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Entropy of Global Financial Linkages

This paper proposes network entropy as a tool for measuring diversity of
highly connected financial networks. The computation of network entropy
hinges on eigenvector centrality and Shannon entropy.

Two policy-related findings emerge from this research. First, regarding
time variation of network entropy, international diversification of the global
financial network constructed from foreign claims of international banks has
retreated since the financial crisis of 2007-2008. Foreign claims among 20
reporting countries have become more concentrated on core countries such
as US and UK since 2009. The change is more vividly captured by network
entropy with an unprecedented drop of the measure. This finding illustrates
that network entropy is a more acute measure for diversity of a financial
network due to the inclusion of information about financial network
structures captured by eigenvector centrality.

Second, on the subject of financial linkages, the results reveal sizable
regional heterogeneity. In both developing Asia &Pacific area and developing
Africa & Middle East area, there is a negative correlation between volatility of
changes in foreign claims and international diversification of funding sources
measured by funding entropy. In other words, more international
diversification is related with lower volatility. Especially in case of developing
Europe, however there is no evidence for the relation. This paper also finds
interesting regional variations in the relation between international

diversification of lending and that of borrowing.

Keywords: Network Entropy, Funding Entropy, Global Financial Networks,
International Diversification

JEL Classification: F3, F6
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I. Introduction

The recent financial crises from 2007 highlight the importance of inter-
connected global financial markets in the global economy (Yellen, 2013). Research
on global financial networks from the viewpoint of financial stability has become
popular (BIS, 2010; IMF, 2010). Moreover, global financial networks are naturally
related with another important topic, global liquidity. For example, Shin (2012)
emphasizes the role of global banks in transmission of global liquidity across
borders. In this context, it is important to develop quantitative methods for analyz-
ing financial networks. The current literature on financial networks mainly focuses
on the connectivity of networks via the number of links. The network structure of
international financial markets has become close to complete graphs with the the
advancement of international financial integration. Therefore, it seems that we
need finer tools for analyzing highly connected networks.

From a primarily descriptive perspective, this paper aims to contribute to un-
derstanding the network structure of global financial markets by providing a net-
work entropy measure of network diversity (or international diversification) pro-
posed by Demetrius and Manke (2005). The measure is readily applicable to highly
connected networks.

Roughly speaking, network entropy is composed of two elements: eigenvector
centrality and (Shannon) entropy. Eigenvector centrality which in general depends
on network structures is one of the measures of node centrality in network analysis.
Several recent papers advocate the usefulness of eigenvector centrality in the anal-
ysis of financial networks (Bech et al., 2010; Markose, 2012; Markose et al., 2012;
Cetorelli and Peristiani, 2013). In turn, entropy has been used as a measure of di-
versification in the economic literature. For example, Jacquemin and Berry (1979)
develop an entropy measure of corporate diversification.!) To the best of my knowl-
edge, however entropy measures have been rarely employed for the analysis of fi-
nancial networks.?) In the context of the analysis of financial networks, entropy can

be viewed as a measure of the diversification of the links of a node in a network. By

1) For a review of applications of entropy in finance, see Zhou et al. (2013).
2) Recently, Peron et al. (2012) apply the concept of network entropy to stock correlation networks.
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combining eigenvector centrality and entropy, we obtain entropy of a node. The en-
tropies of nodes can reveal heterogeneity of nodes even if they are completely
connected. Finally, network entropy is a weighted sum of the entropies of nodes in a
network. Therefore network entropy is a network-wide measure of diversification
taking into account network structures by incorporating eigenvector centrality.

In this paper, I apply the measure of network entropy to the BIS global finan-
cial network database in order to study highly connected global financial networks.
Based on the new measure of network diversity, the research questions in this pa-
per are two-fold: First, how has the network structure of global banking networks
among core countries (i.e., reporting countries) evolved during the global financial
crisis of 2007-2009 in terms of diversification? Second, how are core countries and
periphery countries (i.e., non-reporting countries) interconnected in terms of fi-
nancial linkages?

The literature on financial networks has been growing rapidly.?) Empirical
works can be divided into two strands: one strand focuses on data-based inves-
tigation of financial networks to grasp their features. For example, Weistroffer and
Mobert (2010) utilize the BIS consolidated banking sector statistics to investigate
cross-border exposure. They provide several vulnerability measures. Among them,
the “borrower concentration ratio” which is based on the Herfindahl Index, is sim-
ilar to entropy in the sense that two measures gauge the extent of diversification of
lending. A higher “borrower concentration ratio” may be interpreted as higher
contagion risk. Minoiu and Reyes (2013) look at the BIS locational statistics focus-
ing on flows rather than exposures. By employing network metrics, they find that
connectivity tends to decline during and after financial crises. Hale (2012) builds a
bank-level global financial network and finds out the systematic effect of recessions
and banking crises on the global banking network. Castrén and Rancan (2013) ex-
tend cross-border network of the banking sectors in the Euro area to include sector

networks of each country and highlight the tradeoft between efficiency and stability

3) The pioneering work by Allen and Gale (2000) finds that complete connection is more robust to
financial contagion. Recently, Acemoglu et al. (2013) claim that the conclusion depends on the size and
number of negative shocks. Caballero and Simsek (2013) argue that in bad times, perceived
counterparty risk increases because of higher uncertainty regarding relevant financial networks.
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in financial networks.

Several papers, like this paper, utilize eigenvector centrality in analyzing
networks. On the one hand, Bech et al. (2010) use the dominant left eigenvector of
a (modified) weighted adjacency matrix to rank participants in the Canadian Large
Value Transfer System with respect to their daily liquidity holdings. Cetorelli and
Peristiani (2013) also utilize the dominant left eigenvector of a matrix of IPO flows
to assess the importance of international financial centers in attracting global IPOs.
On the other hand, Markose (2012) and Markose et al. (2012) study financial de-
rivatives from the perspective of network analysis and propose a super-spreader
tax based on the dominant right eigenvector. Based on these papers, my paper
goes further by applying an entropy measure based on eigenvector centrality.

The research of the other strand centers around the question of how the finan-
cial networks transmit exogenous shocks to financial markets. Network simulation
techniques have been widely used for this research.®)

Two policy-related findings emerge from this research. First, regarding the time
variation of network entropy, the international diversification of the global financial
network constructed from foreign claims of international banks retreats after the fi-
nancial crisis of 2007-2008. Foreign claims among 20 reporting countries have be-
come more concentrated on core countries such as the US and the UK from 2009.
The change is more vividly captured by network entropy with an unprecedented
drop in the measure.?) This finding demonstrates that network entropy is a more
sensitive measure for the diversity of a financial network due to the inclusion of in-
formation about financial network structures captured by eigenvector centrality.

Second, on the subject of financial linkages, the results reveal sizable regional

heterogeneity. In both developing Asia &Pacific area and developing Africa &

4) For instance, Degryse et al. (2010) study cross-border contagion risk over the period 1999-2006 by using
cross-border exposures data of 17 countries from BIS Banking Statistics. They adopt the approach
developed in Upper and Worms (2004) and find that contagion risk climbed during the period. Gai et
al. (2011) derive a tipping point condition of contagion dynamics in financial networks. Their
simulation experiments reveal that concentration and complexity of financial networks can be
important amplifiers of financial fragility. For an up-to-date survey, see Upper (2011).

5) Higher network entropy represents more diverse paths from each node. So the networks with higher
network entropy are more robust to random perturbations. This implication is in line with Allen and
Gale (2000) where they find that a complete network is more resilient than an incomplete network.
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Middle East area, there is a negative correlation between volatility of changes in
foreign claims and international diversification of funding sources measured by
funding entropy. In other words, more international diversification is related with
lower volatility. Especially in case of developing Europe, however, there is no evi-
dence for such a relation. This paper also finds interesting regional variations re-
garding the relation between international diversification of lending and that of
borrowing.

The paper is organized as follows. Section 2 presents the data and the method-
ology used in this paper. Section 3 reports the main results of the paper. Section 4

concludes.

II. Data and Methodology

2.1 Data

I use the BIS consolidated banking statistics. The main advantage of the sta-
tistics compared with BIS locational statistics is the fact that the statistics provide in-
formation on exposures by country of immediate borrower and on the country of
ultimate risk (BIS, 2012). Figure 1 illustrates the distinctive coverage of three types
of claims reported in the statistics. This paper focuses mainly on the foreign claims,
the most extensive measure. But I will also look at international claims for the ro-
bustness of analysis.

The remaining part of this subsection provides the recent trends of some ag-
gregate variables from BIS consolidated banking statistics. Figure 2 shows that the
global network of foreign claims has been significantly impeded, after reaching a
peak in 2008 Q1. The left panel displays foreign claims on immediate borrower
basis. International claims are also shown in the panel for comparison. The right
panel draws foreign claims on an ultimate risk basis together with cross-border

claims for comparison.6)

6) Claims on an immediate borrower basis include all items representing an on-balance sheet financial asset
except on-balance sheet derivatives instruments with a positive market value. Country of ultimate risk is
the country where the ultimate obligor resides (BIS, 2012).
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Figure 1: Types of Claims
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Source: BIS (2012).

Figure 2: Trends of Aggregate Variables
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Figure 3: Sectoral Claims
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Figure 3 provides sectoral decomposition of foreign claims. We can see that for-
eign claims on banking sector are most significantly retreated during the recent
turmoil in international financial markets whereas foreign claims on the public sec-
tor have been steadily growing. Again, the left panel displays the foreign claims on
an immediate borrower basis and the right panel charts the foreign claims on an
ultimate risk basis.

Among reporting countries, 20 countries are chosen because of data availability.
Figure 4 depicts the trends of foreign claims of the 20 countries. Likewise, Figure 4
shows separately the foreign claims on an immediate borrower basis and the for-
eign claims on an ultimate risk basis. Figure 4 reveals that the subnetwork of 20 re-
porting countries has stagnated more severely than the whole network. But Figure
4 does not give us the information about whether there are changes in the struc-
ture of international financial markets. To answer the question, it may be helpful to

look at the network properties of the markets.

Figure 4: Total Foreign Claims (2006 Q1 -2012 Q3)
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Germany, Greece, India, Ireland, Italy, Japan, Netherlands, Portugal, Spain, Sweden, Switzerland,
Turkey, United Kingdom, United States

Source: BIS Consolidated Banking Statistics.
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Figure 5: 2006 Q1

Note: AT:Austria, AU:Australia, BE:Belgium, CA:Canada, CH:Switzerland, CL:Chile, DE:Germany,
ES:Spain, FR:France, GB:United Kingdom, GR:Greece, IE:Ireland, IN:India, IT:Italy,
JP:Japan, NL:Netherlands, PT:Portugal, SE:Sweden, TR:Turkey, US:United States

Source: BIS Consolidated Banking Statistics (ultimate risk basis)

Figure 6: 2012 Q3

Source: BIS Consolidated Banking Statistics (ultimate risk basis).

Figures 5 and 6 represent global financial networks constructed based on for-
eign claims among 20 reporting countries?). The size of the nodes is proportional
to the amount of lending made by a country. And the thickness of the link lines is

7) For visualization of financial networks, I use the software, financial network analytics (FNA), developed
by Kimmo Soramiki which is available at www.fna.fi.
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determined by the fraction of the foreign claims of one country upon another
country in its total foreign claims. We can see from the figures that there have been
changes in relative shares of the volumes of lending made by the countries. For in-
stance, the nodes of the US and Japan are bigger in 2012 than in 2006. To see the
changes more precisely, we need some quantitative measures for networks. As a
quantitative measure of networks, I introduce the concept of network entropy and
related tools in subsection 2.2.

2.2 Methodology

A network (N,A) is defined by a set of nodes N={1, 2, - ,n} and an adjacency
matrix 4= (a;;), <, ;< ,-3 A node (or vertex) is the basic items of the network.
Nodes can be individuals, groups, or other things such as cities and web pages. In
this paper, a node represents a country in global financial markets. Nodes are con-

nected by edges (or links). An edge score a, ; of the adjacency matrix A corre-

J
sponds to (strength of ) interaction between node i and node j. In general, the
edge score a, ; can take either binary values (unweighted network) or real values
(weighted network). If a; ;# a; ; for some pair (i,j), then the corresponding net-
work is called directed. Otherwise, it is called undirected. In this paper, a; ; repre-
sents foreign claims of country i on country j, which implies that the network is a
weighted and directed network. Moreover, since foreign claims have nonnegative
values, the adjacency matrix A is a nonnegative matrix.9 If a financial network is a

complete network, then the adjacency matrix A is also primitive.10)

2.2.1 Transformation of Adjacency Matrices into Stochastic Matrices

We need to transform adjacency matrices into stochastic matrices to apply the con-
cept of (Shannon) entropy. In this paper, I adopt the method proposed by Demetrius
and Manke (2005). Before introducing the method, I first consider a more straight-

forward normalization, i,e., a fraction of total foreign claims for comparison.

8) For general introduction to network theory, see Jackson (2008) and Newman (2011) for examples.

9) Each element g, ; of the adjacency matrix A takes a nonnegative real value.

10) If there exists positive integer k such that 4 k> 0 for nonnegative square matrix A, then the matrix A is
called primitive (Seneta, 2006).
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Method 1 Given an adjacency matrix A, a stochastic matrix pP= (ﬁu) can be

defined as follows:

~ a.;.:

— Y
pij = Zaij )
J

‘Method 1’ treats each node uniformly. In other words, ‘Method 1" does not
take into account possible heterogeneity of nodes. ‘Method 1° will serve as a

benchmark.

Method 2 In the literature on networks, several measures of centrality have
been developed.!l) Among them, the eigenvector centrality proposed by
Bonacich (1972) is based on neighbors’ characteristics. The basic idea of ei-
genvector centrality is that a node’s centrality depends on the centralities of its
neighbors. In particular, Bonacich (1972) assumes that a node’s centrality is
proportional to weighted sum of edge scores where weights are provided by
centrality scores. Given an adjacency matrix A, the assumption yields a system
of homogenous linear equations for the unknown variables, centrality scores

v:={vy, vy, -, v, }, as in Bonacich (1972):

EGUU]‘ =, 1 <4,j<n (2)
j

where A\ is a proportionality constant. The centrality scores should be
non-negative. Equation (2) illustrates why the proposed centrality is called the ei-
genvector centrality. The pair (A, v) corresponds to an eigenvalueeigenvector pair
of the adjacency matrix A.

Suppose that an adjacency matrix A is a nonnegative and primitive matrix.
Then, the famous Perron-Frobenius theorem (Seneta, 2006, Theorem 1.1) tells us

that there exists a dominant eigenvalue-eigenvector pair, (. ) such that

AU = A'fn(ll'vnl(ll‘ (3)
where both A, and v,,,,,, are positive.12) I normalize vmax so that X v, ., (j) = 1.

max max J “max

max ’/U'ﬂl ar

max

Ve () can be described as a measure of relative contribution made by node j to the

11) See Jackson (2008, 2.2.4) and Newman (2011, ch.7).
12) See also Lax (2008) for the proof of Perron theorem for positive matrices.
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network. In global financial networks, the right eigenvector v,,,, (j) represents rela-
tive contribution made by country j to lending money. Then, given an adjacency ma-

trix A, ‘Method 2’ defines a stochastic matrix P*= (p;}) as follows:

a’z’jvm ax (j )

P )\'m,u,:nvma,:n (Z) 1= ©J =n (4)
So, the components of row i of A are weighted by (v,,,, (), - ; - , and normalized
by multiplying them byﬁ

The (scaled) power method for computing dominant eigenvector gives us an-

other useful implication for eigenvector centrality.13) Let a nonnegative vector bybe

Ab

given. According to the power method, the sequence, b; | =

will converge

to the dominant eigenvector. The method utilizes the fact that the direction of
A'b, converges to the direction of the eigenvector regardless of the initial point, b,
(Meyer, 2000). The result implies that the weights of nodes determined by the
dominant eigenvector reflects asymptotic effect of initial perturbations on network.
Or, as Bonacich (2007) points out, the eigenvector centrality takes into account not
only direct links but also indirect links. In this regard, the eigenvector centrality

may be a valuable tool for analyzing network structures.

2.2.2 Network Entropy

Several entropy measures have been used as a complexity measure of a graph
(Dehmer and Mowshowitz, 2011). Following Demetrius and Manke (2005), I apply
the well-known Shanonn entropy formula (Shannon, 1948). Given a discrete prob-
ability distribution D= {p,, p,, -+, p, }, the formula is defined as follows:14)

H(D)=— Ypilogp, 5)

i=1

13) A similar convergent result for the power method is discussed in Bonacich (1972).
14) Shannon (1948) takes an axiomatic approach to derive the formula. Shanonn entropy is the unique
measure satisfying the following three requirements:
1. The entropy should be a continuous function of the p,
2. If the distribution is uniform, then the entropy should be a monotonic increasing function of n.
3. If a choice be split into two successive choices, then the original entropy should be the weighted sum
of the entropies of the two successive choices.
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Note that H (D) can be viewed as the expected value of the random variable

log (Il)) A15) In particular, from the viewpoint of financial network analysis, entropy
can be described as a measure of diversification due to the fact that the formula
makes a more evenly distributed random variable obtain higher entropy.

Given a stochastic matrix (P=(p,;)) derived from an adjacency matrix of a net-
work, the entropy(#;) of a node i is obtained by applying the formula to transition
probability distribution which corresponds to the ith row of the stochastic matrix (P).

H{(P) ==Y p;logpl <i<n (6)
i=1
H;(P) measures the diversity of choices of the node i. Then, the network en-

1
tropy(#, , 0,1.) 1s defined as the weighted sum of entropies of nodes.
n
antwo’rk (P) = ZT(,]{Z (7)
=1
where the weighting vectorr = {7, m,, -+, m, } is the unique invariant distribution
of the corresponding stochastic matrix (P).
TP=x (8)
If a stochastic matrix is ergodic (or primitive), the unique invariant distribution
is well-defined (Koralov and Sinai, 2012, Theorem 5.9).16) The left eigenvector
is a measure of relative contributions made by countries in borrowing money from
global financial markets. Summing up, the computation algorithm for network en-

tropy is as follows:

Adjacencymatrix (nonnegative primitive)

eigenvector — centrality (Perron— Frobeniustheorem)
Stocgasticmatriz

Shanonnentropy invariant distributionof Makov chain

Networkentropy
9)

15) In this context, one interpretation of log(li]) is “the amount of surprise” when we observe event i.

16) A stochastic matrix is called ergodic if there exists n=N such that pf'}’ ) >0, Vi,j where pE?)

represents the n-step transition probabilities of a Markov chain.
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In general, A,

network

(P) quantifies the average diversity of choices of nodes.
Particularly, in this paper, H,,.,,,, () is a measure of international diversification
in global financial networks.

To grasp the difference between two methods, I go over the simple example il-
lustrated by Figure 7. The simple example compares two different networks of

three countries, a, b, and c. Note that the adjacency matrices

012 015
A,=[2 0 1|, 43=|2 0 1 (10)
120 120

In case «, the situation is symmetric to each country. Each country has the same
international asset allocation. So, as we can see from Table 1, two methods give us
the same results.

In case 3, the symmetry breaks because country ‘a’ holds more foreign assets in
country ’c’ than in case . Now, two methods yield different results. For method 1,
the entropies of countries b and c are the same as before. Only the entropy of
country ‘a’ decreases because of the higher concentration of foreign asset holdings.
Network entropy also goes down reflecting the drop of the entropy of country ‘a’.
In comparison with method 1, the computation of entropy by method 2 is more in-
volved because of the additional component, eigenvector centrality (v;). The ex-
pansion of foreign asset holdings by country ‘a’ increases the eigenvector centrality
of country ‘a’. The expansion also has indirect effect on country ‘b’. Country ‘b’ in-
vests more in country ‘a’ than country ‘c’ does. So, the eigenvector centrality of
country ‘b’ also mounts. Note that the node entropies of three countries all change
even though only the asset allocation of country ‘a’ has changed. And the resulting net-
work entropy is a little bit lower than the network entropy obtained from method 1.

Table 1 : A Simple Example

method 1 ‘ method 2
(H,) (m;) (H, . wort) (v;) (H,) (m;) (v;)
@ Jo] @ 1) «a Jo) «@ 15 @ 153 « 5 @ Io)
a 0.64 | 045 0.33 | 0.33 0.33 | 043 | 0.64 | 0.47 | 0.33 | 0.36
b | 064 064 |033)|030| 064 058033030064 055|033 028 | 0.64 | 057
c 0.64 | 0.64 | 0.33 | 0.37 0.33 | 0.27 | 0.64 | 0.68 | 0.33 | 0.36

Note: The table illustrates the difference between the two methods.
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Figure 7: An Example
Case o Case

N 1 7 N L 7
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II. Network Entropy of Global Financial Networks
3.1 Core (reporting countries)

3.1.1 Network Entropy: An Indicator for Global Financial Networks

The sample period of foreign claims is from the first quarter of 2006 to the
third quarter of 2012 (QI, 2006 - Q3, 2012). Figures 8 and 9 depict the networks
associated with the stochastic matrices which are constructed from foreign claims of
twenty countries. Hence, the figures provide the snapshots of global financial net-
works in 2006 Q1 and 2012 Q3 from the viewpoint of a network entropy
approach. The width of each edge in the networks is proportional to the compo-
nents of the stochastic matrices and the size of each node is determined by the in-
variant distributions for the stochastic matrices. Compared with Figures 5 and 6,
Figures 8 and 9 reveal the crucial roles played by leading countries in incorporat-
ing the heterogeneity of nodes in terms of eigenvector centrality. Other countries
lend disproportionately large amounts of money to leading countries. In turn, the
comparison between Figures 8 and 9 uncovers a notable shrinkage of Germany’s

weight and a sizable increase in the weight of the US in global financial networks.
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Figure 8: Foreign Claims (2006 Q1)

Note: The width of each edge in the networks is proportional to the components of the
stochastic matrices and the size of each node is determined by the invariant distributions
for the stochastic matrices.

Source: BIS Consolidated Banking Statistics (ultimate risk basis).

Figure 9: Foreign Claims (2012 Q3)

Note: See Figure 8.
Source: BIS Consolidated Banking Statistics (ultimate risk basis).
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Figure 10: Network Entropies of Foreign Claims
(2006 Q1 - 2012 Q3)
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Source: BIS Consolidated Banking Statistics (foreign claims, immediate borrower basis & ultimate
risk basis).

Figure 10 shows the time variations of network entropies of foreign claims in
terms of both ultimate risk basis and immediate borrower basis. The left panels of
Figure 10 represent the network entropies computed by method 1 and the right
panels depict the network entropies calculated by method 2. Note that the network
entropy obtained from method 2 dropped sharply from the first quarter of 2009
while that from method 1 experienced moderate changes compared with method
217). Figure 10 illustrates the point that method 2 may be better in detecting
changes in network structures since it incorporates changes in the centrality of no-
des whereas method 1 does not.

To see which countries are most responsible for these changes of the network
entropy from method 2, let’s take a closer look at the components of network en-
tropy for the G5 countries because they are big players in global markets. Figure
11 exhibits the trends of eigenvector centralities, entropies and invariant proba-
bilities of the G5 countries. The upper panel unveils the sizable rise of the ei-
genvector centrality of the US from 2009 Q1.18) It also shows the steady increase of

the eigenvector centrality of Japan. In contrast, The eigenvector centralities of

17) Chinazzi et al. (2013) show that the network density of a global financial network reached its highest in
2007 by using a different dataset. From the viewpoint of early warning, the connection between
unusual rise of network entropy and financial instability is an interesting future research topic.

18) Cukierman (forthcoming) points out that total US banking credit expanded at a slower pace after
Lehman’s downfall even though total US bank reserves experienced an unprecedent increase.
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France and Germany have decreased particularly since the 2010 European
Economic Crisis. In particular, Germany has the highest eigenvector centrality in
2006 QI but Japan, the UK, and the US have higher eigenvector centralities in
2012 Q3 than Germany. It seems that these changes in eigenvector centrality are
essential in understanding different results from the two methods since ei-
genvector centrality is the only distinctive feature of method 2. The middle panel
displays entropies of five countries. The most severe drops have been found in the
cases of Japan and the UK. Note that these two countries are more strongly con-
nected with the US than France and Germany (see Figures 8 and 9). The ob-
servation, combined with the rising eigenvector centrality of the US, helps to un-
derstand the drivers of the remarkable drops of the entropies of Japan and the
UK. In terms of invariant probabilities, the bottom panel reveals a rising tendency
for the US and Japan and a descending tendency for France and Germany, which

implies that more money is flowing into the US and Japan.

Figure 11: G5 Countries (2006 Q1 - 2012 Q3)
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Source: BIS Consolidated Banking Statistics (ultimate risk basis).
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Table 2: Components of Network Entropy
(Foreign Claims, Ultimate Risk Basis)

Eigenvector centrality (v;) Entropy of a node (/) Invariant distribution (7r;)

2006 2008 2009 2012 | 2006 2008 2009 2012 [ 2006 2008 2009 2012
Q1 Q2 Q1 Q3 Qi Q2 Q1 Q3 Q1 Q2 Q1 Q3
AT 001 001 001 001 | 174 18 183 179 | 000 000 0.00 0.00
AU 001 001 001 002 | 131 133 127 143 | 000 001 000 0.01
BE 006 007 004 001 | 187 189 189 187 | 002 003 001 0.00
CA | 003 002 004 007 | 132 135 09 080 | 001 001 001 0.03
CH | 012 009 009 009 | 15 178 138 130 | 003 002 002 0.03
CL | 000 000 000 000 | 13 165 078 058 | 000 000 000 000
DE | 016 015 o013 o1t | 173 197 18 167 [ 017 017 013 0.1
ES 005 005 005 006 | 141 158 129 112 | 003 003 003 002
FR 010 014 013 009 | 197 209 19 18 | 009 013 010 0.07
GB | 012 012 014 015 | 184 197 147 150 | 026 024 025 024
GR | 000 000 000 000 | 170 141 154 142 | 000 0.00 0.00 0.00
IE 004 004 003 001 | 160 166 15 059 | 002 002 002 0.00
IN 000 000 000 000 | 179 197 163 158 | 0.00 0.00 0.00 0.00
T 002 005 004 003 | 198 125 147 137 | 001 004 002 0.01
JP 008 008 010 014 | 166 18 134 114 | 005 005 006 0.12
NL | 011 009 007 005 | 18 202 194 188 | 007 006 003 003
PT 000 001 000 000 | 208 201 206 193 | 000 000 0.00 0.00
SE 002 002 001 002 | 145 157 161 136 | 000 000 0.00 0.00
TR 000 000 000 000 | 162 179 167 15 | 000 000 0.00 0.00
us 006 005 011 013 | 18 191 170 168 | 023 018 031 034
Notes: AT: Austria, AU: Australia, BE: Belgium, Ca: Canada, CH: Switzerland, CL: Chile, DE:
Germany, ES: Spain, FR: France, GB: United Kingdom, GR: Greece, IE: Ireland, IN: India,

IT: Italy, JP: Japan, NL: Netherlands, PT: Portugal, SE: Sweden, TR: Turkey, US: United,
States

Source: BIS Consolidated Banking statistics.

Table 2 gives us a more comprehensive look at components of network entropy
by providing snapshots for four periods. Table 2 includes the periods of 2008 Q2
and 2009 Q1 for the comparison in addition to the starting and ending periods of
the sample. We can see that from Table 2, besides France and Germany, the ei-
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genvector centralities of Belgium and Netherlands also declined sizably during the
sample period. Regarding the entropies, it is interesting to note that only the en-
tropies of Greece and Italy decreased between 2006 Q1 and 2008 Q2. Finally, in-
variant probabilities of Belgium, Austria, and Italy, in addition to France and
Germany, diminished during the sample period reflecting the European debt cri-
sis, which implies that the importance of these countries in international borrowing
retreated. Overall, the analysis of the components of network entropy gives us a
detailed picture about how network structures of global financial markets evolved
during the financial crises.

Now, I use data on an immediate borrower basis to obtain a longer time series
of network entropy. Figure 12 displays the network entropies for the period of
2000 Q1 - 2012 Q3. Again, Figure 12 compares the network entropies computed
by method 1 with them calculated by method 2. In method 2, the drops in network

entropies from 2009 are unprecedented even with longer time series.19)

Figure 12: Network Entropies (2000 Q1 - 2012 Q3)

Foreign claims(method 1) Fareign claims(method 2)

=]

i)

=

Netwark Entropy
Network Entropy

n

18 14L L L L L L L
2000-Qrf 2002-01 2004-G1 2006-Q1 2008-C11 2010-Q1 2012-Q1 2000-Q1 2002-01 2004-Q71 2006-G1 2008-Q1 2010-Q1 2012-Q1

International claims(method 1) International claimsimethod 2)

225 4 18

ra
)

ra
@

Netwark Entropy
Netwark Entropy

o

205 L n . n . n . 140l . n . " . n
2000-Q1 2002-Q1 2004-Qr1 2006-21 2008-C11 2010-Q1 2012-Q1 2000-Q1 2002-Q11 2004-Q71 2006-Q1 2008-21 2010-Q1 20121

Source: BIS consolidated banking statistics (immediate borrower basis).

19) Among several entropy measures, an asymptotic distribution theory for permutationentropy
has been developed (see Matilla-Garcia and Marin (2008), for example). But, to the best of my
knowledge, an asymptotic distribution theory for network entropy is still missing from the
literature.
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3.1.2 Network Entropy and SIFIs

Demetrius and Manke (2005) propose the contribution to network entropy as a
ranking principle. Figure 13 visualizes the financial network in 2012 Q3 for 26
countries. Table 3 reports the relative contributions of the countries to the network
entropy computed in both methods. Big players have more weights in method 2.
The result seems to reflect that method 2 is supposed to capture the amplification
due to the network effect. The novel feature of the network entropy approach is
the inclusion of both left-eigenvector and right-eigenvector in the computation for
ranking whereas the existing literature on eigenvector centrality uses either left-ei-

genvector or right-eigenvector in the computation.

Table 3: Relative Contributions to Network Entropy

Rank method1 \ method?

1 us 0.28 us 0.36
2 GB 0.18 GB 0.24
3 DE 0.09 DE 0.11
4 FR 0.08 FR 0.09
5 NL 0.06 JP 0.08
6 JP 0.05 NL 0.04
7 ES 0.03 CH 0.02
8 BR 0.02 ES 0.01
9 T 0.02 T 0.01
10 U 0.02 CA 0.01
11 BE 0.02 AU 0.01
12 KR 0.02 BE 0.00
13 CH 0.02 SE 0.00
14 AT 0.01 IE 0.00
15 IE 0.01 KR 0.00
16 SE 0.01 BR 0.00
17 CA 0.01 DK 0.00
18 DK 0.01 W 0.00
19 TR 0.01 PT 0.00
20 Fl 0.01 AT 0.00
21 ™W 0.01 TR 0.00
22 MX 0.01 GR 0.00
23 CL 0.01 Fl 0.00
24 PT 0.01 MX 0.00
25 PA 0.00 PA 0.00
26 GR 0.00 CL 0.00
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Figure 13: Global Financial
Network (2012 Q3)

Source: BIS Consolidated Banking Statistics (immediate borrower basis).

3.2 Periphery (non-reporting countries)

Since lending data for non-reporting countries are not available from the BIS
consolidated banking statistics, I focus on the borrowing patterns of non-reporting
countries. The main question in this part is whether we can find some stylized facts
about the relationship between reporting countries and non-reporting countries in

terms of entropies of nodes.

3.2.1 Counterparty Entropy
For the purpose, I define counterparty entropy (CH) as follows:

b..
CH, =Y | "

where b;; is the foreign claim of reporting country i on non-reporting country j.

J H;, i,h € 20reporting countries (11)

The counterparty entropy (CH;) of country j is a weighted average of the en-
tropies of the countries from which country j borrow money where weights are giv-
en by relative size of lending. So, by comparing counterparty entropies of coun-
tries, we can see which countries are more closely connected to the reporting coun-
tries with relatively high entropy.

The left panel of Figure 14 displays the time series of foreign claims on an ulti-
mate risk basis by region. We can see that inflows into Latin and Asia have in-

creased while Europe and Africa & Middle East have stagnated from around 2009.
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Figure 14: Counterparty Entropies by Region
(Foreign Claims, 2006 Q1 - 2012 Q3)
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Source: BIS consolidated banking statistics (ultimate risk basis).

The right panel of Figure 14 shows regional variations of counterparty entropies.
From 2009, counterparty entropies decreased reflecting the drops of entropies of
reporting countries. Among the four regions, the counterparty entropy of Latin

America has been lowest and dropped most significantly.

Figure 15: Sources of Borrowing
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Source: BIS Consolidated Banking Statistics (ultimate risk basis).
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To grasp the regional differences, I look into the sources of funding. Figure 15
demonstrates the heterogeneity in the sources of funding across regions. The sali-
ent feature of Latin America is that its funding heavily depends on Spain. Recall
that from Table 2, Spain has relatively low entropies compared with the other ma-
jor reporting countries in Figure 15.

Figure 16 provides longer time series of the counterparty entropies of develop-
ing countries based on foreign claims on an ultimate risk basis. Figure 16 shows
that heterogeneity in terms of counterparty entropy across four regions has
increased. Particularly, the entropies of Latin America sizably declined in 2004. At
that time, the entropies of Spain also fell significantly .

Figure 16: Counterparty Entropies by Region
(Foreign Claims, 2000 Q1 - 2012 Q3)
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Source: BIS Consolidated Banking Statistics (Immediate borrower basis).

3.2.2 Funding Entropy

To quantify the diversity of funding sources of developing countries, I propose
an entropy-based measure, funding entropy. Funding entropy utilizes the in-
formation about lending countries provided by eigenvector centrality obtained in
Section 3.1.1. The probability distribution for funding entropy of country j is de-

fined as follows:

pf (1) = ! 1 € 20reporting contries (12)

B ;bk‘/uk 7
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I also define simple funding entropy of country j for comparison as follows:

p;' (i) = , 1 € 20reporting contries (13)

Ebk-j

Figure 17 displays (simple) funding entropies of four regions. The most re-
markable difference between the two panels of Figure 17 is the (simple) funding
entropies of Latin & Caribbean area. We can conjecture that the difference in con-
necting patterns may be responsible for the result. By contrast, the (simple) fund-
ing entropies of developing Europe are highest in terms of the two measures,
which implies that developing Europe achieves the highest level of international di-

versification in funding sources.

Figure 17: Funding Entropy (2006 Q1 - 2012 Q3)
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Source: BIS Consolidated Banking Statistics (ultimate risk basis).

3.2.3 Funding Entropy and Volatility

Portfolio diversification has been viewed as a way of reducing financial risk. To
see whether funding entropy has additional information by including eigenvector
centrality, I look at the correlation between volatility and (simple) funding entropy.
The volatility of foreign claims on developing countries is defined as follows:

std([log(y,, ) —log(y,)|)
mean(|log(y, ) —log(y,)|)

volatility = (14)

where y, is the total borrowing from 20 reporting countries. In other words, vola-

tility is measured as a variational coefficient of the absolute values of logarithmic
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Figure 18: Funding Entropy and Volatility
(2006 Q1 - 2012 Q3)
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differences. Figure 18 represents the relationships between (simple) funding en-
tropy and volatility by region. We can see that a negative relationship between vol-
atility and (simple) funding entropies holds for developing Asia & Pacific and de-
veloping Africa & Middle East.

3.2.4 Funding Entropy and Financial Linkages

Figure 19 displays the relationship between counterparty entropy and funding
entropy by region. We can see regional heterogeneity regarding the relation. For
developing Africa & Middle East and developing Latin & Caribbean, there exists
negative relation between counterparty entropy and funding entropy. But develop-
ing Asia & Pacific and developing Europe do not exhibit similar patterns. By con-
trast, a positive correlation between counterparty entropy and funding entropy is
found in developing Europe. The left panels of Figure 19 depict the relationship
between simple counterparty entropy and simple funding entropy, without refer-
ring to eigenvector centrality. In the case of Latin & Caribbean, the two methods

yield a very different result. Overall, these findings imply the geographical distance
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from the European area as a global financial center may be an important factor in
determining network structures.

Table 4 provides detailed results on the correlation between counterparty en-
tropy and funding entropy. As we can see from Table 4, the method with ei-
genvector centrality more consistently detects the correlation in the case of Latin &
Caribbean.

Table 4: The Correlation Between Counterparty Entropy and Funding

Entropy
Asia & Latin & Africa & Europe
Pacific Caribbean Middle East
method!  method2 method!  method2 method1 method2 method!  method?2
2006—Q1 0.12 0.02 -0.35 -0.27 -0.37 —-0.40 0.28 0.69
2006—Q2 0.07 0.05 -0.21 -0.59 —-0.50 —0.40 0.42 0.57
2006—Q3 0.14 —-0.04 —0.66 -0.54 -0.37 —0.49 0.43 0.63
2006—Q4 0.18 0.05 —-0.69 —-0.60 —-0.38 -0.42 0.49 0.72
2007-Q1 0.05 —-0.07 -0.72 —-0.53 —-0.50 -0.51 0.46 0.52
2007-Q2 0.17 0.01 -0.77 —0.62 -0.57 -0.58 0.54 0.62
2007-Q3 0.18 0.06 -0.77 —-0.55 —-0.52 —-0.48 0.44 0.50
2007-Q4 0.13 —-0.04 —-0.69 —0.65 —0.44 -0.57 0.40 0.68
2008-Q1 0.17 0.05 -0.67 —-0.51 -0.16 -0.04 0.43 0.61
2008—Q2 0.12 0.02 -0.70 —-0.67 —0.46 —-0.50 0.49 0.73
2008—Q3 0.08 0.05 -0.17 -0.57 -0.41 -0.42 0.49 0.76
2008—Q4 0.02 —-0.03 —-0.10 —-0.53 —0.44 -0.49 0.41 0.64
2009-Q1 —-0.04 -0.19 -0.13 —-0.53 —-0.49 -0.43 0.43 0.53
2009-Q2 0.06 -0.10 -0.18 -0.59 -0.47 -0.47 0.54 0.55
2009-Q3 0.02 -0.21 -0.13 —-0.48 —0.56 —-0.49 0.46 0.43
2009-Q4 -0.08 -0.29 -0.13 -0.52 -0.59 -0.54 0.56 0.45
2010-Q1 0.06 -0.14 0.42 0.06 -0.41 -0.42 0.46 0.23
2010-Q2 0.01 -0.21 0.16 -0.33 —-0.54 -0.53 0.47 0.22
2010-Q3 0.15 -0.13 0.16 -0.17 —-0.01 -0.31 0.61 0.40
2010-Q4 0.07 -0.24 -0.42 —-0.70 -0.18 -0.37 0.56 0.43
2011-Q1 0.10 —-0.26 -0.34 —-0.63 —-0.00 -0.31 0.63 0.58
2011-Q2 0.08 -0.23 -0.15 -0.54 -0.11 -0.24 0.55 0.56
2011-Q3 —-0.01 -0.30 -0.37 —0.64 —-0.41 -0.38 0.54 0.56
2011-Q4 -0.20 -0.38 —-0.20 —-0.60 -0.39 -0.22 0.57 0.56
2012—Q1 -0.02 —-0.26 -0.07 —-0.60 -0.54 —-0.49 0.62 0.60
2012-Q2 0.13 -0.11 -0.08 —0.56 -0.43 -0.44 0.66 0.60
2012—Q3 0.14 -0.12 -0.22 —0.64 —0.48 -0.47 0.66 0.60
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Figure 19: The Relationship Between Counterparty Entropy
and Funding Entropy
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IV. Conclusion

Analyzing highly connected financial networks is an important task for financial
stability. Several recent papers advocate the usefulness of eigenvector centrality, a
measure of nodes’ centrality, in identifying important financial institutions in finan-
cial networks. This paper extends the existing approach by incorporating ei-
genvector centrality in measuring international diversification.

This paper proposes network entropy as a tool for measuring the diversity of
highly connected financial networks. The computation of network entropy hinges
on eigenvector centrality and Shannon entropy. I find some supporting evidence
for the advantages of this approach in that the measures which incorporate ei-
genvector centrality have additional information about changes in foreign claims
over other simple measures which do not include eigenvector centrality.

Two policy-related findings emerge from this research. First, regarding time
variation of network entropy, international diversification of the global financial
network constructed from foreign claims of international banks declines after the
financial crisis of 2007-2008. Foreign claims among 20 reporting countries have be-
come more concentrated on core countries such as US and UK from 2009. The
change is more vividly captured by network entropy with an unprecedented drop
of the measure. This finding illustrates the point that network entropy is a more
sensitive measure for the diversity of a financial network due to the inclusion of in-
formation about financial network structures captured by eigenvector centrality.
For policymakers, properly monitoring the evolving features of financial networks
is essential for ensuring financial stability. It seems that network entropy has a
promising potential for the purpose.

Second, on the subject of financial linkages, the results reveal sizable regional
heterogeneity. In both developing Asia &Pacific area and developing Africa &
Middle East area, there is a negative correlation between the volatility of changes
in foreign claims and international diversification of funding sources measured by
funding entropy. In other words, more international diversification is related with
lower volatility. Especially in the case of developing Europe, however, there is no

evidence for such a relation. This paper also finds interesting regional variations
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regarding the relation between international diversification of lending and interna-
tional diversification of borrowing.

One limitation of this research is that I study financial networks only at the
country level. In this sense, an interesting extension in this research direction
would be to construct the financial networks of international banks and to see
whether similar results hold. It seems that more work is required to shed some

light on the salient features of highly connected networks.
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<Abstract in Korean>

ojcH g™

& Aol = HIEYA AEZY (network entropy) A& 0|83t F8=
=228 a5 UEHZY SA4S o3t Ao oA A4t A7|dE
gulue g, FawT A8 20 34U AHe AUl
748} (funding entropy) 2ol 4 H-415 itk
-7 FAHA] (eigenvector centrality) ¥} Shannon NEZ Tof 7] %3] -3t
HELF AERT RS FEH 2P 59| L]z}t (foreign claims)of] HFERE
Z2d FUESa0) 488 B Ao £a dpdhs 08w ok 3,
YESIS dE=S AE AV welE Awuy, 207) F8 S
tieJ&Fike] 2009 o] % wl=mt P T WA =TS0 Hot HFH Aew
Gehts 5 22w ZgdEyac) A ozsh (nemational
diversification) =7} 2007-08 0 S897] o|& sty Aoz yElyth
oj2fgt M= Ealo|A AI¢tE UEYA AERT SO Z £ sftof|A
T Eedr Bae wde yEQD dERE AEs nguE E44
(eigenvector centrality) 0.2 XA E= FHUELT Fxof figt HEE
RO BN, FeUlEY A thsl S fIeh Hot WISl (acute) X327 E
T Ut A HojEth

A, ArG LA tzeket Ay HE At ATAIE A Ao, A=
Aol7t Q= AR pehdel. ofxlole} shepget Aot W olmelie} £5
A & ME=A=e 4 29 AEZT] (funding entropy) A|3EL} 2}
§ 7ol ) ApEAZL ZAstel 2414 tzbskel 2ol HEA ol
HE = Aor FAE v, YA IR A ol=Rt WA
Faaha] ghe AR Ueputc.
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