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Abstract

This thesis investigates development of co-movements among international equity

returns at the market and industry level over the period 2000 – 2010. Emphasis is

put on the influence of the Global Financial Crisis of 2008/2009. We analyze daily

data from major markets in Australia, Brazil, Canada, China, Germany, Japan,

Russia, South Africa, the UK, and the USA using GARCH family of models. We

find that there are still weakly correlated markets and the influence of the Crisis

differs from country to country. The sectoral indices, including the financial sector,

were significantly less correlated than the market indices over the whole period.
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Abstrakt

Tato práce zkoumá vzájemné pohyby mezinárodńıch akciových a sektorových index̊u

v letech 2000 až 2010. Zvláštńı d̊uraz je kladen na nedávnou finančńı krizi z let

2008 a 2009. Analyzujeme hlavńı finančńı trhy v Austrálii, Braźılii, Kanadě, Č́ıně,

Německu, Japonsku, Rusku, Jižńı Africe, Velké Británii a Spojených státech pomoćı

model̊u typu GARCH. Zjistili jsme, že stále existuj́ı slabě korelované akciové trhy a

vliv krize na tyto korelace se významně lǐśı pro jednotlivé státy. Sektorové indexy

včetně finančnictv́ı byly výrazně slaběji korelované než celkové tržńı indexy po celou
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Chapter 1

Introduction

Last three decades were characterized by increasing pace of globalization. World’s

leading companies operate in tens of countries and some products are well known

all around the globe. Liberalizations of capital flows and financial innovations sup-

ported by the improvements in information and communication technologies enabled

such rapid international growth of businesses. The recent Global Financial Crisis of

2008/2009, during which nearly all world stock markets experienced severe down-

turns, may fill us with feeling that there is just one big integrated marketplace.

The media support this view by emphasizing infrequent events that negatively af-

fect large number of distinct stock markets. However, to assess the actual degree of

co-movements between the international stock markets empirical investigation over

longer period on a day–to–day basis is necessary.

The aim of this thesis is to assess the interdependence of international stock

markets over the period 2000 to 2010. The research is important for at least three

reasons. First, portfolio managers and investors are concerned with following ques-

tions. Is there still an advantage of international diversification of portfolio? Has the

recent crisis changed the relationships between the markets and how? The possible

changes can help adjust their portfolios. Second, managers of listed (and indirectly

also non–listed) companies can take advantage of this research. It can help them

answer these questions: How does the development in other markets influence value

of stocks in our industry? Are our stocks prone to shocks from abroad? And third,

outcomes from this research can be useful for policymakers. The correlation patterns

between the national stock markets have implications for the stability of the financial

system.

Academic research examining international stock market co-movements is volu-

minous, especially after the crash of stock markets in the United States in 1987
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and after the Asian crisis in 1997. Vast literature investigated why local turmoil

had affected distant and seemingly unrelated markets. There is, however, little ev-

idence from the recent crisis. Still, its impact on international co-movements can

be fundamental. Therefore, we use daily data until December 2010. We investigate

major national stock markets from all continents: namely, Australia, Brazil, Canada,

China, Germany, Great Britain, Hong Kong,1 Japan, Russia, South Africa, and the

USA.

In addition, the vast literature on stock market co-movements analyzes the over-

all markets and indices. The market indices, however, comprise various industries

and by aggregating them into one index we can miss important underlying trends.

Are some industries truly global and other relatively isolated? How did individual

industries react on the Global Financial Crisis? In order to be able to answer these

questions we also investigate co-movements within five sectors (Energy, Financials,

Health Care, Telecommunications, and Utilities).

The thesis is organized as follows. Chapter 2 lays theoretical background for

international stock market co-movements and describes major facts from the recent

Crisis that could influence them. Chapter 3 describes nature of data that we use in

our analysis. Chapter 4 briefly discusses history of modern financial theory and the

motivation for utilizing the GARCH family of models. The univariate and multivari-

ate GARCH model is then presented and commented. Chapter 5 presents results of

our analysis and Chapter 6 finally summarizes our main findings.

1Because of its specific nature, we analyze Hong Kong market separately from the Chinese one.
See Chapter 3 for more information.



Chapter 2

Theory and literature review

In this chapter we lay theoretical background for international stock market co-

movements. First part is devoted to terminology that will be used throughout the

thesis. Second part discusses possible reasons for occurrence of stock market co-

movements. In subsequent part we present facts about the recent Global Financial

Crisis and discuss relevant implications for the co-movements. Next, we review

empirical studies published from 1990 till present, and finally, the theoretical part is

briefly summarized.

2.1 Terminology

Several terms related to stock market co-movements are frequently used in literature.

Some of them are used uniformly; some are defined in various ways by different

authors. In order to avoid ambiguity we now define the most used terms for purpose

of the thesis.

The least controversial is the term stock market co-movement. It refers to a

tendency of two or more stock markets to move simultaneously together, so their

price movements are positively correlated.

More complicated and frequently used term is spillover. The general meaning of

the word is: “the effects of an activity which have spread further than was originally

intended.”1 Benelli & Ganguly (2007, pg. 3) use the word spillover as “any type

of impact on other countries financial markets.” Balasubramanyan (2005) defines

spillover as lagged shock in one stock market transmitted to other market. The

impact of a shock can be measured in various ways and we will be mainly concerned

1Cambridge Dictionaries Online
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with volatility spillover, under which we mean unilateral transmission of volatility2

from one stock market to another.

The most disputable is contagion. As Claessens & Forbes (2001) explain, the term

was rarely used outside the realm of medical terminology before the US crash in 1987;

it originally referred to spread of a disease. Because the spread of financial turmoil

across world markets resembled spread of a virus, the term became abundantly used

in financial literature. Nevertheless, there is no consensus what contagion means.

Claessens mentions that it can be defined broadly as a situation when a shock in

one country spreads to other countries or more strictly as a “significant increase

in cross–market linkages during crisis.”3 In this thesis we examine the impact of

recent global financial crisis on international stock market co-movements, so we adopt

the definition of contagion from Forbes & Rigobon (2002). Loosely paraphrased,

contagion means a significant increase in stock market co-movements during a crisis.

2.2 Theory of stock market co-movements

Until 1987 the stock market co-movements were not in the center of interest of

academicians, researches, and financial analysts. If they were studied, it was for the

purpose of portfolio diversification.

Nevertheless, what happened in 1987 could not be explained by contemporary

knowledge and theories. The crash began on the 19th October 1987 in Hong Kong,

spread throughout Europe and finally hit the United States. The stock markets

around the world (e.g. Australia, New Zealand, Spain, United Kingdom, Germany,

Japan and Canada) fell by tens of per cent by the end of October. More interestingly,

the reasons for such enormous downturns were mysterious. Information technology

or market psychology was to blame. Reasons why crash in one market can influence

the whole world attracted attention of politicians as well as academicians and they

started to investigate them.

Another occurrence that intensified the need to understand international stock

market co-movements and transmission mechanisms of shocks was Asian crisis in

1997. Contrary to the U.S. crash in 1987, this crisis started in Thailand as a currency

crisis after devaluation of Thai baht. The turmoil spread to East Asia and Russia

(which defaulted in 1998) and subsequently to Brazil. The possible cause here was

massive inflow of foreign capital to Thailand and neighboring developing countries

2Volatility refers to standard deviation of stock market returns; see Chapter 3 and Chapter 4
for more information.

3Claessens & Forbes (2001, pg. 12)
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which surged the prices of stocks and real estate. The currency crisis distracted

foreign investors who started to sell their assets in Asia and consequently the local

markets collapsed. Reasons why crash in emerging and relatively small markets

affected the world markets still needed to be explained.

These two crises significantly contributed to emergence of vast theoretical and

empirical studies about international stock market co-movements, interdependence

and primarily contagion. In the theoretical part of this chapter we mainly draw on

studies presented at IMF Global Linkages Conference in 2003 and the book Interna-

tional Financial Contagion (Claessens & Forbes 2001) that comprise research papers

presented at a conference sponsored by IMF, World Bank and Asian Development

Bank in 2000.

The price of every stock is determined by investors’ expectations about future

profitability of the underlying firm.4 Two factors are always present in the develop-

ment of stock prices: fundamental and human. The former reflects facts, the latter

behavior of investors on financial markets. Thus, causes of (international) stock

market co-movements can be divided into two basic categories: fundamental and

behavioral. What both the categories have in common is an intensifying trend of

globalization. Let’s look at the categories in more detail.

The fundamental causes include innovations in information and communica-

tion technologies (ICT), trade and financial linkages, supranational nature of busi-

nesses, and common shocks.

The innovations in ICT enabled or at least enhanced the growing importance of

the other causes. Beginning of substantial innovations can be dated back to 1980s

and the trend continues till today. Access to enormous amount of information with

speed of light accelerates all processes in business and finance.

The trade linkages increase interdependence of individual firms or sectors. If, for

example, country A exports significant part of its production of cars to country B, a

shock to country B (that causes decrease in demand for cars) will negatively affect

the revenues of automobile industry in country A and thus the prices of automobile–

related stocks in country A will decline. Significant trade linkages between countries

can analogously influence whole national stock indices or industries. Forbes & Chinn

(2004) studied five largest and forty emerging markets and found that direct trade

flows are the most important determinants of financial market co-movements. To

similar conclusions came Johnson & Soenen (2003) who examined the U.S. stock

market in relation to eight Latin American markets.

4For methods of stock pricing see e.g. Reilly & Brown (2000).
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Financial linkages comprise common lenders (creditors), Foreign Direct Invest-

ments (FDI) and other capital flows. Arvai et al. (2009) explain how common lender

can influence two different countries. Let’s assume there are three countries A, B,

and C. Countries A and B are not directly linked, but country C acts as common

lender for both the countries. Let’s assume that country C is largely exposed to

country A in terms of loan provision. If there is a shock to country A, it is trans-

mitted to country C via the financial linkage. Affected country C will reduce its

exposure to country B, and thus is the shock indirectly transmitted to country B.

Arvai et al. (2009) found evidence that Austria, Germany and Italy play the role of

common lender to countries in Central, Eastern and Southeastern Europe.

Increasing global nature of businesses is documented by Cavaglia et al. (2001)

who studied cross–border mergers and acquisitions (M&A). They discovered that

the amount of cross–border M&A rose from $40 billion per annum in period 1989 –

1993 to $400 billion per annum in period 1994 – 2000.

Using a factor model, Brooks & Negro (2006) found evidence that if a firm raises its

international revenues by ten per cent, it increases exposure to global shock by two

per cent and simultaneously reduces exposure to local shocks by 1.5 per cent.

A shock to multinational firm simultaneously influences price of stocks of all its

subsidiaries around the world and probably another stocks since large multinationals

tend to have relations in various industry sectors.

Common shocks are seen as a cause of stock market co-movements in Babecký

et al. (2007). They study financial integration of four European Union members (the

Czech Republic, Hungary, Poland, and Slovakia) with the euro area. Undoubtedly,

common shock to neighboring countries can explain consequent co-movements of

their stock markets. This assertion is based on both fundamental and investors’

behavior ground.

In this thesis is, however, we are primarily concerned with examination of why

and to what extent stock markets in distant and very different economies tend to

move together. This may be explained by arguments presented below.

The behavior of investors is much harder to tackle. Although we assume in

economic theories that behavior of people is rational, we know they behave rationally

as well as irrationally. So do investors. And their importance has grown over last

thirty years as global financial markets liberalized, countries started to open their

financial accounts, home bias declined, and investors began to operate globally.

The basic model for stock pricing is Capital Asset Pricing Model (CAPM) devel-



2. Theory and literature review 7

oped independently by W. F. Sharpe (in 1964), J. Lintner (in 1965) and J. Mossin

(in 1966). It is expressed in the form of expected return of a security:5

E(ri) = rf + (E(rM)− rf ) βi (2.1)

where E(ri) is expected return of a security i, E(rM) is expected return of the whole

market, rf is risk free rate (e.g. of government bonds) and βi =
σi,M
σ2
M

, i.e. covariance

of a security i’s returns with market returns divided by variance of market returns

(so called systematic risk).

Although the formula is widely used in financial practice, investors later realized

that return of a security is also influenced by other than local factors. As Rigobon

& Sack (2003, pg. 1) point out, “analyzing any single market in isolation ignores

important information about its behavior.” Therefore, International Capital Asset

Pricing Model (ICAPM) was introduced. Cavaglia et al. (2001) formulate it as

follows:

Ri(t) = β1[World Market Excess Return(t)] + β2[Country Market Excess Return(t)]

+ β3[North America Sector Excess Return(t)]

+ β4[Europe Sector Excess Return(t)]

+ β5[Asia-Pacific Sector Excess Return(t)] + ε(t)

where ε(t) is the disturbance term for which E(ε(t)) = 0 ∀t = 1, ..., T and β has

analogous meaning as in the classical CAPM (Equation 2.1).

Portfolio is then selected and adjusted according to ICAPM. Such model allows

for international stock market co-movements.

Liquidity problem of investors can also help to explain the co-movements. If an

institutional investor incurs losses in one country, he may be induced to sell other

risky assets to meet the demands of his customers who offload their stake in the

investor’s company.

According to risk management based on Value at Risk (VaR)6 measures, unex-

pected loss may force a firm to get rid of different risky assets. The more leveraged

investor the more risky assets he has to sell. Hesse & Frank (2009) found evidence

from recent credit crisis that hedge funds that held asset–backed securities had to

sell their more liquid assets in order to meet margin calls, thus transmitting market

5Based on lecture notes from Financial Management (JEB045: M. Mejstř́ık, J. Novák, 2010).
6For explanation of VaR see for example Engle (2001).
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stress. Behavior of investors during liquidity problems can explain slumps in stock

prices in seemingly unrelated markets.

Another possible cause of stock market co-movements is herd behavior and gen-

eral loss of confidence. Herd behavior arises from information asymmetry and need

not be necessarily irrational. Small and middle investors face higher costs of get-

ting relevant information in comparison to large banks and multinational investment

companies (especially when investing in distant emerging markets). Therefore they

rely on big players and try to emulate their actions. If a big player leaves some

region or withdraw his funds from there, uninformed investors may follow him, thus

causing co-movements.

Investors may also lose confidence in institutions (rating agencies, media, ana-

lysts, etc.), sell risky stocks and invest in the safest and most liquid assets (e.g. fixed

income instruments). Stock markets then fall together. This actually happened in

the recent global financial crisis.

The two groups of theoretical causes of stock market co-movements (fundamental

and behavioral) have opposite implications for contagion. The fundamental causes

explain interdependence of markets where co-movements occur. There is no reason

for contagion during turbulent times; the slump in various markets is a logical result

of interconnections. On the other hand, the behavioral causes reflect behavior of

investors which is different in turbulent and tranquil times. Prevailing behavioral

causes would justify contagion.

The trend of globalization would suggest that the correlations among interna-

tional stock markets have grown over time. The question is, however, whether there

are still some isolated markets and how the recent crisis has influenced them. For

example Forbes & Chinn (2004) studied world markets after the burst of the internet

bubble in the first half of 2002 and reported that some markets are still relatively iso-

lated (namely: South Africa, South Korea, and Iceland). Moreover, Brooks & Negro

(2004) conclude that the reported increasing co-movements are temporary results of

the IT bubble.

Let’s turn our attention to recent global crisis and its implications for the co-

movements.

2.3 The Global Financial Crisis

The aim of this section is not to present profound analysis of recent global financial

crisis but to outline several facts central to international stock market co-movements.
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We mainly draw on McKinsey Global Institute (MGI) studies.

The recent global financial crisis started in the United States in summer 2007 as

credit market turmoil. What seemed to be solely a problem of the U.S. mortgage

market overgrew into serious threat to global financial stability and afterwards hit

vast majority of real economies around the world. The recession ended in the U.S. in

June 2009,7 however its negative consequences for employment and economic growth

rates for many countries remain till today.

In order to realize how local credit crisis infected global financial system it is

important to understand the nature of global capital markets and supranational

players dominating them.

According to McKinsey Global Institute, the biggest players before the crisis

were:8

1. Pension funds (managing $30.4 trillion in 2007),

2. Mutual funds ($26.2 trillion in 2007),

3. Insurance companies ($18.9 trillion in 2007),

4. Petrodollar foreign investors9 ($5.1 trillion in 2007),

5. Asian sovereign investors10 ($4.4 trillion in 2007),

6. Hedge funds ($1.9 trillion in 2007).

The six groups of institutions managed almost 45% of total global financial as-

sets (including equities, private and public debt securities and bank deposits) in

2007. Moreover, from 1980 to 2007 the amount of global financial assets quadrupled

relative to the world GDP, with innovations in financial products (especially deriva-

tives) enabling such rapid growth. Leveraged financial products became popular;

mortgage–backed securities (MBS) and collateralized debt obligations (CDO) were

massively issued prior to 2007 credit crisis. According to Bank for International Set-

tlements (BIS) statistics, notional11 value of highly speculative derivatives – Credit

default swaps (CDS) – reached formidable $57,4 trillion in June 2008. Investors all

around the world purchased the debt securities and derivatives believing the rating

7According to The Business Cycle Dating Committee of the National Bureau of Economic Re-
search

8McKinsey (2009)
9Includes central banks, sovereign–wealth funds and other investors from the major oil–exporting

countries.
10Includes Asian central banks and sovereign–wealth funds.
11Notional amount means value of obligations on which the CDS had been issued.
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agencies to assess the risk appropriately. Sun & Zhang (2009) support this argument

reporting that even China held U.S. structured products worth $10 billion and seven

largest Chinese banks had stakes in Lehman Brothers worth $721 million. Generally,

emerging markets (EM) were flooded with capital; according to BIS statistics, the

gross inflow to EM rose from $170 billion per year in 1990s to $1.400 billion in 2007

(BIS 2008).

In 2008 the growth was interrupted and value of global equities fell by $16 trillion.

MGI reports that in 2008 and first half of 2009 stock markets fell in all 112 countries

(there are 221 states in the world). We investigated downturns of national stock

market indices in a half year immediately following the Lehman Brothers collapse

(i.e. 09/15/2008 – 03/16/2009). From 61 countries only China’s and Venezuela’s

markets grew (+8.4% and +0.9%, respectively) in this period. The downturns were

severe in vast majority of the countries (see Figure 2.1 below).
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Figure 2.1: Distribution of downturns of 61 world stock market in-
dices, period 09/15/2008 – 03/16/2009.

Source: Data: Reuters, author’s computations

During the turmoil period international capital flows substantially declined and

cross–border investments froze (including the U.S. vis-à-vis the U.K. and the U.S.

vis-à-vis Japan investments). Also interbank market almost broke down and credit

spreads rose. Financial crisis reversed the globalization trend lasting several preced-

ing decades.

The recovery of financial markets took different paths in emerging markets vis-

à-vis developed countries. Ten–year history of stock indices of eleven countries is

shown on Figure 2.2 and Figure 2.3 below.
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Figure 2.2: Stock market development in Australia, Canada, Ger-
many, Japan, UK, and the USA from October 22, 2000
(=100) to October 22, 2010.

Source: Data: Reuters, author’s computations.
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(=100) to October 22, 2010.

Source: Data: Reuters, author’s computations.
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Although downturns hit severely all the markets, Germany, Japan, and the USA

remain below its levels of 2000 (95%, 63%, and 83%, respectively), while Russia,

Brazil, and South Africa reached 795%, 487%, and 338% of its values of 2000, re-

spectively.

There is reason for such development; the emerging financial markets have greater

potential to grow compared to developed markets, since they have high level of

deposits and their financial markets are still small relative to their GDP.

In addition, the national stock indices comprise companies from various indus-

tries. The individual industries develop differently, as it is shown in Figure 2.4 below.
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Figure 2.4: Development of five distinct industries of S&P 500 index
compared to overall S&P index (in red).

Source: Data: Reuters and Datastream, author’s computations.

The aggregation of sectors into one index may disguise underlying trends. There-

fore, we examine the sectoral indices separately in the empirical part.

To summarize, theory–based implications for international stock market co-move-

ments are ambiguous. Although simultaneous downturns in international stock in-

dices after the collapse of Lehman Brothers is attributable to high linkages of financial

markets and behavior of leveraged investors, development of stock markets after the

initial panic is harder to explain. Trade and financial linkages has muted and coun-

tries started to introduce strict regulation against speculations. Therefore, we would

expect international stock market co-movements to decrease. On the other hand,

investors became more risk averse and skeptical making the stock markets more
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prone to bad news.12 Behavior of investors suggests an increase of stock market

co-movements.

The development of the stock markets depends in large part on actions and

strategies of the big players (who might be today different from those mentioned

above). Empirical evidence is, therefore, necessary to make broader conclusions and

support prevailing influence on stock market co-movements—either fundamental or

behavioral.

2.4 Literature review – empirical evidence

In this section we review empirical literature related to international stock market

co-movements from 1990 till present. Research in the area is rich, especially after the

1987 crash, but quite broad. Number of papers investigates contagion; some of them

research only certain areas (e.g. Asian or American markets), some only emerging

markets. Therefore, we cover studies that are relevant for the purpose of this thesis,

i.e. those with international character, those comparing co-movements before and

after a crisis or those bringing evidence from the recent global financial crisis.

King & Wadhwani (1990) try to explain uniformity with which world markets

fell in October 1987 after the U.S. crash. They argue that simultaneous declines

in different markets cannot be attributable to fundamentals and contagion occurs

during turmoil period as a result of rational investors inferring information from

different markets for their home market. Using cross–market correlation coefficients

they find evidence for contagion in the United States, United Kingdom, and Japan

during the period from July 1987 to February 1988. They conclude that higher

volatility generally implies higher correlation and market links.

Forbes & Rigobon (2002, pg. 7) react on the above mentioned paper and show that

correlation coefficients were “biased due to heteroskedasticity13 in market returns”. If

the correlation coefficients are corrected for heteroskedasticity, they find no evidence

of contagion during the 1997 Asian crisis, 1994 Mexican crisis, and the 1987 U.S.

crash. The adjusted unconditional correlation coefficients from January 1986 till

December 1987 were 0.53 between the U.S. and Canada, 0.21 between the U.S. and

12Exemplified by the quote: “Growing interest rates of Greek governmental bonds ... caused
slump in American and Asian stocks by the end of last week” (E15, May 7, 2010, author’s English
translation).

13Heteroskedasticity means varying (not constant) volatility of market returns over time. See
Chapter 4 for more information.
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U.K., 0.17 between the U.S. and Germany, 0.14 between the U.S. and Hong Kong,

and 0.01 between the U.S. and Japan.

Hamao et al. (1990) investigate the U.S., U.K., and Japan markets from April

1985 till March 1988. Using generalized autoregressive conditional heteroskedastic

(GARCH) model they find statistically significant volatility spillovers from the U.S.

to Japan and from the U.K. to Japan. Spillovers from Japan to the other two

markets are much weaker. They, however, do not test for contagion during the

turbulent period.

Theodossiou & Lee (1993) examine weekly returns of the U.S., U.K., Canadian,

German, and Japan markets from January 1980 till December 1991. Employing

multivariate GARCH model to investigate spillovers, they try to assess the degree

of interdependence among these markets. First, they present cross–border (uncon-

ditional) correlations of markets returns. They range from as high as 0.57 between

the U.S. and Canada to as low as 0.26 between Japan and Canada. Compared to

the results of Forbes & Rigobon (2002), they find higher correlation between the

U.S. and U.K. (0.42) and between the U.S. and Germany (0.25). This may be due

to longer period studied that mitigates the effects of turmoil on markets. Second,

they find statistically significant volatility spillovers from the U.S. to U.K., Canada,

Germany, and Japan of which the spillovers to Germany are the weakest. They also

find evidence for spillovers from the U.K. to Canada and from Germany to Japan

(although weak). Third, they conclude that volatility of returns in the U.K. and

Canadian markets comes in large part from the U.S. This does not hold for Japan

and German markets. Finally, the German market is found to be the least integrated

from all the studied markets.

Karolyi (1995) studies the impacts of the U.S. shocks on returns and volatility on

Canadian stock market for the period from 1981 to 1989. He uses S&P 500 and TSE

300 indices for the U.S. and Canadian market, respectively, and distinguishes stocks

that are dually listed on both markets and that are not. First, he finds that shocks

originated in the U.S. have decreasing impact on returns and volatility of the Cana-

dian market over the studied period. And second, the magnitude and persistence of

the U.S. shocks is greater for the Canadian stocks that are not dually listed on both

exchanges. This suggests that harmonization of international accounting standards

and company governance may have positive effect on transmission of shocks among

markets.

Using monthly excess returns,14 Longin & Solnik (1995) study long–term devel-

opment of conditional correlations between seven major stock markets (Germany,

14In the sense of CAPM the excess return means market return minus risk–free rate.
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France, the U.K., the U.S., Switzerland, Japan, and Canada) over the period 1960

– 1990. First, they compute unconditional correlations among the markets over the

whole period; the correlations range from the lowest of 0.24 (Germany and Japan)

to the highest of 0.71 (Canada and the U.S.) and the average correlation of the

U.S. with remaining six countries is 0.48 (lowest for Japan–0.3). Second, they give

evidence that the international conditional correlations rose over the thirty–year pe-

riod. Third, similarly to King & Wadhwani (1990) they suggest that correlations

rise when volatility increases. And finally, they conclude that higher interest rates

and dividend yields imply higher correlations.

Johnson & Soenen (2003) use daily data from 1989 to 1999 to investigate inte-

gration of equity markets in Argentina, Brazil, Chile, Mexico, Canada, Colombia,

Peru, and Venezuela with the U.S. market. They also examine how economic and

equity market integration are connected. First, they find statistically significant

co-movements of returns between the U.S. market and the eight other markets;

the most significant are those of Canada and Mexico. Second, the degree of co-

movements varies over time. They declined over the period from 1988 to 1994; then

were increasing until 1997 when they peaked and in 1999 they declined considerably.

Third, they conclude that trading activities with the United States have positive

effect on the co-movements, while exchange rate volatility and the higher market

capitalization relative to that of the U.S. have negative effects on the co-movements.

Worthington & Higgs (2004) examine spillovers among nine Asian stock markets

(three developed – Hong Kong, Japan, and Singapore, and three emerging – Indone-

sia, Korea, Malaysia, the Philippines, Taiwan, and Thailand) over the period 1988

to 2000. They find that all the markets are highly integrated, domestic news in the

emerging markets are, however, relatively more important than news in the three

developed countries.

Benelli & Ganguly (2007) investigate linkages between financial markets (stock,

currency, and bond markets) in the U.S. and seven Latin American countries (namely,

Argentina, Brazil, Chile, Colombia, Mexico, Peru, and Venezuela) over the period

1996 to 2006. They found that the sensitivity of Latin American stock markets to the

U.S. shock increased over the studied period. This implies that the trend outlined

in the paper of Johnson & Soenen (2003) reversed in the pre–crisis period. The

unadjusted correlation coefficient of Brazil and the U.S. is 0.4; the lowest correlation

is found for Venezuela (0.06), which supports our findings in subchapter 2.3 that

Venezuela and China were the only two national stock markets that grew in a half

year after the Lehman Brothers bankruptcy.

Sun & Zhang (2009) examine impacts of the U.S. credit crisis on stock markets
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in China and Hong Kong (the period starts in January 2005 and ends on October 31,

2008). First, they find that China is not immune to the recent turmoil in the U.S.,

although the price and volatility spillovers from the U.S. to Hong Kong are more

significant than those to China. Second, the impact of volatility shocks originating

in the U.S. on Hong Kong stock markets is more persistent than on China, the impact

of own volatility, however, is more persistent for China than for Hong Kong. They

attribute this fact to Hong Kong being a financial center and the Unites States being

the source of the subprime crisis.

Surprisingly, there is little literature concerned with international stock market

co-movements during the recent global financial crisis. A lot of research is devoted to

propagation mechanisms of shocks (see e.g. Arvai et al. 2009), impacts of the crisis on

financial systems in emerging markets (see e.g. Hesse & Frank 2009) or co-movements

of different asset classes such as equity, foreign exchanges, and commodities (see e.g.

Frank 2009). Therefore, the aim of this thesis is to continue with research of the

international stock market co-movements in the light of recent global crisis.

2.5 Summary

In this chapter we explained that the U.S. stock market crash in October 1987 and

the Asian crisis in 1997 began to attract attention of financial researchers. The

theoretical and empirical works suggest that the co-movements strengthened over

the thirty years preceding the global financial crisis as a cause of globalization and

greater interdependencies of markets all over the world. The recent Crisis, which

is sometimes called the worst since The Great Depression, severely affected stock

markets around the globe. Nevertheless, implications for the co-movements are not

clear–cut. We try to extend the existing literature on international stock market

co-movements by providing evidence from the recent crisis.



Chapter 3

Data

For purposes of our analysis we use daily data from major national indices of eleven

countries: namely, Australia, Brazil, Canada, China, Germany, Hong Kong,1 Japan,

Russia, South Africa, the United Kingdom, and the United States. The data was

obtained from Reuters Wealth Manager and we chose such indices that are diversified

and most comprehensive for the specific country. The sectoral data are derived from

the national stock indices and was obtained from Datastream.

We briefly describe the national indices in the following paragraph. Index ASX

200 comprises 200 largest Australian companies which account for approximately

78% of Australian equity market capitalization. Brazil is represented by Bovespa

index which comprises circa 370 companies and accounts for 75% of Brazilian eq-

uity market capitalization. Canada is represented by TSX Composite Index which

accounts for circa 70% of equity market capitalization in the country. China is rep-

resented by SSE Composite Index comprising 1,500 companies listed on Shanghai

Stock Exchange. Germany is represented by DAX 30 index comprising 30 largest

and best performing German companies and accounts for approximately 80% of eq-

uity market capitalization in the country. Hong Kong is represented by Hang Seng

index comprising 45 constituents and accounts for 60% of equity market capitaliza-

tion. Japan is represented by well–known index Nikkei 225. Russia is represented

by RTS index comprising 50 stocks; with market capitalization of circa US$ 200 bil-

lion as of December 2010 it is the lowest–sized index among all eleven stock indices.

South Africa is represented by JSE Top 40 Tradeable index comprising 40 largest

companies listed on Johannesburg Stock Exchange and is the second lowest–sized

index with approximately US$ 925 billion of market capitalization as of December

2010. The United Kingdom is represented by FTSE 100 which accounts for about

1Although Hong Kong officially belongs to China, we refer to them as two separate countries
because of, inter alia, distinct economies and nature of financial markets.
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80% of equity market capitalization and the United States are represented by S&P

500 which accounts for circa 75% of market capitalization of the U.S. equities.2

We employ daily closing prices for time period from December 19, 2000 to De-

cember 15, 2010 for both market and sectoral indices.3 In our analysis we study

daily returns of the markets which are represented by continuously compounded

rate specified for country i at time t as follows:

ri,t = (ln(pi,t)− ln(pi,t−1))× 100 (3.1)

Details about why it is convenient to use the data in this particular form are

presented in Chapter 4.

Further, we present details about national stock market indices. Plots of volatility

of daily returns for each market series are presented in the Figure 3.1 below.
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2All data about market capitalization was obtained from web pages of individual stock exchanges
and from the World Federation of Exchanges (http://www.world-exchanges.org).

3The closing prices are based on local currencies and are not corrected for dividends.
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Figure 3.1: Daily per cent returns of eleven stock markets from De-
cember 2000 till December 2010.

Source: Data: Reuters, author’s computations

Descriptive statistics for return series of market indices are presented in Ta-

ble 3.1 below. We report sample Mean, Maximum, Minimum, Standard deviation,

Skewness, Kurtosis, and Jarque–Bera statistics for daily returns. The highest mean

returns are in Russia (0.0983%) and Brazil (0.0589%); the lowest are found in Japan
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(-0.0133%) and the USA (-0.0027%). The third and last country with negative mean

returns is the United Kingdom (-0.0024%), so the three biggest markets in the world

exhibit lowest and negative mean returns. Both maximum and minimum one–day

returns are found in Russia (+20.2% and -21.2%, respectively) which is also the

most volatile of all markets as can be seen in Figure 3.1 and is demonstrated by

highest standard deviation of daily returns (2.28). Second and third most volatile

indices are Brazil (SD = 1.93) and China (1.71), respectively. The least volatile are

Australia (1.07) and Canada (1.21), followed by the United Kingdom (1.33). The

returns appear to be not normally distributed. Returns in Germany are positively

skewed while all other markets have negative skewness. The kurtosis of all markets

exceeds three, which is the theoretical value of normal distribution. Our assumption

is confirmed by Jarque–Bera statistics which tests the null hypothesis that daily re-

turns are normally distributed. The p–values equal to zero at least at four decimal

places and thus we strongly reject the null hypothesis by all eleven markets.

Mean Maximum Minimum Standard
deviation

Skewness Kurtosis Jarque-
Bera stat.

p-value

Australia 0.0152 5.6282 -10.2610 1.0741 -0.6911 8.9271 8683.91 0.0000
Brazil 0.0589 13.6780 -12.0960 1.9336 -0.1213 4.3840 2051.56 0.0000
Canada 0.0150 9.3703 -9.7880 1.2100 -0.6658 10.2370 11340.70 0.0000
China 0.0138 9.4010 -12.7640 1.7067 -0.2494 5.1052 2800.02 0.0000
Germany 0.0037 10.7970 -8.8747 1.6503 0.0221 4.6682 2319.28 0.0000
Hong Kong 0.0166 13.4070 -14.6950 1.6253 -0.1864 10.9570 12790.40 0.0000
Japan -0.0133 13.2350 -12.1110 1.6074 -0.3553 6.9096 5134.27 0.0000
Russia 0.0983 20.2040 -21.1990 2.2806 -0.5150 10.5140 11877.00 0.0000
South Africa 0.0499 7.7069 -7.9594 1.4610 -0.0701 3.1460 1055.36 0.0000
UK -0.0024 9.3843 -9.2656 1.3294 -0.0952 6.4345 4409.79 0.0000
USA -0.0027 10.9570 -9.4695 1.3690 -0.1251 8.2545 7257.61 0.0000

Table 3.1: Summary statistics of daily per cent returns for eleven
world stock indices

Source: Data: Reuters, author’s computations.

Equity market series (and financial market series in general) is very specific type

of time series. In the next chapter we examine features of equity markets and econo-

metric approaches to measuring returns as well as co-movements between individual

return series.



Chapter 4

Methodology

The desire to understand financial markets is as old as the markets themselves.

In the first part of this chapter we briefly describe the evolution of knowledge of

financial markets over the last century and assumptions upon which the modern

finance stands. The historical part is primarily based on Mandelbrot & Hudson

(2004). Next, we formalize recently widely used and probably most accurate model

in financial econometrics – the GARCH model, its univariate and multivariate form.

Finally, we apply the models to our analysis.

4.1 The need for theory in finance

The question is why we need theory and models in finance at all. Someone could

argue that we can work with, analyze, and draw conclusions from price charts, such

as the chart in Figure 4.1 below.

In our case, we would use the S&P index and FTSE 100 index, for example,

collect daily prices for both indices, compute correlations and assess the degree of

co-movements, somebody could suggest. Nevertheless, there are several drawbacks

to this approach. Correlation is a simple linear relationship and when two analyzed

variables trend over time, such as equity markets do, we get into the trap of spuri-

ous correlation. In other words, the correlation coefficient may mistakenly indicate

strong positive relationship only because of the underlying common time trend. Fur-

thermore, correlation cannot capture non–linear relationships that may be present,

and is not dynamic.

Alternatively, we can use some transformation of the data, such as logarithmic

scale in Figure 4.2 below.

The advantage of this approach is that one percent change looks the same in
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Figure 4.1: S&P 500 index, 1991 – 2011

Source: Data: Reuters, author’s computations.
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every point in time. The problem of trending behavior, however, is not accounted

for. The convenient way to resolve the problem is to use changes of logarithms of

prices, see Figure 4.3.
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Figure 4.3: S&P 500 daily changes in Logs, 1991 – 2011

Source: Data: Reuters, author’s computations.

In statistical terms, the time series is stationary1 now. The mean and standard

deviations are independent on point in time, or, statistically speaking, the time

series has invariant first and second moments. The differences in logs also measure

compounded rate of return of an asset which is a useful interpretation. Therefore, this

transformation of asset prices is widely used when analyzing and modeling financial

markets.

To objectively analyze the data, however, we need to understand the process that

generates the data, the forces that underlie the changes in asset prices. Next, we

turn our attention to this issue.

4.2 History of modern financial theory

Although the history of modern finance dates back to 1900, the boom did not begin

until 1950’s. Since then, six economists were awarded Nobel prizes for contribution

to financial theory and modeling: namely, W. Sharpe, M. Miller, and H. Markowitz

(1990), R. Merton and M. Scholes (1997), and lately R. Engle (2003).

French mathematician Louis Bachelier set foundations of modern finance by his

1For formal tests of stationarity of the series see Chapter 5.
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dissertation thesis “Theory of Speculation,” which he defended in 1900. Although

his ideas were revolutionary in that time, they were not appreciated and waited

for rediscovery for sixty years. Bachelier examined French bonds and various bond

derivatives and their price changes. In that time analysts were concerned with causes

of price changes – changes in interest rates, inflation, important business news, etc.

Bachelier asserted that there are too many influences on asset prices that the resulting

movements are impossible to forecast. Price movements rather resemble Brownian

motion of pollen grain in water; millions of molecules hit the pollen grain from all

sides and the resulting movement of the pollen is impossible to predict. Nevertheless,

the probability of the move can be computed. Bachelier applied equations of J. B.

Fourier, who used them for description of heat diffusion, to bond prices. And they

worked. He concluded that in every point in time we have the same probability

that the price would go down as it would go up and the price changes constitute a

sequence of independent normally distributed random variables.

Bachelier’s ideas were rediscovered about sixty years later and elaborated by

Eugene Fama. He formulated the Efficient Market Hypothesis (Fama 1965) which

asserts that all relevant information is included in an asset price and only new,

unexpected information can cause price changes. He claimed that price changes are

independent (they “have no memory”), although not normally distributed.

On these foundations Modern Portfolio Theory was built by Harry Markowitz.

He introduced trade–off between return and risk (measured by standard deviation) of

an asset and proposed building “efficient portfolios” by diversification among various

assets. The most diversified portfolio is the overall market and can act as a bench-

mark. William Sharpe then defined the value of an asset based on its relation to the

market – the so called “β” in the Capital Asset Pricing Model (CAPM) which we

introduced in Chapter 2 (Equation 2.1). Further, Fisher Black and Myron Scholes

derived formula for valuing options, and thus quantified the value of risk of an asset.

The techniques for measuring volatility, which were further used in the financial

formulas, have been refined. As Eugene Fama pointed out, the price changes do not

follow normal distribution; see Figure 4.4 below.

As we can see, there are too many values around the mean and too many extreme

values at the tails to consider the distribution normal; we say that the distribution of

returns is fat–tailed, or leptokurtic. Robert Engle also observed that volatility tend

to cluster in time: see Figure 4.3 for period of high volatility around 2000 Dot.com

bubble, followed by tranquil period and then superseded by extreme volatility dur-

ing the global financial crisis beginning in 2008. Engle included the knowledge in
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his Autoregressive Conditional Heteroskedastic (ARCH) model (Engle 1982). Engle’s

student Tim Bollerslev perfected the model into Generalized Autoregressive Condi-

tional Heteroskedastic (GARCH) model (Bollerslev 1986). The model became very

popular in financial econometrics, replaced less sophisticated models such as Histor-

ical volatility, Implied volatility or Exponentially weighted moving average models,

and has been also variously extended. Nevertheless, R. Engle remains “at the fore-

front of research on volatility modeling” with his models being “indispensable for

financial analysts, bankers, and fund managers throughout the world” (Committee

2003, pg. 4).

Having briefly described foundations and assumptions of modern financial theory,

we now proceed to formalize the GARCH model which we use in our empirical part.

4.3 Formalization of GARCH model

In this section we describe the univariate GARCH model and its main features and

properties. We especially draw on Brooks (2008), Engle (2003), and Lütkepohl &

Krätzig (2004).

The first step in the analysis of market returns is to specify the mean equation.

The GARCH model does not impose any restrictions on the mean equation and

therefore it can take any convenient form. Although this is not an “internal” part of
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the GARCH model, we will now briefly discuss how we specify the mean equation in

our analysis.

4.3.1 Specification of the mean equation

As the modern financial theory suggest, we begin with the assertion that stock prices

are not predictable and follow a random walk, which is defined as follows:

Xt = Xt−1 + ut, ut ∼ iid(0, σ2) (4.1)

Under this condition, the mean equation for daily returns can be written as:

rt = µ+ ut (4.2)

where µ is a constant, i.e. E(rt) = µ ∀t = 1, ..., T .

In order to verify whether this is the sufficient form of the mean equation we use

Box–Jenkins approach. We examine the autocorrelation functions (ACF) and partial

autocorrelation functions (PACF). If some lags of stock market returns are signifi-

cantly autocorrelated, we suspect presence of ARMA process. General ARMA(p, q)

process has the following form:

yt = a1yt−1 + ...+ apyt−p + ut + b1ut−1 + ...+ bqut−q (4.3)

However, specifying correct order of ARMA process from ACFs and PACFs

is challenging. Therefore, for formal and less subjective decision we also employ

Hannan–Rissanen procedure, which is available in JMulTi. For further details about

this procedure we refer to Lütkepohl & Krätzig (2004).

After fitting an ARMA process we check the model with Portmanteau Test and

Ljung & Box Test, both of which have the null hypothesis of no autocorrelation. In

addition, we test for presence of ARCH effects with ARCH–LM test. If we reject the

null hypothesis of no ARCH effects, the subsequent use of GARCH model is justified.

4.3.2 Representation of GARCH model

Once we have correctly specified the mean equation, we can proceed to the core of

the GARCH model. The GARCH model for conditional variance of model such as

in Equation 4.2 is defined as:
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ut = ξt
√
ht, ξt ∼ N(0, 1),

ht = ω + αu2
t−1 + βht−1

(4.4)

This is so called GARCH(1,1) model, which is most widely used in financial

practice. Alternatively, we can specify general GARCH(p, q) model:

ht = ω + α1u
2
t−1 + α2u

2
t−2 + ...+ αpu

2
t−p + β1ht−1 + β2ht−2 + ...+ βqht−q (4.5)

The variance in GARCH(1,1) model consists of three components. The first term,

the constant ω, represents the long run average variance. The second term, u2
t−1, is

the new information about volatility that arrived at previous period and is called the

ARCH term. The third term, ht−1, is the forecast of volatility made in the previous

period and is called the GARCH term. We say that the variance is conditional

because the prediction of variance depends on the forecast and new information

from previous periods. The weights put on the three components “determine how

fast the variance changes with new information and how fast it reverts to its long

run mean” (Engle 2003, pg. 329).2

Let us now define a new process:

vt = u2
t − ht

Rearranging for u2
t and substituting ht from Equation 4.4 we get:

u2
t = ω + αu2

t−1 + β(u2
t−1 − vt−1) + vt = ω + (α + β)u2

t−1 + vt − βvt−1

This process is similar to ARMA(1,1) process. Note that if (α+ β) > 1, the pro-

cess is not stationary. Indeed, for the GARCH(1,1) process to be weakly stationary

the condition (α + β) < 1 must be satisfied3 and for strict stationarity it must hold

that E[log(β + αξ2
t )] < 0.

We show that the GARCH model allows for volatility clustering and leptokurtosis

(i.e. fat tails).

From Equation 4.4 it can be inferred that the error term, ut, is conditionally nor-

2The weights are 1− α− β, β, α, respectively.
3For the GARCH(p, q) process it must hold that

∑p
i=1 αi +

∑q
i=1 βi < 1.
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mally distributed. However, its unconditional distribution is leptokurtic. We prove

it by examining unconditional variance and kurtosis of the GARCH(1,1) process:

var(ut) = E[u2
t ]− [E[ut]]

2 = E[u2
t ] = E[E[u2

t |Ωt−1]]

= ω + αE[u2
t−1] + βE[E[u2

t−1|Ωt−2]] =
ω

1− α− β

where Ωt denotes the information set available at time t.4 Note that as α + β

approaches one, the unconditional variance can take on extreme values. Because

news tend to cluster in time, the high volatility would be also clustered in time.

Analogous observation holds for the low volatility.

The fourth–order moment of the GARCH(1,1) process is:5

E[u4
t ] =

3.ω2(1 + α + β)

1− β2 − 2αβ − 3α2

Note that it must hold that (β2 + 2αβ + 3α2) < 1.

Using the unconditional variance formula above we can derive kurtosis of the GARCH

(1,1) process as follows:

κ =
E[u4

t ]

(E[u2
t ])

2
= 3

(1− α− β)(1 + α + β)

1− β2 − 2αβ − 3α2

We show that the numerator is greater than the denominator (and thus the fraction

is greater than one):

(1− α− β)(1 + α + β) > 1− β2 − 2αβ − 3α2

1− (α + β)2 > 1− β2 − 2αβ − 3α2

(α + β)2 < β2 + 2αβ + 3α2

α2 + 2αβ + β2 < β2 + 2αβ + 3α2

2α2 > 0

Thus, if the restrictions for positivity of the conditional variance (which are:

ω > 0; α, β ≥ 0) and for existence of the fourth–order moment are satisfied, we

see that κ > 3, which indicates leptokurtic distribution of ut (in case of α = 0 the

kurtosis is equal to three).

4See Lütkepohl & Krätzig (2004)
5See Lütkepohl & Krätzig (2004)
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4.3.3 Estimation of GARCH model

To estimate the GARCH model we have to estimate both mean and variance equa-

tions (Equation 4.2 and Equation 4.4 in preceding subsection). In this case OLS

method is no longer appropriate because it minimizes sum of squared residuals stem-

ming from the mean equation, and thus the variance equation is not accounted for.

Therefore, we employ maximum likelihood method. According to this method we

first specify a log–likelihood function (LLF) and then maximize it with respect to

its parameters. Under an assumption of conditionally normally distributed errors

(which is expressed in Equation 4.4) the LLF has the following form:6

L = −T
2
log(2π)− 1

2

T∑
t=1

log(ht)−
1

2

T∑
t=1

(rt − µ)2

ht

We substitute ht with its specification from Equation 4.4, i.e. ht = ω + αu2
t−1 +

βht−1, and maximize the LLF with respect to parameters ω, α, β. Note that be-

cause of minus signs in the equation above, maximizing this function also implies

minimizing the variance of errors.

If the normality assumption is not satisfied (i.e. ξt is also leptokurtic), the

log–likelihood function will be misspecified and quasi–maximum likelihood (QML)

method must be used. For further details see for example Brooks (2008).

Several extensions to the basic GARCH model were proposed to make it more

realistic. For example, the GARCH model, as we have specified it, assumes that

positive and negative shocks have equal weight (exemplified by ARCH term u2
t−1

in Equation 4.4). However, reality shows that negative shocks tend to influence

stock markets more severely than positive shocks. Therefore, threshold GARCH

(TGARCH) models or exponential GARCH (EGARCH) models were introduced.

For more information see for example Lütkepohl & Krätzig (2004).

These extensions are beyond the scope of this thesis and we will use the basic

GARCH model in our analyses. To partly account for this weakness it is worth

mentioning that none of the GARCH models is able to capture all the leptokurtosis

in the distribution of stock market returns.

6See Brooks (2008).
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4.4 Formalization of multivariate GARCH model

In this section we proceed to formalize the multivariate form of the GARCH model.

We mainly draw on Laurent et al. (2006) and Brooks (2008).

4.4.1 Representation of multivariate GARCH model

In the univariate GARCH model we specified one–dimensional dependent variable

in the mean equation (Equation 4.2). Including N–dimensional variable allows us to

model not only time–varying variances, but time–varying covariances among depen-

dent variables as well. For simplicity we will assume that N = 2, that is, we will

model variances and covariances between two stock markets.

Consider 2 x 1 dimensional vector of variable of daily returns rt. We will assume

that the mean equation is specified as:

rt = µ+ ut (4.6)

where µ is conditional mean vector, i.e. E(rt|Ωt−1) = µ and

ut = Ht
1/2vt (4.7)

where Ht
1/2 is a 2 x 2 conditional variance matrix, i.e. var(rt|Ωt−1) = Ht, and vt

is a 2 x 1 random vector with the following properties:

E(vt) = 0

var(vt) = IN

where IN is a 2 x 2 identity matrix.

Equation 4.6 and Equation 4.7 are analogous to the equations of univariate

GARCH model. However, for the multivariate model there are various specifica-

tions of the variance–covariance matrix Ht. According to Laurent et al. (2006,

pg. 81), these include “(i) direct generalizations of the univariate GARCH model;

(ii) linear combinations of univariate GARCH models; (iii) nonlinear combinations

of univariate GARCH models.” We will be concerned only with the first category.

The direct generalizations include primarily VECH and BEKK models. The

VECH model is older and was introduced by Bollerslev, Engle, and Wooldridge in

1988, i.e. two years after Bollerslev specified his univariate GARCH model. The

specification of the VECH model is as follows:
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V ECH(Ht) = W+A.V ECH(ut−1u
′
t−1)+B.V ECH(Ht−1), ut|Ωt−1 ∼ N(0,Ht)

(4.8)

where ut is a 2 x 1 disturbance vector, W is a 3 x 1 parameter vector, A and B

are 3 x 3 parameter matrices and VECH(·) stands for the operator that stacks the

upper triangular portion of a symmetrical matrix.

The VECH operator transforms a 2 x 2 matrix into a 3 x 1 vector in the following

way:

V ECH(Ht) = V ECH

(
h11,t h12,t

h21,t h22,t

)
=

h11,t

h22,t

h12,t


and analogously for other elements. We can now rewrite the Equation 4.8 as follows:

h11,t

h22,t

h12,t

 =

w1

w2

w3

+

a11 a12 a13

a21 a22 a23

a31 a32 a33


 u2

1,t

u2
2,t

u1,tu2,t

+

b11 b12 b13

b21 b22 b23

b31 b32 b33


h11,t−1

h22,t−1

h12,t−1


Thus, we can see that by specifying Equation 4.8 we have simultaneously specified

conditional variance equations for both returns series (h11,t and h22,t) and conditional

covariance equation between the series (h12,t). The drawback of this model is that

we have to estimate 21 parameters (3 in matrix W and 9 in each of matrices A

and B) which is computationally very demanding. To account for the problem

several extensions of the VECH models were proposed, such as constant correlation

or diagonal multivariate GARCH.7

In addition, the VECH model cannot ensure that the covariance matrix Ht is

positive definite, which is necessary because variance cannot be less than zero. The

BEKK8 model resolves this drawback. In this model the matrix Ht is defined as:

Ht = W ′W +A′ut−1u
′
t−1A+B′Ht−1B (4.9)

where A and B are 2 x 2 parameter matrices and W is a 2 x 2 upper triangular

parameter matrix.

7See for example Lütkepohl & Krätzig (2004).
8BEKK denotes first letters of its authors’ surnames: Baba, Engle, Kraft, Kroner.
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By rewriting Equation 4.9 in a more detailed way we get:

(
h11,t h12,t

h21,t h22,t

)
=

(
w11 0

w12 w22

)(
w11 w12

0 w22

)

+

(
a11 a21

a12 a22

)(
u1,t−1

u2,t−1

)(
u1,t−1 u2,t−1

)(a11 a12

a21 a22

)

+

(
b11 b21

b12 b22

)(
h11,t−1 h12,t−1

h21,t−1 h22,t−1

)(
b11 b12

b21 b22

)

=

(
w2

11 w11w12

w12w11 w2
12 + w2

22

)

+

(
a11 a21

a12 a22

)(
u2

1,t−1 u1,t−1u2,t−1

u2,t−1u1,t−1 u2
2,t−1 + w2

22

)(
a11 a12

a21 a22

)

+

(
b11 b21

b12 b22

)(
h11,t−1 h12,t−1

h21,t−1 h22,t−1

)(
b11 b12

b21 b22

)

After multiplication we express conditional variances and covariance of Ht:

h11,t = w2
11 + (a11u1,t−1)2 + b2

11h11,t−1 + 2b11b21h12,t−1 + b2
21h22,t−1,

h12,t = w11w12 + a11a12u
2
1,t−1 + u1,t−1u2,t−1(a12a21 + a11a22) + a21a22u

2
2,t−1

+ b11b12h11,t−1 + (b11b22 + b12b21)h12,t−1 + b21b22h22,t−1,

h22,t = (w2
12 + w2

22) + (a12u1,t−1 + a22u2,t−1)2 + b2
12h11,t−1 + 2b12b22h12,t−1 + b2

22h22,t−1

The right hand sides of the three equations above contain mainly quadratic terms

and the matrix Ht is indeed positive definite even “under very weak conditions”

(Engle & Kroner 1995, pg. 127). For formal proofs we refer to this paper. Moreover,

the number of parameters to be estimated reduces to eleven, as compared to twenty

one in the VECH model.

Note also, that the conditional variances (h11,t and h22,t) and the conditional

covariance (h12,t) depend on lagged values of both conditional variances (h11,t−1 and

h22,t−1) and the conditional covariance between the two series (h12,t−1) as well as

on lagged values of squared disturbances of both series and the cross–products of

the disturbances. This feature distinguishes the BEKK–GARCH model from the

univariate GARCH model.
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4.4.2 Estimation of multivariate GARCH model

Similarly as in the univariate model, we use maximum likelihood method to estimate

the parameters. Assuming conditional normality, the log–likelihood function has the

form:

L(θ) = −TN
2
log(2π)− 1

2

T∑
t=1

log(|Ht| + ut
′Ht

−1ut)

where θ represents the set of all parameters to be estimated, N is the number of

dependent variables (in our case N = 2) and T is the number of observations.

4.5 Measuring stock markets co-movements

Using GARCH and multivariate GARCH we can model time–varying variances and

covariances between stock market returns. We assess the magnitude of co-movements

by computing dynamic correlations, which are defined in time t as:

ρ12,t =
h12,t√
h11,th22,t

(4.10)

In the next section we describe results of our empirical analysis.



Chapter 5

Results

In this chapter we present the results of our analysis. First, we modeled the individual

series of national stock market returns with the univariate GARCH model. We found

that the GARCH model describes the data well and the use of multivariate GARCH

model would be appropriate for studying the co-movements. Second, we estimated

the bivariate BEKK–GARCH model for the USA vis-à-vis all other countries, the UK

vis-à-vis all other countries, Japan vis-à-vis all other countries, and Hong Kong vis-

à-vis all other countries. However, we did not examine all 55 combinations between

the eleven countries because we are primarily interested in co-movements between

the distinct largest financial centers and the rest of the world. We believe that such

approach provide a comprehensive picture of world stock market co-movements and

their development in the recent Crisis. Third, we applied the same procedures to

sectoral indices and investigated co-movements between the US and remaining world

industries, namely: Energy (which includes oil & gas companies), Financials, Health

Care, Telecommunications, and Utilities (Electric, Water).

5.1 Univariate GARCH models

As we have emphasized in the beginning of the previous chapter, the first step in

our analysis is to test stationarity of the time series. We used ADF and KPSS test

for this purpose. For all eleven countries studied we strongly rejected the unit root.

The stock market returns series are therefore stationary (detailed results of the tests

are included in Table A.1).

Consequently, we estimated the appropriate mean equation using Box–Jenkins

approach and Hannan–Risannen procedure. We found that mean equation with con-

stant and error term is appropriate for five countries, namely: Brazil, Canada, Ger-
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many, Hong Kong, and Japan. This suggests that the stock markets in these countries

follow random walk. However, Australia was best described with ARIMA(1,0,0),

China with ARIMA(4,0,2), Russia with ARIMA(3,0,3), South Africa with ARIMA-

(5,0,5), the UK with ARIMA(3,0,2), and the USA with ARIMA(2,0,0). Interestingly,

apart from the less developed markets the most developed markets in the USA and

the UK also did not fit the random walk hypothesis. The crisis period is here to

blame; data excluding the recent turbulent period suggested the random walk mean

equation for the UK and US stock markets.

In all cases we detected significant persistent autocorrelations in squared residuals

and the ARCH–LM test confirmed presence of ARCH effects in the data, and thus

suggested to proceed with the GARCH model. The GARCH(1,1) showed to be

adequate to capture the ARCH effects. The estimated models as well as diagnostic

tests are included in Table A.3 and Table A.4.

For visualization of accuracy of the GARCH model we present the results in the

Figure 5.1 below.
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Figure 5.1: Absolute value of returns of individual stock markets (in
blue) compared to 2 GARCH conditional standard devi-
ations (in red).

Source: Data: Reuters, author’s computations.

From Figure 5.1 we can see that the GARCH model approximates data better

for developed markets than for emerging markets. Compare for example China and

Russia with the UK or USA. However, in neither case is the GARCH model able to
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capture the extreme returns.

5.2 National Stock Market Co-movements

For analysis of co-movements between pairs of stock market returns we employed the

bivariate BEKK–GARCH model. Based on the estimates of parameters matricesW ,

A, and B (Equation 4.9), the conditional variances and covariances were computed.

Using the formula in Equation 4.10, we computed the dynamic conditional correla-

tions between the stock markets which also measure their co-movements. The results

of the models are reported in Table A.5.

The diagnostic tests, however, in all cases revealed remaining autocorrelations

and ARCH effects in the residuals at 5% significance level. Therefore, the results are

not precise, but for the analysis of trends and major developments are sufficient.

We computed descriptive statistics for the whole sample as well as sub–samples of

pre–crisis and crisis period. Summary results are presented in Table 5.1 below. De-

tailed results with mean, median, minimal, maximal values and standard deviations

are reported in Appendix B.

We can see that the USA is in long term least correlated with China (0.05),

Australia (0.10), and Japan (0.13) and most correlated with Canada (0.69), Brazil

(0.59), and Germany (0.57). Although all correlations increased in the crisis period

(the biggest increases occurred with Russia, South Africa, and Brazil; the least with

Japan, Australia, and Hong Kong), the order remained the same.

The UK is similarly as the USA least correlated with China (0.07), Japan (0.29),

and Australia (0.29), but most correlated with Germany (0.80), South Africa (0.53),

and the USA (0.50). The correlations increased in all cases (the most with Russia,

the USA, and Brazil; the least with Hong Kong, Australia, and Germany) except for

Japan where the average correlation decreased by 0.02 during the crisis.

Japan is least correlated with Brazil (0.13), the USA (0.13), and China (0.17)

and most correlated with Australia (0.52) and Hong Kong (0.52). During the crisis

correlations decreased with Brazil, Germany, and the UK, remained practically the

same with Canada and the USA, and increased with Australia, China, and Russia.
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Hong Kong is similarly as Japan least correlated with the USA (0.15) and Brazil

(0.20) and most correlated with Australia (0.52) and Japan (0.52). The correlations

increased in all cases during the crisis (only slightly with Germany, the UK, and

Japan, but very strongly with China and significantly with South Africa, Brazil, and

Russia.

Average statistics for the four reference countries are presented in Table 5.2 below.

Average correlations Difference
in crisis

Average standard deviations

Full period Pre-crisis
period

Crisis
period

Full
period

Pre-crisis
period

Crisis
period

USA-rest 0.33 0.30 0.42 0.12 0.152 0.145 0.128
UK-rest 0.40 0.38 0.49 0.11 0.158 0.152 0.135
Japan-rest 0.28 0.27 0.32 0.05 0.147 0.143 0.145
Hong
Kong-rest

0.32 0.29 0.40 0.11 0.156 0.152 0.139

Table 5.2: Average correlations and standard deviations of the USA,
UK, Japan, Hong Kong and the other 10 countries.

Source: Data: Reuters, author’s computations.

We see that the UK is on average most correlated with other countries (0.40),

whereas Japan is least correlated of the four reference countries (0.28). The average

correlations increased by circa 0.11 on average during the crisis for the USA, UK,

and Hong Kong but increased only slightly for Japan (by 0.05).

The average standard deviations of correlations decreased during the crisis for

the USA, UK, and Hong Kong, whereas remained practically the same for Japan.

Generally, we report higher values of correlations than authors of previous re-

searches. Forbes & Rigobon (2002) found significantly lower correlations between

the USA and the UK, Germany, and Japan. Theodossiou & Lee (1993) report less

than half the correlation between Germany and the USA. Benelli & Ganguly (2007)

estimated the correlation between Brazil and the USA to be 0.4, as compared to our

0.59. These authors, however, use older data and different methodology as well (see

Chapter 2).

We now proceed to analyze the dynamic correlations between the stock markets.

We examine first the correlations between the four largest reference markets.

Figure 5.2 below presents conditional correlations of USA vs. UK, USA vs. Japan,

and USA vs. Hong Kong.

We can see that the dynamic correlations are not stable. They all fluctuate in

wide ranges, e.g. from -0.3 to 0.6 in case of USA vs. Japan.
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Figure 5.2: Conditional correlations between USA and UK, Japan,
Hong Kong.

Source: Data: Reuters, author’s computations.

The correlation between USA and UK fluctuated from 0 to 0.7 until the second

half of 2008. After the collapse of Lehman Brothers onwards the fluctuation range

reduced to (0.4, 0.8). The average correlation in the crisis period increased by 1.1

standard deviations of the pre–crisis sample. In this case we could speak about

contagion.

The correlation between USA and Japan was slightly decreasing until the first

half of 2007. Then, it fluctuated in broad range from -0.3 to 0.5. So, even in the

Crisis the Japanese market sometimes trended in the opposite direction than the

American market.

Similar conclusions hold for correlation between USA and Hong Kong. From

the second half of 2007 till half of 2008 the correlations were decreasing, after the

Lehman Brothers collapse they surged to 0.7 and then slowly returned to pre–crisis

fluctuation range.

Figure 5.3 shows correlations between UK and Japan, Hong Kong.

The development of the correlations is less dramatic than those of the USA. In

both cases the correlations fluctuate within stable range for the whole period. We

can see that the correlations temporarily surged after the Lehman Brothers collapse,
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Figure 5.3: Conditional correlations between UK and Japan, Hong
Kong.

Source: Data: Reuters, author’s computations.

but quickly retreated. The average correlation between UK and Japan even slightly

decreased in the crisis period, in the case of UK and Hong Kong they increased

minimally.

Figure 5.4 shows correlations between Japan and Hong Kong.
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Figure 5.4: Conditional correlations between Japan and Hong Kong.

Source: Data: Reuters, author’s computations.

The correlations clearly increased in early 2008 and the trend reversed only in

early 2010. From then the correlations seem to get to normal (pre–crisis) values.

Hong Kong is one of the few markets that is strongly correlated with the Japanese

market.

In the following part we examine the correlations between the four reference

markets and the seven remaining world markets.

Figure 5.5 shows correlations between USA, UK, Japan, Hong Kong and Australia.

The USA and UK are not strongly correlated with Australia and the crisis did

not bring any major change, although we can see more turbulent development. On
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Figure 5.5: Conditional correlations between USA, UK, Japan, Hong
Kong and Australia.

Source: Data: Reuters, author’s computations.

the other hand, Japan and Hong Kong are significantly correlated with Australia and

we can observe from the figure that the correlations in both cases were increasing

from circa 2005. The beginning of the crisis in 2008 seems to have opposite effect

on the correlations than we would expect; they temporarily decreased. Then, they

again fluctuated in higher range.

Figure 5.6 shows correlations between USA, UK, Japan, Hong Kong and Brazil.

USA and Brazil are strongly correlated. The correlations were increasing from

the second half of 2005 till 2008. In the first half of 2008 they declined but then

surged and fluctuated in range from 0.4 to 0.8. The development of UK vis-à-vis

Brazil is similar with exception that UK is not so strongly correlated with Brazil.

Correlations of Japan and Hong Kong with Brazil are low, but the influence of the

crisis is clear. After the Lehman Brothers the correlations rose steeply and then

reverted to normal values. In this case we could speak about contagion.

The increasing correlations between the USA and Brazil may be attributable not

only to strong trade linkages between the two countries, but to linkages between

American and Brazilian exchanges as well. Largest US derivative exchange (Chicago
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Figure 5.6: Conditional correlations between USA, UK, Japan, Hong
Kong and Brazil.

Source: Data: Reuters, author’s computations.

CME Group) owns a stake in Brazilian Bovespa and vice versa since February 2008.1

Customers of CME thus can directly trade products of Bovespa and vice versa. We

believe that such relationship is crucial in development of co-movements between

international stock markets.

Figure 5.7 shows correlations between USA, UK, Japan, Hong Kong and Canada.

USA is most strongly correlated with Canada. The correlations were slightly

declining in the first half of the whole period. From approximately 2006 they were

increasing, in the first half of 2008 they plummeted and consequently surged to

previous values. Again, the development of the UK vs. Canada is similar to USA,

only the correlations are weaker. Japan and Hong Kong are loosely correlated with

Canada and the crisis influenced the development only slightly.

Figure 5.8 shows correlations between USA, UK, Japan, Hong Kong and China.

The USA and UK are least correlated with China and until 2007 it seems that they

were uncorrelated (the development resembles random walk around zero correlation).

The turbulent fluctuation begins in 2007, far earlier than in other countries, as the

Chinese market probably reacted on US sub–prime mortgages and other derivatives

1According to CME Group press release (http://cmegroup.mediaroom.com).
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Figure 5.7: Conditional correlations between USA, UK, Japan, Hong
Kong and Canada.

Source: Data: Reuters, author’s computations.
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Figure 5.8: Conditional correlations between USA, UK, Japan, Hong
Kong and China.

Source: Data: Reuters, author’s computations.
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which proved to be toxic in summer 2007. The development was similar to Japan

vs. China correlations. On the other hand, the correlations between Hong Kong and

China rose significantly from mid 2006. The average correlation increased from 0.19

to 0.48. Obviously, this is not the result of the crisis, but a longer–term trend and

it indicates that Chinese market is slowly integrating with the developed market.

Figure 5.9 shows correlations between USA, UK, Japan, Hong Kong and Germany.
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Figure 5.9: Conditional correlations between USA, UK, Japan, Hong
Kong and Germany.

Source: Data: Reuters, author’s computations.

Correlations between the USA and Germany are quite strong. The correlations

were higher around 2002 (IT bubble) and again during the recent crisis. Despite

otherwise strong relationship, the correlations tend to increase in turbulent times,

indicating contagion. The UK and Germany are very strongly correlated and from

mid 2004 correlations fluctuate between circa 0.65 and 0.9. The influence of the crisis

is not obvious. The influence of the crisis was also minimal for Japan and Germany;

after the Lehman Brothers the correlation reached 0.8 but then decreased. Hong

Kong and Germany experienced similar development.

Figure 5.10 shows correlations between USA, UK, Japan, Hong Kong and Russia.

The correlations of the most volatile market with the US one fluctuated around

0.2 until the second half of 2008. After Lehman Brothers the correlations increased
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Figure 5.10: Conditional correlations between USA, UK, Japan, Hong
Kong and Russia.

Source: Data: Reuters, author’s computations.

significantly by 1.4 standard deviations and remained in relatively high range from

circa 0.2 to 0.6. In case of the UK, Japan, and Hong Kong, the correlations after

Lehman collapse surged to around 0.8. In contrast to the USA, correlations with

the other three markets were increasing since 2005. This indicates that the emerging

Russian market is integrating with the developed ones. Moreover, similarly as Brazil,

Russia demonstrates signs of contagion in all four cases.

Last, Figure 5.11 shows correlations between USA, UK, Japan, Hong Kong and

South Africa.

Correlations of USA with South Africa developed similarly as with Russia. Until

Lehman Brothers they were fluctuating around 0.3 and then significantly increased

by 1.2 standard deviations and remained high. This demonstrates contagion. On

the other hand, correlations with the UK were increasing since 2005 and the Crisis

did not significantly influence the development. This can be attributable to closer

relationship of London Stock Exchange (LSE) and Johannesburg Stock Exchange

(JSE). The South African exchange was established by British businessmen and

have used London trading system since 2002, which was until recently operated from
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Figure 5.11: Conditional correlations between USA, UK, Japan, Hong
Kong and South Africa.

Source: Data: Reuters, author’s computations.

London.2 Correlations of South Africa with Japan and Hong Kong fluctuate wildly

during the entire period. Although we can see increase of correlations in the second

half of 2008, such swing is not rare and cannot be distinguished from other previous

swings. It seems that South African market reacts only on certain news common to

Japanese and Hong Kong markets.

5.3 Sectoral Index Co-movements

The approach to modeling sectoral indices is analogous to national indices, and

therefore we will not present so many details about the models. ADF and KPSS

tests strongly rejected unit root of all sectoral return series (results are reported in

Table A.2). Squared residuals and ARCH–LM tests indicated presence of ARCH

effects and justified the use of GARCH models.

Similarly as with national stock indices, the diagnostic tests of BEKK–GARCH

models indicated remaining autocorrelations and ARCH effects in most cases. How-

ever, within Health Care, Telecoms, and Utilities we rejected remaining autocorrela-

tions and/or ARCH effects in several instances (details are included in Appendix B).

2According to JSE web page (http://www.jse.co.za/About-Us/History-Of-The-JSE.aspx).
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From dynamic conditional variances and covariances we computed average corre-

lations for the whole sample, as well as pre–crisis and crisis period. The results are

presented in Table 5.3 below.

First, the correlations within individual industries are lower (and in most cases

significantly lower) than the correlations of overall markets. The only exception is

China where financial sector is more correlated than the market (0.061 vs. 0.046).

Obviously, financial institutions in China have stronger linkages with US financial

companies than firms in other sectors, but the relationships are still very weak.

Therefore, we cannot conclude that some sectors are driving the co-movements

between the international stock markets. Moreover, even the financial sector, which

is responsible for the recent Global Financial Crisis and worldwide recession, is not

as correlated as it may seem from anecdotal evidence in media. Australian vs.

US financial sectors’ correlation was 0.04, Japanese vs. US was 0.09 and Hong

Kong vs. US was 0.1 during the ten–year period. The per cent share of financial

sector correlations on the correlations of overall markets decreased during the crisis

period for Australia (from 44% to 39%) and increased only slightly for Canada,

Japan, and South Africa (from 84% to 87%, 68% to 73%, 65% to 69%, respectively).

Figure 5.12 below shows development of correlations in financial sector between

Australia, Canada, China, Japan and the USA.

Australia and Japan do not demonstrate any noticeable change during the crisis.

Australian correlation were slightly increasing from 2006 to Q1 of 2007 but then

fluctuated in wide range as in previous years. Canada demonstrates clear trends

and the development is similar to the overall market. The development in Canadian

Energy sector also resembles the overall market but Health Care and Utilities took

different paths. Therefore, we can say that financial and energy sector drives the

correlation between USA and Canada. Correlations between USA and China in

financial sector fluctuated predominantly above zero until the second half of 2007

(average value is 0.1). Then they fluctuated from -0.3 to 0.4 (average value is 0.02).

As we reported in the theoretical part of this thesis, Chinese banks held large stakes

in US financial institutions (including Lehman Brothers) and owned US structured

products. From the Figure 5.12 it seems that after realization of problems with sub–

prime mortgages in summer 2007 the Chinese banks started to mitigate the influence

of US financial institutions and products on their businesses.

To sum up the first conclusion, the correlations between sectoral indices of na-

tional markets are lower than the correlations between national stock markets that

the sectors constitute. The stock market moves in one direction if more than 50%

of its market capitalization moves in one direction. The other part of the market
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Full period (12/20/2000 – 12/15/2010)

Market Energy Financials Health
Care

Telecoms Utilities

USA-Australia 0.101 0.077 0.043 0.024 0.049 NA
USA-Brazil 0.587 NA NA NA 0.247 0.308
USA-Canada 0.688 0.665 0.581 0.359 NA 0.232
USA-China∗ 0.046 NA 0.061 NA NA NA
USA-Germany 0.566 NA 0.347 NA 0.244 0.269
USA-Hong Kong 0.153 NA 0.100 NA NA 0.078
USA-Japan 0.132 NA 0.091 0.053 0.045 0.047
USA-Russia 0.209 0.102 NA NA 0.119 NA
USA-South Africa 0.324 0.230 0.215 0.107 0.094 NA
USA-UK∗∗ 0.495 0.482 0.457 0.220 NA 0.302

Average 0.330 0.311 0.237 0.152 0.133 0.206

Pre-crisis period (12/20/2000 – 09/12/2008)

Market Energy Financials Health
Care

Telecoms Utilities

USA-Australia 0.085 0.071 0.038 0.027 0.042 NA
USA-Brazil 0.553 NA NA NA 0.229 0.276
USA-Canada 0.663 0.645 0.553 0.365 NA 0.204
USA-China 0.026 NA NA NA NA NA
USA-Germany 0.538 NA 0.315 NA 0.236 0.234
USA-Hong Kong 0.135 NA 0.081 NA NA 0.049
USA-Japan 0.131 NA 0.088 0.053 0.056 0.051
USA-Russia 0.163 0.086 NA NA 0.096 NA
USA-South Africa 0.285 0.193 0.185 0.096 0.085 NA
USA-UK 0.456 NA NA NA NA NA

Average 0.303 0.249 0.210 0.135 0.124 0.163

Crisis period (09/15/2008 – 12/15/2010)

Market Energy Financials Health
Care

Telecoms Utilities

USA-Australia 0.160 0.095 0.062 0.013 0.073 NA
USA-Brazil 0.702 NA NA NA 0.310 0.417
USA-Canada 0.777 0.734 0.676 0.337 NA 0.329
USA-China 0.115 NA 0.068 NA NA NA
USA-Germany 0.663 NA 0.455 NA 0.270 0.388
USA-Hong Kong 0.216 NA 0.162 NA NA 0.178
USA-Japan 0.138 NA 0.101 0.054 0.008 0.031
USA-Russia 0.370 0.160 NA NA 0.197 NA
USA-South Africa 0.458 0.356 0.318 0.143 0.125 NA
USA-UK 0.631 0.508 0.477 0.274 NA 0.311

Average 0.423 0.371 0.290 0.164 0.164 0.276

Table 5.3: Average correlations between USA and other 10 coun-
tries in five industry sectors. *(01/05/2004 - 12/15/2010),
**(11/28/2006 - 12/15/2010)

Source: Data: Datastream, Reuters, author’s computations.
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Figure 5.12: Conditional correlations in financial sector between Aus-
tralia, Canada, China, Japan and the USA.

Source: Data: Datastream, Reuters, author’s computations.

can remain constant or move in the opposite direction. Our results confirm that this

actually happens in the international financial markets.

Second, the Energy sector is most correlated across the industries. This can

be seen from average values in Table 5.3. Only in Russia Telecommunications are

slightly more correlated than the Energy sector. This can be attributable to the fact

that Oil & Gas market is internationally more integrated than any other markets.

The sources of oil and gas are limited and the performance of oil & gas companies

depends significantly on oil and gas prices which are set on international commodity

exchanges. Russia seems to be more self–sufficient in this respect than the other

countries.

The higher correlations were balanced by good performance; the energy sector

in all countries grew most significantly during the studied ten–year period across all

industries (207% in the US, 424% in Australia, 322% in Canada, 1565% in Russia),

except for South Africa where the Health Care sector grew 689%, while the Energy

sector “only” 441%.

The financial sector was the second most correlated, but, in contrast, poorly

performing along the ten–year period. The only exception is the Chinese market.
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Third, the growth of sectoral correlations during the crisis period generally cor-

responds to the growth of overall stock market correlations. The growth rates are

shown in Table 5.4 below.

Growth of correlations in the crisis period

Market Energy Financials Health
Care

Telecoms Utilities

USA-Australia 89% 34% 65% -51% 72% NA
USA-Brazil 27% NA NA NA 36% 51%
USA-Canada 17% 14% 22% -8% NA 61%
USA-Germany 23% NA 44% NA 14% 66%
USA-Hong Kong 61% NA 99% NA NA 266%
USA-Japan 5% NA 14% 2% -86% -40%
USA-Russia 127% 86% NA NA 104% NA
USA-South Africa 61% 85% 72% 49% 47% NA

Table 5.4: Growth rates of correlations during the crisis period
(09/15/2008 – 12/15/2010).

Source: Data: Datastream, Reuters, author’s computations.

Several observations are worth mentioning. Although market correlations be-

tween Australia and the US grew during the crisis, the correlation in Health Care

decreased. In the first half of 2009 this correlation dropped from 0.4 to negative

values. The correlation in Health Care between Canada and the US was also slightly

decreasing since early 2009.

The correlation significantly decreased in Japan in Telecommunications. This is

not the result of the Crisis; they fluctuate around zero since 2004. Previously they

were probably temporarily above zero because of the IT Bubble.

Correlations in Utilities in Japan decreased in 2009 but then resumed to previ-

ous values. On the other hand, Utilities correlations in Hong Kong, Germany, and

Canada increased much more than the overall market during 2008 and remained

high.

To sum up the third conclusion, the Utilities and Health Care sectors reacted

substantially differently than the overall markets in the crisis period.
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Conclusion

Recent Global Financial Crisis, during which nearly all indices across the world

experienced severe downturns, gave rise to concerns whether there are any relatively

isolated stock markets. Have the Crisis significantly changed the interconnections

between the markets? We showed that, theoretically, the influence of the Crisis

on further development of international stock market co-movements is ambiguous.

Therefore, we analyzed eleven national indices from all (inhabited) continents around

the world to shed light on these questions. Unlike voluminous researches that deal

with the co-movements, we additionally broke the indices into sectoral indices and

examined them separately in order not to miss any underlying trend.

In our analysis we used multivariate GARCH model which is widely employed

in empirical financial research. From conditional variances and covariances we com-

puted dynamic conditional correlations of volatilities between the most significant

world markets (in USA, UK, Japan, Hong Kong) and other major stock markets

in: namely, Australia, Brazil, Canada, China, Germany, Russia, and South Africa.

We also computed conditional correlations between the US and all other indices

within five sectors: namely, Energy, Financials, Health Care, Telecommunications,

and Utilities.

First, we found that all correlations vary enormously over time and are far from

stable. The average values indicate that several markets are still weakly correlated

(e.g. USA and Japan, USA and Australia, Japan and Brazil). The least correlated

market is China (around 0.05 with USA and UK). However, the correlation of China

(represented by Shanghai) and Hong Kong rose sharply to 0.5 in last three years,

which might indicate integration of Chinese market with the developed one.

On the other hand, some correlation are very strong – UK and Germany (0.8), USA

and Canada (0.69) or USA and Brazil (0.59).



6. Conclusion 53

Second, the co-movements generally increased during the crisis period. Never-

theless, in markets which were already strongly interconnected, the change was not

significant. Moreover, some correlations followed longer–term trends and their in-

crease was not a sole result of the Crisis (e.g. Japan and Australia, UK and Russia).

In some instances the correlations increased only temporarily in 2008 (especially after

the Lehman Brothers collapse) and then returned to previous values. This happened

especially in Brazil and Russia (vis-à-vis all the four most important stock markets)

and we can call it contagion. On the other hand, some of the Japanese correlations

even decreased in the crisis period (with Brazil and Germany).

It is worth mentioning that although there are markets which are weakly corre-

lated, the financial turmoil increases the co-movements between them for only short

time, yet it can cause the majority of severe downturns. The recent Crisis proved

that low day–to–day correlations between any stock markets in tranquil period do not

imply complete isolation and the financial distress can change the situation abruptly.

Third, apart from economic linkages and presence of international investors, the

interconnections or relationships between stock exchanges themselves may be an im-

portant factor in the magnitude of co-movements. This is exemplified by correlations

between the UK and South Africa or the USA and Brazil.

Fourth, the sectoral analysis revealed that correlations between industry indices

are much lower than correlations between the market indices which they constitute

(except for Chinese financial sector). This indicates that among the five investigated

industries there is none which would be deeply internationally integrated and thus

would lead the co-movements between global stock markets. And the recent Global

Financial Crisis has not changed this fact, not even in the financial sector. Inter-

estingly, the Energy sector proved to be more integrated than the financial sector

during the whole ten–year period, pre–crisis, as well as crisis period.

Fifth, the correlations in Health Care sector increased less than the overall market

or even decreased in the crisis period. In contrast, Utilities sector tended to increase

more than the overall market in the crisis period.

There are two factors which influence the accuracy of our findings. First, the

BEKK–GARCH model, which we used to analyze the correlations, could not elim-

inate remaining autocorrelations and/or ARCH effects in residuals in most cases.

Second, although the GARCH model is at the forefront of financial modeling, it can-

not capture the volatility accurately, especially in the turmoil periods. To our best

knowledge, no other model currently can.
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From these reasons work on accuracy and credibility of modern financial models

and investigation of more sectors and various national indices are interesting areas

for further research.
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Appendix A

Model results and diagnostic tests

A.1 Univariate GARCH models

Table A.1: ADF and KPSS tests (Market indices)

Country ADF test (H0: unit root) KPSS test (H0: stationarity)
statistic statistic

Australia -30.7855 0.1239
Brazil -30.9695 0.0933
Canada -29.2151 0.1315
Germany -30.5501 0.2277
Hong Kong -29.8962 0.1404
China -27.7721 0.2397
Japan -31.1881 0.1060
Russia -28.6485 0.2500
South Africa -31.0606 0.0729
UK -33.2435 0.1436
USA -30.3597 0.0993

1% 5% 10% 10% 5% 1%
Critical values: -3.43 -2.86 -2.57 0.347 0.463 0.739



A. Model results and diagnostic tests II

Table A.2: ADF and KPSS tests (Sectoral indices)

Country & Sector ADF test (H0: unit root) KPSS test (H0: stationarity)
statistic statistic

Australia-Energy -30.3263 0.0970
Australia-Financials -31.3101 0.1357
Australia-Health Care -30.8847 0.7390
Australia-Telecoms -32.2102 0.0536
Brazil-Utilities -29.3185 0.0993
Brazil-Telecoms -31.3677 0.0915
Canada-Energy -30.0520 0.1326
Canada-Financials -30.5121 0.0867
Canada-Health Care -29.2560 0.2443
Canada-Utilities -29.8945 0.0750
Germany-Financials -30.9780 0.3073
Germany-Telecoms -33.9862 0.1599
Germany-Utilities -32.1718 0.1581
Hong Kong-Financials -30.5380 0.0591
Hong Kong-Utilities -32.0026 0.0583
Japan-Financials -30.2429 0.1655
Japan-Utilities -29.1944 0.1907
Japan-Health Care -32.2876 0.1117
Japan-Telecoms -31.5373 0.1162
Russia-Energy -30.1381 0.2425
Russia-Telecoms -29.3753 0.0699
South Africa-Energy -30.6598 0.0837
South Africa-Financials -31.8700 0.0869
South Africa-Health Care -30.5874 0.0915
South Africa-Telecoms -30.3326 0.1395
USA-Energy -31.2812 0.0834
USA-Financials -31.6694 0.0970
USA-Health Care -30.2269 0.0753
USA-Telecoms -30.6482 0.1121
USA-Utilities -29.2646 0.2248

1% 5% 10% 10% 5% 1%
Critical values: -3.43 -2.86 -2.57 0.347 0.463 0.739
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A. Model results and diagnostic tests IV

Table A.4: Univariate GARCH model estimates and diagnostics. (t-
statistics are in parentheses).

China Russia South Africa UK USA
Mean equation: ARIMA(4,0,2) ARIMA(3,0,3) ARIMA(5,0,5) ARIMA(3,0,2) ARIMA(2,0,0)
Variance equation: ht = ω + αu2t−1 + βht−1

coefficient estimates
c constant 0.0139 0.0984 0.0498 -0.0024 -0.0025

(0.4044) (2.0233) (1.9264) (-0.1029) (-0.1093)
a1 AR(1) term -0.8454 -1.9731 0.8108 -0.7420 -0.1008

(-11.6327) (-19.5186) (4.9519) (-6.7578) (-5.1081)
a2 AR(2) term -0.8035 -1.5802 -0.6192 -0.6331 -0.0803

(-10.6751) (-9.6221) (-8.9871) (-5.9054) (-4.0690)
a3 AR(3) term 0.0191 -0.4375 0.3577 -0.1422

(0.6846) (-4.3654) (2.8692) (-7.1438)
a4 AR(4) term 0.0649 -0.7657

(2.9642) (-11.1147)
a5 AR(5) term 0.6657

(4.3908)
b1 MA(1) term -0.8259 -2.0804 0.7830 -0.6796

(-11.6792) (-22.4939) (5.0439) (-6.1557)
b2 MA(2) term -0.7957 -1.7845 -0.5877 -0.5301

(-11.2687) (-11.9419) (-10.2578) (-4.8404)
b3 MA(3) term -0.5710 0.3950

(-6.2303) (3.4800)
b4 MA(4) term -0.8096

(-14.3593)
b5 MA(5) term 0.7228

(4.9926)
ω GARCH const. 0.0346 0.1047 0.0338 0.0345 0.0111

(6.2461) (9.0822) (3.9760) (3.8981) (5.7738)
α ARCH term 0.0748 0.0956 0.0900 0.0950 0.0733

(13.2389) (14.4860) (9.2820) (9.1986) (9.7319)
β GARCH term 0.9168 0.8811 0.8934 0.8883 0.9193

(169.0643) (112.5612) (78.7868) (73.4086) (116.8682)
residuals tests

NO remaining
ARCH (F test)

0.0332 0.0122 0.7487 1.1634 0.2752

p-value 0.8555 0.9120 0.3870 0.2809 0.5999
ARCH–LM
Test

1.6707 8.4769 2.5808 3.1260 9.1435

p-value (χ2) 0.7960 0.0756 0.6302 0.5370 0.0576

A.2 Multivariate GARCH models
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Table A.5: Multivariate GARCH model estimates and diagnostics. (t-
statistics are in parentheses).

Matrix (Equation 4.9) W A B
coefficients w11 w12 a11 a12 b11 b12

0 w22 a21 a22 b21 b22
coefficient estimates
USA-UK 0.13667 0.00365 0.22494 -0.14295 0.96556 0.04096

(12.5458) (0.1737) (14.2941) (-7.3953) (159.4126) (5.2285)
0 0.13759 0.01900 0.38071 -0.00150 0.92082

(0.0000) (8.3516) (1.4151) (20.6923) (-0.2031) (112.9105)
residual tests

Portmanteau test
(k=16)

statistics 421.9567 p-value 0.0000

Multivariate
ARCH-LM test
(k=4)

statistics 273.2076 p-value 0.0000

USA-Japan 0.13779 0.01859 0.24179 -0.09331 0.96358 0.03231
(11.1246) (0.4473) (17.6645) (-5.7875) (226.3212) (5.5504)

0 0.21374 0.03784 0.24875 -0.01378 0.95476
(0.0000) (9.2833) (3.1445) (19.1790) (-2.5054) (192.5003)

residual tests
Portmanteau test
(k=16)

statistics 616.3037 p-value 0.0000

Multivariate
ARCH-LM test
(k=4)

statistics 247.7435 p-value 0.0000

USA-Hong Kong 0.13390 0.07334 0.23527 -0.02023 0.96528 0.00871
(12.0448) (2.9007) (17.3455) (-1.2998) (243.5137) (1.5378)

0 0.13147 0.04124 0.23869 -0.01598 0.96557
(0.0000) (7.6317) (3.7650) (22.2843) (-4.7366) (285.9381)

residual tests
Portmanteau test
(k=16)

statistics 605.4273 p-value 0.0000

Multivariate
ARCH-LM test
(k=4)

statistics 260.3765 p-value 0.0000

UK-Japan 0.15771 0.11755 0.29555 -0.12781 0.95077 0.06891
(10.0931) (3.4318) (17.2773) (-8.7297) (154.3709) (10.2611)

0 0.15709 0.03773 0.22844 -0.02799 0.94991
(0.0000) (4.0954) (2.5193) (16.0505) (-4.5421) (164.2743)

residual tests
Portmanteau test
(k=16)

statistics 394.4338 p-value 0.0000

Multivariate
ARCH-LM test
(k=4)

statistics 209.2393 p-value 0.0000

UK-Hong Kong 0.14471 0.08297 0.29375 -0.03946 0.95106 0.02277
(11.1246) (3.7255) (19.9609) (-3.3062) (197.1883) (4.7059)

0 0.11311 0.02339 0.23821 -0.01574 0.96361
(0.0000) (5.4311) (2.3740) (22.7347) (-4.4609) (285.5378)

residual tests
Portmanteau test
(k=16)

statistics 311.7080 p-value 0.0000

Multivariate
ARCH-LM test
(k=4)

statistics 323.8717 p-value 0.0000

Japan-Hong Kong 0.24691 0.08668 0.29402 0.07346 0.92924 -0.04303
(10.4923) (3.4499) (17.0265) (4.4752) (128.5147) (-6.6299)

0 0.10202 -0.09258 0.18507 0.04818 0.99048
(0.0000) (4.0234) (-5.9038) (12.7198) (7.3419) (181.8203)

residual tests
Portmanteau test
(k=16)

statistics 85.2673 p-value 0.0177

Multivariate
ARCH-LM test
(k=4)

statistics 148.4215 p-value 0.0000



A. Model results and diagnostic tests VI

Matrix (Equation 4.9) W A B
coefficients w11 w12 a11 a12 b11 b12

0 w22 a21 a22 b21 b22
coefficient estimates
USA-Australia 0.13939 0.00165 0.24352 -0.02874 0.96151 0.00634

(12.0650) (1.0377) (17.3003) (-3.0080) (226.5050) (1.6887)
0 0.08584 0.06319 0.26008 -0.01445 0.96396

(0.0000) (8.1801) (4.1871) (20.1575) (-3.0032) (264.4275)
residual tests

Portmanteau test
(k=16)

statistics 842.9432 p-value 0.0000

Multivariate
ARCH-LM test
(k=4)

statistics 298.5748 p-value 0.0000

UK-Australia 0.13845 0.01428 0.27497 -0.06428 0.95228 0.02054
(10.5115) (0.9042) (19.9985) (-8.6800) (208.2416) (6.1421)

0 0.08555 0.05975 0.30639 -0.01478 0.94989
(0.0000) (7.3575) (3.3364) (20.5991) (-2.3558) (200.4151)

residual tests
Portmanteau test
(k=16)

statistics 537.9537 p-value 0.0000

Multivariate
ARCH-LM test
(k=4)

statistics 314.4453 p-value 0.0000

Japan-Australia 0.24691 0.08668 0.29402 0.07346 0.92924 -0.04303
(10.4923) (3.4499) (17.0265) (4.4752) (128.5147) (-6.6300)

0 0.10202 -0.09258 0.18507 0.04818 0.99048
(0.0000) (4.0234) (-5.9038) (12.7198) (7.3419) (181.8203)

residual tests
Portmanteau test
(k=16)

statistics 89.9107 p-value 0.0075

Multivariate
ARCH-LM test
(k=4)

statistics 133.2707 p-value 0.0000

Hong Kong-Australia 0.13515 0.07950 0.20645 0.00740 0.97461 -0.00262
(9.2580) (5.8373) (16.6462) (0.8323) (244.3056) (-0.8695)

0 0.08492 0.04730 0.26212 -0.01515 0.95553
(0.0000) (7.2036) (1.8447) (14.3618) (-1.7124) (158.2030)

residual tests
Portmanteau test
(k=16)

statistics 93.5977 p-value 0.0036

Multivariate
ARCH-LM test
(k=4)

statistics 176.2005 p-value 0.0000

USA-Brazil 0.15059 0.21133 0.26199 -0.12007 0.95857 0.03553
(11.3650) (5.1522) (16.6419) (-5.2347) (172.8673) (4.2775)

0 0.26109 -0.00401 0.29096 -0.00170 0.93804
(0.0000) (10.0127) (-0.4758) (18.5560) (-0.3628) (135.9663)

residual tests
Portmanteau test
(k=16)

statistics 103.695 p-value 0.0004

Multivariate
ARCH-LM test
(k=4)

statistics 123.4752 p-value 0.0000

UK-Brazil 0.14807 0.15567 0.31232 0.07075 0.94403 -0.01793
(11.6506) (2.8184) (20.3597) (3.2718) (168.4790) (-2.1365)

0 0.25384 -0.01176 0.19570 -0.00089 0.96704
(0.0000) (7.4920) (-1.0316) (12.3341) (-0.1800) (170.3224)

residual tests
Portmanteau test
(k=16)

statistics 172.6133 p-value 0.0000

Multivariate
ARCH-LM test
(k=4)

statistics 138.1747 p-value 0.0000



A. Model results and diagnostic tests VII

Matrix (Equation 4.9) W A B
coefficients w11 w12 a11 a12 b11 b12

0 w22 a21 a22 b21 b22
coefficient estimates
Japan-Brazil 0.17628 0.11448 0.24262 0.00026 0.96178 -0.00373

(7.2463) (1.9393) (16.5735) (0.0110) (204.0720) (-0.5140)
0 0.27110 0.04700 0.21218 -0.01157 0.96500

(0.0000) (7.8028) (3.9756) (15.9577) (-2.2109) (200.0827)
residual tests

Portmanteau test
(k=16)

statistics 344.1262 p-value 0.0000

Multivariate
ARCH-LM test
(k=4)

statistics 262.2007 p-value 0.0000

Hong Kong-Brazil 0.12496 0.16494 0.20654 -0.05685 0.97434 0.01560
(6.6186) (2.2647) (17.7767) (-3.3994) (285.8303) (3.0982)

0 0.29088 0.04224 0.23764 -0.01545 0.95355
(0.0000) (6.2516) (3.9598) (16.2766) (-3.2601) (161.1762)

residual tests
Portmanteau test
(k=16)

statistics 422.3297 p-value 0.0000

Multivariate
ARCH-LM test
(k=4)

statistics 294.4167 p-value 0.0000

USA-Canada 0.12389 0.06279 0.28432 0.00391 0.95205 -0.00241
(10.5884) (3.2797) (16.4665) (0.2645) (157.5382) (-0.4914)

0 0.09965 -0.05312 0.21561 0.01776 0.97061
(0.0000) (14.0451) (-2.7550) (12.8478) (2.3866) (175.2757)

residual tests
Portmanteau test
(k=16)

statistics 175.4029 p-value 0.0000

Multivariate
ARCH-LM test
(k=4)

statistics 129.8265 p-value 0.0000

UK-Canada 0.12723 0.01574 0.34064 0.04536 0.93330 -0.01512
(8.7586) (0.6927) (20.4406) (3.8216) (150.8725) (-3.1007)

0 0.12458 -0.09552 0.22244 0.03468 0.09677
(0.0000) (11.0952) (-4.5361) (14.1565) (4.4244) (189.7018)

residual tests
Portmanteau test
(k=16)

statistics 233.8797 p-value 0.0000

Multivariate
ARCH-LM test
(k=4)

statistics 110.0265 p-value 0.0000

Japan-Canada 0.23023 0.02035 0.26285 0.05357 0.94628 -0.02615
(9.9546) (0.8578) (17.6998) (4.9484) (156.0743) (-6.2029)

0 0.10493 -0.11983 0.22063 0.05710 0.97051
(0.0000) (6.0314) (-6.0620) (16.3721) (7.1512) (233.3040)

residual tests
Portmanteau test
(k=16)

statistics 420.5177 p-value 0.0000

Multivariate
ARCH-LM test
(k=4)

statistics 142.3047 p-value 0.0000

Hong Kong-Canada 0.14574 0.02633 0.24537 0.03364 0.96242 -0.01548
(8.2605) (1.1614) (23.0803) (3.0943) (277.8735) (-4.7535)

0 0.12233 -0.04138 0.23072 0.02655 0.96663
(0.0000) (10.3894) (-2.2865) (16.7486) (3.5966) (268.0557)

residual tests
Portmanteau test
(k=16)

statistics 408.3235 p-value 0.0000

Multivariate
ARCH-LM test
(k=4)

statistics 220.7275 p-value 0.0000



A. Model results and diagnostic tests VIII

Matrix (Equation 4.9) W A B
coefficients w11 w12 a11 a12 b11 b12

0 w22 a21 a22 b21 b22
coefficient estimates
USA-China 0.09982 -0.14537 0.25424 0.01118 0.96295 -0.00634

(6.5485) (-3.1674) (20.2051) (0.7219) (263.3430) (-1.3478)
0 0.21804 -0.02743 0.26437 0.01572 0.95386

(0.0000) (6.9415) (-3.2622) (23.1920) (6.5746) (258.5126)
residual tests

Portmanteau test
(k=16)

statistics 161.3891 p-value 0.0000

Multivariate
ARCH-LM test
(k=4)

statistics 61.7456 p-value 0.0048

UK-China 0.12202 0.07220 0.29942 -0.00652 0.94903 0.00202
(9.1817) (1.7923) (23.0551) (-0.3460) (220.7462) (0.3180)

0 0.23539 0.02001 0.24362 -0.00775 0.95961
(0.0000) (12.2438) (2.2659) (23.3531) (-2.8738) (313.2861)

residual tests
Portmanteau test
(k=16)

statistics 107.7408 p-value 0.0002

Multivariate
ARCH-LM test
(k=4)

statistics 134.5783 p-value 0.0000

Japan-China 0.20501 0.06972 0.26855 0.00389 0.95508 -0.00009
(9.4849) (1.4769) (18.9947) (0.2724) (180.6632) (-0.0148)

0 0.25117 0.02206 0.27018 -0.00792 0.95237
(0.0000) (12.4720) (1.6769) (24.0638) (-1.6162) (275.246)

residual tests
Portmanteau test
(k=16)

statistics 89.3379 p-value 0.0083

Multivariate
ARCH-LM test
(k=4)

statistics 110.7463 p-value 0.0000

Hong Kong-China 0.14616 -0.00626 0.23721 -0.05338 0.96551 0.01763
(9.6425) (-0.1581) (17.7580) (-3.5218) (238.1551) (3.8351)

0 0.24904 0.00715 0.27760 -0.00140 0.94920
(0.0000) (14.2307) (0.5660) (23.2952) (-0.3191) (232.6978)

residual tests
Portmanteau test
(k=16)

statistics 114.2516 p-value 0.0000

Multivariate
ARCH-LM test
(k=4)

statistics 109.0849 p-value 0.0000

USA-Germany 0.14668 0.02981 0.23272 -0.16635 0.96515 0.05542
(13.278) (1.1468) (15.6764) (-9.0335) (176.6993) (7.6109)

0 0.16431 0.00972 0.34162 -0.00436 0.92960
(0.0000) (7.9849) (0.9956) (20.7832) (-1.0132) (148.3209)

residual tests
Portmanteau test
(k=16)

statistics 337.9761 p-value 0.0000

Multivariate
ARCH-LM test
(k=4)

statistics 204.4128 p-value 0.0000

UK-Germany 0.13721 0.11840 0.20510 -0.19454 0.99477 0.09392
(10.8124) (5.1338) (9.8584) (-7.1903) (132.4225) (10.5330)

0 0.09288 0.07003 0.38831 -0.04154 0.89879
(0.0000) (6.6514) (4.1249) (16.1156) (-6.0626) (104.8844)

residual tests
Portmanteau test
(k=16)

statistics 82.7755 p-value 0.0273

Multivariate
ARCH-LM test
(k=4)

statistics 102.8760 p-value 0.0000



A. Model results and diagnostic tests IX

Matrix (Equation 4.9) W A B
coefficients w11 w12 a11 a12 b11 b12

0 w22 a21 a22 b21 b22
coefficient estimates
Japan-Germany 0.21208 0.07864 0.27487 0.08376 0.94556 -0.02803

(8.5938) (2.5048) (20.7840) (5.2123) (158.8971) (-3.6411)
0 0.16707 -0.10328 0.24883 0.03517 0.95870

(0.0000) (8.5397) (6.9930) (14.5132) (6.1209) (183.3411)
residual tests

Portmanteau test
(k=16)

statistics 471.0432 p-value 0.0000

Multivariate
ARCH-LM test
(k=4)

statistics 274.2817 p-value 0.0000

Hong Kong-Germany 0.12397 0.10403 0.25103 0.04500 0.96512 -0.01646
(7.0295) (3.7542) (24.2909) (4.8321) (329.9847) (-4.8479)

0 0.15706 -0.03828 0.26253 0.01265 0.95592
(0.0000) (8.0310) (-3.8485) (17.1984) (3.4381) (192.0591)

residual tests
Portmanteau test
(k=16)

statistics 310.9777 p-value 0.0000

Multivariate
ARCH-LM test
(k=4)

statistics 531.4432 p-value 0.0000

USA-Russia 0.14469 0.03010 0.26213 -0.03822 0.95709 0.00834
(12.0859) (0.5103) (18.2029) (-1.4572) (203.5400) (0.8962)

0 0.38529 -0.00506 0.28013 0.00306 0.94400
(0.0000) (15.7000) (-0.5544) (20.6616) (0.7296) (165.5601)

residual tests
Portmanteau test
(k=16)

statistics 289.0729 p-value 0.0000

Multivariate
ARCH-LM test
(k=4)

statistics 127.2092 p-value 0.0000

UK-Russia 0.14900 0.18481 0.31533 -0.01815 0.94100 0.00188
(11.6660) (3.6314) (19.7577) (-0.7261) (163.2995) (0.1943)

0 0.30918 0.01678 0.26213 -0.00582 0.95057
(0.0000) (11.3742) (1.9407) (22.9783) (-1.5345) (220.7638)

residual tests
Portmanteau test
(k=16)

statistics 138.4702 p-value 0.0000

Multivariate
ARCH-LM test
(k=4)

statistics 112.1755 p-value 0.0000

Japan-Russia 0.17153 0.16707 0.24417 -0.00430 0.96522 0.01165
(6.1334) (2.8259) (16.3084) (-0.1707) (181.7922) (1.2012)

0 0.36904 0.04613 0.27677 -0.02119 0.93963
(0.0000) (12.7602) (4.9567) (22.6107) (-4.8470) (172.7983)

residual tests
Portmanteau test
(k=16)

statistics 178.7450 p-value 0.0000

Multivariate
ARCH-LM test
(k=4)

statistics 138.8184 p-value 0.0000

Hong Kong-Russia 0.16184 0.17066 0.23185 -0.10292 0.96957 0.03414
(9.9675) (3.7346) (17.9212) (-7.7367) (242.4611) (5.8755)

0 0.09288 0.07003 0.38831 -0.04154 0.89879
(0.0000) (9.3169) (2.8001) (22.9538) (-3.7576) (181.6951)

residual tests
Portmanteau test
(k=16)

statistics 129.1324 p-value 0.0000

Multivariate
ARCH-LM test
(k=4)

statistics 167.7904 p-value 0.0000



A. Model results and diagnostic tests X

Matrix (Equation 4.9) W A B
coefficients w11 w12 a11 a12 b11 b12

0 w22 a21 a22 b21 b22
coefficient estimates
USA-South Africa 0.13642 0.06136 0.23187 -0.10075 0.96664 0.02913

(12.5341) (1.7154) (15.0317) (-5.9289) (213.371) (4.4466)
0 0.19957 0.02536 0.28693 -0.00894 0.94328

(0.0000) (8.5176) (1.6125) (16.8629) (-1.3585) (133.5672)
residual tests

Portmanteau test
(k=16)

statistics 376.8490 p-value 0.0000

Multivariate
ARCH-LM test
(k=4)

statistics 207.1169 p-value 0.0000

UK-South Africa 0.13541 0.13011 0.27569 -0.09161 0.95863 0.04232
(9.6112) (3.7392) (14.805) (-5.2123) (140.3628) (5.5560)

0 0.18450 0.03763 0.28809 -0.01951 0.93447
(0.0000) (8.2493) (2.2614) (15.8393) (-2.8110) (117.9862)

residual tests
Portmanteau test
(k=16)

statistics 140.1437 p-value 0.0000

Multivariate
ARCH-LM test
(k=4)

statistics 162.284 p-value 0.0000

Japan-South Africa 0.19687 0.02724 0.25549 0.09933 0.94809 -0.03801
(7.3617) (0.6865) (18.4360) (5.7835) (168.5732) (-5.4070)

0 0.19818 -0.08184 0.22788 0.04703 0.96190
(0.0000) (6.7559) (-4.8686) (12.9387) (5.8715) (131.1363)

residual tests
Portmanteau test
(k=16)

statistics 178.1907 p-value 0.0000

Multivariate
ARCH-LM test
(k=4)

statistics 139.0484 p-value 0.0000

Hong Kong-South Afr. 0.11687 0.07046 0.19198 -0.06245 0.98031 0.02620
(4.6222) (1.4876) (14.1027) (-4.8818) (217.5356) (5.0169)

0 0.21065 0.07584 0.29793 -0.03095 0.93789
(0.0000) (10.1312) (4.5805) (17.5645) (-4.8082) (143.5135)

residual tests
Portmanteau test
(k=16)

statistics 154.9106 p-value 0.0000

Multivariate
ARCH-LM test
(k=4)

statistics 111.4242 p-value 0.0000



Appendix B

Content of Enclosed CD

There is a CD enclosed to this thesis which contains empirical data, summary statis-

tics, model results (JMulTi outputs), and additional graphs.

• Folder 1: Correlation graphs

• Folder 2: Correlation statistics

• Folder 3: Empirical data

• Folder 4: Model results
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