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ABSTRACT

The digital economy is increasingly seen as an essential cornerstone in developing national strategies
and industrial policies to enhance national competitiveness. On the other hand, a realistic assessment of
digital readiness is essential for developing appropriate policies. In our paper, we group the countries of
the European Union (EU) using three different methods applied to a dataset consisting of the four main
dimensions of the EU’s Digital Economy and Society Index (DESI) in order to identify Europe’s main
geographical “fault lines” in terms of digital readiness. DESI is a composite index aggregating several
digitalization-related indicators to benchmark the progress of digital transformation in each member
state. However, our methods aim not to rank countries but to identify groups of countries that are close
to each other. The three methods used in the paper are partially ordered sets (poset), Tiered Data
Envelopment Analysis (TDEA), and cluster analysis, known from multivariate statistics. The three types
of clustering show a high degree of similarity, indicating the robustness of the results. Another research
question relates to the extent to which the digital development of the EU Member States corresponds to
the economic development of the countries and core-periphery relationships. While we can observe a
high degree of similarity between the more and less developed clusters in terms of digital readiness and
the groups that can be identified in terms of economic development and institutional quality, we also
notice some peculiar exceptions (which could provide examples of best practices).
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1. INTRODUCTION

In recent years, digital transformation has arisen as an influential notion in information
systems research related to the transformational changes in society and industry brought
about by digital technologies, which has also attracted considerable interest in academia.
Although this term can be easily applied to businesses and industries, it may also be
considered at the country (i.e., macro) level. Digital readiness may also have considerable
implications for macroeconomic stability and economic performance. If policymakers want
to improve economic competitiveness effectively, they should design a solid digital trans-
formation strategy and a sound industrial policy. However, an essential prerequisite for
addressing their weaknesses and building on their strengths is to identify them in the first
place, for which an adequate measurement system is crucial.

Several scoreboards, indicators, and indices have been developed to assess the state of
digital transformation and its impact on societies and economies at the global, regional,
national, and local (subnational) levels. In addition to general surveys describing the
worldwide impact and status of digitalization, such as reports from international organiza-
tions like the UN, ITU, OECD, or World Bank, some prominent reports and indices focus on
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the development within a particular country cluster or re-
gion. A prime example of this is the European Commission’s
recently revised Digital Economy and Society Index (DESI),
used by the European Commission to track the status of
digital transformation in the EU and its member states [1].

DESI is well-known among experts and policymakers,
with many advantages and serious shortcomings. Its main
advantage is that it is measured in all 27 EU countries, which
allows for comparisons and gives a comprehensive picture of
the digital ecosystem in the EU and its Member States. On
the other hand, the fact that the indicators are collected in
many countries means that the methodology had to be
generic and relatively simple, so the results are unsuitable for
in-depth analysis and explanation of local phenomena.
Furthermore, data collection and publication time can be
very long, often resulting in outdated assessments. Sub-di-
mensions and indicators change from year to year, which
makes it difficult to compare the performance of time series
as these corrections and revisions are not sufficiently
highlighted.

Nevertheless, it is becoming increasingly important as a
monitoring tool and publicly available research database,
spurring a flurry of recent activity (2021-22) in several
research fields and has been the subject of numerous articles
that seek to analyze the links between digitization and
various micro- or macro-level indicators. While a positive
relationship between digitalization and sustainability [2] and
between digitalization and entrepreneurship [3] is clearly
established, the impact of economic development [4] on
digital readiness appears to be less clear (although a positive
link is supported by tentative empirical evidence). Other
authors have developed their own digital indicators and
rankings on the basis of the DESI database [5] or investi-
gated some of the main dimensions in more detail [6, 7].

In our paper, we group the countries of the EU based on
the data of the four principal dimensions of the DESI, which
are Connectivity, Human Capital, Integration of Digital
Technology, and Digital Public Services (see Table Al in
Appendix), in order to identify Europe’s main geographical
“fault lines” in terms of digital readiness. These main di-
mensions (which are regarded as equally important and
therefore carry equal weights [25%]) consist of 1-4 sub-di-
mensions, each comprising several digitalization-related in-
dicators (the majority of which are sourced from Eurostat).

One of our main research questions relates to the extent
to which the digital development of the EU Member States
corresponds to the economic development of the countries
and to the level of economic governance. In other words, to
what extent can a peripheral or semi-peripheral country
overcome its historical and economic disadvantages through
digitalization, and to what extent can we see the emergence
of new digital divides or gaps that are characteristic of
development differences elsewhere?

Although the issue of convergence and the importance of
economic development (as a contributing factor) have
already been examined in recent literature [4, 6], our
intended contribution is not directly related to this but to the
identification of homogeneous country groups in terms of

Brought to you by University of Debrecen | Unauthenticated | Downloaded ©1/19/24 12:21 PM UTC

digital development. We also want to explore the differences
between groups of countries identified by digital develop-
ment and core-periphery status in order to identify coun-
tries that may be overperforming in digital transformation
relative to their socio-economic status (and could provide
examples of best practices).

Section 2 of our paper briefly discusses the literature on
DESI and our main methodological tools (partially ordered
set (poset) and TDEA). Then in the following section (3), we
introduce the poset, TDEA, and cluster analysis models used
for evaluating the countries in our dataset and the main
results, which are then compared to our hypotheses in sec-
tion 4. Finally, our conclusions are discussed in section 5.

2. LITERATURE REVIEW

The literature review is divided into four parts. The first
subsection examines the measurability of the digital econ-
omy. As the European Union’s DESI is used in the analysis,
we review the literature discussing this particular set of in-
dicators and some related indices. We then provide a brief
overview of selected papers discussing core-periphery re-
lations in the European Union. The third subsection briefly
reviews the application of partially ordered sets in socio-
economic systems, and the final subsection discusses DEA
peeling based on previous applications. As the latter two
methods have been used less frequently, the available liter-
ature is limited.

2.1. Measurement of the digital economy

The body of literature dedicated to the measurement and
effects of digital transformation is quite diverse, and this
paper only attempts to provide a short, non-exhaustive
summary of a few articles on the DESI and some related
indices.

Banhidi et al. examine the five principal dimensions of
the DESI (the current four and the now-defunct Internet use
dimension) by employing multivariate statistical methods
[8]. They first examine linear and possible causal relation-
ships between the five dimensions with simple Pearson’s
analysis, partial correlation analysis, and factor analysis.
They then group EU member states using cluster analysis
and multidimensional scaling (MDS) and rank them using
multivariate statistical methods. Their results support the
thesis of the European Commission that the five principal
dimensions of the DESI are interrelated but also suggest that
at least one of them may be statistically redundant.

In another paper, Banhidi et al. and Tokmergenova et al.
evaluate the robustness of rankings derived from the I-DESI
dataset (an extension of the DESI dataset to include non-EU
countries) [9, 10]. For this purpose, they use the basic DEA
and DEA/CWA methods and a one-dimensional version of
multidimensional scaling (MDS), which they believe to be
suitable for ranking decision-making units (DMUs, in
this case, countries). Their findings indicate that these
methods provide a solution comparable to the European
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Commission’s scoring model. However, the ranking of
certain countries shows more significant variation depend-
ing on the chosen method.

Moroz reviews some major (international) indices
measuring and comparing countries’ levels of digital readi-
ness and analyzes Poland’s status and the progress of its
digital transformation based on the DESI and the World
Economic Forum’s NRI (Networked Readiness Index) [11].
According to his findings, the position of Poland is some-
what unfavorable, showing a limited degree of development,
a lack of digital readiness, and a slow rate of convergence.

Kotarba looks at some composite indices of digital
readiness, including the DESI [12]. The author points out
that digital maturity may be assessed at the level of cus-
tomers, firms, sectors (industries), or the entire economy
and society. Furthermore, the similarities and differences
between the indicator systems are examined, and ways to
improve them are suggested.

Laitsou et al. also apply the DESI and its (pre-2021)
principal dimensions to assess the digital readiness of
Greece, and forecast, using the Gompertz model, how the
Hellenic Republic can catch up with the top EU countries
regarding its digital readiness [13]. According to their re-
sults, despite the challenges the country is facing on the
demand and supply side of digitalization, Greece should be
able to catch up with the EU average by 2030 with the right
policies.

According to Damiani and Rodriguez-Modroiio, the
participation of women in today’s digital society is an
essential part of the 2030 Agenda and a critical element of
the EU’s digital transformation strategy [14]. They apply a
poset-based framework to the European Women in Digital
(WiD) Scoreboard to investigate women’s digital inclusion
in Europe. Their methodology helps them identify the most
relevant factors for every dimension of the WiD, taking
into account the EU-28 as a whole as well as different
country clusters, and establish a new assessment that
overcomes the drawbacks of aggregation and data pre-
processing.

Kovacs et al. examine the issue of f- and c-convergence
using time series data from the DESI database [4, 6]. Their
results confirm the existence of convergence for the DESI
index but not for all the principal dimensions that make up
the index. The authors identify the human capital dimension
as a crucial factor for digital development and suggest that it
could deserve more weight than the 25% defined by the
Commission.

2.2. Core-periphery relationships in the European
Union

Perhaps the best-known proponent of world-systems theory
is Immanuel Wallerstein, who divided the world’s countries
into three major groups, the core (center), the semi-pe-
riphery, and the periphery, based on their role in the in-
ternational division of labor (trade and investment relations)
[15, 16]. High-quality factors of production, high wages,
advanced technology, and high-quality products and
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services typically characterize core countries. On the other
hand, countries belonging to the periphery generally are
resource-exporting, poor and underdeveloped, while the
semi-periphery has mixed characteristics.

It should also be noted here that, particularly in the
context of cohesion policy, the core—periphery distinction is
applied by some authors to NUTS-2 or -3 regions within
European countries. In the case of Italy, for example, this
may result in some regions (Lombardy) being part of the
core while others (Calabria) part of the periphery [17]. In
this paper, however, we have chosen to abstract from these
differences within countries, as the data on the DESI di-
mensions are currently only available at the national level.

While there is no clear consensus on which countries
belong to the core or periphery (semi-periphery), the
Member States that joined the European Union after 2004
tend to be classified into the latter. At the same time, the
categorization of the southern member states is often
inconsistent and somewhat controversial [18, 19].

Farkas notes that the accession to the European Union
itself appears to have given an impetus to the development
of governance quality in the Central and Eastern European
countries but also adds that a “substantial gap” remained
between these and the pre-2004 core [20].

2.3. Applications of partially ordered sets in
socioeconomic systems

There are two major types of ordering: partial and total.
Ordering theory is a branch of mathematics that defines a
binary relation between elements of a given set. In the case
of total ordering, there is a relation between each element in
the set; that is, it can be decided which of the two elements
can be considered preferred over the other. When there is
also a case where we cannot set a clear preference between
the two elements in a given set, i.e., the elements of the set
are incomparable, we can talk about partial ordering. In
economics, total ordering is called ranking. A clear order can
then be established between the elements.

In contrast, partial ordering instead sets up groups
among the elements of a set to which preference can be
interpreted. In economics, partial ordering is found in
microeconomic consumer theory when we compare
consumer baskets. The theory of partial ordering can also be
applied to socioeconomic systems.

In their paper, Fattore and Maggino applied the partially
ordering (poset) theory to the theory of sociological poverty
and social inequality [21]. The main goal of their work is to
find applications that are useful for poset practice in socio-
economic statistics and social indicators construction. The
first problem is that evaluating multidimensional poverty
and its multidimensional comparison leads to a ranking
problem that we cannot clearly define. This is one of the
most relevant examples in socioeconomic analysis.

Annoni et al. and Beycanand and Suter continued to
apply poset theory in mapping multicriteria sociological
poverty theory, mainly focusing on its regional aspect within
Switzerland [22, 23].
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Fattore and Arcagni give an overview of the Hasse-dia-
gram technique and poset theory [24]. They list eight areas
of application where poset theory has already been used,
including (among others)

- Refugees’ relocation in the EU,

- Temporal analysis of the Fragile/Failed State Index,
- European opinions on services,

- Comparison of fiscal policies.

The latter field of application, i.e., economic application,
differs from other, mainly sociological, applications [25, 26].
The application of poset theory can extend to a wide range
of social sciences.

After a brief review of the social sciences application of
poset theory, we review the application of the Tiered Data
Envelopment Analysis technique.

2.4. Applications of Tiered Data Envelopment Analysis
in socioeconomic systems

The Data Envelopment Analysis method may be suitable for
ranking DMUs. However, several assumptions must be made
for this. A handful of review articles can be found in the
literature on applying DEA for ranking. Recent reviews were
given by Emrouznejad and Yang, Mahmoudi et al, and
Labijak-Kowalska and Kadzinski [27], [28], [29]. However,
these methods give the total ranking. The basic DEA model
virtually breaks down DMUs into two sets: efficient and non-
efficient. Inefficient DMUs can be ranked in order based on
their efficiency index, but efficient ones cannot. In this
context, the question arises as to whether a ranking should be
established or whether it is sufficient to divide DMUs into
groups of nearly equal efficiency. This grouping is described
by Barr et al., who proposed to examine it in DEA models
[30]. A sequential algorithm has been developed in which
efficient DMUs, like the onion peel, are separated from other
DMUs. We then redefine the effective units on the residue
and “peel the onion.” We do all this until we run out of units.
DMUs are then grouped according to efficiency. The methods
developed by Barr et al. are relatively widely used in the social
sciences, especially in management.

Port logistics proved to be the most fruitful application. The
first published application was by Cheon [31]. In its applica-
tion, it analyzed the efficiency of South Korean ports with this
technique. The efficiency of South Korean and Russian ports
was compared by Den et al. with this model [32].

Another area of application is related to higher education.
Bougnol and Duld examined 616 American universities accord-
ing to their effectiveness using Tiered DEA [33]. They concluded
that this method gave the same result as the measurement
method used by the government administration. Among the
most recent applications is the work of Johnes, who examined
British universities on university lists using this method. In both
articles, grouping rather than ranking dominated [34].

Finally, we mention an article on financial risk. Yemshanov
et al. applied the Tiered DEA method to multicriteria risk
problems [35]. The goal of this paper was to create risk maps.
Onion peels can include investments with different risks.
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3. RESEARCH QUESTIONS AND HYPOTHESES

For the research questions, three grouping methods were
used to cluster the countries of the European Union (EU).
Two of the three methods, namely the partially ordered set
theory (poset) and the Tiered DEA (TDEA) method, map
the sets to an ordinal scale where it is possible to determine
which countries are considered to be the best performers.
This feature cannot be said of cluster analysis, which groups
the objects, in our case, EU countries, into groups based on
distance metrics in digital development. The methods used
also define the objectives of the research. The following
research questions can be asked.

Research Question 1:
Using each method, how many groups can EU countries be
divided into?

This question only asks how many groups will be iden-
tified but does not answer whether there is any preference
between the groups. This problem is addressed in the
following research question.

Research question 2:
What is the ordering of country groups in the Hasse diagram
and the onion peeling (TDEA) method?

The cluster analysis does not allow for ordering the
resulting groups; therefore, this method is not addressed in
the research question. In our last, fourth research question,
we aim to determine whether digital development is related
to the historical economic development of each country.

Research question 3:
What is the stochastic relationship between the groupings
obtained by the three methods?

The question seeks to answer whether the groupings
obtained by the three methods are substantially different
from each other, which also draws attention to the difference
or differences in the ordering.

Research question 4:
To what extent does the digital development of the EU Member
States correspond to the economic development of the
countries, the level of economic governance, and the core-
periphery relationships?

As we shall see, a Wallersteinian core-periphery rela-
tionship can be observed across groups of EU countries as
the countries in the core are also (typically) more digitally
advanced. However, we can identify some peculiar excep-
tions (“rich” laggards and “poor” digital champions).

After formulating the research questions, the groupings
are made using the methods indicated.

3.1. Partial orders and dominance relation for DESI
dimensions

In order theory, a partially ordered set (or poset) models the
idea of ordering, sequencing, or arranging a set of DMUs. A
poset is defined as a set of DMUs and a binary order relation
that breaks up the set into two types of subsets: a subset (or
subsets) in which for each pair of DMUs one DMU from the
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pair proceeds another and a subset in which the DMUs do
not relate to each other. This means that not every pair of
DMUs in the poset needs another DMU that satisfies the
order relation. Some pairs do not comply with the relation,
as neither DMU from those pairs precedes the other: they
are just incomparable. Thus, the partial order concept is a
generalization of the more familiar total order in which
every pair is related [36].

A case of the genealogical descent of a specific popula-
tion is commonly used as an example of a poset. Some
sample pairs bear the ancestor—-descendant relationship, but
others bear no such relationship.

A finite poset can be presented through its Hasse dia-
gram, which shows the ordering relation between certain
DMUs and allows reconstructing the partial order structure.
An example of a real-life ranking task assembled with the
help of the partial order approach is an exemplary case of a
practical application of this kind [37].

Let Q be a set of any objects, such as a collection of
DMUs. For elements a and b from the set Q,ifa<bor b<a,
then a and b are comparable objects. Otherwise, they are
incomparable.

If elements a, b, and c belong to Q, the following prop-
erties are satisfied:

a R a (reflexivity);
if a Rband b R a,then a = b (antisymmetry);

if a Rband b R ¢, then a R = ¢ (transitivity).

The three properties above determine an ordering relation
between the elements. The relation is written as an R rela-
tion. One can see that the related elements (i.e., the elements
satisfying R) must be comparable.

The relation R is hereinafter defined as the Pareto
dominance. In microeconomics, production theory uses this
relation to determine the effective surface of the production
set, that is, to describe the production function. Posets with a
finite number of objects can be described by the Hasse
matrix and visualized by its Hasse diagram [38].

The Hasse diagram is shown in Fig. 1. The maximal el-
ements are Denmark, Finland, Sweden, Netherlands, and
Estonia, on level six. These countries are not dominated by
other countries, i.e., they can be understood as the best ones.
The minimal elements of this graph are Greece and Bulgaria

Fig. 1. The Hasse diagram of the DESI data
Source: Authors’ own compilation based on data from the
DESI report [1]
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on the first level (this means that these countries do not
dominate other countries). Other minimal elements coun-
tries are at different levels. Slovakia and Poland lie on the
second level. Croatia, Hungary, and Romania are on the
third level.

3.2. Using peeling technique for DESI dimensions

The Data Envelopment Analysis (DEA) method was first
published and used by Charnes et al. [39]. Over the last
nearly fifty years, this method has had several theoretical
extensions and practical applications [40].

The method applied in this paper is an application of
basic DEA. In the DEA, the criteria that evaluate DMUs can
be divided into two groups considered inputs or outputs.
The basic DEA CCR-I (1)-(3) model can be modeled in the
following form, where vectors (u, v) are the weights vectors
of DEA, and vectors (y,xx) (k=1,2,...,n) are the output
and input values of the kth DMU, and the sum of DMUs
is n:

u~y1

—Z— - max (1)
VX1
s.t.
Bkt k=1,2,....n. )
Ve Xk
(1,1) 2 (0,0). 0

However, the model in its original form cannot be used to
rank DMUs. There are no input criteria among quantitative
indicators in the model used. In this model, the model (1)-
(3) can be rewritten as follows, assuming no input or
assuming a single input, i.e, v-x; = 1.

u-y; —> max (1)

s.t.
uyn<l; k=12,...,n 2)
u>0. 3)

The latter model is referred to in the literature as the
DEA/Composite Indicator (DEA/CI) method [41, 42]. The
new model (1’)-(3’) has to be solved for each DMU - in our
case, countries — to calculate the efficiency indicators. We
find the weight vector u and the vector y; representing the
digital dimensions of the jth country.

Onion peeling is a well-known method to determine
which DMUs (countries) can be at which efficiency level [43].
This method is very similar to the Hasse diagram technique,
but it necessarily looks for Pareto-optimal DMUs [44].

The peeling technique is a sequential method. We first
analyze all countries and look for which are efficient, i.e.,
which countries have maximal Data Envelopment Analysis
(DEA) efficiency with an efficiency level of one. We then
omit these countries with maximum efficiencies and calcu-
late a new efficiency test on the remaining countries. The
DEA efficiency analysis is performed until there are no more
DMUs left.
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The peeling is done through the digital dimensions of
EU countries, using the four main dimensions of the DESI
dataset [1]. Seven onion peelings were developed using
the Tiered DEA technique. These are presented in
Table 1.

The analysis of Table 1 revealed that Denmark, Finland,
and Estonia belong to the highest out of seven onion peels.
Poland, Greece, and Bulgaria lie on the lowest level. The
largest economies in the European Union, such as France,
Germany, and Italy, are in the third and fourth onion levels.

3.3. Clustering countries with multivariate method
cluster analysis

The multivariate statistics method Cluster Analysis allows us
to group objects, in this case, the 27 countries of the EU, into
clusters based on the four dimensions of the DESI. The
method used for cluster analysis was the classical hierar-
chical cluster analysis method. The clustering procedure was
the between-groups linkage method, while the traditional
Euclidean distance was chosen as the distance function. No
transformation was performed on the data because the data
of the dimensions are of roughly the same order of
magnitude.

The results of the cluster analysis are summarized in
Fig. 2. The figure also presents how each cluster was formed.
In the first step, the countries were divided into two clusters,
one consisting of only Romania. In the second step, the
group of countries was divided into three clusters. In the
sixth cluster, the countries at the forefront of the digital
economy were Denmark, Finland, Sweden, the Netherlands,
Estonia, Malta, Ireland, Luxembourg, Spain, and Austria. In
the third step, Hungary, Cyprus, Slovakia, Poland, Greece,
and Bulgaria were selected from the second group.
Furthermore, in the fourth step, a group of Denmark,
Finland, Sweden, and the Netherlands was separated from
the best-performing countries. Finally, a third cluster was
created in the fifth and final step, comprising Latvia. The
largest economies in the European Union, such as Germany,
France, and Italy, are included in the fourth cluster. The
clusters are listed in Table 2.

Table 1. DEA peels of EU countries with DEA without explicit
input

Peels (number of

countries) Countries

Denmark, Finland, Estonia
Sweden, Netherlands, Malta
Ireland, Luxembourg, Spain, Belgium
Austria, Germany, Slovenia
Lithuania, France, Portugal, Latvia,
Czechia, Croatia, Italy, Hungary,
Romania
Cyprus, Slovakia
Poland, Greece, Bulgaria

Peel 7 (3 countries)
Peel 6 (3 countries)
Peel 5 (4 countries)
Peel 4 (3 countries)
Peel 3 (9 countries)

Peel 2 (2 countries)
Peel 1 (3 countries)

Source: Authors’ own compilation based on data from the DESI
report [1].
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3.4. Comparison of the poset levels, Tiered DEA
layers, clusters, and I-DESI ranking

We first compare the solution obtained with the poset and
the TDEA methods. It can be seen in Table 3 that the levels
of the two groupings are in the correct order, and therefore
their correlation is positive. The Pearson correlation is 0.981,
showing a strong linear relationship. The same can be said
between the poset and the cluster sets, which have a corre-
lation of 0.860 and can also be considered strong. Finally,
comparing the result obtained from the TDEA and cluster
analysis gives the lowest but reasonably strong relationship
with a value of 0.846. All of the correlation coefficients are
significant at the 0.01 two-tailed level. In conclusion, the
results obtained with the three methods are very similar (see
Table 3).

Our results also suggest that the richer “core” countries
that joined the EU before 2004 tend to outperform the
Eastern European “periphery” in digital readiness. However,
there are some notable exceptions to this rule. For example,
the small Baltic country of Estonia is often grouped with the
top performers, while some of Europe’s largest economies
(e.g, Germany, France, and Italy) are in the middle of
the pack.

The case of Estonia is an excellent example of a country
that, despite its initial peripheral position and modest eco-
nomic potential, has become a digital champion and can
serve as an example of best practice, particularly in the
dimension of digital public services. The Estonian govern-
ment has had a clear ambition to become a “digital nation”
and has pursued a coherent and well-thought-out strategy to
achieve this, which has delivered the expected results [45],
[46], [47]. Arguably, Slovenia could also be identified as a
country that has overperformed in digital readiness relative
to its socio-economic status, albeit to a lesser extent.

4. RESULTS OF INVESTIGATIONS AND
ANSWERS TO THE RESEARCH QUESTIONS

The four research questions are answered in the order in
which they are asked, but the questions are not repeated.

As for the first question, we wanted to determine the
number of groups. The poset method identified six groups,
and the TDEA method seven groups in the EU countries. The
higher group number also provided a development ranking.
In the case of cluster analysis, the number of groups is given
exogenously by the modeler. The six clusters we have iden-
tified are based on the first two methods, taking into account
the dendrogram that can be determined from the data.

As regards the second question, we only included the first
two methods because they can be used to rank the clusters.
The number of groups also represents a level of development.

The answer to the third research question is that there is
a solid stochastic relationship between the three clustering
groups, measured by Pearson’s correlation. This result sug-
gests that one method is sufficient for a future application of
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Dendrogram Using Average Linkage (Between Groups)
Rescaled Distance Cluster Combine

0 5 10 15 20 25
] ] ] ] 1
France 15
Portugal 16 —J
Slovenia 13
Lithuania 14
Belgium 12
Germany 11
Czechia 18
Croatia 19 J T
ttaly 20
Latvia 17
Slovakia 22
Poland 24
Cyprus 21
> Hungary 23
Bulgaria 26
Greece 25
Ireland 5
Malta 6 J
Luxembourg 8
Spain 9 —
Austria 10
Estonia 7
Finland 2
Sweden 3
Denmark 1
Netherlands 4
Romania 27

Fig. 2. Dendrogram of cluster analysis
Source: Authors’ own compilation based on data from the DESI report [1]

Table 2. Grouping of countries with cluster analysis

Clusters Countries

6 Denmark, Finland, Sweden, Netherlands

5 Estonia, Malta, Ireland, Luxembourg, Spain, Austria

4 Belgium, Germany, Slovenia, Lithuania, France,
Portugal, Czechia, Croatia, Italy

3 Latvia

2 Hungary, Cyprus, Slovakia, Poland, Greece, Bulgaria

1 Romania

Source: Authors’ own compilation based on data from the DESI
report [1].
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the three methods. Even if the ordering between the clusters
is essential, it is sufficient to use one of the two methods for
analysis.

The result of the last, fourth question is that the groups of
countries that are digitally more advanced are those that belong
to the core countries in the Wallersteinian sense. In contrast,
the periphery countries are digitally less advanced. However,
there are some notable exceptions: even though Estonia is
usually not classified as a core country, it is consistently ranked
within the most or second most developed country group
(cluster) and could provide examples of best practices, espe-
cially in the Digital Public Services dimension.
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Table 3. Onion peels of the countries with DEA composite

indicators
6 6 Clusters Prior core—

Levels 7 Peels (Cluster periphery
Country (Poset) (TDEA) analysis) classification
Denmark 6 7 6 Core
Finland 6 7 6 Core
Estonia 6 7 5 Periphery
Sweden 6 6 6 Core
Netherlands 6 6 6 Core
Malta 5 6 5 N/A
Ireland 5 5 5 Core
Luxembourg 5 5 5 Core
Spain 5 5 5 Core
Belgium 5 5 4 Core
Austria 4 4 5 Core
Germany 4 4 4 Core
Slovenia 4 4 4 Periphery
France 3 3 4 Core
Italy 3 3 4 Core
Portugal 3 3 4 Core
Czechia 3 3 4 Periphery
Croatia 3 3 4 Periphery
Lithuania 3 3 4 Periphery
Latvia 3 3 3 Periphery
Hungary 3 3 2 Periphery
Romania 3 3 1 Periphery
Cyprus 2 2 2 N/A
Slovakia 2 2 2 Periphery
Poland 2 1 2 Periphery
Greece 1 1 2 Periphery
Bulgaria 1 1 2 Periphery

Source: Authors’ own compilation based on data from the DESI
report [1], the core-periphery classification of countries is based on
Chase-Dunn, Kawano, and Brewer [48].

5. CONCLUSION

The main objective of this study was to identify groups
(clusters) of countries that are homogeneous in terms of
their digital readiness and investigate the possible dividing
lines between the more and less advanced countries. The
results of the investigations are the following: The Nordic
countries, notably Denmark and Finland, are in the best
group or tier according to all methods (joined by the
Netherlands, Sweden, and Estonia in all but one), while the
South-Eastern EU countries, Bulgaria and Greece are
generally in the bottom cluster (with Cyprus amongst the
fellow laggards).

On the other hand, although Southern and Eastern
countries are usually closer to the bottom ranks, there are no
clear geographical dividing lines. Estonia is the most obvious
counterexample to the mistaken presupposition that the
richer Western Member States (the core) would outshine the
former Eastern bloc countries (the periphery). Estonia’s
peculiar position is related primarily to its top-performer
status in the digitalization of its administration. However,
the country also outperforms the EU average in the
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Integration of Digital Technology and Human Capital di-
mensions. On the other hand, the two largest economies,
Germany and France, occupy a middling rank among the
EU countries in digital performance and are often grouped
with some of the more advanced Central and Eastern Eu-
ropean countries, such as Slovenia, Lithuania, and Czechia.
Comparing the results of the three methods (poset, TDEA,
and cluster analysis) suggests that the “pecking order” of
countries is reasonably stable, and the pairwise correlation
coefficients also indicate a strong association.

Our study has limitations that require future research.
One of the main limitations is that the analysis is based
only on the main dimensions of the 2021 edition of DESI.
A more detailed picture could be obtained using the DESI’s
sub-dimensions or individual indicators (instead of the
principal dimensions). Moreover, the analysis could be
extended to include the 2022 edition and data from pre-
vious years. Future research could also answer how these
persistent digital gaps could be overcome by adjusting or
redesigning digital policy programs and financial
instruments.

REFERENCES

(1] Digital Economy and Society Index. 2021. https://digital-agenda-
data.eu/charts/desi-components.

[2] D. Esses, M. S. Csete, and B. Németh, “Sustainability and digital
transformation in the Visegrad group of Central European
countries,” Sustainability, vol. 13, no. 11, p. 5833, 2021. https://doi.
org/10.3390/su13115833.

[3] A. Dabbous, K. A. Barakat, and S. Kraus, “The impact of digita-
lization on entrepreneurial activity and sustainable competitive-
ness: a panel data analysis,” Technol. Soc., 2023, Paper no. 102224.
https://doi.org/10.1016/j.techsoc.2023.102224.

[4] T. Z. Kovéacs, B. Bittner, L. Huzsvai, and A. Nébrddi, “Conver-
gence and the Matthew effect in the European union based on the
DESI index,” Mathematics, vol. 10, no. 4, p. 613, 2022. https://doi.
0rg/10.3390/math10040613.

[5] J. Hunady, P. Pisar, D. S. Vugec, and M. P. Bach, “Digital trans-
formation in European union: North is leading, and South is
lagging behind,” Int. J. Inf. Syst. Proj. Manag., vol. 10, no. 4, pp.
58-81, 2022.

[6] T. Z. Kovacs, B. Bittner, A. S. Nagy, and A. Nébradi, “Digital
transformation of human capital in the EU according to the DESI
index,” Issues Inf. Syst., vol. 23, no. 4, pp. 293-311, 2022. https://
doi.org/10.48009/4_iis_2022_125.

[7] T. Z. Kovacs and B. Bittner, “Examination of the category of
digitalisation of public services in the digital economy and society
index among the eastern enlargement of EU,” Industry 4.0, vol. 7,
no. 1, pp. 30-2, 2022.

[8] Z. Banhidi, I. Dobos, and A. Nemeslaki, “What the overall Digital
Economy and Society Index reveals: a statistical analysis of the
DESI EU28 dimensions,” Reg. Stat., vol. 10, no. 2, pp. 42-62, 2020.
https://doi.org/10.15196/RS100209.

[9] Z. Banhidi, I. Dobos, and A. Nemeslaki, “Development of Digital
Economy in Russia and EU28 measured with DEA and using


https://digital-agenda-data.eu/charts/desi-components
https://digital-agenda-data.eu/charts/desi-components
https://doi.org/10.3390/su13115833
https://doi.org/10.3390/su13115833
https://doi.org/10.1016/j.techsoc.2023.102224
https://doi.org/10.3390/math10040613
https://doi.org/10.3390/math10040613
https://doi.org/10.48009/4_iis_2022_125
https://doi.org/10.48009/4_iis_2022_125
https://doi.org/10.15196/RS100209

400 International Review of Applied Sciences and Engineering 14 (2023) 3, 392-401

dimensions of DESI,” St Petersbg. Univ. J. Econ. Stud., vol. 35, no. 4,
Pp. 588-605, 2019. https://doi.org/10.21638/spbu05.2019.405.

[10] M. Tokmergenova, Z. Banhidi, and I. Dobos, “Analysis of I-DESI
dimensions of the digital economy development of the Russian
Federation and EU-28 using multivariate statistics,” St Petersbg.
Univ. J. Econ. Stud., vol. 37, no. 2, pp. 189-204, 2021.

[11] M. Moroz, “The level of development of the digital economy in
Poland and selected European countries: a comparative analysis,”
Found. Manag., vol. 9, no. 1, pp. 175-90, 2017. https://doi.org/10.
1515/fman-2017-0014.

[12] M. Kotarba, “Measuring digitalization - key metrics,” Found.
Manag., vol. 9, no. 1, pp. 123-38, 2017. https://doi.org/10.1515/
fman-2017-0010.

[13] E. Laitsou, A. Kargas, and D. Varoutas, “Digital competitiveness in
the European union era: the Greek case,” Economies, vol. 8, no. 4,
p. 85, 2020. https://doi.org/10.3390/economies8040085.

[14] F. Damiani and P. Rodriguez-Modrofo, “Measuring Women’s
Digital Inclusion. A Poset-Based Approach to the Women in Digital
Scoreboard,” DEMB Working Paper Series N. 210, 2022. https://
iris.unimore.it/retrieve/handle/11380/1270081/404067/0210.pdf.

[15] 1. Wallerstein, “The Modern World-System I: Capitalist Agriculture
and the Origins of the European World-Economy in the Sixteenth
Century,” vol. 1, Univ of California Press, 2011.

[16] I. Wallerstein, “Semi-peripheral countries and the contemporary
world crisis,” Theor. Soc., vol. 3, no. 4, pp. 461-83, 1976.

[17] T. Farole, A. Rodriguez-Pose, and M. Storper, “Cohesion policy in
the European Union: growth, geography, institutions,” JCMS: J.
Common. Mark. Stud., vol. 49, no. 5, pp. 1089-111, 2011.

[18] J. M. Magone, B. Laffan, and C. Schweiger, Eds. “Core-periphery
Relations in the European Union: Power and Conflict in a Dualist
Political Economy,” Routledge, 2016.

[19] P. De Grauwe and Y. Ji, “Core-periphery relations in the euro-
zone,” Econ. Voice, vol. 15, no. 1, pp. 1-16, 2018.

[20] B. Farkas, “Quality of governance and varieties of capitalism in the
European Union: core and periphery division?,” Post-Communist
Economies, vol. 31, no. 5, pp. 563-78, 2019.

[21] M. Fattore and F. Maggino, “Partial orders in socio-economics:
a practical challenge for poset theorists or a cultural challenge for
social scientists?,” in Multi-indicator Systems and Modelling in
Partial Order, R. Briiggemann, L. Carlsen, and J. Wittmann, Eds.,
Springer Science & Business Media, 2014, pp. 197-214.

[22] P. Annoni, R. Bruggemann, and L. Carlsen, “Peculiarities in
multidimensional regional poverty,” in Partial Order Concepts in
Applied Sciences, M. Fattore and R. Bruggemann, Eds., Springer
International Publishing, 2017, pp. 121-33.

[23] T. Beycan and C. Suter, “Application of partial order theory to
multidimensional poverty analysis in Switzerland,” in Partial
Order Concepts in Applied Sciences, M. Fattore and R. Brugge-
mann, Eds., Springer International Publishing, 2017, pp. 135-50.

[24] M. Fattore and A. Arcagni, “Posetic tools in the social sciences:
a tutorial exposition,” in Measuring and Understanding Complex
Phenomena: Indicators and Their Analysis in Different Scientific
Fields, R. Bruggemann, L. Carlsen, T. Beycan, C. Suter, and
F. Maggino, Eds., Springer Nature, 2021, pp. 219-41.

[25] J. Bachtrogler, H. Badinger, A. F. de Clairfontaine, and W. H.
Reuter, “Summarizing data using partially ordered set theory: an
application to fiscal frameworks in 97 countries,” Stat. J. IAOS, vol.
32, no. 3, pp. 383-402. https://epub.wu.ac.at/4283/1/wp181.pdf.

Brought to you by University of Debrecen | Unauthenticated | Downloaded ©1/19/24 12:21 PM UTC

[26] H. Badinger and W. H. Reuter, “Measurement of fiscal rules:
introducing the application of partially ordered set (poset) theory,”
J. Macroecon., vol. 43, pp. 108-23, 2015. https://doi.org/10.1016/j.
jmacro.2014.09.005.

[27] A. Emrouznejad and G. L. Yang, “A survey and analysis of the first
40 years of scholarly literature in DEA: 1978-2016,” Socioecon
Plann. Sci., vol. 61, pp. 4-8, 2018. https://doi.org/10.1016/j.seps.
2017.01.008.

[28] R. Mahmoudi, A. Emrouznejad, S. N. Shetab-Boushehri and S. R.
Hejazi, “The origins, development and future directions of data
envelopment analysis approach in transportation systems,”
Socioecon. Plann. Sci., vol. 69, 2020, Paper no. 100672. https://doi.
0rg/10.1016/j.seps.2018.11.009.

[29] A. Labijak-Kowalska and M. Kadzinski, “Experimental compari-
son of results provided by ranking methods in Data Envelopment
Analysis,” Expert Syst. Appl., vol. 173, 2021, Paper no. 114739.
https://doi.org/10.1016/j.eswa.2021.114739.

[30] R. S. Barr, M. L. Durchholz, and L. Seiford, “Peeling the DEA
Onion: Layering and Rank-Ordering DMUs Using Tiered DEA,”
vol. 5, Southern Methodist University Technical Report, 2000,
pp. 1-24.

[31] S. Cheon, “Impact of global terminal operators on port efficiency:
a tiered data envelopment analysis approach,” Int. J. Logistics: Res.
Appl., vol. 12, no. 2, pp. 85-101, 2009. https://doi.org/10.1080/
13675560902749324.

[32] M. Den, H. S. Nah, and C. H. Shin, “An empirical study on the
efficiency of container terminals in Russian and Korean ports
using DEA models,” J. Navigation Port Res., vol. 40, no. 5, pp.
317-28, 2016. http://dx.doi.org/10.5394/KINPR.2016.40.5.317.

[33] M. L. Bougnol and J. H. Duld, “Validating DEA as a ranking tool:
an application of DEA to assess performance in higher education,”
Ann. Operations Res., vol. 145, no. 1, pp. 339-65, 2006. https://doi.
0rg/10.1007/s10479-006-0039-2.

[34] J. Johnes, “University rankings: what do they really show?,” Sci-
entometrics, vol. 115, no. 1, pp. 585-606, 2018. https://doi.org/10.
1007/s11192-018-2666-1.

[35] D. Yemshanov, F. H. Koch, Y. Ben-Haim, M. Downing, F. Sapio,
and M. Siltanen, “A new multicriteria risk mapping approach
based on a multiattribute frontier concept,” Risk Anal., vol. 33, no.
9, pp- 1694-709, 2013. https://doi.org/10.1111/risa.12013.

[36] B. Radziszewski and A. Szadkowski, “Data Envelopment Analysis
and beyond,” LAP LAMBERT Academic Publishing, 2016.

[37] K. Voigt, R. Bruggemann, and S. Pudenz, “A multicriteria evalu-
ation of environmental databases using the Hasse Diagram
Technique (ProRank) software,” Environ. Model. Softw., vol. 21,
pp. 1587-97, 2006.

[38] A. Manganaro, D. Ballabio, V. Consonni, A. Mauri, M. Pavan, and
R. Todeschini, “The DART (decision analysis by ranking tech-
niques) software,” Data Handling Sci. Technology, vol. 27, pp.
193-207, 2008.

[39] A. Charnes, W. W. Cooper, and E. Rhodes, “Measuring the effi-
ciency of decision making units,” Eur. J. Oper. Res., vol. 2, no. 6,
pp. 429-44, 1978.

[40] W. D. Cook and L. M. Seiford, “Data envelopment analysis
(DEA)-Thirty years on,” Eur. J. Oper. Res., vol. 192, no. 1, pp.
1-17, 2009. https:/doi.org/10.1016/j.¢jor.2008.01.032.

[41] L. Cherchye, W. Moesen, N. Rogge, T. Van Puyenbroeck, M.
Saisana, A. Saltelli, R. Liska, and S. Tarantola, “Creating composite


https://doi.org/10.21638/spbu05.2019.405
https://doi.org/10.1515/fman-2017-0014
https://doi.org/10.1515/fman-2017-0014
https://doi.org/10.1515/fman-2017-0010
https://doi.org/10.1515/fman-2017-0010
https://doi.org/10.3390/economies8040085
https://iris.unimore.it/retrieve/handle/11380/1270081/404067/0210.pdf
https://iris.unimore.it/retrieve/handle/11380/1270081/404067/0210.pdf
https://epub.wu.ac.at/4283/1/wp181.pdf
https://doi.org/10.1016/j.jmacro.2014.09.005
https://doi.org/10.1016/j.jmacro.2014.09.005
https://doi.org/10.1016/j.seps.2017.01.008
https://doi.org/10.1016/j.seps.2017.01.008
https://doi.org/10.1016/j.seps.2018.11.009
https://doi.org/10.1016/j.seps.2018.11.009
https://doi.org/10.1016/j.eswa.2021.114739
https://doi.org/10.1080/13675560902749324
https://doi.org/10.1080/13675560902749324
http://dx.doi.org/10.5394/KINPR.2016.40.5.317
https://doi.org/10.1007/s10479-006-0039-2
https://doi.org/10.1007/s10479-006-0039-2
https://doi.org/10.1007/s11192-018-2666-1
https://doi.org/10.1007/s11192-018-2666-1
https://doi.org/10.1111/risa.12013
https://doi.org/10.1016/j.ejor.2008.01.032

International Review of Applied Sciences and Engineering 14 (2023) 3, 392-401

401

indicators with DEA and robustness analysis: the case of the
Technology Achievement Index,” J. Oper. Res. Soc., vol. 59, no. 2,
pp- 239-51, 2008. https://doi.org/10.1057/palgrave.jors.2602445.

[42] I. Dobos and G. Vorosmarty, “Green supplier selection and
evaluation using DEA-type composite indicators,” Int. J. Prod.
Econ., vol. 157, pp. 273-8, 2014. https://doi.org/10.1016/j.ijpe.
2014.09.026.

[43] B. Radziszewski and A. Szadkowski, “Ranking with data envel-
opment analysis vs. Partial order,” Open Access Libr. PrePrints,
vol. 1, p. €078, 2014. http://dx.doi.org/10.4236/0alib.preprints.
1200078.

[44] I. Dobos, Z. Banhidi, and M. Tokmergenova, “Comparison of
digital economy and society indicator (DESI) overall indicators
with DEA-type composite indicators: case Russia,” in Tpemovs
MeHOYHAPOOHAT OusHecom 6

KoHepenuus  «Ynpaenerue

Yudposoti sKoHoMUKe» : COOPHUK e3ucos evicmynnenuil, VI. A.

Apenxos, T. A. Jlesuna, B. V. Crelllenko, M. K. Ierxapuk, and
II. B. ViBanosa, Eds., Sankt-Petersburg, Russia, Sankt-Petersburg
State University, 2020, pp. 24-7.

[45] F. Bjorklund, “E-government and moral citizenship: the case of
Estonia,” Citizen. Stud., vol. 20, nos 6-7, pp. 914-31, 2016. https://
doi.org/10.1080/13621025.2016.1213222.

[46] P. Tammpuu and A. Masso, “Welcome to the virtual state’:
Estonian e-residency and the digitalised state as a commodity,”
Eur. J. Cult. Stud., vol. 21, no. 5, pp. 543-60, 2018. https://doi.org/
10.1177/1367549417751148.

[47] P. K. Tupay, “Estonia, the digital nation: reflections on a digital
citizen’s rights in the European union,” Eur. Data Prot. L. Rev.,
vol. 6, p. 294, 2020.

[48] C. Chase-Dunn, Y. Kawano, and B. D. Brewer, “Appendix to
“Trade globalization since 1795: waves of integration in the world-

> »

system”,” Am. Socio. Rev., pp. 77-95, February 2000.

Appendix
Table Al. The basic data (x;)

Country Code Human capital Connectivity Integration of digital technology Digital public services
Denmark DK 61.20 74.04 57.93 87.09
Finland FI 71.11 51.27 59.49 86.72
Sweden SE 64.56 59.57 56.34 83.95
Netherlands NL 61.55 68.44 50.70 79.90
Ireland IE 54.07 56.41 48.02 82.61
Malta MT 49.09 54.11 50.84 84.19
Estonia EE 57.92 46.56 41.46 91.76
Luxembourg LU 56.18 60.97 39.42 79.36
Spain ES 48.33 62.03 38.75 80.68
Austria AT 53.35 52.99 41.30 79.83
Germany DE 55.24 58.00 35.55 67.47
Belgium BE 50.78 48.40 49.77 65.83
Slovenia SI 47.80 53.19 42.32 67.99
Lithuania LT 46.14 41.71 41.21 78.05
France FR 47.36 47.41 34.77 72.99
Portugal PT 45.57 48.52 36.57 68.95
Latvia LV 41.11 50.38 26.80 79.63
Czechia (074 47.15 44.64 39.07 58.59
Croatia HR 46.72 45.41 39.97 51.97
Italy IT 35.12 42.35 41.45 63.19
Cyprus CY 39.67 41.82 30.54 61.82
Slovakia SK 43.75 46.25 29.09 53.72
Hungary HU 40.48 52.00 23.30 49.16
Poland PL 37.70 45.32 25.88 55.10
Greece EL 41.04 37.73 28.53 41.94
Bulgaria BG 32.70 38.10 20.48 56.05
Romania RO 33.05 53.17 23.76 21.49

Source: Authors’ own compilation based on data from the DESI report [1].
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