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Abstract: 

The research on spillover effect in financial markets is frontier theory and 
technology. The global financial crisis of 2007-2009 affects the stock markets deeply. 
But, the economic consequences are different among some cross-markets. As an 
emerging high-speed growth securities market established in 1990, the Chinese 
securities market has developed significantly. Again in the current international 
financial crisis, it is being closely watched that how deeply China’s market affected 
by the financial crisis and the role making a major contribution to stabilizing the 
global financial situation. Both GARCH and Granger causality test are used to 
measure the volatility spillover in the existent literatures. However, in case of the 
correlations of some markets are not linear relationship, Copula functions have 
recently become popular. In this paper, we have tested for spillover effects in 
financial risk between the Shanghai market and the other main stock markets. We 
use the kernel smoothing function to estimate the marginal density distribution, and 
use the Copula functions to estimate the joint distribution of the marginal 
distribution. Furthermore, we use the bivariate Archimedean copula to estimate the 
symmetrical and asymmetrical distribution. The main findings are that Shanghai 
market is not affected by New York market significantly in the financial crisis, it can 
not exert on significant influence to New York market as well. The similar degree of 
market efficiency, the similar attitude about considering on risk and earnings are 
more important on leading to the spillover effect in stock markets than the real 
economic link between Shanghai market and New York market. 
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1 Introduction 

A significant decrease in asset prices and increase in market volatility usually 
indicates a financial crisis. However, this kind of financial risk can be transmitted 
from one market to the others due to the markets integrating and the other spillover 
channels. The volatility spillover effect is the primary process to transmit the 
financial risk. If there is a significant difference between two stock markets during 
the periods before and after the shock, namely, if the nature of the relationship 
between the two markets was altered by a certain financial event, especially a 
financial crisis, it would be considered as the volatility spillover effect of the two 
markets.  

Therefore, when the investors use the capital assets pricing model to decide the 
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optimized portfolio to seeking the investment opportunities, the systemic risk among 
different markets is also an important decision making element. Information about 
correlation between returns and risks of different markets becomes necessary in the 
course of risk evaluating or portfolios choosing. In case the original condition of 
constant correlation is violated due to the financial shock, the volatility spillover 
effect should have direct influence on portfolio performance and risk management.  

The global financial crisis of 2007-2009 affects the stock markets deeply. But, the 
economic consequences are different among some cross-markets. During the Asian 
financial crisis that broke out a decade ago, China played a decisive role in response 
to the crisis by keeping the RMB exchange rate stable and was thus praised by the 
international community and Southeast Asian countries in particular. Again in the 
current international financial crisis, it is being closely watched that how deeply 
China’s market affected by the financial crisis and the role making a major 
contribution to stabilizing the global financial situation. So the market information 
transmission and the cross-market volatility transmission on the internal and external 
market of China become a key problem. 

In the case of China, the government has been engaged in step by step financial 
liberalization. As an emerging high-speed growth securities market established in 
1990, the Chinese securities market has developed significantly over the past two 
decades. The Chinese securities market plays a vital role in promoting reform in 
state-owned enterprises and Chinese economic structure adjustment. However, we 
take notice of these phenomena in Chinese mainland stock markets. 

At first, the China stock market is classified into several categories -Red chips, 
H-shares, B-shares and A-shares. The H-share market is made up of the companies 
incorporated in mainland China but traded in Hong Kong stock market. The 
B-shares are quoted in foreign currencies. The B-share market was originally 
designed for overseas investors but has been opened to domestic investors since 
March 2001. The A-shares refer to companies incorporated in mainland China and 
traded in the mainland A-share markets. Furthermore, the A-shares are divided into 
shanghai A-share and Shenzhen A-share. Secondly, it’s remarkable that A-share of 
Chinese mainland stock markets remained between 1000 and 2000 during the year 
2005. In the spring of 2006, China’s stock markets became a bull market; A-stock 
rose 130% in one year. Shanghai market index peaked at 6124.04 on 16th Oct. 2007. 
After that, the index of Shanghai market continued to decline sharply till it had 
reverted in October 2008 to around 2000, close to the average level before this bull 
market. Thirdly, in 2007, the Shanghai and Shenzhen A-share markets value hit a 
new high, rising by 269% YOY. The aggregate A-share markets value of Shanghai 
Stock Exchange and Shenzhen Stock Exchange ranked the 4th in the world, 
following USA, Japan and UK 1 . After the financial crisis, China’s markets 

                                                        
1 The statistic data sources are world federation of exchanges (http://www.world-exchanges.org ) 
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maintained the momentum of rapid development. Till August-25th 2009, the 
aggregate markets value of Shanghai ranked 4th in the world and the aggregate 
markets value of whole Chinese mainland markets (added Shenzhen markets) 
ranked 3rd in the world2. The asset securitization level in Chinese markets catches up 
with the world advanced level within one year. From 2008H2, Chinese stock 
markets also suffered losses as did other markets. However, in 2009, Chinese 
markets began to recover strongly. 

Based on those phenomena, we want to know how do co-movement changes 
between Chinese markets and the other markets abroad compare before and after the 
financial crisis? How do changes among the Chinese mainland internal markets 
compare before and after the financial crisis? Did Shanghai stock market really 
receive a volatility spillover from the crisis, especially while its indices were 
transforming dramatically between bear market and bull market conditions? What 
influence do the Shanghai markets exert on the other markets?  

To better understand how such co-movement changes between Chinese markets with 
the other markets abroad, as well as among the Chinese mainland internal markets, 
the focus here is on financial markets volatility spillover. Both GARCH and Granger 
causality test are used to measure the volatility spillover in the existent literatures. 
However, in case of the correlations of some markets are not linear relationship, 
Granger causality test has a certain limitation. Copula functions have recently 
become popular in the finance literature due to a number of reasons. It can be argued 
that copulas are more informative measures of dependence between variables than 
standard linear correlation (Johansson, 2009). This is the case when the joint 
distribution of the variables is nonelliptical and the typical linear correlation measure 
is not enough to describe the dependence between the variables (Patton, 2006). 
Copulas have been used to study the asymmetric nature of dependence between 
financial variables (e.g. Patton, 2006) as well as contagion effect (Rodriguez, 2007). 

In this paper, Copula theory is introduced into financial analysis to avoid defects of 
linear correlation coefficient and classical analysis methods. Based on fully 
understanding of copula theory, the paper will investigate measure of non-linear 
dependence and measure of tail dependence that can be derived from copulas.  

Dependence analysis is a core issue in multivariate financial analysis. Characters of 
several important copulas used in dependence analysis are discussed in this study 
and multivariate financial time series models based on copula theory, such as 
Copula-N model and Copula- t model, are established. Estimation and test methods 
of copula models are also studied. 

Kernel smoothing function is the non-parameter method to estimate the probability 

                                                                                                                                         
and China securities regulatory commission (http://www.csrc.gov.cn ). 
2 The statistic data source is China securities regulatory commission (http://www.csrc.gov.cn ). 

 3 

http://www.csrc.gov.cn/
http://www.csrc.gov.cn/


distribution function, when we can not find any befitting function to estimate the 
probability distribution. 

The empirical results suggest that Shanghai market usually suffers volatility 
spillover from the Shenzhen market and Hong Kong market, while the London 
market is affected by volatility spillover from the New York market. The lower tail 
dependence of (SSE, HSI) and (SP, FTSE) might attribute to the financial crisis, 
however, the lower tail dependence of (SSE, SZ) must because of the convergence 
between shanghai market and Shenzhen market. Remarkable, Shanghai market is 
not affected by New York market significantly in the financial crisis, it can not exert 
on significant influence to New York market as well. 

This paper is organized as follows. After analyzing on the core literature review, 
Section 3 discusses the data and provides descriptive statistics. Section 4 outlines the 
methodology used. Section 5 presents the empirical results and discusses the 
findings. Finally, Section 6 provides a summary of the findings and concludes. 

 

2. Core literature review 

King and Wadhwani (1990), Lee and Kim (1993), and Calvo and Reinhart (1996) 
reach the conclusion that financial contagion was indeed present during every major 
financial and economic crisis in the last decade or so. Calvo and Reinhart (1996) 
enriched the set of theoretical sources of contagion. They have examined “spillover” 
or “contagion” effect in light of the Mexican crisis in December 1994. They pointed 
out that institutional practice also could be a channel of spillovers. Eichengreen, 
Rose and Wyplosz (1995) explain the contagion effect by the "bandwagon" effects 
as herding behavior in which investor’s sentiment does not discriminate among 
different macroeconomic fundamentals across countries. Calvo and Reinhart (1996) 
find regional preferences of foreign investors lead to the contagion, implying that 
investors first select the larger, usually better known, countries as a place to invest. 

Ades and Chua (1993), Easterly and Levine (1994), explain the contagion effect by 
real links. Ades and Chua (1993) think the correlated trade patterns and 
arrangements are important factors to cause the contagion. Easterly and Levine 
(1994) explain the contagion effect by technological factors and political instability. 
Hoffmaister and Végh, Talvi, (1994) provide a financial explanation about the 
contagion effect because of highly integrated capital markets.  

Boyer, Gibson and Loretan (1999), Loretan and English (2000), and Forbes and 
Rigobon (2001a, 2002) have proposed an adjustment to the correlation coefficient, 
which under very specific conditions can account for the heteroskedasticity bias and, 
subsequently, reject the financial contagion hypothesis in favor of an only 
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interdependence hypothesis. Corsetti, Pericoli and Sbracia (2002), Cipollini and 
Kapetanios (2003), Arestis, Caporale and Cipollini (2003), and Bekaert, Harvey and 
Ng (2005) have observed that the key to the only interdependence result is the 
specification of the theoretic measure of interdependence. 

Forbes and Rigobon (2002), Corsetti et al. (2002) reject interdependence in favor of 
financial contagion for at least five countries using one of the leading case studies. 
Hamao et al. (1990), and Edwards (1998) rely on the ARCH and GARCH 
econometric framework to show the presence of significant volatility spillovers 
across countries during financial crises. Kroner and Ng (1998), Engle and Sheppard 
(2001), Sheppard (2002), and Edwards and Susmel (2003) use some type of 
multivariate GARCH or bivariate SWARCH parameterization of the 
variance-covariance matrix. Bessler and Yang (2003) addressed this issue by 
improving the vector error correction model (VECM) in order to identify the 
contemporaneous structural dependence in the neighborhood of the financial crisis. 
Ehrmann, Fratzcher and Rigobon (2005) exploit the heteroskedasticity of asset 
prices to identify a VAR representation of a given set of European and U.S. financial 
markets’ returns. 

Costinot et al. (2000), Bae et al. (2003), Longin and Solnik (2001), Hu (2003), 
Patton (2002), Martell (2003), and Bartram and Wang (2005) integrate the 
distributions hypothesis and extreme value theory, including statistical concepts 
such as copula functions. 

 

3. Data and summary statistics 

Daily closing index values for the Chinese Exchanges, including Shanghai market 
(SSE) and Shenzhen market (SZ), New York Exchange (S&P500), London (FTSE 
100), and Hong Kong Exchange (HSI) are collected from Yahoo Finance and CCER 
database for the period from 07/2005 to 04/2010. The software of Mathworks 
Matlab 2009a is used to compute the arithmetic and the models. 

The long sample period overall from 07/2005 to 04/2010 is chosen in order to 
examine the effect of the financial crisis on the stock markets, as well as on the 
dynamic relationship between Chinese markets and the primary stock market during 
the periods before and after the shock.  

The difference of logarithm (%) is used in the calculation of market returns: 

)/log(*100 1,,, −= tititi PPR  

Where Rt denotes the closing value of the index and the return of market i on trading 
days, respectively. The sign of i represents the different markets. The indices are in 
terms of local currency. 
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Table 1: statistics of the returns of the five markets 
 SSE SZ SP HSI FTSE 

N 1257 1257 1257 1257 1257 
Mean 0.00080 0.00112 -0.00001 0.00032  0.00005  
Median 0.00121 0.00123 0.00074 0.00026  0.00011  
Std. Deviation 0.01981 0.02175 0.01522 0.01938  0.01421  
Skewness -0.43744 -0.42552 -0.25504 0.09550  -0.12093  
Kurtosis 2.72184 2.10186 10.01946 7.72797  8.22029  

Table 1 and Figure 1 list the summary statistics of the returns of the five markets. As 
shown in the table 1, the average daily returns of the markets for the five years are 
both close to 0. But the mean value of Shanghai market (SSE) and Shenzhen market 
(SZ) are bigger than the others. The standard variances range from 0.01421 (London) 
to 0.02175 (Shenzhen market). 

 

Figure 1: the frequency distribution column diagram of the returns of the five 
markets. 
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The measures for Skewness and kurtosis indicate that the distributions of returns for 
all five markets are negatively skewed and leptokurtic relative to the normal 
distribution, except for Hong Kong market. The Jarque-Bera statistic rejects 
normality at any level of statistical significance in all cases. These characteristics of 
statistics can also be found by figure 1. We can not find any befitting function to 
estimate the probability distribution perfectly. 

 

4. Methodology 

It is difficult to construct a multidimensional probability density function which 
includes dependence measures between more than two variables. In this section, the 
concept of copula is introduced and the discussion about copulas is based on Nelson 
(1999) and Patton (2006). The theory of copulas allows us to decompose a joint 
distribution of two or more variables into their marginal distributions and the 
dependence function, i.e. the copula. In this study, bivariate copulas are used and the 
focus of the following discussion will therefore be on a bivariate setting.  

Decomposing the joint distribution into the marginal distributions: 

 

where  is the cumulative distribution function and and  

are the marginal distributions, respectively. If density functions are used instead, the 
relationship can be written as: 

)yx,(Fxy )x(Fx )y(Fy

 

If the distribution function  is a continuous multivariate distribution 

function, Sklar's theorem shows that we can separate the marginal distribution for 
the two variables from that of the dependence structure. There are several reasons 
for why copulas in many situations are preferable to other measures of dependence 
(see, Rodriguez, 2007, for an excellent discussion on the statistical properties of 
copulas).  

)yx,(Fxy

It is known that non-normality at the univariate level is associated with skewness 
and leptokurtosis phenomena, and what is known as the fat-tail problem. In a 
multivariate setting, the fat-tail problem can be referred both to the marginal 
univariate distributions and to the joint probability of large market movements, 
which is called tail dependence. The copula functions can be used to model these 
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two features, fat tails and tail dependence, separately. So, the Garch model can be 
improved to Copula-Garch-N or Copula-Garch-t.  
 
Copula-Garch-N: 

 
 
Copula-Garch-t: 

 

Kernel smoothing function is the non-parameter method to estimate the probability 
distribution function, when we can not find any befitting function to estimate the 
probability distribution. 

The density function of Gumbel Copula function has asymmetrical distribution, and 
the density distribution looks like a “J” type, namely the upper tail is higher than the 
lower tail. So the Gumbel Copula is sensitive to the volatility appearing near the 
upper tail, which is usually used to illustrate the correlations in the Bull market. 

Gumbel Copula: 

 

The density function of Clayton Copula function also has asymmetrical distribution, 
but the density distribution is opposite to the Gumbel Copula, and looks like a “L” 
type, namely the lower tail is higher than the upper tail. So the Clayton Copula is 
sensitive to the volatility appearing near the lower tail, which is usually used to 
illustrate the correlations in the Bear market. 

Clayton Copula: 
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The density function of Frank Copula function has symmetrical distribution. The 
density distribution looks like a “U” type, namely the lower tail is similar with the 
upper tail. So the Frank Copula is usually used for the volatility appearing with 
symmetrical distribution. 

Frank Copula: 

  

Figure 2 is the frequency distribution plots of empirical and the Copulas when u=v. 
 

 

 

5. The empirical results 

5.1 Kernel smoothing function to estimate the density distribution 

This paper utilizes the ksdensity function to estimate the kernel distribution of the 
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sampling markets, including Shanghai market (SSE) and Shenzhen market (SZ), 
New York Exchange (S&P500), London (FTSE 100), and Hong Kong Exchange 
(HSI) for the period from 07/2005 to 04/2010, and kernel distribution estimations 
comparison with the empirical distribution functions are described as figure 3. 
It is noticeable that the Kernel smoothing function can be used to estimate the 
empirical distribution function properly, in some circumstances, it has better ability 
to estimate the complicated distribution than traditional GARCH model.   
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Figure 3: Empirical distribution and Kernel distribution estimation 
 

5.2 The correlations between bivariate settings 

5.2.1 The correlations of the marginal distribution 

Figure 4 shows the frequency column diagram of marginal distributions between 
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each bivariate setting. It can be seen that the marginal distribution of SSE and SZ 
appears significant correlations near the areas of (0, 0) and (1, 1). The pairs of (SSE, 
HSI) and (SP, FTSE) also appears significant correlations near the areas of (0, 0) 
and (1, 1), but there are much more scatter than (SSE, SZ) in the other areas. Then, 
on one hand, we can draw a preparatory conclusion that SSE and SZ appear 
significant co-movement trends during increasing and decreasing in stock price, 
especially affected by the big shock. On the other hand, we cannot get the evidence 
that the co-movement changes between Chinese markets and the other markets 
abroad compare before and after the financial crisis. Based on Figure 4, SSE has not 
significant correlations with SP or with FTSE. It seems that Shanghai stock market 
does not receive the volatility spillover from the crisis, especially while its indices 
were transforming dramatically between bear market and bull market conditions. 
Furthermore, it has not significant influence which exerted by Shanghai markets on 
the other main markets aboard. 

 
Figure 4: frequency column diagram of marginal distribution 
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5.2.2 The Coefficient of correlation of bivariate market pairs 

To better understand how such co-movement changes between Chinese markets with 
the other markets abroad, as well as among the Chinese mainland internal markets, 
the focus here is on the coefficient of correlation of bivariate market pairs as shown 
in Table 2. (SSE, SZ), (SSE, HIS), and (SP, FTSE) have significant linear and 
no-linear correlations. And their correlations usually obey t distribution, or t 
distribution can depict their joint distribution more fitful than normal distribution. 
 
Table 2: The Coefficient of correlation of bivariate market pairs 
rho_norm SSE SZ SP HSI FTSE 
SSE 1 0.9226* 0.0551 0.4378* 0.1273 
SZ 0.9226* 1    
SP 0.0551  1  0.538* 
HSI 0.4378*   1  
FTSE 0.1273  0.538*  1 
rho_t SSE SZ SP HSI FTSE 
SSE 1 0.9267* 0.0538 0.4411* 0.1269 
SZ 0.9267* 1    
SP 0.0538  1  0.5569* 
HSI 0.4411*   1  
FTSE 0.1269  0.5569*  1 

Kendall_norm  SSE SZ SP HSI FTSE 

SSE 1 0.7479* 0.0351 0.2885 0.0812 
SZ 0.7479* 1    
SP 0.0351  1  0.3616* 
HSI 0.2885   1  
FTSE 0.0812  0.3616*  1 
Kendall_t SSE SZ SP HSI FTSE 
SSE 1 0.7547* 0.0342 0.4215* 0.081 
SZ 0.7547* 1    
SP 0.0342  1  0.376* 
HSI 0.4215*   1  
FTSE 0.081  0.376*  1 

Note * means the correlation is significant at 5%. 
 

Figure 5 shows the density function distribution of bivariate Normal-Copula and 
t-Copula. It is direct viewing the co-movements between different stock markets on 
the background of global financial crisis in 2007-2009.  
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Figure 5: Density function distribution of bivariate Normal-Copula and t-Copula 
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The pairs of (SSE, SZ), (SSE, HSI) and (SP, FTSE) appears significant correlations 
near the areas of (0, 0) and (1, 1), but the wave crests on the (0, 0) and (1, 1) are 
sharper than the others, due to the (SSE, HSI) and (SP, FTSE) have much more 
scatter than (SSE, SZ) in the other areas. Namely, (SSE, SZ), (SSE, HSI) and (SP, 
FTSE) have significant spillover effects in financial risk. 

Moreover, we can see that the wave crests on the (0, 0) and (1, 1) are sharper than 
the others when we use the t-Copula, which is also the evidence that the density 
function distribution of bivariate t-copula is more fitful than Normal-Copula. 

 

5.2.3 The tail dependence of correlation of bivariate market pairs 

We test the density function distribution of bivariate Archimedean copula; the results 
are shown at Figure 6.  

The density function of Clayton Copula function has asymmetrical distribution, and 
the density distribution looks like a “L” type, namely the lower tail is higher than the 
upper tail. So the Clayton Copula is sensitive to the volatility appearing near the 
lower tail, which is usually used to illustrate the correlations in the Bear market. 
From the Figure 6, it can be seen that the pairs such as (SSE, SZ), (SSE, HSI) and 
(SP, FTSE) have significant tail dependence near the lower tail. Namely, those pairs 
of markets appear significant spillover effects in financial risk. The lower tail 
dependence of (SSE, HSI) and (SP, FTSE) might attribute to the financial crisis, 
however, the lower tail dependence of (SSE, SZ) must because of the convergence 
between shanghai market and Shenzhen market. The correlation between shanghai 
market and New York market is not significant in the financial crisis, even it is not 
significant than it’s between shanghai market and London market. 

The density function of Gumbel Copula function also has asymmetrical distribution, 
but the density distribution looks like a “J” type, namely the upper tail is higher than 
the lower tail. So the Gumbel Copula is sensitive to the volatility appearing near the 
upper tail, which is usually used to illustrate the correlations in the Bull market. 
From the Figure 6, it can be seen that the pairs of (SSE, SZ), (SSE, HSI) and (SP, 
FTSE) have significant tail dependence near the upper tail. Namely, those pairs of 
markets appear significant co-movement in Bull market. The correlation between 
London market and New York market is more significant in the good news, even it 
is significant than it’s between shanghai market and Shenzhen market. 

The density function of Frank Copula function has symmetrical distribution. The 
density distribution looks like a “U” type, namely the lower tail is similar with the 
upper tail. So the Frank Copula is usually used for the volatility appearing with 
symmetrical distribution. From the Figure 6, it can be seen that the pairs of (SSE, SZ) 
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and (SP, FTSE) have significant symmetrical distribution. Namely, those pairs of 
markets appear significant co-movement in good news and bad news. The Frank 
Copula function is more fitted for depicting the correlation between London market 
and New York market as well as between shanghai market and Shenzhen market.  
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Figure 6: Density function distribution of bivariate Archimedean copula 
 

6. Summary of the findings and concludes 

In this paper, we have tested for spillover effects in financial risk between the 
Shanghai market and the other main stock markets, namely New York, London, 
Hong Kong, as well as between the Shanghai market and the Shenzhen market.  

To account for the complicated distribution and the nonlinear correlation, we use the 
kernel smoothing function to estimate the marginal density distribution, and use the 
Copula functions to estimate the joint distribution of the marginal distribution. 
Furthermore, we use the bivariate Archimedean copula to estimate the symmetrical 
and asymmetrical distribution. 

The tests cover the period of July, 2005 to April, 2010. The main findings are mainly 
summarized in Figure 5 and Figure 6, which are summarized as follows. 

(a) The measures for Skewness and kurtosis indicate that the distributions of returns 
for all five markets are negatively skewed and leptokurtic relative to the normal 
distribution, except for Hong Kong market. The Jarque-Bera statistic rejects 
normality at any level of statistical significance in all cases.  

(b) The Kernel smoothing function can be used to estimate the empirical distribution 
function properly, in some circumstances, it has better ability to estimate the 
complicated distribution than traditional GARCH model. 

(c) The pairs of (SSE, SZ), (SSE, HSI) and (SP, FTSE) appears significant 
correlations near the areas of (0, 0) and (1, 1). Namely, (SSE, SZ), (SSE, HSI) and 
(SP, FTSE) have significant spillover effects in financial risk. And their correlations 
usually obey t distribution, or t distribution can depict their joint distribution more 
fitful than normal distribution.  

(d) In the Bear market, it can be seen that the pairs such as (SSE, SZ), (SSE, HSI) 
and (SP, FTSE) appear significant spillover effects in financial risk. The lower tail 
dependence of (SSE, HSI) and (SP, FTSE) might attribute to the financial crisis, 
however, the lower tail dependence of (SSE, SZ) must because of the convergence 
between shanghai market and Shenzhen market. Shanghai market is not affected by 
New York market significantly in the financial crisis, it can not exert on significant 
influence to New York market as well. 

(e) It also can be seen that the pairs of (SSE, SZ), (SSE, HSI) and (SP, FTSE) have 
significant tail dependence near the upper tail. That is to say, the correlation between 
London market and New York market is more significant in the good news, even it 
is significant than it’s between shanghai market and Shenzhen market. 
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(f) The pairs of (SSE, SZ) and (SP, FTSE) have significant symmetrical distribution. 
Namely, those pairs of markets appear significant co-movement in good news and 
bad news. The Frank Copula function is more fitted for depicting the correlation 
between London market and New York market as well as between shanghai market 
and Shenzhen market.  

In summary, Though, Chinese market has more inseparably close relationships in 
these years, Shanghai market is not affected by New York market significantly in the 
financial crisis, it can not exert on significant influence to New York market as well. 
It can be seen that real economic link is not the inevitable reason to lead to the 
spillover effect in financial risk. From the correlations between Shanghai market and 
Shenzhen market, as well as between New York market and London market, we 
might think that the similar degree of market efficiency, the similar attitude about 
considering on risk and earnings are more important on leading to the spillover 
effect in stock markets. In the spring of 2006, China’s stock markets became a bull 
market; A-stock rose 130% in one year. Shanghai market index peaked at 6124.04 
on 16th Oct. 2007. After that, the index of Shanghai market continued to decline 
sharply till it had reverted in October 2008 to around 2000, which is an inimitable 
phenomenon for the other markets. 

 

 

 17 



References: 

[1] Ades A., and Chua B. Hak, 1993. Regional Instability and Economic Growth: 
Thy Neighbor's Curse. Economic Growth Center, Yale University, Center 
Discussion Paper No. 704. 

[2] Bollerslev, Tim, 1986. Generalized Autoregressive Conditional Heteroske- 
dasticity. Journal of Econometrics. 31: 307-327. 

[3] Bollerslev, T., 1990. Modeling the Coherence in Short-run Nominal Exchange 
Rates: A Multivariate Generalized ARCH Approach. Review of Economics and 
Statistics. 72: 498-505. 

[4] Bollerslev, T., Engle, R. F. and Nelson D. B., 1994. ARCH Models. Handbook of 
Econometrics, Volume 4, Amsterdam: Elsevier Science B.V. 

[5] Boyer, M. S., Gibson, B. H., and M. Loretan, 1999. Pitfalls in tests for changes 
in correlations, International Financial Discussion Paper 597. 

[6] Calvo, S. and C. Reinhart., 1996. Capital flows to Latin America: Is there 
evidence of contagion effects? The World Bank, Policy Research Working Paper 
Series 1619. 

[7] Calvo, G., 1999. Contagion in emerging markets: when Wall Street is a carrier, 
Mimeo, University of Maryland. 

[8] Calvo, G. A., and C. M. Reinhart, 2000. Fear of floating. Working paper, 
University of Maryland and National Bureau of Economic Research. 

[9] Chen, X., and Y. Fan, 2002. Estimation of copula-based semi-parametric time 
series models. Working paper, New York University, and Vanderbilt University. 

[10] Cipollini, A., and G., Kapetanios, 2003. A Dynamic factor analysis of financial 
contagion in Asia. Working paper no. 498, Department of Economics, Queen 
Mary University of London. 

[11] Corsetti, G., Pericoli, M., and M. Sbracia, 2002. Some contagion, some 
interdependence, more pitfalls in tests of financial contagion. Working paper, 
Universitá di Roma III, Yale University, CEPR, and Banca d’Italia. 

[12] Costinot, A., Roncalli, T., and J. Teiletche, 2002.Revisiting the dependence 
between financial markets with copulas. Working paper, Crédit Lyonnais. 

[13] Davidson Russell and James G. Mackinnon, 1993. Estimation and Inference in 
Econometrics. Oxford: Oxford University Press. 

[14] Easterly, W., and R. Levine., 1994. Africa's Growth Tragedy. Mimeo, World 
Bank. 

[15] Edwards, S., 1998. Interest rate volatility, capital controls, and contagion, 
Working paper no. 6756, NBER. 

[16] Edwards, S., and R. Susmel, 2003. Volatility dependence and contagion in 
emerging equity markets: evidence from the 1990s. Review of Economics and 
Statistics, 85, 328-348. 

[17] Ehrmann, M., Fratzscher M., and R. Rigobon, 2005. Stocks, bonds, money 

 18 



markets and exchange rates: measuring international financial transmission. 
Working paper, Euro Central Bank and Massachusetts Institute of Technology. 

[18] Engle, R. F., 1982. Autoregressive Conditional Heteroskedasticity with 
Estimates of the Variance of UK Inflation. Econometrica. 50: 987-1008. 

[19] Engle, R. F and Kroner,K.F., 1995. Simultaneous Generalized ARCH. 
Econometric Theory. 11:122-150. 

[20] Fama, E. F.,1965. The Behavior of Stock Market Prices. Journal of Business. 38: 
34-105. 

[21] Forbes K, Rigobon R., 2002. No contagion, only interdependence: measuring 
stock markets co movements. Journal of Finance. 57(5):2223-2261. 

[22] Granger, C. W. J., 1969. Investigating Causal Relations by Econometric Models 
and Cross-Spectral Methods. Econometrica. 37, 424–438. 

[23] Hamao,Y.,Masulis,R.W.,and Ng,V ,1990. Correlations in Price Changes and 
Volatility across International Stock Markets. Review of Financial 
Studies.3:281-307. 

[24] Hamilton, James D.,1994. Times Series Analysis. Princeton: Princeton 
University Press. 

[25] Hoffmaister, A., and C. A. Végh., 1994. Disinflation and the Recession-Now- 
Versus-Recession-Later Hypothesis: Evidence from Uruguay. Mimeo, 
International Monetary Fund. 

[26] Hu, L., 2003. Dependence patterns across financial markets: a mixed copula 
approach. Working paper, Department of Economics, Ohio Sate University. 

[27] Johansson, A.C., 2009. China's Financial Market Integration with the World. 
Working paper.  

[28] Karolyi, G. A., 2003. Does international financial contagion really exists? 
International Finance, 6, 179-199. 

[29] Kearney, C. and Andrew Patton, 2000. Multivariate GARCH Modeling of 
Exchange Rate Volatility Transmission in the European Monetary System. The 
Financial Review. 41:29-48. 

[30]King, M. and Sushil Wadhwani, 1990. Transmission of Volatility between Stock 
Markets. Review of Financial Studies, Oxford University Press for Society for 
Financial Studies, 3(1): 5-33. 

[31]Koch, P.D. and Koch, T. W.,1991. Evolution in Dynamic Linkages across 
National Stock Indices. Journal of International Money and Finance. 
10:231-251. 

[32]Li, Q., and J. Racine, 2004. Nonparametric Econometrics, Manuscript, Texas A 
& M University and Syracuse University. 

[33] Longin, F., and B. Solnik, 2001. Extreme correlation of international equity 
markets. The Journal of Finance, 56, 649-676. 

[34]Nelson, D., 1991. Conditional Heteroskedasticity in Asset Returns: A New 
Approach. Econometrica, 59, 347-70. 

[35] Nelsen, R. B., 1999. An Introduction to Copulas. New York: Springer-Verlag. 

 19 



[36] Patton, A., 2002. Modeling time-varying exchange rate dependence using T 
conditional copula. Working paper 01-09, Department of Economics, University 
of California at San Diego. 

[37]Patton, A., 2006. Modeling Asymmetric Exchange Rate Dependence. 
International Economic Review, 47, 527-56. 

[38] Rigobon, R., 2002. The course of non-investment grade countries. Working 
paper, Sloan School of Managemen. 

[39] Rodriguez, J.C., 2007. Measuring Financial Contagion: A Copula Approach, 
Journal of Empirical Finance, 14, 401-23. 

[40]Susmel, R., 2000. Switching volatility in international equity markets. 
International Journal of Finance and Economics, 5, 265-283. 

[41] Y. Angela Liu, Ming–Shiun Pan, 1997. Mean and Volatility Spillover Effects in 
the U.S. and Pacific–Basin Stock Markets. Multinational Finance Journal. vol. 
1, no. 1, pp. 47–62 

 20 


