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Abstract

This paper examines the volatility dynamics of the
greater China stock markets (Shanghai A- and B-
shares, Shenzhen A- and B-shares, Taiwan, and Hong
Kong) by employing a multivariate (tetravariate)
framework that incorporates the features of
asymmetries, persistence, and time-varying
correlations, which are typically observed in stock
markets of developed economies. Specifically, we
introduce two new multivariate GARCH models that
do not nest each other: the Varying-Correlations (VC)-
fractionally integrated asymmetric power ARCH (VC-
FIAPARCH) and the VC-fractionally integrated
asymmetric GARCH (VC-FIAGARCH) models. Our
results indicate that, unlike the Shenzhen and
Shanghai A-shares, Hong Kong, and Taiwan markets,
both the B-share markets do not exhibit significant
asymmetric volatility (“leverage effect”). Furthermore,
return volatility in the A-share market is substantially
higher than the B-share market before April 1997, but
this result is reversed after that. Also, there is strong
evidence of volatility persistence in all the markets,
and this finding is robust to changes in model
specification. It also appears possible that all the
greater China stock markets share a common degree of
persistence in volatility. Our examination of the
correlation dynamics of these markets indicate that the
Shenzhen and Shanghai stock exchanges are highly
positively correlated with each other, with the strength
of correlation increasing after the late nineties. Their
correlations with the Hong Kong and Taiwanese
markets, however, are much weaker and do not display
any clear trends.
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1. Introduction

The interrelationships among the financial
markets in the greater China area, which comprises
mainland China, Taiwan, and Hong Kong SAR, is a
noteworthy issue of economic research, mainly

because the financial markets in this region have
grown rapidly. In particular, among all the members of
the World Federation of Exchanges, the Hong Kong
Stock Exchange ranks 9th in the world by market
capitalization in 2004. In the case of the Taiwan Stock
Exchange, a major liberalization took place in May
1988 and the number of listed companies increased
rapidly from 199 in 1990 to 669 in 2003. As for the
mainland Chinese stock markets, they have also
entered a new stage of development, as manifested by
the exponential expansion of market capitalization. By
the end of 2004, the 837 companies listed on the
Shanghai Stock Exchange had a total market
capitalization of US$ 322.477 billion. On the other
hand, by 2005, market capitalization in the Shenzhen
stock market amounted to US$ 122 billion.

In view of the growing importance of the greater
China stock markets, it would be interesting to model
and analyze the volatility dynamics of these markets.
This paper proposes a unified approach of doing so by
adopting a multivariate framework that simultaneously
incorporates asymmetries, persistence, and time-
varying (dynamic) correlations. Specifically, we
introduce two new multivariate  generalized
autoregressive conditional heteroscedasticity
(GARCH) models that do not nest each other: the
Varying-Correlations  (VC)-fractionally integrated
asymmetric power ARCH (VC-FIAPARCH) and the
VC-fractionally integrated asymmetric GARCH (VC-
FIAGARCH) models. The models that we propose
have these advantages:

e They nest other popular GARCH models that
exist in the literature (see Ding, Granger, and
Engle (1993) and Sentana (1995) for details);

e They guarantee that the variance-covariance
matrix is positive-definite once parameter
estimates are obtained;

e They are relatively parsimonious compared
with other multivariate models found in the
literature, such as the BEKK model of Engle
and Kroner (1995);

e All equations are estimated simultaneously
instead of using a multi-step procedure. This



is deemed more efficient than Engle’s (2002)
Dynamic Correlation (DC) approach.

The rest of this paper is organized as follows.
Section 2 outlines the econometric methodology used
in this paper. The next section then discusses the data
sets employed in this paper and analyzes the
estimation results.

2. Econometric Methodology

We outline the basic features of the following
multivariate GARCH models in this section: the VC-
QGARCH, the VC-APARCH, the VC-FIAGARCH
and the VC-FIAPARCH.

2.1. Time-Varying Correlations

First, we briefly describe the VC-GARCH model, the
details of which are available in Tse and Tsui (2002):
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@, is the c-algebra generated by all the available
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(k x k) positive-definite correlation matrix, 7; and m,
are assumed to be nonnegative and sum up to less than
1, and ¥, is a function of the standardised residuals
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where M is set equal to k, in accordance with Tse and
Tsui (2002).

Vi

e Log-likelihood Function (assuming
normality conditional on ®,, and ignoring
the constant term):
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and ¢g; are the random disturbance terms obtained from
equation (1).

Alternatively, ; () can be rewritten as
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if we define the conditional variance-covariance
matrix H; aspy - {hi/t}z DD, > Where p — diag{ i, },
and r,= {piﬂ } By this formulation,
(&),>E9sE3»n €)D" Tepresents the  standardized
residuals (e,,e,..e, ) AS noted by Tse and Tsui
(2002), Bollerslev’s (1990) constant-correlations
GARCH (CC-GARCH) model is nested within the
VC-GARCH model under the restrictions ©t; = m, = 0.
Thus, the likelihood ratio test can be readily applied to
compare the performance of these two models.

2.2. Asymmetric Volatility

Next, we outline the VC-QGARCH model.'
Essentially, only the conditional variance equation (4)
changes whilst everything else remains the same:

h, =n—-ye, + 0‘5:2—1 + ph,_, ©)

where y is the asymmetric coefficient. Sentana’s
(1995) QGARCH(1,1) model is related to Engle’s
(1990) AGARCH(1,1) model when we rearrange the
terms in equation (9):
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AGARCH(1,1) model is obtained:
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Similarly, to specify the VC-APARCH model, we
modify equation (4) as follows:
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where v is the asymmetric coefficient and ;%2is the

power transformation of the conditional variance.

2.3. Long-memory Dynamics

To model long-memory dynamics, we employ the
fractionally integrated approach (Baillie, Bollerslev,
and Mikkelsen (1996)). Specifically, we rearrange
equation (4) and factorize the lag polynomial | _ g _ o1

as (1- L)’ (1-¢L)

(-L)'(1-¢gL)e! =n+[1- L, (13)

' To simplify the notation, the subscript i is omitted.



wherey =g? —p . By manipulating equation (13)
algebraically, we obtain the FIGARCH(1,d,1) model:

(14)
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where j() = Z; AL =1-(1-pL)" 1-gL)1-L)*- To

incorporate asymmetries into equation (13), we apply
the fractional differencing operator (1—L)“to the

AGARCH and APARCH models in equations (11)
and (12) respectively:

e FIAGARCH(1,d,1):
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e FIAPARCH(1,d,1):
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By combining the FIGARCH, FIAGARCH, and
FIAPARCH models with the varying-correlation
structure described in Section 2.1, we obtain the VC-
FIGARCH, VC-FIAGARCH, and VC-FIAPARCH
models. The parameters of all the models are
estimated using Bollerslev and Wooldridge’s (1992)
quasi-maximum likelihood estimation (QMLE)
approach. To compute the response coefficients in
A(L)» we adopt the following infinite recursions given

in Bollerslev and Mikkelsen (1996):
A=¢-p+d, 17
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where ¢, = ¢, (b-1-d)/b, With ¢, =d

3. Data and Estimation Results

The following data sets are used in this paper: the
Shanghai Composite, A-share, and B-share Indices
(SHSCOMP, SHSASHR, SHSBSHR), the Shenzhen
Composite, A-share and B-share Indices (SHZCOMP,
SHZASHR, SHZBSHR), the Taiwan Weighted Index
(TAIWGHT), and the Hang Seng Index (HNGKNGTI).
Specifically, for the SHSCOMP, SHZCOMP,
TAIWGHT, and HNGKNGI indices, the data sets
comprise 3225 daily price observations from May 22
1992 to September 30 2004. As for the A-share and B-
share indices, instead of May 22 1992, the start date of
our analysis is October 5 1992, because this is the very
first day of availability for the Shenzhen A-share and
B-share indices. All data sets are obtained from
DataStream International.

Our main findings are as follows:

e Asymmetric volatility (“leverage effect”) is
detected for most markets and this is robust
across various model specifications; for the

Shanghai and Shenzhen markets, only the B-
share indices do not exhibit significant
asymmetric effects.

e Volatility persistence is detected in all
markets, as measured by the significant
fractional differencing parameter d.

e All the markets might share a common
degree of volatility persistence (fractional
integration).

e Low correlation coefficients of the mainland
Chinese markets with those of Hong Kong
and Taiwan suggest that Shanghai and
Shenzhen are relatively insulated from the
rest of the region.

e The correlation between the Shanghai and
Shenzhen markets are relatively strong but
not perfectly positive.

e Time-varying correlations exist among the
markets. In particular, there is evidence that
correlations are strengthening over time.

e There is substantial volatility disparity
between the A-share and B-share markets.
Before April 1997, the volatility of the A-
share indices is higher than that of their B-
share counterparts, but after that, the B-share
markets exhibit greater fluctuations.
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