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Abstract:

Purpose: The paper's objective is to identify the similarities of EU countries in terms of the
entire sets of indicators. Hence, the multi-dimensional cluster analysis is applied to evaluate
the economic vulnerability to the impact of the COVID-19 pandemic.
Design/Methodology/Approach: A hierarchical and non-hierarchical cluster analysis method
was used in the paper. At the first step, EU countries were clustered with Ward's method, and
the following k-means method was applied for grouping countries.

Findings: In the study, four clusters were identified. Southern European countries grouped in
the 1st Cluster performed the highest level of vulnerability to the negative impact of the
COVID-19 pandemic. Germany, the Netherlands, Ireland, and the Scandinavian countries
appeared to be the least vulnerable EU economies to the impact of the COVID-19 pandemic
and were grouped in the 4th Cluster. The countries of Central and Eastern Europe, most of
which joined the EU in the 21st century, were characterized by moderate vulnerability and
belonged to the 2nd and 3rd Cluster.

Practical Implications: The results obtained can be used by policymakers to make better
decisions to mitigate the negative impact of the pandemic on economies.

Originality/Value: Most clustering of countries according to the impact of a COVID-19
pandemic examines how the virus spreads from a medical point of view. There is little
literature on the economic impact of a coronavirus pandemic. This study will fulfill this gap.
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clustering.

JEL classification: C38, 110, 114, 115, 118, 139.

Paper Type: Research study.

Acknowledgement: The project is financed within the framework of the program of the
Minister of Science and Higher Education under the name “Regional Excellence Initiative” in

the years 2019-2022; project number 001/RID/2018/19; the amount of financing PLN
10,684,000.00.

Ynstitute of Economics and Finance, University of Szczecin, Poland, e-mail:
joanna.brzyska@usz.edu.pl;

2Institute of Economics and Finance, University of Szczecin, Poland, e-mail:
izabela.szamrej-baran@usz.edu.pl;



mailto:joanna.brzyska@usz.edu.pl
mailto:izabela.szamrej-baran@usz.edu.pl

Classification of the EU Countries According to the Vulnerability of their Economies
to the Impact of COVID-19 Pandemic

968

1. Introduction

The end of the second decade of the 21st century was an extraordinary period for the
global economy. The outbreak of the COVID-19 pandemic and the rapid spread of the
virus worldwide triggered strong reactions from many countries in the form of the
introduction of lockdowns, which had never been seen before on such a scale. The
highly advanced process of globalization has been disrupted, and the complex system
of solid linkages between countries has been breached. This could not remain without
an impact on the economies of the countries. In a short time, there was a significant
decline in international trade and a fall in GDP. The first forecasts were pessimistic.
The WTO predicted a fall in world trade of 32% in 2020 (WTO, 2020). According to
UNCTAD, the decline in global trade was more significant than during the financial
crisis in 2008 (UNCTAD, 2020). However, reality turned out to be more optimistic.
Declines were significantly smaller than initially forecast - at 7.5% (WTO, 2021).

The COVID-19 pandemic and its impact did not affect all countries to the same extent.
While some of them showed very high vulnerability and the negative impact of the
pandemic caused significant damage (many companies bankrupted, unemployment
increased significantly, and there was a substantial decline in GDP), other countries
were affected to a significantly lesser extent. Engaging in this situation arises the
question of which countries were characterized by higher and lower sensitivity to the
impact of the COVID-19 pandemic and what factors determined the differentiation of
this impact. Is it possible to distinguish groups of countries similar to each other in
this respect? The paper's objective is to identify the similarities of EU countries in
terms of the entire sets of indicators. Hence, the multi-dimensional cluster analysis is
applied to evaluate the economic vulnerability to the impact of the COVID-19
pandemic. This will allow the grouping of countries with similar levels of
vulnerability to the impact of the coronavirus. It will also provide an opportunity to
make comparisons between countries with similar vulnerability levels and learn from
countries that have been successful in dealing with the adverse effects of the
pandemic.

2. Literature Review

There is a worldwide effort of the research community to explore the medical and
economic impact of the COVID-19 pandemic. Many different disciplines try to find
solutions and drive strategies to a wide variety of different problems. The literature
on clustering countries in terms of vulnerability to the impact of the COVID-19
pandemic is dominated by an approach that focuses primarily on health aspects. This
takes into account the number of new cases of COVID-19, the number of deaths
caused by the virus, the number of people vaccinated against coronavirus, or the state
of health services as measured by the number of doctors, available ventilators, and
free hospital beds or other metrics (Zarikas et al., 2020). This approach examines the
spread of the virus in the community (Liu et al., 2020; Zubair et al., 2021). The
knowledge gained helps to understand its mechanism of action and prepare for the
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pandemic attack. On the other hand, relatively few, although their number is growing,
are studies considering the economic aspect, which classify countries due to the
impact of the COVID-19 pandemic on their economies.

Researchers in Brazil, in a study of the ability of countries to respond to the impact of
the COVID-19 pandemic, distinguished countries on each continent that were least
and most vulnerable to the impact of the pandemic (Cartaxo et al., 2021). Countries’
response capacities were determined based on socioeconomic, political and health
infrastructure conditions. Vulnerabilities were identified based on the indicator
sensitivity. The highest-risk group consisted of the USA, Brazil, and India, whereas
the lowest-risk group included China, New Zealand, and Germany. The greatest
vulnerability of the highest-risk group was related first to economic factors such as
merchandise trade, followed by public health (immunization), highlighting global
dependence on Chinese trade, like protective materials, equipment, and diagnostic
tests.

Rizvi, Umair, and Cheema analyzed 79 countries for their vulnerability to the impact
of the COVID-19 pandemic. Based on socioeconomic, disease prevalence, and health
system indicators considering COVID-19 confirmed cases and COVID-19 death cases
as evaluation parameters, they divided countries into 4 clusters (Rizvi et al., 2021).

In turn, Kamenidou, Stavrianea, and Liava analyzed Greek citizens regarding whether
they take the necessary precautions to prevent the development of COVID-19 disease
(Kamenidou et al., 2020). They divided Greeks according to homogeneous behavior
into five groups: the Meticulous Proactive Citizens, the Self-isolated Citizens, the
Cautious Citizens, the Occasionally Cautious Citizens, and the Unconcerned Citizens.

There have also been various studies measuring the impact of the pandemic on specific
areas of the economic sphere. These include studies of the impact of a coronavirus
pandemic on the airline market (Wasowska et al., 2020), tourism (Abbas et al., 2021,
Lee and Chen, 2020; Sigala, 2021), and economic security (Kozicki et al., 2020;
Grima et al., 2020; Khan et al., 2020).

In an attempt to describe the impact of the pandemic on the economy, many
researchers created original indicators. Using these measures, they then classified
countries with similar features. Diop, Asongu, and Nnanna created two indices, the
COVID-19 economic vulnerability index, and the resilience index (Diop et al., 2020).
They surveyed 150 countries worldwide and constructed four scenarios relating to
vulnerability and resilience characteristics, namely: low vulnerability - low resilience,
high vulnerability - low resilience, high vulnerability - high resilience, and low
vulnerability - high resilience. In turn, Raga, and te Velde (2021) proposed a resistance
index, calculated as the difference between the economic exposure on the impact of
the COVID-19 pandemic and resilience to the shock (the ability to act on the shock).
Also, the EIB constructed the COVID-19 Economic Vulnerability Index, which
showed that the low-income group of countries has a higher vulnerability to the
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negative economic impact of a pandemic than high-income countries (Zwart et al.,
2020). Indicators allow ranking and identify countries with similar levels of
vulnerability to pandemic impacts.

3. Research Methodology

Cluster analysis - a term introduced in Tryon (1939) or clustering is one of the most
well-known data mining methods. It is a tool for exploratory data analysis, the purpose
of which is to arrange objects into groups (called clusters) in such a way that objects
in the same group are more similar (in some sense) to each other than to those in other
groups. In other words, it is a method of searching for and extracting clusters, i.e.,
groups of similar objects from data. It is an unsupervised method, which means that
all relations and regularities are found only based on input features.

There are two main types of data clustering algorithms, hierarchical and non-
hierarchical (Gore, 2000). Hierarchical agglomeration methods lead to creating the
so-called tree hierarchy of the elements of the analyzed set (dendrogram). Hierarchical
clustering methods do not require the number of clusters to be specified initially (on
dendrograms, the choice of the number of clusters can be made at the end of the
analysis by intersecting the dendrogram at the appropriate height), but they do require
high computational power. The hierarchical cluster also works with variables instead
of cases; it can cluster variables together in a manner somewhat similar to factor
analysis. This procedure was also used in this paper to reduce the set of explanatory
variables.

Non-hierarchical methods are fast but require specifying in advance the number of
clusters into which the data can be classified. The choice of the number of clusters has
a significant influence on the quality of segmentation. If the number of clusters is too
large, it may cause the clusters to be internally homogeneous, making it difficult to
interpret the results and apply them in practice. On the other hand, the smaller the
number of clusters, the less homogenous they are.

Selecting the number of clusters in k-means clustering can be done in several ways.
One method is to arbitrarily determine the number of clusters and then later change
the number of clusters to obtain better results. The second method proposed by Guidici
(Guidici and Figini, 2009) is to perform an initial analysis using a hierarchical method,
estimating the number of clusters. For such a chosen number of clusters performing
an analysis using a non-hierarchical method, for example, the k-means method.

While using the Generalized EM and K-means Cluster Analysis module of
STATISTICA, we can use the v-fold cross-validation algorithm for automatically
determining the correct number of clusters in the data. This algorithm divides the input
set sequentially into an increasing number of segments and then checks the precision
of the division for each segment. This seems to be the best method for selecting the
number of clusters.
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In this paper, the latter two approaches will be used. We will present and apply both
algorithms from each group of methods - the hierarchical algorithm and then one of
the algorithms from the non-hierarchical methods group, the k-means procedure. In
the next part of the paper, we will briefly describe both algorithms and then apply their
implementation in STATISTICA to segment countries by the vulnerability of their
economies to the impact of the COVID-19 pandemic.

The last consideration is a normalization of data. If the variables have different scales
and means, we might want to normalize them. K-means algorithm uses Euclidean
distance that is highly prone to irregularities in the size of various features. K-means
algorithm can generate better results after the modification (normalization) of the
databases. In this paper, we first normalize each variable with two formulas; the first
is for the stimulant (Walesiak, 2014).

Xij— m{_in.xU-

7. = _ _
Y maxx; —minx;;
i i

@

and the second for the destimulant (Kukuta and Bogocz, 2014) to transform it into
stimulants:

maxx;; — Xj;
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Zy = maxx;; — minx;;’ (2)
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where:

x;; - J-th explanatory variable for i-th economy, i=1,..,27,j=1,..,15

z;; - j-th normalized value of x;;.

Such formulas transform variables into normalized ones - deprives explanatory
variables of their units and unifies their ranges to  (0,1) . The normalized value of
stimulant is set to 0 for the minimum value of the explanatory variable and 1 for the
maximum value of the explanatory variable or transform the de stimulants to the same
pattern - 0 is for the maximum and 1 for a minimum value of the explanatory variable.

The study covered all 27 EU countries. An initial list of 23 variables potentially
describing the economic impact of the COVID-19 pandemic was further statistically
Examined and, based on the correlation matrix and the coefficient of variation value,
reduced to 17 variables. Then we use Ward’s method of hierarchical clustering to
divide these variables into separate clusters and choose the variables representing
these groups. After using this approach, the list of variables was reduced to 15, which
is shown in Table 1. These variables belong to different areas of the economy, related
to health, labor market, demographics, business, and innovation.

3. Results and Discussion

In the first step, the classification of EU countries according to the degree of
vulnerability of their economies to the impact of the COVID-19 pandemic was carried
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out. Ward's method - one of the most commonly used agglomerative hierarchical
cluster analysis methods - was applied in this part of the study. It is based on the core
idea of objects being more related to nearby objects than to objects farther away. At
the beginning of the procedure, each object is assumed to be a separate cluster; then,
the most similar subgroups are stepwise combined into subsets until a single cluster
containing all observations is obtained. In other words, it generates a series of models
with cluster solutions from 1 (all cases in one cluster) to n (each case is an individual
cluster). All calculations were performed in the STATISTICA 10 program. The
clustering results in the form of a dendrogram are presented in Figure 1.

Table 1. List of variables used in cluster analysis

No  Variable Description Type of Source Year
A variable:
S: Stimulant
D:
DRestimulant
X1 COVID-19 cumulative cases per 1 The cumulative number of confirmed cases per million people. S The Johns Hopkins 1 May
million inhabitants Coronavirus 2021
Resource Center
X2 Practising physicians per hundred Practising physicians provide services directly to patients. The higher D Eurostat 2018
thousand inhabitants the number, the better the country performs under pandemic conditions.
X3 Hospital beds per hundred thousand See description in X2 D Eurostat 2018
inhabitants
X4 Health care expenditure as % of GDP Underfunded and poorly functioning healthcare D Eurostat 2018
systems make countries vulnerable to the health impacts of the
pandemic
X5 Excess mortality The excess mortality indicator is computed as the relative difference S Eurostat 2020
(expressed in percentage) of the number of deaths in 2020 from its
average over the period 2015-2019. Annual data for 2020 are estimated
from weekly deaths data. The higher the value, the more additional
deaths have occurred compared to the baseline.
X6  Total unemployment rate as % of A low level of unemployment can withstand the impact of the pandemic S Eurostat 2020
active population without excessive welfare costs.
X7 Share of population 75 years or overin  Older populations make countries vulnerable to the health and social S Eurostat 2020
total population [%] impacts of the pandemi
X8  Decrease in GDP at market prices [%] The absolute value from the percentage difference between 1 and the S Eurostat Q2.2020
dynamic index value for Q2.2020 compared to Q2.2019. The greater the /
value, the greater the decline in GDP; that is, the vulnerability of the Q22019
economy increases.
X9 Exports of goods, percentage change The greater the value, the greater the decline in exports; that is, the S Eurostat Q2.2020
compared to same period in previous vulnerability of the economy increases. /
year Q22019
X1 General Government deficit as % of Above 3% GDP this variable is a stimulant. Only one country Denmark S Eurostat 2020
0 GDP had a value below 3% GDP - so with the normalization procedure this
variable received the lowest value - 0.
X1 Gross Value Added (at basic prices) in ~ The larger the share, the greater the vulnerability to pandemic impacts,as S Eurostat 2018
1 wholesale and retail trade, transport, transportation, accommodation and food service activities are the sectors
accommodation and food service most affected by the pandemic
activities, as % of total GVA
X1 Business expenditure on R&D as % of ~ The greater the value, the more innovative the economy is and the more D Eurostat 2019
2 GDP resilient it can be to the impact of a pandemic
X1 Share of enterprises introduced See description X12. D Eurostat 2018
3 business process innovation (%,
innovative core activities)
X1 Number of commercial flights Number of flights data include scheduled and non-scheduled D Eurostat 2020
4 percentage change to previous year commercial air flights. Data are expressed as the percentage change of
(%) the number of flights in 2020 compared with the previous year.
Index of dynamic (2019=100) — calculated as index of dynamic.
X1 Travel receipts in balance of payments  The greater the value, the more the economy relies on tourism, i.e., the S Eurostat 2019
5 as % of GDP greater the vulnerability to the impact of a pandemic.

Source: Authors’ calculations.

Based on the evaluation of the dendrogram structure, it was determined that the most
appropriate agglomeration distance of the cut-off level would be 1.5. This creates four
clusters of countries. Looking from the top of the dendrogram, the first one includes
eight countries (Belgium, Germany, Greece, Spain, France, Italy, Austria, Portugal).
The second contains three countries, Denmark, Finland, Sweden. The third covers
eight countries, Bulgaria, Estonia, Ireland, Cyprus, Latvia, Lithuania, Luxembourg,
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Netherlands. The fourth group also contains eight countries, Czechia, Croatia,
Hungary, Malta, Poland, Romania, Slovenia, Slovakia.

Figure 1. Dendrogram of clustering EU countries using Ward's method
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The 1st Cluster is characterized by high values of variables from the health area -
practicing physicians and hospital beds per 100 000 inhabitants. At the same time, the
average unemployment rate and the average share of population 75+ in countries
belonging to this Cluster are the highest. Additionally, these countries have the highest
general government deficit (% of GDP).

Countries belonging to the 2nd Cluster have the highest average health care
expenditure (% of GDP), the highest BERD (% of GDP). At the same time, they have
the smallest average number of COVID cumulative cases per 1 million population,
the most miniature average hospital beds per 100 000 inhabitants, and the lowest
general government deficit (% of GDP).

Countries in the 3rd Cluster are characterized by the most significant decrease in the
average number of commercial flights as percentage change to the previous year and
have the largest share of gross value added at basic prices in wholesale and retail trade,
transport, accommodation, and food service activities. They also have the lowest
decrease in exports of goods in second quarter 2020 compared to the same period in
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the previous year. They are also featured by the lowest value of health care
expenditure (% of GDP) and the lowest BERD (% of GDP).

The 4th Cluster consists of countries with the highest average number of COVID
cumulative cases (per 1 million population), highest excess mortality, and the highest
share of travel receipts in the balance of payments (% of GDP). The lowest are,
practicing physicians (per 100 000 inhabitants), total unemployment rate, and
population 75+.

The next step is to classify EU countries by the vulnerability of their economies to the
COVID-19 pandemic using non-hierarchical object clustering methods such as K-
means clustering. In K-means, each Cluster is associated with a centroid. The main
objective of the K-means algorithm is to minimize the sum of distances between the
points and their respective cluster centroid. This algorithm involves moving objects
from Cluster to cluster to minimize intra-cluster variability and maximize inter-cluster
variability.

Figure 2. Graph of cost sequence (scree Plot of K-means)/V-Fold Cross Validation
Algorithm Analysis of economic impact of COVID-19 pandemic.
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At the beginning of this method, the number of clusters must be specified. To
determine the correct number of clusters, we used the previous analysis based on
Ward's method and the analysis of the graph of cost sequence derived from the V-fold
Cross-Validation Algorithm, which is presented in Figure 2. Both methods show that
the optimal number of clusters is 4.

Using the K-means method, an attempt was made to divide the community into four
classes. In the first one, there were five countries, Greece, Spain, Croatia, Italy,
Portugal. In the second 7 countries, Bulgaria, Estonia, Cyprus, Latvia, Lithuania,
Luxembourg, and Romania. The next group is the most numerous because it contains
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as many as nine countries: Belgium, Czechia, France, Hungary, Malta, Austria,
Poland, Slovenia, and Slovakia. The fourth group contains six countries, Denmark,
Germany, Ireland, Netherlands, Finland, and Sweden.

Figure 3 presents K-means clustering results - graph illustrating mean values of each
variable that discriminates the four clusters. All variables were normalized using the
formula 1 and 2.

Figure 3. Graph of mean values for each cluster after k-means clustering.
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The diagram shows that countries from the 1st Cluster have the worst situation for as
many as six variables and the best for only one variable - practicing physicians per
100 000 inhabitants. These six variables with the worst values (respectively the lowest
or the highest, depending on the type of variable) are the total unemployment rate, the
share of population 75+, the percentage decrease in GDP at market prices, general
government deficit (% of GDP), gross value added at basic prices in wholesale and
retail trade, transport, accommodation, and food service activities, travel receipts in
the balance of payments (% of GDP). These demonstrate the greatest vulnerability of
countries' economies to the impact of the COVID-19 pandemic.

The 2nd Cluster consists of countries for which four variables have the worst
performance, practicing physicians (per 100 000 inhabitants), health care expenditure
(% of GDP), BERD (% of GDP), business process innovation (% of enterprises).

In the 3rd Cluster, for three variables, the weakest performances were observed. These
are COVID cumulative cases (per 1 million population), excess mortality, and the
number of commercial flights (% change to the previous year). At the same time, there
are four variables in this Cluster with the best averages: hospital beds (per 100 000
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inhabitants), total unemployment rate, share of population 75+, a decline of exports
of goods in 2nd quarter 2020.

In the last, 4th Cluster, as many as nine variables have the best average performances:
COVID cumulative cases, health care expenditure (% of GDP), excess mortality, the
percentage decrease in GDP at market prices, general government deficit (% of GDP),
GVA in wholesale and retail trade, transport, accommodation, and food service
activities, (as % of total VA), BERD (% of GDP), business process innovation (% of
enterprises) and travel receipts in the balance of payments (% of GDP). In contrast,
only 2 of them are the worst in terms of the purpose of the study. These are hospital
beds (per 100 000 inhabitants) and decline in exports of goods in 2nd quarter 2020.
This Cluster seems to be the least sensitive to the impact of the COVID-19 pandemic
on the economies of its constituent countries.

5. Conclusions

In the study, the 27 EU countries were divided into groups using Ward's and K-means
methods. Four clusters were identified. The division into clusters according to both
methods is similar but not identical. The sizes of these groups differ slightly, but the
within-group characteristics are very similar. The K-means method enabled the
identification of groups of countries according to their level of vulnerability to the
impact of the COVID-19 pandemic.

The highest vulnerability is found in the 1st Cluster, including Southern European
countries (Italy, Greece, Spain, Portugal, and Croatia). They are characterized by a
low level of the health care system, are strongly affected by the population aging
process, and are heavily indebted. At the opposite extreme is the 4th Cluster,
consisting of Germany, the Netherlands, Ireland, and the Scandinavian countries. The
impact of the pandemic on the economies of these countries is more minor. This is
due to several reasons - a better health care system, higher innovation, and lower debt
levels. The countries in the other two clusters have an intermediate level of
vulnerability. In the 2nd Cluster, there are seven countries, of which 6 are New
Members in the EU. They are characterized mainly by underfunded health care and
R&D sectors. The 3rd Cluster is the most numerous and groups mainly countries from
Central and Eastern Europe. Countries' strengths in the 3rd Cluster were a relatively
small decline in exports in 2020, a relatively young population as for developed
countries, and low unemployment. However, there was a dynamic spread of SARS-
CoV-2 disease and high excess mortality.

Those countries that have successfully fought against the pandemic can be a model
for other countries to follow. Since they share similar determinants, countries in the
same Cluster should benefit from each other's experiences in dealing with pandemics.
Thus, policymakers can make better decisions to mitigate the negative impact of the
pandemic on economies.
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