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Industry4.0 applications have become a strategic issue for countries because of giving competitive potential. In this context,
studies are realized on ranking and grouping countries to determine the usage levels of Industry4.0 technologies. However,
containing different variables, indexes and techniques in these studies presents different results. The lack of an agreed
technique for grouping countries based on Industry4.0 technologies leads to method confusion on the subject. Clustering is
one of the most suitable options for sorting or grouping a dataset. The purpose of the study is to categorize the countries
according to usage of Industry4.0 technologies by using machine learning techniques. The clustering algorithms were
applied to the ICT Usage in Enterprises data compiled from Eurostat. In the study, the most appropriate clustering algorithm
was specified, the distance values within and between clusters were calculated, and the level differences in Industry4.0

technologies of the countries were determined.
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Introduction

Technological developments throughout the historical
process have led to significant changes affecting social,
cultural and economic life. The transition to conscious
agriculture, the invention of the loom and internet are
considered as turning points in human history. These turning
points brought major changes in social and business life, and
these developments were described as "revolution” due to
their effects (Drucker, 1986). Some technologies in these
revolutions have come to the fore as symbols such as plough
and stem machine. In Information and Communication
Technologies (ICT), which is considered the third
revolution, the internet is the prominent technology. Today,
a new revolution called Industry4.0 (14.0) is mentioned,
referring to systems that operate completely automatically
and communicate with each other in production and service
activities. Since this revolution utilizes all the possibilities
of ICT, it would not be wrong to emphasize that ICT is its
driving force. In this context, the Internet of Things (loT),
Cloud computing (CC), Big data (BD), 3D-printing (3D),
Artificial Intelligence (Al) are considered crucial
technologies within the scope of 14.0 (Wang et al., 2015).

The 14.0 concept, introduced by the German
government in 2011, is defined as production systems
supported and shaped by ICT (Kagermann et al., 2013). The
concept, situated within the framework of smart production
systems, smart factories (Kagerman et al., 2013), and
integration tools of product lifecycle (Dalenogare et al.,
2018), can be characterized as production systems working
autonomously, communicating with each other through ICT
integration. This integration process encompasses the entire
life cycle of the product, starting from raw material
procurement to final consumer evaluations (Wang et al.,
2016). Therefore, the concept spans both classical
production processes and service processes (Mariani &

Borghi, 2019). In other words, 14.0 is a technology
applicable not only in the production sector but also in
service sectors such as tourism, logistics, and health. It
establishes connections between these sectors. Similar to
previous technological revolutions, countries aware of the
advantages of 14.0 are making significant investments in this
field. Developments in technologies within the scope of 14.0
indicate that countries avoiding these advancements may
face serious losses in the long term.

The concept of digital divide, defined as differences in
ICT ownership levels, is recognized as a new form of
inequality that negatively impacts business processes
(Fidan, 2016). Various factors, including social, cultural,
technological, and educational aspects, underlie this type of
inequality (Kraftova et al., 2011). 14.0-based technologies
that have developed in the last decade can be considered as
factors that contribute to the widening of these inequalities.
So, the digital divide originating from 14.0 technologies
(14.0-DD) is seen as a new inequality problem (Kuruczleki
et al., 2016). Differences in the adoption and utilization of
14.0, which significantly contributes to the economic and
technological developments, lead to an increase of digital
divide between countries. It is emphasized in all studies that
countries giving less importance to the technologies
developing in 14.0 will have disadvantages. According to
Tutak and Brodny (2022), 14.0 technologies have features
that provide significant competitive advantages to
companies and countries. According to researchers,
countries and companies that cannot catch up this revolution
will experience significant losses in the long term.
According to the 2019 report of the United Nations (UN),
the 14.0 revolution has the power to create sustainable
industrial value, also has the potential to negatively affect
the technological development of countries by further
deepening the digital divide (UN, 2019). In 2021 report of
United Nations Industrial Development Organization
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(UNIDO), attention is drawn to the difference in
technological development levels and it is emphasized that
the digitalization process of countries should be balanced
(UNIDO, 2021). Countries those are aware of the problem
aim to increase their digital competence levels in order to
avoid the cost of falling behind 14.0 technologies. For this
purpose, they provide significant support to technological
developments.

The primary issue in digitalization process is to determine
the technological level and differences (Senna et al., 2023).
Thus, the roadmap, action plan and policies can be specified
according to the level of digital differences. For this reason,
measuring the level of 14.0-DD is crucial for implementing
effective precautions. Many studies have been realized to
measure 14.0-DD differences between countries. All of these
studies claim that their methods produce reliable results.
However, the common view in the literature is that model and
method-based some problems are observed in the studies.

The main problem in these studies is which method
accurately measures the inequalities. In the studies, country
rankings are established by developing measurement tools
using statistical methods, scores and certain indexes such as
Digital Opportunity Index (DOIl), Digital Access Index
(DAL), ICT Development Index (IDI), Digital Economy and
Society Index (DESI). In addition, new indexes for measuring
technological levels, called technological maturity (TM) and
digital maturity (DM), have been widely used in recent years
(Antony et al., 2021; Tutak & Brodny, 2022; Senna et al.,
2023). In TM and DM studies, it is aimed to calculate a score
value for the level indicator in indexes created with various
variables (Hizam-Hanafiah et al., 2020). However, it is
frequently stated in the literature that there are deficiencies in
measurement methods determining technological level by
calculating score values (Thordsen & Bick, 2023). The use of
different approaches, variables and weightings in these
indexes leads to different scores and results (Fidan, 2016;
Cognet et al., 2023). A country that ranks first in one index
may rank third in another. These differences in country
rankings create methodological confusion regarding which
index provides superior accuracy.

Another challenge observed in studies is the inconsistent
results of Multi-Criteria Decision Making (MCDM) methods
frequently used in studies for rankings. Due to the different
calculation techniques, MCDM methods create different
rankings even in the same datasets (Larichev, 1999). The fact
that confirmatory analyses are not included in studies
including MCDM creates a contradiction as to which MCDM
method provides a healthier ranking (Asadabadi et al., 2019).
Different determinations of the importance levels of the
variables and weights affect the results (Kumar et al., 2024).
However, the fact that the technologies used within the scope
of 14.0-DD are interrelated requires that the subject be
evaluated holistically. For this reason, it would be a more
appropriate approach to conduct analyses by grouping
countries in determining the difference levels. Instead of
determining a country reaching digital maturity level,
determining the difference values within and between groups
by grouping countries that have reached the digital maturity
level will provide a broader perspective. Thus, it will be
possible to develop more comprehensive and appropriate
policies related for solutions.

Although all studies on 14.0-DD emphasize that there are
differences between countries, another deficiency observed in
the studies is that the level of differences is not determined.
In 14.0-DD analyses, it should not be neglected which
countries need support and to how much they should be
encouraged. Since no approach has been found to address this
deficiency, an applicable framework for supportive and
encouraging policies cannot be presented in the studies. In
cluster analyses, both intra-cluster and inter-cluster distances
can be calculated (Han et al., 2012). In this context, this study,
which proposes cluster analysis for determining 14.0-DD
levels, also aims to eliminate the deficiency regarding the
calculation of differences.

These problems create methodological confusion in the
literature in measuring 14.0-DD, and lead to the questioning
of studies in terms of methodology and results. In order to
solve these problems, grouping countries and analyzing by
unsupervised machine learning techniques that have wider
analysis  possibilities will reveal more consistent,
interpretable and verifiable results. Finding the most
successful method by performing the accuracy analysis will
put an end to the method confusion in the literature. So, the
objective of this study is to find an alternative solution based
on machine learning technique for the problems of measuring
14.0-DD.

Clustering is an unsupervised machine learning
technique that is one of the most suitable methods for
grouping items in a dataset (Han et al., 2012). This method
allows the structural analysis of clusters formed by
determining related items. In this way, it can be discovered
the cluster analysis produces healthy results or not. In
addition, in cluster analysis, by finding the distance values
within and between clusters, the levels of differences between
countries can be determined. While the calculation methods
and tools in cluster analysis are sufficient to overcome the
shortcomings of the methods used in previous studies on the
subject, it is surprising that they are not preferred much in the
literature. This study claims that unsupervised machine
learning is the most suitable method to overcome the
deficincies in the literature. So, aim of this study is to
determine the 14.0-DD level between countries by using
clustering analysis. Data on Cloud Computing (CC), Big Data
(BD), 3D printing (3D), Internet of Things (loT), Artificial
Intelligence (Al), ICT-Employment, and ICT-Training usage
in company processes were compiled from Eurostat's ICT
Usage in Enterprises dataset for European countries. The
novelty of this study lies in successfully determining 14.0-DD
using unsupervised machine learning methods instead of
traditional measuring methods such as indexes, scores, and
MCDM. Consequently, clustering analysis was conducted to
group countries according to their 14.0-DD levels. The
performance of clustering was calculated by using internal
validity indexes, namely the Silhouette Index (SI) and Dunn
Index (DI). The results indicated that the most successful
clustering algorithm was K-Means with 4 clusters. Distances
between clusters were then calculated to determine the 14.0-
DD level between countries. According to the results, Finland
and Sweden were identified as the leading countries. In
contrast, Cluster 3, which includes Turkiye, Lithuania,
Romania, and Bulgaria, was found to lag behind. The 14.0-
DD level difference between these two clusters was
calculated to be 156 %.
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Industry 4.0 and Technologies

14.0, introduced by the German National Academy of
Science and Engineering in 2011, encompasses the concept
of ICT-based technological innovation, laying the
groundwork for the development of new technologies and
organizational methods (Kloviene & Uosyte, 2019).
Technologies such as 10T, Al, CC, BD, and 3D contribute to
increased performance, high efficiency, and a competitive
advantage in companies' fields of activity (Sauter et al.,
2015). In other words, 14.0 holds significant potential to
impact entire company processes. Built on the idea of
automating company process controls and enabling devices to
communicate with each other, 14.0 is a concept encompassing
human-to-human (C2C), human-to-machine (C2M), and
machine-to-machine (M2M) data communications (Cooper &
James, 2009). In this context, it can be noted that 14.0 generally
includes technologies covering data production, data
transmission, and data analysis.

With 14.0, ICT-based technologies have gained vital
importance in company processes (Kloviene & Uosyte,
2019). Countries that recognize this significance aim to
enhance their ICT competencies by assessing their level of
ownership of 14.0-related technologies used in business life.
To support this process, companies that prioritize the
employment of ICT experts provide their employees with
ICT training to boost the skills of their workforce.
Companies, seeking to avoid falling behind in this
revolution, place particular emphasis on strategic 14.0
technologies.

Internet of Things

10T technology is founded on the acquisition of real-
time data within manufacturing processes and its subsequent
dissemination to various endpoints, including workers (Bi et
al., 2014). Gubbi et al. (2013) outlined that loT systems
contain four units: data production, wireless sensor network
(WSN), data storage-analysis, and application layer. An
alternative perspective claims that an 10T system can be
build by five units: Radio Frequency ldentification (Rfid),
WSN, middleware, CC, and software (Lee & Lee, 2015).
Taking a broader approach, Patel & Patel (2016) claimed
that loT systems have four units as sensor, network,
management, and application layer. It can be stated that 10T
system consists of three layers: data production, data
transmission and storage-analysis (Fidan & Yuksel, 2020).
An 10T’s architecture is given in Figure 1.
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Figure 1. Architecture of loT
Source: Fidan & Yuksel, 2020

Figure 1 shows the general operation of an 10T system.
Data obtained from objects by sensors are brought together
in the data transmission layer and made available for use in
company processes. The storage-analysis layer contains
data storage, analysis, security and data sharing tasks. In this
layer, integrations are also made with data security,
company decision support systems and applications used by
the company such as Supply Chain Management (SCM),
Enterprise Research Planning (ERP), and Customer
Relation Management (CRM).

Artificial Intelligence

Al is defined as systems that perform processes such as
learning, decision-making, control and regulation of a
human intelligence by using relevant data (Peres et al.,
2020). The application of these systems in industry is
carried out by processing the data obtained from all activity
processes of companies and is described as Industrial Al
(Lee et al., 2015). Al, which has subfields such as machine
learning, deep learning, natural language processing, and
computer vision, enables the autonomous functioning of
machines used in production processes (Ahmed et al.,
2022). The industrial application areas of Al, which is also
used in decision support units of loT systems, are becoming
widespread.

Big Data

Data types in computer systems are evaluated in two
groups as structured and unstructured. Data that can be
designed as a table according to a certain number of rows
and columns is called structured data. However, in current
technological systems, there are also data such as pictures,
songs, videos, and text that cannot be directly used in the
tabulation method. Analysis of unstructured data, which has
become the focus of attention especially with the spread of
social media applications, is a challenging process because
it requires additional processes and techniques. BD is
defined as the analysis of high volume and unstructured data
(Shi, 2022). There has been an increase in using BD for
company processes in recent years. It is an important tool
for companies' market analysis because it provides access to
instant data (Xu et al., 2016). Some business processes such
as CRM (Hallikainen et al., 2020), brand value (Shirdastian
et al., 2019), demand forecasting (Seyedan & Mafakheri,
2020), which are vital analyses for companies, can be
realized in a different way by using BD. These analyses
performed with real market data provide significant
contributions to companies.

Cloud Computing

CC is an information access model for using internet-
based computing resources without time and device
restrictions (Benlian et al., 2018). CC, which allows
widespread use of ICT resources, is becoming an important
business model in ICT resource distribution (Sunyaev,
2020). In this context, it is described as a technology that
will enable the reshaping of business models within the
framework of collaboration (Xun, 2012). CC technology
can transfer the resources of businesses to cloud providers
through virtual servers and services. In this way, companies
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have advantages such as low cost, effective accessibility and
sustainability.

3D Printing

It is a technology used to turn virtual objects created
electronically through the layering method into 3D physical
objects (Ngo et al., 2018). Production can be made using
different materials with the method called additive
manufacturing (Jandyal et al., 2022). Today, 3D printers can
work with many materials such as plastic, resin, metal,
ceramics, candy and chocolate. In this respect, it has found
the opportunity to be used in many areas such as health,
automotive and education. It provides significant
production, cost and time advantages, especially in
prototype, personalized and finished products (Ngo et al.,
2018).

Advantages of 14.0 for Business Processes

Companies focus to provide high-quality products and
cost minimization. Thus, they seek to enhance their market
influence through strategic industrial planning. The
fundamental objective in gaining market power lies in
outperforming other companies in terms of competitive
power. To achieve this goal, companies focus on innovating
methods and strategies that align with technological
advancements in production (Fidan & Yuksel, 2020). In this
context, the main concern is that “Can 14.0 systems bring
competitive advantages to business?”

It is widely accepted in the literature that technology
provides competitive advantages for the companies. It is
accepted that technology has great competitive potentials
that can change sectors (Porter, 1985). So, 14.0 brings many
opportunities for companies (Jernigan et al., 2016). The
sections below explain potential ways in which 14.0 systems
could contribute to various business processes.

Automated Systems

Studies carried out with the aim of ensuring inter-object
communication and self-determining machines in company
processes reveal different approaches to the idea of
automation in all sectors. In this context, changes are
observed in the self-functioning system structures designed
according to the results of the data collected by people,
analysis and decision processes. As the analysis, decision-
making, and implementation processes increasingly align
with the principles of Industry 4.0, the notion of automation
enters an entirely new realm (Ahmed et al., 2022). It is
crucial to acknowledge that the dynamic system structure in
automation stems from the comprehensive integration of
data collection, analysis, decision-making, and guidance
within the designed systems (Patel & Patel, 2016). For
example, a machine that works in the production process but
says that it will malfunction after a while, a production line
that detects that the quality level of production outputs will
be low and even lists the possible reasons for the lack of
quality, a machine that detects the reason for an employee's
decrease in productivity by monitoring social media posts
and offers solutions. Employee monitoring systems make
significant contributions to the production processes of the
production line balancing system by taking into account the
warehouse capacity according to product demands.

Real-time Monitoring

Efficient and optimal utilization of production
resources within company operations represents a
significant concern in both engineering and economics.
Attaining maximum production efficiency relies on the
effective utilization of resources throughout the production
process. It is fundamental to monitor the capital and labour
inputs of companies comprehensively, spanning from the
inception to the conclusion of the production cycle, for the
overall success of the company. However, challenges such
as resource limitations and technological gaps make the
establishment and sustenance of monitoring systems costly
and often unfeasible, particularly in service sectors (Fidan
& Yuksel, 2020). The capabilities of 14.0 systems,
empowered by advanced data collection and
communication functionalities, offer a viable solution for
the seamless implementation of real-time and automated
monitoring systems.

Reducing Data Errors

The basis of successful business analysis lies in
acquiring adequate and high-quality data. Human-generated
data is prone to errors, particularly in manual collection and
recording during production processes, leading to a decline
in data quality, especially when dealing with large datasets.
Employing 14.0 technologies for data collection helps
mitigate errors arising from human factors. The utilization
of technologies like environmental sensors and Rfid in data
collection leads to a reduction in error rates, consequently
enhancing the overall quality of data analysis. This, in turn,
results in more precise analysis outcomes. The efficacy of
quality control processes is bolstered as potential errors
from individual assessments, particularly in quality control
procedures conducted by different individuals, are
minimized.

Increasing Efficiency

The assessment of productivity, a concept examined
across a broad spectrum, lacks a standardized measurement
tool due to its evaluation based on diverse parameters
(Sauermann, 2016). Productivity, typically defined as the
ratio of outputs to inputs in either quantity or monetary
terms, can be analysed separately with respect to labour and
capital or comprehensively by considering all production
factors collectively (Fisher, 1990). Nonetheless, the
prevailing perspective is that enhancing the efficiency of
labour, capital, methods, or processes correlates with
increased productivity for a company or sector (Reynolds,
1998). Consequently, the measurement of worker or
machine efficiency emerges as a crucial consideration for
companies. In productivity analyses, 14.0 systems ensure
that the entire process is monitored, data is collected
completely and analyses are made clearly. In this way, it
enables the accurate identification of employees or
machines with low productivity.

Cost Reduction

Although initial setup costs are high, the operating costs
of company processes are reduced with 14.0 (Ghobakhloo,
2020). The uninterrupted operation of automated production
systems and with minimal errors provides significant
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reductions in companies' costs (Schroeder et al., 2019). It
reduces analysis error rates in data entry, access, analysis,
control and decision processes and accordingly accelerates
system evaluations (Ghobakhloo, 2020). In addition, real-
time monitoring of production processes makes positive
contributions to preventing work accidents, thus preventing
costs that may occur due to malfunctions and work accidents
(Dalenogare et al., 2018).

Increasing Cooperation

Due to the system structure, data collection and data
storage processes are among the basic processes of 14.0
technologies. The system operation data obtained is the
basic component for every analysis to be implemented
within 14.0 (Lu, 2017). In this way, it is possible to share
data between different units within the company and to
create an environment for data exchange with different
companies. Shared usage of data produced in different units
within the company increases internal process efficiency
(Salkin et al., 2018). On the other hand, 14.0 technologies
provide increased business connectivity globally. Especially
10T, CC and BD technologies expand companies' data and
application sharing opportunities (Han & Trimi, 2022).

14.0-DD

Digital divide, defined as differences in access to
information technologies (Fidan, 2016), can be also used to
express differences for usage of 14.0 technologies. In this
context, 14.0-DD will be formed between countries that
cannot adequately adapt to 14.0 technologies. This problem
will lead to inadequate use of the business collaboration
opportunities, delay the implementation of 14.0 technologies
in business processes, and reduce the effectiveness of global
collaboration. The report prepared by the United Nations
(UN) in 2019 emphasizes that 14.0 transformations will
negatively affect less industrialized countries, development
differences between countries will increase and these
countries will be more disadvantaged in terms of
competition (UN, 2019). In this context, determining the
14.0-DD level between countries becomes an important
issue.

Related Studies

The digital divide, defined as differences in using
information technologies, is not a new issue. The concept,
which has attracted the attention of researchers with the
widespread information technologies, is expressed as a
serious social and economic problem (Attewell, 2001;
OECD, 2001). With entrance of new technological
developments into our lives within the framework of 14.0 in
the last decade, it is accepted that the concept that creates
new inequalities is a global problem, especially for business
(Kuruczleki et al., 2016; Pacchini et al., 2019; Branco et al.,
2023).

A large number of studies have been conducted to
determine the differences in 14.0-DD levels between
countries. When the literature is examined, it can be said
that the studies generally focus on determining 14.0-DD
levels. In studies using different approaches, it is observed
that there is no consensus on the method. The first studies
on the subject, which started in the 2000s, aimed to create a

metric. In the following years, composite indexes were
developed as a measurement tool and used in analyses (Ali
etal., 2020). In some of these studies, index values based on
various indicators are calculated (Tutak & Brodny, 2022),
while in others, country rankings are determined with
MCDM methods (Balkan & Akyiiz, 2023). It is seen that
14.0 technologies are also included in studies focusing on
determining the DM level, especially after 2016 (Elibal &
Ozceylan, 2022).

Since the first years of the studies, there is serious
method confusion in measuring digital gap level between
individuals, companies and countries. Drawing attention to
this method confusion, Fidan (2016) states that different
measurement tools are applied such as DOI, DAI, IDI,
Networked Readiness Index (NRI), Digital Evolution Index
(DEI) and DESI. Since different components, variables and
weights are used in these indexes, different results are
obtained (Fidan, 2016). Stating that IDI has inadequacies in
quantitative measurements due to the subjectivity of sub-
index weights, Gerpott and Ahmedi (2015) emphasized the
deficiency in interpreting socio-economic results. DESI,
which is generally used to assess the digital development of
European Union countries, covers 4 main components:
connectivity, human capital, digital technology integration
and digital public services (European Commission, 2021).
Despite its widespread use, DESI has some methodological
deficiencies too. Stiftung (2020) emphasizes that regional
differences are not taken into account in the weighting of
variables and argues that DESI has scope problems.
According to Yakymova et al., (2022), weighting and expert
evaluations create methodological problems in index
calculations. Researchers emphasize that this deficiency is
the main problem of composite indexes such as DESI.
Studies conducted to address the deficiencies in these
indexes aim to improve the existing index or design a new
one. Kuruczleki et al. (2016), who conducted one of the first
studies to determine 14.0-DD levels, created a readiness
index using eight indicators. Atik & Unlu (2019) stating that
Kuruczleki et al. (2016) neglected 14.0 technologies have
expanded the study by including 14.0 technologies.
According to Gerpott and Ahmedi (2015), who emphasized
that the sub-index weightings of the IDI index used in
determining the ICT levels of countries are subjective, IDI
is insufficient in gquantitative measurements. To eliminate
this deficiency, they suggested using the Least Squares
method and Structural Equation Model. Santos and
Martinho (2020) remark that studies on determining
technological levels do not have a theoretical infrastructure,
and suggest that technology adaptation theory should be
taken as the basis in 14.0-DD studies. Hajoary et al. (2023),
who stated that the evaluation frameworks of the indexes
used in the literature are narrow and do not include
confirmatory analyzes, developed a model with a wider
range of indicators. In a similar view, Senna et al. (2023)
claimed that environmental factors are ignored and designed
a composite index including technology, organization and
environment. Stating that All Composite indexes are created
with different indicator weights and that the simple
averaging method is used in calculations, Mahdiloo et al.
(2023) argue that this situation prevents sub-indicator
interpretations and reduces the usefulness of composite
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indexes. According to Cognet et al. (2023), a few models
and indexes have a structure that allows quantitative
comparisons. So, main source of the method complexity in
literature is the inability to associate different models and
methods. Researchers have recommended machine
learning-based methods to solve the method confusion
(Cognet et al., 2023).

Another common method used to rank countries
according to their digital technology competencies is
MCDM. In some of these studies, MCDM methods are used
as a hybrid with indexes. Samaranayake et al. (2017), who
argued that the technologies highlighted in 14.0 should be
ranked with MCDM and that comparisons should be made
according to this ranking, applied the AHP method for the
ranking of the highlighted technologies. Honti et al. (2020),
who asserted that it would be more appropriate to use MCDM
methods together with indexes, developed a composite index
using the PROMETHEE method. Contieri et al. (2021)
suggested the TOPSIS method, and Balkan and Akyuz (2023)
suggested the PROMETHEE method to determine the levels
of difference in the use of 14.0 technologies. Marti and Puertas
(2023) ranked the countries with the TOPSIS method using
the Global Innovation Index (GlI) together with DESI. In a
recent study, AHP and CoCoSo methods were applied in
ranking the performance outputs originating from 14.0
technologies (Kumar et al., 2024). It is seen that various
MCDM methods are applied in the literature. However, the
fact that accuracy analyses are not included in these studies
leads to difficulties in choosing the appropriate method. In
addition, different rankings are obtained with the MCDM
methods. Reaching different results causes confusions and
questions the MCDM methods.

In recent years, studies called Digital Maturity (DM)
have been seen aiming to determine digital technology
competencies (Thordsen & Bick, 2023). DM studies are on
the same level as studies on the digital divide in terms of
their research subject and generally aim to measure the
digital competencies of companies based on some indicators
(Pauli et al., 2021). Especially after the developments of
14.0, the concept of DM has attracted great interest from
researchers (Balkan & Akytiz, 2023), and studies have been
conducted in different fields such as education (Kobets et
al., 2020), healthcare (Shaygan & Daim, 2023), agriculture
(Scandurra et al., 2023), manufacturing (Kamble et al.,
2020; Konstantinidis et al., 2023), and tourism (Carlisle et
al., 2023; Jain et al., 2023). In this context, a large number
of indexes and models have been developed (Tutak &
Brodny, 2022). Despite some shortcomings, DM studies are
accepted to contribute to the digitalization processes of
companies (Thordsen & Bick, 2023). In this context, it is
emphasized that the technologies developing with 14.0
should also be added to DM analyses (Hsu & Yeh, 2017,
Sharma et al., 2020). However, a similar situation on
method confusion in 14.0-DD studies is also seen in DM
studies. The general notion in the literature is that the
methods are not sufficient for a comprehensive evaluation
of DM. Hellweg et al. (2021) accepts the reason for this
inadequacy as the lack of a theoretical infrastructure for
DM. According to researchers, theoretical inadequacies
constitute an obstacle to the development of a valid
measurement method. This causes a methodological
confusion in DM studies (Pavel et al., 2021). In addition to

the method confusion, Cinar et al., (2021) emphasizes that
the developed models are not capable of covering all
sectors. Although DM models have similar structures,
Cognet et al., (2023) claim that each one follows different
directions and state that some models focus on technology
and some models focus on marketing. For this reason, there
is no homogeneity in DM models. It can be said that 14.0-
DD and DM studies are related to technological capacity
and both research areas face methodological problems. The
development of a method with theoretical foundations will
solve the problems encountered in these studies. In this
context, there is a need to develop a measurement method
having scientific basis, questionable, verifiable and
generally accepted.

There are few studies using machine learning to identify
differences within the scope of 14.0-DD. These studies
include methods such as logistic regression (Kovacic &
Vukmirovic, 2008), decision trees (Painsky & Rosset,
2017), and classification (Hidalgo et al., 2020) instead of
unsupervised machine learning. However, the most
appropriate method that can be used to group a dataset
according to similar features is clustering (Han et al., 2012).
Only a few studies that include clustering analysis have been
found in the literature. Applying hierarchical clustering to
identify differences between firms, Frank et al. (2019)
identified 3 clusters for company levels: low adapters,
medium and advanced. Eurostat data and DESI were used
in a study examining the relationship between digitalization
of EU-28 countries and global competition and labor
productivity (Polozova et al., 2021). K-Means clustering
was applied to DESI values to group countries. Researchers,
who created 4 clusters: leaders, perspective, followers and
transition, determined that the leading countries are located
in northern Europe. Applying factor analysis to Eurostat
data, Branco et al., (2023) divided European countries into
5 clusters using the Ward clustering. Kolupaieva and
Tiesheva (2023), who examined the asymmetry between
14.0 technology usages in EU-28 countries, stated that
Fuzzy clustering is the most effective method in grouping
countries. Researchers, who determined the significance of
the clusters created with the fuzzy approach using the F-test,
determined that northern European countries have
significant advantages.

It is seen that there is no consensus in the literature for
measuring 14.0-DD levels and the methods used are
questioned in the literature. Different components, variables
and calculation methods used in the created indexes cause
the results to be different. The second deficiency observed
in the studies is that the validation analyses of the methods
are not included. For this reason, there are doubts about
which method will be valid and successful. Another
deficiency in the literature is that the differences are
determined according to the averages on a country basis.
However, instead of determining the differences according
to a certain score value, the approach of grouping countries
with similar characteristics will provide a more reliable
interpretation of the results in 14.0-DD studies. The levels of
differences within and between groups can also be
calculated with cluster analysis. Although some studies
applying machine learning methods for grouping countries,
clustering is rarely encountered in analyses and performance
analyses are not included. The possibilities of clustering
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analysis will eliminate the deficiencies in 14.0-DD studies.
Interpreting the results according to clustering methods with
higher performance will provide more successful
inferences. Measuring inter-cluster and intra-cluster
distances will determine how different countries are from
each other within the scope of 14.0-DD and what level of
precautions should be taken. In this way, an appropriate
roadmap can be determined for the solution of the 14.0-DD
problem and effective policies can be developed.

Materials and Methods

For the research, CC, BD, 3D, loT, Al, ICT specialist
employment (ICT-Emp) and ICT-skill training (ICT-Train)
rates of companies in EU-27 countries and Turkiye were
used. The data for these criteria was obtained from the ICT
Usage in Enterprises database on the Eurostat website in
November 2023. After collecting the data, it was observed
that some countries had missing data in their criteria values.
In order not to negatively affect the analysis, the missing data
were completed by taking the average of the relevant criteria
according to the column data in which they were located.
Thus, the dataset to be used for the research was created with

Dataset 28 items and 7 criteria and presented in Table 1..
Table 1
Research Dataset
CC BD 3D loT Al ICT-Emp ICT-Train

C1 Belgium 40.16" 10.84" 27.10 30.00" 10.60 5.60 22.01"
C2 Bulgaria 9.70 5.10 9.20 15.20 2.80 3.80 6.90

C3 Czechia 38.90 8.30 15.50 37.30 4.20 4,50 23.90
C4 Denmark 62.80 22.60 37.50 21.80 27.30 5.70 32.10
C5 Germany 38.80 13.10 14.90 36.80 9.40 5.00 28.90
C6 Estonia 58.20 7.60 12.70 21.10 2.80 6.60 14.40
C7 Ireland 67.40 22.00 17.80 30.00" 8.50 6.20 28.40
C38 Greece 18.70 10.84" 9.30 23.50 5.60 2.50 15.00
C9 Spain 27.90 6.40 18.70 28.30 7.50 4.30 17.40
C 10 | France 27.70 16.70 24.80 22.10 5.50 4.30 16.60
C 11 | Croatia 34.80 12.20 9.50 24.10 8.40 3.70 19.10
C 12 Italy 61.90 6.30 18.30 36.90 6.70 3.90 19.20
C 13 | Cyprus 43.90 4,70 8.30 37.20 1.90 4.60 22.20
C 14 Latvia 26.70 7.70 11.80 33.20 2.60 4.40 12.60
C 15 Lithuania 35.30 7.90 13.50 30.00 5.10 4.40 11.90
C 16 Luxembourg 36.20 13.10 23.20 29.50 12.60 7.70 31.40
C_17 | Hungary 24.80 7.40 11.00 23.10 4.00 4.10 18.00
C 18 Malta 53.40 10.84" 16.82" 28.70 7.30 4.80 22.01"
C 19 Netherlands 62.00 23.50 22.00 22.30 12.50 7.20 29.20
C 20 | Austria 37.10 9.40 17.00 55.20 9.80 5.00 26.60
C 21 Poland 28.20 6.90 10.40 19.00 2.30 3.60 23.80
C 22 Portugal 29.40 7.00 17.30 23.60 19.10 4,50 19.10
C 23 | Romania 11.20 3.50 6.30 9.40 1.20 2.80 6.90

C 24 | Slovenia 42.90 7.60 18.70 53.70 12.40 4,50 33.00
C 25 | Slovakia 33.80 4.40 16.70 31.40 5.30 4.30 18.50
C 26 | Finland 85.20 21.40 26.70 48.50 17.20 7.60 42.30
C 27 | Sweden 76.90 17.80 26.70 45.60 9.50 8.60 39.90
C 28 | Turkiye 10.60 8.50 9.20 22.40 3.20 4,97 15.20

Source: EuroStat. *Values are obtained by the column arithmetic mean

Research Method

The schematic representation of the research model is
given in Figure 2. After the data was collected from
Eurostat, the dataset was preprocessed due to some missing
values. In order not to negatively affect the analysis, the
missing data were determined by taking the column
averages (see in Table 1). First, MCDM methods were
applied to the dataset and country rankings were
determined. Then, cluster analyses were applied to the same
dataset. The clustering performances were calculated by the
accuracy analysis of the clustering results. In this way, the
most successful clustering algorithm and the number of
clusters were determined and the countries were grouped
with the highest performing option. In the last step,

according to the clustering results of the countries, distance
values were calculated for within cluster and between
clusters, and the difference levels between the countries
were determined.
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Figure 2. Research Model
Clustering Algorithms

Clustering, explained as categorizing the items in a
dataset according to similar criteria (Han et al., 2012; Fidan
& Yuksel, 2022). The basis of the method is the assumption
that there is an item in the dataset that has more similar
features than other items (Alpaydin, 2010). In other words,
clustering aims to identify items with the closest features.
Commonly used clustering approaches are grouped as
hierarchical, partitional and fuzzy (Han et al., 2012).
Commonly used clustering algorithms for these approaches
are Hierarchical Clustering (HC), K-Means (K-M) and
Fuzzy C-Means (FCM), respectively (Peters et al., 2013).

Hierarchical Clustering:

It is a clustering algorithm that aims to identify similar
item pairs by calculating item distances (Han et al., 2012).
In the HC algorithm, first of all, each item is accepted as a
stand-alone cluster. The nearest item pair is identified by
using distance measures such as Manhattan, Euclidian, and
Cosine, and this item pair is considered a cluster (See in
Equation 1). In other steps, the same pairing processes are
applied and repeated until all items in the dataset are in a
single group.

min d(iq, ip) = minpeia, p*Eiblp -p’ 1)
In Equation 1, the determination of the minimum value

of the distance (d) between items is shown. i, and i}, refer
to items, and p — p” refers to the distance of a and b.

K-Means:

K-M aims to find the closest items to cluster centres
specified by k. Distance measurements are used to
determine the distances of the cluster items, and the mean of
these values is accepted as the centre (Peters et al., 2013).
Clusters are created with the items closest to the centre. As
shown in Equation 2, the decision criterion is the
minimization of the sum of squares (E) of the distances from
the cluster centres of the items.

min E = Y1 Yxec, 1% — el l? (2

In Equation 2, x; is an item in cluster Cj. tj, shows the

mean of Cj. The initially determined cluster centers are
redetermined according to the mean of the distances. This
procedure is iteratively carried out as far as the E reaches its
minimum value (Han et al., 2012; Peters et al., 2013).

Fuzzy C-Means:

FCM aims to reduce the weighted sum of the
membership values of the items. Euclidean is applied for
calculating item distances. Equation 3 shows the clustering
criteria that will form K clusters of N items.

Ik(=1 ZIiV=1 Aglk |x; — .“k|2 (3)

In Equation 3, li‘k shows the membership degree of
item i in cluster k. Ai’k is given in Equation 4 and A_(i,k) €
[0,1]. m value is a parameter for fuzzifier and m € (1, ).

It is suggested in literature that m value should be set as 2
(Bezdek, 1981).

min | =

1
){i,k - S (d(xi'l‘k) )% 4)
T=1 i)

Clustering Performance

Validation techniques are used to determine the success
level of a clustering analysis. Measurement of cluster
performance can be realized by two validations: external
and internal. Validation method depends on the including
internal data or not (Han et al., 2012). In internal validations
that do not have external data, performance is determined
according to the structure of the clusters. Despite internal
validation methods with different approaches, Silhouette
index (SI) and Dunn index (DI) are widely preferred for
analysis because they take compactness and separation
criteria together (Liu et al., 2010; Gupta & Panda, 2019).

Silhouette Index:

Sl, which is an internal validation method used to
determine the clustering quality, is calculated according to
the similarity level of each item to its own cluster
(compactness) and its difference values to other cluster
items (separation).

1 bi—a;
SI = ; ZCkEC ZiECk max(a;,b;) (5)
where
1 P
= Yjec, d(.)) ©)
i 1 ..
b; = ming.c ¢\, TN Yjec, 4L )) @

Calculation of Sl value is shown in Equation 5 for a data
set having N items for C clusters. The item i is located in
the C,, cluster and C,, € C. a; given in Equation 6 represents
the compactness value of Sl. It represents the average
distance to all items within the cluster containing item i. b;,
which represents separation, is the smallest value among the
average distances from item i to the items in other clusters
(See in Equation 7). Euclidean distance is used to calculate
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distances. The d value in Equation 6 and Equation 7 is
founded by d(i,j) = /(i — j)?2.

For a multivariate data set having m features, d(i,j) =

\/(xil - le)z + (xiz - ij)z + - (xl-m - ij)z Where i =
(xl-l,xl-z, ...xim),j = (le,sz, x}m) and Slis —1 <SSl <
1 (Han et al., 2012). When SI approaches to +1, it means
better performance in clustering (Rousseeuw, 1987).

Dunn Index:

The Dunn Index (DI) assesses the clustering
performance by considering the ratio of intra-cluster
compactness to inter-cluster separation, as introduced by
Dunn in 1973. In this evaluation, the separation between
clusters is determined based on the minimum distance
between items belonging to different clusters, while the
compactness is represented by the maximum diameter of the
clusters, as outlined by Arbelaitz et al. in 2013. The Dunn
Index is specifically defined as the ratio of the minimum
distance among items in all clusters to the maximum
diameter of the clusters (Fidan & Yuksel, 2022).

max d(x;,,%;;). A high value of the Dunn Index
X11,.X12€C]

indicates a strong clustering performance (Arbelaitz et al.,
2013).

Findings
Country Rankings

Multi-criteria decision making (MCDM) methods
TOPSIS, VIKOR and PROMETHEE |1 were used to rank
the countries in the data set containing 14.0 technology
usage rates. It is assumed that all item criteria in the data set
have equal weight. For this reason, the weight calculation of
the criteria was not carried out. Country rankings are given
in Table 2.

Table 2 are examined, the differences in country
rankings are clearly seen. While Finland ranks first in all
three methods, Denmark ranks 2nd according to the TOPSIS
method and 3rd according to the VIKOR and
PROMETHEE Il methods. A similar situation applies to
other countries. Lithuania, which is ranked 21st in TOPSIS,
is ranked 17th according to VIKOR and 25th according to
PROMETHEE II. In other words, Lithuania, which is seen
in a worse situation than Estonia in TOPSIS in terms of 14.0

DI = min ( min (M)) (8) usage, is in a better situation than VIKOR, but according to

Lsisk \1sjskj#1 \ o dtem(e) PROMETHEE II, there is a serious difference in favour of

where x; and x; are the items in different clusters, Estonia. There are similar implications for the rankings of

dist(ci, Cj) _ xl-eCirar}qic?xjede(xi’xf) and  diam(c) = different countries.
Table 2
Rankings of the Countries
Country TOPSIS VIKOR PROMETHE II
Score Rankings Score Rankings Scores Rankings

C1 Belgium 0.437655 8 0.437078 7 0 21
C2 Bulgaria 0.086585 27 0.956338 27 0 22
C3 Czechia 0.316131 15 0.700046 15 0.007881 14
C4 Denmark 0.742044 2 0.338504 3 0.080091 3
C5h Germany 0.41147 11 0.514419 9 0.016893 9
C.6 Estonia 0.299161 16 0.761139 19 0.014921 11
cr7 Ireland 0.510215 5 0.431876 6 0.044358 5
C.38 Greece 0.204296 23 0.894635 26 0 23
C29 Spain 0.284143 18 0.712245 16 0 24
C_10 France 0.350429 14 0.655214 13 0.010852 13
c1u Croatia 0.294851 17 0.748676 18 0.002519 18
C 12 Italy 0.365994 13 0.666613 14 0.016245 10
C_13 Cyprus 0.272535 19 0.812256 22 0.007856 15
C 14 Latvia 0.219064 22 0.818926 23 0.002588 17
C 15 Lithuania 0.248134 21 0.731518 17 0 25
C_ 16 Luxembourg 0.49977 6 0.391737 4 0.029598 7
C 17 Hungary 0.198734 25 0.786358 20 0 26
C_18 Malta 0.36756 12 0.578256 11 0.006495 16
C_19 Netherlands 0.566169 4 0.403489 5 0.054092 4
C_20 Austria 0.437128 9 0.480308 8 0.025181 8
C.21 Poland 0.202444 24 0.845707 24 0.001873 19
C 22 Portugal 0.431188 10 0.6508 12 0.012062 12
C_23 Romania 0.014482 28 1 28 0 27
C 24 Slovenia 0.480171 7 0.535816 10 0.034562 6
C_ 25 Slovakia 0.267499 20 0.799989 21 0.001132 20
C 26 Finland 0.750541 1 0 1 0.099348 1
C 27 Sweden 0.61723 3 0.288366 2 0.080459 2
C 28 Turkiye 0.180346 26 0.87911 25 0 28
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Clustering Results

HC, K-M and FCM algorithms were used in the cluster
analyses based on 14.0 technologies usage rates. With these
clustering algorithms determined in accordance with the
literature, clustering analyses were carried out so that the
countries were formed into 3, 4, 5 and 6 clusters. Clustering
performances are given in Table 3.

Table 3
Clustering Results

HC K-M FCM

Sl DI Sl DI Sl DI

k=3 | 0.27 |0.171 | 0.307 | 0.178 | 0.273 | 0.143
k=4 | 0.284 | 0.198 | 0.315 | 0.193 | 0.07 | 0.178
k=5 | 0.302 | 0.207 | 0.309 | 0.193 | 0.124 | 0.178
k=6 | 0.286 | 0.207 | 0.305 | 0.193 | 0.096 | 0.178

The validation values in Table 3 are examined, it can be
said that cluster analyses generally have low performance.
According to Sl values, it is observed that the most successful
clustering is the K-M algorithm at k=4, and the least
successful clustering is the FCM algorithm at k=3. According
to the DI values, while HC is the most successful in cases k=5
and k=6, FCM is seen as unsuccessful in cases k=3. Since DI
values have the same values in k=4, k=5 and k=6, it would be
healthier to make evaluations according to Sl values. The Sl
values show that creating 4 clusters by using K-M algorithm
is the most successful clustering analysis. K-M clustering
results for k=4 are given in Table 4.

Table 4
Clustering Results for K-M k=4
Within
Clusters Countries Cluster | Neighbor | clusters
means clusters Sum of
Square
C 1,C.3,
C 5,C 13, Cluster2,
Clusterl C 16, C. 20, 20.52 Clusters | 1395.97
C 24,C 25
C_4,C_6,
Cluster2 | C_7,C 12, | 23565 Ccllllfst;ﬁ 1619.34
C 18,C 19
C 2,C.8,
C 9,C 10,
C_11,C_14,
Cluster3 C_15, 13.18 Clusterl | 2312.66
C_17,C_21,
C_22,
C 23,C 28
Cluster4 C 26,C 27 33.85 Cluster2 78.15

The distribution of countries in the clusters is examined,
it is observed that the least number of countries is in
Cluster4 and the most countries are in Cluster3. Cluster4 has
the highest value of Cluster means, which shows the mean
of the criteria values of the items and is also centre of the
cluster. This determination means that Cluster4 is the
highest level in 14.0 technologies. There are two countries
in this cluster, Finland and Sweden. Denmark, which ranks
2nd in Table 2 created with TOPSIS, is in Cluster2.
Cluster3, which has the lowest Cluster mean, includes the

countries that use 14.0 technologies at the lowest level. In
this context, the usage levels of 14.0 technologies were
determined as Cluster4, Cluster2, Clusterl and Cluster3,
respectively.

Within clusters Sum of Square values, which show the
level of deviation from the average within the cluster, show
the difference values of the cluster elements from each
other. In Table 4, it is observed that the least deviation
occurred in Cluster4 and the highest deviation occurred in
Cluster3. This observation means that the countries in
Cluster4 are close to each other. The cluster with the highest
deviation is Cluster3. The countries in this cluster are the
countries with the highest differences.

Table 5
Differences between Clusters
Cluster | Cluster | Cluster | Cluster
1 2 3 4

Clusterl | 0
Cluster2 | 0.14 0
Cluster3 | 0.35 0.44 0
Cluster4 | 0.65 0.43 1.56 0

Table 5 shows the percentage differences between
clusters calculated using Cluster means values. Table 5
shows a serious 14.0-DD of 156% between Cluster4 and
Cluster3. The second best, Cluster2, has a difference of 43%
with Cluster4, while its difference with Clusterl is 14%.
This value shows that there is less difference between the
countries in Cluster2 and the countries in Clusterl, which is
at the lower level.

Discussion and Comparison

The findings of the study reveal interesting results.
According to the clustering results, the Northern European
countries of Finland and Sweden were determined as the
countries that use 14.0 technologies at the highest level.
Germany, which is considered the starting point of the 14.0
idea, was not included in this cluster. Countries such as
Romania, Bulgaria and Hungary are among the 12 European
countries at the lowest level. The 14.0-DD difference
between these countries and the group consisting of Finland
and Sweden was calculated as 156%. Similarly, the
difference between Cluster4 and the second best group
Cluster2 is 43%. These differences reveal that serious
precautions need for the issue, especially in countries with
low usage values.

In the studies in the literature, it has been observed that
some indexes and MCDM methods created according to
different parameter and weight values are generally applied
for country comparisons. Reaching different results in
analyses realized by different indexes and MCDM methods
creates confusion in determining the appropriate method. In
this study, the clustering method, which was rarely included
in previous studies, was used and more interpretable results
were obtained. Additionally, it has been observed that
MCDM methods such as TOPSIS, VIKOR and
PROMETHEE Il produce different ranking results. This
determination raises a question mark in the grouping
operations performed with MCDM methods. MCDM
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results also differ from the results of cluster analysis.
Denmark, which ranks 2nd in the rankings, was not included
in the top-level countries cluster (Cluster4).

Narrow-scope analyses were performed in a few studies
that used the clustering approach to determine 14.0-DD
levels. Therefore, a comparison of alternative approaches
for a healthier result is not presented. In the study,
performance analyses of the algorithms were carried out,
comparisons were made with the algorithms recommended
in the literature, and it was revealed that some algorithms
were insufficient. Contrary to the findings of Kolupaieva
and Tiesheva (2023), FCM was determined to be the least
successful algorithm in grouping countries. It would be an
appropriate approach not to use FCM in data sets with a
small number of items. Additionally, Frank et al., (2019)
suggested 3 clusters and Branco et al., (2023) proposed 5
clusters, it was determined in this study that the highest
clustering performance was obtained with the K-M
algorithm and 4 clusters. Therefore, using 4 clusters would
be the appropriate option for grouping countries.

In determining 14.0-DD values, unlike other studies,
both intra-cluster and inter-cluster differences were
calculated in this study. So, the research suggests that
employing cluster analysis is likely to produce more
effective and understandable results for studies related to
14.0-DD. With these calculations, which have not been
encountered in previous 14.0-DD studies in the literature,
the difference values of the countries in the cluster are
determined as well as the difference levels between the
clusters are determined quantitatively. According to these
values, the highest 14.0-DD differences within the cluster
are among the Cluster3 countries that use 14.0 technologies
at the least level.

Conclusion

14.0 technologies have garnered attention from
researchers due to the positive effects on business processes.
However, disparities in the adoption of these technologies
give rise to new inequalities among countries. The use of
different variables, indexes, and tools in the literature to
categorize countries based on these inequalities has led to
methodological confusion on the subject. In addition, the
inconsistent results obtained from the rankings with the
MCDM methods lead researchers to approach with
suspicion, and the lack of accuracy analysis reduces the
reliability of the results. Although clustering is deemed the
most appropriate approach for grouping countries, it is
noteworthy that cluster analyses are not extensively featured
in the literature on this topic.

In this study, the unsupervised machine learning
method was used with the idea that it would reduce the
method confusion, reach inquirable results and enable the
levels of difference to be determined more clearly. In this
context, cluster analysis and accuracy analysis were
conducted in the study to determine the most successful
option, than calculated the 14.0-DD levels observed among
European countries. The study reveals that 14.0-DD levels
can be determined by clustering method. The clustering
method was preferred because it has a theoretical basis and
it has analysis tools eliminating the deficiencies in the

literature. Clustering analyses were applied to the dataset
using HC, K-M, and FCM algorithms, widely used in the
literature.

In the study, accuracy analysis was applied to the
clustering results in order to quantitatively determine the
validation of the analyses. Thus, the most successful
clustering analysis was specified and the lack of accuracy
analysis in the literature was eliminated. According to the
accuracy results, it was determined that the K-M algorithm
provided the most successful clustering results for k = 4.
Finland and Sweden, using 14.0 technologies at the highest
level, were grouped in Cluster 4, while countries at the
lowest level were clustered in Cluster 3.

According to the clustering results, the difference levels
between countries were determined quantitatively as within
and between clusters. With this method, which is not
encountered in the 14.0-DD literature, the differences of
countries within the same cluster were calculated according
to the cluster mean, and the differences of countries between
different clusters were calculated according to the cluster
centers. Thus, the 14.0-DD level difference between
Cluster4 and Cluster3 was calculated as 156%. Cluster 4
was identified as having the lowest intra-cluster 14.0-DD
levels, whereas Cluster 3 exhibited the highest intra-cluster
differences. While this determination provides researchers
with a new analysis tool in calculating the difference level,
it will also provide decision-makers with a broader
perspective in the roadmap and policies to be developed.

It was observed in the literature that MCDM methods
produced inconsistent results. In this context, the study
reveals that the rankings with MCDM methods contain
inconsistencies. The study proves that rankings with
MCDM methods will not be a suitable option in 14.0-DD
analyses. For this reason, it is recommended that
confirmatory analyses should definitely be included in
studies involving MCDM.

The study, which provides a new perspective on
method, accuracy analysis and determination of difference
levels, has some limitations. Since the study was carried out
with data obtained from Eurostat, the quality of the dataset
depends on Eurostat. It was observed that some variables
did not have values. Since missing data will negatively
affect the cluster analysis, a preprocessing was applied. This
intervention to the dataset may cause some countries being
not included in the cluster they should actually be in. In this
respect, the completeness of Eurostat data is closely related
to the quality of the analysis. On the other hand, the
algorithms used in the cluster analysis are limited to the
algorithms widely used in the literature. In future studies,
the inclusion of different clustering algorithms in the
analysis will contribute to the literature on the subject by
expanding the scope of the study. Another limitation is the
low clustering performances. Due to small number of items
in the dataset, the clustering performances in the study
remained at a low level. In addition, the low performance
values reveal that new clustering algorithms that will exhibit
higher performance are needed in clustering datasets with
small number of items. New clustering algorithms to be
developed in future studies would allow for the attainment
of more reliable results in 14.0-DD studies.
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