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This thesis conducts the first-ever detailed examination of the impacts of
international stock markets on the Shanghai stock market. The main aim is to
investigate whether information originated from other stock markets has adverse
effects on the Shanghai stock market, and consequently, to derive some
implications for policy agents, investors, and further research.

This study is based on four relatively related research papers, which focus on the
impacts of information from different perspectives. It has identified the significant
decline of the Shanghai stock price volatility after 1% July 1997. It has also
analysed factors from the Hong Kong stock market that impact on Shanghai stock
prices. To make this study more robust, the concept of co-persistence in variances
is adopted to examine the validity of the methodologies used in the first paper.
Moreover, functions of the futures market is also discussed in order to achieve a
better understanding of how information coming from the derivative market
improves its underlying spot market. This research study supports the main
hypothesised notation that we place more emphasis on improving inter-market
information linkages. As a by-product the financial portfolio frontier is discussed

when the variance-covariance matrix in singular.
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Chapter 1

Introduction to the research

1.1 Scope and purpose of the thesis

With respect to information flow between financial markets, this thesis stresses two ar-
eas which involve critical examinations of how and by what channels the Hong Kong
stock market conveys information to the Shanghai stock market, and how the once-lived
Shanghai bond futures market, which ceased to exist from October 1995, could provide
information to improve its underlying spot market quality. The main purpose of this the-
sis is to examine the hypothesis that knowledge from current or past price movements in
related markets could help to improve the functioning of the Shanghai financial market.
The research analysis approach to ascertaining the benefits of allowing information from
related markets is to estimate the effects of such information would have on conditional
volatility of the Shanghai financial market (i.e. estimating how the conditional volatil-
ity varies with augmented information set), assuming that the decline in price volatility

would represent the benefits of the inter-market information linkages.



1.2 Motivation for the research

The Shanghai stock market is the earliest and biggest financial market in China. Ever
since its inauguration in December 1990, the author had involved in its development.
In October 1993, China’s first government bond futures market was officially opened in
the Shanghai stock market. Soon after the openness of the bond futures market, the
futures market was closed and all bond futures products were abolished by the Chinese
government in May 1995. Between October 1993 and May 1995, the author had closed
connections with the Shanghai International Securities Co., Ltd., which was one of the
biggest security companies in China and went bankrupt due to over speculation and
adverse political environment. Following these experiences the author became interested
in carrying out research into examining the validity of reasons behind the decision by
the government to close the Shanghai bond futures market and the claims that the local
markets could become more volatile if affected by and integrated with foreign factors.
This thesis is based on the belief that the financial market quality can be improved
by disseminating other relevant financial market information. As stated in the following
chapters, several studies have been published on the topic of this belief. Why then do
we undertake this research? The motivation for selecting the two areas springs from the

facts that:

e Ever since the introduction of the study of inter-market information linkages, al-
most all published studies have referred to developed countries. Insofar there is
substantial agreement that the inter-market information improves price discover-

ing efficiency.

e However, many of the literature articles focus on two specific markets without

considering the influence of the third market.

e With the exception of papers on several emerging stock markets we are not aware
of any journal articles in the English literature that present studies to examine the

inter-market information on the Shanghai financial market.
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e From the empirical perspective, the Shanghai financial market is of particular inter-
est. Firstly, Shanghali is an interesting emerging market because it is unprecedented
that a market could develop so rapidly like Shanghai from being an obscure stock
market only a few years ago to having access to one of the major financial centres in
the world — the Hong Kong stock market. Consequently, an analysis of information
flow between the two stock markets may provide a way to better understand the
effects of inter-market information flow. Secondly, the majority of published papers
attempt to demonstrate the impacts of the listing derivatives while the Shanghai
bond market gives us unique opportunity to understand the impact of the de-listing
bond futures in the Shanghai bond market through examining whether the bond
futures market had fulfilled a vital role in enhancing the effectiveness of the un-
derlying bond market. Thus such uniqueness provides an additional perspective to
better understand a separate but closely related issue for the effects of inter-market

information fiow.

1.3 Research questions and research approaches

1.3.1 Research questions

This section sets out a number of questions that form the basis of this thesis. So what
style of research on the Shanghai stock market is being proposed in this thesis as a
way of increasing our understanding of the critical price discovery issues related to the
methodological issues? The answer is the econometric analysis of stock prices of research,
aimed at producing an understanding of how the information content be incorporated
into the stock prices. Thus, in this thesis, we demonstrate what “global” and “local”

issues could influence the Shanghai stock prices by regarding the following questions

1. To what extent has the handover of Hong Kong infiltrated the Shang-
hai stock market? Are there any “information” issues that impact the

Shanghai stock market and implications for policy regulations?
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Traditional segmented stock markets, it could be argued, operates principally on
the basis of very limited available local information which leads Bekaert and Harvey
(1997) to conclude that the stock prices are more volatile in those markets than
developed stock markets. In the past, the Shanghai stock market operated in a
similar way. This tradition may be changed by increasing impacts of Hong Kong
factors that assist the Shanghai stock market operation and potentially lead to the
decline of the Shanghai stock market volatility. If, as seems likely, capital market
liberalizations significantly decrease wvolatility in emerging markets (Bekaert and
Harvey 1997, p.70), then the Hong Kong information may become an integral part
of Shanghai stock prices. The answer to this question leads to answering the next

two questions.

. Beyond the handover dimension concerning the change of the Shanghai
stock market volatility, has the first question left out other potential
important dimensions, such as the potential influences of the New York

stock market on the Shanghai stock market volatility?

Although we expect that the effort to explain the Hong Kong stock market im-
pacts on its counterpart — the Shanghai stock market can benefit from the general
literature on volatility spillover between stock markets, it must be also recognized
the unique aspects to participation in a third-party involvement no matter how
unusual it may seem. Many works have pointed to the significance of information
dominance for the US stock market. Then the general expectation is that the rela-
tionship between the Hong Kong and Shanghai stock markets is comprised of US
components. In this view, the US’ potential relevance to explanation of the Shang-
hai stock prices must be considered also. From this perspective a system is defined

including dimensions such as US, Hong Kong, and Shanghai dependent variables.

. Are there Hong Kong economic factors that are peculiar to financial

markets that have influenced the Shanghai stock price movements?



Researchers in areas of macroeconomic fluctuations routinely acknowledge inter-
connections among different economic variables. “Shocks” researchers, for ex-
ample, have long incorporated different economic shocks such as consumption
shocks, credit shocks etc. into their models (for a broad knowledge of this area see
Cochrane, 1994). As studied by Lo and MacKinlay (1995), Cheung et al. (1997),
research on the relationship between economic activities and financial markets has
in recent years addressed issues of stock returns with respect to observable economic
variables. The analysis of this question is similar to the above analysis of finding

which economic variables that affect stock prices but differs in the methodology.

4. Finally, had the adoption of financial derivatives provided technical im-
plications for the quality and content of the information in the Shanghai

financial market?

This question is to assess how valid the criticism by Chinese policy regulators is
that the financial derivatives had destabilize the underlying financial market. The
relevance of this question to the above three questions is not very obvious. This
does not mean, however, that this aspect of analyses is unnecessary. It does serve

a purpose of understanding the functions of the information within the Shanghai

financial system.

1.3.2 Research questions relating to the research approaches

In the final paragraphs of this subsection, we need some additional contexts for the
questions that have been raised here by relating them to the research approaches that
we have been involved with.

We have restricted our scope in this chapter to the study of information content in
the Shanghai stock prices. Questions (1) to (3) examine the information flow between
the Shanghai stock market and other stock markets. The multivariate ARCH family

approach, which is a nature measure of the volatility movement, forms the framework for



the consideration of the first two research questions. Question (1) explores the changing
conditional volatility magnitude for the Shanghai stock market, and the changing role of
the Hong Kong stock market for the Shanghai stock market. The second research question
looks at the reasons whether or not we should introduce the US factor to the Hong Kong
and Shanghai system, and in particular the significance in the debate of the co-persistence
in variance. In view of the changing volatility through time is a good representative of
new information coming into stock markets, it appears that the analysis of conditional
variance through ARCH models might be the appropriate method of analysis in this
situation ( Of course there are many non- ARCH models that can specify conditional
volatility such as Parkinson (1980)’s extreme value method, French et al. (1987)’s ARM A
model, Shephard (1996)’s stochastic volatility model ).

A different research approach, the structural VAR (SV AR) model, is used for the third
question which seeks to explore in greater depth the impacts of the Hong Kong stock
market on the Shanghai stock market. To date there are very few scholarly research that
report, on using the structural VAR model to study financial variables. There has been
even less research on relationships applying SVAR models for information sources analy-
sis between economic and financial variables. This may due to the data requirements
that are needed to support such studies. In recent years, the application of the combi-
nation of cointegration and ARCH analysis has become increasingly wide spread. This
may be attributed to be numerous successful studies to address the mechanism between
futures and its underlying spot markets. To gain a appreciation for how futures market
could improve the information efficiency for the spot market, the nonlinear Granger non

causality analysis is also applied for the last research question.

1.4 Structure of the thesis and research themes

The thesis is divided into seven chapters, with the first chapter and the final chapter

being the introduction and the conclusion. The remaining four chapters are based on



four individual papers, each addressing a specific research issue. Each of these chap-
ters contains a specific review of the relevant literature. Having introduced the overall
structure of the thesis, a more detailed (chapter by chapter) introduction to the thesis is

provided below.

1.4.1 An examination of the volatility transmission mechanism

between the Shanghai and Hong Kong stock market:

This is the main theme of the third chapter in which the examination of question (1)

revolves around the hypothesis that:

e When the conditional volatility of the Shanghai stock price is connected
to the Hong Kong information, the conditional volatility tends to de-

crease, reflecting the benefits of the inter-market information flow.

The basis of the above hypothesis lies in Engle et al.’s (1990) meteor shower hypothesis
that economic, political, or social events change in one stock market may cause volatility
to change in other markets. In the context of their paper, there are two interpretations
for the volatility transmission mechanism: One, for the expectation consideration, shocks
in a foreign market may alter investors’ expectation levels for the domestic market, hence
generating the volatility spillover effect.

Two, for the market policy coordination consideration, the volatility spillover effect
may be a result of the policy adjustment for the domestic market corresponding to the
change of the foreign market policy. These two interpretations can also be considered as
the potential channels for the volatility transmission, thus raising the argument that the
foreign market can destabilize the domestic market.

It is this argument that forms the motivation for the above hypothesis, investigating
the volatility transmission mechanism between the Hong Kong and Shanghai stock mar-
kets before and after the handover in July 1997. This empirical analysis is conducted

by using the approach proposed by Glosten, Jagannathan and Runkle (1993), which can
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allow shocks to have asymmetric impacts on conditional volatility processes. An exam-
ination and exploration into the volatility transmission mechanism may help investors,
by not only in getting a better trading strategy, but also by providing an appropriate

assessment for policy concerns.

1.4.2 An overall assessment of the US influence on the relation-

ship between the Shanghai and Hong Kong stock market:

This is the theme of chapter four, in which it extends the results of the third chapter,
but the emphasis is somewhat different from the work of chapter two. Theoretical as-
sessments of the effectiveness of a system that is suspected of omitting relevant variables
are demonstrated by Lutkepohl (1982), in which he states that “a low dimensional sub-
process contains little information about the structure of a higher dimensional system, ...,
the structure of the relation can only be derived by including all important variables in
the model. Consequently, since many economic variables are important in the sense that
they interact, high-dimensional time series model-building seems to be required”.

In reviewing the journal papers it is apparent that there is a striking measure of
agreement: the US stock market has a considerable effect on the rest of world stock
markets. Since the dominance of the US stock market has been widely recognized, it can
be argued that such a relationship between the Shanghai and Hong Kong stock markets
may simply reflect increases in the US’s influence rather than the true volatility spillover
effects. A further examination of the relationship between the Shanghai and Hong Kong
stock markets is therefore needed for their volatility spillover mechanism to be valid.

Thus the above quotation from Lutkepohl forms the hypothesis for chapter four that:

e The dominant US stock market does not influence the results of the
volatility spillover between the Shanghai and Hong Kong stock markets,
in which the results are generated in a bivariate system.

Examining the volatility spillover between financial markets whose dimensions are

8



known is a relatively straightforward matter involving nothing more complicated than
multivariate ARCH-family models. On the other hand, to consider the US impacts on the
volatility spillover between the Shanghai and Hong Kong stock markets with integrated
volatility processes seems far more difficult. This problem can be solved with the aid of co-
persistent in variance theory proposed by Bollerslev and Engle (1993). The application
of the co-persistent in variance theory expands the earlier treatment of the volatility
spillover processes in the sense that it brings together the related volatility modelling
that has been developed.

Moreover, this theory can be applied by showing how the US factor can be incorpo-
rated into the volatility spillover mechanism between the Shanghai and Hong Kong stock
markets. In doing so it identifies the valid relationship between the Shanghai and Hong
Kong stock markets. It also shows that different treatments the US factor by applying
the multivariate ARCH family models and the co-persistent theory should yield the same

conclusion on the relationship between the Shanghai and Hong Kong stock markets.

1.4.3 The identification of potential sources that facilitate the
linkage between the Shanghai and Hong Kong stock mar-

kets:

One of the most distinctive features of the two stock markets occurring since the han-
dover is the information flow that has arisen. So far, we have analyzed the two stock
markets as a whole, without focusing on which specific financial and economic variables
are responsible for the information flow. Thus the theme of chapter five involves an iden-
tification of potential sources that facilitate the linkage between the Shanghai and Hong
Kong stock markets. This is necessary because the depth of information flow depends on
financial and economic factors, including the level of the stock market development and
the extent to which the stock market dominates. It might also hinge on political factors

which, however, are beyond the scope of this thesis. The approach adopted for identifying



the potential sources is the structural vector auto-regression model (SV AR), which pro-
vides a convenient framework for taking into account various statistical and econometric
issues which arise in identifying a set of independent shocks. In this chapter, it starts
with raising the aim of this chapter, and then the basic statistical formulation of the
SV AR approach are outlined. This is followed by an identification of the potential shock
sources and how they affects the Shanghai stock prices. When discussing the structures

VAR analysis for the two stock markets, the innovation accounting examinations are also

addressed.

1.4.4 An examination of the impact of the Shanghai bond fu-

tures market on the underlying spot bond market:

This is the theme of the sixth chapter, involving an investigation into the problems of the
closure of the Shanghai bond futures market by the Chinese policy agency. Assessment
of derivative markets has recently become a key area for the international literature
since their introductions. Concerns remain, however, about whether derivative markets
meet the needs of emerging markets with difficulties in understanding the functions or
roles of derivative markets. With its unique history, the examination of the Shanghai
bond futures market may help to highlight the needs of such markets. For this reason,
examining the relationship between the Shanghai bond futures market and its underlying
spot market could provide new insights for understanding the functions of information
and become desirable.

A major issue in identifying the needs is whether the bond futures market is neces-
sary, or whether the bond futures market had fulfilled its functions. Several approaches
have been applied to examine the functions of the futures market, including the multi-
variate ARC H model and the nonlinear Granger causality test. It should be noted that
this chapter is not inconsistent with the contents discussed in other chapters. In fact,
this chapter also draws on the roles of information. Therefore, we view this chapter as

complementing other chapters, in that it attempts to bring additional aspects of the way
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that how information functions between the derivative market and its underlying spot
market.

The last chapter draws summary conclusions on the need to recognize the benefits of
the information linkages among different markets. It argues that the consequence of the
information flow on which the conditional volatility is based can improve price discovery
processes. The key issue for policy makers is not to curb such informations linkages.

Finally, the contributions and implications of this research are provided.

11



Chapter 2

Relevant methodology literature

review

2.1 Introduction

Many scholars have contributed to a burgeoning literature that sheds new light on how
the volatility spillover between stock markets and their financial effects. The purpose of
this chapter is to evaluate these past and present literatures, and especially to justify the
properties of their methodologies, among which some have been applied in this thesis.
Much of the existing research on the relationship between information arrivals and
stock price volatility centres on how major macro-economic statistical data releases affect
the underlying stock market volatility (although efforts have also been made to analyze
foreign currency markets, capital flow, and other facets of international economic rela-
tions). Various studies focus on international stock markets, emphasizing how the rate
of information flow among geographically separated stock markets can be measured by
the volatility of stock prices. While many other studies have also focused considerable
attention on the influence of financial derivatives on the underlying stock market, exam-
ining whether financial derivatives are more capable of achieving the required functions.

If this ability is crucial to achieving their designed functions such as price discovery, then

12



it may follow that the underlying spot market exhibits less volatile behavior in the fi-
nancial system. At the same time, however, these research leave various empirical issues
unsolved, including which economic factors bear most heavily on information flow and
the nature of their effects and whether the openness of the emerging stock markets bring
new levels of transparency and liquidity to financial markets.

The resolution of these issues is likely to help clarify whether or not the Shanghai
stock market should be opened to the outside world and apply derivatives. This literature

analysis is structured on two aspects:

e How is the stock market volatility connected with information, how should
stock volatility be defined, and what are the economical and financial policy

consequences of stock market volatility spillover?

e Why do most research measure information flows rely solely on the ARCH-
family model, the cointegration analysis, and the structural VAR model? This

issue is illustrated at greater length later in this chapter.

2.2 The information contents and the econometric
analyses of the changing stock prices and condi-
tional volatility through time

Extensive scholarly interest in public information on the stock markets has yet to gen-
erate a widely accepted definition of information. Differences over the widely accepted
definition of information hinge on the importance of economical and financial proxim-
ity. More than twenty years ago, Rozeff and Kinney (1976) find there is abnormal stock
returns in January because of the above-average amount of firm-specific information at
the turn of the year. Mitchell and Mulherin (1994) employ the number of observable
and broad announcements released by daily by Dow Jones & Company to examine the

aggregate stock market returns. It, however, cannot be said that they have succeed in
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finding appropriate proxies for information which would be of much aid in deciding the
importance of information for stock markets. While latter research focus on the impacts
of macroeconomic, financial, and governmental announcements on stock market prices
(On this issue, see French and Roll 1986; Penman 1987; Roll 1988; and Ederington and
Lee 1996).

Besides proximity, many papers examine the role of public information arrival as the
determinant of financial market volatility (See, for example, Berry and Howe 1994; and
Bollerslev and Melvin 1994). Reflecting this position, Stephen A. Ross (1989) notes
that “ In an arbitrage-free economy, the volatility of prices 1s directly related to the rate
of flow of information to the market.” In order to analyses the relationship between
price volatility and the flow of information, he defines the form of information process
following a stochastic differential equation such that %ﬁ = p,dt+osdz,, where the variance
of information flow o2 equals the variance of price change Uf, in the absence of arbitrage.
While there is no ideal definition, Ross has suggested a good idea that information can
be measured. Exactly how to apply the measurement of the effects of information on
prices and price volatility remains different.

The above papers, for example, consider the impact of the available information on
the behavior of prices and price volatility within a single financial market. While others
consider the impacts of information flow between two different regional markets, and
still others consider it more than two regions. Furthermore, considerable interests have
been focused on how the derivatives market, such as futures, stock index futures, and
options, can bring new information and subsequently influence the underlying market
price and price volatility. Setting aside the issue of how the information should be defined,
this chapter focuses primarily on the information influence on the measurement for the
volatility spillover among bivariate, multivariate regions and the relationship between the

derivatives market and the underlying spot markets.
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2.2.1 Information measurement in the ARCH model perspec-
tive
Some evidence considerations

The development of measures for information has important financial policy and invest-
ment strategy implications. Such measures should necessarily entail the interaction of
dynamic of price volatility and the information involved, and of the transmission of infor-
mation among stock markets. In an early study on price volatility and its international
market transmission, Roll (1989) provides a survey paper on how and why the crash of
October 1987 propagates internationally. Even though most of Roll’s review papers suffer
from selection bias problem (Daniel B. Nelson, 1989), Roll provides a striking consensus
on the existence of international volatility influences. The existence of volatility spillover
effect is equivalent to a international information flow. Consistent with this proposition,
a contagion model of international volatility spillover developed by King and Washwani
(1989) reveal that, in their words, “In a non fully revealing equilibrium, price changes
wm one market will...in a real sense depend on price changes in other countries through
structural contagion coefficients. Mistakes or idiosyncratic changes in one market may
be transmitted to other markets, thus inéreasing volatility”. We have seen that much
of the literature have noticed that information releases and transmission are the poten-
tial sources of much of market volatility. Many papers are also aware of the issues of
heteroskedasticity of the return variates involved.

In Diebold and Lopez (1994)’s modelling volatility dynamics literature review (pp.435),
the random price change error per unit of calendar time () is a function of information
arrival of calendar time (I,), & = Y.t &, with & N (0,m). And after a trans-
formation, &, = (nIt)l/ 2 2, with z N (0,1). Thus, e, characterized by conditional
heteroskedasticity is connected with information that is incorporated into stock prices.

Ederington and Lee (1993) examine the null hypothesis that the variance returns are

constant by applying the Brown-Forsythe-modified Levene test, showing the hypothesis
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of homoskedasticity is overwhelmingly rejected with the macroeconomic news arrival. So
the measures must have been carefully designed, firstly, to establish an effective connec-
tion with the time varying stock price return and volatility; secondly, to target volatility
process which is compatible with information generating process. In other words, these
measures should take into account the non-linear dynamic properties of information gen-
erating process that whether information is reflected in stock prices immediately and
disappears or its effects on volatility persist over a longer period.

Much of the literature on the sources of information movement among the stock
markets draws upon on modeling conditional variances as the function of past con-
ditional variances and past squared innovations such as the autoregressive conditional
heteroskedasticity (ARC H) and its generalized autoregressive conditional heteroskedas-
ticity (GARCH) processes. Developed primarily by Engle (1982) and Bollerslev (1986)
respectively, their works on conditional volatility process serve as a point of departure
for the following analysis. Tsay (1987) extends Engle’s ARC'H model to his Conditional
Heteroscedastic Autoregressive moving Average (CHARM A(p, q,r,s)) model, which is
unfortunately unpopular among econometricans perhaps due to its complexity in model
building. Preferential the general autoregressive conditional heteroscedastic (ARCH)

models have several quality properties:

e liberalizing conditional variances to capture volatility clustering (i.e. conditional
variance heteroskedasticity) while keeping unconditional variances constant for sta-
tistical convenience or even allowing them inexistent. As Engle (1982) explained,
the conditional variance of the current random stock return errors e; (i.e., Ry =
E(R:|I;—1)+¢€:, where I;_; is the o-field generated by all the available information at
time t — 1) is a function of its own serially correlated squared lagged errors induced
by the dependent arrival information. That is assuming that e;|l,_; « N (0, h;)
where hy|l,_; = ap+a (L) e? withag > 0, (L) = > oL, a; > Oand Lie? = €2,
fori =1, ...,q. All the roots of polynomial 1 —a;z — azz? —- - - — a,2? = 0 lie outside

the unit circle (i.e. ||z||,, > 1) to guarantee the unconditional variance being ho-
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moscedastic. and conditional variance being finite. Just how long a shock persists
in conditional variance process hinges largely on the order of the lag ¢ which can

be determined by some information criteria;

not only distinguishing the normality distribution assumption for the conditional
random errors &; from the unconditional nonmoral distribution for random errors €,
but also keeping the flexibility to admit other parametric conditional distribution
assumptions for g;. The unconditional distribution of stock returns or €; has heavy
tails compared with normal distribution with its fourth moments being 3. Engle
(1982) again shows that the conditional fourth moment property generated by
ARCH (1) process for ; conditional on past information is larger than that of the
E(efl i 1—a?

standard normal distribution. That is JTZ =3 (1»30:2) > 3, provided 302 < 1
1

£

for the existence of the kurtosis; consequently seizing some parts of the leptokurtosis
for the stock returns. However, the conditional normal distribution assumption
can not apprehend sufficiently the whole excess unconditional fourth moments. As
a result, the conditional ¢ distribution and generalized error distribution (GED)
assumptions are utilized to describe the conditional leptokurtic distribution for &,
by Engle and Bollerslev (1986) and Nelson (1991) respectively, while some other

non-normal conditional distribution are applied by researchers as well;

evolving abundant source of ARCH processes to pursue the empirical regularities
of stock returns while keeping the ability to illustrate some unique characteristics of
information flow processes for both from within a single stock market vs. interna-
tional markets and the derivative market vs. its underlying spot market. Generally,
negative pieces of information provoke stock markets more volatile than positive
pieces of information (i.e. the asymmetric effects for stock returns) and this par-
ticular feature enriches the ARCH model family from symmetric to asymmetric
ARC H models. Hentschel (1995) even works out, in his words, “a family of mod-

els of generalized autoregressive heteroskedasticity (GARCH) that encompasses all
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the popular existing GARCH models” at the expense of sacrificing the simplicity
property of the GARCH models. Even if these asymmetric conditional variance
functions may become cumbersome in order to accommodate the asymmetric ef-
fect, they can nonetheless enhance our understanding of the two information flow

hypotheses provided by Engle, Ito and Lin (1990): heat waves and meteor showers.

The key structure of the family of ARC'H models characterize the idea that there is a
interaction between conditional variances expressing various properties of stock returns
and information transmissions. The incorporation of different pieces of information set
from other foreign markets into local markets, which is of importance for many decision
strategies, is similar to the information formation within a single market. Consider-
able interests have been emerged from the investigation of such interactions in terms of
different markets. We focus primarily on this area as well. A number of phenomena
attributed to information flow are referred to collectively as “volatility spillover” effects
(e.g., Hamao, Masulis, and Ng, 1990; Hamao, 1991). In their univariate ARC'H model,
which is in contrast to an autoregressive model (McQueen, 1992), the foreign information
represented by the most recent squared residuals estimated from foreign stock returns
are directly added into the expression for the local conditional variance functions. That
is, hieed!|I,_y = ARCH Model + > 1, 5; X 1T where X is the most recent foreign
squared stock return residuals in foreign market i, and n denotes the number of foreign
markets. The parameter §; measures the volatility spillover effects (i.e., meteor shower)
from foreign market ¢ to the local stock market. The evidence indicates significant volatil-
ity spillover from the New York stock market to the London and Tokyo stock markets,
even though this evidence may suffer the incorrect inference test as argued by Susmel
and Engle (1994).

One particular research field that directly addresses the volatility spillover effects con-
cerns the way that multivariate conditional variance functions for different markets are
estimated simultaneously to help using information more efficiently (Bollerslev, Engle,

and Nelson, 1993). However, the multivariate ARCH models are troubled by the over-
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whelming large number of parameters that need to be estimated (see the V EC' H model of
Bollerslev, Engle, and Wooldridge, 1988). Soon thereafter, it became apparent that many
approaches that could reduce the dimensionality of the parameter space while maintain
the conditional covariance matrix positive definite by imposing plausible restrictions have
been developed (for reviews on this issue, see Engle, Ng, and Rothschild, 1990; Engle and
Kroner, 1995). Improvement from univariate to multivariate models and factor-ARCH
models can also help us to examine how economic, political, and market environment
cause changes in volatility more directly (see Bollerslev, 1990; Karolyi, 1995). Finally, a
relatively large proportion of the research on hypothesis volatility spillover is concerned
with the impact of the introduction of derivative markets on underlying cash markets
or the impact of large markets on small markets. Multivariate conditional functions are
capable of reconstructing the time varying inter-markets dependence generating process
(e.g., Chan, Chan, and Karolyi, 1991; Shastri, Sultan, and Tandon, 1996; Conrad, Gul-
tekin, and Kaul, 1991).

Conditional variance persistent and co-persistence considerations

As have already mentioned, the Autoregressive Conditional Heteroskedasticity (ARCH)
models have rich ‘semantic’ structures and it is likely that we could use them to measure
information more appropriate than simply the approximate measurement of uncondi-
tional approaches. Despite of this distinguishing feature, economtricans have devoted rel-
atively less attention to the issue that, for example in the GARCH (p, q) model, hy|L;_1 =
wH+d 1 el +> 5 | B;hi—i, there may exist an approximate unit root in the autoregres-
sive polynomial for the model; i.e. the polynomial 1— (a1 +o oG+ ﬂp) =0
has a root exactly on the unit circle. An issue is referred as integrated in variance or
IGARCH model by Engle and Bollerslev (1986), in which the second and the fourth
unconditional moments are infinite for the integrated ARCH models. For the integrated
GARCH model, shocks to the conditional variance s steps in the future h;,, do not die

out because the weights on past shocks equal to those of the most recent shocks. As
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a result, the volatility has persistent impact on the stock prices that is, as remarks by
Engle and Bollerslev, “the current information remains important for the forecasts of the
conditional variances for all horizons”.

This property for the conditional variance is called persistence in variance. It worth
noting that this persistent effect does not necessarily mean that the IGARCH model
depends on the initial value over time. Nelson (1990) points out in his analyzing the
properties of GARCH (1,1) that the persistence property path for the IGARCH (1,1)
depends entirely on the signs of F [In (8 + az?;)], where 2z, = &/v/hy, with E [z] =
0,and E [22] = 1. One of the important results that Nelson obtains for the IGARCH(1,1)
process is that even though the unconditional variances may not exist, their process is still
strictly stationary but not covariance stationary. “This illustrates the important point that
the behavior of a martingale can differ very sharply from the behavior of a random walk”
as he points out. However, early efforts to analyze the integrated variances were heavily
criticized by the possible presence of structural change in the unconditional variances
(see Diebold (1986), Lamoureux and Lastrapes (1990), Cai (1994)). Lately, research on
integrated variances have been revived, especially in research on co-persistence variances
and long-memory variances. Much such analyses suggest that increased information flows
among stock market have impacts on the applications in financial time series data, leading
researchers to develop new directions that can promote deeper understanding the role of
information.

A related line of research suggests that when the variance persistence in a univariate
framework is extended to a multivariate framework, the information influence of groups
of conditional variances can affect the portfolio selection strategies and the related econo-
metric consequences. Bollerslev and Engle (1993) present a theoretical consideration on
cointegration for conditional variances. They view the common persistence in conditional
variances as implying the existence of one or more long-run relationship(s) among the
individual persistent conditional variances. For ease of reference, it is useful to repeat

some Bollerslev and Engle’s definitions and theorems. Let the stochastic variance process
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is defined to be

limsup |E; (vech (Hy)) — Eo (vech (Hy))| = limsup |(H; (s))|

t—o00 t—o00

Where E; represents the expectations operator conditional on current and past values of
the process of H; at time i; vech (o) is an abbreviation for “vector-half” operator and H,
is the n x n conditional variance-covariance matrix. This definition implies that whether
the stochastic variance process H; almost surely uniformly converge to random variables
depends on the least upper boundeness of Hj (s).
The non-singular conditional variances Hj (s) converge if and only if ||A|| , = Maxz |A] <

1, where ); is the characteristic roots of Hj (s) with i = 1,...,n(n+ 1) /2. That is,
111;:1 sup |(Hj (s))| almost surely uniformly converges to zero by the strong law of large

numbers for all s > 0.

If, however, |A;| = 1 for some 7, then lim sup [(Hj (s))| # 0; Bollerslev and Engle define
this situation as persistent in variance. EOO\ZIGVGI‘, in a similar spirit to the definition of
persistence in mean (see Engle and Granger 1987), if a non-zero n x 1 vector v, v € R”,
can make linear combinations of each persistent variances, i.e. 11?1 sup |(Hj (s))] # 0, to

be covariance stationary such that

limsup |E, (Y (Hy) v) — B (v (Hy) )| =limsup |vec2 (v)' (H; (s))] =0

t—o0 t—o0

almost sure for all s > 0, where the vec2(:) is an operator for v, then the process
of the conditional variances Hj (s) is called co-persistence in variances. Bollerslev and
Engle (1993) successfully apply their theoretical work to examine the information source
for exchange rates. They find that the common persistence in the volatility in several

foreign exchange market can be attributed to dollar-related news.
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2.2.2 Long run relationships in systems of equations

Cointegration and Unit Root Analysis

The needs to form the concept of cointegration rest on the interests of econometricians
to distinguish long term solutions and short term solutions among groups of financial or
economic variables. In the preceding subsection, we have reviewed the ways that these
concerns might operate separately or in combination to analysis information behavior in
variances. But extensive work has been done in attempting to define and measure the
distinction between long term and short term relationships among those financial and
economic variables on level. Johansen (1996) suggests that it is easier, more accurate,
more consensual, and more beneficial for econometricians to identify long run relation
with combination of simultaneous values and short term relation with dynamic values. A
long run equilibrium relationship is viewed as having achieved a correct specification while
it is free from characteristics of spurious regression, in which two or more independent
non-stationary variables display strong correlation when regressing one variable on the
other.

From the cointegration perspective, the long run relationship between non stationary
variables, Y, is not only stable, that is actual deviations from this long run relationship
being a median-zero stationary process ( Banerjee et al. 1993, pp. 4), but also the long
term relationship remains perceptually constant unless the structure of the underlying
system changes. That is, within broad limits, the long run equilibrium state associated
with non-stationary variables remains invariant as information arrives—the relationship
of long solutions keeps the same whether the information shocks persist forever in the
underlying variables or not. This implies that cointegration ‘filters’ the persistent shocks
for the combination of the underlying variables. This is so because if the underlying
non-stationary variables share a common stochastic trend(s) (Johansen, 1996), the coin-
tegration can extract this common trend by taking suitable linear combinations for the

integrated of order one process 3Y;. Because, based on the Beveridge-Nelson decompo-
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sition, the I (1) process Y, can be represented by a reduced number of common random
walks plus a stationary component as Y, = Yo+C (1) X7, €,4C" (L) &, the suitable
linear combination B"Y; can remove the random walks elements > >, &; if 3'C (1) =0.

The first strategy adopted for testing cointegration relations was Engle and Granger’s
(1987) two-step OLS procedure with a strong assumption that there exists only one
unknown long run relationship among the cointegrated non-stationary variables. Engle
and Yoo (1987) provide the correct critical values for testing the integrated order of
the estimated OLS residuals. Heavily built on the multivariate Beveridge-Nelson (1981)
decomposition of the non-stationary variables, Stock and Watson (1988) directly test the
cointegrated model through testing whether the number of common stochastic trends will
reduce from k to m, then there will be k—m cointegrating vectors. The levels of variables
can then be expressed by the m common trends plus stable components. The common
trend representation can provide a convenient approach for the long run forecasts in the
cointegrated systems. King et al. (1987) defined the common trend as the technology
shocks in their paper. It is obvious that these tests are non-likelihood-based approaches.

A second strategy stemmed from the requirements that a majority of research on eco-
nomic and financial analysis have been based on studies of multivariate variables analysis.
With some important exceptions, relatively little has been done testing directly two vari-
ables. Accordingly, likelihood based inference tests for cointegration analysis have been
adopted. These techniques could enrich our knowledge of cointegrating relationships
among the interested variables. However, the initial difficulty for likelihood-based test is
that test statistics are no longer standard distributed due to the presence of unit root
processes. Given that the cointegration relations can be a priori known, or unknown, or
some known and some unknown, different test statistics have to be applied. For the rea-
son that most of the times we have no prior information for knowing exact cointegrating
relations, Johansen (1988) proposes the most important full information maximum like-
lihood ratio statistics estimating the number of cointegration relationships, cointegrating

parameter vectors and inference for the cointegration space through the error-correction
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model (ECM) '. He first defines the process Y; (n x 1) following a VAR (p) in lev-

els, Y;=C+IL1Y;,1+--- +ILY, ,+€;, and reparametrises it into the error correction

form under certain restrictions as
AYt: I‘lAYt_l—I— R Fk—lAYt—p+1 - CYB,AYt_p —+ Et t= 1, . T

where the size of av and 3 matrices is » X n and their rank is 7 with 7 < n, and the white
noise process ¢, is normally distributed as €, ~ N (0, ) . The conditional distribution of

AY, based on past information is also normally distributed as

AY: | Y1 Y, ~ N(AY, = YU TVAY s + @AY, ©)

The variance-covariance matrix €2 (n x n) is positive definite. Apart from the constant
elements, the log likelihood function of AY, subject to the restriction a3’ and the unit

matrix Jacobian factor is given by

L(Ty,...,Tp1,a,8,9) = —05T1log | —0.53
{(AY, - Y7 DAY+ afAY, ) Q7 (AY, — S0 DAY+ af AY, )}

The only interested matrix is 8 whose rank determines the number of cointegrating
relationships. So in order to maximize the parameter matrix B without considering
the rest matrices I'y,...,T'p_1, a,and 2, we could concentrate the likelihood functions
L(Ty,...,T,1,a,3,Q) three times®.

Firstly, maximize the likelihood function L (T'y,...,T',—1, o0, 3, Q) by assuming Q,

and @ as given so as to concentrate out I'1,...,I,—1,. This is equivalent to projecting

'Without considering any economic or financial theories, Johansen assumes that the number of coin-
tegrating relationships are totally unknown to econometricans before testing for cointegrating vectors.
Watson (1994) presents the Wald tests statistics if exact cointegrating relationships are of a priori knowl-

edge under the alternative hypothesis.
2For details see Bierens (1994), Hamilton (1994) and Johansen (1995). It should be noted that Ahn

and Reinsel (1990) propose the iterative least square approach to estimate cointegrating vectors.
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AY; and o' AY,_, onto the space spanned by f:_f I';AY ;. In doing so, two aux-
iliary OLS regressions are used to generated first difference stationary residuals Ry, and
level non-stationary residuals R,; by regressing AY; and Yy, on AY,_1,..., AY_,41,

respectively as

AY, =AY, 1+ -+ (1AY, 11 + Ry
Yt—k = SlAYt—-lJf” ctt + gk_lAYt-p+1 + Rpt

The concentrated log likelihood functions is given by

Le (ay /87 Q) =L (Qa Fl(a,ﬁ)a st >Fk—1(a,ﬁ)7 a::B)
— ~}T10g |0 ~ 5L, |(Roi + aB'R,,) Q7! (Rox + aB'R,,)|

Secondly, seek to isolate c(g) regressing Ro; on ﬁ'Rpt based on the assumption that

both B and Q are fixed. We obtain the OLS expression ag) for 3’ such that Ro; =
(,BIRpt) o) + €

—~ 7 -1 7 ; —1

CY/(ﬂ) = ('8 RptRzivtB) BR, Ry, = — ('Blsppﬁ) 'BISPO

With S, = RyuR;, and Sy = Ry Ry,. Finally, fixed 8 to concentrate §2 out, we get

Qp) = (Roe + &) BR,,) (Rot + 858 R,,)
= S00—S0p3 (B'SppB) " B'Spo

With Sgp = RpR{, and Sp, = Ry:R};. Let us manipulate the last expression of
Le (Oﬁ,,@, Q)’ we get

YL | (Root af'R,)' 271 (Ro+ aB'Ry,)|
=L tr |27 (Ro + af'R,,) (Roo+ aBR,,)]
= tr [Q_l S (Roe+aBR,,) (Ro + a,B’Rpt)} =constant
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Then the final concentrated log likelihood function becomes

L¢ () = —3Tlog |Qs)| = ~1T10g [Seo—S0,8 (8'S,28) " B'Sy0

Now the problem of maximization of L¢ (3)becomes the minimization of the function

S00—S0p3 (B'SppB) " B'Sp0

residuals Ry, and level residuals R, respectively; and Sp, and S, denote the covariance

. Where Sy and S,, denote the variances for the difference

for the two generated residual series. By minimizing the function

ﬁ(g) ’, we can solve the

. . SOO SOp . -1 . .
eigenvalues of the matrix , 1e., [ASp, — S8 Sop', in which the number

SPG Spp
of the largest non-zero eigenvalues r, which turn out to be the rank of the symmetric
. SOO SOp . . .
matrix , are derived by the computation of the r largest squared canoni-
Spo Spp
cal correlations between Ry, and R, and tested by two likelihood ratio test statistics.

Consequently, the matrix 8 (n x r) has to be the first r columns of the corresponding
matrix of eigenvectors, while the rest n — r eigenvalues must be zero. This is because if
Soo Sop

Sp0 Spp
consequently there is at least one eigenvalues must be zero. Perhaps it is worth noting

not all variables are independent in Y, then the matrix must be singular,

that the eigenvectors needs to be normalized to make them unique. To obtain canonical
correlations simply demonstrates that the concentrated maximum likelihood and canoni-
cal correlation methods are aimed at measuring the extent of the correlation between the
stationary AY, and the linear combination of non-stationary Y, 3"Y;. Thus the rank of
matrix B3 is r, determining the number of cointegration vectors which in turn determine
the equilibrium relationships among the variables in Y.

Detail motivations by applying maximum likelihood estimation of parameters and
canonical correlation analysis are proposed by Hamilton (1994, chapter 20). Johansen
(1991) again provides further results on maximum likelihood estimation and likelihood

ratio tests for cointegration allowing for constant term and seasonal dummy variables.
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There are still other methods of estimating cointegration vectors available such as Boswijk’s
(1994) conditional cointegration analysis, in which the cointegration parameters of in-
terest can be estimated conditional on weakly exogenous variables and the Wald test
can be applied to examine the significance of the error correction variable, and Park and
Phillips (1988, 1989)’s triangular system ECM representation, in which no dynamics are
need to be estimated, simplifying the estimation and asymptotic inference procedures.
The triangular representation can be treated as a special case for the ECM represen-
tation, while the Stock and Waston’s common trend representation can also be derived
from the triangular representation (see Hamilton 1994, p.578). Although the above mea-
sures differ in some details, their broad approaches and ideas are quite similar. Their
aim is to find long term equilibrium solutions among a set of non-stationary variables.

While there has been much research on the structural properties of cointegration in
economics, research has generated relatively little progress and still remains controversial
in detailing international financial markets by using the concept of cointegration. Most
papers on financial market efficiency and economic variables impacts on stock prices
apply E. Fama’s classical methodologies.

Granger (1986) perhaps is the first author to address the links between cointegration
and financial market efficiency. While Granger’s assertion that the presence of cointe-
grated financial prices is against the market efficient theory is certainly true in some
situations, the problem he identifies is neither unique to all financial markets, (for exam-
ple, financial futures market and its underlying spot market) nor necessarily, the most
difficult the researcher faces. Applying Johansen’s (1988) methodology, Kasa (1992)
presents evidence concerning the number of common stochastic trends in the stock mar-
kets of five major industrial countries and he finds the levels of total return indices are
strongly cointegrated around a single common stochastic trend. Richards (1995) argues
that Kasa’s findings “is due to a failure to adjust asymptotic critical values to take account
of the small number of degrees of freedom that remain in the Johansen’s MLE procedure”.

Obviously, this is a strong argument because cointegration tests indeed suffer potential
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size distortions in high dimensional systems (Ho and Sorensen 1996) and bias towards
the lag length specification and non-normal errors in systems (Cheung and Lai 1993).

However, this is not to say that nothing at all is known about the significance for coin-
tegrating relations among financial variables. These studies on “pitfalls” of Johansen’s
ML test remind us to pay attention to the robustness of likelihood ratio tests. As a case
in point, applying Johansen’s maximum likelihood procedure and using the same sample
data, Diebold et al. (1994) have reexamined Balllie and Bollerslev (1989)’s earlier tests
on nominal dollar spot exchange rate and found no evidence of cointegration for the
system of spot exchange rates. Diebold et al. then conclude that their results support to
Granger’s (1986) claim that cointegration should not present in efficient markets. Baillie
and Bollerslev (1994) reply Diebold et al.’s argument and claim that “However, a more
detailed examination of the deviations from the estimated cointegrating relationship re-
veals that the exchange rates may well be tied together through a long memory I (d) type
process, rather than an I (0) process”.

Central to the links between cointegration relations and financial markets and much
more consensus are the effects of futures market on its underlying spot market. There
should exist an equilibrium state between domestic futures market and its own spot mar-
ket or foreign futures market and domestic spot market (i.e. this is defined as composite
arbitrage) due to arbitrage opportunities. The arbitrage process represent the limitless
opportunities of wealth through riskless profit. Duffie (1996 p.22) defines “there is no
arbitrage if and only if there is a strictly increasing linear function F : L — R such that
F (o) =0 for any trading strategy at any time.” For financial markets, this linear function
for futures and spots is exactly the idea of cointegration. The concept of cointegration
may even apply in options market such as Put-Call-Parity theorem etc. Returning to the
claim, no cointegration in efficient markets may appear bias in this situation. The links
between the identification of cointegration and conditional variances remain important
in financial econometrics area, although they have not been studied in sufficient depth.

The existing literature does not furnish an adequate understanding of how to identify
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a set of cointegrated variances and how the information has been affected among stock
markets.

One of the most distinctive features of the econometrics literature occurring since
mid 80’s is the autoregressive time series with a unit root framework in which they
arose. The presence unit roots in time series has led to the formation of cointegration
tests. On the one hand, the identification of cointegration with equilibrium has been
established under the support of the unit root asymptotic distribution analysis, which
has attempted to derive the limiting distribution properties for integrated variables under
“a general class of functional limit theory on metric spaces” (Phillips 1987 p.278). On
the other hand, “Johansen’s procedure provides an alternative approach to testing for unit
roots in univariate series” (Hamilton 1994, p.646).

The available evidence suggests that, from the international stock markets standpoint,
most financial prices are integrated of order one. The classical asymptotic results for sta-
tionary time series variables can not be applied to test the presence of unit roots because
these conventional inference of the asymptotic distributions of parameter estimators are
divergent. These conventional results are actually special cases of the weak convergence
Weiner process (Phillips (1988) gives a direction flag for unit roots literature). Except for
few unit root tests, most unit root tests assume the null hypothesis of unit root process
against the alternative of stationary process. The reason of such considering is that, for
the researcher, a more important consideration maybe avoiding an early decision of ac-
cepting the variables being stationary. Moreover, the consequence of accepting the wrong
null hypothesis is less serious than accepting the wrong alternative hypothesis. Testing
unit root in time series and the asymptotic critical values are mainly proposed by Fuller
(1976), Dickey and Fuller (1979), Phillips (1987), and Phillips and Perron (1988). To
determine statistical inference for unit root process, we need assume continuous function
Y7 (r) to be the sum of the first r fraction of a sequence of independent normal variables

U, with mean zero and finite variance o? > 0 as

29



Yr (r) =T Y My,

where Var (Yr (r)) = @ — ras T — oo and 7 € [0,1]. Then it follows the func-
tional central limit theorem (F'C'LT") that Yr (-) /o converge to the continuous stochastic
Wiener process W (-). This peculiar feature of this result is the most important steps
tone for Fuller (1976) and Dickey and Fuller (1979)’s results while the rest of deriving sta-
tistical inference are just algebra manipulations. Phillips (1987), and Phillips and Perron
(1988) relax the restrictive assumptions of U; by allowing U; to be serially correlated and
heteroskedastic such that lim £ {(T‘Of’ ST Ut)QJ 7 lim. [T—l ST B (Uﬂ. Thus

the former two unit root tests might be viewed as special cases for the latter two tests.

Linear and nonlinear Granger Non-Causality

Granger causality is, at its roots, a theory of information knowledge. Using F-statistic
test, Granger (1969) refers to it as an attempt to well predict one variable X based on
all the information including past information of X itself and past information of other
variable Y. Sims (1972) further defines the concept as whether the past, present, and
future information of Y contribute significantly to the explanation of X. Hendry (1995,
pp.176) expresses concerns that one major problem with above definition needs “the uni-
verse of information to ascertain the effect of deleting the history of any one variable,”
and the other problem with the definition is the potential loss of information “if the
conditional distribution contains information about the parameters of the marginal dis-
tribution...which determines the parameters of interest.” In fact, the concept of Granger
non-causality is widely used in limited information sets. Starting with Engle, Hendry,
and Richard (1983), the concepts of Granger non-causality, weak (and strong) exogene-
ity and (later) cointegration have been closely connected. Urbain (1992) and Johansen

(1992) propose the cointegration estimation in the conditional single equation with less
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parameters, which is equivalent to the full system estimation, based on exogeneity.

Engle and Granger (1987) concern whether a set of non-stationary vector variables are
cointegrated of having an equilibrium relationship. A necessary condition for the presence
of cointegration is the existence of at least one way Granger causality (Granger 1988).
As Caporale and Pittis (1997) put it in the VAR (1) case, the presence of cointegration
implies the eigenvalues of the parameter matrix for the VAR system being less than 1.
If, therefore, the off-diagonal elements in the parameter matrix must not all be zero,
then one way Granger causality must exists. Relying on testing Granger non-causality
in unrestricted VAR system can lead to misinterpretation of what is tested because the
test statistics may easily suffer from diverge limiting distribution and nuisance parameter
problems if some or all variables in the VAR have unit root processes.

Phillips (1995) proposes a fully modified VAR estimation (F'M — V AR) approach to
solve these problems, in which the Wald test of causality has a standard y? distribution
without worrying non-stationary variables by taking into account of serial correlations in
the residuals and the effects of second-order bias. This does not, as is seemed however,
lead to specific methodological prescriptions that the FM-VAR approach should be the
only approach for Granger causality research. However, as Toda and Phillips (1993) put
it, ‘Causality tests are valid asymptotically as x* criteria only when there is sufficient
cointegration.... The precise condition for sufficiency involves a rank condition on a sub-
matriz of the cointegrating matriz. Since the estimates of such matrices in levels VAR’s
suffer from simultaneous equations bias there is no valid statistical basis for determining
whether the required sufficient condition applies.” Hence, as they argue if there exist
cointegrations in the system, “testing for causality in ECM’s is more promising than in
levels VAR’s.” Testing causality within the FCM framework can enable researchers to
gain direct access to testing and distinguishing short run Granger non-causality and long
run causality.

To complicate things further, sometimes it is desirable for researchers to test Granger

non-causality in the nonlinear framework, in which the aim and methodology are to-
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tally different from those in the linear framework shown above. Although identified by
Baek and Brock as comprising only little of Granger non-causality research, interest in
and examples of uncovering non-linear causality in financial market research have grown
(Hiemstra and Jones 1994, Brooks 1998). Hiemstra and Jones (1994) set out a non-
parametric statistical causality testing procedure, a valuable approach to the study of
relationships among financial variables in the domain of information clustering flow and

‘the richer types of asset behavior that nonlinear models provide researchers.’

2.2.3 Structural vector autoregressive (SVAR) analysis
Some evidence considerations

In thinking about the interactions among sets of financial and/or economic variables, we
draw upon the literature on Structural Vector Autoregressive (SV AR) analysis in gen-
eral, as well as work on Impulse Response Functions (I RF's) technique, first introduced
by Sims (1980). The structural VAR literature is relevant to this thesis, because we ex-
pect the method of identifying sources within sets of financial and/or economic variables
to have much in common with that of the interactions among sets of financial and/or
economic variables.

The reduced-form Vector Autoregressive theory (V AR) has been more popular than
the simultaneous equation model. The simultaneous equation model was an impor-
tant functional form in econometric model building and it “arises from economic theory
in terms of the operations of markets and the simultaneous determination of economic
variables through an equilibrium model (Hausman 1983, pp.392).” Most of the VAR
literature begins with Sim’s (1980) puzzle about the suspicious treatment some variables
being exogenous and the ‘incredible identifying restrictions on short run coefficients’
made in the traditional simultaneous equation model. Since the VAR model treats all
observed variables as endogenous such that the a priori assumptions are weak (which is
important indeed), every variable is explained by predetermined values of its and other

endogenous variables. However, the consequence is the difficulty in identifying how the
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unobserved exogenous shocks affect each observed variable (Cooley and LeRoy (1985) is
a good critique of the VAR model literature).

The SVAR literature indeed recognizes the importance of VAR’s attributes: the
unrestricted VAR’s ability of inverting from VAR to the Moving Average (M A) rep-
resentation, providing further insights into the dynamics of model; the ability of char-
acterizing Granger-Non-Causality, giving further insights into the policy analysis; and
more important the flexibility of incorporating integrated variables, allowing researchers
to understand long run relationships within the system have a well established place in
explanations of large scale variables interactions. These resources enable researchers to
bear all the costs of applying the unrestricted VAR model even if it is of little of inherent
interest.

However, the information of interest is locked in the variance-covariance matrix of the
unrestricted reduced V AR residuals, so how do we unlock information that embedded in
the unrestrained reduced VAR model to have economic interpretations? The empirical
SV AR literature sheds surprisingly light on how to transform the reduced from VAR re-
lation into structural systems and even to estimate structural cointegrating relationships
within the system. For example, in a study of traditional interpretation of the Keyne-
sian economy model in the United States, Blanchard (1989), assuming the existence of
five economical structural disturbances, constructs a structural model by applying a set
of just-identifying restrictions based on the Keynesian model to start from the reduced
form innovations to a set of uncorrelated structural innovations. His model is deflned as
C-model for the structural VAR model (see Amisano and Giannini 1997).

Blanchard and Quah (1989) similarly show how innovation variances estimated from
reduced form VAR impose restrictions on recovering structural disturbances and struc-
tural parameters. Moreover, what makes their paper influential is that they recognize
the presence of unit root processes for the variables, the potential permanent effects of
disturbance shocks on the level of one of the variables. Then the long run economic

theory restrictions based on the sum of the structural MA coefficient matrix can provide
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additional restrictions for the recovering identification.

Other evidence favors such long-run structural VAR models. In the study of measur-
ing the long run effects of a common stochastic productive trend on real business cycle
and economic fluctuation in the United States, King et al. (1991), another very influen-
tial and much-cited work often abbreviated as K PSW, further expand Blanchard and
Quah’s methodology by imposing cointegration restrictions on the sum of the structural
MA coefficient matrix I" (1) (such that I" (1) = [A, 0] and A = 3, where 3 is the cointe-
grating vectors) to identify the permanent components which are uncorrelated with the
remaining transitory components. King et al.’s main idea is to partition the structural
disturbances comfortably into mutually uncorrelated permanent innovations (which can
be determined from the reduced MA form) and temporary innovations, further more, each
permanent innovation can be separated if there are more than one permanent innovation.

In addition to the imposition of restrictions to provide the VAR framework with struc-
tural content, the recent work of Amisano and Giannini (1997) points to the significance
of “structural cointegrating VAR approach” for econometric modelling. The purpose of
this approach is not only to bring together those properties of the structural VAR and
cointegration analysis but also to derive the devotions of the long run structural shocks
that are thought to be of interest to researchers. Because the “the long-run reduced form
shocks are embedded within an otherwise unrestricted log-linear VAR model of a given
order in the variables of interest to obtain a cointegrating VAR model which incorporates
the structural long-run relationships as its steady state solution (Garrat et al. 1999).”

The treatment of structural cointegrating VAR model is fairly exhaustive.

Theoretical & statistical analysis for SVAR and impulse response functions

(IRF's)

A major body of work in the SVAR literature is constructed by Amisano and Giannini
at the university of Brescia and the university of Pavia in Italy. Their work will be

elaborated on here and has contributed significantly to the methodological basis of the
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work utilized in chapter 5. They coined the term ‘“AB-models’ with it two special models
namely ‘K-models’ and ‘C-models’ to reflect the nature of the strategy process to estimate

the structural model:

“In this kind of structural model, it is possible to model explicitly the instantaneous
links among the endogenous variables, and the impact effect of the orthonormal random
shocks hitting the system ... through the A matrix, induce a transformation on the €;
disturbance vector, generating a new vector (Ae€;) that can be conceived as being generated
by linear combinations through B matriz of n independent orthonormal disturbances,

which we will refer as e,.” (p.19)

In establishing the SVAR, it is necessary to start with the unrestricted VAR model

given by
A(L)y; = €;, where e, ~ N(0,Q)
with the loglikelihood function for the reduced model y; apart from the constants being
L, =-Llog|Q| — Ltr (Q_lﬁ> , where Q=57 ¢

And if A, B are invertible n x n matrices, then define the structural AB-model as

AA (L)y, = Be;, where Ae; = Be, and e; ~ N (0,1)

with the loglikelihood function for the structural model being

s_z Q_Z 2___1: m-1p-1A0
L, = 3 log|A[ - S log (1BI*) 2tr(AB B An)

In fact, the A, B matrices with 2n? parameters altogether cannot be estimated based

on just n (n + 1) /2 distinct elements of £ which is generated from the unrestricted VAR
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vecA
form. In other words, the information matrix for is singular. Consequently,
vecB

further restrictions on A, B matrices are needed by feeding information to them. The
process of SV AR model estimation is similar in analytical approach to that of VAR,
making full information maximum likelihood estimation but also monitoring condition
for identification, and further analysis from the score algorithm perspective is given in
Amisano and Giannini (1997).

It is interesting to note that the work discussed above is focused on two of the analyti-
cal dimensions in structural analysis, namely structures of identification and structures of
estimation. The third dimension is structures of cointegration, and this is the main focus
of the paper by Garrat et al. (1999). It provides a more radical comprehensive analysis
than the work on SVAR reviewed so far, in that it views the structural cointegrating
VAR as an economic consistent modelling strategy that ¢ it provides an explicit link be-
tween the estimated model residuals and the structural shocks of the underlying economic
model.” However, the work of Garrat et. al. is mainly based on ECM in emphasizing
the long run structure of the macro-economy..

The theoretical summary above can be made more concrete by noting some of the
power effects from the analysis on Impulse Response Functions (IRFs) technique which
provides the basis for identifying the systems’s responses to innovations in the variables®.
We mainly focus on the asymptotic distributions of IRFs from the paper by Liitkepohl
(1990) and, as usual, the book by Amisano and Giannini , which are the final piece of
work reviewed in this subsection. The two works draw heavily on Baillie (1987)’s work in
emphasizing the limiting distribution of estimated moving average (MA) representation
coefficients matrices, and the way in which MA representation is always intricately bound
up with vector autoregressive (VAR) representation.

The computation and the relevant asymptotic distribution for the accounting inno-

vations may start from the alternative companion form of the VAR (p)representation

3The detail defination for the impulse response functions ( IRFs) can be found in Watson (1994).
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A (L) y:= € with E (e:€)) = Q if t = s and zero otherwise. The companion form has

exactly the same information as the VAR representation. Let

r . Ay Ay o A, A
Y:
I 0 0 0
Yo=| 77 | ad =0 1 ... 0 o0
Yi—p+1
A 0 0 I 0 |
such that
"' 7 A]_ AZ Ap_]_ Ap I" | ( 7
Y Yi P
I 0o --- 0 0
Vi1 Yi—2 0
=1 0 1 0 0 +
YViep+t1 . . . Yip 0
) (npx1) ) L 0 o - I 0 ] ) (npx1) ) -('npxls
(npxnp)

In matrix notation this representation can be written as
Y =YY, 1 +mn

"This companion form exploits the fact that it is easy to convert to the Wold representation

because of its first order form, which is given by

V= Z JTjJIEt_j

=0

where J =[I: 0] is the (n X np) dimensional matrix.* An explicit form of the structural

‘The Y =YY -7, process can generally be written in MA representation as: Y; = Z;io Y7 Ne—j-
Sothaty,=JY,; = Z?io J'I'jnt_j = Z}io JTj.],Et_j. Where JY?J’ is the MA representaion coefficient
matrices.(see Baillie 1987, p.106-111; Amisano and Giannini 1997, chapter 5)
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MA representation for the AB-model is given by

yi=> JYIJ (B'A) e,
=0
It then follows that the coefficient matrix C;, C; = JY’J' (B-'A)7', is the impulse
responses of the system. Next we need to derive the asymptotic distributions for the im-
pulse responses matrix. In order to avoid the difficulty in defining matrix differentiation,
the algebra of vectors and 0 — 1 matrices notations can be employed. It can be recognized
that the structural MA representation C; is based on A, B, and A; with = 1,...,p
in VAR representation. Then we begin with taking vecs to get the asymptotic normal

distributions for vec (A;) and vec (B~'A) which is®

VT [ <vec (E) — vec (Ai)> : (vec(B—/l_/?)"l ~— vec (B—lA)‘1> }
QW1 0
0 ©

~Y

5Suppose the consistent estimator of vec (A;) is asymptotically normally distributed as
VT (vec (E) — vec (Ai)) ~N(0,Q W)

where W =plim %Yt_lYg_l. And the asymptotically normally distribution for the consistent estimator

of vec (B_lA) s

VT (vec(B:Z)‘l — vec (B—IA)‘1> ~ N (0,0)

where
e=m{[IeB™! —(A'B~)®B"! ]Eab[ _(BI_(?E) op-1 |1 (@

—1

with & = ((B”IA)I—1> ® (B“IA)_1 and 4 = ((B—IA)_I) ® (B71A) The asympotic normal

distribution for the A and B parameters with certain restritions is

vecA

vecB vecB

\/-T-< _{vecA})NN(O’ZGb)
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On applying Lutkepohl (1989)’s proposition 2 based on the Taylor Expansion Theo-
rem, the expression for the asymptotic distribution with respect to structural impulse

responses coefficient matrices vec (Cy, ..., Cy) can be derived as

ﬁ[(éoéh) —(CO,...,Ch)] ~ N (0,2 (1))

Where X (k) is some combinations of ¥ ® W' and © such that

X (h), =G (S@W™) G+ (I, IYT) O (I, 2 IYIT)

%)

The purpose of compiling the above technical results involved is to synthesize a per-
spective on what the impact of one set of economic or financial variables would have as
a result of changes in another set of variables and as a way of gaining a deeper under-
standing of the nature and process of IRFs themselves. From the above process, it is
clear that IRFs only describe the dynamic properties of sets of variables rather than an
aid to the model evaluation. Pesaran and Shin (1998) note another point, in the con-
text of the comments of IRFs, that impulse response function analysis are subject to a
model’s estimated parameters, for example Y and €2, no matter how inconsistently and

inefficiently they are estimated.
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Chapter 3

Volatility transmission between the
Hong Kong and Shanghai stock

markets

3.1 Introduction

This chapter investigates the volatility transmission mechanism between the Hong Kong
and Shanghai stock markets before and after the transfer of Hong Kong sovereignty from
Great Britain to China in July 1997. Our analysis is based upon an asymmetric ARCH
model which allows us to decompose innovations into positive and negative components.
Three indices are examined: the Hang Seng, Shanghai and the China-Affiliated (red-chip)

indexes. Our results support the following propositions:

1. The squared stock index return residual series in both markets exhibit significant

positive autocorrelations and the existence of long memory processes;

2. There are significant time variation in the estimated conditional variance of the

three indexes in both markets;
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3. There are statistically signiftcant volatility spillover effects from the Hong Kong to
Shanghai stock markets both before and after July 1997;

4. The impact of this relationship has been to reduce the volatility of the Shanghai

market, especially after July 1997.

Despite the huge difference between them, the Hong Kong and China’s economies have
been increasingly intertwined and inter-dependent since the early 1990s. The Chinese
based Hong Kong companies raised US$ 14bn in the Hong Kong stock market in 1997,
compared with a relatively meagre US$ 1.3bn in 1996. A plan of listing 250 top-quality
Chinese companies in Hong Kong and establishing a developed set of derivative and debt
products in the next five years has been launched by the Chinese government. At present,
two of those Chinese-based or China-related corporations are included in the calculation
of the Hang Seng Index. Furthermore, many Hong Kong local property companies, which
dominate the Hang Seng Index of blue-chip companies, are heading across the border to
invest in Shanghai infrastructure and housing markets. On the other hand, the Shanghai
stock market has undergone major structural changes in the last few years and has become
more accessible to foreign investors. And indeed Hong Kong companies are among the
major foreign investors in Shanghai. The complexity of the relationship between the Hong
Kong and the Shanghai markets — the political, economic and geographical closeness on
one hand and the huge diversity in systems between the two markets on the other hand —
is often considered as one of the major sources of volatility which affects both markets.
After the handover in 1997, with increasing number of the China-affiliated companies
(red-chip)! listed in Hong Kong, and along with them came some practice that was
previously unfamiliar to many Hong Kong investors, there has been concern that the Hong
Kong market may become more volatile as the result of more direct involvement from

China. One the other hand, anxiety was also developed in the Shanghai market before

IThe red-chip companies were first listed at the Hong Kong stock exchange on Jan. 1, 1993. These
companies are registered in Hong Kong, but controlled by the ministries of central government, local
and provincial governments, or state-owned enterprise groups of China.
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and after the handover when financial link and transaction with Hong Kong reached
historical record level. With a record number of major Shanghai companies cross-listed
in Hong Kong, there has been a seemingly lead-lag relationship between the Hong Kong
and Shanghai indices, caused by different time schedule in responding to the events
that affect the both markets. The worries that the volatility will become excessive and
uncontrollable as the result of more foreign involvement has resulted in stricter control
on investment in the Shanghai share market.

This chapter seeks to discuss these concerns by analyzing the conditional second
moment of the Hong Kong and Shanghai data using the Autoregressive Conditional
Heteroskedasticity (ARCH) model and, hence, to establish empirically the nature and
direction of the volatility contagion and spillover between the two markets. In the early
studies, the contagion model has often been used to identify the effect of volatility spillover
(e.g. King and Wadhwani (1989)). But it was found that the contagion model was in-
consistent with fundamental news and was not capable of identifying the original shocks
(Roll (1989)). The ARCH family models have since become the main framework in which
various hypotheses associated volatility transmission have been tested and analyzed (see,
among others, Hamao, Maulis, and Ng (1990), Engle, Ito and Lin (1990), Susmel and
Engle (1994), Karolyi (1995), Koutmos and Booth (1995) and De Santis and Imrohoroglu
(1997)). De Santis and Imrohoroglu (1997) show that there is evidence that the exis-
tence of volatility spillover from the developed markets does not necessarily increase the
volatility in the emerging markets after liberalization.

In this paper, we apply the approach adopted by Glosten, Jagannathan and Runkle
(1993) to examine the evidence from daily closing prices of the Shanghai, Hang Seng
and red-chip indices from January 1, 1993 to August 25, 1998. The conditional volatility
processes of the two markets are compared, with attention focused on testing the hy-
pothesis that the shocks in stock return (the so-called meteor shower effects) originated
in Hong Kong (or Shanghai) may have destabilizing effects on the other market. We are
particularly interested in the period after the handover to China the Hong Kong sov-

42



ereignty, and the impact of this historical event on the underlying conditional volatility
process. Considerable time variation is found in the estimated conditional variances of
the Shanghai stock market, but the same finding is not established for the Hong Kong
stock market. This asymmetry in the conditional volatility spillover, which was also
found in previous research (e.g. Bae and Karolyi (1994)), plays a major role in this
paper and bears important implications. One of the important features of our analysis
is the decomposition of the innovations of stock market into positive and negative com-
ponents, which enables us to compare with previous research and assess the change of
market volatility of both markets under varying market conditions.

The properties of the three series of daily return indices are discussed in the next two
sections. The results in section 3.2 show that the squared stock return residual series have
significant positive autocorrelations, their large magnitudes and their order of lags can be
considered as indications that the stock returns are long memory processes. It is shown
that as far as the relationship of the indices are concerned Hong Kong has indicated a
leading role while Shanghai has been lagging. In section 3.3, the conditional volatility
processes for the three series are analyzed using GJR model — an asymmetric ARCH
type model. The results also show that there are significant volatility spillover effects
from the Hong Kong to the Shanghai stock market before and after the handover of Hong
Kong, but not other way around. This, however, does not imply that the innovations of
Hong Kong de-stabilize the Shanghai stock market. On the contrary, our results suggest

that the Shanghai stock market can benefit from more integration with the Hong Kong

stock market.

3.2 Statistical properties of the Hong Kong and Shang-
hai Indices

Three sets of daily data are analyzed in this chapter. They are the daily closing prices of
the Shanghai index, the Hang Seng index, and the China-Affiliated Corporate index (the
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red-chip) from January 1, 1993 to August 25, 1998. All the three indices are calculated
by the market-value-weighted method. As Shanghai and Hong Kong are in the same
time zone, the problem relating to non-synchronous trading hours does not occur in our

analysis. The stock index returns are defined as,
Ry = (InP; —InPy;_1) * 100 (3.1)

where P is the daily closing index price for day ¢ with ¢ representing the three indexes
individually. To facilitate our analysis, the capital gains are continuously compounded
and dividend yields are not excluded from the returns as their values are so insignificant

and their inclusion will not affect the final results.

3.2.1 Data description

A summary of the descriptive statistics for the three index return series R;; are presented
in Table 3.1. These figures show that both the Hang Seng and Shanghai indices have
positive and stable drifts around the mean of 0.025%. Among the three series, the
Shanghai index has the highest sample unconditional variance which is almost twice
the value of that of the Hang Seng index. While the Hang Seng index has the highest
return and the lowest unconditional variance. The return series of the China-Affiliated
Corporations (red-chip) index has negative drift of —0.03%, indicating the risk premium
for investment in the red-chip shares is negative for this sample period. The sample
variance of the red-chip index is also higher than that of the Hang Seng index return
series, which seems consistent with the phenomenon that lower than average risk premium
induces more speculative activity and therefore increases its volatility.

The Shanghai index return series is also seen having the largest outlier and conse-
quently having larger skewness and excess kurtosis than those of the Hang Seng index.
Both the Shanghai and the Hang Seng index return series skewed to the right, while
the skewness of the red-chip is negative, —0.282, indicating that probability of negative
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returns is greater than that predicted by a symmetric distribution. The Shanghai index
also has considerably higher excess kurtosis than other series, implying that big shocks
of either sign are more likely to be observed in Shanghai market. The null hypothesis of
normality for each stock index return series is rejected by the overwhelmingly significant
test statistic and it is worth noting that it may be the excess kurtosis contributing the

rejection more that the skewness.

Table 3.1 Summary statistics for stock index return series

Statistics | Mean | St.d | Skew. | Ex.Kurtosis | Min | Max | Normality Test

Hang Seng | 0.025 | 1.836 | 0.1478* 12.417* -14.73 | 17.25 1955.6*
Shanghai | 0.025 | 3.014 | 1.3221* 14.867* -17.90 | 28.86 1291.3*

Red-chips | -0.03 | 2.663 | -0.282* 12.014%* -17.65 | 16.74 1840.9*

Notes: St.d = standard deviation; Skew = skewness; Ex.kurtosis = excess kurtosis. The skewness
and kurtosis are normally distributed with means 0 and 3 and variances 6/T and 24/T respectively in
large samples; The normality test statistic is a function of the skewness and excess kurtosis, examining
whether the distributions of the two statistics are normally distributed; The null hypothesis of the normal

distribution is be rejected at the 5 percent level, if a test statistic of more than 5.91 is observed; * denotes

significance at the 5 percent.

3.2.2 The correlations estimators for the stock index return and
residual series

Table 3.2 provides the estimates of the autocorrelations from lag 1 through lag 6 for the
three raw return series. In addition, the estimated autocorrelations of the raw residuals
and squared residuals are also summarized in this table. The estimated raw residual

series, {€;}, are generated by using the following auto-regressive regression:
L
Ry = Z O Rt + € (3-2)
1=0
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Where R;; are daily returns for the Hang Seng, Red-chip, and Shanghai indexes individ-
ually, and the appropriate minimum lag length L is determined by testing the estimated
serial correlations for e; proposed by Richardson and Smith (1994).2 The optimal lag
length L is 3 for the Hang Seng and Red-chip indexes and 1 for the Shanghai index.
The estimated autocorrelations of the three indexes are separately analyzed over the
overall period (January 15, 1993 to August 25, 1998); over the pre-handover period (Jan-
uary 15, 1993 to June 30, 1997); and over post-handover period (July 1, 1997 to August
25, 1998). For the whole three sample periods, the Ljung-Box (LB) statistics, testing
the hypothesis of serial correlations for time series, indicate that all the three raw returns
have significant estimated autocorrelations. The autocorrelations for each series of daily
returns vary across sub-periods. The absolute value of the average autocorrelations for
the post-handover sub-period exceeds that of the pre-handover sub-period for the three
indexes. The estimated magnitude of autocorrelation for the Red-chip index is the high-
est among the three indexes and its first order autocorrelation are significantly from zero

exceeding the value of 0.14 for the whole periods.

?Fuller (1996) demonstrates the sample correlation coeflicients are asymptotically normally distrib-
uted as

ﬁﬁ(]) NN(Oal)

After taking into account of heteroskedasticity, Richardson and Smith (1994) propose the serial correla-
tion test statistic for testing the hypothesis of no autocorrelations in the stock returns, such that

\/Tﬁ(j) NN(071+cj)

where ¢; = cov (R%,R%_;) / [var (Ri)]>. Then the serial correlation test statistic is asymptotically
distributed as x? with [ degrees of freedom as

!
TY P2/ (L+¢)~xi
j=1

The test of the oppropriate minimum lag length L falls into the repeating procedures that first test [ = 0,
if the hypothesis of no autocorrleation in the estiamted residual series € is rejected, then test [ = 1,2, ...
until the no hypothesis is accepted.
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Table 3.2 Autocorrelation estimators for daily return and residual series

order of autocorrelation

Variables Dy Do Ps D4 Ds ps  LB(12) P-value
Overall period (01/01/93—28/08/98)
Thk 0.014 -0.040 0.128 -0.040 0.006 -0.039 47.525 [0.000]
Tred 0.141 -0.003 0.079 0.019 0.063 -0.079 81.217 [0.000]
Tsh -0.028  0.028 0.055 0.031 0.007 0.010 31.795 [0.001]
Gy 0.000 0.003 0.006 0.005 0.004 -0.005 9.026 [0.701]
€red 0.000 0.002 0.007 0.010 0.006 -0.005 13.185 [0.356]
Esh 0.002 -0.001 -0.005 0.004 -0.007 -0.001 11.153 [0.516]
(Ge)® 0398 0218 0274 0246 0.166 0.114 587.98 [0.000]
(6ea)® 0289 0239 0312 0209 028 0.138 682.27 [0.000]
(&n)® 0078 0245 0156 0086 0.034 0.120 178.04 [0.000]
Pre-handover period (01/01/93—30,/06/97)
Thk 0.064 0.031 0.022 -0.008 -0.018 -0.054 13.326 [0.346]
Tred 0.143 0.047 0.011 -0.002 0.045 -0.055 43.176 [0.000]
Tsh -0.027 0.034 0.056 0.029 0.005 0.012 27.457 [0.006]
Gy 0.003 0.012 -0.052 0.024 -0.014 -0.010 18.89 [0.267]
Cred 0.001  0.003 -0.001 0.010 -0.005 -0.019 8.265 [0.752]
€sh -0.001  0.007 -0.003 0.002 -0.011 -0.001 11.042 [0.525]
(&s)° 0104 0184 0110 0.082 0198 0.101 232.52 [0.000]
(ea)® 0266 0149 0072 0071 0039 0.017 149.61 [0.000]
(&) 0070 0239 0150 0080 0027 0.114 128.26 [0.000]
Post-handover (01/07/97—28/25/98)
Thk -0.037 -0.110 0.213 -0.083 0.019 -0.027 29.365 [0.003]
Tred 0.128 -0.048 0.098 0.015 0.066 -0.098 30.072 [0.003]
Tsh -0.037 -0.082 0.040 0.054 0.017 -0.013 20.342 [0.061]
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Continued...

Table 3.2 Autocorrelation estimators for daily return and residual series

order of autocorrelation

Variables Dy D3 D4 Ds Pe LB(12) P-value
Post-handover (01/07/97—28/25/98)
€ -0.045 -0.059 0.099 -0.019 0.011 -0.009 10.106 [0.607]
€eq  -0.019 -0.059 0.051 0.017 0.007 -0.029 10.601 [0.563]
Coh 0.051 -0.013 -0.042 0.022 0.061 -0.018 14.903 [0.246]
(nx)® 0389 0173 0251 0221 0108 0.059 94.16 [0.000]
(Grea)® 0218 0168 0261 0139 0234 0.061 70.15 [0.000]
(€n)* 0270 0258 0019 0036 0.045 0.027 44.19 [0.001]

The identification of autocorrelation coefficients of return residuals and their trans-
formation residuals generated from equation (3.2), {€;} and {€;}? respectively, could
explain why each return series depends on its own past values for long lag lengths. The
Ljung-Box statistics of the three estimated raw residuals {€;}, in contrast, are insignifi-
cant for both the overall period and the two sub-periods, indicating the autocorrelations
of raw return series can be filtered by the autoregressive regression. However, all the three
estimated squared residual series {€;}? show high positive and significant autocorrela-
tions at various lags for any reasonable significant levels. For all indexes at all periods,
the absolute values of the estimated autocorrelations for the squared residuals are larger
than those of residuals at most lags. Such substantial autocorrelations in the squared
return residual series suggest the second moments of the three indexes are dependent and

vary through time.
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Table 3.3 Cross-correlations for each pair index return and residual series

1 € G
Cross-correlations Overall  Pre- Post- Overall  Pre- Post- Overall Pre- Post-
corr[hk;_q, red;] 0.002 0.068 -0.057 0.002 0.086 -0.072 0.189 0.129 0.131
corr[hky_1,red;] 0112 0.088  0.119 0.014 -0.009 0.019 0.306 0.163 0.268
corr[hk,, redy] 0.742  0.649 0.813 0.736  0.643  0.808 0.710  0.493 0.715
corr[hky, red; 1] -0.010  0.036 -0.055 -0.017  0.023 -0.059 0.308 0.101 0.268
corr[hky, redi_s]  -0.037  0.022 -0.089 -0.010  0.053 -0.071 0.240 0.081 0.197
corr[hk;_g, shy]  -0.025 -0.027 -0.039 -0.025 -0.033 -0.019 -0.026  -0.025 0.035
corr[hky_q,sh;]  -0.022  0.022 -0.223 -0.006  0.036 -0.175 -0.022 -0.030 0.141
corr[hky, shy] 0.025 0.016 0.087 0.018 0.010 0.063 -0.014  0.006 0.058
corr[hky, shy_1] 0.020 0.000 0.116 0.019 0.007  0.082 -0.017 -0.023 0.118
corr[hk;, shy_s]  -0.025 -0.048  0.041 -0.033 -0.050  0.001 -0.017 -0.015 0.102
corr[shy_g,Ted;]  -0.004 -0.000 -0.023 -0.025 -0.004 -0.035 -0.019  0.004 0.068
corr[shy_y1,red;]  0.014 0.064 -0.129 -0.006  0.063 -0.093 -0.024 -0.020 0.090
corr[shy, redy) 0.084 0.094 0.157 0.018 0.054 0.147 -0.003  0.020 0.076
corr[shy, red; 1] 0.032  0.006 0.152 0.019 0.011 0.151 -0.025 -0.036 0.140
corr[shy,red; 5] -0.014 -0.007 -0.052 -0.033 -0.034 -0.060 -0.020  0.008 0.049

Notes: Overall stands for the whole sample period (01/01/93—28/08/98) including the pre-handover
period and post-handover period , Pre- stands for the pre-handover period (01/07/97—28/25/98), and

the post-stands for the post-handover period (01/07/97—28/25/98).

As a preliminary examination, the nature of cross-relationship among the three in-

dexes is shown in Table 3.3, applying the cross-correlation analysis on both the contem-
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poraneous and lead-lag correlation estimations. These estimated correlation coefficients
are also analyzed separately over the overall period, over the pre-handover period, and
over the post-handover period. The analysis of cross-correlation properties may reveal
the tendency of the cross market information aggregation or the direction of information
flow to some extents even though the cross correlation analysis can be influenced by the
stale price effects and transaction costs etc..

For the results of the estimated correlations between stock index returns (the second
column to the fourth column), the Hang Seng index and the Red-chip index move closely
over time and they have the highest average correlation values for the entire sample pe-
riods, ranging from 0.649 (pre-handover) to 0.813 (post-handover). There is an apparent
lead at the return level for the Hang Seng index over the Red-chip index for 1-day (about
0.112 for the overall period, 0.088 and 0.119 for the pre-handover, post-handover period
respectively). While, on average, the smallest correlation magnitudes are associated with
the relationship between the daily returns in the Hang Seng index and the daily returns in
the Shanghai index. It is interesting to note that both the contemporaneous correlation
(being 0.016) and first order lead-lag correlation (being 0.000 and 0.022 respectively)
between the Hang Seng and the Shanghai index returns are statistically insignificant,
suggesting there is almost no cross correlation between them before the handover. The
correlations for this pair indexes, however, increases significantly from 0.016 to 0.087 af-
ter the handover. The magnitudes of the lead-lag correlations increase significantly after
the handover too.

The changed pre- and post-handover correlation patterns should not simply be at-
tributed to Lo and MacKinlay (1990)’s hypothesis, in which large capitalization stocks
lead small ones. Because the capitalization of the Hang Seng index is consistently larger
than that of the Shanghai index for the whole our sample period. We can also find the
inter-temporal stability of the correlations between the Red-chip index and the Shang-
hai index is weak over the two sub-periods. The three index return residuals ( the fifth

column to the seventh column) also display the same pattern of correlations as the index
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return levels, except that the values of correlations for the former residual series are much
smaller than those of the latter return series.

In addition to the estimated correlations for the raw returns R;; and its residuals €;,
the estimated correlations for the squared return residuals (/e}j)?‘ are also presented in
the last three columns in Table 3.3. The examination of the correlations for the squared
residual series could reveal the relationship between each index in the second-moments
level and provide a foundation for modelling volatility (Chan and Karolyi 1991, and
Susmel and Engle 1994). The pairwise contemporaneous correlations in the squared
residuals over the overall period are HK/RED, 0.710, HK/SH, —0.014, and SH/RED,
—0.003. And the pairwise correlations for all series also vary over the two sub-periods
that on average the post-handover coefficients of cross correlation are much higher than
the pre-handover coeficients of cross correlation. It shows that the correlation increases
from 0.006 to 0.058 between the Hang Seng index and the Shanghai index, from 0.493 to
0.715 between the Hang Seng and the Red-chip index, and from 0.020 to 0.076 between
Shanghai and Red-chip indexes, respectively. These significantly big differences seem to
suggest that the information connection between each pair indexes increases after the
handover.

Particularly, it needs to be noted that the strong lead and lag correlation relation-
ships exist among each pair indexes after the handover period. Furthermore, such cross
correlations are non-symmetric for both € and ¢? series after the handover. The first order
lead-lagged cross-correlation between the Shanghai and Red-chip index residual series,
corr [Esh g, €redt—1], 18 0.151, where as the first order lead-lagged cross correlation for the
two series corr [€sn 11, €rea ] 18 —0.09. The lead-lag cross correlation for squared residuals
corr th,t,€fed,t~1] being 0.140 is higher than corr [/e\?h,t,?fed,t_l] being 0.090. While the
lead-lagged cross correlations between the Hang Seng index and the Shanghai index have
the similar non-symmetric pattern.

Note that when comparing the cross correlation magnitudes between the Hang Seng

and Shanghai squared return residuals for the pre-handover period with the post-handover
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period, the cross correlations of the squared return residuals for the two stock markets
rise significantly. This seems to indicate that the variances for both markets are closely
connected in some ways after the handover, the issue which will be analyzed in the next
chapter by the co-persistence in variance analyses. The deep patterns of the Hong Kong
stock market leading the Shanghai stock market can be investigated by examining the
structure of conditional volatility transmission between the two markets. Because it is
known that the information flow is more pervasive in terms of the second conditional

moments (Ross (1989)). This is the subject of the next section 3.3.

3.3 Modelling the movement for the conditional volatil-
ity
There are very good agreements among stock investors, policy regulators and academic
researchers of the need for objective measurements that would serve to measure both the
linkages between international asset prices and the comovement between international
markets. In an effort to achieve this goal, a number of investigations have been made
by examining cross-market or assets time-varying variances and covariances based on
the current available information set. The statistically significant autocorrelations and
cross correlations in the squared residuals of the three indexes in section 3.2 suggest
that it will be fruitful to characterize the movement in the conditional volatility by the
ARC H family models, which will be able to provide more insight into the relations among
the three indexes. The ARCH ( Autoregressive Conditional Heteroskedasticity) models
and their variants have provide a powerful framework to analyses the movement in the
conditional volatility. Therefore we apply the bivariate GJ R model proposed by Glosten,

Jagannathan, and Runkle (1993) ( henceforth denoted as GJR ) to examine whether

there exist any information flow between each pair indexes and how the properties of the
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information flow change after the handover.?

It is obvious that this approach, as well as other variants of the multivariate ap-
proaches, is much more sophisticated than the univarite models.* But precisely because
of this complexity that it estimates all parameters simultaneously, the bivariate approach
can exploit all information to capture the interdependence between variance and covari-
ance for each pair of the indexes. The bivariate GJ R approach could not only examine
the magnitudes of the conditional volatility spillover effects across indexes but also cap-
ture the response of volatility spillover effects to different signs of shocks, the so called
‘leverage effects’.

The specifications of the bivariate GJR process system for o? vector are expressed

as:

3The main reason that we choose the asymmetric GJR model over the symmetric GARCH model
is based on Wooldridge’s (1990, 1991) robust regression-based Lagrangian Multiplier (LM) specification
tests. Following his procedure, we set up the null hypothesis Hy that the conditional variance processes
for the three indexes are generated by the usual GARCH (1,1) and the alternative hypothesis H; is that
of the GJR (1,1) model, such that

Hy:02, = GARCH
Hy:0%, =GJR

Next we test the validity of Hy against that of Hy. In this case, the Lagrangian Multiplier test statistic
for the hypothesis is

-1
0.5 {i 1 9do%, (%\Q_t_ )} [Z( 1 8alt> (iag%t>/:1 [ZT:J_&th (i_ )}
~ 2%, 09 \53, — \ 572, 52, 00 £ 952, 90 \ 52,

Where 6 is the vector of conditional volatility parameters for the alternative GJR model. To construct

the robust LM tests for whether the alternative is to be preferred, let restriction indicator A = ?EJ\/L—@
ot

denotes the standardized first derivative of 02, with respect to the asymmetric parameter(s) g and let

Vo, = -6—01\/1@2 denotes the standardized first derivative of 0%, with respect to the rest of the conditional
CER
volatility parameters for the alternative GJ R model. Then we run the regression )\t on V¥, to generated
the estimated residuals 7;. Finally we run the regression 1 on (a%t" — 1> * 73, examining whether the
ot

specification statistics TR? is larger than the x? significant values, in which R? is the coefficient of

determination for the last regression.
4Baillie and Bollerslev (1990), Chan et al. (1991), and Karolyi (1995) apply bivariate GARCH
conditional variance processes with constant conditional correlation to study international transmissions

of stock returns and volatilities.
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Where the return residual vectors given by €, = [eiiy, €5 ( for i, represent the Hang
Seng, Shanghai, and Red-chip index respectively and i # ;7 ) are assumed that their
conditional joint distributions are normal using the available information set I as of time

t—1. The Berndt, Hall, Hall, and Hausman (1974) numerical derivative algorithm is used
Wii

to estimate the following parameters for the bivariate GJR model. = = , which
Wi

Bi By

is the constant vector; 8 = , which is the coefficient matrix on the lagged

. Qi OG5 . . . .
variance; o = , which is the lagged squared error term coefficient matrix;
Qji - Qg

Giu Gy
Gii Gy

G= , which is the coefficient matrix on the asymmetric effect, one of the
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stylized facts for the stock index returns; and g = g;j , which is designed to
examine how the asymmetric effect of one index affectsgfczhe conditional variance for the
other index after the handover. Note if the G and g are null matrix, the GJR model
reduce to the standard GARCH model. S;_; is the sign dummy variable that is set to
unity if the innovations, €;; or €;,;, are negative and zero otherwise, thus allowing the
different impacts of different sign of innovations on conditional variances. The most single
important factor in the recent event that contributed to the structural change for each
index is the return of sovereignty of Hong Kong to China. Undoubtedly, this unusual
event may have profound long term effects on the economy, the political system and
social structure for both stock markets as a whole. To capture the short term dynamic
effect of the handover on the volatility of each stock index, an extra dummy variable
D; is included. D; is the handover dummy that is set to unity after the handover and
zero otherwise. 6 = [0, 9jj]l ,which is the coefficient vector on the handover dummy.
We assume the conditional correlations p,; are constant so that the covariances are the
proportional to the product of the corresponding conditional variance. Finally, we follow

Longin and Solnik (1995) extending the conditional correlations by adding another term

¥:; Dy to test the change of the correlations after the handover.

3.4 Results and evidence

The maximum log-likelihood joint estimation for each pairwise indexes are reported in
Table 3.4. Panel A documents the results for conditional variance-covariance of each
pairwise indexes. Values in parentheses are the robust ¢-statistics proposed by Bollerslev
and Wooldridge (1988), and i, j denote target and source index series respectively. Strong
ARCH effects have been found in all the three pairwise series, as the estimates for the
main diagonal of the coefficients of the lagged conditional variance matrix, 3;; and 3,;, are

all significantly positive for very individual index in each pair indexes, and the outcomes
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for the main diagonal of the coefficients of the lagged squared residual matrix, o;; and
o, are all significantly different from zero. The asymmetric behavior of the conditional
variance has been confirmed existing in all indexes. The positive and significant values of
the main diagonal of the matrix, Gy and G, are consistent with the leverage hypothesis
that the conditional volatility is higher when stock index price declines.’

The above ARCH effects analyses indicate that the conditional variance in each index
can be explained on the basis of its own past uncorrelated random innovations. The prop-
erties of the cross-index volatility spillover process are determined by the off-diagonal co-
efficients of the matrices which are 8, «, G, and g. In the column of ‘Hang Seng vs. Red-
chip’ in Panel A of Table 3.4, the volatility spillovers, measured by the significance of the
coefficients B,; vs. B;; and ay; vs. ay;, exhibit asymmetric direction. The estimated values
clearly suggest that the shocks originated from the Hang Seng index have spillover effects
on the Red-chip index, as f,,4p, = —0.1448 (t = 5.82) and ayegnr = 0.0692 (£ = 3.61).
However, the reverse effects from Red-chip to Hang Seng index are not statistically sig-
nificant at 5% level, as B yeq = —0.008 (t = 1.29) and apprea = 0.0118 (¢ = 1.19) . The
volatility spillover process is further investigated with the asymmetric effects caused by
the negative shocks for the whole sample period and after the handover period. The co-
efficients Gregpe and greanr (1.6. Gj; = 0.0633 (t = 2.68) and g;; = 0.5453 (t = 4.63)) are
statistically significant from zero, suggesting that negative innovations from the Hang
Seng index influence volatility to the Red-chip index more than positive innovations for
both the overall and post-handover periods. But the asymmetric response can not be
found from the Red-chip index to the Hang Seng index, as the coeflicients G req and
Ghkrea (te. Gij = 0.0062 (¢ = 0.65) and g;; = 0.1022 (t = 0.66)) are insignificant accepting
the null hypothesis that the true population value of coefficients G req and ghirea are

Zero.

5For full description of the leverage hypothesis see Black (1976), Christie (1982), and Nelson (1991).
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Table 3.4 Maximum Likelihood Estimations of Bivariate GJR Models

Hang Seng vs.Red-chip  Hang Seng vs.Shanghai

Shanghai vs. Red-chip

(iwvs.])

(iwvs.]J)

(iws.j)

Wig

(677)

Panel A: Estimates of the coefficients of the variance-covariance equation

0.0651
(5.86)
0.1134
(6.37)
0.8789
(62.2)
-0.008
(-1.29)

-0.1448
(-5.82)
0.9251
(73.3)
0.0622
(5.90)
0.0118
(1.19)
0.0692
(3.61)
0.0852
(7.59)
0.0333
(3.16)

Continued...

0.0556
(3.55)
1.1690
(10.2)
0.8745
(80.4)
0.0019
(0.74)
-0.0135
(-3.17)
0.7422
(34.6)
0.0408
(4.29)
0.0010
(0.91)
0.0160
(2.17)
0.1012
(5.44)
0.1130

(6.64)

o7

0.7024
(8.95)
0.2744
(7.84)
0.7880
(46.8)
0.0735
(22.5)
0.0061
(1.46)
0.6761
(167.4)
0.1160
(5.58)
-0.0419
(-7.24)
0.0019
(0.83)
0.1971
(19.6)
0.0612
(3.16)



Hang Seng vs.Red-chip  Hang Seng vs.Shanghai  Shanghai vs.Red-chip

(iws.j) (iwvs.j) (iws. )

G 0.0062 -0.0029 0.0126
(0.65) (-1.30) (2.31)

Gji 0.0633 -0.0073 0.0045
(2.68) (-0.72) (0.98)

Gyj 0.1666 0.0969 0.0228
(5.96) (4.94) (2.83)

Gij 0.1022 -0.3893 0.6044
(0.66) (-1.25) (2.45)

Gji 0.5453 0.5138 0.2008
(4.63) (3.84) (6.56)

O 0.1035 0.2884 0.8798
(1.21) (1.66) (5.59)

0;; -1.1016 -1.1906 -0.5127
(-4.31) (-9.53) (-13.9)

Pij 0.6820 0.0353 0.0896
(49.1) (1.14) (3.12)

Vi 0.1041 0.0874 0.0228
(4.20) (2.65) (2.83)

LogL -2511 -3363 -3964

Panel B: Residual diagnostic tests of the variance-covariance equation

Q (12) 8.390 7.908 11.18
Q?(12) 3.046 1.360 4.352

sign bias test 0.436 0.044 -0.804
negative size bias test -1.644 0.353 0.975
positive size bias test -1.127 58 -0.446 -0.355

joint test 1.348 0.142 0.768




Notes: The values in parentheses are statistic t-values. The regression for the volatility specification
tests are as follows:

2
ot

. . . 9 - / 1 002
Sign bias test: zi=a+bS_ | +6 (75
1

t

Negative size bias test: 22 =a + bS, ;&1 + 6’ <;§— 5 ) + e
Ot
do?

e . . 2 - 1
Positive size bias test: 2/ =a+b(1 —S,_1)e—1+ 6 (;%: aalt) + e
. — — — / 1 002
Joint test: 22 = at b8 4 boSr e +bs(1— S Ve +6 (5—351) Lo
2

where Zt2 is the squared standardized return residuals as (Et / \/ O gt) , and St_— 1 is a dummy variable
that takes one if €;; < 0 and zero otherwise. Individual tests are t-tests for coefficients b for the first
three regressions. The joint test is an LM test which is asymptotically distributed as a chi-squared

distribution with three degrees of freedom for the last regression.

In the column of ‘Hang Seng vs. Shanghai’, as usual, the second moment cross rela-
tionships between the two indexes can also be determined by examining the significance of
the off-diagonal coefficients of the B, &, G and g matrices. The results show there are no
significant volatility spillover from the Shanghai index to the Hang Seng index, which is
indicated by By o, and cesn (i€.8;; = 0.0019 (t = 0.74)) and (c; = 0.0010 (¢ = 0.91)).
However, the volatility spillover coefficients from the Hang Seng index to the Shang-
hai index, presented by the estimated value of 8, 5x and the estimated value of csp
(ie.;; = —0.0135 (t = 3.17) and ay; = 0.016 (¢ = 2.17)) , are statistically significant from
zeros. So the conditional variance of the Shanghai index not only depends on its own past
innovations but also depends on past shocks induced by the Hang Seng index. It should be
noted that even though neither the off-diagonal coefficients of the G matrix is significant,
(represented by G;; and Gj; respectively), the after handover asymmetric effect coeffi-
cient from the Hang Seng index to the Shanghai index gsp n (i€.g5; = 0.5138 (¢ = 3.84))
is also significant from zero.

This seems to suggest the information flow from the Hong Kong stock market to the
Shanghai stock market enhanced after the handover and the negative shocks from Hong

Kong may have larger impacts on the Shanghai market than the corresponding positive
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shocks. The results confirm that the bad news in Hong Kong do have stronger impact
on the Shanghai market that the good news. The asymmetric mechanism of volatility
transmission has profound implications to the relationship between the two markets, and
in particular to the further open up of the Shanghai Stock market. In the last column
of ‘Shanghai vs. Red-chip’, the source of information flow is still the Red-chip index
being traded in the Hong Kong stock market, but the Shanghai index can also provide
information to the Red-chip index after the handover (coefficient g;; = 0.2008 (¢ = 6.56)).
Particularly, the negative shocks originated in the Shanghai index can affect the volatility
of the Red-chip index.

The evidence of the handover effect on the conditional variance process for each in-
dex is obtained by examining the handover dummy coefficient vector 8. In the columns
of ‘Hang Seng vs. Red-chip’ and ‘Hang Seng vs. Shanghai’, the coefficients 8;; for
the Hang Seng index are insignificant being from zero (ie.fpx = 0.1035 (¢ = 1.21) and
Orr = 0.2884 (t = 1.66)) for the two columns respectively. These results indicate that the
handover has no effect on conditional volatility of the Hang Seng index. However, the
coefficients 6,; (ie.0,.a = —1.1016 (¢ = 4.31) and 05, = —1.1906 (t = 9.53)) are signifi-
cant and negative, indicating the handover has significant influences on the conditional
variance of both the Red-chip index and the Shanghai index. Further, the magnitudes
of their conditional variances decline after the handover, which is consistent with the
handover coeflicient vector @ in the third column of the pair ‘Shanghai vs. Red-chip’.

In the correlation between the Hang Seng index and the Red-chip index, the esti-
mated correlation coefficient, pp,,.q (ie.p;; = 0.6820 (t = 49.1)), are significant for the
whole period. And the correlation of the two indexes increases after the handover, as
the estimated correlation coefficient, 94k req (t€.9;; = 0.1041 (¢ = 4.20)), are positive and
significant. The correlation relationship between the Shanghai index and Red-chip index
almost show the same pattern as the correlation relationship between the Hang Seng
index and the Red-chip index. It is interesting to note that although the correlation

coefficient between Hang Seng index and Shanghai index is not significant (coefficient
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pi; = 0.0353 (t = 1.14)), the tendency of linkage seems to occur between the two in-
dexes after the handover (coefficient ¥;; = 0.0874 (¢t = 2.65)), further confirming that the
Shanghai stock market is indeed subject to the influences coming from the Hong Kong
stock market after the handover.

The standardized residual diagnostic statistics of the bivariate GJR model are pro-
vided in Panel B. The values of LB (12) and LB?(12) statistics for the standardized
residuals and squared standardized residuals indicate that most of the dependences have
been captured in the model specification. In particular, the values of LB?(12) statistic
have been reduced significantly when compared with those in Table 3.2, suggesting that
most of the dependency has been captured in the proposed model specifications and no
remaining nonlinear structure exists in the normalized residuals.

Four other diagnostic tests for asymmetric effects are also reported. We first consider
the effect of the sign of the past shocks, the test for which was first introduced by Engle
and Ng (1993) who proposed the use of dummy variable S;_; which takes value one if
€;—1 is negative and zero otherwise. The effects of the size of the negative and positive
shocks are also measured by the coefficients of variables S;_;e,_1 and (1 — S;_;) 1, and
finally, the joint test is carried out for the joint hypothesis of the above three effects. The
test results appear to be insignificant for the three pairs models, hence we could conclude
that the asymmetric effects have been adequately accommodated by the specification of
the conditional volatility in equation 3.3.

The effects on volatility spillover effects from one index to the other are also plotted
from figure 3-1 to figure 3-6 because of their greater ease of interpretation. These figures
are called The News Impact Surface.® In the three-dimensional graphs to follow, for a
given X, Y, 7 axis combination, sometimes different rotational views are used to better
illustrate the conditional variance features for each index. Each figure displays the impact

of the conditional volatility of one index when the shocks are varied by the introduction of

®Bae and Karolyi (1994) extend Engle and Ng(1993)’s News Impact Curve into the three-dimensional
figure— the News Impact Surface.

61



shocks from another index. The shocks designate the squared residuals from each index.
The scale of the residuals runs from negative minimum values to positive maximum values
but reported as (1,1500), centered at 751. (Here we follow Bae and Karoly (1994)’s
notation).

A three-dimensional graph is first shown in figure (3 — 1). The conditional volatility
of the Hang Seng index is a matrix for which the elements define the height of a surface
over the underlying grid constructed by innovations from the Hang Seng index and the
Shanghai index. This perspective figure shows how the shocks from the Hang Seng and
Shanghai index can influence the conditional variances of the Hang Seng index. When
Hang Seng shocks are far from centre, increasing both signs of Hang Seng shocks has the
effect of increasing conditional variances of the Hang Seng index. Further, it can be easily
observed that negative shocks on the variances are larger than positive shocks, showing
the asymmetric effects. However, varying the magnitudes of the Shanghai shocks has
little effect on Hang Seng variances. These types of behavior prove the Hang Seng index
has larger influence on Shanghai variances than does the Shanghai index.

Figure (3 — 2) is a graph which can be compared with figure (3 — 1). In figure (3 — 2),
the Shanghai index variance is a matrix for which the elements define the height of a
surface over the underlying grid constructed by innovations from the Hang Seng index
and the Shanghai index. The general shapes of the corresponding curves in each figure are
broadly similar. The conditional variance of the Shanghai index responds asymmetrically
to the different signs of its own shocks. However, in the curve in figure (3 — 2), the shocks
of the Hang Seng index have impacts on the conditional volatility of the Shanghai index
as the shape becomes curved subject to Hang Seng shocks. ( While the shape is flat
corresponding to Shanghai shocks in figure (3 — 1)).

Figure (3 — 3)and figure (3 — 4) illustrate how shocks from the Hang Seng index and
the Red-chip index influence the variances of each index individually. The behaviors of the
two graphs are very similar to those displayed in figures (3 — 1) and (3 — 2) respectively

and is not surprising since the Hang Seng index dominates the information flow. The
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last pair three-dimensional graph are shown in figure (3 — 5) and figure (3 — 6), in which
we have studied how the Shanghai and Red-chip shocks have impacts on each index
individually. Figure (3 — 5) shows the international news impact curve is bowl-shaped,
indicating that the conditional variances of the Shanghai index depend not only on its
own shocks but also the Red-chip shocks. Figure (3 —6) shows the dependence of the
Red-chip variances on its own shocks and Shanghai shocks. Two peaks can be observed
for the Red-chip index variances around the left corners.

In summary, the Hong Kong stock market has played a dominant role in the volatility
transmission over the sample period straddling the handover of the handover of Hong
Kong. As a mature and established international financial centre, the extra information
that Hong Kong brings to Shanghai in the process of volatility spillover benefits the latter.
In fact, this provides a plausible explanation to the significant reduction of volatility in the
Shanghai stock market after the handover. As a long-term result, the Shanghai market
may gradually improve the liquidity and speed up the stock price revealing process, which

would eventually lead to more transparency of the market.
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Figure 3-1: The three-dimensional plot showing the Hang Seng index variance as the
function of its own shocks versus the Shanghai index shocks. The behavior is very similar
to that seen in figure 3-3.
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Figure 3-2: The three-dimensional plot showing the Shanghai index variance as the
function of its own shocks versus the Hang Seng index shocks. The behavior is very
similar to that seen in figure 3-4.
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Figure 3-3: The three-dimensional plot showing the Hang Seng variance as the function
of its own shocks and the Red-chip index shocks. In this graphic we note that the Hang
Seng index variance responds asymmetrically only to its own shocks.
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Figure 3-4: The three-dimensional plot showing the Red-chip index variance as the func-
tion of its own shocks and the shocks corresponding to the Hang Seng index. In this
graphic we see the influences of the Hang Seng index over the Red-chip index.
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Figure 3-5: The three-dimensional plot showing the Shanghai index variance as the
function of its own shocks and the Red-chip index shocks. In this graph, the variance of
the Shanghai index depends on both index shocks.
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Figure 3-6: The three-dimensional plot showing the Red-chip index variance as the func-
tion of its own shocks and the Shanghai index shocks. In this graph, the negative shocks
from the Shanghai index can affect the variance of the Red-chip index after the handover.
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3.5 Conclusion

The empirical estimation results and the graphical presentation of news impact curves
included above are intended to investigate the volatility transmission mechanism between
the Hong Kong and Shanghai stock markets. The study is based on the analysis of the
stock return series of the Shanghai, Hang Seng and red-chip indices using three bivariate
asymmetric GJR models. The examination of these results reveals several implications
for the interpretation and understanding the effects of inter-market information linkages.

Firstly, the empirical evidence suggests that the dynamics of returns and volatility
spillover effects are asymmetric: the volatility transmission from the Hong Kong stock
market to the Shanghai stock market is significant, and the post-handover Shanghai stock
market becomes less volatile than the pre-handover. While the Hong Kong stock market
is not affected by the shocks originated in the Shanghai stock market both before and
even after the handover.

The findings can be attributed to the existence of market structure differences between
the two markets. The Hong Kong stock market is approaching more developed, while the
Shanghai stock market is still in the early stage of development thus lacks of standards
in many areas. For instance, in the Hong Kong stock market the information disclose
requirements, auditing standards, accounting standards, and credit rating criteria of
listing stocks are much more strident than those in the Shanghai stock market. In
this case, the Hong Kong stock market is the information driver with respect to the
Shanghai stock market. As the fundamental information for the shares flowing from
Hong Kong to Shanghai market proceeded, it improves the equity price efficiency and
reduces the sentiments of the noise traders (i.e. most Shanghai stock investors) oscillating
between optimum and pessimism, which affect stock returns and cause stock market
over volatile ( Lee et al. (1991)). Moreover, the more efficient equity prices and more

extra information may restrict over-speculation, inside trading, and even manipulation
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in the Shanghai stock market,” thus, avoiding the distortion from the stock price to its
underlying fundamentals.

Secondly, the Hong Kong and Shanghai stock markets are informatively connected
through the China-affiliated Corporation index (Red-chips). The above empirical results
show that the effects of red-chip equities trading on the Hong Kong stock market can
also improve the stock price discovery processes for the Shanghai stock market. It needs
to be noted that the significant volatility spillover from the Hang Seng index to the
Shanghai stock market suggests the Shanghai index is linked with the red-chip index
and this linkage between the Hang Seng and Shanghai indexes significantly increases
after the handover period. This finding is consistent with the theoretical analysis by
Domowitz et al. (1997) that the cross-listing could make more information incorporated
into equity prices. As a result, the improving information linkage could increase the
liquidity and price efficiency for the Shanghai stock market. The more liquid stock
market would reduce the liquidity compensation ( Stulz (1997)), following by infrequent
trading induced volatility, bid-ask error induced volatility ( Jorion (1995)), and noise
induced Volafility, for which the Chinese regulators is anxious to avoid. The conditional
variances play a key role in the information fiow process rather than the ” large stocks
leading small stocks” phenomenon.®

Thirdly, our results show that there is a variance causal link in the sense of Granger
between the Hong Kong and Shanghai markets, in which the red-chip index plays a vital
role. This finding is further strengthened by the discoveries of the asymmetric volatility
spillover mechanism from Hong Kong to Shanghai. The shocks in the Hang Seng and
red-chip indices are shown having significant contemporaneous impacts on the volatility
of the Shanghai index, but the reverse effects are not established. While there in no red-

chip stocks listed on the Shanghai stock exchange. Contrary to the common belief, the

"Kupiec and Sharpe (1991) propose an equilibrium model and find that irrational speculators may

create excess stock price volatility.
$Madavan (1996) argues the information flow can always reduce volatility and improves market quality

in large markets. However, the information flow may have adverse effects in thin markets.
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handover of Hong Kong to China does not affect the continuity of the Hong Kong market,
and the Shanghai stock market may benefit from it.” These findings imply that further
opening up the Shanghai financial market and forming closer link with Hong Kong may
benefit the Shanghai stock market greatly. As the extra information brought to Shanghai
through the volatility spillover from Hong Kong reduces its uncertainties and conditional
volatilities. Finally, further rigorous tests are applied to examine the validity or to add

more clarity to this study’s findings in the next chapter.

9The effects of the currency exchange between Chinese yuan and Hong Kong dollar are also taken
into account in the volatility transmission patterns. We find that the currency effects can be ingored.
This is probably because of both currencies being strictly pegged with US dollars.
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Chapter 4

Modelling New York’s influences on
the Hong Kong & Shanghai stock
markets: The common persistence
and error correction analysis in

variances

4.1 Introduction

A closely related issue to the international stock markets information flow effect concerns
the role of information within a broader system. Although the research in the last chapter
has been conducted on the existence of volatility volatility spillover effects directing from
the Hong Kong stock market to the Shanghai stock market, the argument still remains
that the majority of studies on the direction of volatility spillover have found that the
New York stock market is the stem of the ‘meteor shower’ (Engle et al. 1990). Thus,
in spite of last chapter’s results, the suspicion of the existence of the volatility spillover

between the Hong Kong stock market and the Shanghai stock market arises because
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the volatility spillover phenomenon may just reflect the increasing centralized dominance
and control of New York’s common source of influences. The next step in developing the
understanding of relationships among stock markets is to extend the analysis to consider
the aspects of information interactions among stock markets in a broad system. This
chapter is mainly concentrated on this aspect of suspicion, that of examining common
persistence in conditional variances between the New York, Hong Kong and Shanghai
stock markets.

In a study of cointegration and long run relationships, Granger (1991) raises the issue
of cointegration among a set of unit root process in variances and he defines it as “coin-
tegrated in variances”. However, it is Bollerslev and Engle (1993) who uncover necessary
and sufficient conditions for the existence of linear combinations of persistent variances
displaying no persistence in variances. They define it as co-persistence in variance of
a multivariate GARCH (p, q) process. As discussed more extensively in Bollerslev and
Engle (1993), co-persistence in variance occurs provided all the I (1) variance processes
have the same common long-run components. A similar concept to that adopted by
Hansen (1995) may help to understand the concept of common persistence in variance.
As Hansen explains, the generalized least squares (GLS) estimator of martingale differ-
ence sequences (MDSs) with non-stationary volatility processes are not asymptotically
normal or mixture normal distributed. But when there is a “cointegration relation in the
variance processes” for the MDSs, the GLS estimator has a standard normal distribution
or variance mixture of normal distribution.

The use of cointegration as a fundamental concept in variance experiments is a rea-
sonable extension (and interesting parallels) of some lines of thought. We review this
theory to show the viability and how compelling the use of co-persistence in variances
can be, because it may suggest that the volatility movement between persistence variance
processes reflects the presence of common components. Then, we examine the long run
relationships between the three indexes in two procedures. First, the integration vari-

ances for the three indexes are analyzed in which the unit roots have been found to be an
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important determinant of volatility behavior in information memory. Second, the system
of multivariate generalized ARCH models with the concept of co-persistent in variances
are applied to verify the unique volatility spillover from the Hong Kong stock market to
the Shanghai stock market and this unique volatility spillover is not affected by the New
York stock market.

4.2 Process in the modeling of co-persistence in con-
ditional variances

Bollerslev and Engle (1993) draw a theoretical extension from the persistence conditional
mean to the persistence conditional variance. Persistence in conditional mean refers to
whether information is stored in memory of the underlying stochastic process perma-
nently and persistence in conditional variance refers to the case with which ‘current
information to stochastic variance process remains for the forecasts of the conditional
variances for all horizons’ ( Engle and Bollerslev 1986, pp.27 ). Then a logically equiv-
alent way of extending the theorem of cointegration concerning persistence in mean is
to say that a suitable linear combination of several persistent variances could result in
co-persistent in variance. It follows directly from the impact of co-persistence in variance
on stock prices that stock prices could become stable even if the level of individual stock
prices are very sensitive to the extent of persistence in individual variance!.

The fact is that much of the contemporary literature on cointegration focus on coin-
tegration in mean, so there is widespread statistical consensus that there might exist
cointegrating relationships among I (1) variables; however, there is a lack of consensus
on persistent variance properties ( Most research on persistence in variance focus on
GARCH (1,1) models ). Perhaps the reason for the lack of consensus on this issue is

the difficulty associated with the features for persistence in variance, in which a shock to

IPoterba and Sumers (1986) give an numerical example about the effect of persistence in volatiltiy

on the level of share prices.
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the conditional variances can have persistent effects such that the conditional variance
process looks like a random walk, but the unconditional variance is strictly stationary
and ergodic ( Nelson, 1990 ).

In order to characterize the persistence in variance and co-persistence in variance
properties, suppose that the conditional variance of ¢; based on I;_1, the set of information

available at time ¢ — 1, is described by a GARCH (1,1) process,

51&]]15——1 ~ N (0, ht)

hi = c+ ae? | + Bhi_,

By recursive substitution and the law of iterated expectations

Ei(el,,) = E (B (e4,L)) = E(huys) =c+ (a+ B)° E(e}); fort>s5>0
and if a + 4 < 1, the unconditional variance converge to the constant

c

uO'?_H - Et (63—{—3) = m (41)

Thus, the sum of (a+ §) in the GARCH (1,1) specification is the sensitive indica-
tor of how information is stored in the conditional variance memory process. If, on
the other hand, as o + 8 —— 1 that is the roots of the characteristic polynomial
det [I —a (A7!) = B (A7!)] = 0 lie on the unit circle, the speed of information decay
measured by the sum of (a+ §) will not diminish such that the multi-step advances
of the conditional variance can not reach the unconditional variance. However, the
IGARCH volatility process is not affected by the very past initial observations. En-
gle and Bollerslev (1986) then defined this property of the conditional variance process
as ‘Integrated-GARCH’.
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Bollerslev and Engle (1993) present a formal definition of common persistence in
variance based on evidence from the integrated GARCH model. Linear combinations
of integrated processes such as I (1) are usually integrated processes. However, if the
(N x N) multivariate integrated variance process {H,} share some common stochastic
components, and if there exists a non-trivial (N x 1) vector v ( which is a necessary
condition for co-persistence in variance ), some particular suitable linear combinations of
{H,} may become stationary. Then we say that the vector « is called the co-persistent

vector provided that

limsup |v'Hj (s) ’y‘ =0

t—o0

holds almost surely for all ¢ > s > 0 and Hj (s) is given by such that Hj (s) =
E (vec (Hy)) — Eg (vec (Hy)), where E, (o) denotes that we take expectation on (e) at
time £. This follows from the fact that even if the limit of the least upper largest amount
by which E; (vec (H,)) differs from Eq (vec (H;)) for any s is not zero uniformly, i.e.
limsup |H; (s)| # 0 almost surely for some s > 0, but the form limsup |y H (s) | will
tg;dooto zero uniformly, suggesting that equilibrium relationships ;_rilo(o)ng the conditional
variances can be achieved across individual persistent variance systems by pre- and post-
multiplying the weight vector 4. It is apparent that the expression for v H? (s)~ has
the same structure as the expression for the cointegration in mean.

Suppose that the multivariate GARC H conditional variance-covariance process H;
for the N x 1 vector €; process is given by Engle and Kroner (1995)’s BEK K parame-

terization with the summation limits k being one.?

2As Engle and Kroner (1995) point out that the assumption of the summation limits k¥ being one
is equivalent to imposing some unnecessary restrictions. So there need at least 9 distinct elements in
A, matrices for a general enough model in our case ( There are also the same requirements for By
matrices ). However, there are difficulties in achieving convergence for the parameter estimations after
allow k£ = 4 (i.e. k= n? ) with the sufficient identifying restrictions proposed by the proposition 2.3 in
their paper.
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st’]t—l ~ N (O, Ht)

H, = C,Co + Ale 16, ;A1 + B1H, 1B, (4.2)

where Cy, Ay, and By are (N x N) square parameter matrices with Cy being triangular.
The BEK K parameterization ensures the conditional covariance matrix H; to be positive
definite because H; is expressed in quadratic forms. In order to analyses persistence

properties in the variance-covariance H; more easily, we can vectorize both sides of

equation ( 4.2 ) to obtain

vee (Hy) = (Co @ Co)' vee (Iy) + (A1 @ Aq) vec (g-18,_4)
+ (Bl & Bl)l vece (Ht—l)

(4.3)

Where the notation ® is the Kronecker tensor product creating large regular block ma-
trices.®

Similar to the univariate integrated GARCH (1, 1) model, the unit root process for

H; requires the roots of the characteristic matrix polynomial

det [I—(A; @A) z— (Bi®By)z] =0 (4.4)

to lie on the unit circle, i.e. z = A, 1 = 1. The values of )\; can be calculated from
the Jordan form of the square matrix [(A; ® A;)' + (B; ® By)'], that is, there exists
a non-singular matrix S such that S™! [(A; ® A1) + (B1®B1)'|S =J, where J is a
block diagonal matrix with eigenvalues \; being its diagonal elements. Thus, the process
H, is non-stationary in variance if some |A;| > 1, indicating shocks to the process H;

remain persistent over time.

3For more details of the properties of the Kronecker tensor product and the vec operator see Magnus
and Neudecker (1986).
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To determine the sufficient condition for the identification of the co-persistence in
variance, we first need to determine the eigenvectors x of the polynomial (4.4). Given
that we have some |z;| < 1 corresponding to|);| > 1 ( z; = A\;!), it then follows that
the sufficient condition for the multivariate integrated variance process {H;} being co-

persistence in variance is

(v: ® i) % = 0; (4.5)

for some nontrivial vector x;.*

It is virtually certain that the existence of co-persistent in variance for {H,} implies
the presence of a univariate GARCH (1,1), hf = ¢* + o (¥'e,)” + B7hf_,, representation
for {v'e;}. As a result, the sum of the scalar parameters of this univariate GARCH (1,1)

o + (1 must be less than one.

4.3 Co-persistent in variance analysis

4.3.1 Results of GARCH and integrated-GARCH estimation

The data used are daily closing returns of the NYSE S&P 500, Hang Seng, and Shanghai
indexes from the DATASTREAM. The sample periods are exactly the same as those of
the data from last chapter, starting from January 1, 1993 to August 25, 1998.

Using the uncorrelated stock index return residual series, we examine non-stationary
variance within the GARCH framework by estimating the standard GARCH (1,1) and
IGARCH (1,1) with the imposed restriction « + = 1. The restriction of integrated
variances are performed by the classical misspecification tests including the likelihood
ratio (LR) and robust Lagrangian multiplier (LM) statistics, each with one degree of
freedom. Table 4.1 reports the results from the quasi-maximum likelihood estimation

of the GARCH and IGARCH for the three indexes respectively. The parameter esti-

4For comprehensive proofs of the issues addressed in this subsection, see Bollerslev and Engle (1993).

79



mates are obtained by the simplex algorithm to generate initial values, and then by the
numerical derivative BFGS algorithm. The adequacy of the models are then checked
by Ljung-Box Q-Test for analyzing the squared normalized residual serial correlations,
where these diagnostic results for each index are also reported in panel A, Table 4.1.

The Ljung-Box Q statistics on the squared standardized residuals support the validity
of the maintained specification models. The parameter estimates for each index condi-
tional variance imply high persistence shocks to the conditional variance process. To
examine the extent of variance shocks persistence, the likelihood ratio (LR) and robust
Lagrangian multiplier (LM) tests reported with the null hypothesis that the conditional
variance process for each index is specified by IGARCH (1,1). It is should be noted that
even though the conditional variance processes for the three indexes do not meet the
fourth moment conditions, the loglikelihood ratio test could still be applied for testing
the limiting distribution of the estimators. This is a big distinction from unit root in
the conditional mean process ( Lumsdaine 1996 ). However, Lumsdaine (1995) points
out that the loglikelihood ratio test has no robust test. So the robust LM tests that he
proposed are also applied.

The results of likelihood ratio (LR) and robust Lagrange multiplier (LM ) statistics
are statistically insignificant based on the p —values in brackets, indicating the existence
of long persistence in each conditional variance process. The conditional distribution for
integrated GARCH processes can still be defined even though their second and fourth
unconditional moments do not exist. Next, we investigate whether a long-term solution
would be yield between the three indexes that linear combinations of variances removes
unit roots even if the variance process for each index individually are not stationary. This

is the objective of this chapter.
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Table 4.1. Quasi-Maximum Likelihood GARCH & IGARCH Estiamtion

(i) S&P 500

GARCH  he =0,0000 + 0.0471e}; +0.9482 h,_,
(3.19) (7.2 (128.9)

log L, = 501826  LB2(12) = 6.98[0.801]

IGARCH hy _O(OOOO + 0.0486¢2 | + 0(9514 hi_q
(7.42)

log Lr = 5017.60  LB?(12) = 7.080.793]

LR = —2x (log Ly —log L,) = 1.32[0.251] ; Robust LM = 2.30[0.129]

(17) Hang Seng

GARCH  hy=00000 + 0.1222¢} , + 0.8789 h—y
(5.20) (0.50) (6.78)

log L, = 3953.17  LB?(12) = 5.42[0.909)]

IGARCH hy —O 0000 + 0. 1306€t 1 + 0. 8694 Ry
40) (10.87) (—

log Lr = 3951.90  LB?(12) = 5.24[0.919]

LR = —2x (log Lg — log L,,) = 2.54[0.111] ; Robust LM = 3.11[0.078]

(i13) Shangahi

GARCH h: =0.0000 4 0.2240 et 1+ O 7380 hi_1
(10.41) (5.22) 27)

log L, = 3306.67  LB?(12) = 0.734[0.999]

IGARCH  hy =0.0001 4 0.2615¢2_, + 0. 7384 by
(10.48) (7.50) (——

log Ly = 3305.84  LB2(12) = 0.783[0.999]

LR = —2x (log Ly — log L,) = 1.66[0.198] ; Robust LM = 3.02[0.082]
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Notes: Numbers in parentheses are the robust t-values which are robust to departures from the con-
ditional normality assumptions and the numbers in brackets are p-values. LB2(12) is asymptotically
distributed as X2 (12) . The 5% X2 critical values with 12 degrees of freedom is 21.0. Both the LR
and robust LM tests are distributed as X2 (1) with 5% critical value being 3.84. Both White (1982,

theorem3.5) and Lumsdaine (1995) proposes the robust LM statistics as

where  is the parameter vector for the conditional variance process;

E, ( 1 {53(9) _ 1} Oh+(9)

- T T &0 2h4(0) | h:(0) o

Lr(,0) == (1)~ (Zt:l Iy (6) = 2oy ht%); % = 1[0 4] an)
Eyo (zht(e) [ht(e) 1} 3B

— ol 8l _ 1 Oh(9) Bhe(8) [ £H(O) )
1(6) =By [% - %) = Bo [srhy 252 24 (59 -1)];

53_1(9) ef_l(eg)ht_l(e)
_ 1 0h(0) 9hu(8)] _ 12(0) R2(0) .
J(0) = Eo [%%(e) T }"E‘) €2 (O)he1(6) K2, (6) ’
12(0) 212 (0)

and g—g— = [1,1]
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4.3.2 Results of the co-persistence analysis

The results of running QML estimation for equation (4.2) to determine the roots of the

characteristic matrix polynomial are shown in Table 4.2.

Table 4.2 QML Estimation for Bi-variate GARCH Models

(i) S&P 500 vs. Hang Seng

0.000 —0.001 0.000 —0.001 ]
H, = (1.36) (0.41) (1.36) (0.41)
—0.001 0.002 —0.001 0.002
(0.41) (1.72) (0.41) (1.72)
041230 —0.264 02118§10 —0.264
+ (4.84) (3.04) 118, (4.84) (3.04)
0.018 0.382 0.018 0.382
(0.99) (7.09) (0.99) (7.09) |
!
0.986 0.059 0.986 0.059
(125.5)  (3.62) H_ . (1255)  (3.62)
—0.007 0.934 —0.007 0.934
(0.88)  (46.9) (0.88)  (46.9)

o~

I
~— | 1.000 —0.058 | &* =0 ©=0.151
7 { (—=)  (5.10) } “ (237867)6 A (%272)

/

(it) S&P 500 vs. Shanghai

0.000 —0.001 0.000 —0.001
H — (2.12) (0.32) (2.12) (0.32)
, =
—0.001 0.009 —0.001 0.009
(0.32) (3.54) (0.32) (3.54)
/!
0.176 0.059 0.176 0.059
(5.44)  (1.09) / (5.44)  (1.09)
+ E4-1E4_1
0.004 0.442 0.004 0.442
(0.69)  (6.43) (0.69)  (6.43)
0.983 —0.014 0.983 —0.014
(143.3) (0.69) H (143.3) (0.69)
t—1
—0.002 0.862 —0.002 0.862
(0.54) (21.5) (0.54) (21.5)

!
5= | 1.000 0.0049 | & =0.955 3. =0.042
7 {(——) (0.79) } A (59.4) A (2.87)
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Continue...

Table 4.2 QML Estimation for Bi-variate GARCH Models

(14) Hang Seng vs. Shanghai

0.002 —0.001 0.002 —0.001
H, = (2.67) (0.59) (2.67) (0.59)
—0.001 0.009 —0.001  0.009
(0.59) (4.10) (0.59) (4.10)
!
0291  ~0.014 0291  —0.014
4 (6.47) (2.49) o1l (6.47) (2.49)
—0.007 0.416 —0.007 0.416
(0.61) (6.10) (0.61) (6.10)
!
0.951 0.0003 0.951 0.0003
(53.9) (0.04) (53.9) (0.04)
0.0069 0.872 0.0069 0.872
(1.16) (23.6) (1.16) (23.6)

/
5= 1.000 —0.021 | & =0.864 §, =0.117
7 [ (—-) (.95 } “ (221.7) A (%3.77)

Notes: Numbers in parentheses are the robust t-values which are robust to departures from the condi-

tional normality assumptions. The first element in -y vector is normalized to unity. The parameters a;

o~k —~
and (3, are for univariate GARCH(1,1) process given by Y&;.

By comparing the estimation results of S&P 500 stock index ws. Hang Seng stock

index with those of Hang Seng vs. Shanghai stock indexes, the two cases would seem to

illustrate several similarities. Both cases emerge as being alike in the following ways:

e In both cases, eigenvalues (not necessarily distinct) and eigenvectors of the Kro-

necker products (A} ® A} + B} ® B]) can be determined with either Jordan de-

composition of the Kronecker products or the characteristic polynomial

I-(A1®A)' A= (Bi®@By) A7 =0
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as the characteristic equation, where the matrix I—(A; ® A;) A7'—(B; @ B;)' A~}
is singular. One can see a similar pattern that the variances are highly persistent
from the eigenvalues . For example, in the case of S&P 500 stock index vs. Hang

Seng stock index, the ordered eigenvalues are
Xs;ﬁ—)hs =[0.9943,0.9828,0.9788,0.9702]’

while in the case of Hang Seng vs. Shanghai stock indexes, the ordered eigenvalues

are

Ahse—ssh = [0.9877,0.9504,0.9491, 0.9363]’

In both cases, there exist nontrivial vector 4 though the vector 4 for Hang Seng
vs. Shanghai is marginally significant with robust ¢ = 1.95, a finding could enable
us to examine co-persistence in each pair conditional variances. For S&P 500 vs.
Hang Seng, the estimated 4 can make some eigenvectors, Z;, with respect to each
corresponding eigenvalue to be zero that is, (7, ® v4) T2 = (73 ® v4) Ty = 0; and
(74 ®@ v5) T = (7, ®74,) T4 = 0 for the pair of Hang Seng vs. Shanghai. Thus, in
two cases, the nontrivial vector 4 are indeed co-persistent vector. In particular,
the sums of (af + 37) are low especially for S&P vs. Hang Seng system, suggesting
long term solutions exist in S&P wvs. Hang Seng index system and in Hang Seng

vs. Shanghai index system.

However, it emerges from the system of S&P wvs. Shanghai that the estimated co-

persistent vector 4 that linearly combines the conditional variances of S&P and Shang-

hai stock indexes is highly insignificant, that is, 4 = [1,0.0049] with ¢ = 0.79. Further,

it is noticeable that all elements in the block diagonal matrix J are larger than one,

suggesting their conditional variance process are not co-persistent. It is also notice-

able that there seems to be no volatility spillover between the New York and Shang-

hai stock markets as the volatility spillover coefficients from S&P 500 to the Shang-

hai index, presented by the estimated value of f,, and the estimated value of oy,
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(ie.81 = 0.059 (t = 1.09) and a3 = —0.014 (¢ = 0.69)), are insignificant. It should be
emphasized that the co-persistent analysis only provide evidence of the long run equilib-

rium relationships but not directions of the volatility spillover.

4.4 The error correction model (ECM) analysis

Although the volatility spillover from the Hong Kong stock market to the Shanghai
stock market is explicitly analyzed, we need an additional justification for which the
three bivariate systems applied in the previous section as the way of analysis should not
be considered to be invalid. With respect to the literature on bivariate systems, the
inference of bivariate system approach may easily suffer from not including a potential
relevant causing variable (Liitkepohl, 1982), which is a highly relevant argument and a
necessary consideration to this study. Before drawing any firm conclusions, it is thus
worth examining the results by other measures®.

So the purposes of this section are to justify the results estimated above from a dif-
ferent perspective and to demonstrate the validity of these bivariate systems with an

experiment, in which we apply the error correction model (ECM) for the three variance

SWe also estimate the three conditional variance processes in a larger three-dimensional framework,
still applying Engle and Kroner’s multivariate GARCH — BEKK (1,1) model. The estimation results
for the trivariate simulataneous GARCH (1,1) compared to those for the bivariate system indicate that
there is no major change in the results. The estimation results for the three-dimensional framework are

as follows:

[ 0.1535 —0.1797 0.0691 ! 0.1535 —0.1797 0.0691
(12.74) (8.47) (0.774) (12.74) (8.47) (0.774)
H = 0.0092  0.2679 -0.030 | . . 0.0092 0.2679 —0.030
t (1.44) (18.64) (1.09) t—1c¢—1 (1.44) (18.64) (1.09)
—0.000 —0.001 0.4284 —0.000 —0.001 0.4284
(0.03) (0.18) (21.79) (0.03) (0.16) (21.79)
[ 0.9870 0.0376 —0.0154 7’ 0.9870 0.0376 -—0.0154
(426) (4.62) (0.47) (426) (4.62) (0.47)
—0.003 0.9579  0.019 —0.003 0.9579  0.019 /
+ (1.44) (238) (0.13) Hia (1.44) (238) (0.13) + CoCo
0.001  0.002 0.8613 0.001 0.002 0.8613
(0.38) (0.56) (78.3) (0.38) (0.56) (78.3)

!
where Hy = [hus,t, hnk,t, Rsh t]
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processes in a multivariate framework. A major strength of the ECM dynamic specifica-
tion in understanding relationships among the three index conditional volatilities is its
clear emphasis on long run equilibrium relationships which is time invariant. Another
strength is its emphasis on identifications of weak exogeneity variables while taking into
account of cointegration restrictions. The ECM dynamic specification can also focus on
restrictions on the loading matrix deciding which cointegrating vector enter which par-
ticular variable (see Urbain (1992) and Johansen (1992) on the use of error correction
models (ECM) within a single equation conditional framework).

The long-run equilibrium relationships among the three variance precesses based on

maximum likelihood estimation of the error correction model (ECM) is given by

Ae?: C+ €1A5?~1+§2A5t2—2+ R gchstQ-—k«}-l + Hsf—l + 7,

where Ae? = [Ae2,, Ae,, Ae?], the cointegration restriction parameters IT having re-

us!?

duced ranks as IT = —a/3’, and the rest of parameters are defined as the usual ECMS.

Three hypotheses are specifically considered:

SWe wish to specify cointegrating relationships for the conditional volatility process H;, however,
there is no direct error correction represenation for H; since the conditional H; process is the determined
process rather than the random process based on past information. To establish such relationships, let
vy = &2 — Hy, in which H; is the GARCH (p, ¢)representation as

H,=C+A(L)e? + B(L)H, 1

where L denotes the lag operator such that Ly; = y,_;.
On substituting H; into v; , the unobserable £2 process can be expressed as an VAR (k) process

et = C+(A(L)+ B(L)ef +,
where 7, = (I — B (L)) vs.
In practice, it may be instructive to reparametrize the VAR specification of 2 into its equivalent

representation; the error correction model (ECM) in order to solve co-persistence in variance, (For the
detail procedures of the reparametrization see Hamilton, 1994, pp.580)

Ae;=C+ & A} 1 + A 5+ + kaEtz—kH +1e?_; +m,

where:

€, =—[(A1+ B1)+ (A2 + Ba) + - -+ (Ax + By)]
fors=1,2,..,k—1, and
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e Hypothesis (1): no variance cointegrating relationship exists in the system.

e Hypothesis (2): the New York’s variable and the Shanghai’s variable would not
enter each other’s long run equilibrium relationships by imposing restrictions on

the matrix B (r x 3) of cointegrating vector(s).

e Hypothesis (3): restrictions on the loading matrix e (3 X r) are testing one certain

cointegrating vectors would appear one and only one particular equation.

On the basis of Akaike information criterion (AIC) the optimal lag length is of 2.
The statistical results of cointegration tests for the rank of matrix II with constant
unrestricted are tabulated in Panel A, Table 4.3. The maximum eigenvalue and trace
statistic tests illustrate that null hypothesis (1) of no cointegrating relationship is strongly
rejected and there are two long run equilibrium relationships among the three variables

(i.e. rank (IT) = 2), which are expected.

= — (I, — (4 +Bl)——(A2+BQ)—-~~~(Ak+Bk))2—04,6/
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Table 4.3 Cointegration and Likelihood Ratio Hypothesis Tests

Panal A: Likelihood ratio test for the rank of matriz 11

Null Hypothesis FEigenvaule Maximum Eigenvalue Trace Statistic
r=20 0.0254 34.78** 65.75"*
(21.0) (29.7)
r<1 0.0210 29.08** 30.97*
(14.1) (15.4)
r<2 0.0014 1.887 1.887
(3.8) (3.8)

Panel B: Restrictions hypothesis test for matriices a, 3 in which II = a3

Restricitons LR statistic
031 = 092 = By = By, =0 ¥ (4) = 6.4302[0.1692]
Q1 = O = 0 X2 (2) = 0.2423 [08727]

Notes: (l) The error correction model (ECM) is given by

AeZ, an Qi €2, i1
Ag2 - Bi11 B Bsi 5
Enk,t = Q21 Q22 Enk,t—1
) Biz Baz Paa 5
AEsh,t Q31 032 Eshit—1
k-1

+C+ Y &Ael 4+,

i=1
where the subscripts 1, 2, 3 denote the New York, Hong Kong, and Shanghai stock markets respectively.
(2) r is the number of cointegrating vectors and the critical values for the maximum eigenvalue and
trace statistics at the 95% significance level are reported in parentheses. (3) The values in brackets are

p-values. (4) ** denotes significance at the 5% level.
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Now the illustration of the relevance of the New York stock market to the volatility
spillover process between the Hong Kong and Shanghai stock markets is subject to the
statistical tests for hypothesis testing on matrices « and B3’ on the basis of the defined
rank of TI. The likelihood ratio test on matrices e (3 x 2) and 3’ (2 x 3) can also provide
‘information’ on whether cointegration test results are consistent with respect to the
bivariate examination results given in the previous section. Panel B provides the results
for such restriction tests based on hypotheses (2) and (3).

We first test the restrictions on the coefficients of the two long-run equilibrium rela-
tionships among the three variables entering the cointegrating space spanned by the two
rows of B'. Two identifying restrictions are imposed on 85, and (3,5 (i.e. [5; = 0 and
B15 = 0). The restriction f5; = 0 implies that Shanghai does not appear in the long run
relationship between New York and Hong Kong and (,, = 0 suggests that New York
does not enter the long run relationship between Hong Kong and Shanghai. These two
restrictions are imposed based on hypothesis (2) of no relationship between New York
and Shanghai. One can inquire that even if the restrictions on @ such that G5 = 0
and (,, = 0 are accepted, the sum of the two cointegrating vectors can also be formed
a long run stationary equilibrium relationship which could enter the Shanghai variable
Ahg,s. Subject to this situation, two additional restrictions are imposed on some ele-
ments of the loading matrix o, as; and agg (i.e. az; =0, age = 0), which are equivalent
to requiring no New York volatility in the Shanghai volatility equation. Therefore, the
null hypotheses (2) and (3) that New York volatility do not enter the Hong Kong and
Shanghai cointegrating relationship and Shanghai volatility equation are verified if and
only if these four restrictions are accepted.

These restrictions are examined by the means of likelihood ratio tests and the results
are presented in Panel B, Table 4.3. The null hypotheses are not rejected, thus may
implying that there has no a stable long run link between the New York and Shanghai
stock markets. Next, we examine whether the New York stock market is exogenous for

the Shanghai and Hong Kong system by testing whether a1 and a;2 are of zero. The last
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two restrictions are accepted, implying all the relevant information concerning Shanghai
and Hong Kong volatilities is contained in the Shanghai vs. Hong Kong subsystem. This
mvestigation is in agreement with the findings in the last section. Particularly, the results
of volatility spillover effects from the Hong Kong to the Shanghai stock markets are of

adequacy under the specification of the three bivariate systems.

4.5 Conclusion

This chapter has aimed to highlight the issue concerning the potential US’ influences on
the volatility spillover between the Hong Kong stock market and Shanghai stock market.
And, in particular, this chapter has taken into account the view of New York as volatility
spillover domination, the issue which has been left to be addressed from the previous
chapter. However, with respect to volatility spillover, we have seen that the dominance
is not an inevitable consequence for such volatility spillovers.

Instead of just directly seeking whether there exists any volatility spillover from US
to Shanghai, the main idea of this chapter is to provide evidence whether there exist
long run solutions between the three stock markets by using the theory of co-persistent
in conditional variances, where a suitable nonzero vector that makes linear combination
of integrated variances being stationary can be found. Such an approach seems to be
appropriate when the three index variances are integrated of order one by the preliminary
IGARCH analysis.

A deep co-persistence in the variance analysis illustrates the presence common com-
ponents both in the pair of US and Hong Kong system and in the pair of Hong Kong
and Shanghai system but not in the system of US and Shanghai. The volatilities for the
combination of S&P 500 index and Hang Seng index and the combination of Hang Seng
index and Shanghai index are stationary. When taking into account the results of pre-
vious chapter, the common components for the Hong Kong and Shanghai stock markets

may be considered as the red-chip shares. In other words, the red-chip shares may be
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the potential causes for the volatility spillover from the Hong Kong stock market to the
Shanghai stock market. The reason why there is no direct link between S&P index and
Shanghai index may be that there is no proper channels allowing the volatility spillover
between the two markets.

Therefore, the main contribution of this further study with respect to the last chapter
is to provide some evidences in recognizing the volatility spillover from the Hong Kong
stock market to the Shanghai stock market being valid. The findings of co-persistent in
variances between these two stock markets could provide us additional insight on why the
Shanghai stock market becomes less volatile after the handover. The reason might rest
on the fact that stock market volatility is closely associated with various information.
The long relationship between the two stock markets in conditional variances can reduce
the impacts of current shocks on the Shanghai stock market. Numerous measurements
yield consistent results. It is important to note that, in line with last chapter, the results
of this chapter should not lead the view that stock market control is a necessary part
of protective action but that this needs to be analyzed in a proper way in order to gain
the benefits from more information being incorporated in stock price discovery process.
A further issue needs to mention that New York’s total dominance is not possible in the
relatively isolated Shanghai stock market may be due to lack of proper channels between
New York and Shanghai. That whether there exist any other channels for volatility
spillovers from the Hong Kong stock market to the Shanghai stock market is explored

further in the next chapter.
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Chapter 5

What Factors Within The Hong
Kong Stock Market Move The
Shanghai Stock Prices?

5.1 Introduction

The main theme of this chapter is to examine the potential sources of volatility spillovers
from the Hong Kong capital market to the Shanghai stock market. It seeks to identify
and examine the relative importance of financial and economic variables originating in
the Hong Kong capital market that might affect the Shanghai stock price movements.
The empirical methodology that is applied is based on the Structural Vector Autoregres-
sive model (SV AR) and its innovation accounting exercises, suggested by Amisano and
Giannini (1997).

As have mentioned in the previous chapters, scholars of financial economics have fo-
cused considerable attention on the influence of volatility transmission between different
stock markets. This is because volatility examination is the point of most direct inter-
action between investors and many asset pricing models. The early research efforts have

focused mainly on the directions of the volatility spillovers which represent the direction
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of the information flow among these stock markets. This is because sound understanding
of such information flow is of paramount importance to understanding many fascinating
questions regarding portfolio selections, hedging, and risk management problems. How-
ever, relatively few researchers have attempted to identify what the ingredients of the
information flow are, (except for King et al. (1994) in which they decompose the source
of changes between different stock market volatility into observable factors by applying
factor analysis from ten macroeconomic variables and unobservable factors. They even
apply the Kalman filter to take into account the difference of information set available to
econometrican), and how long these ingredients from one market that may have effects on
another stock market may last. There are, however, a number of studies have examined
the relationships among economic state variables, such as, interest rates and spreads, the
term structure, and Gross National Product (GNP) etc., and the expected stock returns
(See Harvey 1988, Fama and French 1988, Chen 1991, and Patelis 1997).

This brings us to the aim of this study, which is to link the volatility spillovers and
the economic state variables, and comes to conclusions that offer partial support for the
contentions in the literature. This research suggests that integration of both market
is warranted; the Hong Kong economic and financial factors do have influences on the
Shanghai stock market. At the same time, however, the research suggests that drawing
policies attempting to curb foreign capital influences on domestic market is inappropriate.
This is because international stock markets volatility spillover is an outcome of informa-
tion interaction among stock markets responding to both domestic and international
factors.

This chapter proceeds in three steps. First, (section 5.2), the structural vector autore-
gressive (SV AR) model is described to show that the specification of the structural vector
autoregressive is more appropriate than that of the reduced form VAR. Researchers have
already discussed the inadequacy of the reduced-form VAR, for example, its inability
to uncover the exact exogenous shocks to each individual variable in the vector. The

SVAR model overcomes this problem. Identification of the sources is achieved by im-
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posing restrictions on the reduced-form VAR. Next, section 5.3 covers the characteristic
properties of each variable utilized in this paper. It also covers the model specification
and diagnostics. Finally, section 5.4 deals with the relationship between the Hong Kong
market and the Shanghai stock market.

Empirical results show that the Hang Seng interest rate shocks appear to be the
most significant factor that infiluences the Shanghai stock prices, although other financial
shocks represented by the Hang Seng index trading volumes also play important roles in

explaining the fluctuations in the Shanghai stock prices.

5.2 The structural VAR methodology

The focus of this chapter is on locating the potential economic and financial factor sources
within the Hong Kong capital market that may influence the Shanghai stock prices move-
ments for the post-handover period. Structural VAR model has been used in constructing
and estimating the findings. The theoretical appeal that forms the basis for the applica-
tion of the structural VAR approach rather than the reduced form or unrestricted VAR
approach is explained as follows.

The reduced-form or unrestricted VAR model has become one of the most important
approach of econometricans because it is a convenient way to identify the relationships
among economic variables without the need to link it to any particular economic theories.
All the variables in the vector are equally treated as endogenous in the VAR system.!
The Wold theorem is the major theorem for the identification of the unrestricted VAR.
As usual, the resulting reduced form VAR for a vector of n-dimensioned autoregressive

endogenous variables Y, is shown as

Y, =TI (L)Yi1+e, t=1,..,T (5.1)

IThere are no observable exogenous variables in the vector because the exogeneity of those variables
are not crediable (Sims 1980).
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where Y, is the (n x 1) vector of endogenous variables, IT (L) is a p* degree matrix
polynomial in the lag operator L such that LY, = Y;_;, that is, II (L) = > 7 | ILL' =
I, L + T,L2 + ... + IL,L?, where all of the IT matrices are square matrices. p is an
nonnegative integer and €; is a multivariate Gaussian distributed white noise vector errors
with 0 mean, X variance-covariance matrix. Notice that the €;’s are serially uncorrelated
but €, may be contemporaneously correlated across different elements within the €, vector.

However, there have been endless criticisms and arguments on the interpretation
and atheoretical approach of the unrestricted VAR ever since its introduction by Sims
(1980).2 The unrestricted VAR decomposes the residuals €; into orthogonal shocks by
applying the Choleski decomposition of the variance-covariance matrix 3. As a result
the matrix 3 is decomposed into the unique product of lower triangular matrix U and
its transposed of the lower triangular matrix UT(i.e., 3 = UUT), through which each
shocks is uncorrelated with the other shocks. The top element of lower triangular matrix
U responds to its own exogenous shock while the bottom element responds to not only
its own shock but also all the elements above it. One problem with this decomposition is
that the results are not robust to changing variable orderings. This identification makes
the interpretation difficult because the same element responds to different other elements
each time with the change of the ordering of the variables in Y;. Another problem,
(See Cooley and LeRoy (1985)), is that there is no identification of the instantancous
relationships among the estimated residuals €; because they are linear combinations of
the exogenous shocks. As a result, the correlation structure of the reduced form %
matrix conceal the information of the instantaneous relationships. It should be noted
that these two problems are closely related through the Choleski factorization of the

variance-covariance matrix for the residuals ;.2

2Sims (1980) imposes a Wold causal chain on the contemporaneous relationships between shocks and
endogenous variables to achieve identification. The absence of a constant term in equation 5.1 is without
loss of generality, since any one of the elements of Y; can be set to unity.

$Bernanke and Mihov (1995) give an example showing how the reduced form VAR residuals matrix
€; are linear combinations of the mutually uncorrelated “primitive” error terms from the simultaneous
marcoeconomic system, thus each element in ¢; including several such “primitive” error terms.
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Responding to the no distinct response patterns from the reduced form VAR residuals
€; and the difficulties in identifying unobserved structural shocks from the observable
VAR-based residuals €;, the Structural VAR approach has been developed by introducing
two invertible matrices and imposing restrictions on them to structuralize the unrestricted

VAR.* Equation 5.1 can be equivalently written as
(I —1II (L))Yt = €;

Where I, is the unit matrix. Setting A (L) =1,~II (L) =1, - I} L—TI,L%— ... — IL, L7,

we get

ALY, =¢, t=1,..,T (5.2)

Then multiplying two (n X n) invertible matrices A and B, which could give distinct

interpretations to the model, on equation 5.2 yields

AA (L) Yt = Aet
AGt = Bet

(5.3)

Where e, is a the orthogonal disturbances matrix and is distributed as (0,1,,). The two
invertible matrices A and B could make the endogenous Y, (n x 1) variable movements
as a function of the structural or orthonormal shocks whose variance-covariance matrix
is BBT. Thus the structural shocks have certain effects on the levels of the endogenous
variables and identify distinct economic interpretations. The A matrix impose simulta-
neous relationships on the endogenous variables and the B matrix is closely related to
the long run restriction for structural shocks. The product of AA (L) may (should) not
be unit matrix. Amisano and Giannini (1997) and Giannini et al. (1995) define this

4Generally, the main idea of structuring reduced form VAR is quite similar to Sims’ (1980) Choleski
factorization. Sims just multiplies the reduced form VAR by using the inverse of the Choleski factor of
3 rather than another one or two invertible square matrices. Granger-causality tests are not good alter-
natives for unrestricted VAR models because the right-hand variables may not be orthogonal. Canova
(1995) provides a brillant explanation of the philosophy for the structural VAR.
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structural VAR model as AB-model .

One special case for the AB-model is that when B is a unit matrix, then the AB-
structural model becomes contemporaneous structural VAR model. The contemporane-
ous parameter matrix A can provide the structural intepretations (Blanchard and Watson
(1986)). The other special case is that when A matrix is the unit matrix, then the AB-
structural model becomes long-run structural model whose structural interpretations are
captured by the long run structural parameter matrix B. The long run structural VAR
model is well applied by Blanchard and Quah (1989). Keating (1992) gives detail com-
parisons between the two special cases structural VAR models.> The AB-model applies
both contemporaneous and long-run parameter matrices to identify the structural VAR
model (Gali (1992), Amisano et al. (1995), Amisano and Giannini (1997) and Giannini
et al. (1995)).

The improvement from the unrestricted VAR to structural VAR models is that the
structural VAR model can provide insights into the unique shocks on each endogenous
variables in Y, by introducing sufficient identifying restrictions.® Furthermore, the be-
havioral variables of the structural models can be presumed to be policy invariant. In
general, the structural VAR model represents a simple structural model in which we
could identify whether the Shanghai stock prices are driven by the both current and past
shocks from the Hong Kong economic and financial variables. Further, the structural
responses of the Shanghai stock prices to the Hong Kong shocks can further be measured

by the associated impulse response functions and forecast variance error decomposition

functions.

5Sims’ (1980) triangular representation can also be treated as a special case of the structural AB

model.

6In the AB-model, there are 2n? unkown parameters need to be estimated in the A and B matrices.
There are, however, only n(n + 1) /2 known conditions - the variance-covariance matrix % - which are
estimated from the unrestricted VAR. So addition restrictions have to be imposed on the A, B matrices.
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5.3 The unrestricted VAR specification and misspec-
ification diagnostic tests

Prior to analyzing the structural identifications and specifications, the specification and
several misspecification diagnostic tests for the unrestricted VAR must be performed
by using PcFiml and the RATS procedures MALCOLM. This is because that the well
defined misspecification tests for the unrestricted VAR are crucial for the solutions of the
structural parameters of interests. Three issues need to be addressed for the specification
of the unrestricted VAR (for detail see Canova 1995).

The first issue is the decision of which the potential financial or economical variables
within the Hong Kong stock market that may influence the Shanghai stock prices after the
handover should be put into the vector autoregression (VAR) system. There are many
potential candidate variables such as dividend yields, interest spreads, inflation rates,
corporate cash flows, and other possible information variables (Campbell and Shiller
(1988, 1991), Campbell (1993), and Fama and French (1988)). In principle, all these
variables might affect the Shanghai stock prices. Unfortunately, not all the data that
are likely to have influences on the Shanghai stock prices can be collected. The directly
observable weekly data are employed from September 1997 to October 1999, which is a
time series of 131 observations.

The data used in the unrestricted VAR to examine the relationships between the
two markets are defined and justified as follows: The three-month Hong Kong Inter-
bank Offered Rate (HIBOR) futures contracts are used as a representative Hong Kong
economic variable. The Hong Kong Interbank Offered Rate (HIBOR) is the benchmark
short-term interest rate quoted by twenty banks designated by Hong Kong Association
of Banks. Because the fluctuations of the Hong Kong dollar interest rate have increased
since the Asian financial crisis in 1997, the Hong Kong Futures Exchange (HKFE) intro-
duce the three-month HIBOR. futures contracts on 26 September 1997 allowing investors

to manage their interest rate exposures.
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While other potential economic and financial data were limited by data availability,
the Hang Seng index stock weekly trading volumes are utilized as the proxy for the
number of unobservable public information flowing from the Hong Kong stock market to
the Shanghai stock market. Research by Gallant et al.(1992), Campbell et al. (1993), and
Hiemstra and Jones (1993) have found volume data contain useful information for stock
prices, especially stock market volumes have predictive power for stock index volatility.
Here, however, the use of the stock volumes is not without questions, because the volumes
may also include the interest rate information. The measure of the stock index volume
is the total number of shares traded each week. The Shanghai stock price index is a
value-weighted, arithmetic index of all traded stocks.

The second issue is the selection of the type of deterministic components and the
choice of the optimal lag length of the vector autoregression. The deterministic compo-
nents may include restricted, unrestricted constants, linear trends, or other non-stochastic
regressors. Different deterministic can induce various asymptotic distributions for unit
root and cointegration tests. Thus, the prerequisite for valid inference on the potential
stochastic features of the variables and the determination for estimation procedure are
dependent on choosing proper deterministic components.

Only a unrestricted constant is chosen for the VAR including the above three variables.
This unrestricted constant is especially important for cointegration system because it
will make the error correction terms have a common mean. In order to eliminate serial
autocorrelation from the estimated residuals €, in equation (5.1) and keep &, series as
the martingale difference process, a relatively long lag length with allowance degree-
of-freedom is required so that residuals do not include any informations from omitting
conditioning variables. However, the “curse of dimensionality” and the loss of estimation
power will occur with too many lags i.e. too many lags can cause near collinearity, which
is insufficient data information, or even exact collinearity (Canova 1995). Generally,
the appropriate lag length for the correct specification of the model are determined by

Akaike’s AIC, HQ, Schwarz’s SIC, and LR tests.

100



The selection of the lag length of the VAR is closely related with the choice of vari-
ables.(see Johansen 1995, pp.21). The optimal lag length test results for the three vari-
ables are presented in panel A of Table 5.1. The selection criteria do not show consistent
results. The maximum lag length equal to 8 suggested by the AIC, HQ, and SIC criteria.
While the LR tests indicates that five lags are appropriate for the whole system. Thus,
we choose the lag length at five. Re-running the systems with longer length of lags does
not change the results too much. As shown in panel B, there is no ARCH effects for
variables at all lags except for the Shanghai stock prices at lag 1, then the variances of
each estimated residuals cannot be predicted by the their corresponding past squared
residuals.

The ARCH tests are quite convincing evidence that the VAR is not misspecified by
omission of a relevant regressor. The Bera-Jarque normality tests for the residuals for
each variable and the whole system are also reported in panel C. The residuals for the
Hang Seng index stock volumes and the Shanghai stock prices are considered to be normal
while the residuals for the Hong Kong interest rates are non-normal. It is clearly shown
the rejection of normality for the whole system is because of excess kurtosis (the fourth
moments) of the Hong Kong interest rates. However, skewness (the third moments) has a
stronger effect on the cointegration estimation than kurtosis so the rejection of normality
do not influence the estimation results. Overall, the diagnostic tests generally support

the statistical validity of the VAR specification over the sample period.
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Table 5.1 The Dianostic Tests for Reduced-Form VAR Model
1997 : 09 — —1999 : 10

A: Lag Length Determination

lag (h) LR(L(h)/L(h-=1)) [p—wvalue] AIC HQ  SIC

1 N/A N/A -16.288 -16.162 -15.977
2 12.560 0.184 -16.234 -16.014 -15.690
3 15.007 0.091 -16.204 -15.890 -15.427
4 8.014 0.533 -16.105 -15.696 -15.095
9] 16.842 0.051 -16.094 -15.591 -14.851
6 26.095 0.002* -16.174 -15.576 -14.698
7 3.034 0.963 -16.026 -15.334 -14.317
8 6.799 0.658 -15.915 -15.129 -13.973

B: ARCH Effect Tests

ARCH order HKINT HKVOL BSHA
1 1.4325 0.066 4.534*

[p — value] [0.235] [0.798] [0.036]
3 1.106 0.398 1.639

[p — value] [0.352] [0.755] [0.187]
9] 0.676 0.669 1.263

[p — value] [0.643] [0.648] [0.288]

C: Normality Tests

IIKINT HKVOL BSHA
SK 17.97* 0.491 0.001

[p — value] [0.00] [0.484] [0.969]
KUR 23.10* 0.513 0.226

[p — value] [0.00] [0.474] [0.635]
SK&KUR 41.71% 1.004 0.227

[p — value] [0.00] 109 [0.605] [0.892]




Notes: “LR (L (h) /L (h — 1)) test is the likelihood ratio test for the maximum lag analysis in VAR.
L (h) is the maximized likelihood corresponding to a VAR(h). The selected maximum lag is (h — 1),
where h is the first lag which the null hypothesis is not rejected. (Mosconi, 1999). An asterisk denotes
rejection of the null at the 5% significance level. AIC is Akaike’s information criterion , HQ is Hannan-
Quinn’s criterion and SC is Schwarz’ss criterion. The maximum values of AIC and SC determine the
appropriate lag length for the VAR model. b'ARCH(h) test is the joint significance test of the squared

residuals in the regression on a constant and h-lagged squared residuals. The values in the brackets are

p-values.

The final issue concerns the statistical properties of the variables employed in the
VAR. It requires that the variables should be stationary or transformed into stationary
variables so that the conventional asymptotic limiting theory is valid. If, however, the
processes of the variables are integrated, the functional central limit theorem (FCLT)
has to be applied to take into account that the integrating processes have different dis-
tributions from stationary processes. Usually cointegration is the optimal way for the
transformation if the variables are integrated of order larger than zero. Only through
cointegration analysis are the static regressions among integrated variables meaningful.
Thus testing for the order of integration in variables is of vital importance for the fol-
lowing estimations.

The unit root test results employing the Augmented Dickey-Fuller (ADF) and Phillips-
Perron (PP) tests for the three variables in levels are presented in Table 5.2. The ADF
and PP unit root tests are essentially the same and they have the same asymptotic distri-
butions. The major difference is the treatment for the higher-order autocorrelation terms
of the first difference variables. The main function of the higher-order autocorrelation is
to ensure no remaining information left in the estimated residuals. The ADF unit root
test just put the first difference higher terms into the unit root test regression models.
While the PP unit root test estimated by a non-parametric correction to the standard

statistics assumes that the unit root regression residuals is a mixing process rather than
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white noise. So the PP test accounts for the autocrrelations in the unit root regression
residuals. As a result the Phillips-Perron unit root test is robust to serial correlation
and time-dependent heteroskedasticity by incorporating autocorrlated product residual
variance estimates with specified truncation lags. When the unit root regression residuals
are independently, identically distributed, The ADF parametric test is a special case for
the non-parametric test due to autocorrlated products being zero.

As shown in the panel A of table 5.2, all ADF and PP test statistics for the levels for
the Hong Kong interest rates and the Shanghai stock prices are well below the 5% critical
values, then both tests fail to reject the null hypothesis of unit root in the levels for both
series. While the ADF and PP unit root tests reject the null hypothesis of non-stationary
in the levels for the share trading volumes of the Hang Seng index. In summary, these
unit root tests lead to the conclusion that the Hong Kong interests and the Shanghai
stock prices are I (1) processes, and the share trading volumes of Hang Seng index is

I(0) process.
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Table 5.2 Unit-root & Cointegration Rank Statistics for Reduced-form VAR
1997 : 09 — —1999 : 10

A: Unit-Root Statistics

ADF Phillips-Perron
Variables Th T Z(ta) Z(a¥) Z(®1) Z(te) Z(Dy)  Z(Ds)
HKINT -1.85  -2.94  -3.83  -10.14 265 -2.30 4.93% 7.39%
HKVOL -2.36  -3.24*  -5.34* -41.12%  12.48%  -5.00* 9.64* 14.46*
BSHA 2220 -1.72  -1.66  -5.55 2.65 -2.15 1.80 2.36
Significance level 5% -3.45 -2.89 -345 -13.70 471 -2.89 4.88 6.49

B: Cointegration Rank Statistics (with unrestricted constants)

H, r=0 r<l r<2
Trace test 35.04% 16.22% 3.34
95% critical values 29.68 15.41 3.76

C: Estimated Cointegration Vectors

Vector HKINT HKVOL BSHA
Restricted coeflicients 1.00 0.00 0.074
Standard errors (N/A) (N/A) (0.014)

x? test of restrictions 81 = (1 0 x)
x% (1) = 0.242 with p — value = [0.622]

Notes: * denotes rejection at the 95% critical values.
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Testing cointegration usually requires non-stationary variables of the same order of in-
tegration, however, the cointegration relationships could exist when the system has a mix
of I(0) and I (1) variables. It is noted that the cointegration ranks increase correspond-
ingly with adding stationary I (0) variables into multivariate model.” The examination of
whether the three variables are cointegrated is conducted by Johansen’s full information
maximum likelihood testing procedure. As stated in Granger representation theorem,
equation (5.1) has an equivalent vector error correction form which includes both short-
and long-run information for AY;, (A = (1 — L), the first difference operator), through
estimating short term and error-correction term matrices of parameters. Johansen (1988)
geniusly estimates the error correction form by conducting two auxiliary regressions. The
two auxiliary regressions are estimated by OLS regression, thus generating ‘level’ resid-
ual series and ‘difference’ residual series respectively. The number of the cointegrating
relationships can be obtained by calculating canonical correlations between those two
residual series. The main motivation for calculating canonical correlation is to decide
how many stationary cointegrating vectors can achieve the highest correlations with the
stationary AY; processes.®

The Johansen’s rank test results of cointegrating relationships among the three vari-
able series are also reported in panel B of Table 5.2. The null hypothesis of non-stationary
with no cointegration (Hy : v = 0) and at most one cointegrating vector (Hy : r < 1) are
rejected at the 5 percent significant level on the basis of the trace statistic. While the

null hypothesis of at most two cointegrating two cointegrating vectors (Hy : r < 2) are

"That the variables should be integrated of the same order (more than zero) is not a neccessary nor
sufficient condition for cointegration. Suppose we have three variabes x1¢, o:, and x3;. The order of
integration of the first two variable series is I (1) and cointegrated with a relationship, say, z; = z1; + O*

ZTo¢. Whereas xs; is stationary. Thus we would have cointegrating ranks equal to 2, then proceed by
T
imposing and testing overidentifying restrictions for the cointegrating structure as { 0 0 2 } where

% denotes free elements.
8Banerjee et al. (1993) and Hamilton (1994) give detail canonical correlation analysis and its appli-

cation on testing reduced rank of cointegrating systems.
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easily accepted. This leads to the conclusion that there are at most two cointegrating
vectors, which is consistent with the footnote 7 analysis. The cointegrating relationship
between Hong Kong interest rate and Shanghai stock price is only statistical regularity
rather than any well defined economic equilibrium relationships. However, deviations of
the Hong Kong interest rate and Shanghai stock price series from the statistical regu-
larity are transitory in nature and are appropriately modeled in the structure of error

correction models (Engle and Granger 1987).

5.4 The structural VAR identification and dynamic
simulation

The correct specification and identification of the cointegrating relationships and the
estimation of the VAR parameters II, & (equation 5.1) can be of central importance
as the basis for a successful identification of the Structural VAR analysis. Amisano
and Giannini (1997) present full detail analysis on the asymptotic distributions of the
parameters for Structural VAR with cointegrated variable series. Thus Structural VAR
combines the long run equilibrium conditions through the error correction term and
the instantaneous correlations estimated by accounting innovation analysis over a long
time horizon. (i.e. impulse response analysis and forecast error variance decomposition
functions). This allows us to examine directly whether the Shanghai stock prices are
affected by the nature of the Hong Kong interest rates and the Hang Seng index trading
volumes.

Having estimated the rank of the cointegrating space above, the identification of the
cointegrating relationships could be given by imposing zero restrictions on the matrix of
long run coefficients 3.° Since rank (3) = r, B is exactly identified if we normalize 3 by

imposing 7 restrictions for each row in different columns and additional » — 1 restrictions

9The reduced form VAR A (L) Y; = ¢ has an isomorphic error correction form

v (L) Yt =—-A (1) thk + €
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for each row of 3. However, the data generating process of the Hong Kong stock trading

volume series is stationary. Then over-identifying restrictions are imposed on the matrix

of long run coefficients 3 of

,3 - [Hlsah HQSOQ]

1 0 0
H=|00]|, H=|1 (5.4)
0 1 0

Where matrices H; . are restriction hypotheses that need to be tested on each of the
r cointegration relations, and ¢, ,. is the vector of parameters to be estimated in each
cointegration relation. Such tests of long-run exclusion are testing that the stock index
trading volumes have no long-run relationship with the Hong Kong interest rates and
Shanghai stock prices, while the two latter variables do not enter the trading volumes
cointegration space (i.e. the trading volumes are cointegrated with themselves due to
their stationary properties). The estimated cointegrating vector between Hong Kong
interest rate and Shanghai stock price is HKINT + 0.0744 (;—590) X BSHA = 0.1 A
likelihood-ratio test against the unrestricted value of B is performed. The test results in
an asymptotic x? (1) distribution and the over-identification restriction is accepted with
x? (1) = 0.24269 with p — value = 0.62227 significance level.

In an attempt to examine whether and how the Hong Kong interest rates and Hong
Kong stock trading volumes affect the Shanghai stock price movements, we have to ap-

proach the structural VAR and take into account of the existence of the cointegrating

Where ¥ (L) =1, —E;:ll W, L7 and k is the optimal lag optimal length (i.e. k = 5 here), ¥, = Zf:j A
A (1), containing information on the long run relationships, is an n-dimensional square matrix with rank
r. The rank r equal the number of cointegration relationships. It is common to decompose A (1) into
two n x r matrices with each of rank r, namely, A (1) = af37. « denotes the speed of adjustment to
desequilibrium and [ is the long run coeflicients. Tests of restrictions on this isomophic form can be
conducted by imposing restrictions on matrices o and S.

10The other cointegrating vector is just the trading volume series itself due to its stationary property.
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relationships among the three variables. Nevertheless, the issue of how to identify re-
strictions on A and B matrices in equation (5.3) rises. Since most papers apply the
structural VAR models to examine joint behavior of macroeconomic variables such as
output, unemployment, prices, and wages etc., the set of identification restrictions that
are imposed on matrices A and B in those papers can be based on economic theory such
as the Keynesian model (e.g., Blanchard (1989), Gali (1992), Giannini et al. (1995),
and Amisano et al. (1995)). There is, however, no specific economic or financial theory
concerning the relationship among these three variables, so the identifying restriction is
not motivated by any meaningful economic theories. This section tries to consider the
following set of restrictions on A and B matrices with respect to the relation between

reduced-form and structural innovations, equation (5.3).

AEt = Bet
1 0 0 by 0 O
A= asy 1 0 3 B= 0 bgg 0 (55)
asy asgy 1 bsi 0 b3

where €, = [e14, €1, €3] and €; = [eyy, ear, €:]" . The subscripts 1, 2, and 3 for the elements
in matrices A, B and vectors €;, e; represent the Hong Kong short-term interest rate,
Hong Kong stock trading volumes and the Shanghai stock prices respectively. The zero
identification restrictions criterion on A and B matrices are based on assumptions that
the Shanghai stock prices do not affect the Hong Kong short-term interest rate and stock
trading volumes, because we have spelled out clearly in last chapter that the volatilities
of the Shanghai stock market have no effect on those of the Hong Kong stock market
after the handover. Alternatively, the expression (5.5) corresponds to the linear system

which can be written in the explicit form:
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€1 = bi1e1s

€9t + ag1€1 = bogey

€3t + ag1€1¢ + Aza€a = bziers + byses;

The first row of the linear system states that the reduced form shocks in Hong Kong
short term interest rate entirely depend on its own structural innovation e;;. While
the reduced form shocks in Hong Kong stock trading volumes, given the interest rate
shocks,depend on structural innovation eg; . The last row of the system describes that
the reduced form shocks in Shanghai stock prices are allowed to respond to innovations
in all variables. With respect to comparison with the restriction perspectives based on
Kynesian economic model, it can be argued that these identification restrictions are not
immune from arbitrariness. However, they are at least robust to the issue of the ordering
identification assumptions which the reduced form VAR suffers. It is, of course, desirable
for the restrictions to be consistent with empirical evidence.

Conditional on these identification restrictions, there are seven free elements in A
and B matrices that need to be estimated while there are only six known parameters
contained in the reduced form residuals 3 estimated by the reduced form (5.2). Thus, at
least one restrictions are need for exactly recovering A and B matrices. The reduced form
VAR with a cointegrated system of variables can be represented in its isomorphic error-
correction model whose structural form enables us to generate additional restrictions on

A matrix.! Two restrictions are imposed on the ‘structural loadings’ Aa as

11Quppose that the system can be written as a finite order vector autoregrssion form as equation 1:
A (L) Yt = ft,t = 1, ...,T,
This equation can then be rewritten in error correction form as

—'OdﬁT Yt—-p + = (L) AYt = €
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