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Abstract 
With the rising importance of China’s role in the world economy, the Chinese economic fluctuation 
has become a more and more significant factor that influences the world economy. Therefore, it is 
an interesting issue for all circles as well as academicians that whether the real economic inter- 
connection leads to volatility spillover between China’s and international stock markets. In this 
paper, CGARCH (Combine Generalized Auto Regressive Conditional Heteroskedasticity) model and 
Granger causality test are applied to examine the relationship between China’s A share index and 
world’s major indices with respect to the extreme risk spillover effect. The results show that the 
extreme risk of A share market’s long-run volatility component has strong risk spillover effect on 
foreign markets, while the short term volatility is vulnerable to the risks from overseas. Since 
long-run volatility component is consistent with real economic cycle, our results support that 
China’s economy has deep impact on world economy. 
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1. Introduction 
With a history of 21years, Chinese stock market has developed rapidly. In particular, a series of creative reform 
measures have been adopted by China Security Regulatory Commission in recent years. For example, holistic 
listing and listing of A + H (A-share market and H-share market) have transformed the increase of macro eco- 
nomy into the profits of listed companies and improved the investment appeal for stock market as well as made 
a great contribution to reforms both of state-owned enterprises and of banks. Furthermore, the share-trading 
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reform, which was initiated on May 8th, 2005, reconciled the divergence of interests between holders of tradable 
shares and those of non-tradable shares from the perspective of system. This reform also perfected the pricing 
mechanism of stock market and to some extent prevented the excessive price fluctuation of the market which 
separated from the basic aspect of listed companies. In addition, the major background of development of Chi- 
nese stock market is the rising importance of China’s role in world economy. The Chinese economic fluctuation 
has become a more and more significant factor that influences the world economy. For example, China’s in- 
creasing demand on bulk commodity to some extent promote the rise in certain goods’ prices and China’s ma- 
cro-economic policies and fluctuation of real economy would bring about the price fluctuation of bulk commod- 
ity. In that case, an issue raised is that whether the real economic interconnection leads to volatility spillover 
between China’s and international stock market. 

This paper focuses on the issue that whether the sharp fluctuation of domestic stock market will have an im- 
pact on the international market. The event happening on 27th, February, 2007 is a typical example. On that day, 
the Shanghai A share index slumped by 8.85%, leading to a loss of over one trillion for the market value of two 
domestic stock markets within one trading day, which caused the international market concerning about China’s 
economy. The next day，the largest one-day percentage drop of Dow Jones Industrial Average occurred since 
September 11 attacks, which was a significant effect from extreme risk of China’s market on oversea ones. 
However, it is a controversial issue that whether China’s stock market can have an important impact on world 
markets. Through empirical study, this paper analyzes the relationship between Chinese and world stock mar- 
kets with respect to the extreme risk spillover effect. This research is of great help for investors and regulatory 
departments to have an objective view on the positions of China’s stock market throughout the world as well as 
to enhance their awareness of risk prevention. 

The domestic and oversea studies concerning the relationship between China’s and international markets have 
shown that China’s stock market didn’t significantly depend on international markets in early years especially 
before Southeast Asia Crisis (Bailey, 1994; Johnson, Sun, & Soenen, 1994; Huang, Yang, & Hu, 2000). Having 
analyzed the data from January 2nd, 1995 to April 4th, 2003, Hong and others (Hong, Cheng, Liu, & Wang, 2004) 
concluded that Chinese stock market had some slipover risk with other Asian markets while had few or no sli- 
pover risk with global developed securities markets. Such empirical studies varied in sampling, making different 
conclusions. Moreover, it is worth noting that the volatility of a market will have various impacts on other mar- 
kets, such as the interconnection between volatilities and that between extreme risks. In terms of methodology, 
the studies above have focused on the transmission between risks sharing the same property, while the intercon- 
nection between risks with different properties was excluded. For example, the extreme risk of one market may 
not affect others but can bring about temporary disturbance with conditional fluctuation.  

In this paper, Granger causality test is applied to examine the relationship between China’s and international 
stock markets with respect to the extreme risk spillover effect, namely the influence of one market’s extreme 
risk on another market’s volatility.  

2. Data and Model 
Regarding the technological methods to study the market relevance, two problems should be solved. One is the 
choice of variable measuring the characteristics of stock market. The conditional variance of return can be 
adopted to test the volatility spillover effect. Through establishing such models like GARCH (Generalized Auto 
Regressive Conditional Heteroskedasticity) and SV (Stochastic Volatility), the fluctuation of variance is tested 
to study the topic of spillover (Hamao, Masulis, & Ng, 1990; Lin, Engle, & Ito, 1994; King, Sentana, & Wad- 
hwani, 1994; Engle & Lee, 1999; Chan, Karolyi, & Stulz, 1992). VaR (Value-at-Risk) model is used for the 
study on spillover of extreme risks (Hong, Cheng, Liu, & Wang, 2004). We can also use the rate of return 
co-integration relation to analysis the stock market of Chinese mainland and Hong Kong (Wu & Pan, 2005). 

For the first problem, we chose CGARCH (Engle & Lee, 1999) which can provide long-and short-run com- 
ponents of volatility to present a more comprehensive view of volatility characters. Another aspect of technical 
method is the choice of the measurement methods for these variables, such like all kinds of regression methods, 
co integration test and Granger causality test. The purpose is to test volatility features and the features leading to 
volatility in long-and short-run interconnections between markets. With many lag phases, the regression model 
and co integration test are inappropriate to investigate the connections between variables. We therefore chose 
Granger causality test. 
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1) Yield Data 
We have a research on Shanghai A share index and 9 barometer stock price indices of international stock 

markets, which are DJI (Dow Jones Average Price Index), N225 (The Nikkei 225), HIS (Hang Seng Index), 
KS11 (Korea Stock Price Index), FTSE (Financial Times Stock Indices), GDAXI (Germany’s DAX 30 Index), 
FCHI (The French Cac 40 Index). Assuming that Pt is the stock price at time t, we define the daily return at time 
t as follows: 

( )1lnt t tr P P−=  

2) Choice of Volatility Measurement Indicators 
It has been found out that the volatility model with double components can reflect the return volatility better 

than that with single component (Engle & Lee, 1999; Engle & Rosenberg, 2000; Alizadeh, Brandt, & Diebold, 
2002; Bollerslev & Zhou, 2002; Chernov, Gallant, Ghysels, & Tauchen, 2003; Chacko & Viceira, 2003). The 
market expects different risk return for different volatility components. (Malkiel, 1979) believes that only per- 
manent volatility can bring about significant change of risk return. (Adrian & Rosenberg, 2008) further argue 
that the short-run component captured economic cycle risk, while the long-run component relates closely to bu- 
siness cycle risk. Therefore, we choose the CGARCH model as the basis of empirical model. 

The following is GARCH model with single volatility component: 
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rt is the yield, while c, m, AR, MA, α, β and γ represent regression coefficient. The serial correlation of yield can 
cause that of volatility. We assume that Residual εt obeys a ARMA (Auto Regressive And Moving Average) 
process and it is obvious that a positive first covariance exists when AR + MA > 0. 1tθ −  is a dummy variable. 
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The Model CGARCH assumes that the mean reversion of conditional variance 2
tσ  is µt changing with time. 

As a result, this model not only describes the short run conditional volatility like GARCH models, but also can 
capture the variation characteristics of long run volatility: when ρ  is very close to 1 (often range from 0.99 - 
1), µt will end up with ω  at a very slow speed.  

We also choose 2 variables from Model (2) as the indicators to measure volatility features: 2 2
t t ttgarch σ µ= − , 

2
t tpgarch µ= . Therefore, tgarcht reflects the short run components of volatility while pgarcht reflects long run 

components.  
The slump of A-share market gives rise to different responses in the volatility of international stock market: 

the United States market is more volatile than other markets. In that case, the regular volatility of a market can 
be different from the extreme risk spillover effect, that is to say, the extreme risk may not cause another extreme 
risk and has limited influence. Therefore, the causality test for two markets’ volatility with the same quality may 
not accurately reflect the interconnection between markets. Thus, it is necessary to investigate the influence of 
extreme risk on conditional volatility. We define the 0.9 Fractile quantile from each sample of long-run and 



L. Y. Wang 
 

 
53 

short-run volatility as the threshold of extreme risk. Once the tgarcht (or pgarcht) exceeds the threshold, we be- 
lieve that the extreme risk happens. To be more specific,  

qtgarcht = 1, if tgarcht > quantile (0.90, sample data, tgarcht), 
qtgarcht = 0, other. 
qpgarcht = 1, if pgarcht > quantile (0.90, sample data, pgarcht), 
qpgarcht = 0, other. 
The quantile (a, s, d) “a” fractile quantile in given sample interval “s” of sequence “d”. 
To diffrentiate the attribution of volatiltiy indicators for different markets, we add a prefix. For example, the 

volatility indicators of market A are expressed as A_tgarcht, A_pgarcht, A_qtgarcht, A_qpgarcht respectively. 
3) Granger Causality Test 
To investigate that whether the change of volatility indicator in a market { }1tY  causes similar change in  

another market { }1tY  (Granger, 1969; Granger, 1980). We define that ( ) ( ){ }1 1 1 2 1,t t tI I I− − −≡ , and  

( ) ( ){ }111 1 1 1 ,t tI Y Y− −= 
 and ( ) ( ){ }212 1 2 1 ,t tI Y Y− −= 

 are the information sets of Market 1and Market 2 at 1t −  

moment respectively. If  

( ) ( )0 1 1 1 1 1 1 1: t t t t t tH P Y V I P Y V I− −< − = < −  

We can figure out that { }2tY  can Granger-cause { }1tY  on information set 1tI − .  
In econometric model, mean Granger Causality which is widely used is the special case of the above concept, 

i.e. it considers whether ( )1 1 1t tE Y I −  equals to ( )1 1t tE Y I − . 
To be more specific, the null hypothesis that X does not Granger-cause Y is the estimation on the two regres- 

sion models below: 
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The residual sum of squares of each regression are used to calculate the F-statistic and to test whether the 
coefficient 1 2, , , mβ β β  do not significantly equal to 0 at the same time. A problem in application is the choice 
of the lag length m. We usually determine it after choosing different lag length for observation or selecting the 
best model based on AIC (Akaike Information Criteria). Since there might be a rather long lag length between 
the influence of long run volatility and volatility coefficient in those observed variables, as well as the best lag 
lengths are different among different markets and different indicators, we choose a large amount of lag lengths 
for testing range from 1 to 50, in order to make a unified pattern analysis on every market and indicator. If a 
number of successive lag lengths prove that there is connected effect between them, we can confirm the conclu- 
sion with confidence. This is the ergodicity analysis on testing the stability of Granger causality 

As for the focus of this paper, we will test the influence of each other’s conditional volatility between extreme 
risks of Market A and Market B, that is to say, we will put the volatility indicators of A and B into one group 
and test the influence of Market A’s extreme risk on the short run conditional volatility of Market B and vice 
versa. To be more specific, 1) we define X = A_qtgarcht, Y = B_tgarcht and then investigate the influence of A’s 
short run extreme risk on the short run conditional volatility of Market B; to research on the effect of B’s short 
run extreme risk on A’s short run conditional volatility, we will define X = B_qtgarcht, Y = A_tgarcht. 2) We 
make X = A_qpgarcht, Y = B_pgarcht to study the influence of A’s long run extreme risk on B’s short run vola- 
tility; to study the effect of B’s long run extreme risk on A’s long run conditional volatility, we X = B_qpgarcht, 
Y = A_pgarcht. In other words, 1) and 2) test the influence of extreme risks with long and short run volatility 
components on each other’s corresponding conditional volatility respectively. 

3. Empirical Results and Analysis  
Regarding that what we discuss is the leading relationship between Shanghai composite index and 9 internation- 
al indices, we have 18 groups of causality test for every volatility indicator. Table 1 and Table 2 report the 
P-value corresponding to F-statistic in Granger causality test. The results less than 5% are displayed with the  
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Table 1. The Shanghai composite, and other markets in the long term fluctuation component of extreme risk of overflow 
testing (Sample period: 2005/6/4-2010/12/17). 

 1 2 5 10 15 20 25 30 35 40 45 50 

SSEC <= DJI 0.818 0.711 0.826 0.939 0.628 0.818 0.392 0.230 0.327 0.407 0.570 0.707 

SSEC => DJI** 0.000 0.000 0.000 0.077 0.001 0.001 0.000 0.000 0.000 0.000 0.000 0.000 

SSEC <= GDAXI 0.028 0.008 0.038 0.038 0.043 0.031 0.039 0.091 0.239 0.271 0.458 0.347 

SSEC => GDAXI** 0.004 0.018 0.006 0.020 0.007 0.003 0.000 0.000 0.000 0.000 0.000 0.000 

SSEC <= FTSE 0.848 0.822 0.992 0.994 0.999 0.998 0.999 0.995 0.990 0.990 0.994 0.998 

SSEC => FTSE** 0.006 0.010 0.043 0.045 0.004 0.009 0.000 0.000 0.000 0.000 0.000 0.000 

SSEC <= FCHI 0.594 0.730 0.021 0.122 0.338 0.428 0.494 0.616 0.688 0.779 0.906 0.913 

SSEC => FCHI** 0.022 0.072 0.045 0.030 0.009 0.010 0.000 0.000 0.000 0.000 0.000 0.000 

SSEC <= N225** 0.721 0.920 0.643 0.451 0.457 0.440 0.203 0.070 0.000 0.001 0.001 0.001 

SSEC => N225** 0.004 0.009 0.041 0.001 0.000 0.001 0.000 0.000 0.000 0.000 0.000 0.000 

SSEC <= HSI 0.902 0.925 0.293 0.376 0.510 0.660 0.169 0.204 0.219 0.159 0.132 0.180 

SSEC => HSI** 0.072 0.228 0.144 0.462 0.456 0.047 0.000 0.000 0.000 0.000 0.000 0.000 

SSEC <= KS11 0.756 0.356 0.230 0.302 0.403 0.538 0.564 0.749 0.376 0.338 0.111 0.040 

SSEC => KS11** 0.006 0.006 0.007 0.017 0.001 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

SSEC <= AORD** 0.370 0.639 0.266 0.506 0.288 0.007 0.014 0.012 0.022 0.001 0.004 0.001 

SSEC => AORD** 0.004 0.005 0.102 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

SSEC <= BVSP 0.018 0.043 0.055 0.143 0.374 0.475 0.353 0.352 0.453 0.530 0.697 0.744 

SSEC => BVSP** 0.000 0.044 0.578 0.036 0.004 0.005 0.001 0.000 0.000 0.000 0.000 0.000 

 
bold face. X => Y means that the null hypothesis is that X does not Granger-cause Y. The bold face therefore re- 
veals that we can refuse the hypothesis at the possibility of 5% with the given lagged values，from which we can 
conclude that X can Granger-cause Y.  

From the tables above we can figure out that the interconnections between variables are identified stably in 
tests with longer lag phases. For example, in the test for qtgarch indicator of Table 2, the influence from short- 
run extreme risk of FTSE index on Shanghai index can be identified when the lag value is greater than 5. It 
means that there is hysteresis effect in the relationship between volatilities and it is important to choose longer 
lag length for the test. In addition, a number of tests have revealed that the leading relationship which is signifi- 
cant in the short run will vanish in the long run. For instance, in the inspection about the influence from GDAXI 
index on Shanghai index (Table 1), the early test indicates that Shanghai A-share index has an effect on GDAXI 
index, while the leading relation disappears when the lag value is greater than 25. In that case, the leading rela- 
tionship which seems to exist between Shanghai index and oversea indices in the short run can be explained by 
the past information of the oversea indices. As a result, the leading relationship is confirmed to exist when it is 
significant in test with longer lag length. The tests satisfying such standard are signified by “**” to show that this 
pair of tests has a leading relationship.  

In the first place, we will observe the spillover effect of the extreme risk of Shanghai index on the overseas 
market. Table 1 shows that the extreme risk of Shanghai index will have an influence on all of the oversea in- 
dices observed in this paper from the perspective of long run volatility. On the other hand, Table 2 demonstrates 
that the extreme risk of Shanghai index has few effects on oversea indices in the view of short run volatility, ex- 
cept for influencing the American DJI index. 

Then we will observe the spillover effect of the extreme risk of overseas market on Shanghai index. Table 1 
shows that in light of long run volatility, only the extreme risks from Australian market and Japan market will  
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Table 2. The Shanghai composite, and other extreme risk overflow test of the market in the short-term fluctuation composi- 
tion (Sample period: 2005/6/4-2010/12/17). 

 1 2 5 10 15 20 25 30 35 40 45 50 

SSEC <= DJI** 0.278 0.239 0.536 0.345 0.011 0.013 0.017 0.049 0.058 0.016 0.026 0.047 

SSEC => DJI** 0.836 0.145 0.411 0.054 0.176 0.279 0.091 0.023 0.024 0.017 0.043 0.039 

SSEC <= GDAXI 0.304 0.131 0.112 0.033 0.031 0.036 0.057 0.098 0.135 0.144 0.233 0.262 

SSEC => GDAXI 0.352 0.586 0.748 0.228 0.179 0.162 0.049 0.100 0.217 0.137 0.344 0.504 

SSEC <= FTSE** 0.156 0.159 0.011 0.000 0.001 0.010 0.001 0.001 0.000 0.000 0.000 0.000 

SSEC => FTSE 0.172 0.239 0.835 0.786 0.739 0.889 0.660 0.548 0.776 0.892 0.811 0.817 

SSEC <= FCHI 0.982 0.075 0.107 0.077 0.068 0.091 0.134 0.108 0.090 0.107 0.152 0.285 

SSEC => FCHI 0.367 0.687 0.808 0.801 0.757 0.567 0.721 0.881 0.951 0.976 0.987 0.989 

SSEC <= N225 0.646 0.304 0.152 0.197 0.394 0.544 0.206 0.109 0.032 0.044 0.062 0.052 

SSEC => N225 0.033 0.020 0.047 0.004 0.006 0.022 0.037 0.011 0.018 0.027 0.085 0.150 

SSEC <= HSI 0.267 0.299 0.331 0.041 0.050 0.111 0.127 0.090 0.146 0.100 0.087 0.068 

SSEC => HSI 0.643 0.916 0.876 0.812 0.683 0.647 0.268 0.439 0.368 0.237 0.306 0.457 

SSEC <= KS11 0.250 0.248 0.518 0.461 0.627 0.334 0.044 0.050 0.022 0.040 0.045 0.059 

SSEC => KS11 0.162 0.284 0.604 0.617 0.437 0.197 0.086 0.083 0.160 0.162 0.097 0.174 

SSEC <= AORD** 0.593 0.333 0.465 0.869 0.587 0.229 0.023 0.009 0.000 0.000 0.000 0.002 

SSEC => AORD 0.530 0.061 0.250 0.111 0.158 0.308 0.052 0.001 0.007 0.019 0.037 0.076 

SSEC <= BVSP** 0.076 0.180 0.220 0.252 0.096 0.119 0.014 0.008 0.011 0.007 0.014 0.028 

SSEC => BVSP 0.653 0.148 0.357 0.343 0.520 0.387 0.639 0.060 0.059 0.088 0.196 0.201 

 
have spillover effects on the extreme risk of Shanghai index. The short run volatility (in Table 2) reveals that 
extreme risks of AORD index, DJI index, and FTSE index have spillover effects on the extreme risk of Shang- 
hai index.  

In conclusion, Table 1 and Table 2 demonstrate that there is spillover effect of extreme risks in the long run 
volatility of Chinese stock market. In term of the short run volatility, there is spillover effect from the extreme 
risks of overseas stock markets on the extreme risk of Chinese stock market. On account that the long-run vola- 
tility components are more related to real economic cycle, the results to some extent reflects the profound influ- 
ence of China’s economy on the world economy. 

4. Conclusion 
This paper analyzed the interconnection between Shanghai index and main international stock indices with the 
CGARCH Model and Granger Causality Test. With regards to the perspective of volatility among markets, we 
attach importance to influence of extreme risk on the distribution of conditional volatility. Consequently, we 
choose the long and short run volatility components of stock index returns and their corresponding extreme risk 
events. We also test the spillover effect between Shanghai index and 9 international indices.  

The results show that, the influence of China’s stock market on international stock markets is different from 
short run and long run perspectives. Under the circumstance of long run volatility components, the extreme risk 
of China’s stock market has an effect on all of the oversea indices chosen in this paper. On the contrary, China’s 
stock market is influenced by oversea indices with respect to short run volatility. We thus believe that the A 
share market has the power to influence the volatility of international stock markets. Because long run volatility 
is closer to the real economic cycle, our results reflect the profound influence of China’s economy on the inter- 
national economy from the perspective of extreme risk spill over.  



L. Y. Wang 
 

 
56 

Another realistic problem related to this study is the regulation for stock index futures. The offering of stock 
index future products provides speculators with more speculative tools. Apart from the speculative trading, the 
more important factors accounting for the volatility of stock index futures are the volatility of benchmark stock 
index itself and the speculative arbitrage operations caused by the change of market expectation. One of the im- 
portant resources for the volatility of domestic index is the volatility of external markets. Such volatility is 
mainly due to the short run disturbance and may not reflect the change of economic cycle, which is only “noise”. 
As a result, the domestic regulatory authorities and the investors should seriously treat the unreasonable distur- 
bance from oversea markets. 
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