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Abstract

The European Commission’s Digital Economy and Social Index (DESI) is a com-
posite index that aims to measure the state of digital transformation in the Euro-
pean Union (EU) and its member states based on five principal dimensions. For each
dimension, the Commission assigns predefined weights to determine the ranking
of countries. The following paper ranks the member states using the Technique for
Order of Preference by Similarity to Ideal Solution (TOPSIS) method. TOPSIS is
based on two data transformations. First, it normalizes the data according to a cho-
sen procedure and second, it assigns weights to the criteria. The aim of the study
is to evaluate how the countries of the European Union can be ranked according to
the five principal dimensions of the DESI but using objective weights instead of the
arbitrary predefined weights of the European Commission, testing the robustness of
the ranking and its sensitivity to the methods of normalization and weighting.

Keywords TOPSIS - Data normalization - Objective weights - Robustness

1 Introduction

The Covid-19 pandemic has clearly demonstrated how essential digital technolo-
gies are to modern economies and societies, enabling public services, schools,
universities to function, and businesses to maintain their viability even in times of
lockdowns and restrictions. The Digital Economy and Society Index (DESI), first
published by the European Commission in 2015, monitors and assesses the digi-
tal transformation in the European Union and its member states through a quan-
titative measurement system and related reports. The DESI itself is a composite
index that combines several ICT-related indicators with predefined weights, using
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a scoring model to rank countries in order to monitor the development of the dig-
ital economy and society. The DESI framework measures digitalization perfor-
mance in five principal dimensions: Connectivity, Human Capital (digital skills),
Use of Internet, Integration of Digital Technology (use of digital technology by
businesses) and Digital Public Services (see Table 1).

The TOPSIS method is essentially a very simple, geometric approach based
on decision theory that attempts to eliminate procedures based on data transfor-
mation. The method consists of three consecutive steps. (It is often summarized
in six steps, but this is based on the three basic methods we describe.) In the
first step, the scale problem between the data is addressed with a normalization
transformation, adjusting the values measured on different scales to a notionally
common scale. That normalization can be based on Euclidean distance on the
unit sphere or the data can be transformed to a [0,1] interval with an affine trans-
formation. The resulting normalized data is then weighted by a weight vector.
The weights can be subjective, given a priori, or objectively determined from the
statistical properties of the available data by theoretical or mathematical statisti-
cal considerations. A third type of weights is called integrated weights systems
(Odu 2019; Trzaskalik 2023). Finally, in the third step, the TOPSIS efficiency
is calculated using the ratio of the distance between the normalized, weighted
data to ideal and nadir (negative ideal) points, the order of which gives the rank-
ing. In this paper, we address the research questions of how different normaliza-
tion methods affect the determination of weights, and how similar (dissimilar) our
rankings with objective (TOPSIS) weights are to each other and to the rankings
of the original DESI scoring model. The purpose of the research is to test the
robustness of the European Commission’s ranking and its sensitivity to the meth-
ods of normalization and weighting.

The paper will consist of five sections. In the following (second) section, a
brief overview of the DESI methodology is given, as well as the four data nor-
malization methods used for the TOPSIS method, and the five objective weights
used. The third chapter presents the mathematical details of the methodology
used for the TOPSIS method. The next section presents the results. In the inter-
ests of brevity, the twenty rankings themselves are not presented, only the vectors
of objective weights, as well as the similarity indices of Pearson and Kendall’s
tau-b correlation coefficients and dissimilarity indices of Garuti compatibility and

Table 1 Dimensions of DESI. Source: European Commission 2020

Name of dimensions Weights indicators

1 Connectivity (CN) 0.25 Fixed broadband take-up, fixed broadband coverage,
mobile broadband and broadband prices

2 Human capital (HC) 0.25 Internet user skills and advanced skills

3 Use of internet (UT) 0.15 Citizens’ use of internet services and online transac-
tions

4 Integration of digital technology (IT) 0.20 Business digitization and e-commerce

5 Digital public services (DP) 0.15 e-Government
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Euclidean distance function of the solutions with the DESI index, which shows
the robustness of the results. Finally, we summarize the results and present our
conclusions in the last section.

2 Literature review

The literature review consists of two parts. First, the focus is on the DESI index and
the related I-DESI index and their applications in scientific literature. Then the pro-
cedures and applications of the TOPSIS method are described.

2.1 The DESI and I-DESI indices

Banhidi et al. (2020) analyze the five principal dimensions of DESI using multivari-
ate statistical methods. The authors first investigate the linear relationships between
the dimensions using simple Pearson and partial correlation analysis and factor
analysis, with a focus on possible causal relationships based on the partial correla-
tion analysis. The objects (EU member states) in the data set are grouped with clus-
ter analysis, then grouped and ranked using Multidimensional Scaling (MDS), and
the resulting rankings are compared to those based on the European Commission’s
original scoring model. The results of the study support the European Commission’s
thesis that the five main dimensions of DESI are interrelated, but also suggest that at
least one of them could be redundant (based on the multicollinearity in the data set).

Tokmergenova et al. (2021) carry out a similar analysis focusing on the multicol-
linearity between dimensions and the statistical relationships between them using
data from the International Digital Economy and Society Index (I-DESI), which
can be considered an international extension of the DESI. Their results show a high
degree of multicollinearity between the dimensions.

Banhidi et al. (2019) investigate the stability of rankings based on the same
I-DESI data set. To do so, the authors use the basic DEA and the DEA Common
Weights (DEA/CWA) methods, as well as a one-dimensional version of MDS,
which they consider suitable for ranking decision-making units (DMUs — in this
case, countries). Their results show that these ranking methods offer a similar solu-
tion to the European Commission’s original scoring model, but that the ranking of
some countries (e.g., Russia) shows more significant variation depending on the
method chosen.

The research questions of Banhidi et al. (2021) also relate to the stability of
the I-DESI ranking and the position of Russia, and their results (using the DEA/
CI method) show that the Russian Federation achieved respectable results in digital
economic and social development relative to Eastern and Southern member states of
the European Union.

Moroz (2017) discusses the main (international) indicator systems used to meas-
ure and compare the digital development of countries, analyzing Poland’s position
and the dynamics of its development based on two selected measurement systems,
the DESI and the World Economic Forum’s Networked Readiness Index (NRI).
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His results show that Poland’s position is relatively unfavorable, with a low level of
development and digital competitiveness, coupled with a low growth (catch-up) rate.

Kotarba (2017) also discusses composite indices of digital development, includ-
ing the DESI. He suggests that digital development can be measured at five lev-
els (stages): society, sectors, firms and customers, in addition to the economy as a
whole. The article discusses the similarities and differences between the main indi-
cator systems, and makes suggestions for their improvement.

The work of Laitsou et al. (2020) uses the DESI and its five main dimensions
to evaluate the digital performance of the Greek economy and uses the Gompertz
model to predict how Greece can converge to leading EU countries in terms of digi-
tal development. They predict that, although the country faces a number of chal-
lenges on both the demand and supply sides of digital markets, with the right gov-
ernment policies, it could catch up with the EU average by 2030.

2.2 Data normalization and objective weights in TOPSIS method

Data normalization is the first important step in the TOPSIS method. The aim
of normalization is to bring the data according to the criteria to the same length
scale, which filters out differences in magnitude between the different dimensions.
In Chakraborty and Yeh (2009), Papathanasiou and Ploskas (2018), Sarraf and
McGuire (2021), and Vafaei et al. (2018, 2021), numerous data normalization meth-
ods are presented. Four of them are examined in the present study. Three of these
methods are linear, while the last, fourth, uses Euclidean distance. The transforma-
tion of criteria also depends on whether the criteria are of benefit or cost type. In the
case of the DESI dimensions, all of them can be characterized as benefit criteria,
i.e., the country with the highest score is the best country according to each dimen-
sion. After data normalization, the weights are determined.

There are three main families of methods for determining weights: subjective,
objective and integrated. Subjective weights are given a priori (based on expert
judgement), and are used inter alia by the original DESI scoring model. Our analyses
are carried out using the objective weighting method (Nasser et al. 2019; Odu 2019;
Sahin 2021). This is called objective because it is based on the statistical property
of the available data set. The weights are therefore endogenously determined from
the data, so that no external influence affects their magnitude. Five of the known
objective weighting methods are used. The weighting methods are described later
(in Sect. 3.2).

3 Using of TOPSIS in ranking of countries (DMUs)

A short overview of the TOPSIS method was given in the Introduction, which is
summarized in Table 2. The three steps described are illustrated by the methods
we use. In the detailed description of the TOPSIS methodology, it is assumed that
the decision-making units (DMUs) and their associated criteria are available for
evaluation. However, it is also assumed that the criteria are of the benefit type,
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Table 2 The TOPSIS method in three steps

# Steps (actions)

0 A decision matrix (X = {xéi}) containing the criteria for each DMU is given

1 The decision matrix is normalized. See Sect. 3.1

2 The criteria of the normalized matrix are weighted. See Sect. 3.2

3 The ideal and nadir points are determined on the weighted normalized matrix:
= e = T e (=12

The distances (e.g. Euclidean distance) of the DMUs from the ideal point and
the nadir point are determined:

4 =\ZL (u _Ii)z’d_;v = VI =N (=120

The TOPSIS efficiencies are calculated for each DMU:
N

E = (=1,2,...,n). See Sect. 3.3

i
d'+dV’
i

i.e., the decision units with the highest value are the best according to the given
criterion. We can do this because the five dimensions of the DESI are benefit
variables.

3.1 Data normalization

In the first step, the normalization of the basic data is performed. Suppose that
the data for criterion j according to each decision-making unit i, i.e., EU member
state are contained in the vector x; = (x,-j)j”i | (for the concrete data set comprising

the five principal dimensions of DESI, see Table 11 in the Appendix). Suppose
there are n countries (DMUs) and m dimensions (criteria). Then the types of data
transformation are as shown in Table 3.

The minimal and maximal values of criterion j are xj’.”"’ and X, With this

transformation, the values of each criterion for each country were transformed to
the interval [0,1]. Let the value of the new vectors be y;. The determination of the

Table 3 Normalizations

: . Normalization procedures Formula
approaches used in the analysis

MAX (linear) Vi = i
i =

MAX-MIN (linear) ’

e
Yij = Znar_ g

7 7

SUM (linear = i
(tinear) Yi = T

Vector (Euclidean) y,; = —=l

YoELR
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weight vectors is based on these y; vectors, which will be discussed in the next
section.

3.2 Determination of the objective weights

In the second step, knowing the values of the individual transformed variables, in
our case dimensions, the weights are determined. Table 4 provides the mathematical
description of the five objective weighting methods. In Table 4, ¢, represents the stand-
ard deviation, V] the variance and Ty the correlation coefficient between the kth and jth
criteria.

3.3 Identifying TOPSIS efficiencies

The weighted normalized values are denoted by z;;, which is equal to.
i = Wi * Y.

The ideal and nadir points are then determined using the z;; values.

Finally, in the third step, the efficiency index is used for the weighted data to deter-
mine using the ideal (/;) and nadir (;) points, which are calculated in the following
way:

I, = max z = min z

P T A S W N T

The distance of the jth country from the ideal and nadir is determined as follows:

A final calculation is the determination of the TOPSIS efficiency Ej, which shows
the ratio of the distance from the two aforementioned points:

Table 4 Objective weighting methods used in the analysis

Weighting methods Formula

Mean weight (MW) w;=1/n
Standard deviation procedure (SD)

X (y,, —5/)2

n . —
Wj =0,/ X 030, = p

Statistical variance procedure (SVP) n hd ,\-,,—)’v,)z
w; =V,/ 2 ViV = I(T
Entropy method (Entropy) _ n o Zepin(py)
Py Py W.f_ (l_Ej)/Zk:I(l_Ek)’Ej__ lln(m)
P = yf,-/(Zﬁ-Lyf,-)

Criteria importance through intercriteria correlation w; =G / ZZ:I CisC; = o—j.z:’:l (1 — rkj)
(CRITIC) Method
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v
E. = J . .:1,2,...,71).
= ara

The value of the E; indicator illustrates the efficiency. The closer this TOPSIS
indicator is to one, the more efficient the DMU (in our case, the country), is consid-
ered to be. This also means that the more efficient a country is (with respect to its
digital development), the closer it is to the ideal point and the further it is from the
nadir.

After a brief description of the TOPSIS method, we describe the results of our
calculations performed on the data set. We omit the detailed calculations, only the
objective weights, and the correlation between TOPSIS efficiencies and the DESI
indicator are presented in the following Tables in the next section. Table 12 in the
Appendix shows three orders, namely EU-DESI, MW-MAX and SD-MaxMin.

4 Main results: TOPSIS weights and the similarity of rankings

For the concrete calculations, we used the DESI data set introduced in the first sec-
tion (European Commission 2020). We evaluated the digital development of the
European Union, which still had 28 member states in 2020, along the five main
dimensions of DESI. Four normalisation and five objective weighting procedures
were combined to obtain the TOPSIS efficiencies and to establish the rankings of
EU member states. In total, twenty TOPSIS models were tested. Two research ques-
tions can be asked in this context:

How do the different normalization procedures affect the development of weights?
What is the linear relationship between TOPSIS efficiencies according to the
twenty possible methods and the DESI scoring model? Also, how do the twenty
rankings based on the TOPSIS efficiencies relate to the original one based on the
European Commission’s scoring model?

N =

The two research questions are answered in the following. Similarity and dissimi-
larity indices are used to compare the rankings of each TOPSIS model. Similarity
indicators are correlation coefficients known from statistics. Dissimilarity indices
rely on the properties of distance functions. We use two dissimilarity indicators to
illustrate the similarity between rankings:

e The Euclidean distance and
e The Garuti compatibility index (Garuti 2020).

4.1 Comparison of TOPSIS weights

Table 5 shows the total of seventeen possible objective weights (maximal elements
in each column and the last row are marked in bold). The mean weight objective
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Table 5 Objective weights and normalization methods used in the analysis

Connect-| Human Use of Integration of Digital | Digital Public
Methods ivity Capital Internet Technology Services
SVP-SUM 0.096 0.240 0.132 0.437 0.094
Entropy-
MAX 0.099 0.237 0.133 0.435 0.096
Entropy-
SUM 0.099 0.237 0.133 0.435 0.096
Entropy-
VECTOR 0.099 0.237 0.133 0.435 0.096
SVP-
VECTOR 0.101 0.243 0.137 0.421 0.098
Entropy
Max-Min 0.135 0.336 0.165 0.202 0.161
SVP-MAX 0.137 0.217 0.169 0.340 0.137
SD-SUM 0.146 0.230 0.170 0.310 0.144
SD-
VECTOR 0.148 0.230 0.173 0.303 0.146
SD-MAX 0.168 0.212 0.187 0.265 0.168
MW 0.200 0.200 0.200 0.200 0.200
SD Max-Min 0.192 0.204 0.199 0.197 0.208
SVP Max-
Min 0.185 0.208 0.198 0.194 0.215
CRITIC
Max-Min 0.281 0.164 0.144 0.196 0.215
CRITIC-
MAX 0.301 0.157 0.139 0.176 0.227
CRITIC-
VECTOR 0.317 0.150 0.134 0.163 0.234
CRITIC-
SUM 0.319 0.151 0.136 0.161 0.233
DESI
Weights 0.250 0.250 0.150 0.200 0.150

weighting method does not depend on the normalization procedure, so there will be
only seventeen types of weights.

The weights are first sorted by the Connectivity dimension. This showed that the
CRITIC objective weighting method resulted in fairly similar weight vectors regard-
less of the normalization procedure used in the first step. These weight vectors were
also quite similar to the subjective weights of the European Commission, except that
the Human Capital dimension was given significantly less weight and the Digital
Public Services dimension more weight. In addition, according to these weights, the
Connectivity dimension is slightly more important and the Integration of Digital
Technologies is somewhat less important.

The remaining thirteen objective weighting methods other than CRITIC were
then assigned to three groups with roughly similar results, which were then ranked
in descending order along the Integration of Digital Technology dimension. In this
dimension, there is a significant gap between the richer core member states in the
north and west and the poorer periphery in the south and east. In the first group,
weights for this dimension were above 0.400, substantially determining TOPSIS
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efficiencies. This group includes the weights of the Entropy Method and the Sta-
tistical Variance Procedure: there are three Entropy and two SVP procedures in this
group.

In the second group, an Entropy Method weighting was used, but with the
Max-Min normalization procedure. This was done because the Human Capital
dimension’s weight in this TOPSIS model, at 0.336, is significantly higher than the
Human Capital dimension weights obtained by the other methods.

Finally, the other results could not be classified so clearly and can therefore be
considered as one heterogeneous group. Groups are distinguished by grey and white
backgrounds.

The MDS statistical method was used to test the validity of the results, using
SPSS29 software. (Borg et al. 2018) The resulting map is shown in Fig. 1. The map
is considered to be very good because the stress value is 0.02144 and the R square of
the distances is 0.99855, which shows a perfect mapping to the plane.

After comparing the weights, the TOPSIS rankings are compared with the DESI
indices.

4.2 Comparison of rankings with correlation similarity indices

Pearson correlation is used first, which has the disadvantage that it only compares
TOPSIS efficiencies with the DESI index, but does not tell us anything about the
ranking between countries.

Table 6 shows the Pearson correlations between each TOPSIS model and the
DESI scoring model. It is immediately apparent that all correlation coefficients are
greater than 0.900, suggesting that the results all of our models are similar to those
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Fig. 1 MDS map of objective weights. Source: Own compilation
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Table 6 Pearson correlation

. Pearson MW SD SVP ENTROPY  CRITIC
between DESI Scoring model
and TOPSIS models. Source: MAX 0.997 0982 0957 0930 0.976
Own compilation
MAX-MIN 0995 0997 0983 0.955 0.945
SUM 0989 0970 0944 0.921 0.989
VECTOR 0991 0967 0944 0.921 0.988

Table 7 Kendall’s tau-b

. Kendall’s tau-b MW SD SVP  ENTROPY CRITIC
correlation between DESI

Scoring model and TOPSIS MAX 0.963 0905 0861 0.778 0.850

models. Source: Own

compilation MAX-MIN 0930 0963 0905 0.847 0.760
SUM 0940 0.868 0815 0.750 0.910
VECTOR 0946 0882 0.804 0.751 0.910

of the original scoring model. However, two methods, namely the MW-MAX and
SD-MaxMin models, stand out with correlation coefficients of 0.997.

The high Pearson correlation between the efficiencies does not reflect the correla-
tion between the rankings, so we also estimated the Kendall’s tau-b rank correla-
tion. (Samara and Randles, 1988) The results are shown in Table 7. This indicator
also falls between minus one and plus one. However, a strong relationship between
two ranks is found when the absolute value of the correlation coefficient is greater
than 0.700. Our calculations show that all orders have a strong relationship with the
DESI order, but the same two orders also proved to be the best for the Pearson cor-
relation, so the two types of correlation give almost identical results. The highest
values here are also shown in bold.

After the similarity indices, the dissimilarity indices are used to compare the rela-
tionship between the rankings.

4.3 Comparison of rankings with distance-type dissimilarity indices

Recently, the Garuti compatibility index has become popular, as dissimilarity indi-
cator. It has numerous applications, especially in the AHP method. In practical prob-
lems it is mainly used to solve logistical problems. (Duleba et al. 2021; Duleba and
Szadoczki 2022, and Orban-Mihalykoé et al. 2023).

The Garuti index defines the distance between two vectors by the following rela-
tion: The Garuti index defines the distance between two vectors xandy by the follow-
ing relation:

n

x;+y,  ming(x;,y;)
G , — 1 1 . 1 1 1 .
x.7) ; 2 max;(x;,y;)
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Table 8 Scale of value for G compatibility index. Source: Garuti (2020)

Degree of Compatibility Compatibility Description
value range (G%)

Very High >90% Very high compatibility,

Compatibility at cardinal level (Compatible vectors)
High 85-89.9 High Compatibility (Almost compatible vectors)
Moderate 75-84.9 Moderate compatibility,

Compatibility only at ordinal level
Low 65-74.9 Low level of compatibility
Very Low 60-64.9 Very low compatibility (Almost incompatible vectors)
Null (random) <60% Random level of compatibility (Incompatible vectors)

Table 10 Euclidean distances
between DESI Scoring model
and TOPSIS models. Source:

Euclidean MW SD SVp ENTROPY  CRITIC

o MAX 0.612 0702 0.802  0.907 0.546
Own compilation
MAX-MIN  0.563 0.615 0.704 0.833 0.571
SUM 0.677 0.766 0.856  0.939 0.569
VECTOR 0.669 0.755 0.848  0.935 0.564

The values of the Garuti indices are then mapped to an ordinal scale, as shown in
Table 8, which measures how compatible the vectors are with each other. The Garuti
values between DESI sequences are demonstrated in Table 9.

The highest value is then considered the most compatible. This value, marked in
grey, is the value given by the CRITIC weighting. However, it should also be noted
that even the best compatibility will be no better than “moderate”, as can be seen by
comparing Tables 8 and 9.

Table 10 shows the Euclidean distance dissimilarity indices. The distances result
in much better discriminability than correlation similarity indices. In this case, too,
the CRITIC weighting and the order formed by the MAX normalization procedure
give the order most similar to the DESI order.

5 Conclusion

In conclusion, among the seventeen possible vectors of objective weights, we could
identify three distinct homogeneous groups and a more heterogeneous leftover
group based on their MDS map. In particular, all weight vectors obtained with the
CRITIC weighting procedure, and all but one obtained with the ENTROPY proce-
dure exhibited a high level of similarity regardless of the normalization method used
in the first step.
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Table9 Garuti compatibility

L . Garuti MW SD SVP ENTROPY  CRITIC
indices between DESI Scoring
model and TOPSIS models. MAX 0748 0730 0712  0.694 0.772
Source: Own compilation
MAX-MIN  0.755 0.748 0.730  0.703 0.770
SUM 0.733 0714 0.701  0.689 0.764
VECTOR 0.734 0723  0.706  0.691 0.766

Moreover, the normalization and weighting methods chosen had little effect on
the resulting rankings, which all exhibited strong or very strong linear association
with each other according to both the Pearson and the Kendall rank correlation coef-
ficients. The rankings obtained with the SUM and Vector normalization methods,
in particular, were almost identical regardless of the weighting method used in the
second step.

The TOPSIS rankings were also generally similar to those obtained with the
original DESI scoring model, confirming the latter’s robustness. The value of
Kendall’s tau-b correlation coefficients all exceeded a threshold value of 0.7 and
the results of the MW-MAX and SD-MaxMin models were almost identical to
those of the original scoring model (according to their Pearson correlation coef-
ficients and Kendall’s tau-b coefficients). In terms of policy implications, our
results suggest that despite its somewhat arbitrary weights, the original DESI
scoring model provides a reasonably accurate assessment of member states’ digi-
tal readiness and their “pecking order”, as the rankings are not particularly sensi-
tive to the weights.

There are, of course, several limitations to our research that could also guide
future research directions. We have only used the five main dimensions of the
DESI 2020 report as the base data for our models, but the research could be
extended to the level of sub-dimensions or their constituent indicators. In addi-
tion, the methodology could be applied to data from previous or subsequent
DESI reports, especially given that the most recent DESI reports publish only
four equally weighted principal dimensions (excluding the former Use of Internet
dimension).

Appendix

See Tables 11 and 12
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Table 11 Basic data set (DESI principal dimensions). Source: European Commission 2020
Countries Connectivity Human Capital  Use of Internet  Integration of Digital Pub-
Digital Technol-  lic Services
ogy

Austria 0.716 0.723 0.708 0.546 0.905
Belgium 0.790 0.642 0.801 0.886 0.803
Bulgaria 0.585 0.432 0.480 0.240 0.691
Croatia 0.625 0.627 0.727 0.558 0.624
Cyprus 0.584 0.456 0.714 0.464 0.772
Czechia 0.682 0.620 0.709 0.667 0.698
Denmark 1.000 0.781 0.984 0.877 0.975
Estonia 0.788 0.850 0.857 0.554 1.000
Finland 0.899 1.000 1.000 0.902 0.974
France 0.757 0.605 0.695 0.566 0.859
Germany 0.902 0.719 0.806 0.532 0.743
Greece 0.507 0.444 0.604 0.379 0.576
Hungary 0.908 0.533 0.732 0.341 0.647
Ireland 0.694 0.719 0.813 1.000 0.903
Italy 0.759 0.414 0.583 0.420 0.755
Latvia 0.938 0.446 0.707 0.381 0.952
Lithuania 0.743 0.559 0.751 0.666 0.912
Luxembourg 0.962 0.742 0.771 0.514 0.825
Malta 0.892 0.787 0.863 0.739 0.875
Netherlands 0.916 0.818 0.985 0.885 0.906
Poland 0.780 0.475 0.650 0.353 0.755
Portugal 0.819 0.481 0.630 0.550 0.841
Romania 0.854 0.423 0.470 0.335 0.542
Slovakia 0.721 0.533 0.699 0.438 0.623
Slovenia 0.763 0.616 0.677 0.551 0.792
Spain 0.924 0.606 0.796 0.555 0.977
Sweden 0.978 0914 0.995 0.836 0.888
United Kingdom  0.742 0.803 0.960 0.729 0.792
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Table 12 Ranking of EU-DESI, MW-MAX and SD-MaxMin. Source: Own compilation

Countries EU-DESI  Rank of MW-MAX  Rank of SD-MaxMin  Rank of
EU-DESI MW-MAX SD-
MaxMin

Austria 54.31 13 0.490 14 0.494 14
Belgium 58.71 9 0.624 8 0.621 8
Bulgaria 36.44 28 0.124 28 0.127 28
Croatia 47.56 20 0.367 20 0.366 20
Cyprus 43.98 24 0.304 22 0.306 22
Czechia 50.78 17 0.443 16 0.441 16
Denmark 69.15 3 0.815 3 0.812

Estonia 61.07 7 0.614 9 0.620

Finland 72.31 1 0.892 1 0.895

France 52.19 15 0.454 15 0.455 15
Germany 56.05 12 0.522 12 0.519 12
Greece 37.32 27 0.149 27 0.149 27
Hungary 47.52 21 0.357 21 0.352 21
Ireland 61.79 6 0.677 6 0.678 6
Ttaly 43.65 25 0.285 25 0.283 25
Latvia 50.71 18 0.426 18 0.426 18
Lithuania 53.89 14 0.508 13 0.509 13
Luxembourg 57.92 10 0.546 11 0.545 11
Malta 62.70 5 0.691 5 0.691 5
Netherlands 67.69 4 0.811 4 0.809 4
Poland 44.96 23 0.299 24 0.298 24
Portugal 49.58 19 0.407 19 0.405 19
Romania 39.97 26 0.241 26 0.233 26
Slovakia 45.18 22 0.302 23 0.299 23
Slovenia 51.20 16 0.428 17 0.428 17
Spain 57.54 11 0.551 10 0.551 10
Sweden 69.74 2 0.836 2 0.835

United Kingdom  60.41 8 0.647 7 0.647 7
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