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Ukraine within the system of European business cycles: a cluster analysis

Abstract. Introduction. Categorizing data into related clusters is used in many areas of research, including economics and
business statistics. Cluster analysis allows quality data segmentation and visualisation of relatedness between different
observations, which is particularly useful when there is a large number of heterogeneous observations. In economic literature,
many issues of relevance have been effectively addressed by employing cluster analysis. At the same time, many studies have
highlighted important deficiencies, such as some level of subjectivity in choosing the most appropriate methods of cluster analysis
and a lack of comprehensive commercially available software that implements new methods, which, in turn, necessitates custom
programming and makes it difficult to access and replicate the results obtained by other researchers.

Purpose. The purpose of this study was to investigate the position of Ukraine among the clusters of European business
cycles by extracting the cyclical component of the real GDP series of Ukraine and then comparing it to similarly extracted and
analyzed data for 34 other European countries using both hierarchical and non-hierarchical clustering algorithms as implemented
in the OriginPro software.

Results. Changes in detrended GDP values of 35 European countries over the period of time from the 2nd quarter of 2006
to the 4th quarter of 2021 (2006Q2-2021Q4) fall into 4 clusters for variables and 5 clusters for observations (countries).
Similarities in the common components of detrended GDP series found using Origin Cluster Analysis were such that the nearest
neighbors of Ukraine were Lithuania, Finland and Estonia, with the same order of similarity. Lithuania and Finland clustering with
Ukraine was also confirmed by K-means cluster analysis. Hierarchical cluster analysis of country-specific components of the
detrended GDP series of 35 European countries followed by K-means cluster analysis showed that for most European countries, the
time series of their In(GDP) values fall into two major clusters, which, with few exceptions, represented Western and Eastern
European countries.

Conclusions. It was shown that the common component of detrended GDP series of Ukraine clearly clustered with those of
two Baltic and one Scandinavian EU member state - Lithuania, Finland and Estonia - in the order indicated. The country-specific
component of the detrended GDP series of Ukraine, both qualitatively as revealed by our hierarchical cluster analysis, and
quantitatively as revealed by K-means cluster analysis, clustered with the majority of countries comprising Eastern Europe during
the entire period of time under investigation. We conclude that these observations are of both theoretical and practical significance
in the framework of the Ukraine-EU integration policy.

Keywords: business cycles; cluster analysis; hierarchical clustering; K-means clustering; external compound shocks; global
risks; European integration.

YAK 339.9
Koutoc T. 0., acnipanT, KuiBcbkuii HanlionabHUM yHiBepcuTeT iMeHi Tapaca llleBuenka, M. KuiB, Ykpaina

MasypeHko B. L., 1-p eKoH. HayK, JoleHT, KuiBcbKU# HallioHa/IbHUM YHiBepcuTeT iMeHi Tapaca llleBueHKa,
M. KuiB, Ykpaina

Micne YKpaiHu cepes eBponeiicbKHX Ji/I0OBUX IMKJIiB: KJ1acCTEpHUN aHAJII3

Knaacugpikayis danux y Kaacmepu sukopucmogyembucsi 8 6a2amuvox 2ay3sx 0ocaidiceHb, 30KpeMa 8 eKoHoMiyi ma
6i3Hecosili cmamucmuyi. Knacmepnuii ananiz do3680./151€ sKicHO ceemenmysamu 0aHi ma 8i3yanizysamu 38’s130K Mixc pi3HUMU
cnocmepesceHHsIMU, WO 0C06AUBO KOPUCHO, KOAU ICHYE 8eAukd KilbKicmb pi3HOpiOHUX cnocmepediceHb. B eKoHOMIYHIl
Aimepamypi 3a 0onoMo2010 KAAcmepHo20 aHAI3y epeKmu8HO 8UPIWLY8AIUCS 3HAYHA KilbKicmb 8adxcausux npobaem. BooHouac
6azamo docaidsceHb nidKpec1101ms 8axcaAugi HedoNiKU Ybo20 Memody aHai3y, maki sik nesHull piseHb cy6’ekmueHocmiy aubopi
Halibiabw adekeamHUX Memodie KAacmepHo20 aHaizy U 8i0CymHicmb KOMNAEKCHO20 KOMepYiliHo d0CmynHo20 Npo2pamHo20
3a6e3ne4eHHs, sike peaisye Ho8I Memodu, Wo, CBOEI0 4ep2oio, BUMA2d€E cneyiaabHO20 NPO2PaAMy8aHHS, a ye ycKaadHoe docmyn i
MOJCAUBICMb 8I0MBOPEHHS! pe3ylbmamie OompuMaHux iHWUMU 00CAIOHUKAMU.

Takum 4uHom, Mema Ybozo docaidiceHHs nojseand 8 amaAizi kaacmepusayii dinosozo yukay YkpaiHu wasixom
8UOINEHHS YUKAIYHO20 KOMNOHEHMA 4aco8ozo psdy peanvHozo BBIl Ykpaiu ma nopieHsiHHs 1020 3 nodi6HUM YUHOM

ICrarTa Hajiinuia ao pegakuii: 06.04.2023
Received: 06 April 2023

39



EarekTpoHHE HayKoBe (paxoBe BHUAAHHS 3 €EKOHOMIYHUX HayK «Modern Economics», No39 (2023), 39-45
https://modecon.mnau.edu.ua | ISSN 2521-6392

OMPUMAHUMU MA NPOAHAAIZ08AHUMU OAHUMU 051 34 THWUX €8ponelicbKUX KpaiH 3 8UKOPUCMAHHAM SIK IepapxiuHoi, mak i
HelepapxiuHoi Kaacmepusayii daHux, a12opummu sIKUX pea.izoeawi y npoepamuomy nakemi OriginPro.

Daykmyayii 3HaveHb YukaiuHozo komnoHenma BBII das pi3Hux esponeticbKux KpaiH 3a nepiod yacy 3 2-20 keapmany
2006 poky do 4-20 keapmany 2021 poky ekawuHo (2006Q2-2021Q4) nodinsirtombcs Ha 4 Knacmepu 043 3MiHHUX [ 5 kaacmepis
0419 cnocmepedxceHsb (kpainu). Ilodi6Hocmi y cninbHUX KOMnoHeHmax YukaiyHozo BBII, wjo suseuaucb 3 8UKOPUCMAHHAM
KaacmepHozo aHasizy e Origin, eka3ylomb Ha me, wo Hatlbauxcuumu cycidamu YkpaiHu y 3asHaueHomy nopsdky € Jlumsa,
Dinnandis ma Ecmonis. Knacmepu3sayis Ykpainu 3 /lumeoro ma PinasaHdieo 6ya1a makosxc niomeepdiceHa kaacmepusayiero K-
cepeoHix.

AHaniz cneyugpiuHux komnoHenmie yukaiyHoz2o BBII koxcHol kpaiHu 3a donomoz2oio iepapXiyH020 KAacmepHo20 aHaai3y
3 nodasbwor KinbKicHOW oyiHkolo pesyabmamie memodom Kaacmepusayii K-cepedHix nokasas, wo 041 6inbwiocmi
egponelicbkux KpaiH uacosi padu yukaiyHozo BBII nodinsitombcsi Ha 08a OCHOBHI kaacmepu, AKI, 3a KiibKOMA @UHAMKAMU,
npedcmasasitoms kpaiHu 3axioHoi ma CxioHoi €sponu.

Taxkum vuHoM, 6y/10 NOKA3AHO, WO 4acosull psi0 chifbHO20 KOMNoHeHmy yukaiuHoz2o BBII YkpaiHu uimko ymeoproe
Kaacmep 3 daHuMu 0415 08ox banmiticbkux [ 00Hiei ckaHduHascvkol kpainu €C, Ki 61U po3mawo8aHi y momy camomy nopsioky
ix nodi6Hocmi do Ykpainu - ye /lumesa, QinasiHdis i Ecmonis. CneyugivHuli komMnoHeHm yukaiuHozo BBII YkpaiHu, ik siKicHO, 1K
6y/10 8us8/1eHO iepapXiuHO Kaacmepusayiero, mak i KinbKicHo, 1k 6y/10 euseseHo memodoMm K-cepedHix, npomszom ycbozo
aHanizo8aHozo nepiody vacy Kaacmepusysaaucs 3 6lavwicmio KpaiH CxioHoi €eponu. Ompumani pesysbmamu mawme sk
meopemuyHe, mak i NpaKMu4yHe 3HAYEeHHs 8 pAMKax noaimuku inmezpayii Ykpaina-€C.

Kamwouoei caoea: dinosi yukau; kaacmepHutl aHaAis; iepapxiuHa kaacmepusayis; memod kaacmepusayii K-cepedHix;
308HIWHI KOMNJEKCHI WOKU; 2106aA1bHI pusuku; €8poinmezpayisi.

JEL Classification: C32; E32; F44

Formulation of the problem. Categorising data into  subsequently be moved between groups, while the
related clusters is used in many areas of research, algorithm aims to define such clustering of elements that
including economics and business statistics. The classical  certain parameters are maximized or minimized. One such
example is World Bank country classification for analytical ~ widely used method is K-means clustering. Its initialization
purposes by income level, whereby the world’s economies  requires a user defined number of clusters (K); the
are assigned to one of the four income groups, namely  algorithm execution then iteratively maximizes their
low, lower-middle, upper-middle, and high income separation while, at the same time minimizing the
countries, as based on the gross national income (GNI) per  distances of within-cluster objects from the cluster mean
capita [1]. This classification is based on the World Bank  (centroid) [3].

Atlas method for data smoothing by applying a three year In economic literature, as outlined below, many
moving average and price-adjusted conversion factor, different problems have been effectively addressed by
which allows the cross-country comparison of GNI [2]. In employing cluster analysis. However, given the growing
general, clustering is about rational and scientifically = complexity of clustering algorithms and a lack of pre-
justified grouping of diverse data/characteristics (which  programmed solutions for their implementation, which
are often large in volume) into several most closely related  necessitates writing custom computer code, large scale
categories. This analytical procedure is based on data clustering remains challenging. Here we took
sophisticated statistical algorithms, which necessitates  advantage of Multivariate Analysis tools available in the
the use of specialised software packages, and it can  OriginPro software (OriginLab Corporation, Northampton,
address various questions, reveal patterns, make MA, USA), including Hierarchical Cluster Analysis and K-
forecasts and help policymakers with informed decision ~ Means Cluster Analysis, complimented with the available
making. custom Apps, such as Optimal Cluster Number, with the

Using appropriate data analysis tools is essential for aim of revealing the patterns of business cycle co-
quality data segmentation, in particular when there isa movement in Europe over 15 vyears (2006-2021).
large number of observations. Clustering can be Particular attention was paid to the co-movement of the
performed according to two main approaches. In  business cycle of Ukraine vis-a-vis the EU, which is of both
hierarchical clustering, each data point initially represents  theoretical and practical importance within the context of
a separate cluster, which is then merged iteratively with  Ukraine’s European integration policy.
other data points based on certain parameters of their Analysis of recent research and publications.
relatedness, thus producing a tree-like structure called a  Application of cluster analysis in economics studies spans
dendrogram. In other words, the initially formed lower- more than 50 years of research. Some of the initial studies
level groups are joined to form higher-level groups during  addressed the clusterization of global markets for use in
the subsequent steps of data analysis. The dendrogram international marketing (Sethi, 1971) [4], international
thus obtained reveals the relation between different comparisons of macroeconomic structures (Szilagyi, 1991)
objects within each cluster, as well as the overall hierarchy  [5], and the perceptions of the economic environment by
at different levels. This is a highly useful tool in exploratory ~ entrepreneurs using both hierarchical and non-
data analysis, which identifies grouping of the data, their  hierarchical clustering algorithms (Barr, Waters &
patterns and, if these exist, any outliers in the dataset. Fairbairn, 1980) [6]. Cluster analysis was shown to be

Non-hierarchical cluster analysis, in contrast, requires  useful for revealing linkages between economic sectors,
some initial data partitioning; these elements can  which are important for economic growth, for analysing
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both the connectivity between sectors in different
countries and the development of clusters in time (Hoen,
2002) [7]. The versatility of this analytical approach can be
illustrated by studies that addressed very diverse
problems, ranging from the role of corruption in different
countries with implications for global companies (Grein,
Sethi & Tatum, 2010) [8] to the identification of important
factors that determine socio-economic status (Balasankar,
Penumatsa & Vital, 2021) [9], for example comparative
analysis of socio-economic development of different
municipalities in Latvia was done this way (Brauksa, 2013)
[10]. Zhang and Gao (2015) used cluster and taxonomy
analysis to examine growth patterns in emerging market
economies to better understand their convergence during
the past five decades, including growth dynamics before
and after the 2008 global financial crisis [11]. Scutariu et
al. (2022), with the help of cluster analysis, addressed
changes in behavioral patterns of enterprises with e-
commerce activity in 31 European countries in response
to the COVID-19 pandemic [12].

Cluster analysis is not only of theoretical interest, but
also of important practical value; e.g., it has implications
in determining which countries can receive concessional
loans from the IMF Fund for PRGT (Poverty Reduction and
Growth Trust), the recent example being IMF
Concessional Financing Support for Low-income Countries
during the COVID-19 pandemic [13].

There are different approaches for cluster
identification. Their applicability to economic data has
been addressed by Rezankova (2014), who argues that
“probably the most applied method in economy is
agglomerative hierarchical cluster analysis”, while noting
that commercial software implements new methods
rather slowly and hence “the analysts need to use several
software products to perform modern analyses” [14].
Indeed, new algorithms are being constantly proposed.
For instance, a two-layer Distributed Clustering Algorithm
based on K-means clustering and affinity propagation
clustering algorithms have recently been used to develop
strategy for new energy consumption in power systems
[15]. Such deficiency can be offset by custom
programming, e.g. in the recent study by Wang and Lu
(2021), the authors resorted to programming in R for their
analysis of panel data clustering in economic and social
research [16].

We therefore reasoned that cluster analysis tools
implemented in the category Statistics>Multivariate
Analysis>Hierarchical Cluster Analysis & K-Means Cluster
Analysis in the OriginPro software can be explored for our
analysis of 35 European economies over a long (2006-
2021) and structurally heterogeneous period that
included two major external compound shocks — the
global financial crisis of 2008-2009 and the COVID-19
pandemic.

Formulation of research goals. The purpose of this
study was to investigate the position of Ukraine among the
clusters of European business cycles by extracting the cyclical

component of the real GDP series of Ukraine and then
comparing it to similarly extracted and analyzed data for
other 34 European countries.

Outline of the main research material. The data used
in this study were the real GDP series of Ukraine and 34 other
European countries, sourced from the World Bank’s Global
Economic Monitor database [17]. Before further analysis, a
natural logarithmic transformation was applied to the level
series, which were then detrended using the machine-
learning-boosted Hodrick-Prescott filter of Phillips and Shi
(2021) [18]. The series thus transformed are conventionally
considered to be representative of business cycles and are
hereinafter denoted as In(GDP). Since the Great Recession
and the COVID-19 pandemic period may have an outsized
impact on the output of clustering algorithms, the detrended
In(GDP) series were decomposed using a Bayesian dynamic
factor model as follows:

In(GDP);: = BiiF: + €y, (1)

where the product of the factor loadings B;: and the
factor F; are the common components that capture that part
of In(GDP) which may be explained by common shocks, e.g.
the Great Recession and the COVID-19 pandemic, and e;: are
the residual country-specific components. The final series are
quarterly and cover the period of 2006Q2-2021Q4.

For data cluster analysis we used the latest licensed
OriginPro 2023 (version 10.0.0.154) software. The clustering
algorithms were first applied to the common components of
In(GDP) and then the country-specific components. Several
algorithms for hierarchical cluster analysis are implemented
in Origin, as described in detail on the OriginLab website [19].
Methods for calculating distance for clustering are different
for clustering observations (in our case countries) and
clustering variables (in our case In(GDP) values). For
observations, these include Euclidean, Squared Euclidean,
Absolute (City block metrics), Cosine, Pearson correlation
and Jaccard metrics. For variables, these are Correlation and
Absolute correlation metrics. For merging the nearest
clusters one can also use several different methods, including
Single link or Nearest neighbor, Complete link or Furthest
neighbor, Group average, Centroid, Median and Minimum
variance or Ward. In our analysis, we used the latter cluster
method (Ward), while distance type was absolute (City block)
with clustroid identification by the sum of distances. The
Ward method tends to produce clusters of smaller size, i.e.,
it is somewhat more discriminative as it calculates the
squared Euclidean distance to the cluster means; these
distances are then summed for all cases and the cluster that
is selected for merging is the one which will minimally
increase this sum. The City block and Euclidean distances are
special cases of the Minkowski metric. As a distance measure,
it refers to the sum of distances along each dimension [20]. It
is the preferred measure when the data are standardized.

Fig. 1A illustrates changes in the values of the common
components of In(GDP) for different European countries over
the period of time from the 2" quarter of 2006 to the 4t
quarter of 2021 (2006Q2-2021Q4). Their variability was
minimal for Norway and maximal for the UK (with SD values
of 0.009 and 0.031, respectively).
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Figure 1 — Cluster analysis of common components of detrended real GDP time series of 35 European Countries

Source: compiled by the authors

There is no general method for determining the number
of clusters, which is thus an arbitrary value. For this purpose,
we used OriginLab App «Optimal Cluster Number» [21]. Its
application, by the Elbow Method, suggested 4 clusters for
the common components of In(GDP) (Fig. 1B). Clustering of
variables is shown in Fig.1C, revealing a dominant number of
2-4 clusters during financial crisis of 2008-2009 and the
COVID-19 pandemic. According to the clustering of countries
(observations) shown in Fig 1D, Ukraine forms a cluster with
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Lithuania, Finland, Estonia, Latvia, Denmark, Norway and
Bulgaria as based on their similarity measure.

Having established the appropriate methodology, we
moved on to perform cluster analysis of country-specific
components of In(GDP). The time series of the country-
specific components of In(GDP) values for different countries
over the same period of time are superimposed in Fig. 2A.
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Figure 2 — Cluster analysis of country-specific components of the detrended real GDP time series of 35 European countries

Source: compiled by the authors
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As illustrated in Fig. 2B, these variables can be
categorized to form 5 clusters. Interestingly, when
compared to common components in Fig. 1C, substantial
country-specific variability is presented in the periods
between the shocks, i.e. during 2011-2019. Regarding the
observations (countries), the optimal cluster number as
established by the Elbow Method was estimated to be 5.
According to Hierarchical Cluster Analysis in Origin,

Ukraine forms a cluster with 11 other predominantly
Eastern European countries (Fig. 2C), with North
Macedonia being its nearest neighbor. This suggests that
while the business cycle of Ukraine behaves similarly to
the group of Baltic and Scandinavian countries in times of
global crises, its profile is more similar to those of Eastern
European countries in normal times (summarized in Table
1).

Table 1 Similarity in common and country-specific components of the real In(GDP) of Ukraine vis-a-vis other European
countries (top 7 countries are listed in the order from higher to lower similarity)

Common components Country-specific components
Lithuania North Macedonia
Finland Turkey
Estonia Romania
Latvia Croatia
Denmark Serbia
Norway Bosnia and Herzegovina
Bulgaria Latvia

Source: compiled by the authors

Another approach to classify observations and
quantify distances between the various elements is by
using K-means cluster analysis, which is also implemented
in the OriginPro Software [20]. This approach requires that
the centroid of the observations, or as a minimum, the

number of clusters, should be predefined. Thus, after
performing the above described hierarchical cluster
analysis, the data representing Cluster Centers were used
as the Initial Cluster Centers in our K-means cluster
analysis. The results are summarized in Tables 2, 3 and 4.

Table 2 Summary of K-means cluster analysis

Cluster No. Number of countries Within g;ulj;z sum of Average distance Maximum distance
Common components of detrended real In(GDP) series
1 19 0,0053 0,01364 0,03421
2 0,00273 0,02791 0,04144
3 0,00173 0,0214 0,03007
4 10 0,00278 0,01549 0,03062
Country-specific components of detrended real In(GDP) series
1 21 0,08232 0,05715 0,12288
2 10 0 0,08048 0,12456
3 1 0 0 0
4 2 0,0081 0,06363 0,06363
5 1 0 0 0

Source: compiled by the authors

Table 3 Distance between final cluster centers for common components of detrended real In(GDP) series

Cluster 1 Cluster 2 Cluster 3 Cluster 4
Cluster 1 0 0,06057 0,1156 0,04834
Cluster 2 0,06057 0 0,15244 0,08116
Cluster 3 0,1156 0,15244 0 0,07254
Cluster 4 0,04834 0,08116 0,07254 0

Source: compiled by the authors

43




EarekTpoHHE HayKoBe (paxoBe BHUAAHHS 3 €EKOHOMIYHUX HayK «Modern Economics», No39 (2023), 39-45
https://modecon.mnau.edu.ua | ISSN 2521-6392

Table 4 Distance between final cluster centers for country-specific components of detrended real In(GDP) series

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5
Cluster 1 0 0,05504 0,16287 0,12168 0,21904
Cluster 2 0,05504 0 0,15606 0,12803 0,23593
Cluster 3 0,16287 0,15606 0 0,20171 0,30801
Cluster 4 0,12168 0,12803 0,20171 0 0,26436
Cluster 5 0,21904 0,23593 0,30801 0,26436 0

Source: compiled by the authors

For data visualization, X and Y ranges were longitudes
and latitudes of capitals of the countries, respectively,
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Figure 3 — Visualisation of the K-means cluster analysis of common and country-specific components of real In(GDP)

Source: compiled by the authors

This visually highlights that in the case of country-
specific components of In(GDP), most European countries
fall into two major clusters, which, with few exceptions,
represent Western and Eastern European countries,
Clusters 1 and 2, respectively (Fig. 3, right panel). Notably,
Greece and Malta form a more distant Cluster 4, while
Clusters 3 and 5 include only one country each, Iceland
and Ireland, respectively. In the case of Ireland, this is to
be expected in view of its unusually vigorous real GDP
growth in 2014-2016. On a similar note, Iceland
experienced an analogously atypical period of economic
growth in 2015-2018. In the case of common components
of In(GDP), the split appears to instead occur along with
north-south axis, which could be reflective of the
European sovereign debt crisis that occurred in the first
half of the 2010s and which primarily affected southern
EU member states.

Conclusions. In this study, cluster analysis was used to
characterize the relations between 35 European countries
in terms of changes in their detrended real GDP series
during 2006-2021. Cluster analysis is sensitive to the
method chosen; this is why we complemented the
Hierarchical Cluster Analysis with K-Means Cluster
Analysis in the OriginPro software The results of the two
different algorithms were found to be rather consistent,
although as it was already noted by Xu and Tian “each

clustering algorithm has its own strengths and
weaknesses, due to the complexity of information” [22];
hence some discrepancies are not surprising.

The common component of real GDP series of Ukraine
clearly clustered with those of northern EU member states
— Lithuania, Finland, Estonia — in the order indicated
(Table 1 and Fig. 3, left panel). Regarding country-specific
components, both qualitatively as revealed by
Hierarchical Cluster Analysis (Fig. 2C), and quantitatively
as revealed by K-Means Cluster Analysis (Table 1, Fig. 3,
right panel), the country-specific component of the real
GDP series of Ukraine clustered with the majority of
countries comprising Eastern Europe.

Since our main focus was on comparative analysis of
Ukraine with other European countries in view of the
Ukraine-EU integration policy, of particular practical
significance were the results showing that Ukraine
generally clustered with Eastern European countries
during the entire analyzed period of 2006Q2-2021Q4.
Nevertheless, during the periods of external compound
shocks that were caused by the 2008 global financial crisis
and the COVID-19 pandemic and are embodied in the
common component of the real GDP series, the business
cycle of Ukraine clustered more closely with select “core”
EU (e.g. Denmark and Finland) (Table 1).
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