of 
harnessing digital capabilities will create unique value and differentiate 
themselves, while others will find themselves increasingly at a disad
vantage. Herein, the demand for business translators who can act as a 
broker between analytics and practical applications to business ques
tions would increase in the future. Simultaneously, firms need to rein
force its capability to network and tap into the resources of startups, as 
the diversity of network partners is important for transforming the 
corporate culture and fully exploiting the opportunities arising from 
digital-driven economic networks. This implies that firms need to take a 
broad ecosystem perspective to stimulate innovation and draft their 
strategic development. 

2.2. Startups as a driver behind disruptive forces 

Research on entrepreneurship has gained momentum in the last two 
decades (Cavallo et al., 2019; Saebi et al., 2019). The emergence of novel 
digital technologies and associated changes in digital infrastructures has 
transformed the entrepreneurial business environment, stimulating new 

forms of innovation and entrepreneurial initiatives that cross-link 
traditional sectoral boundaries (Nambisan et al., 2019). It has been 
noted that the entrepreneurial ecosystems are characterized by high 
degree of digital affordance, emphasis on business model innovation and 
horizontal knowledge spillovers (Autio et al., 2018). Hence, it might be 
useful to view modern entrepreneurship as part of digital economy 
phenomenon that harnesses technological advances to be actively 
engaged in the redesign of value creation, delivery, and capture pro
cesses by novel ventures (Nambisan et al., 2019). 

In general, startups refer to newly founded companies with limited 
operating history but are flexible in exploring untapped business op
portunities and providing novel solutions to problems which are rather 
unknown in a volatile market environment. They do not only act as 
engines of job creation but also contribute to disruption of existing in
dustry paradigms and identification of services gaps (Decker et al., 
2014). The transformative trends of digitalization have lowered the 
entry barriers for new ventures, whose business model builds upon an 
agile, asset-light, and technology-driven infrastructure (Deloitte, 2017). 
This enabled them to have an exponential growth even with a very lean 
setup. However, the lack of resources or initial capital forces startups to 
collaborate with larger firms, whereby their opportunity seeking 
behavior allows them to transfer their expertise in order to successfully 
launch new offers or to better connect the demand with supply side. 
Moreover, startups are often created to develop technology that is seen 
as cutting edge, and strive for building a scalable business that grows in a 
very fast and efficient way. Due to this exploratory and interactive na
ture of startups, it is of great interest to investigate the startup landscape, 
as they tend to be more open and adaptable towards shifting customer 
expectations (Antolín-López et al., 2015; Massa and Testa, 2008). 
Consequently, startups play an important role in introducing industrial 
values geared towards sustainable development of market economy and 
further drive traditional manufacturing companies to digitize their 
functions and processes (Stayton and Mangematin, 2016). 

2.3. Startups as a new data source for technology and market scouting 

In terms of analyzing the technological landscape and associated 
business environment, scholars have predominantly relied on the use of 
patent statistics (Huang and Su, 2019; Wu and Mathews, 2012). Patent 
data serve as a unique source of information on technological innova
tion, as they are issued by a government authority and represent a direct 
outcome of inventive activity having a commercial outlook. They 
contain standardized information relevant for making strategic de
cisions and permit monitoring of technological change as well as eval
uating the impact of patent-based indicators on firm performance 
(Verhoeven et al., 2016). Moreover, studying the technological inter
disciplinarity or interdependence can help disclose the emerging 
research clusters and the characteristics of strongly interacting in
dustries (Breitzman and Thomas, 2015). Herein, the use of patent clas
sification has found wide applications in exploring the changing 
boundaries of industrial ecology (Curran and Leker, 2011; Lee et al., 
2019). 

However, patent data cannot entirely cover all inventions or 
disruptive market innovations, especially those which are technically 
not patentable or protected in an alternative way. In particular, the 
analysis of technology-service convergence, which is driven by the 
digital union of new generation of products and services generated from 
cross-linking of disparate industries, is not an easy task. Rapidly 
changing market dynamics cannot be adequately spotted using patent 
information only (Kodama, 2014). Although data related to mergers and 
acquisitions (M&A) transactions or strategic alliances can be used to 
quantify and visualize the competitive market dynamics shaping the 
business ecosystem (Aaldering et al., 2018; Basole et al., 2015), these 
data are more suitable for describing inter-firm linkages in established 
businesses where changes in knowledge couplings are manageable. New 
industries that have their origin in the digital revolution (such as “Apps” 
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and “Cloud Computing”) require differentiated data categories that 
better reflect the state-of-the-art in the market space. For example, in 
case of SIC (Standard Industrial Classification) classification, mobile 
apps would be classified in the same category as software application. 
Digital entrepreneurs often put incumbents at risk by unlocking new 
business value through data relationships and are characterized by 
different streams of knowledge. Therefore, the application of existing 
data (e.g. SIC or patent data) could be difficult to gain insights into 
boundary-spanning exploration of coupling between new and existing 
knowledge domains (Basole et al., 2019). 

Against this background, startups can act as an alternative data 
source for technology (or market) scouting, which helps detect and 
integrate advances in technology (or market) trends at an early stage. 
Technology scouting encompasses a systematic process of identifying 
and evaluating emerging technologies as well as facilitating their 
acquisition (Rohrbeck, 2010). In the age of digital disruption, the 
spectrum of possible data sources must be extended to manage un
certainties and to exploit service-side innovation. As startups (or new 
technology ventures) play a significant role in boosting the innovation 
potential of incumbents (Becker et al., 2016) and enhancing the social 
wealth of communities (Abu-Saifan, 2012), they can act as a useful data 
source for identifying new development opportunities within the in
dustries seeking to adapt to the waves of digital transformation or to 
work with partners with less conventional capabilities. 

3. Research design and methodologies 

3.1. Data collection 

Crunchbase is a crowdsourced database for finding business infor
mation about new ventures and related legal developments. It is 
considered as a leading source of intelligence on technology-based 
startups and provides competitive insights into funding history and 
acquisition of startup companies (Ko and McKelvie, 2018). Although 
Crunchbase relies on a set of external investor networks and user con
tributions to update and maintain the database, the data integrity and 
validity are achieved through application of machine learning algorithm 
capable of reviewing data accuracy and a team of experts, who are 
responsible for manual data validation and curation (Marra et al., 2017). 
Due to this unique approach to data collection, data contained in 
Crunchbase are characterized by an added value compared to other 
commercial databases and public data sources (Marra et al., 2020). To 
benchmark the data coverage of Crunchbase, Dalle et al. (2017) 
compared it with the OECD Entrepreneurship Financing Database, and 
found similar coverage patterns across two data sources. Furthermore, 
Crunchbase has been used as a reliable data source in over 90 scientific 
publications and many scholars have recognized its potential for 
advancing new lines of economic and managerial research (Dalle et al., 
2017). In the present study, we used Crunchbase to find startups that 
belong to the process industries and were established between 2010 and 
2018. We adopted this time frame, as it allows us to incorporate new 
ventures that are in early stages of their financing. The probability of a 
startup to be registered at the database is affected by the public 
awareness level of a startup company. Hence, the number of actual 
startups for the year 2019 may vary significantly from the actual values. 
To provide a more reliable picture of the startup landscape, we decided 
to include only data up to 2018. Moreover, we can avoid the full brunt of 
financial crisis, which might have negative effects on venture financing, 
by setting the start year to 2010. 

The database provides information on, but is not limited to, location 
of headquarter, number of employees, industry category codes, total 
amount of funding raised, number funding rounds, and other metadata 
related to products or services. To ensure the focus on the process in
dustries, we used a combination of industry category codes to limit the 
initial search results. In analogy to the Standard Industrial Classification 
(SIC) codes, industry category codes are a classification scheme 

provided by Crunchbase that labels startups according to capabilities 
and knowledge on which companies build their own specializations. 
Subsequently, a startup can have several core competencies, thus being 
characterized by multiple industry category codes. Startups with in
dustry category codes such as “Chemical” and “Machine Learning” 
would imply that it runs and organizes their business activities using the 
expertise (or technologies) from both fields. In the following, we will use 
the term industry interchangeably with industry category code to denote 
the segment of economic activity that produces goods and services based 
on the application of similar knowledge and skills. To filter out relevant 
startups, we selected entries with industry category codes that contain at 
least one of the following terms: “Biotechnology”, “Chemical”, “Phar
maceutical”, “Food and Beverage”, “Energy”, “Metal and Mining”, “Oil 
and Gas”, “Paper Manufacturing” and “Wood Processing”. This is in line 
with the definition provided by (Lager, 2017). A total of 16,429 startup 
companies were included in the sample data. 

3.2. Exploration of interacting industries 

To demonstrate the suitability of using startup information as a 
proxy for examining the impact and reach of digitalization trends in the 
process industries, we employed a data-driven exploratory approach. 
This exploratory approach aims to lay groundwork for further research 
on innovation management in the process industries by examining the 
emerging startup landscape. For this purpose, the concept of knowledge 
flow was adopted to quantify and visualize the interaction dynamics 
among different industry category codes (Song et al., 2017). In general, 
knowledge flows can be regarded as the exchange of technological or 
market knowledge within and across organizational boundaries, which 
contribute to enhanced problem solving by enlarging the organization’s 
knowledge stock (Argote and Ingram, 2000). They can be either directed 
or undirected, depending on whether there exist directional de
pendencies between the knowledge carriers. Based on the phenomena of 
knowledge flow, questions regarding the origin of knowledge source or 
identification of interdisciplinary technology areas can be answered 
(Caviggioli, 2016; Singh, 2005). As innovation through the diffusion of 
knowledge has become a major driver behind economic growth, un
derstanding the patterns and conditions of knowledge flows in innova
tion system is highly relevant for securing a sustainable business 
environment (Díez-Vial and Montoro-Sánchez, 2016; Sorenson et al., 
2006). Especially, the role of inter-firm collaboration as a mechanism for 
sharing technological knowledge and the importance of knowledge 
transferability/multi-connectivity in promoting efficient R&D invest
ment have been intensively addressed in the discussion of innovation 
management (Cantner and Rake, 2014; Guan and Liu, 2016; Williams 
and Lee, 2009). In this context, maximizing the potential benefits arising 
from the network interaction has been seen as a key factor that provides 
a source for new growth (Shin and Park, 2010). 

Accordingly, a typical knowledge (flow) network can consist of a 
diverse set of exchange objects, such as patent co-inventorship, formal 
strategic alliance and employee interaction. This implies that a knowl
edge flow can be measured by a number of proxy variables. For scholars 
within the field of innovation management, technological knowledge 
flows are measured by patent data, which constitute a direct outcome of 
inventive efforts. The flow of patent citations (Park et al., 2018) and 
co-classification approach (Mun et al., 2019b) are well-known examples 
of capturing technological knowledge flows, especially in the domain of 
interdisciplinary research. While citation analysis uses both “backward” 
and “forward” citations to measure the knowledge inflow and outflow 
structure of technical fields, patent co-classification approach relies on 
quantifying the co-occurrence of classification codes to study the relat
edness between technology sectors (Lim and Park, 2010). The rela
tionship between patent citations and technological knowledge flow is 
analogous to citations in academic articles. Hence, a patent citation 
network can identify the structure and the characteristics of knowledge 
flow, because a citation can reveal the potential diffusion of information 
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from the cited to citing patent (Chen, 2017). The patent co-classification 
analysis refers to the investigation of co-occurring classification codes 
within the patent data. In presence of multiple classification codes, it is 
assumed that there is a dependency between these codes, leading to 
knowledge flows among technology areas from a technological 
perspective. As each classification code is responsible for describing a 
specialized technological knowledge area, patterns of knowledge flows 
can become apparent when looking at their interrelationships (Song 
et al., 2017). Additionally, the co-classification analysis has also found 
application in the construction of M&A interaction network for visual
izing the dynamics of interacting markets (Aaldering et al., 2019a). 

Within the current workflow, we adopted the co-classification 
approach to explore the degree of interactions between the segments 
pertaining to the process industries and the segments representative for 
digital transformation. Although data collected from Crunchbase do not 
directly provide information about knowledge flows, knowledge in
teractions can be generated by measuring the co-occurrence of industry 
category codes. As briefly mentioned in the previous subsection, every 
new startup registered at Crunchbase receives at least one or multiple 
category codes that are most suitable for describing the industry in 
which the startup operates. Hence, each category code represents an 
industry and is comparable to patent classification codes in case of 
patent co-classification approach. In this respect, the relation between 
two co-occurring industry category code can serve as a proxy for 
measuring the interacting industries. To achieve this, a knowledge 
interaction matrix (e.g. co-occurrence matrix) was firstly created using 
the industry category codes. Subsequently, the resulting matrix was 
transformed into a network representation to facilitate the intuitive 
understanding of interaction dynamics. This is a suitable way of visu
alizing interdisciplinary knowledge interconnectedness. Subsequently, 
the quantified interaction dynamics were used as a starting point for 
formulating further indices that help answer the research questions of 
interest. Fig. 1 provides an exemplary illustration of how the co- 
classification analysis is conceptualized in the current study. 

Using the industry category codes, the co-occurrence matrix can be 
constructed by aggregating the number of linkages between two inter
acting industries. This matrix has a symmetric n × n structure, whereby 
the numbers represent the frequency of interactions. Since there is no 
directional dependency between category codes, the relations are un
directed. Consequently, the nodes indicate the industry category codes, 
whereby the links are indicative of the intensity of relations between 
these codes. The thickness of the links is proportional to the intensity of 
interactions. 

3.3. Exploration of digital influence on process industries 

To further explore the extent of digital transformation on the process 
industries, additional analyses were undertaken. In the context of this 
study, the so-called IT-affinity refers to the degree to which selected 
industries embrace and implement new digital technologies. Hence, it 
represents a positive attitude towards usage behavior of digital and AI- 
enabled solutions based on cognitive instrumental processes (Venkatesh 
and Davis, 2000; Yang and Shih, 2020). Accordingly, we applied a 
structured approach that focuses only on the illustration of interactions 
between the segments pertaining to the process industries and the in
dustries representative for digital transformation. The concept of this 
approach is depicted in Fig. 2. Herein, only a snippet of the whole in
teractions is shown due to its conceptual character. 

Similar to the construction of co-occurrence matrix in the previous 
subsection, the first step is the transformation of the specific IT- 
interactions with each segment of the process industries into a 
comprehensive vector. This vector encompasses the existing and non- 
existing interactions of a process industry with IT-related industries. 
By accumulating all vectors, a comprehensive matrix can be constructed 
that contains all IT-related interaction. The x-axis of the matrix repre
sents the industry segments pertaining to the cluster of process in
dustries, whereas the heading of the matrix indicates the segments 
representative for digital transformation. Accordingly, Industry A and B 
could be one of the following: “Biotechnology”, “Chemical”, “Pharma
ceutical”, “Food and Beverage”, “Energy”, “Metal and Mining”, “Oil and 
Gas”, “Paper Manufacturing” and “Wood Processing”. However, due to 
its vast and sparse nature, the resulting matrix is not intuitively inter
pretable. Thus, the matrix is visualized as a heat map plot. In this rep
resentation, the color of each box reflects the interaction intensity. The 
darker the coloration of a box, the higher the interaction intensity be
tween interacting industries. This approach not only offers an easily 
understandable overview on the overall digitalization landscape of the 
process industries, but also highlights the dominant interaction partners 
from the IT sector. As such, important drivers of the digitalization and 
unique preferences in the choice of IT-related industries become 
identifiable. 

Next, to investigate the uniqueness of the IT-interaction portfolio 
within the process industries and to quantify their differences, the 
Ruzicka similarity coefficient was applied (Cha, 2007). This coefficient 
quantifies the intersection between the IT-related industries while tak
ing the specific interaction intensity into account. In simple terms, this 
coefficient uses the ratio of the intersecting set to the union set as the 
measure of similarity and returns a numerical value, which is repre
sentative of how closely two different areas are related. In the equation 
(shown in Fig. 2), A and B represent two different interaction vectors and 

Fig. 1. Conceptual process of generating knowledge interaction network. (This is a sequential process involving the computation of co-occurrence matrix and the 
generation of knowledge interaction network.) 
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i stands for the index position within the vectors, where each position 
corresponds to the interaction rate with one of the unique IT-related 
industries. The results are visualized as a similarity matrix to make the 
results easily accessible. 

4. Empirical findings 

4.1. Descriptive statistics 

In this subsection, selected descriptive statistics were extracted to 
gain an initial sense of the data. Fig. 3 describes the number of newly 
created startups sorted by the year of foundation. In total, 16,429 
startups were founded in the period between 2010 and 2018. 

Overall, the number of newly founded startups has increased 

Fig. 2. Conceptual process of exploring the IT-affinity and IT-interaction preference. (Only IT-related interactions are selected to compute a weighted vector, which 
is subsequently visualized as a heat map plot and is given as an input for the similarity measurement.) 

Fig. 3. Historical development trend of startups within the process industries. (The x-axis represents the founding year of startups, while the y-axis corresponds to 
number of startups.) 
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relatively steady up to 2015. However, their number began to decrease 
continuously from 2016 onwards. This shows a similar pattern to the 
development of patent applications. In general, we can observe a decline 
in the number of patent applications in most recent years, although we 
may anticipate a growth in the number of patent applications due to 
ever-increasing R&D investments. This can be attributed to the fact that 
the contents of patent applications are usually published with a delay of 
18 months after the filing date of application. In the same sense, there is 
a certain time lag between the foundation year of a new venture and the 
registration year, when a startup is noticed by the global network of 
investors and entered into the database. Hence, the decline should not 
be interpreted as a shortfall in entrepreneurial activities. 

Next, we turned our attention to analyzing the overall distribution of 
industry category codes. In this manner, we can gain a better under
standing of the overall composition of the industry structure. Table 1 
summarizes the top 20 frequently assigned industry category codes. 
There was a total of 563 different industry category codes, which are 
relevant for characterizing the involved markets in the process in
dustries. The sum of frequencies is larger than the number of identified 
startups, because the majority of analyzed startups are characterized by 
more than one code. This implies that they tend to operate in an inter
disciplinary business environment, where a combination of different 
knowledge capabilities is necessary. 

In general, the relative high coverage of specific industry category 
codes, such as “Food and Beverage”, “Biotechnology”, “Energy”, 
“Pharmaceutical” and “Oil and Gas”, is a natural result of the search 
strategy used. As the data set is generated based on the definition of 
process industries (cf. Section 3.1), the corresponding industry category 
codes are well represented across the data. In Table 1, they are high
lighted with a bluish background color. It is noticeable that the industry 
category codes related to pharmaceutical and biotechnology industry, 
such as “Health Care”, “Medical”, “Therapeutics”, “Life Science” and 
“Medical Device”, are also at the top of frequently assigned codes. In 
fact, the biotechnology industry is considered as an import pillar for the 
development of new therapeutic agents and clinical diagnostic testing 
services. Advances made in the molecular biology and genetic engi
neering have led to a profound transformation in the pharmaceutical 
and overall healthcare industry. They induced new types of research 
techniques and created a new organizational form made up of networks 
of venture capitalists, university spin-offs and large pharmaceutical 
firms. Especially, biopharma has emerged as a subset of the pharma
ceutical industry, which manufactures pharmaceuticals that are distinct 

from chemical-based drug and are biological in nature. Another 
important aspect is the extraordinarily high presence of “Food and 
Beverage”. The food industry has evolved by introducing Agri-Food tech 
startups, which encompass novel food products and ingredients such as 
alternative meat and dairy. However, due to the broad definition of 
“Food and Beverage”, some segments, which are not really representa
tive for the process industries, can be observed. This point will be further 
explained in the next subsection. Moreover, industry category codes 
related to digital transformation, such as “Internet”, “Information 
Technology”, and “Software”, seem to play an important role in sus
taining competitive advantage in the process industries. This is in line 
with the increasing digitalization of manufacturing processes that make 
existing production facilities more intelligent and contribute to co- 
creation of values with customers. Digital innovations have changed 
the way of how firms generate values and improve customer experience 
by facilitating end-to-end connectivity of business processes and by 
delivering digital channels for marketing. For example, production 
plants can use advanced analytics using machine learning algorithms for 
adjusting process parameters to optimize the production network. 
Moreover, internet and e-commerce are an ideal path to make the supply 
chain of food and beverage products more efficient. The industry cate
gory code “Manufacturing”, which is closely related to the business 
operations in the process industries, is moderately represented. Lastly, 
the high proportion of “Renewable Energy” reflects a positive associa
tion with the “Energy”. 

4.2. Investigation of industry interaction dynamics 

Following the conceptual process described in subsection 3.2, we 
constructed the knowledge interaction network to develop insights into 
interacting industries. In Table 2, we illustrated the top 20 frequently 
interacting pairs of industries. This relation is extracted from the inter
action network through quantification and can highlight whether there 
are tendencies for exchange of knowledge within or outside of the 
conventional industrial boundaries. The frequency with which two 
different category codes appear together indicates the amount of inter
action dynamics between distinct industries. In total, 14,542 different 
interacting pairs were present in the data set. 

According to above table, no remarkable interactions between two 
distinct industries were identified. This implies that there are no unex
pected patterns in the distribution of pairwise interactions. For example, 
the most frequently occurring interactions, such as “Bio
technology− Health Care”, “Biotechnology− Medical” or 

Table 1 
The top 20 frequently assigned industry category codes. (The codes 
belonging to the process industries are marked with a bluish background 
color.)  

Industry category codes Number of frequencies 

Food and Beverage 6066 
Biotechnology 5753 
Health Care 3159 
Energy 2574 
Pharmaceutical 2070 
Medical 1607 
E-Commerce 1524 
Manufacturing 1104 
Renewable Energy 957 
Oil and Gas 853 
Information Technology 851 
Therapeutics 762 
Life Science 753 
Agriculture 748 
Internet 713 
Software 706 
Food Processing 638 
Medical Device 638 
Restaurants 529 
Solar 513  

Table 2 
Interacting pairs of industry category codes. (Only the top 20 frequently 
occurred interaction pairs are listed.)  

Industry category codes Number of frequencies 

Biotechnology − Health Care 2114 
E-Commerce − Food and Beverage 1393 
Biotechnology − Medical 1271 
Biotechnology − Pharmaceutical 980 
Energy − Renewable Energy 899 
Health Care − Medical 751 
Health Care − Pharmaceutical 712 
Biotechnology − Life Science 691 
Biotechnology − Therapeutics 673 
Food Processing − Food and Beverage 624 
Food and Beverage − Internet 611 
Food and Beverage − Health Care 610 
Biotechnology − Medical Device 530 
Food and Beverage − Restaurants 527 
Agriculture − Food and Beverage 512 
Medical − Pharmaceutical 490 
Energy − Solar 484 
Food Delivery − Food and Beverage 481 
Food and Beverage − Hospitality 456 
Food and Beverage − Retail 403  
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“Biotechnology–Pharmaceutical”, were rather foreseeable because of 
their thematic proximity to each other. The same applies to “Ener
gy− Renewable Energy” and “Food Processing− Food and Beverage”, 
which share common goals and have many similar characteristics. In
teractions that do not fall under the group of conventional interaction 
dynamics within the process industries were not immediately visible. 

On the left side of Fig. 4, we can see the complete interaction 
network, which is too complex to be intuitively understood. To remedy 
this problem, we highlighted the top 5% of most frequently occurring 
interactions. The threshold was set to 5%, as it enabled a clear overview 
of significant interactions. These are interactions that deserve more 
attention and are shown on the right in Fig. 4. Interestingly, the depicted 
interactions form a singular coherent network rather than isolated net
works. This observation indicates that the process industries draw 
knowledge from similar adjacent industries. Herein, blue nodes indicate 
segments that pertain to the family of process industries, while gray 
nodes denote all other remaining industries. The size of the nodes cor
relates with the absolute number of connections assigned to each node, 
whereby the thickness of edges shows the degree of interaction intensity. 
Upon inspecting the highlighted network, it becomes evident that a 
substantial part of interaction dynamics is related to the digitalization of 
business processes. If we pay attention to how the nodes are connected 
with each other, we observe that the IT-related industry category codes 
are positioned at the center of the highlighted network. For example, 
industries such as “Software”, “Artificial Intelligence”, “Information 
Technology” show not only good connectivity with various industries 
belonging to the family of process industries but also are well inter
connected with each other. The relatively large size of these nodes 
confirms the fact that these industries play an important role within the 
process industrial landscape. With regard to utilizing the opportunities 
arising from digital transformation, some industries are relatively less 
affected, as automatization and digitalization levels are already high or 
the potential to add digital contents to their products is limited. How
ever, the use of advanced digital solutions, such as “Machine Learning”, 
“Artificial Intelligence”, “Internet of Things” and “Big Data”, is expected 
to disseminate more gradually, as massive data stream generated 
through the sensors and connected devices require the benefits of 
improved simulation and modeling capabilities. For example, “Internet 
of Things” represents a network of physical objects that are digitally 
connected to sense, monitor and interact among participants in the 
supply chain to facilitate timely planning, control and coordination of 
the supply chain processes. Hence, it provides a common operating 
picture for innovative applications. In contrast, “Big Data” refers to an 

umbrella term for any technique to process a large amount of data, 
including capture, transfer, storage, curation, search, analysis, visuali
zation, security, and privacy. There is an enormous amount of data 
generated from the whole manufacturing chain consisting of raw ma
terial supply, manufacturing, product distribution, logistics and 
customer support. The exploitation of “Big Data” could contribute to 
improved factory operations, reducing machine downtime and 
enhancing supply chain efficiency. 

Furthermore, value chain partners wish to have a seamless digital 
experience, even from the companies in the process industries. Espe
cially, in the field of pharmaceuticals, advances in machine learning 
approaches not only help improve supply chain efficiency by stream
lining the manufacturing processes but also expedite the drug discovery 
process by enabling large-scale compound libraries to be exploited 
(Chen et al., 2018). “E-commerce” seems to mainly influence the food 
and beverage industry. As already mentioned in subsection 4.1, the 
broad definition of “Food and Beverage” has led to the conclusion that 
the process industries may include segments which do not correspond 
exactly to the proposed definition in all aspects. Hence, we observe in
teractions pairs, such as “Food Delivery − Food and Beverage”, 
“E-Commerce − Food and Beverage”, and “Food and Beverage − Res
taurants”. Nevertheless, this should not be interpreted as an inappro
priate representation of process industries. This issue is present in all 
kinds of taxonomies or typologies and points to the concept of “family 
resemblance”, which demonstrates the lack of clear boundaries that 
characterize different uses of the same concept (Yeung et al., 2012). The 
findings so far suggest that the analysis of co-classified industry category 
codes supports our basic theoretical perspective on knowledge diffusion 
and is a useful approach for investigating the potential of digital trans
formation in the process industries. Furthermore, as stated in connection 
with Table 2, industries, which have a high degree of overlapping 
characteristics (e.g. “Biotechnology − Health Care” and “Energy −
Renewable Energy”), are positioned close to each other, forming a kind 
of sub-cluster within the highlighted network. 

In Fig. 5, we illustrated the interacting pairs of industries that 
consistently increased or decreased their intensity of interactions over 
time. To this end, we divided the evaluation period into three different 
time intervals (2010–2012; 2013–2015; 2016–2018) to capture the 
evolutionary dynamics. Afterwards, the associated interactions are 
marked with colored links (red: decreasing, green: increasing). 

On the left side of above figure, we highlighted the interacting in
dustry pairs that continuously decreased the frequency of their in
teractions. There were 946 decreasing interaction pairs. In contrast, 

Fig. 4. Illustration of knowledge interaction network (Top 5% of interactions are highlighted).  
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there were 2038 interaction pairs that showed increasing interaction 
tendencies. However, the decreasing tendency should not necessarily 
convey the impression that these industries will lose their relevance in 
the future time interval. Instead, this could be interpreted as an indi
cation of shifting focus within the startup landscape. Fig. 6 summarizes 
some of the most trending interactions, which involve at least one 
segment from the family of process industries and demonstrate signifi
cant increase or decrease in the intensity of interactions over the years. 

A marked increase in the number of continuous interactions occurred 
predominantly between interacting pairs related to digital trans
formation and the process industries, while the decline was mainly 
characterized by interacting pairs pertaining to the process industries 
and their associated disciplines. For example, “Food and Beverage” 
substantially increased its interaction with “Artificial Intelligence” and 
“Big Data” by 860 and 567 percent from the first interval to the last 
interval. Moreover, “Machine Learning” served as an important driver in 
accelerating the digitalization of “Energy”, “Oil and Gas”, “Biotech
nology” and “Pharmaceutical” industry. Indeed, energy startups can 
embrace machine learning and its possible applications to model the 
energy demand and deliver critical information needed to optimize the 

operational costs of renewable power generation. Especially, the huge 
inflow of data, collected via connected sensors placed along pipelines in 
oil and gas fields, can be processed and analyzed to improve the cost 
structure of energy companies. Moreover, in the field of pharmaceutical 
and biotechnology production and quality management, machine 
learning approaches provide a set of tools that can optimize the devel
opment and manufacturing processes. The resulting parameter estimates 
are capable of assessing whether and which product development 
models can be scaled up to manufacturing models. On the other hand, 
the continuously decreasing interactions occurred mostly between in
dustries from the family of process industries. Herein, it can be argued 
that the classical relations linked to each other in a value-adding pro
duction chain become less important. The interactions between 
“Manufacturing” and “Chemical” as well as “Manufacturing” and “Metal 
and Mining” are prime examples of such situations. Surprisingly, the 
intensity of interactions between “Pharmaceutical” and “Biotechnology” 
showed a decreasing trend. This points to the fact that the 
manufacturing barriers to biologics competition and innovation have 
been lowered over decades and biologics-based biotechnology com
panies can expand their competence uncoupled from the pipeline 

Fig. 5. Illustration of continuously decreasing and increasing interaction pairs of industries. (Left: Decreasing interaction tendencies are marked with red links; Right: 
Increasing interaction tendencies are marked with green links.). (For interpretation of the references to color in this figure legend, the reader is referred to the Web 
version of this article.) 

Fig. 6. Exemplary excerpt from decreasing and increasing interactions over time. (Left: Continuously decreasing interaction pairs involving at least one industry 
from the family of process industries are shown; Right: Continuously increasing interaction pairs involving at least one industry from the family of process industries 
are shown.) 
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development of pharmaceutical industry (Kinch, 2015). Furthermore, it 
can be noted that the decreasing importance of “Consulting” in case of 
“Energy” and “Pharmaceutical” correlates positively with advances in 
the application of machine learning techniques, implying that industry 
managers put more trust into data-driven operations instead of expert 
opinions. 

Overall, such discrepancy arises from the fact that the growing need 
for digital agility has opened new ways for startups to deal with data 
governance and predictive analytics as well as to establish digitally 
enabled businesses that are less capital-intensive and do not depend on 
physical environment. This contrasts with segments operating in the 
process industries that are characterized by complex value chains, high 
asset intensity and strong anchoring to physical locations (Lager et al., 
2013). The notable increase in the described interaction dynamics also 
reflects the opportunity seeking behavior of startups, who take advan
tage of the low barrier to entry that IT technologies provide. Insights 
gained from this exploratory analysis further suggest that emerging 
startups have recognized the opportunities offered by digitalization, 
while digitalization is not necessarily part of the business strategy of 
incumbent companies, struggling to realize the full potential of trans
formative character of digitalization. 

4.3. Comparison of IT-affinity in the process industries 

In this subsection, we analyzed whether certain segments within the 
family of the process industries demonstrate a higher degree of affinity 
towards digital solutions. As already communicated, the pursuit of 
digital leadership can entail several benefits for organizations within the 
process industries, which generally rely on complex asset intensive 
production systems. The benefits include, but are not limited to, opti
mization of supply chain planning, improvement of the total production 
process and evaluation of business models through addition of digital 
value-added services. Thus, having a solid knowledge on IT-affinity 
could provide valuable information for R&D managers and policy 
makers seeking to chart trends for the coming years. 

In the examined data set, there were 112 different unique IT-related 
industries which underwent an interaction with a segment from the 
process industries. In Fig. 7, a heat map visualization is used to shed light 
on whether varying inclinations towards IT-related industries are 
existent. 

On the heat map, only interactions with 25 different IT-related in
dustries were depicted, as these account for over 85 percent of all 
existing interactions. The colors on the heat map correspond to the level 
of interaction intensity between interacting industries. The darker the 
color, the more frequent interactions occur between industries, and thus 
the greater likelihood of knowledge spillovers between them. Therefore, 
the IT-affinity is higher at spots where the color spectrum is more 
dominant. In this context, it can be observed that the more general IT- 
related industries, such as “Information Technology”, “Analytics” and 
“Software”, are among the strongest interaction partners of most process 
industries. Their high interaction intensity highlights, to a certain 
extent, the primary importance of a basic IT-infrastructure in the process 
industries. Apart from these fundamental IT-industries, the heat map 
also reveals a high level of interaction intensity between certain seg
ments of process industries and more modern digitally-led industries, 
such as “Big Data”, “Artificial Intelligence” and “Machine Learning”. 
These industries stem from the intersection of computer science and 
statistics and represent one of the most rapidly growing technical fields 
(Jordan and Mitchell, 2015). Due to their application focus, they exceed 
the requirements of a basic IT-infrastructure and emphasize the move
ment towards a more advanced and data-driven decision making, 
elevating the degree of automation and digitalization to the next level. 
Consequently, these industries lie at the core of the realization of in
dustry 4.0. 

With that in mind, there are two more striking observations to be 
made in this context. First, “Biotechnology”, “Pharmaceutical”, “Food 
and Beverage”, “Energy” and “Oil and Gas” are the main industries that 
showed significantly higher affinity towards digital solutions. The more 
conservative segments among the process industries (e.g. “Wood Pro
cessing”, “Paper Manufacturing” and “Chemical”) showed a slower 
adoption rate with regard to digital capabilities. This is partly related to 
the fact that there are only a low number of startups concentrating on 
these industries. From a startup perspective, this could serve as an 
indication that these industries have a substantial innovation and digi
talization deficiency. Secondly, some clear dissimilarities in the prefer
ences concerning the types of chosen digital capabilities are evident 
among the process industries. For example, whereas both “Biotech
nology” and “Pharmaceutical” share strong interactions to “Artificial 
Intelligence” and “Big Data”, “Mobile Apps” represents a unique pref
erence of “Food and Beverage”. Moreover, “Biotechnology” 

Fig. 7. Heat map visualization of IT-affinity. (The areas with stronger color intensities are those showing a higher IT-affinity.). (For interpretation of the references to 
color in this figure legend, the reader is referred to the Web version of this article.) 
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demonstrates a high affinity towards “Robotics” and “Bioinformatics” - a 
preference only weakly observable in other segments of process in
dustries. This indicates that digitalization does not move in a singular 
direction for all process industries but rather that each sector of the 
process industries requires a unique pathway towards industry 4.0. 
Overall, given the excitement about the adoption of digital opportu
nities, we could observe that there are still opportunities to upgrade the 
IT-capabilities for specific process industries. In this regard, the heat 
map representation could serve as a kind of morphological box to 
identify vacant digital opportunities within the process industries. For 
example, there were only a low level of interaction with industries such 
as “Cloud Computing” and “Data Visualization”. 

Building on the illustrated differences between the process in
dustries, we further investigated the extent of the unique IT-interaction 
preferences from each sector of the process industries. For this purpose, 
we calculated the similarity score among the segments of process in
dustries based on the pairwise similarity measurement. This approach 
allows us to take both the intersection of their interactions with IT- 
related industries and the associated interaction intensity into ac
count. The results are visualized in form of a similarity matrix shown in 
Fig. 8. This matrix depicts the similarity in IT-related interactions be
tween each segment of the process industries in both color and similarity 
value. Herein, the darker the color and the higher the similarity value, 
the more similar are the two segments of process industries with regard 
to their IT-interaction preference. Accordingly, “Pharmaceutical” in
dustry behaves similar to “Oil and Gas”, while “Energy” and “Biotech
nology” are characterized by a similar set of IT-portfolio. 

While some combinations show significant similarity scores (e.g. 
“Metal and Mining” and “Chemical” or “Biotechnology” and “Energy”), 
the most noteworthy similarity score is observable between “Oil and 
Gas” and “Pharmaceutical”. A possible explanation might be found in 
the heat map visualization of the interactions of the process industries 
with IT-related industries in Fig. 6. Apart from “Information Technol
ogy” and “Software”, “Oil and Gas” and “Pharmaceutical” show high 
interaction rates with “Artificial Intelligence” and “Machine Learning”. 
This might be related to the dependence of segments of the process in
dustries on sophisticated production systems, which offer plentiful 
application possibilities for novel digital technologies. Yet, whether this 
similarity of preference in digital capabilities also leads to similar fields 

of practical applications requires further research. 
The illustrated similarity matrix revealed that the similarity scores 

between the preferences in IT-related capabilities are quite low between 
most of the process industries. This strengthens the assumption that each 
segment of the process industries has unique requirements in terms of 
digital technologies and thus needs to adopt different approaches in the 
realization of industry 4.0. 

5. Discussion 

As digitalization is not an isolated phenomenon that occurs only in 
few companies, it is important not to restrict the analysis of trends to the 
level of individual companies, but to take a wider view of the whole 
sector. Our research approach, therefore, differs from other studies in 
that it uses a broad definition of the process industries. The data set 
includes not only companies that can be classified as process industries 
in the strict sense. It also includes companies that are located above and 
below these companies in the value chain, thus giving a comprehensive 
picture of the whole business ecosystem. Based on this perspective, our 
study revealed the IT-preferences of an entire sector and showed the 
progressive digital change to which typical process companies have to 
adapt in these sectors. 

5.1. Using startup information as a means for investigating the influence 
of digital technologies on the process industries 

Regarding the first research question, our empirical findings 
demonstrated that startup information can provide valuable insights 
into interacting pairs of industries, thereby quantifying the degree of 
distribution and variation of digital technologies within the process in
dustries. Industry category codes within the startup data represent in
dustries (e.g. knowledge areas), whose assessment may be useful for 
revealing new application areas of digital technologies. Subsequently, 
we adopted the concept of knowledge flow to generate an interaction 
network and visualized the varying degree of digital adoption within the 
process industries. We were able to show that service-intensive and 
digitally-driven sectors make up a substantial part of the innovation 
ecosystem of process industries. The findings were able to provide a new 
perspective at the level of market interactions that were not able to 

Fig. 8. Matrix visualization of IT-interaction preference similarity. (The areas with stronger color intensities are those showing a higher similarity in terms of IT- 
portfolio.). (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.) 
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portray using the patent information (Aaldering et al., 2019a). Thus, 
startup data are an appropriate means for scouting new market trends 
beyond the mere technological dimension (Marra et al., 2020). 

5.2. Industries that act as drivers for digital transformation 

Coming back to our second research question, the findings did pro
vide evidence for the driving forces behind the digital transformation of 
process industries. By analyzing the continuously increasing interactions 
involving at least one segment from the process industries, we observed 
that “Machine Learning” and “Artificial Intelligence” played a leading 
role in accelerating the digitalization of process industries. “Mobile 
Apps” also significantly increased its interaction with “Food and 
Beverage”, thereby helping the industries move closer to a consumer- 
oriented business model. This could be related to bringing the 
ordering process into the digital age, and booming of the e-commerce 
food and grocery delivery market (Kapoor and Vij, 2018). Furthermore, 
“Block Chain” acted as a driving force behind the digitalization of 
“Energy”. With energy systems undergoing substantial changes to ac
commodating the increasing volumes of embedded renewable genera
tion, block chain technology can help establish real-time data 
management and move carbon credits or renewable energy certificates 
onto the block chain for secure transactions (Andoni et al., 2019). 

5.3. Distinguishing the affinity with regard to adopting digital technologies 

Regarding the last research question, a remarkable difference in the 
affinity of the various digital technologies was observed. While 
“Biotechnology”, “Food and Beverage”, “Energy” and “Oil and Gas” 
showed a similarly high degree of IT-affinity, “Chemical”, “Metal and 
Mining”, “Paper Manufacturing” and “Wood Processing” were rather 
shy in adjusting their production process using digital capabilities to 
optimize manufacturing efficiency. In order to become competitive in 
long term, the latter sectors must expand their spectrum of value crea
tion by leveraging digital technologies (María-Luz et al., 2019). In this 
manner, these sectors might recognize development potentials that go 
beyond being cost-competitive commodity producers. Hence, the digi
talization process needs to be seen through business-strategic glasses to 
collect relevant business cases. Moreover, “Food and Beverage” showed 
unique affinity towards “Location Based Services”, “Online Portals” and 
“Mobile Apps”. This indicates that value added digital services are one of 
the main fields of interest in terms of creating synergies (Tao et al., 
2018). Innovation marketing needs to build on collective intelligence for 
capturing additional growth opportunities and for predicting customer 
behavior from a strategic point of view. 

6. Managerial and theoretical implications 

The way towards industry 4.0 is complex and involves the interplay 
of multiple interacting process instances, raising significant challenges 
to managers attempting to modernize their businesses. In this context, 
we presented a data-driven exploratory research approach that sheds 
light onto the ongoing digital transformation within the various seg
ments of the process industries. Overall, this paper contains following 
managerial and theoretical implications. With regard to managerial 
contributions, we discovered multiple aspects that could serve both R&D 
managers and policy makers as an important guideline in their current 
digitalization efforts.  

1 Foster cross-sectoral learning 

Our findings have shown that there is no universally valid path to
wards industry 4.0, as each segment within the family of the process 
industries has demonstrated unique preferences with regard to IT- 
related capabilities. However, we have also shown that there is signifi
cant overlap between specific segment combinations. While the 

differences could be harnessed to identify suitable new digitalization 
avenues, the similarities might help to streamline the implementation of 
capabilities that are already established in other segments of the process 
industries by profiting from their lessons learned and identifying suit
able complementary digital capabilities. Hence, the digitalization 
behavior of leaders can be copied by laggards to set strategic goals and 
create an incentive plan. Consequently, learning from the ongoing 
digitalization efforts in neighboring areas could provide substantial 
benefits for one’s own digitalization projects.  

2 Vacant digitalization opportunities 

From a more application-oriented perspective, our approach was not 
only able to reveal emerging digital trends within the process industries, 
but it could also empower the identification of vacant digital and 
entrepreneurial opportunities. The utilized heat map visualization of the 
IT-interaction preferences clearly revealed the underserved digital op
portunities that could provide future growth fields for novel and 
incumbent companies. Therefore, our study highlights the importance of 
monitoring the digitalization process across all areas of process in
dustries, as it could serve as an important new aspect in new business 
development.  

3 Promote digital education 

The role of business translators, who can link digital capabilities with 
domain-specific business knowledge, might become more significant to 
exploit vacant niches. Hence, there will be more needs for disseminating 
digital education, which advances the knowledge of traditional man
agers. Moreover, the digital education can be facilitated by creating 
platforms for knowledge exchange and initiating partnerships across the 
sectors. 

With regard to theoretical contributions, our study showed the 
applicability of startup information for the investigation of knowledge 
flows and industry interaction dynamics. Thus, our study is one of the 
first of its kind to introduce startup information as a suitable data source 
for research in these fields, complementing previously used data sour
ces, such as patents, publications and M&A-deals (Aaldering et al., 
2019b; Mun et al., 2019a). In this connection, we introduced an analysis 
framework, which complements the survey- or interview-based studies 
by incorporating instruments from the data analytics toolbox (Onufrey 
and Bergek, 2020). Thus, our study provides other researchers a novel 
perspective to investigate the digital transformation beyond merely 
considering business models (Bouwman et al., 2019). It provides 
scholars (especially from the social science disciplines) with new stimuli 
to investigate industry phenomena. Furthermore, this paper is one of the 
earliest attempts to combine research domains of entrepreneurship, 
process industries and the context of innovation management. Thus, this 
research paved the way for subsequent researches aiming at illumi
nating the intersection of these disciplines (Marra et al., 2020). Lastly, 
this paper responds to the call for broadening the range of hypotheses 
and instruments for the field of innovation and entrepreneurship 
(Douglas et al., 2020; Shepherd, 2015). 

7. Conclusions and outlook on future research 

The volatile industry environment requires companies across all in
dustries to continuously innovate and familiarize with changing 
customer requirements. This also applies for the process industries, 
which traditionally relied on producing commodities at a low cost. One 
way to promote innovation within the process industries is by adopting 
digital capabilities. In this context, startups are considered as a strong 
driver of digital transformation due to their high flexibility and 
explorative opportunity seeking behavior. While startups as a research 
subject have received increased attention from scholars in the field of 
innovation management, their role in the digital transformation of 
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process industries has been overlooked. More specifically, the influence 
of digitalization at the level of process industries has not received its 
deserved attention in scholarly research. Subsequently, quantification 
and visualization of interconnectedness between digital and process- 
based industry segments from a startup perspective can be an impor
tant step towards understanding the digital evolution of industries. 

Based on the data-driven analysis, we demonstrated that startup data 
are a suitable source for the investigation of digital transformation. 
Unlike the expectations, not all segments of process industries are lag
gards in regard to incorporating digital capabilities. Especially, in
dustries such as “Biotechnology”, “Pharmaceutical”, “Food and 
Beverage”, “Energy” and “Oil and Gas” demonstrated a stronger IT- 
interaction preference, rendering them to leaders in the race towards 
industry 4.0 compared to their peers within the process industries. 
However, we also observed that there is no universal strategy in the 
adoption of digital capabilities. Each industry struck a different path 
depending on their specific conditions and requirements. In sum, this 
study contributes to debates in the academic community on the issue of 
whether individual segments of the process industries behave differently 
when adopting digital capabilities and what opportunities arise for 
them. This study uncovered vacant digitalization opportunities that 
could be exploited to strengthen the integration process of digital so
lutions into exiting industry infrastructure. Moreover, this study pro
vides a new analysis framework that is intuitive to understand the 
industry interactions and provides new stimuli to investigate industry 
phenomena by employing techniques from the modern data analytics 
toolbox. 

As with all research, the current study is subject to several limita
tions. First, as our study focuses on startups, it can only reveal and 
explore digital trends and capabilities that are accelerated by new 
ventures. Digital trends and capabilities introduced by incumbent firms 
remain undiscovered. Accordingly, this study shows only a snapshot of 
the ongoing digitalization in the process industries. To remedy this, 
future research could combine multiple data sources (e.g. patents or 
M&A) to gain a more comprehensive picture of this phenomenon. 

Second, in terms of data used, our study relied solely on a single data
base. This increases the likelihood that new ventures, which are not 
registered at Crunchbase, cannot be considered. Apart from that, our 
analysis was dependent on the classification scheme provided by 
Crunchbase. Therefore, its depth of analysis is limited to the granularity 
of Crunchbase’s classification scheme. Hence, our data set might also 
include startups that do not perfectly fit into the definition of process 
industries. Moreover, industry niches that are not covered within this 
classification scheme are not considered within the study. In this 
context, future research could develop and apply a customized classifi
cation scheme that is adapted for their specific research context. 

Finally, this paper offers some further interesting perspectives for 
future research directions. When it comes to explaining the drivers, 
further research can focus on investigating the motivation of adopting 
digital capabilities. These might help understand the technological, 
competitive and cultural requirements of modernizing the production 
processes. Another important aspect is the consideration of geographical 
scope of the used data, as there might be some country-specific differ
ences in adopting digital transformation. The current study, however, 
did focus on mapping general pathways instead of illustrating individual 
country-specific pathways. Hence, future research can address this issue 
by comparing country-specific behaviors. Furthermore, a more in-depth 
analysis of the technology-focused applications of these digital capa
bilities could open another new research avenue, as it can provide a 
more granular insights into the differences of the digitalization 
pathways. 
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Appendix 

Appendix A. Glossary of technical terms - Adapted from (Ben-Daya et al., 2019; Büchi et al., 2020; Alejandro Germán Frank et al., 2019; Gürdür et al., 2019; L’Heureux 
et al., 2017; Plessis and Boon, 2004; Wang et al., 2016)  

Technical terms Definition 

Digitalization Enabling, improving, and transforming business operations, functions, models or activities by leveraging digital technologies. 
Analytics Technologies and processes of acquiring in-depth knowledge and understanding from the data. 
Apps Types of software applications accessed via the internet browser and specifically designed for fluidly responding to contents viewed on a 

smartphone. 
Artificial Intelligence (AI) Ability of a computer or a computer-enabled robotic system to process information and produce outcomes in a similar manner associated with 

human intelligence. 
Big Data An umbrella term for any technique to process a large amount of data, including capture, transfer, storage, curation, search, analysis, 

visualization, security, and privacy. 
Customer relationship 

management (CRM) 
Building and managing of customer relationships on an organizational level through understanding, anticipating and managing of customer 
needs, based on knowledge gained of the customer. 

Cloud Computing Enabling on-demand network access to a shared pool of computing resources, thereby facilitating the archiving and processing of large 
quantities of data with high performance in terms of speed, flexibility, and efficiency. It results in a greater number of services developed based 
on data for a productive system – including monitoring and control functions – to ensure quality and improve operations and production. 

Data Visualization Tool in data analytics, which enables to visually detect complex structures and patterns in the data. 
Industry 4.0 Transformation from machine dominant manufacturing to digital manufacturing and bears a huge potential to achieve a higher level of 

personalization and resource efficiency. 
Information Services Services available via internet for providing information 
Information Technology Technologies involved in information processing and handling, such as computer hardware, software, telecommunications. 
Internet of Things (IOT) Network of physical objects that are digitally connected to sense, monitor and interact among participants in the supply chain to facilitate 

timely planning, control and coordination of the supply chain processes. 
Location Based Services Services offered through mobile devices by taking into account the geographical location of the devices. It can be used as a tracking of non- 

human object for logistical purposes. 
Machine Learning Ability of a computer system to learn and recognize patterns from data with the aim of providing data-driven insights, decisions, and 

predictions. 
Mobile Apps Types of applications specifically designed for mobile devices and are built for a specific platform, such as iOS and Android. 

(continued on next page) 
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(continued ) 

Technical terms Definition 

Online Portals Websites that offer users access to a wide range of information, tools and links. 
Predictive Analytics Enabling advanced predictive capacity and identifying events that can affect production before it happens based on data analytics. 
Software as a Service (SaaS) A cloud-based (on-demand) service model that provides service consumers without installing any application locally to outsource the operation 

of their business applications to a SaaS provider.  
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Díez-Vial, I., Montoro-Sánchez, Á., 2016. How knowledge links with universities may 
foster innovation: the case of a science park. Technovation 50– 51, 41–52. https:// 
doi.org/10.1016/j.technovation.2015.09.001. 

Douglas, E.J., Shepherd, D.A., Prentice, C., 2020. Using fuzzy-set qualitative comparative 
analysis for a finer-grained understanding of entrepreneurship. J. Bus. Ventur. 35, 
105970. https://doi.org/10.1016/j.jbusvent.2019.105970. 

Frank, Alejandro Germán, Dalenogare, L.S., Ayala, N.F., 2019a. Industry 4.0 
technologies: implementation patterns in manufacturing companies. Int. J. Prod. 
Econ. 210, 15–26. https://doi.org/10.1016/j.ijpe.2019.01.004. 

Frank, Alejandro G., Mendes, G.H.S., Ayala, N.F., Ghezzi, A., 2019b. Servitization and 
Industry 4.0 convergence in the digital transformation of product firms: a business 
model innovation perspective. Technol. Forecast. Soc. Change 141, 341–351. 
https://doi.org/10.1016/j.techfore.2019.01.014. 

Frishammar, J., Lichtenthaler, U., Kurkkio, M., 2012. The front end in non-assembled 
product development: a multiple case study of mineral- and metal firms. J. Eng. 
Technol. Manag. 29, 468–488. https://doi.org/10.1016/j.jengtecman.2012.07.001. 
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