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Abstracts

This paper analyzes the degree of integration among 22 stock markets from Asia
Pacific, Europe, and America during period of 2000 — 2010. Unlike in previous
literatures in capital market integration study, the author uses minimum spanning tree
technique to measure the degree of integration of those samples simultaneously or on
multilateral basis (on a set of markets), instead of on bilateral basis (relationship
between one market to another). The technique enables author to observe the
dynamism of the degree of integration and provides graphical analysis. The findings
show that the degree of integration is volatile but tend to increase (markets become
more integrated). However, the stock markets integration is incomplete, market
segments based on geographic proximity are detected.
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1. Introduction
Financial market integration between two countries takes place when the countries let
capitals flow in and out freely; participants (investors) can buy and sell assets on both
markets. As a result, comparable assets traded on both markets would be at the same

price level and the comovements of returns exist.

European Union and their use of single currency (Euro), the forming of free trade area
such as ASEAN Free Trade Area (AFTA) that recently elaborated to ASEAN+China
Free Trade Area (AC-FTA), and North American Free Trade Agreement (NAFTA)
are examples of efforts made to ascertain integrated markets that expectedly fostering
intertrades and capital flow. However, as an impact of more integrated financial
market, a market shock in a market (country) may affect the others, and they were not
necessarily crises, even a bad news or negative signal indicated by a worsening
economic variable in a market might trigger negative comovements of stocks prices
or returns in different markets. The effect of high degree of integration among capital
markets has changed the way investors should price the risk in estimating stocks’
expected returns on a particular market. This is because there is covariance between
country-specific risk factors and common world factors such that they cannot just

relying on domestic and company’s fundamental information.

If markets were completely integrated there would be no differences in expected
returns and prices of assets at the same level of risk, regardless the market in which
the assets are traded. Whereas, in segmented market, a common world factors of risk
may have no explanatory power on the asset pricing model that used to estimate the
expected returns. The disequilibrium in risk pricing across segmented markets leads
to formation of internationally diversified portfolios. The portfolios are intended to
reduce country-specific systematic risks that domestically would never be reduced by
diversifying the holding assets. In segmented emerging capital markets that usually
characterized by significant excess returns during stable condition compared to those
in developed markets, would experience hot money (short-term) inflows from
developed markets investors. The high mobility of hot money would destabilize the
segmented market once negative signal exposed and raising the volatility (risk) of
assets returns even to the higher level. However, the growing regional economic

integrations, the formation of free trade areas (not only for labor and commodities, but



also capitals), markets liberalization, and economic policy harmonizations that
intensively took place in 1990s until recently have changed the degree of integration

among the world capital markets.

In previous researches of financial market integration, the degree of integration is
measured by bilateral-based measure rather than multilateral-based measure. The
former measure usually studies the relationship or comovements of returns between
two markets or one market to “world marketOthat represented by a synthetic
internationally diversified portfolio (world market index). The potential problem with
this measure in measuring the degree of integration of a market to the world is that the
world index may not represent the world preference. For example, investor who wants
to form an internationally diversified portfolio prefers maximizing her expected return
(while retaining her risk target) to minimizing the risk (while maintaining her
expected return target). She might put more weigh on emerging markets stocks that
offer relatively higher returns but with higher volatility than those on developed
markets in her portfolio. In this case, the world equally weighted index is not her
benchmark index. When cross-countries freer capital movements are realized, there
would be many international investors who not only come from developed markets
but also from emerging markets that both of them might have different risk
preferences. Thus, measuring the degree of market integration using bilateral-based

measure might be sensitive to how the world index is selected or formed.

This paper offers an alternative measure of the degree of integration using
multilateral-based measure that measures how stock markets in the world are
interrelated. There would be a single indicator that reflects how close are the markets
in forming a world markets network. Based on this measure, some research questions
would be addressed: Are the markets become more integrated? Are there market
clusters (market segmentation) or markets are fully integrated (no clusters)? How
strong is developed and emerging markets relationship and inter-regional

relationship? And at last, what are factors that drive the degree of integration?

The measure of degree of integration proposed in this paper is an application of graph

theory, especially minimum spanning tree (MST) method. I added a numerical graph



analysis to address questions of cluster or segmentation and proposed an indicator for

measuring stability (robustness) of relationship structure in MST graphs.

2. Literature Review
Studies on financial market integration have utilized various parametric and non-
parametric models to measure the degree of integration, but most of them relying on

bilateral relationship of the markets being studied.

Market integration measured in parametric model is stemmed from equilibrium model
such as Arbitrage Pricing Theory (APT), International-Capital Asset Pricing Model
(some literatures also named it as World Capital Asset Pricing Model) and or its
variations. For example, Mittoo (1992) found evidences of Canadian stock market
integration with US stock market using CAPM and APT frameworks. Bekaert and
Harvey (1995) proposed a measure of capital market integration arising from a
conditional regime-switching model. The model that they proposed is the
modification of World CAPM by allowing the model in the state where markets are
integrated or segmented. The model proposed by Bekaert and Harvey is a critic on the
use of World CAPM or any other asset pricing models in which the models are used
to test a joint hypotheses, but particular assumptions on whether markets are fully
integrated, semi-integrated, or segmented have to be set prior to draw a conclusion.
The rejection of the hypothesis in such models hence has multi-interpretation, i.e.
whether the rejection is caused by the use of one factor model (World CAPM is a one
factor model, where a world index represent a world market), market inefficiency, or

as a result of imposing full integration assumption.

Stemming from similar critic on the use of asset pricing model in this topic, Basak
(1996) developed a mean-variance intertemporal model to investigate the equilibrium
asset prices and allocation, the risk-free interest rate, and the intertemporal
consumption behavior and welfares of two countries, under circumstances of
segmentation or integration. He found that the equilibrium interest rate is increased on
integration, and that the integrating markets may be significantly welfare decreasing

for one of the countries.



Efforts have been made to develop an indicator of degree of integration. Korajczyk
(1996) developed time-varying market integration index (MII) as the extension of
World CAPM, followed by Levine and Zervos (1998) who makes some adjustment to
the pricing errors. The time-varying MII is recursively estimated from time series
rolling regression of World CAPM, Korajczyk defined the MII as the absolute value

of pricing errors (the intercept term) in the asset-pricing model.

More recent papers that used asset-pricing models as the base model to investigate
markets integration includes de Jong and de Roon (2005) who studied the diminishing
segmentation of emerging markets; and Lin (2005) and Chi, Li, and Young (2006) for

examining market integration in Asian markets.

Other bilateral parametric models used to investigate stock market integration include
Laurenceson (2003) who carried out the test under real interest parity (RIP) and
uncovered interest parity (UIP) frameworks and found that financial markets
integration among China and ASEAN-5 countries remains significantly incomplete;
Fauver, Houston, and Naranjo (2003) who included company diversification,
financial, legal, and regulatory environment as factors that explain the degree of
integration; and Clark, Zenaidi, and Trabelsi (2008) that investigate the impact of

currency crises and exchange rate regimes on capital market integration.

Vector Autoregression (VAR), Cointegration (ECM), VECM, and other multivariate
time series analysis are often used as tools to identify the relationship among markets
returns. However, the analysis resulted from those tools are still in bilateral mode; the
degree of integration is measured from analyzing pairs of stock markets relationship.
To name a few of papers that used those tools, following are the examples:
Bhatacharayya and Banerjee (2004) who used VECM and Granger Causality Tests;
Yang, Khan, and Pointer (2003) and Jeyanthi and Pandian (2008) who used
cointegration tests; and Ibrahim (2006) who used VAR model to study integration or

segmentation of Malaysian equity market.

The non-parametric measures in market integration study measure the degree of
integration based on comovements of returns or prices, and therefore coefficient of

correlation between a pair of markets is frequently used. Cross-correlation



coefficients then become the main indicator of integration. One of indicators of
markets integration is the presence of contagion effect that narrowly defined as a
significant increase in cross-market linkages after a shock to one country (or group of
countries). Forbes and Rigobon (2002) provides a detailed analysis of effect of the
volatility burst during a period of crisis on the robustness of conditional and
unconditional coefficient of correlation in detecting contagion effect and
interdependence between two stock markets. They argued that conditional cross-
correlation coefficient is subject to volatility bias; the coefficient would increase in
the period of high volatility (during a crisis or shock), and as a consequence may lead
to wrong conclusion that there is contagion effect during a crisis yet in fact it is just as
an effect of volatility burst (when the coefficient after a shock is as high as before the
shock, it is called interdependence relationship). The unconditional correlation thus
relatively less affected by the volatility and provides a better measure. However, the
conditional correlation still can be applied but with some adjustment that they

proposed.

Apart from the methods used in measuring the degree of integration, most studies
show that the capital markets in the world really become more integrated as results of
economic liberalization, monetary and market union, harmonization of regulation of
international trades for both goods and services, and also several crises or market

shocks.

The relationship between economic policies harmonization and the degree of capital
market integration has long been studied, see for example the study of financial
market integration in Europe by Altman (1965), Mandelson (1972), Forbes (1993),
Buch (2000), Oh (2003), Guiso, Jappelli, Padula, and Pagano (2004), Askari and
Chatterjee (2005), Birg and Lucey (2006), Christiansen (2007), Sifakis-Kapetanakis
(2007), Alhorr, Moore, and Payne (2008), Claudia (2008), and recently the study of
Kucerova (2009).

The rapid economic growth and regional economic harmonization in Asia also play
an important role in fostering emerging capital markets to be more integrated to major
developed capital markets. Study on emerging capital markets and or Asian capital

markets integration with developed capital markets are Laurenceson (2003), Yang,



Khan, and Pointer (2003), Lin (2005), Plummer and Click (2005), Genberg (2006),
Jing and Young (2006), Ibrahim (2006), Ying and Feng (2006), Hatemi and Morgan
(2007), Leijonhufvud (2007), Jeyanthi and Pandian (2008), Mukherjee and Bose
(2008), Purfield, Kramer, and Jobst (2008), Bensidoun and Unal (2009), Mahmood,
Wan Mansor and Dinniah (2009), Oh (2009), Raj and Dhal (2009).

Previous studies documented that there were significant increases in mobility of
capital after market liberalization and free trade area formation. The benefits and costs
of financial market integration in the perspective of countries initiating the process of
integration were outlined by Agénor (2003). Recent studies of capital market
integration benefits in the form of capital mobility, income convergence, and growth
opportunity are Abiad, Leigh and Mody (2009) that support the findings of Bekaert,
Harvey, Lundblad, and Siegel (2007).

3. Methodology

3.1. Minimum Spanning Tree

A tree is a set of acyclic edges that connect all nodes in the undirected graph. If the
number of nodes is N and the distance between node i and j is djj, then the number of
edges in the tree is N-1 and we can compute the total distance of edges that connect
all nodes as D. The number of possible trees from N nodes is NY2. In this paper, the
nodes represent stock exchanges with N=22, while the distance dj a transformed
measure of coefficient of correlation, p,+, between market returns of stock market i
and j. There are two coefficients of correlation that are used in this paper; (i)
conditional correlation, estimated from multivariate GARCH model (Diagonal BEKK
method) and (ii) unconditional correlation. The methods of correlation coefficient
estimation are discussed in the next section. At time t, the coefficient of correlation

pr 1s transformed to pseudo distance measure as follows:

Lo b2 = pg)f (1)

Since =1! !4y ! ! fori!j and pyy ! 1fori=j, and!, = !, the number of dj
needs to be estimated is only N(N-1)/2 since the matrix of distance as well as matrix

of correlation is a symmetric matrix where the distances or correlation coefficients are



lying on the off-diagonal of the matrix. The transformation fulfills the axiom of a
metric: (i) !y ! ! if i5) or if p - ! ! when il ; (ii) dy; ='dy and (i)

P b Do Dy

The aim of using spanning tree is to find tree that has the least total distance of edges
that connect all nodes. In the context of this paper, the objectives are how to describe
the strongest (closest) structure of relationship among stock markets and define the
degree of integration (strength of relationship) as D, the total distance of edges of the
tree. D; 1s the minimum total distance of edges of a tree observed at time t. By
observing D; over time (t=1, 2, 3,E T), we will be able to observe the dynamics of the
degree of integration among the stock markets. Since the number of stock markets
used in this paper is 22, there are approximately 7.054 x 10°° (22%°) possible trees
produced at time t and from that number of trees we have to find only one tree that

has the least Dy.

Fortunately, there is an efficient algorithm in which only requires a few steps of
iteration to find the least D; developed by Kruskal (1956) and known as minimum
spanning tregMST) algorithm or greedyalgorithm. Started by the graph of forest F
that graphs edges of all possible connections among nodes, the algorithm is stated as
follows:

sort the edges of F in increasing order by length

keep a subgraph S of F, initially empty

for each edge e in sorted order if the endpoints of e are disctathigcS

addeto S

return S

The iteration is stopped when all nodes in subgraph S are all connected by edge(s).
The MST algorithm is vastly available in many mathematical computer programs that
make the computation become faster and efficient'. The algorithm to find MST using
Kruskal’s method has been applied in many studies in economics or finance, for

example Hill (1999, 2001 and 2004) that used MST for comparing price indexes
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among countries, and Bonanno et al. (2001) who investigating the effect of time
horizon in cross-correlation coefficient estimation on the stability of hierarchical
structure of stocks returns relationship in NYSE using intraday data. But so far, MST
has not been used in investigating the degree of stock market integration, that makes

this paper is unique compare with other literatures in the field.

The MST offers advantages in measuring the degree of stock markets integration: (i)
Provides ability to assess the degree of integration of a set of stock markets
(multilateral/multivariate) simultaneously. Most of previous studies in this field
measure only bilateral degree of integration by utilizing parametric model (such as
International Capital Asset Pricing Model/I-CAPM) or non-parametric model
(conditional/unconditional cross-correlations). (ii) By observing D; over a period of
time, one can perform further analysis using parametric models to find factors
contributing to the dynamics of stock market integration in a lesser number of
parameters to be estimated, this shall make the models become more parsimonious.
(i11) Provides graphical analysis to identify the structure of relationship of stock
markets. The analysis shall provide answers to such questions as: Are there stock
markets clusters? Do the clusters attributable to regional area (geographical
proximity) or to stock market class (emerging versus developed stock market)? What
is the likelihood of connection or relationship? (For example, whether Asian stock
markets tend to have stronger returns comovements/correlations with other stock

markets within the region or with European stock markets).

To be able to utilize the latter MST advantage (graphical analysis), it is important to
understand the following properties of MST:
a. If the number of nodes is N, the number of acyclic edges (E) in MST is N-1

E! N—! )

The types of possible connection in a tree are presented in Figure 1 (a).
b. If nodes are associated with some attributes (i.e. region or market class), we
can group the nodes according to the attributes. But group in MST graph is

defined as at least two connected nodes with the same attribute. The maximum



number of edges (Egj, ) that connect nodes between the group g and g/ (non
group g nodes/g complementsjst be max(N, Ny), where Ng and Ny, is

number of nodes in group g and g/ respectively. See Figure 1 (b) for the

example.

Ei*y ! max!!! jIN) ©

c. If the number of groups in a tree is G (a sub-set of a group is treated as if it is a
group) and when members of each group form a tree within the group as in
Figure 1 (c), number of edges connecting all groups is G D1, and hence the

number of nodes in the tree, E, can be restated as:
I !Z!‘;Ng!! 1 4)

and the number of edges that form a sub tree of full connections within group

g, By, following (1) is NgB1, therefore (4) can also be stated as:
IO ININ Y (5)

However, if a pair of groups, let say group g and h is connected by more than
one edges (nodes in one or both groups do not form sub trees that all of its
edges connect with other nodes within the groups, in other words, the groups

may comprise of sub groups as in Figure 1 (d)), then
L =@y B 'L (G-t g=h (6)

where E/' is E™®* that has unique value from pairs of groups combination

formed by G groups.

Following is an example of the case of property (c) to illustrate equation (5) and (6).
If we have four groups (G=4) of let say g1, g2, g3and g4, in which has Ng nodes on
each group (the subscript denotes group name) and within the group the nodes form a
tree, then there are G P 1 edges that connect those four groups by one edge on each

pair of groups, this explains the last term (G D 1) on equation (5) and (6). The first



term in equation (5), qu 'y, is the sum of number of edges within each group.
However, if there are more than one edges that connect nodes between groups, then
we have six possible connections of nodes between groups (computed from the
formula of combination G!/2!(G-2)!), those pairs are g1z, th03, 04, 03, U4, and
930a.

On each pair, the maximum possible number of edges is defined in (3) and suppose
the number of nodes on each group is ordered such that N;>N2>>N3>N4, as the results,
only three unique E,®* are available, those are Efme¥ | EL# 1 [7# Ti#

I"max and ' "%* Moreover, the number of edges that connect all of these four groups
is at least three (G D1). In total, the number of edges in the MST would be as defined

in (5).

Figure 1
Hypothetical Spanning Tree
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(a) Connection types: star (white nodes) and chain (black nodes). Number of edges on each tree is equal to

number of node®1.

(b) Left: black nodes have full within groupsmection, white nodes do not form a group, the dashed lines
represent group to negroup connection. Right: Black and White nodes are not two different groups,

color is not a group attribute. Both left and right graphs show no-4igteup connection.

(c) White nodes, black nodes and grey nodes are three distinctive groups, the maximugnoiumsr
connections is equal to the number of grobds

(d) White nodes form full within group connection, while black nodes consist of twsesigroups.

Number of intergroups connections (stdroups are treated as if they separate groups) is equal to the

number of group® 1.



As one of objectives of this paper is to investigate the dynamic of the degree of
integration among the sample stock markets, MST algorithm was run for each

observation period during the period of analysis sample and then observed the D;.

In addition, graphical analysis was performed to find whether clusters were found and
the likelihood of connection or relationship between groups (based on class of stock
market or based on regional area) could be identified. As shown in the properties of
MST above, especially with regard to property (c), we cannot draw a conclusion
about the tendency or likelihood of relationship between a pair of groups only from
the frequency of edges that connect nodes in those two groups during the observation
period. This is because the number of nodes in each group determines the maximum
number of possible edges on each observation time. Using the frequency alone will
produce a bias measure when we try to compare it with the frequency of the other
pairs of groups’ connection, unless the number of nodes on each group is set to be
equal. To overcome this problem, I propose a measure of connection likelihood

(CLgn) between group g and h as follows:

et len

CLiy ! = (7)
L EL

where T is number of observation period. The value of ClLgy must be within a range of
zero to one, the higher the value, the more likely that group g and h have strong

relationship (in this case, strong comovements of returns).

In addition, the graphed structure of relationship in MST might be sensitive to the
method to determine the pseudo distance measure, D;. The structure of relationship is
identified by a list of edges connecting nodes produced by MST algorithm for each
observation at time t. Lists of edges are produced over the observation period T. I
denote!,, ! jif node i at time t is connected to node j. For each node, I count the
frequency of connection changes in T observations, I denote this by F; for node i. The

_ L-1y
average of frequency of connection changes for all nodes is simply ! ! ?}:}'"—1)" The

measure of MST structure stability Sis then defined by:



§= |HiN—ihir T (8)

whereF! =ZE=1A!!!L‘ , ! !!’! I 1 for Cin = Cny al’ld,AC”! ! 1f0r!l-,t * Ciing.

Equation (8) is similar to standard deviation formula, except that I put more weight on
nodes that are more frequently connected with different nodes. If the structures of
connection in the MSTs are stable, then we expect that S would be approaching to
zero. The value of S can be interpreted as percentage of changes in MST structure
relative to number of observations. For example, if T=100and S=0.1means that MST

structure has changed equivalent to 10 times in 100 observations.

3.2. CrossCorrelation Coefficient

Following the previous explanation, the degree of integration of a set of stock markets
i1s measured by a multivariate coefficient, which is the total length of acyclic arcs
connecting stock markets produced by MST algorithm. Before running the algorithm,
the matrix of correlation coefficients for all possible pairs of stock market returns
must be identified and then transform them into the pseudo distance measure as
defined in equation (1). There are two kinds of correlation coefficient we shall
consider, the first is conditional correlation coefficient and the second one is
unconditional correlation. These two correlation coefficients will be used to obtain
MST graphs, and then the two graphs will be compared with one to another to test
whether the relationship structure in MST graphs is sensitive to the way the pseudo
distance is measured. This step is performed considering the caveat proposed by
Forbes and Rigobon (2002) that the conditional correlation may be biased to volatility

burst during periods of crises.

The matrix of cross-correlation coefficients is estimated on each observation period
for the conditional one, and estimated on each rolling window with fixed window size

of 60 weeks (about one year) for the unconditional one.

Conditional correlation is obtained from conditional variance-covariance matrix,

which one-step ahead estimation based on any past information is thought relevant.



The conditional variance-covariance matrix is obtained by running multivariate

GARCH, Diagonal BEKK model as specified in the following equations.

The mean equations for the continuously compounding returns are regressed against a

constant and stated in vector form as follow:

! ©)

where R;, G, and U; is a column vector of N elements that represent markets returns,

column vector of constants where C, ! [c ylciy ... 1!l 1 yie]’, and column vector of

. . ! .
innovations on each market where ! | = [ul,! bt el N!t] respectively. Vector

U is assumed to be normally distributed with mean zero and covariance H;. The

, . A
market return of stock market i as element of R; is defines as!,, ! !"# (L)l so that

T

I O [P R B P o (v [

The conditional variance-covariance matrix H; is specified according to Engle and

Kroner (1995) Diagonal BEKK model:
Ho ! VQ +A Vi b0 (10)

where ! | A,and B are symmetric diagonal rank one matrices with NXN elements. The
terms in the right-hand-side of equation (10) are set in quadratic forms to ensure that
the conditional variance-covariance matrix H; is positive semidefinite (PSD).
Equation (10) yields the conditional variance of stock market i and the conditional
covariance between stock market i and j stated in equation (11) and (12) respectively.

P T 15 O B Y ey (11)

hy, ! lu + ! %j! gite—t oy Dl hyy _qty I (12)



where hi, ! v, &, and by is element of matrix ! , A, and B, the subscript i and j
represent the row and column for respective matrices. The conditional correlation

between stock market returns i and j, p; ; 18 then computed as

PV (13)

it

|
Vijn =

The coefficient matrices are obtained by maximizing the log likelihood equation |; as
follows:

LSO =S PH(H ) - (14)

where N is the number of mean equations which is equal to the number of stock

markets as sample in this paper.

The unconditional correlation coefficient between stock market i and |, !, is

estimated from historical data from tEB60 until t. The unconditional variance

covariance matrix at time t is defined as

YW Oizr e Oipyu
, I T N P ,
EJC ¢! p)@R =11 = ! I ! =E[1 T e (15)
Oy 11t Poy ! Oy i
Pie Py
. Py !
where y, ! ! L= ER!
Hi Py ]
By dividing g;jy by ! ;!in, we obtain the unconditional correlation matrix:
1 tew bopun
I
" ' 21l 1 ! Pr it
gt L) : | | (16)
! NI It P 2! 1

4. Data and Samples
Weekly stock market indices from the beginning of 2000 until the end of 2010 are
used as sample and are collected from Yahoo Finance. All stock market indices are
converted into US Dollars before computing the markets returns. There are 22 stock

markets comprise of both emerging and developed stock markets from three

! "



continents: Europe, Asia Pacific and America. All seven European stock markets are
categorized as developed stock market and members of European Union (except
Switzerland and Israel) and only United Kingdom that is EU member but not using
the Euro currency. Asia Pacific stock markets comprise of four developed stock
market and six emerging markets. Meanwhile, stock markets in America are
represented by five stock markets (two developed markets, and three emerging
markets). The representative indices and the statistical figures of those markets are

shown in Table 1.

The emerging markets are characterized by higher average returns compared with
those in developed markets, yet the risks are also higher. In addition, developed
markets tend to be more informationally efficient than the emerging ones, with Asian
developed stock markets are ones of the most efficient markets as shown by no
significant autocorrelations. The statistical figures indicate that there are still
distinctive characteristics between emerging and developed stock markets, as well as
different characteristics among regional markets. Therefore, suspicion on regional
clustering or segmentation based on market class (developed or emerging market) is

relevant to be further investigated.

The significant autocorrelations found in several stock markets indicate that the time
series of returns could be predicted by the past returns (AR). Therefore, mean
equations in equation (9) may be better estimated by adding AR terms. However, I
have tested equation (9) by adding AR terms and without AR terms and found that the
value of maximum likelihood function of model without AR terms is larger than the
other one. All markets returns time series are also stationary, both based on individual
unit root test (Augmented Dickey-Fuller and Phillips-Perron test) and panel unit root
test (Levin, Lin, and Chu t-statistic) that the null hypotheses (that time series have

unit root) are rejected at 1% level.



