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Abstract 

This paper examines the co-movements of equity returns and volatilities in Hong Kong 

and the U.S. stock markets during the period 1987 to 2001. Daily return and all five 

weekday weekly returns are examined. A bivariate GARCH model with BEKK 

representation is adopted. Mean spillovers exist from the U.S. to Hong Kong but do not 

exist from Hong Kong to the U.S. The U.S. has higher volatility persistence than Hong 

Kong. The results from the cross- and own market volatility spillovers are not 

consistent among those five weekday weekly return series. Although the bivariate 

GARCH model is able to capture the serial correlation structure of the volatility of the 

stock index returns, not all series provide consistent results under the diagnostic analyses. 
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S P I L L O V E R E F F E C T S B E T W E E N H O N G K O N G A N D T H E U.S. 
S T O C K M A R K E T S : A B I V A R I A T E G A R C H M O D E L A P P R O A C H 

1. INTRODUCTION 

In an era of increasing globalization, the study of the transmission of asset price 

movements between international financial markets in short time intervals, such as daily 

and weekly periods, becomes more important. This is because a better understanding of 

the co-movement between international financial markets, if it can be identified, allows 

investors to improve their risk-hedging strategies and optimize their portfolio of assets. 

Karolyi and Stulz (1996) suggest that a daily horizon is important for risk management 

purposes and for portfolio managers who use dynamic hedging strategies. Also, for those 

so-called day-traders, daily movements on the stock markets are more relevant to their 

dynamic trading strategies. This kind of study is especially interesting when researchers 

try to investigate the co-movement and the covariance between the biggest capitalized 

country, the U.S., and other smaller capitalized countries or emerging markets. 

One possible explanation for the co-movement of asset prices, based on 

macroeconomic theory, is the globalization of the economic environment. For example, 

when the U.S.'s economy is booming, other countries which are heavily dependent on 

trading with the U.S. (particularly exporting to the U.S.), such as Hong Kong, should 

benefit from the higher import demand from the U.S.; on the other hand, if the U.S. 

economy is in recession, other countries' economies should be hurt by the slowdown of the 

exporting business to the U.S. Eventually, stock markets should react to the situation. 
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Using either daily or weekly data series, researchers try to verify this kind of 

mechanism by examining the stock indices' return and volatility co-movement between 

international stock markets. For example, using daily data, both Eun and Shim (1989) and 

Koch and Koch (1991) find stock price innovations (mean spillovers) from the U.S. stock 

market are rapidly transmitted to the rest of the world but the innovations in other national 

markets have very small impact on the U.S. stocks. Isakov and Perignon (1999) also find 

that Swiss equities are influenced by events in foreign markets but more significantly by 

the U.S. market than by the Swiss, the German, the U.K., the Japanese and the French 

markets. Using weekly stock index returns, Theodossiou, Kahya, Koutmos and Christofi 

(1997), find mean-spillovers exist from the U.S. and Japan to the U.K., although the 

magnitude of those spillovers is low; and, the volatility spillovers exist to both Japan and 

the U. K. from the U.S.. Hamao et al. (1990) also find evidence that the price volatility 

spillovers exist from New York's stock exchange index to Tokyo's, from London's to 

Tokyo's while the reverse relationship does not hold. Liu and Pan (1997) investigate both 

daily mean return and volatility spillovers effects from the U.S. and Japan to four Pacific-

Basin stock markets which include Hong Kong, Singapore, Taiwan and Thailand, and find 

that the U.S. market is more influential in return and volatility transmissions to those four 

markets than the Japanese stock market. Theodossiou and Lee (1993) study the 

relationship between the U.S., the U.K., German, Canadian, and Japanese stock markets. 

They find that both weekly mean and volatility spillovers exist between some of those 

markets. On the other hand, Susmel and Engle (1994) use hourly stock price series and 

find no strong evidence of either mean or volatility spillovers between those markets. 

Finally, Karolyi and Stulz (1996) use daily series of Japanese stocks traded as American 



3 

Depository Receipts (ADRs) and U.S. stocks to show that macroeconomic announcement 

do not have any effect on the correlation between U.S. and Japanese stock return 

correlations, but large shocks to stock market indexes positively impact on both the 

magnitude and the persistence of the return correlations. 

One general consensus is that the U.S. equity market has some spillover effect on 

other national equity markets. Market analysts frequently try to explain the movement of 

the Hong Kong stock market (Hang Seng Index) in the financial news with the movement 

of the U.S. stock market. Statements such as "Hang Seng Index declines.. .after the plunge 

by Wall Street" and "Hang Seng Index is up... due to the soar of Dow" are quite common. 

Those claims seem to suggest that the U.S. stock market transmits its volatility to the Hong 

Kong stock market and, particularly, the impact is positively related. This paper aims to 

examine the dynamic interdependence between the U.S. and Hong Kong stock markets. 

Using the empirical method, I try to answer the following questions: do return and 

volatility spillovers exist between these two markets? Are the spillovers bi-directional or 

unidirectional (i.e. significant spillover from the U.S. to Hong Kong but not the other way 

around)? Do the empirical results significantly differ between using daily data series and 

weekly data series when the two stock markets operate in a non-contemporaneous way? 

And, do all weekly series (Monday to Friday) provide consistent results (i.e. investigating 

the existence of day of the week effect)? 

This paper is organized as follows: the next section discusses the basic framework 

of the model I use in this paper, the multivariate Generalized Autoregressive Conditional 
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Heteroskedasticity (multivariate GARCH) model, starting from the basic ARCH model, 

and the estimation procedure. The third section discusses the data, in particular an 

explanation of how the data is prepared under the non-synchronous trading hours between 

the two stock exchanges and the preliminary results are also presented. The fourth section 

elaborates the findings from the estimates and investigates any potential conflicting results 

between the use of daily and weekly time-series data. The next section will perform 

diagnostic analyses to test whether the GARCH model is well-specified. Finally, in the last 

section, I summarize all the findings with some concluding remarks and some suggestions 

on further extended investigation. 

2. THE MODEL FRAMEWORK 

2.1 The basic model: The ARCH Model 

Suggested by Engle (1982), the Autoregressive Conditional Heteroskedasticity 

(ARCH) model models the unobservable second moment by a specified functional form for 

the conditional variance with the first moment jointly. The ARCH model specifies that the 

conditional variances are dependent on elements in the information set in an autoregressive 

manner, while the mean equation is in the form of a stationary ARMA model. For example, 

the ARCH(J) process of a conditional variance, a] at time t, can be expressed in terms of 

the shocks (measured by the squared errors terms) from the previous periods: 

a] =a) + J]/3j s]_ / (equation 2.1.1) 
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where all the parameters, 6J, ySj (for all j = 1, 2,...,J) are non-negative, and the first 

moment equation can be any form of ARMA model such as: 

yt = ao + ai yt_i + e t which is an AR(1) model. 

The idea is that, for example, a previous large shock (either positive or negative) 

contributes to the current variance level by adding a relatively large positive value to it; on 

the other hand, a small previous shock contributes a relatively small effect. Since the 

shocks exhibit some degrees of correlation, a large (small) current variance level means 

large (small) current shocks are likely to occur. Such kind of behavior is consistent with 

the behavior of financial data series such as exchange rate, commodity prices and stock 

market prices. Many researchers such as French et al. (1987), Chou (1988), and Baillie & 

DeGennaro (1990) have found that international stock markets have such kind of behavior 

(volatility clustering) in their stock return series. 

2.2 GARCH Model (univariate) 

Bollerslev (1986) generalizes the ARCH model by allowing past conditional 

variances present in the current conditional variance equation. The assumption is that there 

are not only the previous shocks but also the previous volatilities affect the current 

volatility. For example, under the GARCH(P,J) model, the current conditional variance 

equation can be expressed as: 

p J 

°7 =co + YaapCTl\ +Yjf3J£l<-i (equation 2.2.1) 
P=i ;=i 



where all the parameters, oo, ap and (3 j (for all p= 1, 2,... ,P and j = 1, 2,...,J) are non-

negative. The GARCH model is named as the generalized version of the ARCH model 

because when the parameter P is defined as zero, i.e. GARCH(0,J), the conditional variance 

equation becomes: 

./ 
of = co + ̂  PJ (equation 2.2.2) 

/=< 

which is equivalent to the ARCH(J) model. 

2.3 Multivariate GARCH Model 

Multivariate GARCH models that allow both the variances and the covariances to 

depend on the vector ARMA form of the information set are useful in modeling 

multivariate financial models. For example, the investigation of the existence of volatility 

spillovers between two stock markets can be carried out by a multivariate (bivariate in this 

case) GARCH model which is described by Bollerslev, Engle and Woodbridge (1993). 

Kearney and Patton (2000) find evidence of exchange rate volatility transmitted within the 

European monetary system. Karolyi and Stulz (1996) use daily data of Japanese stocks 

traded as American Depository Receipts (ADRs) and U.S. stocks to show large shocks to 

stock market indexes positively impact on both the magnitude and the persistence of the 

return correlations. Theodossiou, Kahya, Koutmos and Christofi (1997), using Friday 

weekly closing indices, find the mean-spillovers exist from both the U.S. and the Japanese 

stock markets to the U.K. stock market. Choudhry (2000) uses multivariate GARCH 

model and daily stock markets returns to investigate the day of the week effect in seven 

Asian emerging markets including India, Indonesia, Malaysia, Philippines, South Korea, 

Taiwan, and Thailand. In terms of the choice of the order of lags for the conditional mean 



and variance, Chou (1988), Song, Liu and Romilly (1998), Theodossiou et la (1997) and 

Santis and Gerard (1997) conclude that GARCH (1,1) provided the best-fitting and higher 

order of lag values were not significant. Therefore, the bivariate GARCH(1,1) model is 

used in this paper. 

The bivariate GARCH(1,1) model in this paper is described by the following: 

Let Rj,t be the percentage return (either daily or weekly) of the stock market in 

country i (either Hong Kong Hang Seng Index (HK) or Dow Jones Industrial Average 

Index (DJ)) at a particular time period t, computed by the formula: 

Ri,, = log(Pi,t) - log(Pi)t.i) (equation 2.3.1) 

where Pjjt is the level of the stock price index in country i, for i = HK or DJ 

The bivariate GARCH(1,1) model consists of two equations: 1) first moment and 2) 

second moment. 

Since this paper will investigate the presence of spillover effects between Hong 

Kong Hang Seng index return and Dow Jones industrial average index return, the first 

moment equations are the two stock index return equations described as the bivariate AR(1) 

process: 

+ PDJ,HKRDJJ + £HK,, (equation 2.3.2) 

RDJ,, - aDJ + f3DJ,DJRDJ,,-t + PHK.DJRHK,, + Bu, (equation 2.3.3) 
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where the subscripts HK and DJ are represented as the Hong Kong Hang Seng 

Index and the Dow Jones Industrial Average Index respectively. 

From the equation 2.3.2, (3DJ,HK measures the contemporaneous return spillover 

effect from Dow Jones to Hang Seng. And, PHK.HK measures the own market return 

spillover effect on Hang Seng from its own lagged return. Similarly, from the equation 

2.3.3, PHK,DJ measures the contemporaneous return spillover effect from Hang Seng to Dow 

Jones while PDJ.DJ measures the own market return spillover effect on Dow Jones from its 

own lagged return. Since Hong Kong and the U.S. are located at different time zones, the 

trading time of their stock markets do not completely overlap. The details on the time 

notation will be discussed on the next section. 

Furthermore, the conditional error terms are assumed to be distributed as bivariate 

normal random variables, i.e. 

£,|0,.,~N(O, Ht) 

where £t 
F 
C DJ J 

and H, is the conditional variance-covariance matrix. The conditional 

error terms in either markets are based on past information, <t>t-i - The information includes 

all information specified in our model which is available at time t-1 such as the stock 

indices and their returns from both stock markets and their preceding values, and other 

relevant information such as the macroeconomic news announcements. The difference 

between this model and the usual OLS model is that it is not necessary for the error terms 

to be independent and identical distribution (i.i.d.) sequences. Thus, in order to ensure the 
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GARCH model is more appropriate than the OLS model, not only do the data series (i.e. 

the index return series in this paper) have to be stationary but the error term structure also 

has to be serially correlated. The corresponding testing procedures will be covered in the 

next section. 

From the two first moment equations (equation 2.3.2 and equation 2.3.3), under the 

efficient market hypothesis, the own market spillover should not be statistically significant. 

Therefore, both PHK.HK and PDJ.DJ are expected to be not statistically different from zero. On 

the other hand, if the spillover exists from the U.S. stock market to the Hong Kong's, the 

estimates of the parameter PDJ.HK is expected to be statistically significant and its sign 

would indicate whether the return spillover effect is positive or negative. If the return 

spillover is bi-directional, both estimates of the parameters PDJ.HK and PHK.DJ would be 

statistically significant. 

The second moment equations estimate the two conditional variance equations and 

the conditional covariance simultaneously. Under the most general expression, the two 

conditional variance equations can be expressed as: 

OHK/ = Ci + ai eHK,t-i2 + a2 eDj,t2 + a3 eHK,t-iSDj,t + a4 oHK,t-i2 + a5 oDJ>t2 + a6 oHK,Dj,t-i 

(equation 2.3.4) 

0"DJ,t2 = C2 + b) 8HK,t2 + b2 SDJlt-l2 + b3 8HK,tSDJ,t-l + b4 OHK/ + b5 0Dj,t-l2 + b6 0HK,DJ,t-l 

(equation 2.3.5) 
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And the conditional covariance equation is: 

0"HK,DJ,t = C3 + dl 8HK,t-l2 + d2 £DJ,t-l2 + d3 £HK,t-lEDJ,t-l + d4 0"HK,t-l2 + &5 0"DJ,t-l2 + d6 0"HK,DJ,t-l 

(equation 2.3.6) 

So the two conditional variances of returns in each market and the covariance at 

time t are defined as a linear function of the lagged volatility shocks (SHK.M2 and eDj,t-i2) 

and the past conditional variances (OHK,I-I2 and ODJ,I-I2) from both markets at time t-1. In 

addition, the cross product of the shocks (£HK,t-i£DJ,t-i) in both markets at time t-1 and the 

lagged covariance (o"HK,Dj,t-i) are also included. 

From the above equations, a statistically significant value of a2 (bi) implies that 

there is significant volatility spillover from Dow Jones (Hang Seng) to Hang Seng (Dow 

Jones); it represents the cross market volatility spillover from one market to the other. a\ 

and b2 measure the own market volatility spillover effects on Dow Jones and Hang Seng 

respectively. The coefficients a5 and b4 represent the persistence of the conditional 

volatility from its first lagged value on Dow Jones and Hang Seng respectively. 

The bivariate GARCH(1,1) model can be estimated by assume a log-likelihood 

return function and then use maximum likelihood estimation (MLE) method to estimate the 

parameters. However, based on the above general specification of the first and second 

moment equations, 27 parameters have to be estimated (6 from the first moment equation 

and 21 from the second moment equation). Therefore, in order to reduce the number of 
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parameters, there are three common specifications to parameterize the conditional variance-

covariance matrix Ht : 1) diagonal representation, 2) constant correlation representation 

and 3) the BEKK representation. These three representations will be discussed in the 

following sections. Based on their pros and cons, the BEKK representation is adopted in 

this paper. 

2.3.1 Diagonal Specification 

Bollerslev, Engle and Wooldridge (1988) propose the diagonal representation. The 

representation is shown below: 

0 0 ~ 2 
S HK,l-\ a4 0 0 ~ 2 

0HK.DJ.t = c2 + 0 b2 0 S HK,I-\S DJ ,t-\ + 0 0 °'HK,DJ,I-

_C3_ 0 0 d,_ cDJ,t-] 0 0 *6_ 
2 

The matrix form can be expanded into three variances and covariance equations as 

the equation 2.3.4 to equation 2.3.6: 

OIIK.I2 = ci + ai EHK.,1-12 + a4oHK,t-i2 (equation 2.3.7) 

oDj.t2 = c3 + d3 eDj,t-i2 + d6 oDj>i2 (equation 2.3.8) 

OHK,DJ,I = c2 + b2 eHK,i-ieDj,t-i + bs oHK,DJ,t-i (equation 2.3.9) 

As the result, the variances depend solely on the past own squared residuals, and the 

covariances depend solely on its own past cross products of residuals. In other words, it 

restricted the parameters a2, a3, as, a6, bi, b3, b<i, b6, dj, d2, d4, and d$ to be zero from 

equation 2.3.4 to equation 2.3.6. The advantage of this specification is that only 9 

parameters have to be estimated from the variances and the covariance equations under the 
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GARCH(1,1) model; also, it seems an intuitively plausible restriction since the information 

about the variance is usually revealed in terms of the squared residuals; thus, the past 

squared residuals should be able to forecast the future value of the variance if the variances 

are evolving slowly. Nevertheless, this specification ignores the potential interactions in 

the variances between the two markets investigated in this paper investigates. Therefore, 

this specification cannot be used in this paper. 

2.3.2 Constant Correlation Specification 

Bollerslev (1990) proposes the constant correlation representation for the 

conditional variance-covariance matrix. He assumes the off-diagonal elements of the 

conditional variance-covariance matrix, Ht to be a constant contemporaneous correlation 

expressed as: 

Then he specifies the diagonal elements of Ht by assuming there are no cross 

equation dynamics. Thus, the two conditional variance equations are: 

(equation 2.3.10) 

0"HK,t - C] + ai 8HK,t-l + a4GHK,t-l (equation 2.3.11) 

CfDj.t -c2 + b28Dj,t-i +b5oDj,t-i (equation 2.3.12) 

However, the constant correlation assumption may not be valid when the analysis 

period is under a long duration such as one or two decades. Chelley-Steeley (2000) and 

Darbar and Deb (1997), who use daily stock index returns, find that over the last two 
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decades, the correlations between major national stock markets' have been increasing 

substantially. 

2.3.3 The BEKK Specification 

If the constant correlation assumption is relaxed, one way to estimate the GARCH 

model is by the BEKK specification. The BEKK specification not only allows non-

constant correlation between the estimated data series but also ensures the positive semi-

definiteness of the conditional variance-covariance matrix. 

Following the BEKK specification, the conditional variance-covariance matrix, Ht 

is written as shown in quadratic form to ensure that it is a positive semi-definite matrix: 

Ht = C'C + A' £te,A + B' H,., B 

where Ht, A, B and C are matrices of dimension (2X2) and £t is the (2X1) vector of the 

error terms such that it is a lower triangular conditional variance-covariance. 

The matrix form can be expanded into three equations: two conditional variance 

equations and one conditional covariance equation: 

2222 2222 
OHK/ = Cn + an 8HK,M + 2ana2i8nK,t-i£Dj,t + a2i eoj.t +bn omct-i + 2bi ]b2iaHic,DJ,t-i + 

b2i2ODj,t2 (equation 2.3.13) 

' Steely (2000) analyses five international equity markets including the U.S., the U.K., Germany, France and 
Japan; and, Darbar and Deb (1997) evaluate the equity markets including Canada, Japan, the U. K. and the U. 
S. 



0"DJ,t _ Cl2 + C22 + ai2 £HK,t + 2ai2a22eHK,t£DJ,t-l + a22 6DJ,t-l + bl2 0"HK,t + 2bl2b220"HK,DJ,t-l 

+ b222ooj,t-i2 (equation 2.3.14) 

2 2 
OHK.Dj.t = C12C11 + anai2£nK,t-i + (a2iai2 + ana22) £HK,t-i£Dj,t-i + a2ia22£Dj,t-i 

+ bnbi20HK,t-i2 + (b2ibi2 + biib22)oHK,DJ,t-i +biibi2o-Dj,t-i2 (equation 2.3.15) 

The BEKK model conveniently allows the presence of cross-market dynamics of 

conditional covariances. Under the GARCH(1,1) model, the BEKK specification contains 

11 parameters in its conditional variance-covariance equations. One drawback of the 

BEKK model is that the parameters cannot be easily interpreted on an individual basis. As 

shown in the above equations for the conditional variances and covariance, there are 12 

cross products of the parameters. For example, comparing the coefficients in equation 

2 2 2 2 2 
2.3.13 to those in equation 2.3.4, en , an ,2ana2i,a2i , bn , 2bnb2i and b2i inequation 

2.3.13 is equivalent to Ci, ai, a3, a2, a4, &6 and as in equation 2.3.4 respectively. Thus, to 

find the standard errors of the function of those estimated coefficients, it is not 

straightforward2. However, this specification is still widely used because of its flexibility. 

For example, Darbar and Deb (1997) use daily close-to-close returns of indices of four 

national stock markets (Canada, Japan, the U.K. and the U.S.) and, by the BEKK 

specification, they find that the Japanese and the U.S. stock markets show no permanent 

correlation and have significant transitory covariance but zero permanent covariance. Tse 

(2000) studies the correlations between Hong Kong, Japan and Singapore stock markets 

and finds that the correlations are not constant but time-varying. Since 14 years daily and 

weekly time series data (from 1987 to 2001) are used for the analysis in this paper, it may 

2 The detail of estimating the standard error of the estimates will be covered at Section 4.3 



be too restrictive to presume that the correlation between the two equity market indices 

used in this paper was constant over the whole 14 years period. 

The RATS software program is used to estimate the parameters3 of this GARCH 

model by numerical maximization techniques under the BEKK parameterization. The 

reason for using numerical maximization techniques is that the log-likelihood function 

stated above is not linear. The simplex and the Berndt, Hall, Hall and Hausman (BHHH) 

(1974) algorithms are applied in the estimation process. The simplex algorithm is used to 

provide the initial parameters estimates for the BHHH algorithm because the simplex 

algorithm, as Kearney and Patton (2000) mention, is unable to estimate the variance-

covariance matrix directly, although it is more robust than the BHHH algorithm. Then, the 

BHHH algorithm is used to estimate the final parameters estimates along with its 

corresponding variance-covariance matrix under the BEKK specification. 

3. DATA AND THE PRELIMINARY FINDINGS 

3.1 Data 

The data used in this paper are the daily closing price indices on the Hong Kong 

Hang Seng Composite Index (HSI) formulated by HSI Services Limited and the Dow Jones 

Industrial Average Index (DJI) from Dow Jones & Company. Daily closing prices of the 

3 The programming procedure using BEKK specification is written by Rob Trevor based on the May 1994 
RATSletter; adjustment on the program coding is made in order to adapt my data series including the 
specification on the mean equation, initial conditions for the BEKK parameterization, and the number of 
iterations are required to get convergence of the estimates. 
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stock market indices are provided by Reuters4. HSI is a value-weighed index composed of 

33 'actively traded blue chips' stocks incorporated in Hong Kong. It reflects a broad 

industrial base in term of Hong Kong's business activities; in addition, according to Ho and 

Cheung (1991), using a composition of index can eliminate the potential problem of 'thin 

trading' and 'non-synchronous trading' in a stock exchange. Daily stock index returns are 

calculated as the natural logarithm difference of the price index relative5. The sampling 

period is between January 2, 1987 and August 8, 2001. One advantage of evaluating the 

stock index returns between Hong Kong and the U.S. is that Hong Kong has adapted the 

Linked Exchange Rate System since October 19836. Under the Linked Exchange Rate 

System, the Hong Kong Monetary Authority has the obligation to maintain the exchange 

rate at $7.80 Hong Kong Dollar to $1 U.S.7. Therefore, there is no need for any exchange 

rate adjustment between the two stock returns. 

3.2 Non-overlapping trading and non-trading day adjustments 

One problem on dealing with international stock exchange returns is the non-

synchronous trading hours due to the time zone issue. Hong Kong Stock Exchange opens 

between 10:00p.m. and 4:00a.m. Eastern Standard Time (EST) from Sunday to Thursday8; 

on the other hand, the New York Stock Exchange opens between 9:30a.m. and 4:00p.m. 

EST from Monday to Friday. The timeline of both exchanges' operating hours are shown 

in Figure 1. There is no overlapping trading period between those stock exchanges. 

4 Both daily series are downloaded from Yahoo Finance News website: http://finance.yahoo.com/. 
5 The formula has been discussed in Section 2 The Model Framework. 
6 Information provided by Hong Kong Monetary Authority. 
7 except the period between 9/1998 to 3/1999 while the fixed exchange rate is HKS7.75 to US$1. The 
exchange rate has been moving back to HKS7.80/USS1 by 1 pip each calendar day starting from 1 April 1999 
ending 12 August 2000 and is fixed so on. 
8 Sunday 10:00p.m. EST is the Monday morning in Hong Kong's time zone. 

http://finance.yahoo.com/


According to the study by Kahya (1997), non-overlapping trading hours cause the daily 

correlation of returns in own market to be biased downwards while daily cross-serial 

correlations of returns are biased upwards. One possible explanation is the transmission of 

the information content from the stock prices. For example, from HSI closing price at Day 

2 in our model, there is a 24 hours time difference from its own index closing price at the 

previous day (Day 1) but only 12 hours ahead from the previous DJI closing price (Day 1). 

Given that stock markets react to relevant information quickly, if there is any relevant 

information causing both markets move up or down after the closing hour of Day 1 in 

Hong Kong stock market, the result will be reflected on both closing indices of DJI (Day 1) 

and HSI (Day 2). As the result, the cross-serial correlations of return are likely to be higher. 

Therefore, if there is no return spillover effect between the two markets, referring to the 

equations 2.3.2 and 2.3.3, the estimates of PHK.HK and PDJ.DJ are expected to be negative and 

the estimates of PHK,DJ and PDJ.HK are expected to be positive. On the other hand, Lee and 

Theodossiou (1993), Kearney and Patton (2000), and Roca and Selvathan (2001) use 

weekly data to minimize non-overlapping trading effect. Nevertheless, Von Furstenberg 

and Jeon (1989) and Longin and Solnik (1995) find that weekly and monthly stock returns 

which are exposed to macroeconomic and industry factors are not helpful in understanding 

the cross-country market covariances. 

Moreover, using weekly or even monthly data does not necessarily provide better 

results. One problem of using weekly data is the so-called "day-of-the-week" effect. 

Many studies such as French (1980) and Keim and Stambaugh (1984) find the U.S. stock 

market has significantly negative returns on Mondays and significantly positive returns on 
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Fridays. On the other hand, Jaffe and Westerfield (1985) find both Japanese and Australian 

stock markets have the lowest mean return on Tuesdays. Tang (1997) studies the Hong 

Kong stock market and concludes that the day-of-the-week effect exists only in non-

January months. As a result, day-of-the-week effect is not necessarily consistent across 

international stock markets. One of the purpose of this paper is to present the daily series, 

as well as all five weekly series (from Monday to Friday), in order to investigate whether 

those weekly series provide consistent results. If, for instance, the estimates from all five 

weekly series are not consistent to each other, it may raise the problem of bias from 

researchers who pick only one particular day of the week for their analysis because their 

model, under such circumstances, only represent the mechanisms in one of the five week 

days. 

Another problem of evaluating cross-country stock markets, particularly with the 

use of daily series, is the non-trading days from one country but not the other, such as due 

to national holidays. From the obtained data, between the evaluation period (from January 

2, 1987 to August 8, 2001), there are 3691 observations of the daily closing index from the 

DJIA; for the HSI, there are only 3613 observations because there are more public holidays 

such as Chinese New Year and Mid-autumn festival in Hong Kong. In order to adjust for 

the inconsistency of the non-trading days between the two stock exchange markets, for the 

daily series, the corresponding daily index return is dropped if the other market is closed on 

particular day. As the result, 3541 daily observations remain for the analysis. For the 

weekly data, I assume that the closing index in a non-trading day is the same as the closing 

index as its previous trading day. For example, if the Tuesday at a particular week is a 
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non-trading day in Hong Kong, the closing index on Monday of the same week is used to 

calculate the weekly return series on Tuesday. Under the bivariate GARCH (1,1) model, 

the first moment equation is a bivariate AR (1) process as described in Section 2.3 

(equations 2.3.2 and 2.3.3). Thus, the return on one market at time t is dependent on the 

first lag returns from both markets. According to the daily timeline diagram shown in 

Figure 1, for example, the return on Day 2 in Hong Kong is regressed on its first lag value 

on both markets, i.e. Day 1 on Hong Kong and Day 1 on the U.S.; however, the issue 

would be different when the daily return on the U.S. is regressed on the first lag returns 

from both markets. For example, the return on Day 2 in the U.S. is supposed to be 

regressed on the Day 1 return in the U.S. and the Day 2 return on Hong Kong rather than 

the Day 1 return. To clarify the time notation which is described in equations 2.3.2 and 

2.3.3, the notation of time t-1 should be interpreted as the first lagged returns presented on 

the own market while the notation of time t on the cross market regressors represent the 

contemporaneous return from the other market. It should not be confused with the calendar 

date. For example, for the daily series, from equation 2.3.2, if time t on HSI's return is the 

return on the Wednesday at a particular week, then, the time t-1 return on HSI is the return 

on the Tuesday at the same week but the time t return on DJIA is on the Tuesday in New 

York at the same week. However, from equation 2.3.3, if time t on DJIA' return is the 

return on the Wednesday at a particular week, then, the time t-1 return on DJIA is the 

return on the Tuesday at the same week but the time t return on HSI is on the Wednesday in 

Hong Kong at the same week. 

3.3 Preliminary results 



Some summary statistics for all daily and weekly stock index returns series are 

shown in Table la and Table lb9. Before the estimation of the model, I have to make sure 

that the index returns series themselves are stationary which means the means and the 

variances of the series are not time dependent. Therefore, both Augmented Dickey-Fuller's 

(ADF) unit root test and Phillips and Perron (PP) tests are performed on all the closing 

index prices and index returns series. The ADF tests are widely used; however, PP tests 

are more robust to the presence of autocorr&ation and heterogeneity in the distribution of 

the residuals because PP tests allow the error terms to be weakly dependent and 

heterogeneously distributed. Nevertheless, both test statistics are presented in Table la. 

From results shown at the table, both tests provide consistent results; all the index closing 

prices series fail to reject the null hypotheses (existence of unit root in the series) under 

both unit root tests, while all the index returns series reject the null hypotheses above the 

5% significant level. The results conclude that all the closing index prices are not 

stationary but the first differences, the index returns series, are. 

For all series, from Table lb, the DJIA returns have higher mean (both daily and 

weekly) returns and smaller variances than those of HSI. The ranges of the weekly average 

index returns are between 0.2188% and 0.2256% on DJIA and between 0.2019% and 

0.2076% on HSI; the ranges of the weekly index return variances are between 4.8729% and 

6.5748% on DJIA and between 15.0799% and 21.0373% on HSI. Both stock markets 

experience the highest volatilities on Monday rehirn series; however, the weekly return on 

all summary statistics are calculated by using STATA 6.0 software except the K.S statistics which is found 
by Matlab R12 program. 
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Monday is the lowest for DJIA but not the case for HSI10. All return series have 

statistically significant value of skewness and kurtosis". It suggests that the returns series 

exhibit leptokurtosis. All series have statistically significant values of the Kolmogorov-

Smirnov (KS) statistics; under its null hypothesis that the distributions of the returns series 

are not different from the normal distribution. The rejection of the null hypotheses 

confirms that none of the series can be described as normally distributed. As with other 

researchers, including Theodossiou et al. (1997), Darbar and Dab (1997), Liu and Pan 

(1997), and Isakov and Perignon (1999), who use GARCH model to investigate financial 

markets dynamics, the Ljung-Box portmanteau statistics are used in order to test whether 

the GARCH model is able to capture the serial correlation on the series. If the Ljung-Box 

Q portmanteau statistics for a series are statistically significant, it indicates that there is the 

presence of serial correlations on the series. Merton (1980) suggests one of the simplest 

ways to approximate the instantaneous volatility is to either take the square or absolute 

value of the returns series. Thus, if there is some non-linear dependence in the returns 

series, the result will be shown at the statistically significant of the Ljung-Box Q2 

portmanteau statistics for the squared returns. The Ljung-Box portmanteau tests are 

applied on the standardized residuals and the squared of the standardized residuals. The 

standardized residuals and the standardized squared residuals are calculated by the mean 

equations described in Section 2.3 (equations 2.3.2 & 2.3.3). 

The GARCH model is a proper choice for my analysis only if the model can correct 

the serial correlations that appear on both standardized residuals and the squared ones show 

10 The lowest weekly returns are on Tuesday and Wednesday 
'' Both p-values of the hypothesis tests on skewness and kurtosis are calculated by STATA 6.0 software. 
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serial correlation. Thus, the Ljung-Box Q and Q2 portmanteau statistics are presented in 

order to compare the corresponding values under the GARCH model. For both daily index 

returns series, the Ljung-Box Q and Q2 portmanteau statistics are both statistically 

significant. According to Liu and Pan (1997), the Q2 portmanteau statistics are greater than 

their level ones, suggesting the presence of time varying volatility. On the other hand, the 

results from the weekly returns series are not so consistent. For the Hang Seng weekly 

returns series, the Ljung-Box Q portmanteau statistics for the cumulative autocorrelation up 

to the 20th order autocorrelation are all significant at the 5% level except its Wednesday 

and Thursday series' ; and the Ljung-Box Q2 portmanteau statistics are all significant 

except on its Tuesday series13. For the Dow Jones weekly returns series, the Ljung-Box 

portmanteau statistic is only statistically significant at 5% level for the Friday series; 

however, the Ljung-Box Q2 portmanteau statistics are statistically significant for all series 

except the Tuesday series. On the other hand, except for the Tuesday series14, all Ljung-

Box Q portmanteau statistics at the 20th lags are statistically significant. For the Q2 

portmanteau test statistics, the Tuesday and Thursday series are not significant for all their 

20 lags. 

Figure 2(a) to Figure 2(1) show the plots of all time series (daily and weekly) stock 

indices returns from January 1987 to August 2001. HSI returns series show higher 

fluctuations throughout the last one third period of time (around 1997 Asian currency crisis) 

while the DJIA returns show smaller fluctuation. Both series behaved similarly around the 

12 The Q and Q2 tests use the 20lh lags as default under STATA program; however, the Wednesday series is 
5% statistically significant up to its 5lh lags while no significant test statistic is found for all lags up to 20th for 
the Thursday series. 
13 The Tuesday series is 5% statistically significant up to its 2nd lags 
14 The Tuesday series on Dow Jones is 5% statistically significant up to its 11th lags 



spikes. The clustering of the volatility can also be observed around the spikes; it supports 

the persistence of volatility of the return series where the ARCH effect is able to capture. 

4. E M P I R I C A L RESULTS 

Under the BEKK specification as described at Section 2.3.3, the results of the 

estimates are presented in Table 2. The first six parameters are the estimates from the first 

moment equations (equations 2.3.2 and 2.3.3) for both DJIA and HSI. For the rest of the 

11 estimates are the parameters from the two variances and the covariance equations 

described as equations 2.3.13, 2.3.14, and 2.3.15. 

4.1 Cross-market index return spillover effects 

For the AR(1) first moment equation on HSI (equation 2.3.2), the estimate of 

coefficients for the return on DJIA, PDJ.HK are all statistically significant and positive on 

daily and weekly series. The results indicate that there are positive return spillover effects 

from the return on DJIA to the return on HSI. The estimated coefficient on the daily series 

is 0.5637 and it is greater than those on the weekly series that range between 0.1349 and 

0.2824. The results can be explained by the non-contemporaneous trading between the 

Hong Kong and the New York stock exchanges. As suggested by Kahya (1997)15, daily 

own market correlations of returns are biased downward while daily cross-serial 

15 Kahya (1995) uses stock market returns data for the New York Stock Exchange, London Stock Exchange, 
and Tokyo Stock Exchange, shows that daily own market correlations of returns are biased downward while 
daily cross-serial correlations of returns are biased upward but those effects are not significant on weekly 
returns 



correlations of returns are biased upward but those effects are not significant on weekly 

returns under non-contemporaneous markets. 

On the other hand, the AR(1) first moment equation on DJIA (equation 2.3.3), the 

estimate of coefficients for the return on HSI, PHK.DJ are all statistically insignificant. The 

results indicate that there is no return spillover effect from the return on HSI to the return 

on DJIA. Although none of the cross-market estimates are statistically significant in this 

case, their values are all positive and the estimates on the daily series is greater than those 

on the weekly series. The results are also consistent to the non-contemporaneous trading 

effect between the two markets suggested by Kahya (1997). Based on the above results, 

the cross-market return spillover effect is likely to be uni-directional from DJIA to HSI. 

4.2 Own-market index return spillover effects 

From the first moment equation on DJIA (equation 2.3.3), the estimates of 

coefficient for the first lag return on its own index, PDJ.DJ are all statistically insignificant 

from the daily and the five weekly series. The results indicate that there is no return 

spillover effect from its own lagged return. Although none of the estimates in the 

equations are statistically significant, the estimate is negative on the daily series which is 

also consistent to the non-contemporaneous trading. This would suggest that the daily own 

market correlations of returns are biased downward. 

From the first moment equation on HSI return (equation 2.3.2), the estimate of 

coefficients for the first lag return on its own index, (3HK,HK are statistically insignificant on 
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Tuesday, Wednesday, Thursday and Friday series. However, the estimate on daily series is 

statistically significant (0.0718) and positive. Although there is no conclusive explanation 

for this kind of positive correlation, similar results are not uncommon under multivariate 

GARCH or GARCH-in-mean analysis. For example, Darbar and Deb (1997) use bivariate 

GARCH models to investigate the co-movements in international equity markets including 

Japan, Canada, the U.S. and the U.K. find significant own market spillover effects on both 

Japanese and Canadian markets. Similar analysis done by Isakov and Perignon (1999) who 

investigate the stock markets in Switzerland, Germany, the U.K., France, the U.S. and 

Japan find significant positive own market spillover effects on Swiss market from both 

bivariate GRACH model with Germany and Japan respectively; and the positive own 

market return spillover effect also happens in the Japanese market. Moreover, Liu and Pan 

(1997) use the GARCH-in-mean model find positive significant own market spillover 

effect from Taiwanese equity market16. The positive own-market estimate from the daily 

series on HSI can be possibly explained by the microstructure of the market such as the 

thin-trading in Hong Kong stock market and non-synchronous trading effect. As the index 

return is calculated by using closing-to-closing index price, as mentioned by Campbell, Lo 

and MacKinlay (1997), since the closing prices for the stocks in a stock index do not 

usually occur at the same time on each day, spurious own-autocorrelation in the daily 

return may be induced. For example, there are two different stocks Stock A and Stock B in 

a portfolio of a stock index and let the Stock A is traded less frequently than Stock B. 

When new information arrives at the time near the closing of the stock market, the 

information may be reflected from the closing price of Stock B but may not be reflected 

16 Six markets are investigated by the researchers including the U.S., Japan, Hong Kong, Singapore, Taiwan 
and Thailand. 



from the closing price of Stock A until the next trading day. As the result, this lagged 

response will induce the autocorrelation on the daily return of Stock A and is reflected on 

the index return. From my analysis, although the Hang Seng index, which is a composition 

of 33 largest capitalized 'blue chips' stocks in Hong Kong, is used, the thin-trading 

problem is still not completely eliminated. On the other hand, the estimate of coefficients 

for the first lagged return on its own index, PHK,HK are statistically significant and negative 

on Monday series (-0.0977). From the analysis done by Theodossiou, Kahya, Koutmos and 

Christofi (1997), a multivariate GARCH model is used to investigate the return and 

spillover effects between the U.S., the U.K. and the Japanese equity markets. Using 

weekly series, they find significant negative estimate for the coefficient on the first own 

lagged return on the conditional mean (return) equation; however, no conclusive 

explanation is provided for the outcome. One possible explanation is that the estimate of 

coefficient captures the "Monday effect" on the Hong Kong stock market; however, this 

explanation cannot be fully verified. 

4.3 Volatility spillover effect 

As discussed in Section 2, although the BEKK parameterization method is flexible 

and can ensure positive-definite of the conditional variance-covariance matrix for the 

estimation process, the estimates cannot be interpreted straight-forwardly. This can be 

shown from the variance-covariance equations expressed in Section 2.3.3 (equation 2.3.13, 

equation 2.3.14 & equation 2.3.15). All the coefficients are expressed in terms of either 

squares of the estimates or cross product of two estimates. However, the analysis of this 

paper focuses on the return and the volatility spillover effects; thus, the analysis is limited 



to the estimates related to the coefficients on the first lagged conditional variances, ot_i2 and 

the first lagged squared volatility shocks, et_i2 on both markets. Under such circumstances, 

all the coefficients for both lagged conditional variances and squared volatility shocks are 

expressed as squared of the estimates, as can be seen from equations 2.3.13 to 2.3.15. 

Consequently, the analysis in this paper incorporates the use of Delta Method, as described 

by Greene (2000) to get the estimates and standard deviations of those coefficients. The 

Delta Method, in its essence, expands a function of a random variable about its mean, 

usually with a first order linear Taylor approximation, and then takes the variance. For 

example, if we want to approximate the variance of F(X) where X is a random variable 

with mean u and F(.) is differentiable, the function can be expanded as: F(X) = F(u) + (X-

u)F'(u) under the Taylor series approximation. Thus, the variance of F(X) can be 

approximately expressed as: Var[F(X)] = Var(X)[F'(u)]2. The results of the estimates are 

shown in Table 3. 

4.3.1 Volatility spillover effect on Hang Seng Index (HSI) 

For the conditional variance equations on HSI return, all series show significant 

own-market volatility spillover effects (the coefficient of £tiK,t-i2) wim tne values ranging 

between 0.0834 and 0.2501. On the other hand, the volatility spillovers from DJIA (the 

coefficient of SDJ.I 2) to HSI are significant on all series except on Tuesday and Wednesday 

series. Moreover, comparing the magnitudes of the volatility spillover effects between 

own-market and cross-market, own-market volatility spillover effects are greater than the 
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cross-market effect on daily, Tuesday, Wednesday and Friday17 series; while on Monday 

and Thursday series, the cross-market spillover effects from DJIA are greater18. 

4.3.2 Volatility spillover effect on Dow Jones Industrial Index (DJIA) 

For the conditional variance equations on DJIA returns, all series show significant 

own-market volatility spillover effects (the coefficient of £DJ,M2) except on the Tuesday 

series. On the other hand, the volatility spillovers from Hang Seng (the coefficient of 

£HK,I 2) to DJIA are statistically significant only on Monday and Thursday series. 

Moreover, comparing the magnitudes of the volatility spillover effects between own-

market and cross-market, own-market volatility spillovers are greater than the cross-market 

effect in daily and all five weekly series. 

4.4 Persistence of the conditional variances 

Both conditional variance equations (equations 2.3.13 & 2.3.14) show statistically 

significant persistence of their conditional variance (statistically significant estimates of the 

coefficients of a t-i ) on its own index return series from all series. One interesting result is 

that the magnitudes of the estimates of the coefficient of the lagged conditional variances 

from DJIA are all greater than those from HSI. It suggests that the index returns on DJIA 

have higher volatility persistence than those on HSI. 

The estimates for the own-market volatility spillover on daily, Tuesday, Wednesday and Friday series are 
0.1670, 0.2196, 0.0834 and 0.1125 respectively while the cross-market spillover for the corresponding series 
are 0.0279,0.0005, 0.2251 and 0.0965. 
IS The estimates for the own-market volatility spillover on Monday and Thursday series are 0.2501 and 
0.0834 respectively while the cross-market spillover for the corresponding series are 0.3321 and 0.2251. 



Under the BEKK parameterization of my model, the cross-market effect on the 

conditional variance has been investigated. For the conditional variance equation on the 

HSI return (equation 2.3.13), the cross market effects of the conditional variance from 

DJIA (coefficient ofc DJ,I-I2) are statistically significant on daily, Monday and Thursday 

series; however, the magnitude is smaller to those from the conditional variance of HSI 

itself. On the other hand, for the conditional variance equation on the DJIA index return 

(equation 2.3.14), the cross market effect of the conditional variance from HSI return is 

only statistically significant on Monday and Thursday (0.0070 and 0.0566 respectively) 

series and their magnitudes are significantly smaller than the estimates of the coefficient of 

the conditional variance for DJIA itself19. 

5. DIAGNOSTIC ANALYSES 

Following the similar diagnostic analyses performed by other researchers such as 

Liu and Pan (1997), Theodossiou and Lee (1993), Choudhry (2000), and Isakov and 

Perignon (1999), the standardized residuals and the squared standardized residuals are 

tested. The premise is that if the model is correctly specified, then the conditional variance 

equations are able to capture the heteroskedastic behavior of the return series. Thus, the 

standardized residuals (and also the squared standardized residuals) from the conditional 

variance equations should be conditionally homoskedastic over time. 

19 The estimates of the coefficients of the conditional variances on DJIA are 0.9488 and 0.9841 on Monday 
and Thursday series respectively. 



From Table 4, the Ljung-Box Q and Q" statistics all fail to reject the null 

hypothesis of no serial correlation on the series except the Q test on the daily series of 

Hang Seng Index return and the Q2 test on the Monday series of Hang Seng Index; 

nevertheless, comparing to the Q and Q2 test statistics on Table lb, all the test statistics 

have smaller values under the GARCH model specification. The results indicate that the 

bivariate GARCH (1,1) model is adequate to capture the serial correlation behavior of the 

return series. 

Moreover, ideally, the distribution of the standardized residuals should be close to 

normal. However, as reported by researchers such as Darbar and Debb (1997), Liu and Pan 

(1997), De Santis and Gerard (1997), and Choudry (2000), the standardized residuals still 

have both significant skewness and kurtosis. Consistent with their results, the magnitudes 

of both skewness and kurtosis are much smaller compared to the results shown on the 

preliminary statistics in Table lb. 

6. SUMMARY AND CONCLUSION 

Because the Hong Kong stock market has a much smaller capitalization than the 

U.S. market, it is expected to be influenced by the bigger U.S. market. Using the bivariate 

GARCH (1,1) model, this paper investigates the transmission mechanisms of both stock 

market returns and volatility shocks between the Hong Kong and the U.S. markets using 

daily and all five weekday weekly data. Statistically significant index return spillovers 

exist from the Dow Jones Industrial Average to the Hong Kong Hang Seng Index on all 

20 The Q and Q2 test are preformed using 20lh lag value 
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return series; however, the index return spillover from Hang Seng to Dow Jones is not 

statistically significant. Based on the results that there are significant return spillovers from 

the Dow Jones Industrial Average to the Hong Kong Hang Seng Index, does arbitrage 

profit exist? The answer is not conclusive. First of all, for example, when Dow Jones 

Industrial Average has a positive return in its time t-1 period, the Hong Kong Hang Seng 

Index at time t is expected to have positive return. However, if the volatility from Dow 

Jones also is positively transmitted to the Hang Seng Index, investor may not be willing to 

take the higher return when the level of risk increases with it. Secondly, although the 

return on Hang Seng Index is predictable, the movement of the index price may be 

reflected quickly when the exchange is open. Thus, unless the investor is the first person 

who spots and trades the arbitrage opportunity before other persons who trade the market, 

the arbitrage profit would be slim regarding the existence of trading costs such as 

brokerage fee, etc. 

For the volatility spillover effects, the cross-volatility spillovers exist from Dow 

Jones to Hang Seng on the daily series and the Monday, the Thursday and the Friday 

weekly series. On the other hand, the cross-volatility spillovers from Hang Seng to Dow 

Jones are statistically significant only on the Monday and the Thursday weekly series and 

the magnitudes are comparatively smaller. Own-market volatility spillovers exist from all 

data series except the Tuesday weekly series on Dow Jones. All data series present 

statistically significant persistence of the own conditional variance from their lagged values; 

the magnitudes of the persistence on Dow Jones are much greater than those on Hang Seng. 



Overall, the results confirm that the Hong Kong stock market is strongly influenced 

by the events abroad in the U.S. stock market, while its impact on the U.S. market is 

relatively negligible, especially on the return spillover effect. 

In addition, the model diagnostic tests support that the bivariate GARCH(1, 1) 

model is able to capture most of the serial correlation effect from the return series. 

However, for the daily series and the Monday weekly series on Hang Seng index, the 

standardized residuals show statistically significant test statistics on Ljung-Box Q and 

Lung-Box Q2 tests respectively, both series are the only series that show statistically 

significant own market index return spillover under the model estimation21. Therefore, 

some specific behaviors on those two series are not fully captured by the bivariate 

GARCH(1, 1) model. 

21 refers to Section 4.2 
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F i g u r e 1: T I M E L I N E O F T H E T W O S T O C K E X C H A N G E S 

UK trading hours (Day 0) HK trading hours (Day I ) I IK trailing hours ( Dav 2) Ilk trading hours (Day 3) 

US trading hours (Day 0) US tradinu hours (Day I) US trading hours (Day 2) 
4 • 

US trading hours (Day 3) 
4 • 

Dav 0 
00:00 
Eastern Standard Time 

Dav Day : Day 3 Day 4 

Based on the above time line, for example, the AR(1) equation on US return on Day 2 is regressed on HK 
return on Day 2 and US return on Day 1; on the other hand, the AR(1) equation on HK return on Day 2 is 
regressed on HK return on Day 1 and US return on Day 1. 





Figure 2e: Weekly percentage returns on Tuesday (HSI) 
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Figure 2f: Weekly percentage returns on Tuesday (DJIA) 

Figure 2g: Weekly percentage returns on Wednesday (HSD 
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Figure 2h: Weekly percentage returns on Wednesday (DJIA) 
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Table l a : U n i t Root Tests on Closing Index Prices and Returns 

(Daily and Weekly) 

Dickey-Fuller Unit Root 

Test 

Philip and Perron 

Test 

DAILY HSI CLOSING -1.100 -1.066 

HSI RETURN -59.922* -56.541* 

DJIA CLOSING 0.441 0.477 

DJIA RETURN -58.723* -58.942* 

WEEKLY MONDAY HSI CLOSING -1.379 -1.425 

HSI RETURN -30.023* -29.076* 

DJIA CLOSING -0.040 0.094 

DJIA RETURN -29.146* -38.955* 

WEEKLY TUESDAY HSI CLOSING -1.379 -1.329 

HSI RETURN -27.397* -27.026* 

DJIA CLOSING 0.016 0.019 

DJIA RETURN -30.340* -30.752* 

WEEKLY WEDNESDAY HSI CLOSING -1.196 -1.091 

HSI RETURN -24.518* -24.367* 

DJIA CLOSING 0.035 0.038 

DJIA RETURN -27.496* 27.879* 

WEEKLY THURSDAY HSI CLOSING -1.284 -1.212 

HSI RETURN -25.345* -25.532* 

DJIA CLOSING 0.030 0.032 

DJIA RETURN -28.090* -28.143* 

WEEKLY FRIDAY HSI CLOSING -1.263 -1.181 

HSI RETURN -24.820* -24.553* 

DJIA CLOSING -0.027 -0.029 

DJIA RETURN -29.598* -29.041* 

Significant at the 5 percent level 



T a b l e l b : P r e l i m i n a r y S t a t i s t i c s o n D a i l y and W e e k l y R e t u r n S e r i e s 

Daily Monday Tuesday Wednesday Thursday Friday 

Statistics H.K. U.S. H.K. U.S. H.K. U.S. H.K. U.S. H.K. U.S. H.K. U.S. 

Mean (%) 0.0394 0.0400 0.2053 0.2188 0.2019 0.2191 0.2019 0.2220 0.2076 0.2256 0.2069 0.2229 

Variance (%) 3.5758 1.2090 21.0373 6.5784 18.6612 5.8188 15.0799 4.9193 17.2687 4.8757 15.7280 4.8729 

Skewness -3.5758* -4.0885* -1.7118* -3.6325* -1.4540* -2.9615* -1.5737* -1.1130* -2.1803* -1.2498* -2.0885* -0.7492* 

Kurtosis 76.6445* 90.5122* 15.6258* 51.1261* 13.9162* 39.3160* 13.1743* 9.0022* 20.2805* 10.9574* 21.6512* 6.3114* 

KS 0.0766* 0.0718* 0.3052* 0.2121* 0.3021* 0.2101* 0.3088* 0.2239* 0.3189* 0.2003* 0.3068* 0.1982* 

Q(20) 54.6294* 77.0679* 50.8161* 35.8801* 42.8910* 28.18311 28.60802 36.1185* 18.3042+ 33.4598* 32.1357* 55.1706* 

Q2(20) 54.9430* 52.7929* 221.7562* 68.3954* 10.85033 6.1044" 140.0179* 30.84654 72.6218* 25.2240+ 144.7954* 109.0344* 

'Significant at the 5 percent level. 

+No statistically significant test statistic presents for all 20th lags. 

KS is the Kolmogorov-Smimov test statistics for normality of the return series. 

Q(20) and Q2(20) are the Ljung-Box test statistics for serial correlation of the return series and the squared series respectively at 20th lags. 

1 5% significant up to the 11' lags 
2 5% significant up to the 2nd lags 
3 5% significant up to the 2nd lags 
4 5% significant up to the 19th lags 



T a b l e 2: E s t i m a t e s o f B i v a r i a t e G A R C H ( 1 , 1 ) M o d e l 

Daily Monday Tuesday Wednesday Thursday Friday 

& HK 5.7800e-4* 3.9205e-3* 2.9785e-3* 2.9929e-3* 3.3400e-3* 4.3412C-3* 

(2.002le-4) (1.4996e-3) (1.2090e-3) (1.2546e-3) (1.258 le-3) (1.2154c-3) 

a DI 4.3829e-4* 2.6289e-3* 2.8780e-3* 2.8650e-3* 3.141 lc-3* 3.2121e-3* 

(1.5739e-4) (7.8345e-4) (7.8464e-4) (7.9666e-4) (7.0025e-4) (6.933 le-4) 

PHK.HK 0.0718* -0.0977* -6.5819e-3 0.0179 -0.0191 0.0262 

(0.0171) (0.0471) (0.4384) (0.0444) (0.0398) (0.0427) 

PDJ.HK 0.5637* 0.2368* 0.2529* 0.1349* 0.2824* 0.2037* 

(0.0177) (0.0559) (0.0601) (0.0656) (0.0754) (0.0634) 

PDJ.DJ -0.0666 0.0195 -0.0863 -0.0554 -0.0434 -0.0795 

(0.1093) (0.0371) (0.0455) (0.0434) (0.0403) (0.0409) 

PHK.DJ 0.0314 6.6758e-3 3.442 le-3 0.0106 0.0154 0.0226 

(0.0647) (0.0177) (0.0155) (0.0209) (0.0198) (0.0184) 

CM 3.207le-3* 0.0149* 0.0107* 0.0126* 9.7985e-3 -0.0103* 

(1.1886e-4) (2.1687e-3) (1.3317e-3) (1.4132e-3) (6.4477e-3) (2.0446e-3) 

C|2 6.7580e-4 -3.6797e-3 -8.3967e-5 2.1994e-3 9.4867e-3 -0.0020 

(3.8316e-4) (2.150 le-3) (1.1851e-3) (1.2111e-3) (6.993le-3) (0.0103) 

1.2435e-3* 2.5000c-7 3.0000e-8 2.4928e-3* 3.4000e-7 5.3O0Oe-7 

(8.5804e-5) (58.2103) (0.4732) (9.183le-4) (62.6107) (1.9269) 

an 0.4088* 0.5001* 0.4686* 0.4680* 0.2890* 0.3354* 

(0.0192) (0.0368) (0.0252) (0.0425) (0.0355) (0.0318) 

ai2 0.0191 0.0884* 0.0258* 4.1733e-3 -0.1242* -0.0288 

(0.0153) (0.0223) (0.0107) (0.0260) (0.0243) (0.0169) 

321 0.1668* -0.5763* 0.0215 0.0903* 0.4743* -0.3106* 

(0.0109) (0.0593) (0.0271) (0.0367) (0.0695) (0.0256) 

0.2697* 0.3083* 8.6079e-3 0.2079* 0.4054* 0.3514* 

(0.0179) (0.0362) (0.0228) (0.0219) (0.0294) (0.0268) 

b„ 0.8894* 0.6445* 0.8334* 0.8118* 0.8630* 0.9039' 

(5.9525e-3) (0.0403) (0.0219) (0.0294) (0.05797) (0.0286) 

b,2 -9.383 le-3 -0.0837* 3.5735e-3 -0.0106 0.2379* 0.1966* 

(7.337e-3) (0.0204) (4.4614e-3) (0.0147) (0.02628) (0.0650) 

b2i -0.0377* 0.5522* 0.0530 0.0271 0.5615* -0.3404 

(6.8799e-3) (0.0710) (0.0320) (0.0443) (0.0717) (0.2211) 

b22 0.9577* 0.9741' 0.9959* 0.9731* 0.9919* -0.9770* 

(4.6909c-3) (0.0358) (2.0075e-3) (0.0115) (0.1197) (0.0281) 

Function Value 28114.9418 4609.1722 4666.3000 4784.9566 4752.1978 4765.6753 

*Significant at the 5 percent level; Standard Errors in the parentheses; the two first moment equations are: 

R-HKJ =aiiK "*~ PHK.HK^HK.I-I ~*~ PDJMK^DJJ ^SHK.I an0- ^DJ.I = C(DJ PDJ,DJ^DJ,I-\ ~*~ PHK.DJ^HK.I ~^~£DJJ 



T a b l e 3: E s t i m a t e s f o r the C o n d i t i o n a l V a r i a n c e E q u a t i o n s 

2 
0"HK,t 

„ 2 
ODJ.t 

2 
£HK,t-l 

Daily 0.1670* (0.0157) £DJ„t-|2 Daily 0.0730* (0.0097) 

Monday 0.2501* (0.0037) Monday 0.0950* (0.0223) 

Tuesday 0.2196* (0.0024) Tuesday 7.4096 le-5 (3.9276e-4) 

Wednesday 0.2190* (0.0398) Wednesday 0.0432* (0.0091) 

Thursday 0.0834* (0.0205) Thursday 0.1644* (0.0239) 

Friday 0.1125* (0.0214) Friday 0.1235* (0.0188) 

2 
£DJ„I 

Daily 0.0279* (0.0036) £HK,I Daily 3.7261e-4 (5.8873e-4) 

Monday 0.3321* (0.0683) Monday 0.0070* (0.0034) 

Tuesday 0.0005 (0.0012) Tuesday 6.6564e-4 (5.4489e-4) 

Wednesday 0.0082 (0.0066) Wednesday 1.7416e-5 (2.16()9e-4) 

Thursday 0.2251* (0.0659) Thursday 0.0154* (0.0060) 

Friday 0.0965* (0.0159) Friday 0.0008 (0.0010) 

„ 2 
OhlK.t-l 

Daily 0.7912* (0.0106) 2 
0DJ,t-l 

Daily 0.9172* (0.0090) 

Monday 0.4153* (0.0520) Monday 0.9488* (0.0697) 

Tuesday 0.6946* (0.0365) Tuesday 0.9918* (0.0040) 

Wednesday 0.6591* (0.0477) Wednesday 0.9469* (0.0224) 

Thursday 0.7448* (0.1001) Thursday 0.9839* (0.2375) 

Friday 0.8171* (0.0517) Friday 0.9545* (0.0549) 

Daily 0.0014* (0.0005) 2 Daily 8.9450e-05 (1.3860e-4) 

Monday 0.3049* (0.0784) Monday 0.0070* (0.0034) 

Tuesday 0.0028 (0.0034) Tuesday 1.2770e-5 (3.1886e-5) 

Wednesday 0.0007 (0.0024) Wednesday 1.1273e-4 (3.1164e-4) 

Thursday 0.3153* (0.0805) Thursday 0.0566* (0.0125) 

Friday 0.1159 (0.1505) Friday 0.0387 (0.0255) 

* Statistically significant at the 5% level 

Standard errors in the parentheses 



T a b l e 4: D i a g n o s t i c S t a t i s t i c s o n the S t a n d a r d i z e d R e s i d u a l s 

Daily Monday Tuesday Wednesday Thursday Friday 

Statistics H.K. U.S. H.K. U.S. H.K. U.S. H.K. U.S. H.K. U.S. H.K. U.S. 

Skewness -0.4212* -0.4641* -0.8657* -1.5519* -0.6805* -1.0873* -0.7037* -1.0646* -0.8778* -0.5952* -0.6497* -0.4095* 

Kurtosis 6.0269* 5.7520* 5.6959* 14.2592* 4.8755* 11.5541* 4.5976* 7.2874* 6.5073* 4.9805* 6.1050* 3.5064* 

0(20) 35.0221* 28.1970 18.2452 16.3260 6.6869 26.9515 26.6704 20.6199 15.2387 16.8780 28.5136 29.2352 

Q2(20) 26.2665 27.4961 40.7425* 2.0875 9.1750 2.5665 14.1629 12.4927 25.9417 19.5912 10.4201 28.3722 

Significant at the 5 percent level. 

Q(20) and Q2(20) are the Ljung-Box portmanteau test statistics for serial correlation of the standardized residuals and the squared standardized 

residuals respectively at 20th lags. 

The critical value is 31.41 which is the chi-square value with 20 degrees of freedom, x 2 (20). 




