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Abstract

The paper examines the volatility spillover and connectedness between Asia-Pacific, US, UK, and
eurozone stock markets. A spillover index is built using forecast error variance decomposition in a
vector autoregression framework and the spillover index is used to build network diagrams. It shows
evidence of how the increase in risk fransfer (volatility spillover) between the markets led to the global
financial crisis and of the higher level of connectedness since. The time variations in spillover are
aligned with recognizable international events. Network diagrams show the direction and strength
of the connectedness. The Chinese market appears to be the most insulated, while the South Korean,
Hong Kong, and Singapore stock markets dominate in ferms of risk transfer. The US, UK, EU, Singapore
and Hong Kong are the top five volatility spillover recipient markets, both during pre and post global
financial crisis periods. We find the market size to be irrelevant in the determination of the level of
connectedness, whereas the role of geographical proximity cannot be ruled out. The findings are
relevant to multinational investment strategies and in understanding the relative risk of investment in
the Asia-Pacific region.

Keywords: Connectedness; European Debt Cirisis; Global Financial Crisis; Network Diagrams
Volatility Spillover Index.

1. Introduction

One of the questions at the centre of contemporary financial research is how markets influence
each other. Connectedness in terms of risk and return has been a popular research topic, since
news that affects one country's stock prices can potentially change the fundamentals of another
counftry, causing fluctuations in its stock prices. Consequently, infermarket connectedness not only
affects the decisions of individual agents (e.g., portfolio management) but also contributes to
systemic risk. The impact of market connectedness was evident during the 2008 global financial
crisis and the European debt crisis (EDC). Under the wake-up call hypothesis, a financial shock or
crisis in one financial market acts as a wake-up call to investors in another market, and these
investors then reassess and acquire information about local market fundamentals (Forbes, 2012).
Such reappraisals of risk spread the crisis from one market to another. Understanding the directional
connectedness and network strength of financial markets influences the portfolio management
decisions of international funds. The value of such knowledge is becoming increasingly critical in
portfolio management, since there is increasing regulatory and fundamental convergence across
financial markets, driving out the diversification potential for investors (Forbes & Rigobon, 2002;
Markwat et al., 2009; Aloui et al., 2011). Estimation of the strength of the network of markets helps
policymakers understand the spillover of a crisis in the event of a frigger in one country. A
comprehensive network-based study of multiple markets can discern the risk involved in investing
in that country in times of impending crisis.
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The present study uses a generalized vector autoregression (VAR) methodology and the variance
decomposition matrix of Diebold and Yimaz (2012, 2014, 2016) to understand the directional
connectedness of markets. Diebold and Yilmaz's methodology measures the volatility spillover
between the countries, and it does not distinguish between contagion and intferdependence. This
feature is useful when a policymaker wants to know what country (or group of countries) is more
vulnerable to the volatility spillover from another country. We show network diagrams indicating the
relative strength and direction of spillover between countries. The findings are relevant to
multinational investment strategies and help in understanding the relative risk of investment in
strategically important groups of markets.

Since most of the decision areas affected by market connectedness are related to risk
management, this study looks at the network from a volatility spillover or risk transfer perspective. It
examines the network dynamics of a group of stock markets from the Asia-Pacific region, along
with the US, UK, and eurozone markets, during the period from 2000 to 2019. We examine the degree
of volatility spillover between the US, UK, EU, and Asia-Pacific markets and how likely the Asia-Pacific
markets are to be affected by an emerging crisis in the developed markets. The 2008 global
financial crisis is in the middle of the period of study, and we assess how network strength changed,
leading to the crisis, and its status after the crisis. We also examine the fime-varying volatility spillover
levels during the entire period covering the European debt crisis. Related questions undertaken in
our study concerned the spillover bursts during crisis periods, the importance of market size in
volatility spillover across markets and whether geographical proximity plays a role in risk fransfer
(Rejeb & Boughrara, 2015). The importance of the present study lies in unearthing the relative risk of
investment in Asia-Pacific stock markets and identifying the Asia-Pacific markets that have
higher/lower directional spillover and higher/lower risk in case of an impending crisis.

The Asia-Pacific region represents a group of emerging and developed financial markets with
established financial instruments, regulatory and legal frameworks, market infrastructure, and a
critical mass of market participants. In the Asia-Pacific region, most of the stock markets are in open
economies (e.g., Hong Kong, Taiwan, Shanghai, and Korea), which rely very much on external
frade, their largest markets being the United States, the United Kingdom, and the European Union
(EU). It is possible that their individual comovement with the US and EU markets causes
connectedness between these Asia-Pacific stock markets, US and EU markets. The study would thus
be incomplete if EU and US market data were not a part of the sample.

The remainder of the paper is organized as follows. Section 2 briefly reviews the literature. Section 3
describes the data, followed by an elaboration of the methodology. Section 4 presents data
analysis, results, and findings. Section 5 concludes the paper.

2. Lliterature Review

The terms connectedness, contagion, and spillover are widely used in financial market research.
While Engle et al. (1990) focused on causality in the variance between markets for volatility spillover,
Forbes and Rigobon (2002) used contagion to understand the cross-market linkages after a shock.
While all of the terms indicate the fransmission of shocks unexplained by fundamentals or
comovement, Bilio and Pelizzon (2003) provide a concise discussion of the terms, their
measurements, along with restrictions on their definitions. Research on volatfility spillover possibly
originated in response to the October 1987 crisis in the United States that spread across markets.
Researchers have provided evidence that the volatility of one country leads to fluctuations in prices
in other countries. The source and destination can be developed or emerging nations.

Voldatility spillover is explained by information fransmission theory (Ross, 1989), which in turn helps us
in deciphering how price and voldfility affect information flow and the efficiency of the stock
markets. While explaining similar time-varying volatility across international stock markets, Engle and
Susmel (1993) argued for the presence of regional factors with time-varying variance. Longin and
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Solnik (1995) noted that the conditional correlation between the monthly returns of international
stock markets is not constant, it had increased between 1960 and 1990, and it is higher when the
stock markets experience high volatility. Other inspiring works on contagion and volatility spillover
include those of Kearney (2000), Ling and McAleer (2003), Cappiello et al. (2006), Diebold and
Yilmaz (2009, 2012, 2014, 2016), Silvennoinen and Terasvirta (2009), Conrad and Karanasos (2010),
and Bauwens et al. (2013) and references therein. Anastasopoulos (2018) showed that both the
Greek debt crisis and the effects of the yuan devaluation produced contagion effects.

The preferred methodology of early researchers involved variations of the generalized
autoregressive conditional heteroskedasticity (GARCH) model. Alper and Yilmaz (2004) evidenced
volaftility spillover from countries with active financial centres to the Istanbul Stock Exchange during
the Asian financial crisis. Supporting the use of the MGARCH model for spillover studies, Bauwens et
al. (2006) noted the model's efficiency in capturing transmission through a conditional variance or
conditional covariance, while Allen et al. (2013) calculated conditional correlations and spillover
using multivariate GARCH to capture the spillover effects from China to different markets in the
Pacific Basin area during the financial crisis from 2007 to 2008. Using the asymmetric multivariate
GARCH model proposed by Engle and Kroner (1995) and extended by Kroner and Ng (1998), Liand
Giles (2015) evidenced unidirectional shock and volatility spillover from the US market to China,
India, Japan, Malaysia, Indonesia, the Philippines, and Thailand in general, but a more robust,
bidirectional relationship during the Asian financial crisis. Hemche et al. (2016) used a DCC-
MGARCH model to show that the correlation between the US and other developed and emerging
markets increased during the subprime crisis and the European sovereign debt crisis in 2009-10.

In parallel to studies using the GARCH methodology fo study connectedness, Gallo & Ofranto,
(2008) used regime-switching volatility, spillover models. Dungey and Gadjurel (2014) relied on a
latent factor model to detect and measure the extent of contagion effects from the United States
to other developed and emerging nations that explains a large portion of the variance in both
these markets. Nomikos and Salvador (2014) studied volatility transmission patterns by using a
Markov bivariate BEKK model, while Otranto (2015) observed spillover between the United States,
Japan, the eurozone, and Hong Kong using a multiplicative error model that decomposes part of
the mean voldtility into a spillover-measuring component that can be appropriately studied and
interpreted. Using variance decompositions from VAR, Guimardes-Filho, and Hong (2016) examined
the time-varying characteristics of their measure and the connectedness between China's equity
markets and other major equity markets. They found significant spillover from China to both
developed and emerging markets. However, BenSaida et al. (2018) noted that the above-
mentioned studies focus on two countries at a time (bivariate) and hence lack multi-country
connectedness dynamics. The authors used a Markov switching VAR model to show that spillover
increases during crises.

The maijority of prior research in spillover and connectedness has applied multivariate GARCH,
regime-switching, and stochastic volatility models. However, the finance community has noted a
departure from the inclination to use these methods, with Diebold and Yilmaz (2009) providing an
index measure of returns and volatility spillover based on forecast error variance decomposition
within a VAR framework. Using this methodology, Diebold and Yimaz (2011) evidenced widely
varied levels of spillover in both risk and returns between Argentina, Brazil, Chile, Mexico, and the
United States, while Yilmaz (2010) evidenced return and volatility spillover among major Asian
counftries. Diebold and Yilmaz (2012) upgraded their 2009 method, making the error variance
decomposition order invariant and using this newer model to provide evidence of limited cross-
market spillover between US stocks, bonds, foreign exchanges, and commodity markets until the
subprime crisis, and a significant increase in volatility after the collapse of Lehman Brothers. Tsai
(2014) used Diebold and Yimaz's (2012) approach to show that information transmission between
five developed stock markets - the United States, the United Kingdom, Japan, France, and
Germany - increased significantly after 1998, with the US stock market showing positive net spillover
before 1997, during the dof-com bubble, and during the subprime crisis. Building connectedness
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measures from this variance decomposition, Diebold and Yiimaz (2016) evidenced unidirectional
spillover from the United States to Europe from 2007 to 2008. However, they showed that this
connectedness became bidirectional starting in late 2008. The authors also reported that, as the
condifion of financial institutions in Europe dwindled, spillover from European to US financial
institutions increased in June 2011. Demirer et al. (2018) reported that banking stock connectedness
increases during crises, with cross-country linkages providing more fluctuations than within-country
bank linkages. Caloia et al. (2018) built on Diebold and Yimaz's (2012) model. They used a
multivariate extension of the heterogeneous autoregressive model to show asymmetric risk
transmission between Germany, France, the Netherlands, Italy, and Spain. Barunik et al. (2016)
modified the Diebold-Yiimaz (2012) model to consider and differentiate between volatilities from
positive and negative changes in prices. They then reported that connectedness across sectors is
asymmetric and of different strengths. Xu et al. (2018) used a multiplicative error model based on
that of Diebold and Yilmaz (2009) to report high intferdependency across equity markets in terms of
volatility and illiquidity, with increased interdependency increased during the global financial crisis.

Complex network diagrams are used to characterize the structure of the linkages in a financial
system. Nobi et al. (2014) showed structural changes in a network diagram of the correlations
between stock market prices and attributed them to the global crisis, while Zhao et al. (2016)
provided for the dynamic evolution of stock markets in crises. Wang et al. (2018) proposed a
correlation-based network to analyse the correlation structure and evolution of world stock
markets. They argued that the connectedness between two stock markets is significantly affected
by other markets and that, during the subprime crisis, the stock markets were highly correlated with
the quick transmission of information. Bhattacharjee et al. (2019), using network theory, explored
the connectedness of between 14 Asian capital markets and showed the influence of the 2008
financial crisis on the connectivity and clustering patterns in the network of Asian indexes.

In the context of the Asia-Pacific markets, empirical work on the relationship between stock markets
have provided varied evidence. Asia Pacific region has some of the most important equity markets
in the world, both in terms of market capitalization and traded volume (Ferris et al. 2007). However,
the role of the US equity market as a source of volatility Spillover or a volatility contributor to Asia
Pacific markets has been demonstrated in Liv and Pan (1997), Alaganar and Bhar (2002), Cheng
and Glascock (2006) and Kolluri et al. (2014). Johnson and Soenen (2002) advocate a substantial
degree of interaction between the Japanese stock market and those in New Zealand, Hong Kong,
China and Australia. They concluded that rising export and FDI flow from Japan are the key
contributors to this relation. Alaganar and Bhar (2002) reveal that fluctuations in US equities have a
significant effect on both the return and the volatility of the Australian equity market. There have
been varying reports of the integration of the Chinese stock market with other markets. Johansson
and Ljungwall (2009) illustrate that the Chinese stock market volatility has had a short-term effect
due to Spillover from Hong Kong and Taiwan, while Mitra and lyer (2016) demonstrate that the
Chinese stock market is the least integrated share market in the Asia Pacific. Abidin et al. (2014)
advocated the connectedness between the Chinese, Australian, Hong Kong and New Zealand
stock markets, while stressing on the emerging connectedness between Australia and the Chinese
equity markets. Spillover effects from China on different Asia Pacific markets are recorded by Allen
et al. (2013) and Ahmed and Huo (2019), while Guimardes-Filho and Hong (2016) note that China
has increasingly become a net "giver" of spillover volatility in the Asia Pacific region. Li and Giles
(2015) and Bissoondoyal-Bheenick et al. (2018) have shown a one-way volatility spillover from the
US market to China. Allen et al. (2017) studied the volatility spillover between Australia, China,
Japan, Korea and the United States during 2004-2014. They noted that China (includes Hong Kong)
and US markets have the greatest influence on the Australiaon market. Bissoondoyal-Bheenick et al.
(2018) report an insignificant volatility spillover in selected sectors from the Australian to the Chinese
stock markets. This study reassesses the importance of the Chinese stock market in terms of its
connectedness with other markets.
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The literature review summarizes and points towards changes in the magnitude and direction of
the connectedness across markets. We augment the literature while building complex network
diagrams within a quantifiable framework based on the work of Diebold and Yiimaz (2012) to show
how connectedness changed as the markets approached the subprime crisis and to compare
their connectedness during the pre- and post-subprime crisis periods. Given China's different market
microstructure, we explore how China differs from its neighbours.

3. Data and Methodology

We consider the daily data from April 2000 to April 2019 on 11 stock market indexes from the Asia-
Pacific region: All Ordinaries index (AORD) in Australia, Hang Seng index (HSI) in Hong Kong, Nikkei
index (NIKKEI) in Japan, Straits Times Index (STl) in Singapore, SSE Composite Index (SSE) in China,
NIFTY 50 index (NIFTY) in India, Jakarta Stock Exchange Composite index (JKSE) in Indonesia, Korea
Composite index (KOSPI) in South Korea, Bursa Malaysia KLCI Index (KLSE) in Malaysia, Philippine Stock
Exchange index (PSEl) in the Philippines and Taiwan Weighted index (TWII) in Taiwan. The data are
obtained from the Thomson Reuters database. Lehman Brothers filed for bankruptcy on 15
September 2007. We consider this event like the announcement of the subprime crisis, and the date
is considered for the sample split. Thus, the period from 03 April 2000 to 15 September 2007 is
considered as pre subprime crisis period leading to the subprime crisis while 16 September 2007 to 03
April 2019 is considered as post subprime crisis period. Many countries with an open economy
considered above (e.g., Hong Kong, Taiwan, Shanghai, and Korea) rely on external trade, especially
with the United States and the eurozone. Their comovement can cause the spillover between these
Asia-Pacific stock markets and US and EU markets. To gain a comprehensive and unified idea of the
connectedness between these markets, we include the following stock market indexes in the study:
the Dow Jones Industrial Average (DJI) for the United States, the Financial Times Stock Exchange
(FTSE) 100 for the United Kingdom, and the EURO STOXX 50 Index for the eurozone. The returns from
these markets are the logarithmic differences of the indexes. Following empirical literature (Diebold
& Yilimaz, 2012, and references therein), the daily variance for market i on day t is estimated as
&7 =0.361[In(M™) - In(MI™)*, where M™ is the maximum (high) price in the market i on day t and
M™m is the daily minimum (low) price. The estimate of the annualized daily volatility is

&, =100,/365x 5 .

We develop the spillover index, as suggested by Diebold and Yimaz (2014). This index is an
improvement over their 2009 spillover index since it not only avoids the sensitivity of the forecast error
variance decomposition on the ordering of the variables in the VAR framework but also considers
correlated shocks. For each Asia-Pacific stock market i, we consider the forecast error variances to
be from two sources—the fraction of H-step-ahead error variance in forecasting xi that is due to
shocks to x;, fori =1, 2, ..., N, and spillover as a fraction of the H-step-ahead error variance in
forecasting xi that is due to shocks to x;, fori, j=1,2,...,N, where Vj=i.The spilloverindexis obtained

as the sum of all the non-diagonal elements in the forecast error variance matrix.

We model Asia-Pacific stock market returns (or volatility) as a covariance stationary N-variable

P
VAR(p) framework represented by x, =Z(Dixt—l+81 where ¢, is a vector of independently and

i=l1
identically distributed disturbances with zero mean and covariance matrix %,. As a tool for variance
decomposition analysis, we represent the above VAR (p) framework in the moving average (MA)

process as x, =Z®isH , where @, is the NxN matrix of MA coefficients that conforms to the
i=0

following recursion: ©,=®,0, , +®,0, ,+..+® 0, , with ®, an NxN identity matrix and @, =0 for
Vi<O0.

116



A NETWORK ANALYSIS OF THE ASIA-PACIFIC AND OTHER DEVELOPED STOCK MARKETS

We next consider the variance decomposition, which allows us to deconstruct the forecast error
variance of each variable into parts that are attributable to the various system shocks. Specifically,
we look for the fraction of the H-step-ahead error variance in forecasting xithat is due to shocks to x;
Vi#i . We use directional spillover in the generalized VAR framework of Koop et al. (1996) and

Pesaran and Shin (1998) to obtain H-step-ahead forecast error variance decomposition as

H-1
Gj_jl z (e®, Zej)z

& (H) = 7= , Where the variance matrix for the error vector ¢ is denoted by X; e, is the
z(ei'(ahz@;mei)
h=0

selection vector, with one as the ith element, and zero otherwise; o is the standard deviation of the

error term for the jth equation; and Zilgﬁ(H)il. We then normalize each entry of the variance

& (H)

N

&)

decomposition matrix by the row sum, as &(H) = , and we maintain ZL%ﬁ(H):l and

> B H) =N,
From the above variance decomposition, the total cross variation or total spillover index is calculated
i%m)

as I%H):%xloo. This total spillover index measures the contribution of the spillover of
vola‘rili‘ry'shoc‘lj<s across Asia-Pacific stock markets, including the US and EU areq, to the total forecast
error variance.

The directional spillover received by market i from all the other markets j, assuming the normalized

iwm
elements of the generalized variance decomposition matrix, is IE_ (H) :%xloo . The
i,j=1 S

directional volatility spillover transmitted from market i to all the other markets | s

D EL(H)

PINREACE

markets is the net volatility spillover, denoted by I¥(H) =1% ,(H)-1f_ (H) . Net volatility spillover helps us
understand how much a stock market contributes to the volatility of other selected markets. The net

& (H) - & (H)
N

E_(H)= x100 . The difference between the total volatility shocks to and from all the other

pairwise volatility spillover between stock markets is, therefore & (H) = ( %100 .

We develop a network diagram based on the spillover index to explore the connectedness between
the chosen countries. Connectedness is central to all risk management practices worldwide and can
help us in understanding how changes in the systemic risk of a single country multiply and affect
global markets. Traditional methods used in connectivity studies employ correlation-based measures;
these measures only pairwise association and are skewed toward linearity and Gaussian
assumptions, restricting their acceptance in financial market contexts. The marginal expected
shortfall method (Acharya et al., 2010), the conditional value at risk (CoVaR) method (Adrian &
Brunnermeier, 2011), and the equicorrelation method (Engle & Kelly, 2012) have generated much
interest, but, as Diebold and Yiimaz (2014) pointed out, these methods measure different things. There
exists no unified framework of global or regional connectedness. Here we use the connectedness
measurement proposed by Diebold and Yilmaz (2014), which is closely related both to modern
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network theory and defines a network by variance decomposition. Diebold and Yilmaz argued that
these variance decomposition networks are more sophisticated than fraditional networks and

consider total directional connectedness. The total spillover 1¥(H) is the total connectedness or

system-wide connectedness. In understanding connectedness and its better representation, we
build network diagrams using system-wide connectedness and three previously calculated

measures:
N ~
Y E(H)
i=l
total directional connectedness from all other firms j to firm i: 1 , (H) = =5———x100
PINIRETE:)
N ~
e
total directional connectedness from firm i to all other firmsj: 15_. (H) :§—~><100
- E5(H)
i,j=1°n

net directional connectedness from market i to all other markets j: If (H)

Diebold and Yiimaz (2009) noted that the connectedness matrix converges quickly to a stable value
when H increases, but it changes when H is tiny, especially if it is smaller than the order of the VAR.

Several events took place during our sample period that may have impacted the spillover. The
spillover table possibly misses the time-varying nature of spillover and the impact of these events as
it provides a useful average behaviour of spillover. Hence, we estimate the time-varying spillover of
volatility over the full sample period using 150 days rolling data. The time-varying spillover plot is
presented to capture the variation of volatility fransmission over time, and it is connected with the
economic events. Finally, we supplement the network diagrams of pre and post subprime crisis
periods with the network diagrams for the periods of spillover bursts.

4. Data Analysis and Findings

The initial description (see Table 1.1) of the volatilities of the markets indicates that all the market
voldtilities are leptokurtic, and positively skewed in both the pre- and post-crisis periods. While all the
countries showed changes in skewness and kurtosis between the pre- and post-crisis periods, the
difference is minimal in the case of China. Table 1.2 shows that the mean returns are positive for all
the chosen market indexes, except for the eurozone, Japan, and Taiwan. All the return series deviate
from the Gaussian distribution, as evidenced by their skewness and kurtosis. The results of the
augmented Dickey-Fuller test (ADF) show that the returns and volatilities of all the markets are
stationary at the 1% level of significance.

4.1 Unconditional Patterns: The Full-Sample Volatility Spillover Table

The total spillover index values provided in Table 2 captures the spillover dynamics of the Asia-Pacific
region. All the outcomes are based on second-order VAR with 10-step-ahead forecasts. We
estimated initial VAR models with high order lags of the variables and finally selected the VAR (lag 2)
model based on minimum information criteria as indicated by AIC.
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Table 1.1: Descriptive Statistics: Daily Volatility

Markets Period Mean Median Maximum  Minimum Std. Dev. Skewness Kurtosis ADF
Australia Pre 0.000039  0.00002 0.00183 0.000001  0.00008 11.73 206.63 -12.95*
(AORD) Post 0.000046  0.00003 0.00085 0 0.00006 5.92 59.4 -10.26*
Combined  0.00005 0.00003 0.00236 0 0.0001 9.99 162.73 -10.66*
USA Pre 0.000091  0.00005 0.00262 0.000002  0.00014 6.88 95.55 -6.43*
(DJ1) Post 0.000063  0.00003 0.00343 0.000002  0.00014 13.54 277.83 -10.22*
Combined  0.0001 0.00004 0.004 0.000002  0.00021 8.99 118.79 -7 .45*
Eurozone  |Pre 0.000157  0.00007 0.00327 0.000003  0.00026 483 37.18 -5.99%
(EURO) Post 0.000133  0.00007 0.00377 0.000001  0.00022 7.68 93.38 -10.42*
Combined  0.00016 0.00008 0.00377 0.000001  0.00027 5.37 4534 -9 .43*
UK Pre 0.000107  0.00005 0.00213 0.000002  0.00018 5.36 4522 -8.25*
(FTSE100) | post 0.000082  0.00004 0.00297 0.000002  0.00015 9.77 158.35 -11.5*
Combined  0.00011 0.00005 0.00339 0.000002  0.00021 7.26 79.44 -8.20*
Hong Pre 0.000093  0.00006 0.00153 0 0.00013 476 38.49 -9.73*
(KHOST? Post 0.00007 0.00004 0.00164 0.000004 0.00011 7.59 85.05 -13.35*
Combined  0.0001 0.00005 0.0055 0 0.00019 12.2 260.65 -6.92%
Indonesia | Pre 0.000114  0.00006 0.00286 0 0.00018 6.68 71.12 -12.32*
(JKSE) Post 0.000075  0.00003 0.00327 0.000002 0.00016 10.26 164.6 -11.52+
Combined  0.00011 0.00005 0.00583 0 0.00022 10.8 204.99 -11.56*
Malaysia Pre 0.000056  0.00003 0.00182 0 0.0001 7.71 93.34 -15.30*
(KLSE) Post 0.000021  0.00001 0.00064 0.000001 0.00004 8.72 110.37 -10.71*
Combined  0.00004 0.00002 0.00182 0 0.00008 8.66 124.26 -11.45*
South Pre 0.000171  0.0001 0.00275 0.000007 0.00023 406 27.99 -8.30*
'Fféesg " Post 0.000053  0.00003 0.00202 0 0.00011 9.42 135.62 -14.74*
Combined  0.00013 0.00006 0.00906 0 0.00028 1521 411.41 -13.61%
India Pre 0.000243  0.00011 0.01495 0.00001 0.00058 14.97 325.61 -18.82*
(NIFTY) Post 0.000075  0.00004 0.00125 0 0.00009 4.89 46.35 -13.56*
Combined  0.00019 0.00008 0.01495 0 0.0005 16.44 397.57 -18.53*
Japan Pre 0.000106  0.00007 0.00288 0.000003 0.00014 8.93 143.33 -11.17*
(NIKKEI) Post 0.000084  0.00004 0.00684 0.000001 0.00027 16.68 362.21 -19.71%
Combined  0.00011 0.00006 0.00684 0.000001 0.00026 13.67 267.44 -12.64*
Philippines | Pre 0.000076  0.00004 0.00324 0 0.00014 10.87 200.39 -30.50*
(PSE) Post 0.00006 0.00003 0.00115 0 0.0001 6.09 53.79 -9.61%
Combined  0.00007 0.00004 0.00324 0 0.00013 9.44 171.1 -40.07*
China Pre 0.000179  0.00009 0.00373 0.000002 0.00029 504 412 -8.45*
(SSE) Post 0.000159  0.00007 0.00409 0.000005 0.00034 6.46 58.47 -6.80*
Combined  0.00018 0.00008 0.00409 0.000002 0.00033 5.41 44.41 -6.32*
Singapore | Pre 0.000075  0.00004 0.00105 0 0.0001 3.73 24.38 -9.87*
(ST1) Post 0.000042  0.00002 0.00092 0 0.00006 5.73 53.88 -7.05*
Combined  0.00008 0.00004 0.00545 0 0.00018 14.06 347.57 -8.20*
Taiwan Pre 0.000127  0.00007 0.00326 0.000003 0.00018 6.16 75.7 -8.98*
(TWii) Post 0.000046  0.00003 0.00173 0.000003 0.00008 10.36 169.56 -17.39*
Combined  0.0001 0.00005 0.00326 0.000003 0.00016 6.59 83.12 -8.77*

* denotes rejection of the null hypothesis of the unit root at the 1% significance level. Pre denotes the period before the
subprime crisis (01 April 2000 to 15 September 2007) and the descriptive stafistics for the pre GFC period are presented in the
same row. Post denotes the post subprime crisis period (16 September 2007 to 03 April 2029). Combined denotes the full period
of study (01 April 2000 to 03 April 2019). Statistics in the same row are for the corresponding periods.
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Table 1.2: Descriptive Statistics: Daily Returns
Market Mean Median Maximum Minimum Std. Dev. Skewness Kurtosis ADF
Australia (AORD) 0.00022 0.00030 0.084832 -0.09230 0.01026 -0.39872 12.8921 -47.00*
USA (DJI) 0.000221 0.00040 0.058272 -0.07870 0.01087 -0.57986 9.6618 -49.00*
Eurozone (EURO) -0.00012 0.00051 0.089338 -0.11392 0.01568 -0.3955 8.56014 -37.04*
UK (FTSE100) 4.17E-05 0.00033 0.101734 -0.07325 0.01216 0.019852 10.3116 -36.67*
Hong Kong (HSI) 0.00012 0.00059 0.146832 -0.14509 0.01680 -0.34002 13.7730 -50.75*
Indonesia (JKSE) 0.00080 0.00163 0.187637 -0.17673 0.01672 -0.80965 22.8371 -38.40*
Malaysia (KLSE) 0.00021 0.00046 0.073822 -0.11653 0.00988 -1.09353 19.7170 -44.63*
South Korea (KOSPI)| 0.00034 0.00064 0.126791 -0.14382 0.01721 -0.4522 11.6533 -26.27*
India (NIFTY) 0.00063 0.00111 0.125554 -0.20883 0.01711 -1.19052 19.0043 -47.04*
Japan (NIKKEI) -1.19E-05 0.00039 0.111885 -0.12477 0.01624 -0.6016 10.7191 -46.50*
Philippines (PSEI) 0.00053 0.00078 0.143117 -0.16296 0.01518 -0.06242 19.6259 -38.08*
China (SSE) 0.00018 0.00043 0.102257 -0.12435 0.01761 -0.33295 8.84843 -46.04*
Singapore (STl) 0.00015 0.00041 0.198372 -0.16108 0.01369 0.223601 32.5781 -48.46*
Taiwan (TWII) -5.10E-05 0.00035 0.140371 -0.13497 0.01598 -0.65815 12.3305 -46.95*

* denotes rejection of the null hypothesis of the unit root at the 1% significance level.

The ijth entry in Table 2 is the estimated conftribution to the forecast error variance of market i from
innovations to market j. The off-diagonal column sums (labelled contributions to others) and row sums
(labeled contributions from others) are the directional spillover to and from, respectively, and we can
calculate the net voldtility spillover as the difference between them. Additionally, the total volatility
spillover index appears in the bottom right corner of the table. It is approximately the grand off-
diagonal column sum (or row sum) relative to the grand column sum, including diagonals (or the row
sum including diagonals), expressed as a percentage. In the volatility spillover table, the quantified
ripple effects of the volatility shock in each countfry should be viewed as the input-output
decomposition of the total volatility spillover index. Koutmos and Booth (1995) observed that nationall
markets have grown more inferdependent since the October 1987 crash, with a clear pattern
emerging here as well: spillover both to and from others has increased considerably since the
Lehman Brother collapse, whereas, in the case of Japan, the spillover is almost similar to that before
the crisis. The to and from total spillover index values for the United States (DJI), the United Kingdom
(FTSE), and the eurozone are higher than those of the other countries. Total spillover within the system
consisting of the selected stock markets rose from 42.2% to 56.7% after the crisis, which is indicative
of the higher level of integration among the stock markets.

The findings reveal that all the markets, except for Japan, are less susceptible to significant domestic
volatility shocks in the pre-crisis period. The individual market analysis suggests that Japan and China
differ from the other Asia-Pacific markets, as well as from the United States and the eurozone. China
appears to be almost impregnable during the pre-crisis period, with 89.5% variation from its shocks
and only 10.5% variation due to spillover from others, while the spillover from China to others has an
index value of only 6.7. These values change significantly in the post-crisis world, where volatility
spillover to China from others rises to 36.1%, and spillover from China to others increases fo an index
value of 37.6. During the entire period of study, the total spillover index value for China remained the
same, at 14, for spillover both to and from others. For Japan, spillover from others is around 49% of its
variation during both the pre- and post-crisis periods, suggesting the crisis had a minimal impact on
Japan's stock market. In terms of spillover from Japan to others, the spillover index value is stable at
33.2 (pre-crisis) and 30.6 (post-crisis), indicating that Japan's contribution to global spillover did not
change due to the crisis. Net directional volatility spillover before the crisis is highest from the US and
eurozone stock markets to the others, and from the others to Australia. However, after the crisis, net
directional volatility spillover is again highest from the US stock markets to the others, and from the
others to the stock markets of the Philippines and Australia. Overall, net directional volatility spillover
is greatest from the US stock market to the others, and from the others to Australia. Japan and
Australia show consistent behavior regarding net volatility spillover during both the pre- and post-
crisis periods.
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Table 2: Directional spillover table

From

DJI FTSE AORD HIS TWII NIKKEI  STI SSE NIFTY JKSE KOSPI  KLSE PSEI EURO Others

Pre 459 1639 244 1.99 3.7 2.16 2.68 0.2 0.1 089 327 098 0.14 19.17 54.1

DJI Post 35.07 14.08 4.21 3.51 4.61 2.4 603 3.03 3.3 235 787 1.69 0.18 11.68 64.9

Combined 40.66 15.27 292 291 4.83 2.51 473 0.7 098 1.62 639 153 0.17 1479 59.3

Pre 16.44 389 3.75 24 3.16 263 379 003 0.12 075 175 1.07 021 24.99 61.1

FTSE Post 162 30.17 4.08 3.51 4.39 22 63 257 299 296 679 186 0.48 1548 69.8

Combined 16.8 3575 435 3.17 3.67 234 509 0.4 075 1.59 336 1.07 0.28 21.12 64.2

Pre 10.18 11.52 5887 2.82 0.85 1.44 474 1.8 0.69 1.44 0.3 1.01 0.4 3.93 41.1

AORD Post 11.62 8.27 39.86 4.46 4.48 3.52 5.08 4.14 22 198 6.19 197 075 548 60.1

Combined 10.76 11.63 53.97 4.08 0.95 1.67 474 291 0.59 1.4 044 035 043 6.11 46

Pre 3.97 585 138 50.66 5.74 3.57 9.49 0.21 2 22 619 607 026 241 49.3

HIS Post 6.27 494 3.14 3641 6.91 291 9.15 7.1 454 3.66 7.84 324 107 2381 63.6

Combined 5.58 596 249 4461 6.17 333 9.6 243 293 29 641 4.05 0.56 8 55.4

Pre 535 482 02 586 5246 3.89 3.58 043 0.29 0.8 11.92 378 0.04 6.46 47 .4

TWII Post 6.66 474 291 6.41 41.4 22 894 279 3.6 3.42 10.15 3.03 0.46 331 58.6

Combined 6.31 3.9 023 521 46.7 335 589 028 235 1.79 1526 482 0.16 3.73 53.3

Pre 532 658 1.29 537 427 50.66 6.1 049 129 1.55 6.2 2.9 0.08 7.9 49.3

NIKKEI Post 8.51 514 516 371 381 51.12 401 246 231 227 631 145 1.2 253 48.9

Combined 7.7  5.61 1.87 438 498 51.52 495 0.19 189 188 779 275 054 448 48.5

Pre 688 895 232 953 3.82 435 413 037 1.71 202 4.56 72 0.63 6.34 58.7

STI Post 10.07 824 262 692 7.73 247 30.6 221 483 6.65 794 354 121 497 69.4

Combined 9.24 8.54 2.1 793 6.9 329 353 1.26 3.46 4.34 68 526 092 5.4 64.7

Pre 0.08 0.04 274 0.63 0.34 0.76 0.54 89.46 027 046 228 038 082 1.19 10.5

SSE Post 78 2.7 238 9.9 3.04 1.1 2.18 63.89 154 183 3.18 251 0.18 1.83 36.1

Combined 1.3 0.72 2.6 397 0.42 0.17 1.52 85.59 127 1.17 024 044 0.54 0.04 14.4

Pre 2.41 1.82 195 6.66 0.68 2.53 5,07 043 70.27 244 1.21 3.57 033 0.61 29.7

NIFTY Post 884 529 213 458 505 1.99 646 196 418 684 7.48 224 1.2 413 58.2

Combined 5.54 262 0.9 4469 373 241 617 1.52 5488 465 655 435 078 1.22 45.1

Pre 2.81 269 142 514 176 223 4.23 0.7 2.9 64.71 3.62 487 1.1 2.04 85,8

JKSE Post 6.65 489 1.63 297 5.67 125 788 1.27 817 468 6.13 286 1.73 2.1 53.2

Combined 523 3.79 1.1 3.88 387 1.76 653 1.04 564 5431 546 403 146 1.89 45.7

Pre 4.95 3.5 019 677 9.69 472 573 029 043 1.69 54.15 38 0.12 3.98 45.8

KOSPI Post 10.11 59 345 591 7.4 323 7.69 252 516 409 37.55 232 0.63 405 62.4

Combined 772 333 0.16 493 11.1 441 643 038 3.56 2468 4722 518 035 251 52.8

Pre 2.41 3.17 093 7.81 2.92 1.58 693 0.13 1.79 264 288 643 078 1.74 35.7

KLSE Post 485 337 223 534 534 2.46 5.88 3.6 331 471 401 51.94 1.09 1.86 48.1

Combined  3.61 227 032 542 592 27 617 092 384 327 673 569 093 1.02 43.1

Pre 1.16  1.19 099 0.59 0.99 0.18 202 1.42 0.51 1.6 022 215 8592 1.05 14.1

PSEI Post 3.78 182 207 25 1.64 3.48 3.61 1.44 306 551 323 289 6401 0.95 36

Combined 244 154 116 136 131 1.52 291 152 163 328 171 281 7592 0.9 24.1

Pre 17.84 2394 1.11 1.12 3.78 3.15 277 022 0.17 072 238 0.73 0.08 41.99 58

EURO Post 15.94 1985 288 299 3.65 1.4 4.67 2.51 2.21 1.72  5.69 1.31 0.21 34.96 65

Combined 17.35 23.53 235 213 3.55 2.14 355 0.16 035 1.02 292 0.55 0.1 40.31 59.7

Pre 798 90.5 20.7 56.7 417 33.2 577 6.7 12 192 468 38.5 5 81.8 590.3

TO Others | Post 113.3 892 38.9 627 63.7 30.6 77.9 37.6 47.2 48 828 30.9 104 61.2 794.4

Combined 99 88.7 225 54 56.8 31.6 68.3 14 292 31.6 70.1 37.2 7.2 66.2 676.4

TOTAL Pre 125.7 129.4 79.5 107.4 943 839 99 962 823 839 100.9 1028 90.9 1238 42.20%

spillover Post ; 1483 119.4 787 99.1 105 81.7 109 101.5 89 948 1204 829 744 96.1 56.70%

Combined 139.7 1245 765 98.7 104 83.1 104 995 841 859 1173 941 83.1 106.5 48.30%
Net Pre 25.7 294 -204 7.4 -5.7 -16.1 -1 -3.8 -17.7 -16.1 1 2.8 -9.1 23.8
spillover Post 48.4 194 -21.2 -0.9 5.1 -183 8.5 1.5 -11 -5.2 204 -17.2 -25.6 -3.8
Combined 39.7 245 -23.5 -1.4 3.5 -16.9 3.6 -0.4 -15.9 -14.1 17.3 -5.9 -16.9 6.5

Note: Along each row in each period, the figures denote values of directional spillover index. Each value represents directional spillover from the
different stock markets (j) (column heads) to the stock market (i) (represented in each row). The last column shows spillover received by each stock
market (row under consideration) from all other stock markets. The "To Others" row represents spillover to all other stock markets. The total spillover
row is obtained by vertical(column) summation of values of the same period. The values in each cell for net spillover is obtained as the difference
between spillover "To Others" and spillover "From Others". Pre and Post denote the period before and after the subprime crisis respectively while
Combined denotes the full period under study.

The total spillover of the system consisting of all the markets rise steadily and peaked during August—
September 2008, just around the credit crisis. The peak persisted, indicating rising global market
integration. Financial integration indicates the cohesion and comovement of financial markets and
their ability to operate in similar directions, providing a cross-country dimension for each market's
participants. The steady rise in spillover that led fo the crisis suggests that financial integration can
create conditions for higher volatility, by facilitating an abrupt reversal of capital flows, contagion,
and the cross-border transmission of financial shocks. This increase in spillover is particularly salient
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when the institutional framework is not strong enough to identify and prevent adverse shocks.
Policymakers might need to empirically validate whether the benefits of higher integration outweigh
the risk of financial apocalypse. Obstfeld (1998) and Schmukler (2004) observed that crises and
contagion are closely associated with the presence of asymmetric information and imperfect
contract enforcement. Spillover started falling sharply around November 2012; it reached its low
point in June 2013, when the Federal Reserve Board announced it was preparing to wind down ifs
stimulus policies (initiated after the financial crisis) and the HSBC flash purchasing managers' index
showed Chinese manufacturing activity had reached a nine-month low. These global events
influenced the global markets, while investors were repricing their assets. However, most market
regulators instituted central supervision and a robust institutional framework in the post-crisis period,
and the shocks from these events did not increase the spillover. The low risk transfer was possibly due
to improved institutional supervision and the learning curve effect. The findings support the wake-up
call hypothesis, with the intriguing possibility of government policy mitigating contagion.

4.2 Network diagrams
Figures 1 to 3 show the connectedness diagrams of total spillover before and after the subprime crisis
and another combining both periods, respectively.

Figure 1: Total directional connectedness
to others (pre- subprime crisis period). Figure 2: Total directional connectedness
to others (Post- subprime crisis period)

Note: We use this node color code to indicate total directional connectedness to others, from weakest to strongest. The color
and size of the nodes indicate their relative confribution to the network (smaller size denotes smaller contribution). The color
and strength of the arrows indicate the network’s strength. Pre and Post denotes the period before and after the subprime
crisis respectively while Combined denotes the full period under study.
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Figure 3: Total directional connectedness (during the entire period of the study)

Note: We use this node color code to indicate fotal directional connectedness to others, from weakest to strongest. The color
and size of the nodes indicate their relative contribution to the network (smaller size denotes smaller contribution). The color
and strength of the arrows indicate the network's strength. Pre and Post denotes the period before and after the subprime
crisis respectively while Combined denotes the full period under study.

In Figures 1 and 2, the connectedness between the chosen stock markets becomes stronger (more
reddish circles) after the collapse of Lehman Brothers led the financial crisis around the world.
Spillover from Hong Kong to China increases during the post-crisis period. The influence of the
eurozone is reduced, and that of the United States has increased. However, China sfill differs in this
context, since the SSE is still not highly networked, while other markets in the region are. The network
diagrams revealing directional spillover show that China (SSE) stands separate, with the fewest
connections. Congruent with the findings of Rejeb and Boughrara (2015), the diagrams suggest that
geographical proximity is closely associated with connectedness. Total connectedness during the
entire period (Figure 3) shows the connectedness between the Asia-Pacific stock markets and the
US and eurozone markets, with China being the least connected to others.

The spillover from the system in Figure 4 clearly shows that the top five markets (i.e., the United
Kingdom, Singapore, the Eurozone, the United States, and Hong Kong) that received spillover from
others did not change between the pre- and post-crisis periods, even if we consider the entire period,
although their relative positions change within the top five. Spillover to China and the Philippines from
others was lowest during both the pre- and post-crisis periods, although the Chinese stock market
(SSE) is much larger and more developed compared to that of the Philippines.

Figure 4: Spillover from the system
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Note: This is a graphic representation of the data available in the last column of table 2 visualizing directional spillover from
the system. The figure shows consecutively the equity market that receives the highest to lowest (left to right) spillover from
others. Pre and Post denotes the period before and after the subprime crisis respectively while Combined denotes the full
period under study.
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These findings are in line with the observations of Zhou et al. (2012), Allen et al. (2013), and Jebran et
al. (2017), where the impact of the global financial crisis on the Chinese stock market was minimal
and did not affect its connectedness with others in the region. China was and continues to be less
connected fo other stock markets, presumably because of the restrictions on foreign capital flow
info its stock market. Our results contfradict the findings of Jebran et al. (2017), in the sense that we
provide evidence of stronger bidirectional connectedness between the Chinese and Hong Kong
stock markets after the crisis, whereas they argued for volatility spillover from Hong Kong to China.

4.3 Time Variation in Voldatility Spillover
Figure 5 shows the time-varying spillover index plot, obtained using "to others" directional spillover
index values, estimated using 150 days rolling window.

Figure 5: Time-varying Spillover Plot
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Note: The figure represents spillover index measuring contribution to other markets, obtained as a summation of variance
decomposition of spillover contribution to others, estimated over a rolling period of 150 days.

Figure 5 clearly shows the time-varying nature of volatility spillover and its peaks during crisis events.
The figure also shows that the peaks are higher during the European debt crisis (EDC) than they were
during the US subprime crisis or even before the US subprime crisis. The result is not surprising given
that the European Union, along with the US, are the main markets for the Asia-Pacific economies and
the majority of these economies depend heavily on these exports. While the US market was sfill
recovering from the impact of the subprime crisis, the EDC led the Asia-Pacific markets to experience
macroeconomic shocks owing to trade ties with crisis-hit countries. However, bursts during EDC in
figure 5 also shows the presence of financial linkage between Asia-Pacific and EDC hit countries at
least through equity markets.

The bursts in volatility spillover between Asia-Pacific markets have been observed during the following
events:
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1) Dollar crisis during March 2005 when policymakers of various Asia-Pacific nations like Ching,
Japan, India and Korea showed intension of diversifying forex reserve.

2) The significant outflow of funds from emerging markets due to the Federal Reserve's rate hike
signals in 2006.

3) Subprime crisis in the US in 2007 and 2008 that led to the collapse of Lehman Brothers, followed
by a global financial crisis.

4) The Greek debt crisis and downgrading of Greek bank and government debt in 2009.
5) Eurozone sovereign debt crisis during 2010-2012.

6) Uncertainties and economic eventsin 2016 and 2017, such as low crude oil prices, indications of
a downturn in the Chinese economy, expectations for a Fed rate hike, US election results and
the confusion surrounding the US relationship with Russia, China and North Korea.

7) Concerns due to increased geopolitical risks caused by the US-China trade war beginning with
imposing tariffs on each other's products, multiple rate hikes by Federal Reserve and
uncertainties over Britain leaving the European Union.

As displayed in figure 5, there are three periods where we observe spillover bursts. We build the
connectedness diagrams (figure 6, 7 and 8) for the three periods:

o Subprime crisis period (February 2007 to December 2009): The starting date coincides with the
announcement made by Freddie Mac that it will no longer buy the riskiest subprime mortgages
and mortgage-related securities. The period considered is till Dec 2009 when the US Treasury
Department announces the removal of caps on the amount of preferred stock that the Treasury
may purchase in Fannie Mae and Freddie Mac, besides Federal Reserve Bank declaring that it
would offer interest-bearing term deposits to eligible institutions through an auction mechanism.
The figure 6 shows that the US market is the most influential contributor to volatility spillover during
the period compared to the other markets. The observation is not surprising as the US is the
origination point of the subprime crisis.

e European Debt Crisis period (December 2009 to Nov 2012): Fitch, S&P, Moody's downgraded
Greece credit rating in December 2009 and that is the initial signal of the crisis in Europe. The
period considered is till November 2012, when Eurozone nations and the IMF agreed to arevised
aid deal for Greece, including lower interest rates on bailout loans and a debt-buyback. We find
that the spillover (to others) initially reduces and then increases. Finta et al. (2019) observes similar
spillover effect (decrease followed by increase) during EDC between the German stock market
and the Greek, Italian, Porfuguese and Spanish stock markets. During the period (figure 7), we
find that the Australian stock market is the largest volatility spillover contributor to others, and the
UK market follows next. While the UK is a European nation and as a member of the EU, is expected
to witness the ripple effects of the EDC, the emergence of Australia as a leading contributor of
volatility across the markets (as indicated by the red colored arrows) is expected to give newer
insights in further studies.

e Increased geopolitical risks and uncertainty (December 2015 — July 2017): The period witnessed
many events that arguably led to the increase in spillover between Asia-pacific markets. U.S.
Federal Reserve raised interest rates in Dec 2015 for the first fime since before the global financial
crisis. Throughout the period, the markets witnessed uncertainty and increased geopolitical risks
from falling crude prices; slowdown and debt pile in China; US election and post-election
uncertainties in the domestic US market and its external relationships with China, Russia and North
Korea; and apprehensions about a further rate hike by US Federal Reserve that can alter the
course of infernational capital flows. Australian stock market remained the leading contributor
to the voldtility spillover to the network during the time. The spillover between the Japanese,
Singaporean, Malaysian and Indian stock markets is observed at a medium level. During this
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time, though, the US market is comparatively less connected. China and Hong Kong markets
are least connected as shown by their network strength.

During all three periods, the Chinese equity market remains least connected with the other markets.
The observation is in line with the earlier findings.

Connectedness during bursts in Spillover:

Figure 6: Subprime Crisis Figure 7: European Debt Crisis Figure 8: Geopolitical Uncertainty
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We use this node color code to indicate total directional connectedness to others, from weakest to strongest. The color and
size of the nodes indicate their relative contribution to the network (smaller size denotes smaller contribution, spillover increases

as color changes from green to red).

During the three spillover burst periods, the relative conftribution to the network varies across different
markets. During the subprime crisis, the contribution of the US market was relatively much higher
compared to any other market. During the European Debt Crisis, the Australian market emerged as
the leading volatility spillover contributor to others, followed by the UK market. The emergence of the
Australian market as a confributor to volatility spillover to other markets continued even after the EDC
when the world markets witnesses increased uncertainty due to geopolitical situations. China
remained least connected during all the periods.

5. Conclusion

The rationale behind international diversification is based on the expectation that most economic
disturbances to be country specific, resulting in relatively low correlations between stock markets. If
markets are connected, this would undermine much of the rationale for international diversification,
because ignoring the connectedness can lead to poor portfolio diversification and an
underestimation of risk. Except China, the US, UK, EU and the Asia-Pacific markets are reasonably
connected between themselves, although the strength of their network varies over the period. The
Chinese stock market had kept itself relatively insulated, even though it remained a volatile market
throughout the study period. Of all the Asia-Pacific markets, those of South Korea (KOSPI), Hong Kong
(HSI), and Singapore (STI) make the largest contribution torisk fransfer. Market size does not determine
the level of connectedness either, since it is clear that three big stock markets (in terms of volume),
namely, Japan, China, and Australia, are less connected compared to the most connected
countries. Geographical proximity seems to be a factor in increasing voldtility spillover. These findings
have significance for multinational portfolio management. Overall, while all the other stock markefts
are connected in terms of risk tfransfer (volafility spillover), the Chinese stock market experienced least
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volatility spillover from other markets. China's stringent financial market rules combined with the
restrictions on non-Chinese participation in its stock markets could be the reason for the Chinese
stock market's relative insulation.

The fime variations in spillover show peaks and froughs, which may be aligned with readily
recognizable international events. We also found overall network strength gradually increased,
leading to the global financial crisis, symptomatic of the evolution of the subprime crisis into a global
financial crisis. Interestingly, network strength seems to have increased since the crisis and has
remained above its pre-crisis level. The transmission of volatility was higher during EDC and even after
EDC than it was during the time of subprime crisis. This finding could be a sign of the integration of
global standards of market regulation and the increased confidence level of fransnational
investment agents. However, it also indicates that shock to any one of these markets has the
potential to spread to others very quickly and develop info a mulfi-country phenomenon. The
network’s strength always drastically fell after a stock market crash, indicating the disintegration of
markets after a crash, which could be due to the withdrawal of investment from foreign markets. It is
therefore possible that, whenever a major crash occurs, global investment firms will curtail their
fransnational activities, providing a window of opportunity for confrarians.

In the case of a new global crisis, some of these markets, such as South Korea, Hong Kong, and
Singapore, are likely to be as badly hit as the Western markets. Future research could focus on
dynamic hedging possibilities using an Asia-Pacific portfolio. On the policy front, the findings call for
stronger supervision and regulations to mitigate the rising risks from market connectedness. Between
highly connected markets, an adverse shock to one market has the potential to negatively impact
the international fund flows to other markets, even if the other markets have strong fundamentails.
This could trigger a financial crisis in other markets, one that is utterly unwarranted by those countries’
fundamentals and policies. Stronger regulations should help in reducing the impact and in obtaining
dedicated funds to stabilize the system. Financial market policies should encourage and improve the
resilience of financial markets against shocks. However, this in itself requires more granular and fimely
information from market participants, and regulations on the capture of such data could help
improve the flow of information and market monitoring.
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