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Abstract

Resear ch background: Recent financial crisis of 2007—2008 has influengkatbal banking
system and led to reduction of cross-border bangitey in the EU and worldwide. Global
banking network has been analysed extensivelyior pr post-crisis periods, but the litera-
ture on regionalization is scarce, especially wihard to the banking sector in the EU.
Moreover, in previous empirical research evaluatbbanking sector regionalization using
network analysis methodology has not been yet egpli

Purpose of the article: The aim of the article is to map the EU bankingwoek and to
assess its regionalization during post-crisis erio

Methods: the paper employs comparative literature analysis synthesis; BIS bilateral
interbank cross-border claim yearly flows matrixadand network analysis method (includ-
ing network mapping, structural and comparatively@im and the data of intraregional and
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interregional banking network matrices) to asshsschanges in regionalization of the EU
banking system.

Findings & Value added: The results of the research show that during pasiscperiod
both, EU 12 and EU 28, banking networks became roloitered and more decentralized;
also the level of regionalization within the EU kary network increased. Such results
prove that the EU banking network has undergonesiral changes with respect to bilat-
eral interbank cross-border claims. This reseadds do the knowledge of regionalization
processes within the EU banking network during plst-crisis period and intends to be
beneficial for market participants, EU level govaental bodies and financial policy mak-
ers.

I ntroduction

Globalization and connectedness within the world lea to the formation
of the global financial system, one of the mosgfinational and intercon-
nected networks in the world. Global banking netvas a network of fi-
nancial institutions, connected via cross-bordesitpms attracted attention
of many researchers. Previous research of banléhgonks could be clas-
sified into network structure analysis, networkilresce analysis and caus-
al network analysis (Kanno, 2015). Network struetamalysis includes
drawing the graph of network, calculating and asialy various network
indicators like clustering coefficient, in-degreeit-degree, degree centrali-
ty, etc. (Minoiu & Reyes, 2013; Arribasgt.al., 2011). Network resilience
analysis concentrates on determining how fast gimacaused by a chain
of defaults may spread within the network and wietvork characteristics
make it more resilient to shock€ihak et al., 2011; Garrattt al., 2014).
Causal network analysis aims to reveal the factdreh are influencing
particular allocation of cross-border bank claimwicertain regions over
the other ones allowing to explain why particulatwork is structured the
way it is and what influences changes in networlicstire over time (Ca-
ballero, 2015; Tonzer, 2015).

Recent financial crisis 2007-2008 has led to retierent from cross-
border bank lending, as banks have withdrawn frorei§n markets (Bre-
mus & Fratzscher, 2015, p. 32-59). Even thoughctigs has ended, in
cross-border banking relations the upward trendiestd As suggested by
Bremus and Fratzscher (2015), a part of this relmeent might have been
cyclical, however, some aspects seem to be stalctonsidering the fact
that cross-border banking claims have not increaggdficantly during the
recovery of the economy. Connectedness of Europaaking is assumed
to be following the same decreasing trends afterfitancial crisis and
after the more recent Europe sovereign debt cAssargued by Bremus
and Fratzscher (2015), loan markets had becomeadsitrgly segmented
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and regionalized, especially in the euro zone. detite phenomenon of
home bias, which represents the trend of banksdosf more on their na-
tional loan markets, may become very salient, timplying the loss of

beneficial opportunities in international markets.

Previous empirical literature has focused extemgiga global banking
networks before and after the financial crigish@k et al., 2011; Garratet
al., 2011), to some extent on the EU banking netw{Betz et al., 2016;
Bicu & Candelon, 2013; Philippaat al., 2015) and on the networks of
particular countries (Cacciodt al., 2013; Congt al., 2012). Regionaliza-
tion in banking networks has not been much adddesRegionalization
could be described as increased connectednessegioaal level (Kim &
Shin, 2002) and is not a recent phenomenon. Shebdginning of human
history, geographical proximity has been a primaondition for inter-
societal exchange, because distance acted asex batrade (Kim & Shin,
2002), thus, leading to the regionalization. Regli@ation in banking sec-
tor during post-crisis period was analyzed by Baas and van Horen
(2015) and Lambest al. (2015). On the other hand, push, pull, regulatory
and monetary policy factors, which could influencess-border bank
claims allocation into certain regions over theeotbnes are widely debat-
ed in the literature (Bremus & Fratzscher, 2015tkigwicz & Gordon,
2013; Figuett al., 2015). Possible regionalization of the bankiegork,
especially in certain regions, represents a gapeoretical and empirical
banking network’s literature and, hence, networgiaealization analysis
may provide important insights of special charastes of regional net-
works within the global context.

The aimof this research is to map the EU banking networkta assess
its regionalization during post-crisis period.

The major contribution of this research is its mien to apply network
analysis for evaluation of structural changes i@ BU banking network.
Evaluation of the EU banking network’s regionaliaatduring post-crisis
period is conducted for a total of 28 EU countuseng Bank of Interna-
tional Settlements (BIS) bilateral interbank crosseer claim yearly flows
data. The EU is a formal union, which coordinatesanly its international
trade, but also financial and monetary systemss,latc. and includes so-
cially, economically and politically diverse coues, which makes the EU
different from global network and a very interegttase for analysis.

The paper is structured as follows. The first chapresents research
methodology, including the research logics, redeatata and methods
used. The second chapter focuses on presentattbe osults representing
the EU banking network mapping, analysis the EWkimnnetwork using
network indicators and assessment of regionalizdBwel within the EU
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banking network. The third chapter offers discussibthe results. Conclu-
sions include the general summary of the artictglications and recom-
mendations, research limitations, and suggestionfifure research.

Resear ch methodology

The research problem addressed in this reseathh &ructure and charac-
teristics of EU banking network and the changeitsimegionalization dur-
ing the post crisis period. Since cross-bordernabdf European banks
have dropped in the wake of financial crisis, ightihave happened that
the EU withdraw from banking relations not only kvitegard to non-
European countries, but also with regard to coestwithin the EU. This
would reveal possible market segmentation withen B, as it is suggest-
ed by Bremus and Fratzscher (2015). It is expetttetiduring post-crisis
period the level of regionalization within the Elarking network in-
creased (i.e. its connectedness had decreased).

Research logics and methods

The research is performed in 2 stagespresented in Table 1. Stage 1 is
aimed at mapping the EU banking network. Duringgéta, the level of
regionalization in the EU banking network and witkihe EU banking net-
work sub-regions is performed using structural anthparative analysis
methods and the data of intraregional and inteoredi banking network
matrices.

To conduct Stage 1 analysis, a country’s bankintpselaim exposures
to other country’s banking sector are representesN x N matrix X¢ for
every time periodt (in this research, two time periods are used, i.e.,
t = 2011 andt = 2015), where columns represent lenders and rows rep-
resent borrowers. Each element (cej})is a bilateral exposure from coun-
try’s j banking sector to countryisbanking sector. This implies that an
elementy;; is an asset of countryjsbanking sector vis-a-vis countryis
banking sector and naturally is also a liabilitycotintry’si banking sector
towards country’s banking sector. We use a directed network, in whic
the direction of the link matters (borrowing or digmg), thus,x;; # x;;.
Network is presented by the matrix presented imiéda (1) (adapted from
Paltalidiset al., 2015):
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Yo Xy X @4
Xt = (xil X o Xiv G4 \ (1)

Lo ey

Thus,a country’s banking sector total assets are givethbysum of its
column using the formula (2):

aj = Z?’zlxij, ] = 1, . N (2)

By the same rationallecountry’s banking sector total liabilities are -giv
en by the sum of its row using the formula (3):
L=¥V,x; i=1..N 3)
Cross-border banking claims matrix is also weightedapture the rela-
tive size of cross-border banking claims exposareeng countries. The
weighting matrix determines the structure of thatigph dependence be-
tween the sample countries. If the weights are tcocted from bilateral

interbank exposures among countries, theV X N spatial weighted ma-
trix W, for time periodt presented by formula (4):

e @y g,
Waq % : Wy

Wi1 : Wij " Wiy

wt =

(4)

Wy Wyj

where w;; denotes the weight, which corresponds to county f.
Weighting is performed on claim (asset) side posdj i.e., during a speci-
fied period,w;; is the claims’ of banking sector in countryon banking
sector in country proportion of total claims of countgyon all countriesV

in the sample (see formula (5)):

wy; = Zﬁfx” j=1,...N (5)
The weighting matrix is column standardized andhis directed net-
work w;; # wj;. After that, mapping of the network is performedulting
in visual images of cross-border banking netwoikach country in the
dataset is a node within the network. Directiomatd between nodes rep-
resent cross-border banking claim flows from copptio countryi and the
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direction of a link is indicated in the graph wighrows. Links exist for
strictly positive flows, i.e., net increases in ssdorder bank assets of
a reporting country vis-a-vis another country (‘imetestments’) channelled
through the banking system between the sourcerendestination country.
All negative flows (‘net repayments’) are replaceith zeros and ignored
in the analysis, which is in line with the reseaafhMinoiu and Reyes
(2013). Visual images of cross-border banking cléliows networks are
drawn using network analysis software Gephi, wisahsed in a number of
previous research (Femgal., 2014; Feng & Hu, 2013). In addition, coun-
tries of the EU 12 and EU 28 banking networks daesified into commu-
nities, according to community detection algorittmGephi — modularity
class, created by Blondei al. (2008). Networks are drawn using BIS LBS
by residence data (2016). Node colour dependseodmmunity to which

it belongs (modularity class algorithm in Gephipdé size depends on the
node degree metric (larger nodes — higher nodecdegetric). The width
of edge indicates its weight.

Stage 2 requires network analysis using variougaritindicators and
analysis of regionalization level within the EU karg network using in-
traregional and interregional density indicatorslescribed below.

Degree indicator measures the number of other nimdesich a partic-
ular node is connected to. In the context of a menketwork, degree indi-
cator reveals how many incoming and outgoing chassler claim connec-
tions with other countries a particular country.nBse degree of a noge
in a graph is computed using the formula (6) (MeziJaramilloet al.,
2014):

dj = Xieng Xij (6)

whereN(j) is the set of neighbors of noglei.e., the set of nodes, which
have an edge with nogeln a directed network, in-degree of a node is the
number of links leading to that node (how many mow cross-border
claim connections with other countries a particdauntry has) and out-
degree is the number of links emanating from traten(how many out-
going cross-border claim connections with otherntbes a particular
country has). These are computed using formulasad) (8) (Martinez-
Jaramilloet al., 2014):

d}n = Dienin(j) Xij (7)
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7"t = Tienou(j) Xij (8)
whereN™(j) is the set of inner neighbours of nggavhich is the set of
nodes having an arc ending in ngdendN°“t(j) is the set of outer neigh-
bours of nodg, i.e., the set of nodes which have an arc startingpdej
(Martinez-Jaramillaet al., 2014).

Strength of a node measures the intensity (valt@)teraction within
the network. In a context of banking network, nsttength shows the rela-
tive strength of value of cross-border lending bodowing interactions of
a particular country with respect to other coustiiethe network of cross-
border lending and borrowing value. It is calculatecording to formula
(9) (Martinez-Jaramillet al., 2014):

Sj = ZieN(j) Wij (9)

whereN(j) is the set of neighbors of noglei.e., the set of nodes, which
have an edge with nodg Strength in-degree and strength out-degree
measures the inner and outer node strength angsatletermining whether

a country plays important role as a lender or advegr. The indicators are
computed using formulas (10) and (11) (Martineadallo et al., 2014):

s = ieningy Wy (10)

out _

7 = Tienout(j) Wij (11)
whereN™(j) is the set of inner neighbors of noglewhich is the set of
nodes having an arc ending in ngdandN °%t(j) is the set of outer neigh-
bours of nodg, i.e., the set of nodes which have an arc stamimgpde;.

Centralization of a network was assessed by 3 th& popular indica-
tors: degree centrality, betweenness centralitycdogbness centrality.

The rationale behind degree centrality indicatothit if a country is
connected to all or the majority of other countriessome sense it makes
that country fairly central to the network (FafchEn2009). Degree cen-
trality of a node is computed based on formula:(12)

=t g (12)

Degree centrality reveals how many actual incomamgl outgoing
cross-border claim connections with other countigsrticular country has
as a share of the total number of incoming andanggcross-border claim
connections each country could potentially have.
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Betweenness centrality metric describes a nodefmitance by how
important its neighbours are (Fafchamps, 2009)a lcontext of banking
networks, if betweenness centrality metric increagereveals that a coun-
try appears on shortest paths between countridginetwork more often,
meaning that this country becomes more central etwark. Lets;; =
oj; denote the total number of shortest paths betweemnl;j and leto;;(v)
be the total number of shortest paths betwesmd; that pass through node
v, then, betweenness centrality is calculated aguprtb formula (13)
(Martinez-Jaramillaet al., 2014):

Ca(v) = Ty jer " (13)

Closeness centrality metric could be describeddsy & node is close to
the rest of the network, thus, a node with higtsefess centrality would
depend less on other intermediary nodes (Martiaeandillo et al., 2014).
In a context of banking network, closeness cemyraéveals the average
distance from a given starting country to all otbeuntries in the network.
A decrease in the average distance reveals dedr@asasity of interac-
tions of a particular country and, hence, decreasadralization in a net-
work. Closeness centrality is calculated as (Magtidaramilloet al.,
2014):

Cc(v) = ZjEV\{V}$ (14)

whered,; (v, j) denotes the length of the shortest path that joiausd; .

Clustering coefficient is a measure of the densitythe connections
around a nodg¢ and is defined by (Martinez-Jaramilébal., 2014) in for-
mula (15):

2
G =——2
d;(dj-1)

Yin XijXin Xjn (15)

In the context of banking network, clustering caééint reveals the
density of incoming and outgoing cross-border claimmnections around
a country. A country with the high clustering cagént has many incom-
ing and outgoing cross-border claim connections wiher countries and,
hence, is clustered with them.

According to Caballero (2015), network density cador allows to
measure the connectedness of nodes within a netimoike with Caballe-
ro (2015), Martinez-Jaramillet al. (2014) and Halet al. (2011), in this
research, density indicator is chosen for analymsause it describes how
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many actual connections in a network exist of @fgble connections,
thus, allowing to identify the level of EU bankisgctor regionalization.
The density of a network is calculated using form@l6) (Martinez-
Jaramilloet al., 2014):

a=s (16)
where N is the number of nodes and [0, 1].

For the assessment of the EU banking network, nadjization intrare-
gional and interregional adjacency matrices arel.ugkis is in line with
the research by Kim and Shin (2002). Intraregiatealsity is calculated as
a simple density (see Formula 16) of a network,ctvhgonsists only of
a certain region’s countries’ cross-border claiow$. Interregional density
is also calculated as a simple density (see Forrb@)abut of a network
which consists only of between regions’ cross-bodaim flows. For the
whole network interregional density calculatiorl, ttween region matri-
ces are treated as one network. In this resedrade there is more than one
sub-region within EU, average intraregional denstgalculated both for
EU 12 and EU 28. EU sub-regions, i.e., Northernsi&im, Eastern and
Southern Europe are distinguished based on Unittbhs classification
of major areas and regions.

Empirical Research Data

EU cross-border banking claim networks in this aesle are constructed
using the dataf Bank of International Settlements (BIS) Locatiobhahk-
ing statistics (LBS) of the break- and exchange-eatjusted yearly chang-
es in cross-border banking claims in millions of W&lars. Cross border
claims include loans, deposits, debt securitied, @her bank assets. Ad-
justed changes in amounts outstanding are caldjlagean approximation
for flows (BIS, About banking statistics, 2017). BLBS cross-border
banking claims flows data is available only on argrly basis, hence, in
this research quarterly flows for each country waggregated up in order
to get yearly flows. Changes in cross-border bdakns were calculated
based on previous research (Tonzer, 2015) by suisigachanges in cross-
border non-bank sectors’ claims from changes issstmrder all sectors’
claims, because the data of solely banking setdons is unavailable.
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In this research, the EU cross-border banking claétworks are con-
structed for time periods of 2011 and 2015, repréasg a gap in the data
set. The decision to make this gap is based oramgs®f Kim and Shin
(2002) and is grounded on the rationale that ndtvetructures are inert
and do not change considerably in a relativelytsheriod of time.

A full data set only available for the BIS repodicountries, which re-
port their outgoing bilateral cross-border claimvik to the BIS. Incoming
bilateral cross-border claim flows of BIS reportinguntries are obtained
from the data of other BIS reporting countriesuh@sg in a full matrix of
data. BIS non-reporting countries do not reporirtbetgoing flows to any
country. Incoming flows of BIS non-reporting coue$ are obtained from
BIS reporting countries’ outflows, resulting in amfull data set. In addi-
tion, there were several cases in the dataset 8f rBporting countries
where either banks or non-banks claim flows data messing (for Germa-
ny, non-banks claim flows were missing vis-a-visagher countries in the
sample). The missing data was replaced by all samglntries’ averages
as proxies. This is considered appropriate sinoh gwoxies constituted
only 6.61% and 5.42% of all dataset in 2011 ancb26dspectively.

Empirical research sample used in this study ctmeis28 EU coun-
tries. Based on the availability of their outgobitateral cross-border claim
flows, 12 EU countries were classified to the cofi¢he EU (Austria, Bel-
gium, Denmark, Finland, France, Germany, Greeetand, Luxembourg,
Netherlands, Sweden, United Kingdom), and the reimgi 16 countries
(Cyprus, Bulgaria, Croatia, the Czech RepublicoBist, Hungary, Italy,
Latvia, Lithuania, Malta, Poland, Portugal, Romartdovakia, Slovenia,
Spain) — to the periphery of the EU. Even thougipr@y, Italy, Portugal
and Spain are BIS reporting countries, their outgdiows data is unavail-
able. Therefore, these countries were relativelyeddto EU periphery to
keep coherency.

Research results
Mapping of EU banking network

Graphical drawings of EU 12 directed and weighteabs-border banking
claim flows networks in 2011 and 2015 are providedrigure 1. In 2011
the EU 12 banking network is represented by 3 conities, while in 2015
the number of communities increases to 4. In 281 B communities were
comprised of 4 countries each: ‘blue’ community -weflen, Denmark,
Finland and UK; ‘red’ community — Germany, LuxembguGreece and
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Ireland; and ‘green’ community — Netherlands, FegrBelgium and Aus-
tria. Community decomposition reveals the countified are more densely
connected together. The results revealed that camtiesl reflect regions
(border proximity) within the EU, e.g., ‘blue’ conomity — Northern Eu-
rope; ‘red’ community — Central Europe; and ‘greesommunity —
Western Europe. This suggests that gravity migheHzeen an important
factor for communities’ formation within EU 12 ban§ network in 2011.
In 2015, communities’ composition has changed Wjséxcept for the
Northern Europe countries. In 2015, ‘purple’ comiiyrincluded Den-
mark, Sweden, Finland, Netherlands; ‘green’ — Gee&dK, France; ‘or-
ange’ — Austria, Germany, Belgium; and ‘blue’ — lambourg and Ire-
land. Again gravity factor might have been impottfor communities’
formation in 2015, since communities remained casegoof neighbouring
or closely located countries, even though the caipo of most commu-
nities changed.

Distance among nodes in graphical visualisation€ldf 12 banking
networks in 2011 and 2015 is based on force algorin Gephi and close-
ly situated countries have the highest value lifkscording to the node
degree metric, it could be observed that overaR@dl the mostly inter-
connected countries considering incoming and ouatgaieelations were
Finland (degree — 15), Luxembourg (degree — 14) &neden (degree
— 14). In 2015, number of connections decreasechagdly interconnect-
ed countries changed into Germany (degree — 11yilBe (degree — 9),
Netherlands (degree — 8) and UK (degree — 8).

The mapping of the EU 12 banking network in 201d 20815 suggest
that the network has become more clustered (4 caonti@sl instead of 3).
Clustering and communities’ formation could be aipéd by the geo-
graphical border proximity, which remains an impattfactor, even when
communities’ members or their clustering directiae@ange. Number of
interconnections within EU 12 network appears tosbenewhat lower
whereas mostly interconnected countries also clthsgggesting some
structural changes within the network.

Graphical drawings of EU 28 directed and weightexss-border bank-
ing claims networks in 2011 and 2015 are provideBigure 2, and reveal
no changes in the number of communities — 4, comg&011 and 2015.
In 2011, 3 communities consisted of 9 countries, ipurple’ community
was compiled out of: Bulgaria, Lithuania, Hunga®yyeden, Finland, UK,
Denmark, Spain and Portugal; ‘green’ community: thas Croatia, Neth-
erlands, France, Belgium, Romania, Slovakia, Cy@od Slovenia; ‘or-
ange’ community: Germany, Luxembourg, Irelandyit@reece, the Czech
Republic, Poland, Malta and Estonia. However, #sg, 'blue’, community
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includes only Latvia, which appears to be somewkaluded from the rest.
This is due to the fact that in 2011 no increaséamking claims on Latvia
from any other EU 28 country was observed. In 20d&nge’ community
consisted of 6 countries — Poland, Denmark, Estdratvia, Sweden and
Finland; ‘blue’ community of 5 countries — LithuaniFrance, UK, Greece
and Malta; ‘purple’ community of 10 countries — @tia, Slovenia, Spain,
Portugal, Netherlands, Italy, Ireland, Luxemboutpvakia and Romania;
and ‘green’ community of 7 countries — Germany, gi@n, Bulgaria,
Cyprus, Austria, Czech Republic and Hungary.

Comparing EU 12 network with EU 28 network in 201te clusters of
EU 12 core countries remained exactly the saméernEU 12 and EU 28
networks; in the EU 28 network they only conneaigdEU 16 periphery
countries. Almost exactly the same tendency is mesein 2015, except
for the Netherlands, which changed its clustehm EU 28 network. Ana-
lysing the clustering of EU 16 periphery countrieshe EU 28 network,
the importance of border proximity factor cannotdiserved as in EU 12
network. In addition, as it could have been expkcteost EU periphery
countries are less interconnected with the EU I2 emd, thus, are more
distant from the centre in EU 28 networks.

The mapping of EU 28 banking network in 2011 anti®26uggest again
that the network has become more clustered (4 contimsiinstead of 3, if
not taking into account unconnected Latvia in 20aay divided into a
higher number of smaller communities. Clusteringlgsis of the EU 16
periphery countries in the EU 28 network did nqimart the importance of
border proximity factor. In addition, most EU pdrgry countries are less
interconnected with the EU core. The number ofragenections within
the EU 28 network again appeared to be lower amanibstly interconnect-
ed countries had also changed, suggesting struatbeages within the
network.

Analysis EU banking network using network indicators

Descriptive statistics for 10 network indicators2idl1l and 2015 for 12
EU banking network countries are presented in Tabkccording to mean
values, in-degree, out-degree and degree metrips aveaverage higher in
2011 than in 2015 indicating that the number ofricdnnections of EU 12
banking network countries’ decreased. In-degreé¢;degree and degree
network indicators’ lower maximum and minimum vadisuggest that both
the most interconnected countries and the leastdomnected countries
within EU 12 banking network decreased their nunmifenterconnections
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during the post-crisis period, meaning that overatinectedness within the
EU 12 banking network decreased and structuralggsare observed.

The increase of maximum and decrease of minimumevaf strength
in-degree metric reveal that countries, which presly attracted most of
other countries’ cross-border claim flows, startedattract even more of
them and countries, which previously attracted tledsother countries’
cross-border claim flows, started to attract ewss lof them, thus, resulting
in the same average. Therefore, the strength tdinerountries within the
EU 12 network became even more salient. Standasndtaen and variance
of strength in-degree indicator reflect that in 2@fkis metric became more
dispersed around the mean.

The degree, betweenness and closeness centratitizsredlowed eval-
uating the importance of certain countries witlia betwork. It is observed
that the mean values of 2 (degree and closenessidgh out of 3 centrali-
ty measures’ decreased in 2015. The lower degratatiey metric re-
vealed that the popularity of the most interconegatountries decreased,
thus, they became less important to the networkin&rease in the close-
ness centrality metric indicated that the averampadce from a given
country to all other countries in the network desed, which revealed that
‘periphery’ countries became more interconnected eentral to EU 12
banking network. However, the difference betweegrele centrality and
closeness centrality metrics in 2011 and 2015 veayg gmall, revealing
that decentralization processes in the EU 12 bgnkatwork were happen-
ing very slowly. On the contrary, the mean valudetweenness centrality
metric increased in 2015 compared to 2011, rewgdliat, on average,
more countries became central to the network, wiial potentially influ-
ence the spread of information through the netwOrlerall, all 3 centrality
measures on average reveal that EU banking netdwring post-crisis
period has become a little bit more decentralizégth periphery countries
becoming more interconnected and central to thearktas compared with
core countries. These results are in line withrémuilts by Claessen and
van Horen (2015) and Lambettal. (2015).

Analysis of regionalization level within EU banking network
The level of regionalization of the EU banking netkis evaluated us-
ing intraregional and interregional density indazatwithin EU 28. They

allow for measuring the density of connections imittub-regions of EU 28
and among sub-regions of EU 28. The results asepted in Table 3.

667



Oeconomia Copernicana, 9(4), 655-675

An analysis of the regionalization within EU 12 sledl that the average
intraregional density decreased by 23.33% compa0igl and 2015. In-
terregional density also decreased by 14.63%. Hewdhe average in-
traregional density was higher than the interregiiaensity only in 2011
(but not in 2015). This reveals that, on averaggjonalization existed
within EU 12 in 2011 (53.33% > 46.34%), but it ¢ipaared in 2015
(30.00% < 31.71%). The level of regionalizationhmt EU 12 decreased
considerably in 2015 (-23.33%). Interregional iatgions outside EU 12
sub-regions have also decreased (-14.63%).

The results of the regionalization within EU 28 lstes revealed that
the average intraregional density increased by%8.0@mparing 2011 and
2015. This reveals that, on average, regionalimatid not exist within EU
28 in 2011 (35.08% < 36.03%), but it appeared i152@38.10% >
28.97%). Thus, the level of regionalization withiElJ 28 increased
(+3.02%) in 2015 and the interregional interactiangside EU 28 sub-
regions decreased (-7.06%) in 2015.

Results of the assessment of regionalization inBbebanking sector
are ambiguous. In 2011 regionalization was pregéhin EU 12 banking
network, but disappeared in 2015. On the contraithin the EU 28 bank-
ing network regionalization was not detected in20dut emerged in 2015.
The level of regionalization within EU 12 decreasedhile the level of
regionalization within EU 28 increased in 2015emégional interactions
outside EU 12 and EU 28 regions had also decredges.again reflects
that EU 12 countries interact less among theiroregiwhich is in line with
the research by Bicu and Candelon (2013), but aserdheir interactions
with EU periphery regions.

Discussion

Mapping of EU banking network proved that both, ERJ(the core coun-
tries) and EU 28 (the core and 16 periphery coesifribanking networks
became more clustered in 2015 if compared to 2Q@hknges in EU 12
banking networks could be explained by the geodcapborder proximity,
which remained an important factor in both periddiistering analysis of
EU 16 periphery countries did not support the ingoace of border prox-
imity factor. In addition, most EU 16 periphery otties became less inter-
connected with EU 12. Number of interconnectionghimiEU 12 and EU
28 banking networks became lower; also, struct@imaastly interconnect-
ed countries had changed. Such findings pointtouttsiral changes within
the network.

668



Oeconomia Copernicana, 9(4), 655-675

An assessment of the network indicators provedttfetconnectedness
of EU banking networks changed during post-crigisqul with respect to
out-degree, betweenness and closeness centralitpmendicators. Num-
ber of outgoing cross-border interbank connectateeased implying that
during post-crisis period on the network becameerdecentralized, with
EU 16 periphery countries becoming more intercotattand central to the
network as compared with EU 12 core countries.

The results of the conducted analysis confirm thaing the post-crisis
period the regionalization level within the EU bangknetwork increased.
In 2011 EU 28 regions were not more densely comdeirtside than with
outside regions. However, in 2015 the interregiar@inectedness in EU
28 regions became denser than with outside regiss, the average in-
traregional density of EU 28 sub-regions incredsed.02%, and the inter-
regional density among EU 28 sub-regions has deedehy 7.06%, prov-
ing increased regionalization within the EU. Thepse of the decrease
suggests that changes in cross-border claims gpehmg slowly. Our
results are in line with previous studies on glaiahking network during
post-crisis period. Lambertt al. (2015) and Claessen and van Horen
(2015) also concluded that global banking is gajramrmore regional focus.
This research contributes to previous researchwa that it applies in-
traregional and interregional network density measuo evaluate EU
banking network regionalization. It adds to the \lezlge of regionaliza-
tion processes within the EU banking network duthmgypost-crisis period.

Conclusions

Global banking network has been analysed extensiveprior or post-
crisis periods, but the literature on regionaligatis scarce, especially with
regard to the banking sector in the EU. In thisgpapn evaluation of the
EU banking network’s regionalization during the fpossis period was
performed for the total of 28 EU countries, usimgwork analysis method-
ology and BIS bilateral interbank cross-borderrlgiearly flows data.

The results of the research show that during tist-qsis period both
the core EU 12 and the EU 28 banking networks becamore clustered
and more decentralized; also, the level of regimatbn within EU bank-
ing network increased. Such results prove thaEtddanking network has
undergone structural changes with respect to bdhteterbank cross-
border claims. With respect to reliability of thesults and the restrictions
of application, it should be noted that conclusiabsut the EU regionali-
zation should be interpreted with caution, due e incompleteness of
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bilateral cross-border claims data and the cowntimeluded in the EU
banking network.

This research adds to the knowledge of region&izairocesses within
the EU banking network during the post-crisis pgrand intends to be
beneficial for market participants, EU level goveental bodies and finan-
cial policy makers, as it adds knowledge to thecstiral changes in the EU
banking system. The value of the research presentdds article is also
reflected in the application of network analysismoelology for the evalua-
tion of connectedness, specifically of regional@at in global banking
system. The conducted research could be furthezloleed to include more
complete set of data and a broader range of cesmnepresenting the glob-
al banking network. This would allow evaluating asaimparing regionali-
zation trends in other regions, i.e. Asia, wheeeriost salient regionaliza-
tion is assumed to happen during the post-crisiege
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Annex

Table 1. Logics of the research

Stages Stage 1. Identification of EU Stage 2. Analysis EU banking networks’
banking networks regionalization
. 2.1. Analysis of network indicators
Steps Mapplng of EU 12 and EU 28 2.2. Analysis of regionalization within EU
banking networks .
banking network
Methods  Mapping of networks Structural and comparative ekvanalysis
Data Bilateral cross-border claim flows Intraregional and interregional banking

network matrices

Table 2. Descriptive statistics of EU 12 banking networkigadors

Network indicator Min Max Mean  Std.Dev. Variance
2011
In-degree 2.000 9.000 5.420 2.021 4.083
Out-degree 3.000 8.000 5.420 1.505 2.265
Degree 5.000 15.000 10.830 3.040 9.242
Strength in-degree 0.054 2.993 1.000 0.853 0.728
Strength out-degree 0.999 1.001 1.000 0.001 0.000
Strength degree 1.054 3.993 2.000 0.853 0.728
Degree centrality 0.230 0.680 0.492 0.138 0.019
Betweenness centrality 0.420 12.660 6.000 3.495 12.215
Closeness centrality 0.520 0.730 0.654 0.068 0.005
Clustering coefficient 0.400 0.633 0.505 0.072 0.005
2015 -

In-degree 0.000 6.000 3.500 1.679 2.818
Out-degree 1.000 6.000 3.500 1.382 1.909
Degree 4.000 11.000 7.000 1.859 3.455
Strength in-degree 0.000 3.313 1.000 1.034 1.069
Strength out-degree 0.999 1.001 1.000 0.000 0.000
Strength degree 1.000 4.313 2.000 1.034 1.069
Degree centrality 0.180 0.500 0.318 0.084 0.007
Betweenness centrality 0.000 21.850 8.500 6.244 38.983
Closeness centrality 0.370 0.710 0.556 0.088 0.008
Clustering coefficient 0.167 0.367 0.288 0.057 0.003




Table 3. EU 12 and EU 28 Intraregional and Interregional Kiragn networks’

density indicators, %

EU 12 EU 12 sub-regions 2011  EU 12 sub-regions 2015 Change
Northern Europe 50.00 Northern Europe 20.00
Intraregion Western Europe 56.67 Western Europe 40.00
al density Southern Europe N/A Southern Europe N/A
Average 53.33 Average 30.00 -23.33
Interreglc_m Whole network 46.34 Whole network 31.71 -14.63
al density
EU 28* EU28 sub-regions 2011  EU28 sub-regions 2015 Change
Northern Europe 34.29 Northern Europe 31.43
Intraregion Western Europe 56.67 Western Europe 40.00
al density Southern Europe 14.29 Southern Europe 42.86
Eastern Europe N/A Eastern Europe N/A
Average 35.08 Average 38.10 3.02
Interreglc_)n Whole network 36.03 Whole network 28.97 -7.06
al density

* EU 16 outgoing flows data is unavailable.

Figure 1. EU 12 directed and weighted cross-border

networks

2011

Source: compiled by authors using BIS LBS by rasigedata (2016) and network software

Gephi.

bankirgjrel flows’

2015



Figure 2. EU 28 directed and weighted cross-border bankirajrclflows’
networks

2011 2015

Source: compiled by authors using BIS LBS by rasigedata (2016) and network software
Gephi.





