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Abstract

Systems involving interactive actors such as food networks, scientific quotations, social networks, communications networks, the Internet and stock
exchange networks have long been studied by many researchers under the concept of complex systems. Such systems are represented by weighted
networks. The intensive connections and relationships between actors play a crucial role in forecasting or risk analysis. In this study; we propose a new
approach to measure the hierarchical structure of the globally active stock market network. In this approach we propose, the relationship of 21 different
world stock exchange markets to each other is determined by Pearson's correlations. Relevant stock network is based on a certain threshold value. At the
same time, a new topological measure is used to characterize the interaction of the nodes of the graphical communities of the stock market, and this
measure is examined for the time periods of 2008 global economic crisis.
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BORSA AGLARININ TOPLULUKLARI ICiN YENI BiR TOPOLOJIiK OLCUM

0z

Gida aglari, bilimsel alintilar, sosyal aglar, haberlesme aglari, Internet ve borsa aglart gibi interaktif aktdrleri iceren sistemler, karmasik sistemlerin
icerigi kapsami altinda pek ¢ok arastirmaci tarafindan incelenmistir. Bu tiir sistemler agirhkli aglar tarafindan temsil edilir. Aktérler arasindaki yogun
baglantilar ve iliskiler, tahmin veya risk analizinde 6nemli bir rol oynamaktadir. Bu ¢calismada, aktif kiiresel borsa aginin hiyerarsik yapisini 6lcmek igin
yeni bir yaklasim énerilmistir. Onerdigimiz bu yaklastmda, 21 farkh diinya borsa piyasalarinin birbirleriyle iliskisi Pearson iliskileri tarafindan
belirlenmektedir. Ilgili hisse senedi agi belli bir esik degerine dayanmaktadir. Ayni zamanda, borsa graf topluluklarinin tepelerinin etkilesimini
karakterize etmek icin yeni bir topolojik olgiim kullanilmaktadir ve bu élgti 2008 yili kiiresel ekonomik krizin zaman dilimleri icin incelenmektedir.
Anahtar Kelimeler: Korelasyon Aglari, Ag Yapilandirmasi, Minimum Geren Agac, Topolojik Ol¢iim

1 Introduction the data [7], the relationship between inevitability and
As individuals, we are a unit of different types of social flexibility in evolution [14], and the criticality [17].
networks and biochemical reactions as biological systems. In this study, we analyze the correlation network of globally
Networks can be nested objects in the Euclidean space, such as operating stock exchange markets through the 2008 global
electric power grids, the Internet, highways, public transport economic crisis. To study granular structure of the networks,
systems and artificial neural networks, or they can be described we focus our method to the Minimum Spanning Tree (MST)
as the structure of acquaintance or partnership between structures in the clusters of vertices. To construct the graph
individuals in an abstract space as complex systems. Complex representation of the network, we determine edges by the
systems are natural or social systems involving many nonlinear correlation distance based on Pearson Correlation Coefficient
associative actors. The necessity of making sense of the of the logarithmic returns of the closure prices. Beside the well-
phenomena in these systems has led many researchers to use known topological measures of MSTs, we propose a new
the new models and use the complex system tools used in other topological measure based on the vertices in MST. In Section 2,
branches. The most interesting feature of these systems is the we give basic definitions and theorems on graph theory. In
existence of phenomena that cannot be obtained in a simple Section 3, we present the methods we used. For the vertex
way or that cannot be clearly predicted from the structure of clusters, we used graph communities with high modularity
the system and from the individual interaction of the actors. method. The details of the new topological measure we present
Mathematical methods have shown that complex systems are are studied with certain bounds. The data and the network
effective in proving the existence of coexistence features such construction method are also presented in Section 3. In Section
as noisy sampling effects, long-term relationships, determinism 4, we present detailed results that we obtain and in Section 5
and flexibility in data evolution, scalability, and criticality we give the discussion.
[13,21]. 2 Preliminaries
Graph theory emerges as a powerful mathematical tool to In this section, we give some preliminary definitions and
represent complex systems. Graph theoretical approaches are theorems for the graphs. More details can be found in [5,11,25].
efficient to determine several characteristics of the complex

° ; TR Graphs are the representation of a relation defined on discrete
systems such as the long-term relationships [24], the noise in set of objects. A graph G is denoted by the tuple G = (V, E)

where V = {vy, ..., v} is the set of vertices and E is the set of

104


https://orcid.org/0000-0002-7061-2534
https://orcid.org/0000-0003-1444-6583
https://orcid.org/0000-0003-1465-7153

Omer/lkg[iller, Sinem Ocal, Mehmet Ali Balci
Mugla Journal of Science and Technology, Vol 3, No 2, 2017, Pages 104-109

edges with the elements e, = (vi, vj). Throughout this study,
we only consider finite simple and undirected graphs which
means we assume |V| = n, the relation is symmetric, there is no
ey € E such that e, = (v;, vy).

An ordered sequence of the vertices and edges
Vg, €1, V1, -, Un_1€xVpis called a walk, and the number of the
edges in a walk is the length of that walk. If the vertices and
edges of a walk are all distinct, then we this walk is called path.
If there is at least one path between all vertices in a graph, then
G is called a connected graph. If a path has the same vertex at
the endpoints, this path is called a cycle. The cycle with
minimum number of edges is called girth of a graph.

The degree of a vertex is the number of the adjacent vertices to
that vertex and we denote it by deg(v;). If deg(v;) = 0, then v;
is called an isolated vertex. If deg(v;) =N — 1 for all v; € V,
then G = (V,E) is called complete graph.
For V' cV and E' c E, the graph G' = (V',E') is called a
subgraph of G = (V,E). If V = V', then G’ is called a spanning
graph of G. A spanning tree with minimum edge weights is
called minimum spanning tree (MST).
From the linear algebraic point of view, a graph G = (V,E) can
be represented with some matrices. A matrix A = [a;;] whose
entities are
ai':{l B if(Ui,Uj) EE
g 0 otherwise

called the adjacency matrix of G. The diagonal matrix D; =
diag[deg(v;)] is called the degree matrix of G. The matrix

L =Dg — Ag
is called the Laplacian matrix of G.
The spectrum of L; tells us some structural characterizations of
G as stated in the following theorems.
Theorem 2.1[8]Let L; be the Laplacian matrix of G. The k
multiplicity of the 0 eigenvalue of L is equal to the number of
components of G.
Theorem 2.2 [8]Let L; be the Laplacian matrix of G. Let
A1,43, ..., An_, be the non-zero eigenvalues of L;. Then, the
number of distinct spanning trees of G is equal to

1 n-1
£(G) = —nai.
n

i=1

3 Method

In this section, we present the method we use to analyze
hierarchical structures of the communities of the stock market
network of globally operating stock markets.

Graph communities are the cluster of vertices which are
connected densely. There are several methods to determine the
community structure of a network. These methods can be
summarized as Minimum-cut method [18, 19], Hierarchical
clustering [16], Girvan-Newman algorithm [20], High
modularity [1], and Clique based methods [9,10].

In this study, we use the high modularity method to determine
graph communities. High modularity is a maximization
problem respect to

1
lii,vl‘

modularity of the edges in a graph. This maximization problem
is solved via the linear programming method proposed in [1].

3.1 Topological Measures

For the characterization of the MSTs in stock market networks,
several topological measures are proposed. For the sake of

_ deg(vi)deg(v))

> )sisj,form=|E|
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simplicity, we denote vertices with their indices in the rest of
the paper.

The mean correlation measure based on N X N correlation
distance matrix D = [d;;] is defined as

, MW
LMCMz—N(N_l)Z Z dyj,

i=1 j=i+1
where N is the number of nodes in MST.

Another measure to study the property in the MST is
normalized tree length is defined as

1
Ly, = N—1 Z dij:

dijeQ
where () is the set of edges, and N — 1 denotes the number of
edges present in the MST [15,23].

Characteristic path length is used to quantify the average
minimal route between pairs of nodes. For an unweighted MST
it is defined by

1
Lep, = mz Lij,

i,j:i#j
where [;; is the number of edges in the shortest path between
nodes i and j [6].
The mean occupation layer is the measurement of the change in
the density of the MST. With the central node v, whose level is
taken as zero, the mean occupation layer is defined as

N
1
LyoL = NZ lev(v;),
i=

where lev(v;) denotes the level of node v; with respect to v,
[22].
These measures are mainly depended on the edge weights.
Beside the edge weight based measures, it is also possible to
measure topological structure of MSTs with a method
depended on the vertices:
Definition 3.1 The solitude number of a graph G = (V,E) is
defined as
YN SN iso(G
S(G) — i=14j=1 ( )’

2M
where |V| = N, |E| = M, and iso(G) is the number of isolated
vertices at the subgraph ¢’ = (V — {i,j}, E").
The definition of the solitude number of a graph first proposed
in [12] and several bounds for the different graph classes are
studied.
In this study, we determine lower and upper bounds for the
MSTs:
Lemma 3.2 Let G = (V, E) be the graph with girth g < 10. Then
there exists a spanning tree with at least fg;_ZZ(N —-2)+2
leaves. Besides, the number of leaves cannot exceed 1—76N + %
For the proof of Lemma 3.2 and detailed discussion we refer

readers to [4].

Theorem 3.3 Let G' = (V, E") be the MST of a graph ¢ = (V,E)
with girth g < 10. Then

g—2 , 7 1

N -2 2< <—N+-

2g—2( )+ _S(G)_16 +2
Proof.In MSTs, the solitude number is directly equal to the
number of leaves. That is, when the junction vertex removed,

we directly add S(G") with 21—1:4 up, where [; is the number of

leaves adjacent to the junction i. Hence the bounds are directly
obtained by using Lemma 3.2. This concludes the proof. o
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3.2 Data and Network Construction

In this study, a financial network of globally operating stock
markets are modelled by a simple undirected graph G = (V, E),
where V is the set of stock markets and E are the edges
determined by the Pearson Correlation amongst the markets of
Holland (AEX), All Ordinaries (AORD), Austria (ATX), Belgium
(BFX), India (BSESN), Brazil (BVSP), France (FCHI), Germany
(GDAXTI), USA (GSPC) and(GSPTSE), Hong Kong (HIS), Indonesia
(JKSE), Malaysia  (KLSE), South  Korea  (KS11),
Argentina(MERV), Mexica (MXX), Japan (N225), New Zeeland
(NZ50), Spain (SMSI), Singapore (STI), and Taiwan (TWII).
The data we used is obtained from the daily logarithmic return
of the closure price of each market between the dates from
01.01.2005 to 31.12.2014 as including the global economic
crisis. To show the efficiency, we divide scale of our analysis
into three subintervals of pre-crisis 01.01.2005-31.12.2007,
crisis 01.01.2008-31.12.2011, and post-crisis 01.01.2012-
31.12.2014.
For the daily closure price Cl; of the i-th stock exchange market,
the daily logarithmic return R; is calculated as

R; =logCl;y; —logCl;.
The relation between the logarithmic return of the closure
prices can be determined by the Pearson Correlation
Coefficient

<RiR;>—-<R; ><R; >

Pij =

<R?>—<R;>2)(<R?>—-<R; >
i ] J

where <..> is a temporal average performed on the trading
days. It is well known that p;; varies between —1 and 1, that is,
pij = —lindicates the maximum negative correlation while
pij = 1 indicates the maximum positive correlation. To avoid
negative weights on edges, we introduce a distance based on p;;

by dCorr(i!j) = 2(1 B pij)/z-

Since p;; varies between —1 and 1, it is straightforward to see
that d o (i, j) varies 0 and 1.

For the network construction, we follow the threshold method
for correlation networks presented in [2,3].

With the empirically chosen threshold value ThV, we form
edges by following the formation rule
(iL.J) € Eiff deorr(i,)) < ThV.

Initially we start by a complete graph by choosing ThV = 1.
Then, we decrease ThV by 1/h, and repeat the formation rule.
At certain point between 0 and 1, there is a ThV such that graph
becomes with two components. That is, we choose the
empirical threshold value which makes graph with one
component and optimally many edges. To control the number
of connected components we use Theorem 2.1. For the
computational complexity, we refer [3] and for the disparity
measure of the networks constructed via this threshold value,
we refer [2].

In Figures 1-3, we present the matrices of d¢,,, values of pre-
crisis, crisis, and post-crisis periods with vertices numbered as
the alphabetical order of stock exchange market tickers. Ticks
in the each axes represents the vertex number.
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Figure 1. The matrix of d¢,,, values in pre-crisis period
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0.37
019
0
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Figure 2. The matrix of d¢,,, values in crisis period
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0.55
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0.18
0
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Figure 3. The matrix of d ¢, values in post-crisis period.

4 Results
E For h = 10000, the threshold values are obtained as 0.6971
for pre-crisis period, 0.6933 for crisis period, and 0.6939 for
post-crisis period. Resulting networks and community
structures on them are presented in Figures 4-6.
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Figure 4. The resulting network in pre-crisis period. The graph
communities are represented with different colors.
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Figure 5. The resulting network in crisis period. The graph
communities are represented with different colors.
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Figure 6. The resulting network in post-crisis period. The graph
communities are represented with different colors.

In the pre-crisis period the network has 4 communities, in the
crisis period the network has 5 communities and in the post-
crisis period the network has 6 communities.

To determine hierarchical structure in communities, we
construct complete graphs with edge lengths determined by
dcorr- The MSTs in each community represent the hierarchies.
In Figures 7-9, we represent MSTs in each community.
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Figure 7. MSTs of communities in pre-crisis period
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Figure 8. MSTs of communities in crisis period
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Structural changes in the hierarchies in communities can be
seen in the figures. However, these structural changes are not
enough to characterize the impacts of the global economic
crisis. Therefore, the computational results of the topological
measures are presented in Table 1-3.

Table 1. Topological measures for pre-crisis period

Communities
Measure 1 2 3 4 Mean
Lycem 0.22 | 0.23 | 0.23 | 0.46 | 0.286
LytL 137 | 138 | 1.37 | 1.38 | 1.375
Lepr 192 | 3.76 | 5.56 | 288 | 10.01
S(GH 093 | 0.8 093 |1 0.916

Table 2. Topological measures for crisis period

Communities
Measure | 1 2 3 4 5 Mean
Lycm 0.23 0.27 | 0.34 | 046 | 0.46 0.352
Lyt 1.37 137 | 137 | 1.37 | 1.38 1.373
Lep 1.92 439 | 848 | 178 | 18.62 | 10.24
S(Gh 0933 |1 1 1 1 0.986

Table 3. Topological measures for post-crisis period

Communities

Measure | 1 2 3 4 5 6 Mean

MERV
o

Lycw | 027 | 027 | 0.34 | 0.46 | 0.69 | 0.69 | 0.45

SMSI
"]

Lyr, | 137 | 138 | 1.37 | 1.38 | 1.39 | 1.38 | 1.378

Lepr 1.57 | 3.07 | 6.28 | 13.4 | 40.1 | 41.2 | 17.7

S@GH |1 09 |1 1 0 0 0.65

STI

@ % %
GSFTSE A
o o o

GDAXI BVSP
o o

BFX
o

SMSI
o

Figure 9. MSTs of communities in post-crisis period
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5 Discussion

Correlation network of stock exchange markets emerge as a
powerful concept to study financial actors. In this study, the
relationship of 21 different world stock exchange markets to
each other is determined by Pearson's correlations. Then, we
analyze hierarchies in the communities of each network
through pre-crisis to post-crisis periods.

The economic crisis that took place in 2008 has caused
radical changes in country behavior. The relationship
between the country's stock exchanges is changing with the
crisis period. For example; The ATX Austrian stock
exchange is in direct contact with three stock exchanges,
namely GDAXI, HSI and KLSE stock exchanges, and
indirectly AEX, NZ50 stock exchanges. During the crisis
period, ATX is in direct contact with the GDAXI and is
indirectly involved with the GSPTSE and the KLSE stock
exchanges, in total, with 3 exchanges. In the post-crisis
period, it is only in involved with SMSI stock exchange.
Therefore, Austria is among the countries most affected by
the crisis.

The topological changes during the crisis are also studied in
this paper. Beside the edge based measures such as Lycuy,
Lytr, Lepr, the new measure we present in this paper has a
significant change in post-crisis era to indicate the structural
changes in the communities. Hence, we may conclude that
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the solitude measure is an efficient tool to characterize
topological changes.
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