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This paper aims to identify global digital trends across industries and to map emerging business

areas by co-word analysis. As the industrial landscape has become complex and dynamic due to
the rapid pace of technological changes and digital transformation, identifying industrial trends

can be critical for strategic planning and investment policy at the ¯rm and regional level. For

this purpose, the paper examines industry and technology pro¯les of top startups across four

industries (i.e. education, ¯nance, healthcare, manufacturing) using CrunchBase metadata for
the period 2016–2018 and studies in which subsector early-stage ¯rms bring digital technologies

on a global level. In particular, we apply word co-occurrence analysis to reveal which subin-

dustry and digital technology keywords/keyphrases appear together in startup company clas-

si¯cation. We also use network analysis to visualize industry structure and to identify
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digitalization trends across sectors. The results obtained from the analysis show that gami¯-

cation and personalization are emerging trends in the education sector. In the ¯nance industry,
digital technologies penetrate in a wide set of services such as ¯nancial transactions, payments,

insurance, venture capital, stock exchange, asset and risk management. Moreover, the data

analyses indicate that health diagnostics and elderly care areas are at the forefront of the
healthcare industry digitalization. In the manufacturing sector, startup companies focus on

automating industrial processes and creating smart interconnected manufacturing. Finally, we

discuss the implications of the study for strategic planning and management.

Keywords: Emerging technologies; digitalization; startup; innovation; entrepreneurship; trend

analysis; co-word analysis; text mining; social network analysis; Python.

1. Introduction

Digital technologies disrupt markets and radically restructure entire industries

[Nyl�en and Holmstr€om (2015); Savastano et al. (2018); Rof et al. (2020); Hanelt et al.

(2021); Fern�andez-Rovira et al. (2021); Yang et al. (2021); Tavoletti et al. (2021)].

In particular, emerging digital technologies have the potential not only to make

obsolete existing products and services but also to threaten ¯rms' key business

elements such as strategy, business model and organizational structure [Li et al.

(2009); Yoo et al. (2012); Matt et al. (2015); Savastano et al. (2018); Reis et al.

(2018); Rachinger et al. (2019); Hanelt et al. (2021); Coskun-Setirek and Tanrikulu

(2021); Sj€odin et al. (2021)] Given a rapidly changing digital innovation landscape

and the complex dynamic nature of market development, many companies fail to

keep pace with the new digital reality and to retain competitiveness [Hess et al.

(2016); Coccia (2017a, 2017b); Reis et al. (2018); Müller et al. (2018); Seibt et al.

(2019); Duan et al. (2019)]. As emerging digital technologies stimulate the creation

of new applications and business models at an unprecedented speed, it becomes

challenging for organizations to identify industry trends and emerging business

areas. This further leads to di±culties in their strategic decision-making about which

strategic options to implement and which technologies and business areas to focus

investment on [Phaal et al. (2011); Matt et al. (2015); Hess et al. (2016); Hanelt et al.

(2021)]. For this reason, understanding in which subsectors emerging digital tech-

nologies are penetrating and the nature of competitive changes they bring on the

market can be critical for ¯rms, especially in order to learn to adapt new competitive

landscape and to adjust to digital transformation across industries.

Prior research utilizes case studies to learn digital trends across industries by

interviewing business leaders [Liu et al. (2011); Horlacher and Hess (2016); Savas-

tano et al. (2018); Demlehner et al. (2021); Kraus et al. (2021)]. However, while a

case study can provide some in-depth analysis of the current state and speci¯c nature

of digital transformation in a sector, it usually lacks bases for generalizing results to a

much broader population [Kraus et al. (2021); Massaro (2021)]. Another strand of

literature uses patent and scienti¯c publication data analysis to detect technology

trends [Yoon and Kim (2011); Choi et al. (2012); Guo et al. (2016); Kim et al. (2016);

Massaro (2021)], but the actual disruption of businesses and value networks across

industries comes not from inventions and new emerging technologies but from the

way entrepreneurs deploy them to create novel applications and business models

L. Bzhalava et al.
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[Paap and Katz (2004); Christensen et al. (2005); Lindholm-Dahlstrand et al.

(2019)]. Speci¯cally, Schumpeter [1934] views startup entrepreneurial ¯rms as

the main source through which new technologies enter in the market. As new

entrepreneurial ¯rms are at the forefront of innovation and they reshape markets

and value networks across industries [Lindholm-Dahlstrand et al. (2019)], studying

in which subsectors digital technology startups are operating and in which business

areas they ¯nd new opportunities can be helpful to understand digital trends across

industries and to map emerging sectors and business areas.

The main premises of our research constitute a word co-occurrence analysis to

examine the distribution of digital technology-based startups across sub-sectors and

to study industry digitalization trends. Speci¯cally, using the CrunchBase database,

we analyze industry and technology classi¯cations of top startup companies at a

global level. By applying a co-word analysis, we count the frequency of keywords or

key phrases related to industry and technology categories appearing in startup

companies' classi¯cations and build co-occurrence matrix to connect keywords and

identify the strength of associations between them based on their co-occurrence in

startup companies' classi¯cations; the keywords appearing in the same category is an

indicator of connection between the sector and technology they represent [Lee and

Jeong (2008); Chen et al. (2016)]. After that, by using keywords related to industry

and technology categories as nodes and co-occurrences as links, we build keyword

networks to visualize industry trends and emerging business areas across di®erent

sectors globally. On an industrial level, we apply a co-word analysis on education,

¯nance, healthcare andmanufacturing industries because these sectors are identi¯ed as

one of the most dynamic industries in terms of business disruption and discontinuities

that were caused by digital technologies [Bradley et al. (2015)]. The result obtained

from the analysis shows that startup companies focus on creating personalized and

game-based learning systems in the education sector. In the ¯nance industry, digital

technologies penetrate in a wide set of services like ¯nancial transactions, payments,

insurance, venture capital, stock exchange, asset and risk management. In the

healthcare sector, health diagnostics and elderly care areas are at the forefront of the

industry's digitalization. In the manufacturing sector, startup companies focus on

automating industrial processes and creating smart interconnected manufacturing.

The rest of the paper is organized in the following way. Section 2 reviews

the related literature and provides a theoretical framework. Section 3 presents

the dataset and empirical methods used in the study. Section 4 discusses the ¯ndings

from the empirical analysis, and, in the end, Sec. 5 summarizes and concludes.

2. Theoretical Framework

Digital technologies (e.g. the internet of things, cloud computing, blockchain, 3D

technology, virtual reality, augmented reality, arti¯cial intelligence (AI), machine

learning) are computer-based products. In particular, they are electronic tools and

systems that o®er new solutions in the information storing and processing as well as

provide new means in communication and connectivity in terms of linking devices

Mapping the Wave of Industry Digitalization
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and systems over the Internet or other communications networks and to exchange

information [Remane et al. (2017); Savastano et al. (2018); Buer et al. (2018); Frank

et al. (2019); Khujamatov et al. (2020); Borodavko et al. (2021); Chatterjee et al.

(2021); Yang et al. (2021)]. In this way, the internet of things gives possibilities to

integrate physical, digital and human assets of production processes and to merge

them into cyber-physical systems [Frank et al. (2019); Alc�acer and Cruz-Machado

(2019)]. As a result, the interconnected business processes allow the communication

between people, machines and products in real-time and generate a huge volume of

structured and unstructured data. With the use of AI systems and machine learning

algorithms, the interconnected cyber-physical systems are capable to analyze the

generated data and to make their own automated decisions to optimize business

processes [Kusiak (2017); Strange and Zucchella (2017); Lu (2017); Seibt et al. (2019);

Baryannis et al. (2019); Cagliano et al. (2019); Dwivedi et al. (2021); Borodavko et al.

(2021); Chatterjee et al. (2021)]. \Arti¯cial intelligence refers to the ability of computer

programs to acquire and apply knowledge without human intervention and involve-

ment. By observing the world around them and analyzing information autonomously,

AI systems draw conclusions and take appropriate actions" [Kaya (2019, p. 2)].

This complex process of combining digital technologies and business operation

processes allow companies across di®erent industries to replace traditional products

with digital components or to equip them with new digital features and, as a result,

to bring radically new value propositions to the market [Yoo et al. (2012); Bhar-

adwaj et al. (2013); Matt et al. (2015); Reis et al. (2018); Rachinger et al. (2019); Rof

et al. (2020); Sj€odin et al. (2021); Coskun-Setirek and Tanrikulu (2021); Hanelt et al.

(2021); Fern�andez-Rovira et al. (2021); Tavoletti et al. (2021)]. For instance, recent

development trends in digital technologies in the healthcare industry like a mobile

app, collection of health data and advanced data analytics based on AI and machine

learning enable companies to provide remote monitoring, diagnostics and treatment

to patients as well as to o®er wearable robotic devices for self-care in order to

facilitate home care service [Kraus et al. (2021); Massaro (2021)]. This also facilitates

that developing virtual clinical trials as recent digital technologies allows us to

remotely collect and analyze data in real time. Moreover, an increasing number

of mobile health apps and developing electronic health record systems, in turn,

generate a high volume of medical data that enable physicians to get data-driven

insights and provide highly accurate health diagnoses [Coccia (2020); Massaro

(2021)]. In other words, studying di®erent types of patient data like medical records,

treatment history, genetic characteristics, demographic and lifestyle information by

AI systems and machine learning algorithms reduces the rate of medication errors

and provides the most relevant patient health diagnosis and treatment plan [Coccia

(2020)]. In this sense, emerging digital technologies stimulate the creation of new

applications/business models and, consequently, substantially reshape industry

competition and transform the global value chains as well as disrupt established

businesses [Matt et al. (2015); Sebastian et al. (2017); Coccia (2017a, 2017b); Rof

et al. (2020); Fern�andez-Rovira et al. (2021)]. `Digital disruptors are particularly

dangerous because they grow enormous user bases seemingly overnight, and they are

agile enough to convert those users into business models that threaten incumbents in

L. Bzhalava et al.
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multiple markets' [Bradley et al. (2015, p. 1)]. Moreover, industry digitalization

decreases entry barriers that allow startups to °ourish and explore new business

opportunities by leveraging digital technologies [Nambisan et al. (2018)].

In general, startup companies are considered to be vehicles for bringing radical

innovations and new technologies to the market [Schumpeter (1934); Lindholm-

Dahlstrand et al. (2019)]. On the contrary, incumbent ¯rms focus primarily on

developing existing production processes because new technologies often do not

support their value networks and complementary assets [Christensen (1997)].

Therefore, established companies have stronger incentives for developing incre-

mental innovations and spreading costs of innovation over larger production

volumes than introducing radical innovations which also involve uncertainties re-

garding the outcome [Klepper (1996)]. In other words, internal forces of inertia due

to resource dependence and rigidity of their routines and competences as well as lack

of economic incentives to invest in new value networks prevent established compa-

nies from entrepreneurial experimentation and exploring new market opportunities

[Christensen (1997); LindholmDahlstrand et al. (2019)]. As new entrants usually

face a lack of competences and advantages in exploiting mature technologies and

existing production systems, they compete against established players by bringing

novel ideas and technologies on the market [Lindholm-Dahlstrand et al. (2019)].

This process of introducing a variety of novel ideas and technologies on the

market facilitates the operation of market selection mechanisms by picking up

the most innovative companies and forcing established ¯rms to become more

productive and competitive [Wennekers and Thurik (1999)]. This, in turn, stimulates

industry evolution by systematically replacing existing structures, values and actors.

Given that digital technologies also equip startup companies with new electronic

tools and devices for information processing, computing, communication and

connectivity [Nambisan et al. (2018)], new entrances increase market volatility,

uncertainty, complexity, and ambiguity by challenging existing global industry

ecosystems and forming new ones at unprecedented speed [Bradley et al. (2015)].

Hence, by leveraging digital technologies, startup companies increase uncertainty

regarding predicting the potential disruptive power of new emerging technologies

and business models. With all industrial sectors a®ected by the digital transforma-

tion, incumbent companies face pressure to tackle the challenges and to digitally

transform themselves [Sebastian et al. (2017); Frank et al. (2019); Tavoletti et al.

(2021); Fern�andez-Rovira et al. (2021)]. As processing massive amounts of external

information and monitoring market trends are becoming increasingly di±cult in an

expanding global market, many established companies often fail to make right

decisions of which strategic options to implement and which technological and

business areas to focus investment on [Day and Schoemaker (2004); Phaal et al.

(2011); Matt et al. (2015); Hess et al. (2016); Monteiro et al. (2017); Hanelt et al.

(2021)]. This creates the need for analyzing the complex and dynamic processes of

digital transformation across industries.

This research uses co-word analysis to reveal patterns and trends in industry

digitalization and to study the nature and characteristics of this process across

di®erent sectors. Speci¯cally, we analyze technology and industry classi¯cation of

Mapping the Wave of Industry Digitalization
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early-stage startups across sectors in order to identify the association links between

digital technologies and subsectors.

3. Data and Methodology

Our empirical analysis, in this study, is based on technology and industry classi¯-

cation of startup companies operating in four di®erent sectors. Speci¯cally, to show

the application of co-word analysis in detecting digital technology and

business trends, we focus on those sectors which are considered as one of the

most disrupted industries [Bradley et al. (2015)] such as (1) education, (2) ¯nance,

(3) healthcare and (4) manufacturing. We have extracted technology and

industry classi¯cation of startup ¯rms operating in the selected sectors in the

world from the CrunchBase data source (https://www.crunchbase.com/) by using

industry-related keywords (e.g. Education, Financial Services, Health Care, and

Manufacturing).

CrunchBase is a platform that provides business information about ¯rms all over

the world, from the early-stage startups to the market leaders. The focus of our

analysis is on the early-stage entrepreneurs. We classify early-stage entrepreneurs

using the de¯nition of Global Entrepreneurship Monitor, in which early-stage

entrepreneurs are de¯ned as those who started business activities in the last 24

months [GEM (2017)]. In this line of reasoning, we restricted our dataset to only

those ¯rms that started operations within two years, from November 2016 to No-

vember 2018; the database is extracted from the CrunchBase platform on December

15, 2018. Moreover, we use the technology and industry classi¯cation of only those

startup ¯rms that received funding or ¯nancial support in order to examine where

top startups detect business opportunities across industries in the world. Using the

elaborated criteria, we have identi¯ed 1,264 startups in the selected sectors. Table 1

presents the industrial distribution of our sample.

To explore digitalization trends across the selected industries, we employ word

co-occurrence analysis in order to examine which subsectors and digital technology

keywords/keyphrases appear together in startup company classi¯cation. Sector and

digital technology keywords co-occurring within the same startup business classi¯-

cation indicate a link between the keywords to which they represent [Lee and Jeong

(2008); Chen et al. (2016)]. In the CrunchBase dataset, the technology and industry

classi¯cation of each startup is described in the category section. For example,

Table 1. The number of startup companies in

di®erent industries.

Industry name Number of startups

Education 163

Finance 318

Healthcare 363

Manufacturing 420

Source: https://www.crunchbase.com/.

L. Bzhalava et al.
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the category section of three startups in the healthcare sector would look like the

following:

[\Arti¯cial Intelligence", \Health Care", \Health Diagnostics", \Machine

Learning", \Blockchain", \Personalization"],

[\Mobile Health", \Personal Health", \Travel", \Health Care", \Heath Diag-

nostics", \Medical", \Information Technology", \Arti¯cial Intelligence", \Machine

Learning"],

[\Apps", \Child Care", \Elder Care", \Health Care", \Home Health Care",

\'Mobile Apps", \Personal Health", \Mobile Health"].

To implement the word co-occurrence analysis, we ¯rst tokenize keywords/key-

phrases in the corpus of the category section using the NLTK package of Python

program [Bird et al. (2009); Bengfort et al. (2018)]; the represented text does not

require cleaning in terms of removing stop words, special characters, numbers or

other text pre-processing procedures. Moreover, keywords 3D printing and 3D

technology are used interchangeably in the category section of startup companies,

and we converted 3D technology keywords to 3D printing as they are synonyms and

represent the same technology. Then, we calculate the frequency values of digital

technology keywords by counting the number of times each keyword appears in the

category section of startup companies in the selected industries and divide the

obtained values by the sample size to normalize frequency values, which allows the

frequency values to be comparable across industries. Hence, the frequency values are

computed as the ratio of the number of startup companies that mention a digital

technology keyword in their category description to the number of possible startup

companies that could mention the keyword. Finally, we use the NetworkX package

of Python program to build a network of sub-sector and digital technology keywords

[Bengfort et al. (2018); Zinoviev (2018)]. In the network, nodes represent subsector

and digital technology keywords, and edges denote the co-occurrence between them.

The Python NetworkX package provides a collection of functions for calculating

centrality measures of nodes in a network. In the study, we use degree centrality and

betweenness centrality to describe the network positions of digital technologies

across the selected industries (see Tables 2–5). Degree centrality is calculated by ¯rst

computing the number of direct links a node has in a network and then dividing

by the total number of possible direct links the node can have in the network to

normalize values. Degree centrality measures the neighborhood size (degree) of

each node [Marra et al. (2015)]. In our case, degree centrality is high for a digital

Table 2. Frequency and centrality values of digital technologies in the education
industry.

Digital technologies Frequency Degree centrality Betweenness centrality

AI 0.092 0.281 0.211

Augmented reality 0.036 0.125 0.035
Blockchain 0.018 0.096 0.045

Internet of things 0.006 0.037 0.0

Machine learning 0.036 0.111 0.059

Virtual reality 0.036 0.111 0.025

Mapping the Wave of Industry Digitalization
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technology keyword when the keyword co-occurs with many di®erent terms in the

text corpus.

Betweenness centrality refers to how important a node is as a link between two or

more network segments [Bengfort et al. (2018); Zinoviev (2018)]. In other words, it

measures the number of times a node is included in the shortest paths which in-

terconnect other nodes. In our case, we use betweenness centrality to examine

whether digital technologies are used as bridges or boundary spanners to connect

di®erent subsectors. Betweenness centrality is calculated as the number of shortest

paths that include a speci¯c node divided by the total number of shortest paths

[Zinoviev (2018)]. To visualize the co-occurrence networks of the selected industries

and illustrate relationships between sector and digital technology keywords, we use

the igraph package of R program [Silge and Robinson (2019)]; the thicker line be-

tween two keywords indicates a stronger link between them (see Figs. 1–4). Fig-
ures 1–4 indicate links between the keywords that co-occur together ¯ve or more

times in a startup category description. Those keywords that co-occur less than ¯ve

times are not included in the network graphs in order not to overload the graphs

with too many nodes/edges and to clearly visualize the links between keywords that

co-occur most frequently. Tables A.1–A.5 present only those digital technologies and

their links with business areas/subsectors that co-occur two or more times.

Table 5. Frequency and centrality values of digital technologies in the manufacturing industry.

Digital technologies Frequency Degree centrality Betweenness centrality

AI 0.061 0.171 0.037
Augmented reality 0.014 0.083 0.006

Cloud computing 0.002 0.008 0.0

Internet of things 0.038 0.191 0.038

Machine learning 0.045 0.145 0.022
Virtual reality 0.014 0.083 0.008

3D printing 0.078 0.216 0.063

Table 4. Frequency and centrality values of digital technologies in the healthcare industry.

Digital technologies Frequency Degree centrality Betweenness centrality

AI 0.077 0.242 0.055

Augmented reality 0.002 0.012 0.0
Blockchain 0.027 0.151 0.045

Cloud computing 0.005 0.078 0.003

Internet of things 0.013 0.163 0.036

Machine learning 0.052 0.272 0.091
Virtual reality 0.005 0.042 0.001

Table 3. Frequency and centrality values of digital technologies in the ¯nance industry.

Digital technologies Frequency Degree centrality Betweenness centrality

AI 0.037 0.119 0.006

Blockchain 0.147 0.343 0.129

Internet of things 0.003 0.029 0.0

Machine learning 0.028 0.134 0.009

L. Bzhalava et al.
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Fig. 2. Social network analysis of the strong and weak connections between sector and digital technology
keywords in the Finance sector.

Fig. 1. Social network analysis of the strong and weak connections between sector and digital technology
keywords in the Education sector.

Mapping the Wave of Industry Digitalization
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4. Results

The results obtained from the co-word analysis show digitalization trends

across industries and the links between digital technologies and subsectors (see

Tables A.1–A.5). Speci¯cally, looking ¯rst at the education sector, startup companies

focus on bringing AI, augmented reality, blockchain, machine learning and virtual

reality technologies in training and e-learning domains (see Table A.1). These digital

technologies allow to considerably change the teaching and learning process. First of

Fig. 3. Social network analysis of the strong and weak connections between sector and digital technology

keywords in the healthcare sector.

Fig. 4. Social network analysis of the strong and weak connections between sector and digital technology

keywords in the manufacturing sector.
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all, AI and machine learning give possibilities to personalize the teaching and learning

process by studying students' individual capabilities and evaluating the quality of

curriculum and content based on advanced data analytics. Given that students have

di®erent types of learning capabilities, AI machines can play an important role for

enhancing learning through computing complex machine learning algorithms to an-

alyze and understand each student's strengths, skills and interests and to deliver

teaching material in a °exible and learner-centric way that is most appropriate to them

[Luckin et al. (2016); Leahy et al. (2019)]. Another use of AI and machine learning is in

language learning (see Table A.1). These technologies equip language learning apps by

language recognition tools that are capable to recognize written and spoken con-

tributions and also provide a possibility to interact with the AI bot and learn a foreign

language through the process of communication with a virtual tutor. In the process of

developing personalized and online education systems, blockchain technology plays also

an important role. It is a distributed ledger technology and allows a transparent and

secure means of data transaction [Tschorsch and Scheuermann (2016); Chen et al.

(2018)], which provides a possibility to equip online learning platforms with learning

materials and libraries and, as a result, to develop online courses.

Another emerging trend in the education industry is gami¯cation. As the data

analysis shows, augmented realitya and virtual reality technology keywords co-occur

together with training and e-learning as well as with video games/gami¯cation,

museums/historical sites and aerospace (see Table A.1). Both these digital tech-

nologies transform the education system by enhancing game-based learning and

making learning complex subjects more exciting and engaging for students [Pellas

et al. (2019); Leahy et al. (2019)], as well as increasing e±ciency and reducing costs

of training in di®erent industries. In other words, augmented and virtual reality

allow creating a virtual environment in which students can interact with objects

similar to those in the real world, for example, to explore museums and historical

sites without leaving a class. Furthermore, as Table A.1 indicates, the aerospace

sector incorporates augmented reality and virtual reality technologies in education

programs to provide safer and more e®ective training and °ying experience with low

costs. Another education application of augmented reality is in e-books (see

Table A.1). Augmented reality e-book is \a physical book which contains images

that when scanned by a device camera and recognized by the augmented reality

application triggers the display of augmented resources including images, video clips

and 3D models as overlays onto the screen." [Leahy et al. (2019, p. 4)].

In the ¯nance industry, the major digital technologies that are mentioned in the

categories of startup business description are AI, blockchain, and machine learning.

These technologies are used in transforming the entire value chain in the ¯nancial

sector and digitalizing services such as payments, insurance, lending and asset

management as well as venture capital, stock exchange and consulting (see

Tables A.2 and A.3). AI and machine learning technologies enable companies to

aAugmented reality is a technology that allows the integration of virtual objects into the real world. \In

contrast to virtual reality, in which the user is completely immersed in a virtual world and has no

perception of the real world, augmented reality uses the real world as its source and overlays virtual
objects so the real and virtual appear as one to the user" [Leahy et al. (2019)].

Mapping the Wave of Industry Digitalization
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analyze the huge volume of structured and unstructured data in real time and to

provide automated and personalized ¯nancial services to their customers. Using

machine learning algorithms, AI can draw data-driven insights and compute the best

investment opportunities, identify fraudulent transactions and enhance security,

accurately assess ¯nancial risks and loan eligibility as well as make precise predic-

tions for trading and asset/wealth management [Kaya (2019)]. Blockchain also plays

a key role in automating and personalizing ¯nancial services. Initially, blockchain

technology was invented for transactions of cryptocurrenciesb [Nakamoto (2008)], but

the technology shows features that are applicable for other ¯nancial services such as

crowdfunding, payments, loans and credit systems [Swan (2015); Gomber et al. (2017)].

It is a decentralized and distributed system that enables entities to remove a third party

such as a bank in ¯nancial exchange and provides transparent and secure means of

¯nancial operations for payments, loans, stock and asset exchange at low costs.

Looking at the healthcare industry, digital technologies (i.e. AI, blockchain, and

machine learning) are employed to transform health diagnostics and to develop mo-

bile apps for personal health (see Table A.4). Mobile health apps enable patients and

healthcare organizations to monitor certain severe diseases (e.g. diabetes, depression)

to determine the likelihood of any kind of emergencies and to generate health-related

data [Bhavnani et al. (2016)]. Moreover, AI and blockchain technologies are used in

electronic health records and genetics (see Table A.4). An electronic health record

(EHR) refers to a patient medical history that is systematically collected as a part of

the diagnostic process in a digital format, and it makes individual medical records (e.g.

diagnoses, treatment plans, test results) available for immediate analysis [Mitchell

and Kan (2019)]. Blockchain plays a key role in developing an electronic health record

system as the technology allows healthcare organizations to protect patients' data

from all types of security threats at low costs [Mackey et al. (2019)].

Furthermore, AI and machine learning are associated with elder care and clinical

trials (see Table A.4). The increased level of the elderly population puts pressure on

the healthcare sector across the globe to connect elderly patients with caregivers and

provide home medical care. Table A.4 also shows that augmented reality co-occurs

together with medical device keywords in the category description of healthcare

startup businesses. Augmented reality-based medical devices give possibilities to see

patient anatomy in a 3D model, which helps physicians in complex surgical planning

and diagnostics.

In all of the above presented industries, the internet of things technology has very

low frequency and centrality values (see Tables 2–4) and does not show more than

one co-occurrence with education, ¯nance and healthcare subsector keywords, sug-

gesting that the technology is at the early stage of adoption in the mentioned sectors.

Similarly, cloud computing has very low frequency and centrality values in the

healthcare and manufacturing sectors.

In contrast to education, ¯nance and healthcare sectors, the internet of things

technology is at the center of manufacturing industry digital transformation, and it

is used in the wide set of manufacturing areas such as product design, supply chain

bDigital currencies.

L. Bzhalava et al.
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management and wearable technologies as well as drones, smart homes, construction

manufacturing and autonomous vehicles (see Table A.5); the technology has high

degree centrality value in the network of manufacturing sector keywords (see

Table 5). Moreover, Table A.5 shows that AI systems and machine learning algo-

rithms are used in supply chain management and in autonomous vehicles. 3D

printing technology is also increasingly employed in the manufacturing industry. It

has high degree centrality value in the network of manufacturing sector keywords

(see Table 5), and it is related to product design, wearable technologies and fashion/

textile manufacturing areas (see Table A.5). The technology allows to print physical

objects in 3D format, and in this way, it enables to substantially diminish the time

and costs of manufacturing processes and give possibilities to use resources more

e®ectively and e±ciently [Alc�acer and Cruz-Machado (2019)]. Finally, looking

at augmented reality and virtual reality, both these digital technologies are related

to product design (see Table A.5). The former is also associated with wearable

technologies, whereas the latter is related to the construction manufacturing area.

The augmented reality and virtual reality technologies have important applications

in product design. Speci¯cally, they allow designers and engineers to digitally

visualize product and production process and to study them and to detect design

errors in a virtual environment.

5. Conclusion and Implications

This research uses text mining and social network analysis methods to provide a

framework for mapping industry digital trends and to study the nature and char-

acteristics of this process across di®erent sectors. The results obtained from the

analyses indicate that gami¯cation and personalization are emerging trends in the

education industry. In the ¯nance sector, digital technologies transform the entire

value chain and digitalize services such as payments, insurance, lending, and asset

management as well as venture capital, stock exchange and consulting. In the

healthcare industry, startup companies focus on digitalizing and automating

health diagnostics and developing remote or home healthcare services. In the

manufacturing sector, digital technologies are used in automating industrial

processes and creating smart interconnected manufacturing as well as digitalizing

product design areas in order to diminish the time and costs of manufacturing

processes and to use resources more e®ectively and e±ciently.

The research has a number of implications. First of all, we measure the special-

ization and competencies of digital startup ¯rms across di®erent sectors. The

Standard Industrial Classi¯cation (SIC) system fails to precisely capture di®erent

business activities and classi¯es them as \Others" in SIC taxonomy [Marra et al.

(2015); Papagiannidis et al. (2018); Losurdo et al. (2019)]. This is especially true for

digital ¯rms which are more dynamic, innovative and technology driven, and the SIC

classi¯cation system faces limitations to accurately re°ect the specialization and compe-

tencies of digital companies. This, in turn, limits policy-makers to design and implement

more targeted economic and innovation policy as they face lack of evidence about sig-

ni¯cant part of digital businesses. Using CrunchBase metadata, the paper provides

Mapping the Wave of Industry Digitalization
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detailed analysis of technology competencies presented in digital startup companies across

di®erent sectors and measures in which business area ¯rms bring digital technologies.

The paper also provides evidence that startup data analysis can be an important

source for detecting business and technology trends. The literature of technology

foresight mainly focuses on the analysis of patents and scienti¯c publications for

identify emerging technologies and for gathering information about weak signals of

technological changes and for detecting market threats and opportunities [Choi et al.

(2012); Kim et al. (2016); Guo et al. (2016)]. In contrast to the existing literature, we

study startup entrepreneurial activities and explore where new entrants ¯nd market

opportunities across di®erent sectors. The results demonstrate the usefulness of text

mining and network analysis approach to identify trends and patterns in startup en-

trepreneurial activities and to scan market environment as well as to detect industry

digitalization trends and to map emerging business areas. In particular, the study shows

that the co-word analysis can help companies to obtain meaningful insights about in-

dustry landscape and to study in which areas digital technologies are transforming

businesses in order to make better decisions for strategic planning and investment policy.

Furthermore, we provide a methodological approach to identify which digital

technologies reshape various industries and also to explore the degree of industry

digital transformation levels. For this purpose, the network degree centrality has

been calculated for digital technologies presented in products and services of startup

companies across education, ¯nance, healthcare and manufacturing sectors. Those

digital technologies with high degree network centrality values show that they are in

direct contact with many business areas, and this indicates the level of their usage

and adoption in speci¯c sectors. For instance, the results show that AI, blockchain

and machine learning are major technologies that are used in the digital transfor-

mation of ¯nance sector, whereas the internet of things is in the early stage of

adoption. Similarly, the internet of things has also very low frequency and centrality

values in education, ¯nance and healthcare sectors, suggesting that the technology is

at the early stage of adoption in the mentioned industries. In contrast, the internet of

things technology is at the center of manufacturing industry digital transformation,

and it is used in the wide set of manufacturing areas. Studying the degree centrality

of digital technologies and their linkages with business areas in di®erent sectors can

serve as viable metrics and tools that can provide policymakers and established

companies with detailed information about new markets, products, and technologies

as well as can help them to detect potential digital market threats and opportunities.

The analysis presented in the research can be replicated on a regional level to

study specialization and digitalization trends across territories. The research can be

also extended to a time series startup database in order to study future links between

digital technologies and business areas by applied dynamic social network analysis and

to examine di®erent scenarios of digital transformation processes across industries.
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Appendix

Table A.1. Digital technologies in the education industry.

Training E-learning

Language

learning

Mobile

apps E-books

Video

games/

gami¯cation

Museums

and historical

sites Aerospace

Arti¯cial intelligence X X X X

Augmented reality X X X X X X X

Blockchain X X

Machine learning X X X

Virtual reality X X X X X X

Table A.2. Digital technologies in the ¯nance industry.

Cryptocurrency Payments

Personal

¯nance Insurance

Asset/
wealth

management Security

Credit/

lending

Arti¯cial intelligence X X X X X X X
Blockchain X X X X X X X

Machine learning X X X X X X X

Table A.3. Digital technologies in the ¯nance industry

Venture

capital

Risk

management

Stock
exchanges/

trading

platform

Financial

exchanges

Compliance/
consulting/

information

services Crowdfunding

Arti¯cial intelligence X X X X X

Blockchain X X X X X

Machine learning X X X X X

Table A.4. Digital technologies in the healthcare industry.

Health

diagnostics

Personal

health

Mobile
health

(mHealth)

Elder

care

Clinical

trials

Medical

device

Electronic
health

record Genetics

Arti¯cial intelligence X X X X X X
Augmented reality X

Blockchain X X X X X

Machine learning X X X X X X

Mapping the Wave of Industry Digitalization

2250001-15

In
t. 

J.
 I

nn
ov

at
io

n 
T

ec
hn

ol
. M

an
ag

em
en

t D
ow

nl
oa

de
d 

fr
om

 w
w

w
.w

or
ld

sc
ie

nt
if

ic
.c

om
by

 U
N

IV
E

R
SI

T
Y

 O
F 

T
U

R
K

U
 o

n 
01

/2
4/

22
. R

e-
us

e 
an

d 
di

st
ri

bu
tio

n 
is

 s
tr

ic
tly

 n
ot

 p
er

m
itt

ed
, e

xc
ep

t f
or

 O
pe

n 
A

cc
es

s 
ar

tic
le

s.



T
ab

le
A
.5
.

D
ig
it
al

te
ch
n
ol
og

ie
s
in

th
e
m
an

u
fa
ct
u
ri
n
g
in
d
u
st
ry
.

A
u
to
n
om

ou
s

v
eh
ic
le
s/

tr
an

sp
or
ta
ti
on

P
ro
d
u
ct

d
es
ig
n

W
ea
ra
b
le
s

C
on

st
ru
ct
io
n

D
ro
n
es

E
n
er
gy

e±
ci
en
cy
/

re
n
ew

ab
le

en
er
gy

S
u
p
p
ly

ch
ai
n

m
an

ag
em

en
t/

lo
gi
st
ic

O
p
ti
ca
l

co
m
m
u
n
ic
at
io
n

F
as
h
io
n
/

te
x
ti
le

S
m
a
rt

h
o
m
e

A
rt
i¯
ci
al

in
te
ll
ig
en
ce

X
X

X
X

X
X

X
X

A
u
gm

en
te
d
re
al
it
y

X
X

In
te
rn
et

of
th
in
gs

X
X

X
X

X
X

X
X

X

M
ac
h
in
e
le
ar
n
in
g

X
X

X
X

V
ir
tu
al

re
al
it
y

X
X

3D
p
ri
n
ti
n
g

X
X

X

L. Bzhalava et al.

2250001-16

In
t. 

J.
 I

nn
ov

at
io

n 
T

ec
hn

ol
. M

an
ag

em
en

t D
ow

nl
oa

de
d 

fr
om

 w
w

w
.w

or
ld

sc
ie

nt
if

ic
.c

om
by

 U
N

IV
E

R
SI

T
Y

 O
F 

T
U

R
K

U
 o

n 
01

/2
4/

22
. R

e-
us

e 
an

d 
di

st
ri

bu
tio

n 
is

 s
tr

ic
tly

 n
ot

 p
er

m
itt

ed
, e

xc
ep

t f
or

 O
pe

n 
A

cc
es

s 
ar

tic
le

s.



References

Alc�acer, V. and Cruz-Machado, V. (2019). Scanning the industry 4.0: A literature review
on technologies for manufacturing systems. Engineering Science and Technology, 22:
899–919.

Baryannis, G., Validi, S., Dani, S. and Antoniou, G. (2019). Supply chain risk management
and arti¯cial intelligence: State of the art and future research directions. International
Journal of Production Research, 57, 7: 2179–2202.

Bengfort, B., Bilbro, R. and Ojeda, T. (2018). Applied Text Analysis with Python: Enabling
Language-Aware Data Products with Machine Learning. O'Reilly Media Inc.

Bharadwaj, A., El Sawy, O. A., Paul, , Pavlou, A. and Venkatraman, N. (2013). Digital
business strategy: Toward a next generation of insights. MIS Quarterly, 37, 2: 471–482.

Bhavnani, S. P., Narula, J. and Sengupta, P. P. (2016). Mobile technology and the digitization
of healthcare. European Heart Journal, 37: 1428–1438.

Bird, S., Klein, E. and Loper, E. (2009). Natural Language Processing with Python. O'Reilly
Media Inc.

Borodavko, B., Ill�es, B. and B�anyai, �A. (2021). Role of arti¯cial intelligence in supply chain.
Academic Journal of Manufacturing Engineering, 19, 1: 75–79.

Bradley, J., Loucks, J., Macaulay, J., Noronha, A. and Wade, M. (2015). Digital vortex:
How digital disruption is rede¯ning industries. The Global Center for Digital Business
Transformation. Available at https://www.cisco.com/c/dam/en/us/solutions/collateral/
industry-solutions/digital-vortex-report.pdf.

Buer, S.-V., Strandhagen, J. O. and Chan, F. T. S. (2018). The link between industry 4.0
and lean manufacturing: Mapping current research and establishing a research agenda.
International Journal of Production Research, 56, 8: 2924–2940.

Cagliano, R., Canterino, F., Longoni, A. and Bartezzaghi, E. (2019). The interplay between
smart manufacturing technologies and work organization: The role of technological
complexity. International Journal of Operations and Production Management, 39:
913–934.

Chatterjee, S., Rana, N. P., Dwivedi, Y. K. and Baabdullah, A. M. (2021). Understanding AI
adoption in manufacturing and production ¯rms using an integrated TAM-TOE model.
Technological Forecasting and Social Change, 170: 120880.

Chen, X., Chen, J., Wu, D., Xie, Y. and Li, J. (2016). Mapping the research trends by
co-word analysis based on keywords from funded project. Procedia Computer Science, 91:
547–555.

Chen, G., Xu, B., Lu, M. and Chen, N. S. (2018). Exploring blockchain technology and
its potential applications for education. Smart Learning Environments, 5, 1:. https://
slejournal.springeropen.com/articles/10.1186/s40561-017-0050-x.

Choi, S., Park, H., Kang, D., et al.. (2012). An SAO-based text mining approach to building
a technology tree for technology planning. Expert Systems with Applications, 39, 13:
11443–11445.

Christensen, C. M. (1997). The Innovator's Dilemma: When New Technologies Cause Great
Firms to Fail. Harvard Business School Press, Boston.

Christensen, C. M., Anthony, S. D., Roth, E. A. and Kaufman, R. (2005). Seeing What's next:
Using the Theories of Innovation to Predict Industry Change. Performance Improvement
(44:4), John Wiley and Sons, pp. 50–51.

Coccia, M. (2017a). Sources of disruptive technologies for industrial change. L'industria –
Rivista di Economia e Politica Industriale, 38, 1: 97–120. doi: 10.1430/87140.

Cocciam, M. (2017b). Disruptive ¯rms and industrial change. Journal of Economic and Social
Thought, 4, 4: 437–450. doi: 10.1453/jest.v4i4.1511.

Coccia, M. (2020). Deep learning technology for improving cancer care in society: New
directions in cancer imaging driven by arti¯cial intelligence. Technology in Society, 60:
101198. doi: 10.1016/j.techsoc.2019.101198.

Mapping the Wave of Industry Digitalization

2250001-17

In
t. 

J.
 I

nn
ov

at
io

n 
T

ec
hn

ol
. M

an
ag

em
en

t D
ow

nl
oa

de
d 

fr
om

 w
w

w
.w

or
ld

sc
ie

nt
if

ic
.c

om
by

 U
N

IV
E

R
SI

T
Y

 O
F 

T
U

R
K

U
 o

n 
01

/2
4/

22
. R

e-
us

e 
an

d 
di

st
ri

bu
tio

n 
is

 s
tr

ic
tly

 n
ot

 p
er

m
itt

ed
, e

xc
ep

t f
or

 O
pe

n 
A

cc
es

s 
ar

tic
le

s.



Coskun-Setirek, A. and Tanrikulu, Z. (2021). Digital innovations-driven business model
regeneration: A process model. Technology in Society, 64: 101461.

Day, G. S. and Schoemaker, P. J. H. (2004). Driving through the fog: Managing at the edge.
Long Range Planning, 37, 2: 127–142.

Demlehner, Q., Schoemer, D. and Laumer, S. (2021). How can arti¯cial intelligence enhance
car manufacturing? A Delphi study-based identi¯cation and assessment of general use
cases. International Journal of Information Management, 58: 102317.

Duan, Y., Edwards, J. S. and Dwivedi, Y. K. (2019). Arti¯cial intelligence for decision making
in the era of Big Data ��� Evolution, challenges and research agenda. International Journal
of Information Management, 48: 63–71.

Dwivedi, Y. K., Hughes, L., Ismagilova, E., Aarts, G., Coombs, C., Crick, T., Duan, Y., et al..
(2021). Arti¯cial Intelligence (AI): Multidisciplinary perspectives on emerging challenges,
opportunities, and agenda for research, practice and policy. International Journal of
Information Management, 57: 101994.

Frank, A. G., Mendes, G. H. S., Ayala, N. F., Ghezzi, A. (2019). Servitization and Industry 4.0
convergence in the digital transformation of product ¯rms: A business model innovation
perspective. Technological Forecasting and Social Change, 141: 341–351.

Fern�andez-Rovira, C., Vald�es, J. A., Molleví, G. and Nicolas-Sans, R. (2021). The digital
transformation of business. Towards the data¯cation of the relationship with customers.
Technological Forecasting and Social Change, 162: 120339.

GEM. (2017). Global entrepreneurship monitor: 2016–2017 report. http://gemconsortium.
org/report. Retrieved December 2, 2019.

Gomber, P., Koch, J.-A. and Siering, M. (2017). Digital ¯nance and ¯ntech: Current research
and future research directions. Journal of Business Economics, 87: 537–580. doi: 10.1007/
s11573-017-0852-x.

Guo, J., Wang, X., Li, Q. and Zhu, D. (2016). Subject-Action-Object-based morphology
analysis for determining the direction of technological change. Technological Forecasting
and Social Change, 105, 4: 27–40.

Hanelt, A., Bohnsack, R., Marz, D. and Marante, C. A. (2021). A systematic review of
the literature on digital transformation: Insights and implications for strategy and
organizational change. Journal of Management Studies, 58, 5: 1159–1197.

Hess, T., Matt, C., Benlian, A. and Wiesb€ock, F. (2016). Options for formulating a digital
transformation strategy. MIS Q. Executive, 15, 2: 123–139.

Horlacher, A. and Hess, T. (2016). What does a chief digital o±cer do? Managerial tasks and
roles of a new C-level position in the context of digital transformation. In Proceedings of
the Annual Hawaii International Conference on System Sciences, pp. 5126–5135. https://
ieeexplore.ieee.org/abstract/document/7427821.

Kaya, O. (2019). Arti¯cial intelligence in banking: A lever for pro¯tability with limited im-
plementation to date. Deutsche bank research. https://www.dbresearch.com/PROD/
RPS EN-PROD/PROD0000000000495172/Arti¯cial intelligence in banking%
3A A lever for pr.pdf. Retrieved December 12, 2019.

Kraus, S., Schiavone, F., Pluzhnikova, A. and Invernizzi, A. C. (2021). Digital transformation
in healthcare: analyzing the current state-of-research. Journal of Business Research, 123:
557–567. doi: 10.1016/j.jbusres.2020.10.030.

Khujamatov, K., Khasanov, D., Reypnazarov, E. and Axmedov, N. (2020). Industry digita-
lization concepts with 5G-based IoT. In International Conference on Information Science
and Communications Technologies, ICISCT 9351468,. Tashkent, Uzbekistan, https://
ieeexplore.ieee.org/document/9351468.

Kim, J., Park, Y. and Lee, Y. (2016). A visual scanning of potential disruptive signals for
technology roadmapping: Investigating keyword cluster, intensity, and relationship in
futuristic data. Technology Analysis & Strategic Management, 7325: 1–22.

Klepper, S. (1996). Entry, exit, growth, and innovation over the product life cycle. American
Economic Review, 86, 3: 562–584.

L. Bzhalava et al.

2250001-18

In
t. 

J.
 I

nn
ov

at
io

n 
T

ec
hn

ol
. M

an
ag

em
en

t D
ow

nl
oa

de
d 

fr
om

 w
w

w
.w

or
ld

sc
ie

nt
if

ic
.c

om
by

 U
N

IV
E

R
SI

T
Y

 O
F 

T
U

R
K

U
 o

n 
01

/2
4/

22
. R

e-
us

e 
an

d 
di

st
ri

bu
tio

n 
is

 s
tr

ic
tly

 n
ot

 p
er

m
itt

ed
, e

xc
ep

t f
or

 O
pe

n 
A

cc
es

s 
ar

tic
le

s.



Kusiak, A. (2017). Smart manufacturing. International Journal of Production Research, 56,
1–2: 508–517.

Leahy, S. M., Holland, C. and Ward, F. (2019). The digital frontier: Envisioning future
technologies impact on the classroom. Futures, 113: 102422.

Lee, B. and Jeong, Y. I. (2008). Mapping Korea's national R&D domain of robot technology
by using the co-word analysis. Scientometrics, 77: 3–19.

Li, J., Merenda, M. and Venkatachalam, A. R. (2009). Business process digitalization and
new product development: An empirical study of small and medium-sized manufacturers.
International Journal of E-Business Research, 5: 49–64.

Lindholm-Dahlstrand, Å., Andersson, M. and Carlsson, B. (2019). Entrepreneurial
experimentation: A key function in systems of innovation. Small Business Economics, 53:
591–610.

Liu, D. Y., Chen, S. W. and Chou, T. C. (2011). Resource ¯t in digital transformation: Lessons
learned from the CBC Bank global e-banking project. Management Decision, 49, 10:
1728–1742.

Lu, Y. (2017). Industry 4.0: A survey on technologies, applications and open research issues.
Journal of Industrial Information Integration, 6: 1–10.

Luckin, R., Holmes, W., Gri±ths, M. and Forcier, L. B. (2016). Intelligence Unleashed:
An Argument for AI in Education. Pearson, London.

Losurdo, F., Marra, A., Cassetta, E., Monarca, U., Dileo, I. and Carlei, V. (2019). Emerging
specializations, competences and ¯rms' proximity in digital industries: The case of
London. Papers in Regional Science, 98: 737–753.

Mackey, T. K., Kuo, T. T., Gummadi, B., Clauson, K. A., Church, G., Grishin, D., Obbad, K.,
Barkovich, R. and Palombini, M. (2019). `Fit-for-purpose?' – Challenges and opportunities
for applications of blockchain technology in the future of healthcare. BMCMedicine, 17: 68.
doi: 10.1186/s12916-019-1296-7.

Marra, A., Antonelli, P., Dell'anna, L. and Pozzi, C. (2015). A network analysis using
metadata to investigate innovation in clean-tech: Implications for energy policy. Energy
Policy, 86: 17–26.

Massaro, M. (2021). Digital transformation in the healthcare sector through blockchain
technology. Insights from academic research and business developments. Technovation,
102386. https://www.sciencedirect.com/science/article/abs/pii/S016649722100167X.

Matt, C., Hess, T. and Benlian, A. (2015). Digital transformation strategies. Business and
Information Systems Engineering, 57, 5: 339–343.

Mitchell, M. and Kan, L. (2019). Digital technology and the future of health. Systems, Health
Systems and Reform, 5, 2: 113–120.

Monteiro, F., Mol, M. and Birkinshaw, J. (2017). Ready to be open? Explaining the ¯rm level
barriers to bene¯ting from openness to external knowledge. Long Range Planning, 50, 2:
282–295.

Müller, J. M., Buliga, O. and Voigt, K. I. (2018). Fortune favors the prepared: how SMEs
approach business model innovations in Industry 4.0. Technological Forecasting and So-
cial Change, 132: 2–17.

Nakamoto, S. (2008). Bitcoin: A peer-to-peer electronic cash system. Working paper. https://
bitcoin.org/bitcoin.pdf.

Nambisan, S., Siegel, D. and Kenney, M. (2018). On open innovation, platforms, and
entrepreneurship. Strategic Entrepreneurship Journal, 12, 3: 354–368. doi: 10.1002/
sej.1300.

Nyl�en, D. and Holmstr€om, J. (2015). Digital innovation strategy: A framework for diagnosing
and improving digital product and service innovation. Business Horizons, 58, 1: 57–67.
doi: 10.1016/j.bushor.2014.09.001.

Paap, J. and Katz, R. (2004). Anticipating disruptive innovation. Research Technology
Management, 47, 5: 13–22.

Mapping the Wave of Industry Digitalization

2250001-19

In
t. 

J.
 I

nn
ov

at
io

n 
T

ec
hn

ol
. M

an
ag

em
en

t D
ow

nl
oa

de
d 

fr
om

 w
w

w
.w

or
ld

sc
ie

nt
if

ic
.c

om
by

 U
N

IV
E

R
SI

T
Y

 O
F 

T
U

R
K

U
 o

n 
01

/2
4/

22
. R

e-
us

e 
an

d 
di

st
ri

bu
tio

n 
is

 s
tr

ic
tly

 n
ot

 p
er

m
itt

ed
, e

xc
ep

t f
or

 O
pe

n 
A

cc
es

s 
ar

tic
le

s.



Papagiannidis, S., See-To, E. W. K., Assimakopoulos, D. G. and Yang, Y. (2018). Identifying
industrial clusters with a novel big-data methodology: Are SIC codes (not) ¯t for purpose
in the Internet age?Computers and Operations Research, 98: 355–366.

Pellas, N., Fotaris, P., Kazanidis, I. and Wells, D. (2019). Augmenting the learning experience
in primary and secondary school education: A systematic review of recent trends in
augmented reality game-based learning. Virtual Reality, 23: 329–346.

Phaal, R., O'Sullivan, E., Routley, M., Ford, S. and Probert, D. (2011). A Framework
for mapping industrial emergence. Technological Forecasting and Social Change, 78, 2:
217–230. doi: 10.1016/j.techfore.2010.06.018.

Rachinger, M., Rauter, R., Müller, C., Vorraber, W. and Schirgi, E. (2019). Digitalization
and its in°uence on business model innovation. Journal of Manufacturing Technology
Management, 30, 8: 1143–1160.

Reis, J., Amorim, M., Melao, N. and Matos, P. (2018). Digital transformation: a literature
review and guidelines for future research. eds. A. Rocha et al. WorldCIST'18 2018, AISC
745, Naples, Italy, pp. 411–421. doi:10.1007/978-3-319-77703-0 41.

Remane, G., Hanelt, A., Nickerson, R. C. and Kolbe, L. M. (2017). Discovering digital
business models in traditional industries. Journal of Business Strategy, 38, 2: 41–51.

Rof, A., Bikfalvi, A. and Marqu�es, P. (2020). Digital transformation for business model
innovation in higher education: Overcoming the tensions. Sustainability, 12: 4980. doi:
10.3390/su12124980.

Savastano, M., Amendola, C. and D'Ascenzo, F. (2018). How digital transformation is
reshaping the manufacturing industry value chain: The new digital manufacturing
ecosystem applied to a case study from the food industry. eds. R.Lamboglia et al. Network,
Smart and Open, Lecture Notes in Information Systems and Organisation 24, doi:
10.1007/978-3-319-62636-9 9.

Schumpeter, J. (1934). Theory of Economic Development: An Inquiry into Pro¯ts, Capital,
Credit, Interest, and the Business Cycle. Harvard University Press, Cambridge, MA.

Sebastian, I. M., Ross, J., Beath, C., Mocker, M., Moloney, K. G. and Fonstad, N. O. (2017).
How big old companies navigate digital transformation. MIS Quarterly Executive, 16, 3:
197–213.

Seibt, D., Schaupp, S. and Meyer, U. (2019). Toward an analytical understanding of
domination and emancipation in digitalizing industries. Digitalization in Industry ���
Between Domination and Emancipation. eds. U. Meyer, S. Schaupp and D. Seibt. Palgrave,
London, New York, pp. 1–25.

Silge, J. and Robinson, D. (2019). Text Mining with R: A Tidy Approach. O'Reilly Media Inc.
Sj€odin, D., Parida, V., Palmie, M. and Wincent, J. (2021). How AI capabilities enable business

model innovation: Scaling AI through co-evolutionary processes and feedback loops.
Journal of Business Research, 134: 574–587.

Strange, R. and Zucchella, A. (2017). Industry 4.0, global value chains and international
business. Multinational Business Review, 25, 3: 174–184.

Swan, M. (2015). Blockchain: Blueprint for a New Economy. 1st edn. O'Reilly, Sebastopol.
Tavoletti, E., Kazemargi, N., Cerruti, C., Grieco, C. and Appolloni, A. (2021). Business model

innovation and digital transformation in global management consulting ¯rms. European
Journal of Innovation Management, 1460–1060.

Tschorsch, F. and Scheuermann, B. (2016). Bitcoin and beyond: A technical survey on
decentralized digital currencies. IEEE Communications Surveys and Tutorials, 18, 3:
2084–2123.

Wennekers, S. and Thurik, R. (1999). Linking entrepreneurship and economic growth. Small
Business Economics, 13, 1: 27–56.

Yang, M., Fu, M. and Zhang, Z. (2021). The adoption of digital technologies in supply
chains: Drivers, process and impact. Technological Forecasting and Social Change, 169:
120795.

L. Bzhalava et al.

2250001-20

In
t. 

J.
 I

nn
ov

at
io

n 
T

ec
hn

ol
. M

an
ag

em
en

t D
ow

nl
oa

de
d 

fr
om

 w
w

w
.w

or
ld

sc
ie

nt
if

ic
.c

om
by

 U
N

IV
E

R
SI

T
Y

 O
F 

T
U

R
K

U
 o

n 
01

/2
4/

22
. R

e-
us

e 
an

d 
di

st
ri

bu
tio

n 
is

 s
tr

ic
tly

 n
ot

 p
er

m
itt

ed
, e

xc
ep

t f
or

 O
pe

n 
A

cc
es

s 
ar

tic
le

s.



Yoon, J. and Kim, K. (2011). Detecting signals of new technological opportunities using
semantic patent analysis and outlier detection. Scientometrics, 90, 2: 445–461.

Yoo, Y., Boland, R. J., Jr., Lyytinen, K. and Majchrzak, A. (2012). Organizing for innovation
in the digitized world. Organization Science, 23, 5: 1398–1408.

Zinoviev, D. (2018). Complex Network Analysis in Python Recognize, Construct, Visualize,
Analyze, Interpret. The Pragmatic Programmers, North Carolina.

Biography

Levan Bzhalava is a Marie Curie postdoctoral fellow at Finland Futures Research

Centre, University of Turku in Finland. He is also a visiting lecturer and data

scientist at Kazimieras Simonavicius University in Lithuania. Moreover, Levan was

a senior researcher at Caucasus University in Georgia and a research fellow at

Mälardalen University in Sweden. He received the Ph.D. Economics degree from the

Max Planck Institute of Economics and Friedrich Schiller University Jena in Ger-

many (in 2015).

Sohaib S. Hassan works as a senior postdoc in the Faculty III: School of Economic

Disciplines at the University of Siegen, Germany. At the faculty, he is a member of

the graduate research group (KontiKat) of the Federal Ministry of Education and

Research, Germany (BMBF). Since, 2016, he is the research coordinator of the SME

Graduate School of the faculty. He received the B.A. and M.Sc. Economics degrees

from the University of the Punjab, Pakistan, and the M.B.A. degree from the

University of Leipzig, Germany. He received the Ph.D. Economics degree from the

Max Planck Institute of Economics and Friedrich Schiller University Jena, Germany

in 2014.

Jari Kaivo-oja is the Research Director at the Finland Futures Research Centre of

the Turku School of Economics as well as an Adjunct Professor at the University of

Helsinki and at the University of Lapland. He has worked for the European Com-

mission (FT6, FP7, H2020), the European Foundation, the Nordic Innovation

Center (NIC), Eurostat, NATO, the Finnish Funding Agency for Technology and

Innovation (TEKES), RAND Europe, and for the European Parliament. Currently,

he is a researcher at European Research Infrastructures in the International Land-

scape (Horizon 2020), at Radical Innovation Breakthrough Inquirer (European

Commission), at European Futures for Energy E±ciency (Horizon 2020) and at

Transition to a Resource E±cient and Climate Neutral Electricity System (Acade-

my of Finland). He is also the principal investigator of the Academy of Finland in

“Manufacturing 4.0” project. In 2016 he worked as Scienti¯c Evaluator at European

Academy of Management (Paris, France), at the Marie Sklodowska-Curie actions of

the EU Horizon 2020 programme (Brussels, Belgium) and at the National Science

Center of Poland. Prof. Kaivo-oja is international expert in the ¯eld of foresight and

innovation studies.

Bengt K€oping Olsson is a lector and researcher in innovation management at

Mälardalen University in Sweden. He has the background of an engineer and a

Mapping the Wave of Industry Digitalization

2250001-21

In
t. 

J.
 I

nn
ov

at
io

n 
T

ec
hn

ol
. M

an
ag

em
en

t D
ow

nl
oa

de
d 

fr
om

 w
w

w
.w

or
ld

sc
ie

nt
if

ic
.c

om
by

 U
N

IV
E

R
SI

T
Y

 O
F 

T
U

R
K

U
 o

n 
01

/2
4/

22
. R

e-
us

e 
an

d 
di

st
ri

bu
tio

n 
is

 s
tr

ic
tly

 n
ot

 p
er

m
itt

ed
, e

xc
ep

t f
or

 O
pe

n 
A

cc
es

s 
ar

tic
le

s.



degree in psychology. He has a Master of Fine Arts in piano and has been teaching

piano and also worked as a musician on a freelance basis. K€oping Olsson's research

focus is on collective thought processes and factors that enable group creativity -

how group members consider each other's initiatives to achieve shared goals.

Javed Imran is an associate professor at the Entrepreneurship and Innovation

Centre, Kazimieras Simonavicius University in Lithuania. He was also a visiting

lecturer at the University of Information Technology and Management in Rzeszow,

Poland. He received Ph.D. in environment and resource management from North-

west A&F University China (in 2012). His current research focuses on large-group

techniques to increase cross-organizational innovation as well as other communica-

tion mechanisms to deal with the complex, multi-stakeholder problems of integrat-

ing corporate responsibility and sustainability.

L. Bzhalava et al.

2250001-22

In
t. 

J.
 I

nn
ov

at
io

n 
T

ec
hn

ol
. M

an
ag

em
en

t D
ow

nl
oa

de
d 

fr
om

 w
w

w
.w

or
ld

sc
ie

nt
if

ic
.c

om
by

 U
N

IV
E

R
SI

T
Y

 O
F 

T
U

R
K

U
 o

n 
01

/2
4/

22
. R

e-
us

e 
an

d 
di

st
ri

bu
tio

n 
is

 s
tr

ic
tly

 n
ot

 p
er

m
itt

ed
, e

xc
ep

t f
or

 O
pe

n 
A

cc
es

s 
ar

tic
le

s.


	Mapping the Wave of Industry Digitalization by Co-Word Analysis: An Exploration of Four Disruptive Industries
	1. Introduction
	2. Theoretical Framework
	3. Data and Methodology
	4. Results
	5. Conclusion and Implications
	Acknowledgments
	Appendix A. 
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 900
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages false
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


