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Abstract 
The present study attempts to track the transmission of volatility across major international 
stock markets over a span of 20 years, which includes both crisis (contagion form) and non-crisis 
periods. It also investigates whether global transmission of volatility follows a pattern. The study 
uses bi-variate EGARCH model in order to capture spillover between a pair of stock markets and 
the estimation window is one year with a sliding frequency of one quarter. The results show that, 
there is a spillover of volatility between international stock markets at all times. Results also in-
dicate that in almost all cases, the pattern of spillover is non-random. Finally, the study characte-
rizes the spillover pattern between international stock markets using suitable theoretical dis-
tributions.  
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1. Introduction 
The liberalization of capital markets has improved economic ties among countries through policy coordination 
and has promoted economic integration by means of trade and investments. On the other hand, globalization of 
capital markets has led to their dependence on one-another, as a result stock markets in one country react to the 
information from other stock markets of the world. King and Wadhwani [1] and Dungey and Martin [2] have 
found that increasing integration and openness between international capital markets has led to more exposure in 
the economic and financial turbulence and thereby leading to higher volatility in the markets. Hence, the greater 
the integration among international capital markets, the greater the chances of financial contagions i.e. spillover 
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of volatility due to a financial crisis. 
A traditional approach to evaluate the level of integration among international stock markets has been to study 

the correlation among them over time [3] [4]. The degree of correlation of stock markets prices is generally tak-
en as evidence of the degree of market integration. However, such an approach has been found to be flawed, 
since there exist time-varying properties in data, such as short term noises and long term fundamental relation-
ships, which are not captured by simple correlation technique. Subsequent studies have measured the interde-
pendencies between stock markets through examining the spillover of volatilities between them [5].  

The concept of spillover of volatility of asset returns can be drawn from the seminal work of Engle et al. [6]. 
Borrowing from meteorological lexicon, the authors lay down the theoretical foundations for “own” and “cross” 
type spillovers. The “heat wave” hypothesis, representing own-spillover, states that present volatility of a market 
is a function of past volatility of the same market (also sometimes referred to as volatility clustering). On the 
other hand, the “meteor shower” hypothesis, representing cross-spillover, states that the present volatility of a 
market is a function of both past volatility of the same market and past volatility from other markets (also 
termed as volatility transmission)1. Thus, the “meteor shower” definition of spillover encompasses both “own” 
and “cross” aspects.  

The literature on volatility spillover across stock markets can be categorized into two broad strands i.e. crisis 
specific studies, and country or region specific studies. The crisis specific studies mainly focus on the examina-
tion of volatility spillover during financial crises, especially, during four major financial crises: the Black Mon-
day stock market crisis of October, 1987; the Asian Crisis of 1997; the Subprime Crisis of 2007-2008 and the 
very recent Euro-zone Crisis of 2009-2012. Several authors2 examined the transmission of volatility across dif-
ferent stock markets during the 1987 crisis in detail. The Asian crisis of 1997 and the recent Subprime crisis of 
2007-2008 were also thoroughly examined by authors like Shamiri and Isa, 2009 [9]; Islam et al. 2013; Abbas et 
al. 2013 and Achraf et al. 2013 among several others [10]. 

The country or region specific studies observe the volatility transmission between selected countries or re-
gions. Most of the country related studies concentrate on the developed economies (such as the US, Japan and 
the UK). Gradually studies started to focus on the developing markets, especially after the Asian crisis of 1997. 
The region based studies mainly focus on economic zones such as the European Union, the ASEAN countries 
and the Asia-Pacific region. These studies, in general, are characterized by having large sample, both in terms of 
number of countries and the span of study. Eun and Shim [3] and others3 study volatility transmissions across 
few major stock markets4. Emerging markets are studied by Bekaert and Harvey [11]; De Santis and Imroho-
roglu [12] among others. European region is analyzed by Baele [13]; Islam et al. [10] and Tiwari et al. [14]. 
Bhar and Nikolova [15] investigate the level of volatility transmission involving the BRIC nations. Engle and 
Susmel [5] study the volatility process of 18 major international stock markets across four major continents. 

The basic findings common to all the above mentioned studies can be summed up into the following points. 
The volatilities of stock-prices are time varying. The returns and volatilities of stock markets of different coun-
tries show significant correlation in general. Lagged spillovers5 are found to exist between international stock 
markets. Correlations in stock returns and their volatilities appear to be causal from one country to another. US 
was found to be the source of volatility spillover in most of the cases. However, the reverse condition (i.e. spil-
lover from other countries to US) was found to be rare. There has been a gradual shift i.e. from the developed 
nations to the developing countries in the choice of sample set in spillover related studies. However, large parts 
of Asia, Africa and South America have yet to be explored in this regard. 

The motivation for the present study originates from the meteor shower hypothesis and its implications. 
Meteor shower hypothesis proposes that present volatility of a stock market is a function of past volatility from 
other market(s). It implies that shocks generated in one market, travel to other market(s). In this context, we em-
pirically examine the nature and pattern of volatility transmissions across international stock markets over a span 
of last 20 years. Moreover, the study empirically tests whether the volatility transmissions across international 
stock markets consistent over spatial and temporal dimensions especially in the wake of a financial crisis. The 

 

 

1Although in literature, the terms: volatility spillover and volatility transmission are synonymous, the term “transmission” generally indi-
cates the “cross” (i.e. cross market or cross country) aspect of spillover only. In this study, wherever the term volatility transmission appears, 
it is to be understood that the reference is towards cross-country spillover. 
2King and Wadhwani, 1990 [1]; Hamao and Ng, 1990 [7]; Lin et al. 1994 [8]; Liu and Pan, 1997 among others. 
3They include King and Wadhwani, 1990 [1]; Hamao and Ng, 1990 [7]; Lin et al. 1994 [8]; Achraf et al. 2013 [10]. 
4Mainly US, UK and Japan. 
5Correlations between foreign market’s previous day return or its volatility with today’s return or its volatility in the domestic market. 
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period of study covers both crisis and tranquil periods. The crises period includes 3 major financial crises since 
1987: the Asian Crisis (1997), the Subprime Crisis (2007-2008), and the European Debt Crisis (2009-2012). 
And finally, we observe the behavior of individual stock markets in propagation of volatility. 

The results of the study indicate that volatility spillover between all international stock markets under the 
study happens at all time6 and there is conclusive evidence that spillover of volatility between international stock 
markets is non-random (95% cases). Further, leverage effect plays a dominant role in spillover between interna-
tional stock markets. Also, the results show that in roughly 8% cases, the contagion form of spillover is signifi-
cantly distinct from the normal (or tranquil) form in terms of magnitude. Moreover, about 18% of cases show 
that changes in the direction of spillover between international stock markets are brought about by financial cri-
sis. In addition, the results imply that, the transmission of volatility between stock markets are predictable as 
they follow a definite pattern and hence have been modeled using suitable theoretical distributions. The study of 
volatility spillover is essential for two reasons. Firstly, volatility spillover across international stock markets 
shows the extent of market integration. Secondly, it indicates the level of information efficiency of a market in 
factoring international news and shocks. A clear understanding of the mechanism of volatility transmission 
across international stock markets is important for its implication on risk hedging, resource allocation, asset 
valuation, and monetary policies. The rest of the paper is organized as follows. Section 2 describes the data and 
methodology used. Section 3 describes the empirical results and finally we summarize and conclude the study in 
Section 4. 

2. Data and Methodology 
The daily data of stock indices values from 10 countries7 across the world for a period 20 years, from Jan. 1995 
to Dec. 2014 has been considered. The data has been obtained from Bloomberg Database. Since in some coun-
tries, there are multiple stock exchanges so that we have included the most prominent ones, such as BSE from 
India and NYSE from US, in our study. The data set contains equal representation from both developed and 
emerging economies8 (five each). Moreover, care has been taken to represent each continent. Choice of stock 
markets in the data set is based upon their market capitalization and the GDP of their respective countries9. Re-
cognizing the fact that national stock exchanges of different countries may have overlapping trading hours, we 
take the close to close criteria which encompass both overnight as well as day time segments and also take care 
of short term corrections due to noise. Table 1 briefly describes the research design of the study. 

We start our main empirical analysis by testing the meteor shower hypothesis. We use time-varying correla-
tion measures, obtained from bi-variate VAR-EGARCH model, to define the links between a pair of stock in-
dices. Due to non-synchronicity of trading days between stock markets of different countries, care was taken to 
include only the common dates of business between a pair of international stock markets. A brief description of 
the bivariate EGARCH model with time varying correlations between any two stock indices is given below.  

We denote the index return from one country by r1t and r2t represents returns from second index.  
 

Table 1. Summary of the research design.                                                                      

Total number of international stock markets 10 

Period of study10 Jan. 1995-Dec. 2014 

Length of an estimation window 1 year, calendar period 

Rolling period after every quarter (3 months), calendar period 

Total number of combination 45 

Total number of estimation windows 77 

Total number of estimations 3465 

 

 

6It must be noted that in last 20 years (1995-2014) tranquil phase occupies over 70% of the total period. 
7Australia, Brazil, China, Egypt, France, India, Israel, Japan, UK and US. 
8As per World Bank classification (2014). 
9Refer to Appendix 1. 
10Only those observations for dates that are common across 26 markets have been included in the study. 
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The mean equation of the VAR model is given below, 
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Here, the diagonal elements (c11 and c22) represent auto-regression and off-diagonal elements (c12 and c21) 
represent spillover-in-mean. Ωt indicate all relevant information known at time t, and Σt is the time varying co-
variance matrix. The diagonal elements of the (2 × 2) covariance matrix are modeled as:

 ( ) ( ) ( ) ( )2 2
1, 1,0 1,1 1 1, 1 1,2 2 2, 1 1 1, 1ln lnt t t tf z f zσ α α α γ σ− − −= + + +                      (3) 

and 

( ) ( ) ( ) ( )2 2
2, 2,0 2,1 1 1, 1 2,2 2 2, 1 2 2, 1ln lnt t t tf z f zσ α α α γ σ− − −= + + +                     (4) 

where, 1, 1, 1,t t tz u σ=  and 2, 2, 2,t t tz u σ=  

The second term of Equation (3) and third term of Equation (4) represents ARCH effects. Fourth terms of 
Equation (3) and Equation (4) captures the GARCH effect; and the third term in Equation (3) and second term in 
(4) captures cross-market spillover. f1and f2 are functions of standardized innovations which capture the effect of 
sign and the size of the lagged innovations as: 

( ) ( )1 1, 1 1, 1 1, 1 1 1, 1t t t tf z z E z zδ− − − −= − +                                (5) 

( ) ( )2 2, 1 2, 1 2, 1 2 2, 1t t t tf z z E z zδ− − − −= − +                               (6) 

The functions f1 and f2 generate sequences of zero mean, iid11 random variables by construction and allow past 
standardized innovations to affect asymmetrically. The first two terms in Equations (5) and (6) capture the size 
effect and the third term measures the sign effect. When δ is negative it will increase the volatility by more than 
a positive realization of equal magnitude. Similarly, if the past absolute value of zt is greater than its expected 
value, the current volatility will rise. This effect is known as leverage effect and is documented by Black [16] 
and Nelson [17] among others [18]. The parameter γ determines the influence of the past conditional volatility 
on the current conditional volatility. For the conditional volatility process to be stationary it is required that, |γi| < 
1; (i = 1, 2). The cross-market volatility linkage i.e. volatility spillover effects are controlled by the parameters, 
α12 and α21. Thus, if α12 is positive and δ2 is negative then a negative innovation in market “2” will be followed 
by higher volatility in market “1” than in the case of an advance positive innovation in market “1”. The asym-
metric effect of standardized innovations on volatility may be measured as derivatives from Equations (5) and 
(6), 
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The relative asymmetry is defined as,  

( )
1; ve asymmetry
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1; ve asymmetry
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> −
− + + = =
< +

                             (8) 

The off-diagonal elements of the covariance matrix Σt are defined in a manner similar to that in Darbar and 
Deb [19]. The key is to define a time varying conditional correlation which when combined with the conditional 
variances given in the Equations (3) and (4) generate the required conditional covariance. The conditional cor-
relation is allowed to depend on the lagged standardized innovations and is transformed using the following 
function so that it lies between (−1, 1). 

 

 

11Identically and independently distributed. 
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12, 12, 1, 2,t t t tσ ρ σ σ= ; and 0 1 1, 1 2, 1 2 1t t t tc c z z cξ ξ− − −= + +                          (9) 

Although the function ξt may be unbounded, the sine function transformation will restrict it to the desired 
range for correlation. For a given pair of return series a set of 19 parameters {Θ} are to be estimated. The esti-
mation of these parameters is achieved by numerical maximization of the joint likelihood function under the dis-
tributional assumption of this model. If the sample size is T, then the log likelihood function to be maximized 
with respect to the parameter set {Θ} is: 
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The parameters of the above bi-variate EGARCH model are estimated by numerically maximizing the like-
lihood function discussed above using the algorithm developed by Berndt et al. [20] (BHHH12) without impos-
ing any parameter restriction. As a note, we would like to mention here that each stock market has different reg-
ulations, trading system and transaction costs, which as an assumption, has not been considered in this study. 
Using the above bivariate EGARCH model, we obtain the spillover parameters which are used for further ana-
lyze in the study. There are 45 pairs from 10 stock market data series and approximately 77 estimation windows, 
each of length one year and rolling over at an interval of a quarter. The rationale for using rolling analysis for 
our study is for two reasons i.e. to assess a model’s stability over time and to evaluate predictive accuracy. 

3. Empirical Results  
Table 1 gives a brief summary of the descriptive statistics for the unconditional daily returns of the stock mar-
kets of 10 countries for a period of 20 years from 1995-2014. The reported statistics include the mean logarith-
mic returns along with their respective minimum, maximum and median values. The distributional properties of 
mean returns are given by standard deviation, skewness and kurtosis. Jarque-Bera statistic, testing normality of 
return distribution, have also been reported. 

As evident from the above Table 2 the unconditional mean daily returns of all the markets are close to zero, 
however, their dispersion is high as apparent from the standard deviation values. Barring Brazil, the return  

 
Table 2. Descriptive statistics.                                                                              

 
Australia Brazil China Egypt France India Israel Japan UK US 

AORD BVSP SSEC CCSI FCHI BSESN TA100 N225 FTSE NYSE 

Min −0.085536 −0.172082 −0.092562 −0.290292 −0.094715 −0.118092 −0.103816 −0.12111 −0.092646 −0.102321 

Max 0.060666 0.288325 0.090343 0.271107 0.105946 0.1599 0.097143 0.094941 0.093842 0.115258 

Median 0.000483 0.001062 0.000442 0.000644 0.000377 0.000882 0.00E+00 6.77E−06 0.000434 6.79E−04 

Mean 0.000167 0.000511 8.61E−05 0.000357 0.000101 0.000257 1.10E−04 −0.000299 9.51E−05 0.000243 

SD 0.009679 0.021317 0.015801 0.016739 0.014884 0.016154 0.013234 0.015113 0.012156 0.012395 

Skew −0.605432 0.32273 −0.139171 −1.282175 −0.023283 −0.074709 −0.283712 −0.570221 −0.129702 −0.335552 

Kurt 9.85517 16.56892 6.948789 88.31576 7.495309 8.918001 8.427884 7.981665 8.742589 12.42845 

JB Stat 9017.514 32,746.77 2443.278 634,129.5 3791.895 5645.176 3200.528 4581.461 6111.878 16,283.32 

Prob 0 0 0 0 0 0 0 0 0 0 

Obs 4966 4759 4242 2589 5003 4366 3079 4710 4939 4874 

 

 

12Berndt Hall Hall Hausman algorithm. 
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distribution of all other stock markets show negative skewness, implying that impact of negative news is more 
than positive news. The kurtosis measure show that the return distributions of all the markets are leptokurtic in 
nature, indicating that probability of rare events, such as crisis, is higher than normal. The Jarque-Bera statistics 
confirm that the return distribution of all the above stock markets are non-normal, hence all the assumptions of 
normal distribution needs to be modified. The results of Ljung-Box Q-test indicate high persistence of linear 
dependence in the returns. Linear dependence in returns has been attributed to several factors such as non-syn- 
chronous trading (French et al. 1987), market imperfections such as infrequent trading of the component securi-
ties in the respective markets, or due to some fundamental forces, such as predictable changes in responsiveness 
to world risk factors (Lo and Mackinley, 1988; Harvey, 1995; Koutmos and Booth, 1995; Bekaert and Harvey [11]). 

The preliminary analysis of the data indicates that every stock market manifests all the typical attributes of 
financial data, such as leptokurtosis, non-normality, asymmetry and auto-correlation. Both lepto-kurtosis and 
non-normality characteristics of stock market data (as given by JB statistics) points towards presence of fat tails 
in return distribution which indicates that extreme event such as crashes and booms are likely to occur with a 
higher probability than normal [21]. These issues that were raised by the descriptive statistics, prompted us to 
employ a comprehensive and robust analytical framework of bi-variate EGARCH that models all the above 
mentioned aberrations. The following are the rationale for the use of such a framework: 1) the high persistence 
of linear dependencies in the series justifies the use of autoregressive models; 2) due to the leptokurtic nature 
found in the return series coupled with the strong presence of non-linear dependencies in the daily returns for all 
the markets validates our choice of autoregressive conditional heteroskedasticity (ARCH) models to analyze the 
linkages among these markets; 3) the asymmetric property of return distribution is captured through exponen-
tial-GARCH which distinctively models the extreme negative returns from the positive ones; and 4) as the data 
manifests strong evidence against normality, care was taken to address the assumptions made about the distribu-
tional properties of the residual terms from the models by using student’s t-distribution, in order to avoid mis- 
specification (Table 3). 

 
Table 3. Snapshot of raw result13 (matrix size 3465 * 13).                                                          

Col. 0 Col. 1 Col. 2 Col. 3 Col. 4 Col. 5 Col. 6 Col. 7 Col. 8 Col. 9 Col. 10 Col. 11 Col. 12 
obs mkt_1 mkt_2 spill_21 spill_12 hl_21 hl_12 lev_12 lev_21 est crisis win dir 
1 1 2 0.63 0.07 1.48 0.26 0.00 0.00 1 0 1 4 
2 1 3 0.00 0.59 0.00 1.31 0.20 0.00 1 0 1 2 
3 1 4 0.00 0.00 0.00 0.00 0.00 0.00 0 0 1  
4 1 5 0.26 0.31 0.51 0.60 0.81 0.00 1 0 1 4 
5 1 6 0.00 0.00 0.00 0.00 0.00 0.00 0 0 1  
6 1 7 0.00 0.63 0.00 1.48 0.40 0.32 1 0 1 2 
7 1 8 0.04 0.21 0.22 0.44 0.00 0.00 1 0 1 4 
8 1 9 0.00 0.12 0.00 0.33 0.51 0.00 1 0 1 2 
9 1 10 0.10 0.07 0.30 0.26 0.97 0.00 1 0 1 4 
10 2 3 0.08 0.63 0.28 1.50 0.00 0.00 1 0 1 4 
: : : : : : : : : : : : : 

3465 9 10 0.07 0.12 0.26 0.33 0.00 0.00 1 0 77 4 

Note: 1. Column 0-Total number of estimations (3465); 2. Column 1 and 2—First and second stock markets respectively (market i ≠ market j); 3. 
Column 3 and 4—Spillover coefficients from market 2 to 1 (Col. 3) and from market 1 to 2 (Col. 4) respectively; 4. Column 5 and 6—Half life values, 
corresponding to the spillover coefficients, from market 2 to 1 (Col. 5) and from market 1 to 2 (Col. 6) respectively; 5. Column 7 and 8-Leverage 
coefficient from market 1 to 2 (Col. 7) and from market 2 to 1 (Col. 8) respectively; 6. Column 9—Estimation variable indicating whether estimation 
for a particular window was achieved14. est = 1 means estimation achieved, est = 0 means otherwise. We have achieved 2772 out of 3465 = 80% suc-
cessful estimation15; 7. Column 10—Crisis variable signifying whether the given estimation window falls in a crisis period16. Crisis = 0 means tran-
quil period, Crisis = 1 means crisis period (22 crisis and 47 tranquil out of total 77 periods); 8. Column 11—Denotes nth estimation window, n = 1 to 
77 (Jan. 1995-Dec. 2014); 9. Column 12—Shows direction of spillover. dir = 1 => no spillover, dir = 2 => spillover from market 1 to 2, dir = 3 => 
spillover from market 2 to 1, and dir = 4 => both way spillover; 10. Out of all the terms mentioned above, further analysis of only the volatility spil-
lover terms have been reported here. 

 

 

13Obtained from bivariate EGARCH model. All the non-zero values for the variables: spillover (Col. 3 - 4), half life (Col. 5 - 6) and leverage 
(Col. 7 - 8) are significant at 5%. 
14Based on convergence of the iterative estimation procedure. 
15The rest could not be achieved due to insufficiency of data. 
16Predetermined based on literature. 
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The spillover data is used to test the meteor shower hypothesis. A t-test is conducted on the cross-market 
spillover coefficients (α1,2 and α2,1) obtained from the bi-variate EGARCH model. The coefficients are tested at 
5% level of significance. The results confirm the presence of meteor shower, i.e. cross market spillovers, across 
dimensions of space (all stock markets included in the sample) and time (over a period of 20 years). The results 
are provided in Table A1 and Table A2 in Appendix 2. Further, to check whether, for a pair of stock markets, 
the magnitude of spillovers is different with respect to direction of spillover (i.e. whether spillovers from market 
i to j is different from spillovers from market j to i), z-test has been carried out. Table 4 shows the z-statistic 
along with the relevant level of significance between all pairs of markets. 

The results show that, in general, the magnitudes of spillover for all pair of stock markets are different with 
respect to the direction of spillover (in 80% of cases)17. However, it may be kept in mind that the z-tests were 
carried out on an aggregate level data (average over 20 years). Hence, in the cases where the difference in mag-
nitude over direction is not statistically significant, the results are likely to change in the inter-temporal periods. 
Further, we test the pattern hypothesis. A run test, using WW-test statistic18, is conducted to test whether for a 
given pair of markets the spillover coefficients follow a random pattern across 77 period windows (i.e. over a 
period of 20 years). Table 5 shows the results obtained from WW-tests along with their significance. 

 
Table 4. Results of test of spillover hypothesis.                                                                

 AU IN BR EG FR GB US JP CN IL 

AU -          

IN 11.295*** -         

BR 4.282*** 3.927*** -        

EG 2.464*** 5.46*** 14.646*** -       

FR 5.259*** 0.778 11.536*** 4.77*** -      

GB 0.667 6.199*** 2.779*** 10.946*** 2.237** -     

US 1.72** 10.561*** 2.317*** 0.733 0.459 2.259** -    

JP 5.036*** 5.083*** 3.043*** 3.575*** 1.664** 1.726** 7.613*** -   

CN 4.718*** 0.938 7.463*** 17.907*** 0.983 2.794*** 4.417*** 1.203 -  

IL 1.002 2.711*** 2.402*** 7.207*** 9.992*** 0.734 4.232*** 5.559*** 5.686*** - 

 
Table 5. Result of test of pattern hypothesis.                                                                  

 AU BR CN EG FR GB IL IN JP US 

AU - 3.40*** 8.09*** 2.22*** 4.00*** 3.92*** 2.17*** 4.80*** 1.69** 4.49*** 

BR 7.39*** - 3.09*** 0.7 3.40*** 4.49*** 9.25*** 2.18*** 3.92*** 1.01 

CN 11.91*** 4.17*** - 3.54*** 5.49*** 2.61*** 5.69*** 10.49*** 11.91*** 4.17*** 

EG 4.06*** 2.09*** 3.54*** - 4.52*** 13.96*** 5.43*** 5.26*** 0.4 4.45*** 

FR 3.92*** 5.79*** 8.09*** 3.59*** - 3.40*** 3.17*** 3.61*** 3.92*** 5.79*** 

GB 5.79*** 8.33*** 4.80*** 6.25*** 3.40*** - 8.34*** 4.17*** 1.34* 5.11*** 

IL 3.30*** 7.46*** 1.98** 5.43*** 3.17*** 4.16*** - 2.14*** 2.81*** 4.94*** 

IN 1.77** 2.61*** 9.19*** 2.26*** 4.17*** 2.18*** 5.63*** - 1.77** 2.18*** 

JP 3.40*** 1.69** 4.80*** 0.24 0.7 6.55*** 2.14*** 3.09*** - 4.49*** 

US 4.49*** 6.55*** 10.45*** 1.63** 4.49*** 9.39*** 4.94*** 4.80*** 3.92*** - 

 

 

17Only in some 9 out of 45 cases (i.e. less than 20%) the difference in magnitude with respect to direction is found to be statistically not sig-
nificant. 
18Null hypothesis for WW test: spillover coefficients follow a random sequence. 
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Results of test of pattern hypothesis show that for the last 20 years’, barring a few cases19 the spillover of vo-
latility between international stock markets, in general, follow a definite pattern. Out of total 10 stock markets, 
Egypt and Japan display maximum inclination towards randomness (3 cases each), both as a source and as a sink; 
while markets like Australia, China, India, Israel and the UK show definite pattern in spillover with respect to all 
other markets both as a source and as a sink. In the case of developed markets, US, while acting as a source of 
spillover to other markets, display non-random characteristics with all the markets; same is the case as a sink of 
spillover except with markets like Brazil. Japan in general display definite pattern in spillover. Notable excep-
tions are there for markets like Egypt and France, when Japan is the source of spillover and with the market of 
Egypt, when Japan acts as sink. In case of developing markets, India and China assertively display non-ran- 
domness in volatility spillover with all markets. Brazil too displays similar characteristics. In case of Brazil, the 
exception is the market of Egypt, when Brazil plays the role of source. In the pacific region, Australia display 
non-random property for cross-market spillover with all the other markets. From Africa and Middle East, both 
Egypt and Israel in general show non-random property for stock market spillovers. In case of Egypt, the excep-
tion is the markets of Japan, when Egypt is the source of spillover; and the markets of Brazil, and Japan, when 
Egypt acts the sink. For Israel, there are no exceptions. Overall, the results indicate that there is conclusive evi-
dence (95%) of spillover of volatility between international stock markets follow a definite pattern. The results 
also imply that, in most cases, the transmission of volatility between stock markets is predictable. Unlike Li and 
Giles [22], we find significant bidirectional spillover of stock market volatility between the US market, the Jap-
anese and the Asian emerging markets. However, our observations coincide with Li and Giles [22] as we also 
find stronger and bidirectional spillovers between the US and the Asian stock markets during the Asian financial 
crisis. 

Table 6 shows the average spillover of each stock market with respect to world stock markets in last 20 years 
(1995-2014). It depicts the role of each stock market in the propagation of spillover and contagion. 

Although the above data show aggregate of aggregate statistics, it can be seen that 8 out of 10 world markets 
(almost 80%) distinctively behave as source and sink with respect to spillover of volatility. Notably, in case of 
developed markets, the US predictably acts more of a source than as sink of stock market spillover. Similar is 
the case with European markets (expect for UK). The pacific market, denoted by Australia, also shows general 
inclination towards being sink. In case of developing markets, China and India participate as more as sink than 
as source of spillover; while markets like Brazil act more as source than as sink of spillover.  

After establishing pattern in volatility transmission across international stock markets, we modeled the spil-
lover patterns using suitable theoretical distributions. A number of distributions were fitted against the spillover 
data pertaining to each pair of stock markets. The fitting of these distributions were tested using Kolmogrov- 
Smirnov (K-S) test statistic. The distribution which gave the least error was chosen as the best fit. Table 7 
presents the type of spillover distribution between various stock markets. The results obtained on spillover  

 
Table 6. The average spillover of each stock market with respect to world stock markets.                              

Sl. No. Countries Stock Market As Source As Sink Significance Difference 

1 Australia AORD 0.231 0.241 significant 

2 Brazil BVSP 0.227 0.212 significant 

3 China HSI 0.233 0.238 significant 

4 Egypt CCSI 0.232 0.203 significant 

5 France FCHI 0.281 0.346 significant 

6 India BSESN 0.225 0.241 significant 

7 Israel TA100 0.251 0.234 significant 

8 Japan N225 0.228 0.229  

9 UK FTSE 0.23 0.229  

10 US NYSE 0.241 0.227 significant 

 

 

19Only 5 out of total 90 pairwise cases (i.e. 5%) show that volatility spillover follow random distribution. 
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Table 7. Characterization of Volatility spillover between international stock markets.                                          

 AU BR CN EG FR GB IL IN JP US 

AU  Gamma Gen. Pareto Gamma Gen. Pareto Gamma Johnson-SB Gen. Pareto Dagum (4P) Johnson-SB 

BR Burr  Gen. Pareto Beta Johnson-SB Johnson-SB Gen. Pareto Johnson-SB Gen. Pareto Johnson-SB 

CN Beta Kumaraswamy  Kumaraswamy Gen. Pareto Beta Weibull (3P) Kumaraswamy Gen. Pareto Beta 

EG Log-Logistic 
(3P) Weibull(3P) Kumaraswamy  Burr Gen. Pareto Uniform Beta Gen. Pareto Beta 

FR Johnson-SB Johnson-SB Dagum (4P) Johnson-SB  Johnson-SB Johnson-SB GEV Beta Beta 

GB Dagum (4P) Gen. Pareto Johnson-SB Johnson-SB Johnson-SB  Weibull Kumaraswamy Gen. Pareto Gen. Pareto 

IL Johnson-SB Gen. Pareto Johnson-SB Johnson-SB Gen. Pareto Gen. Pareto  Uniform Hypersecant Beta 

IN Uniform Beta Gen. Pareto Error Gen. Pareto Johnson-SB Gen. Pareto  Beta Johnson-SB 

JP Gamma (3P) Johnson-SB Johnson-SB Kumaraswamy Beta Beta Dagum Johnson-SB  Johnson-SB 

US GEV Johnson-SB Johnson-SB GEV Johnson-SB Johnson-SB Dagum (4P) Gen. Pareto Gen. Pareto  

 
patterns that are prevailing for last 20 years (1995-2014). Appendix 3 gives a detail account of the spillover dis-
tribution types along with the K-S test statistics and their respective p-values, for a give pair of stock markets. 

4. Conclusion 
In this study, we empirically examine the nature and pattern of volatility transmissions across international stock 
markets over a span of last 20 years. Moreover, the study empirically tests whether the volatility transmissions 
across international stock markets are consistent over spatial and temporal dimensions especially in the wake of 
a financial crisis. The period of study covers both crisis and tranquil periods. The results of the study indicate 
that volatility spillover between all international stock markets is under the study happens at all time20 and there 
is a conclusive evidence that spillover of volatility between international stock markets is non-random (95% 
cases). Further, leverage effect plays a dominant role in spillover between international stock markets. Also, the 
results show that in roughly 8% cases, the contagion form of spillover is significantly distinct from the normal 
(or tranquil) form in terms of magnitude. Moreover, about 18% of cases show that changes in the direction of 
spillover between international stock markets are brought about by financial crisis. In addition, the results imply 
that the transmission of volatility between stock markets is predictable as they follow a definite pattern and 
hence is modeled using suitable theoretical distributions. The implication of this is immense. Characterizing the 
cross-market volatility pattern between various stock markets give us the opportunity to create international vo-
latility index (I-VIX). In addition, one may look into the possibility of creating synthetic assets with characteris-
tics similar to those of exchange traded funds (ETFs) but of international nature (I-ETFs). 
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Appendix 1 

Sl. No. Countries Stock Market GDP (Per Capita) Economic Status Domestic Market  
Capitalization 

Value of Share 
Traded 

 Africa & Middle East 
1 Egypt CCSI 3256 Developing 59.2 1.4 
2 Israel TA 33,250 (2011) Developing 161.9 5 
 Americas 
3 Brazil BVSP 11,340 Developing 1227.5 831.6 
4 US NYSE 51,749 Developed 14,085.9 12,383.1 
 Asia & Pacific 
5 China SSE 36,796 Developing 2831.9 1076.7 
6 India NSE 1489 Developing 1234.5 509.3 

7 Japan NIKKEI 46,720 Developed 3478.8 3214.1 

8 Australia AORD 67,556 Developed 1386.9 905.7 

 Europe 

9 France FCHI 39,772 Developed 1823.3 NA 

10 UK FTSE 39,093 Developed 3396.5 136.7 

The developed and developing categorization of countries is based on World Bank Classification (2013). GDP per capita values are at current prices 
in USD21. Domestic market capitalization and Value of shares traded are in annual figures in USD (billions) updated till Dec. 201322. 

Appendix 2 
Table A1. Result of test of pattern hypothesis.                                                                                               

 AU BR CN EG FR GB IL IN JP US 

AU - 0.03; 0.98 
45; (66%) 

0.04; 0.99 
49; (72%) 

0.04; 0.95 
21; (31%) 

0.03; 0.84 
46; (67%) 

0.03; 0.96 
46; (67%) 

0.04; 0.74 
32; (47%) 

0.04; 0.93 
45; (66%) 

0.03; 0.81 
41; (60%) 

0.03; 0.95 
47; (69%) 

BR 0.03; 0.61 
51; (74%) - 0.04; 0.81 

42; (61%) 
0.15; 0.9 
9; (14%) 

0.03; 0.88 
45; (66%) 

0.03; 0.99 
47; (69%) 

0.04; 0.79 
32; (47%) 

0.03; 0.96 
40; (58%) 

0.03; 0.99 
46; (67%) 

0.03; 0.93 
39; (57%) 

CN 0.03; 0.98 
52; (76%) 

0.03; 0.84 
44; (64%) - 0.03; 0.7 

12; (18%) 
0.03; 0.85 
46; (67%) 

0.03; 0.97 
41; (60%) 

0.03; 0.92 
27; (40%) 

0.03; 0.88 
51; (74%) 

0.03; 0.83 
52; (76%) 

0.03; 0.9 
44; (64%) 

EG 0.03; 0.9 
23; (34%) 

0.04; 0.43 
13; (19%) 

0.07; 0.97 
12; (18%) - 0.03; 0.72 

28; (41%) 
0.04; 0.94 
29; (43%) 

0.06; 0.62 
12; (18%) 

0.12; 0.8 
17; (25%) 

0.09; 0.73 
10; (15%) 

0.04; 0.78 
22; (32%) 

FR 0.03; 0.99 
46; (67%) 

0.03; 0.91 
49; (72%) 

0.03; 0.95 
49; (72%) 

0.04; 0.87 
27; (40%) - 0.04; 0.98 

45; (66%) 
0.03; 0.99 
35; (51%) 

0.03; 0.93 
43; (63%) 

0.03; 0.82 
46; (67%) 

0.03; 0.95 
49; (72%) 

GB 0.04; 0.68 
49; (72%) 

0.03; 0.87 
52; (76%) 

0.03; 0.79 
45; (66%) 

0.04; 0.97 
26; (38%) 

0.03; 0.92 
45; (66%) - 0.03; 0.94 

38; (56%) 
0.04; 0.86 
44; (64%) 

0.03; 0.67 
40; (58%) 

0.03; 0.81 
48; (70%) 

IL 0.03; 0.98 
34; (50%) 

0.03; 0.75 
31; (45%) 

0.03; 0.91 
23; (34%) 

0.05; 0.97 
12; (18%) 

0.03; 0.86 
35; (51%) 

0.04; 0.94 
34; (50%) - 0.03; 0.96 

25; (37%) 
0.03; 0.93 
26; (38%) 

0.03; 0.9 
33; (48%) 

IN 0.03; 0.67 
39; (57%) 

0.03; 0.89 
41; (60%) 

0.03; 0.99 
50; (73%) 

0.06; 0.95 
15; (22%) 

0.03; 0.59 
44; (64%) 

0.03; 0.81 
40; (58%) 

0.03; 0.96 
29; (43%) - 0.03; 0.71 

39; (57%) 
0.03; 0.83 
40; (58%) 

JP 0.03; 0.99 
45; (66%) 

0.03; 0.72 
41; (60%) 

0.03; 0.8 
45; (66%) 

0.04; 0.99 
9; (14%) 

0.03; 0.79 
38; (56%) 

0.04; 0.81 
50; (73%) 

0.03; 0.84 
25; (37%) 

0.03; 0.91 
42; (61%) - 0.03; 0.89 

47; (69%) 

US 0.03; 0.98 
47; (69%) 

0.03; 0.95 
50; (73%) 

0.03; 0.95 
51; (74%) 

0.03; 0.79 
19; (28%) 

0.03; 0.96 
47; (69%) 

0.03; 0.92 
53; (77%) 

0.04; 0.89 
33; (48%) 

0.03; 0.96 
45; (66%) 

0.03; 0.95 
46; (67%) - 

Notes: 1. Each of the spillover matrixes is a non-symmetric matrix. Mi, j ≠ Mj, i; where, first subscript denotes row and second subscript denotes col-
umn; 2. Each cell C{i, j} represents spillover from country i to j. Here, i = row, j = column; 3. Each cell represents four statistics: minimum, maxi-
mum, count and count (%) respectively, each separated by a semi-colon; 4. Each of these statistics is a measure aggregated over 77 period windows 
from year 1995-2014; 5. Each period window is a length one calendar year which slides after every quarter (i.e. three months calendar period); 6. All 
the statistics are an aggregate measure of spillover coefficient significant at 5% level; 7. The count estimate indicates the percentage of significant 
spillover values out of 77 periods; 8. All the values are approximated to two decimal places. The count values are approximated to nearest integer. 

 

 

21Source: http://data.worldbank.org/indicator/NY.GDP.PCAP.CD 
22Source: www.world-exchanges.org 

http://data.worldbank.org/indicator/NY.GDP.PCAP.CD
http://www.world-exchanges.org/
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Table A2. Result of test of pattern hypothesis.                                                                                                    

 AU BR CN EG FR GB IL IN JP US 

AU - 0.25 
(0.027) 

0.233 
(0.063) 

0.346 
(0.042) 

0.209 
(0.044) 

0.233 
(0.032) 

0.262 
(0.079) 

0.301 
(0.037) 

0.272 
(0.034) 

0.233 
(0.022) 

BR 0.23 
(0.031) - 0.282 

(0.034) 
0.449 

(0.057) 
0.141 

(0.063) 
0.201 

(0.033) 
0.252 

(0.055) 
0.24 

(0.042) 
0.257 

(0.044) 
0.264 

(0.042) 

CN 0.289 
(0.078) 

0.205 
(0.076) - 0.226 

(0.024) 
0.249 

(0.041) 
0.188 

(0.074) 
0.274 

(0.022) 
0.196 

(0.049) 
0.221 

(0.067) 
0.231 

(0.065) 

EG 0.311 
(0.068) 

0.162 
(0.05) 

0.366 
(0.022) - 0.214 

(0.067) 
0.3 

(0.046) 
0.244 

(0.044) 
0.391 

(0.036) 
0.277 
(0.05) 

0.251 
(0.061) 

FR 0.251 
(0.05) 

0.245 
(0.04) 

0.241 
(0.051) 

0.269 
(0.031) - 0.278 

(0.072) 
0.229 

(0.034) 
0.178 

(0.021) 
0.218 

(0.046) 
0.233 
(0.06) 

GB 0.229 
(0.049) 

0.225 
(0.067) 

0.217 
(0.034) 

0.403 
(0.037) 

0.254 
(0.046) - 0.253 

(0.073) 
0.25 

(0.03) 
0.213 

(0.021) 
0.236 
(0.07) 

IL 0.275 
(0.032) 

0.225 
(0.053) 

0.22 
(0.051) 

0.361 
(0.052) 

0.315 
(0.051) 

0.244 
(0.05) - 0.306 

(0.064) 
0.313 

(0.073) 
0.241 

(0.075) 

IN 0.176 
(0.076) 

0.214 
(0.029) 

0.203 
(0.04) 

0.468 
(0.056) 

0.185 
(0.06) 

0.218 
(0.026) 

0.266 
(0.07) - 0.207 

(0.059) 
0.171 

(0.024) 

JP 0.245 
(0.024) 

0.222 
(0.076) 

0.231 
(0.023) 

0.331 
(0.027) 

0.199 
(0.072) 

0.222 
(0.043) 

0.243 
(0.027) 

0.251 
(0.028) - 0.279 

(0.051) 

US 0.249 
(0.071) 

0.246 
(0.043) 

0.268 
(0.022) 

0.263 
(0.059) 

0.228 
(0.061) 

0.255 
(0.021) 

0.193 
(0.023) 

0.228 
(0.035) 

0.228 
(0.022) - 

Notes: 1. Each of the spillover matrixes is a non-symmetric matrix. Mi, j ≠ Mj, i; where, first subscript denotes row and second subscript denotes column; 2. Each 
cell C{i, j} represents spillover from country i to j. Here, i = row, j = column; 3. Each cell represents two statistics: average spillover and standard deviation (in 
parenthesis), respectively; 4. Each of these statistics is a measure aggregated over 77 period windows from year 1995-2014; 5. Each period window is a length 
one calendar year which slides after every quarter (i.e. three months calendar period); 6. All the statistics are an aggregate measure of spillover coefficient 
significant at 5% level; 7. All the values are approximated to two/three decimal places. 

Appendix 3 
Table B1. Result of test of pattern hypothesis.                                                                                                      

 AU BR CN EG FR GB IL IN JP US 

AU  
Gamma 
0.086 

(0.863) 

Gen. Pareto 
0.056 

(0.996) 

Gamma 
0.086 

(0.863) 

Gen. Pareto 
0.059 

(0.993) 

Gamma 
0.069 

(0.971) 

Johnson-SB 
0.111 

(0.788) 

Gen. Pareto 
0.089 

(0.833) 

Dagum  
(4P) 

0.061 
(0.996) 

Johnson-SB 
0.078 

(0.917) 

BR 
Burr 
0.068 

(0.959) 
 

Gen. Pareto 
0.086 

(0.887) 

Beta 
0.126 

(0.995) 

Johnson-SB 
0.057 

(0.997) 

Johnson-SB 
0.068 
(0.97) 

Gen. Pareto 
0.084 

(0.965) 

Johnson-SB 
0.69 

(0.984) 

Gen.  
Pareto 
0.078 

(0.922) 

Johnson-SB 
0.552 

(0.999) 

CN 
Beta 
0.064  

(0.972) 

Kumaraswamy 
0.071 

(0.967) 
 

Kumaraswamy 
0.086 

(0.999) 

Gen. Pareto 
0.071 

(0.961) 

Beta 
0.089 

(0.868) 

Weibull (3P) 
0.083 

(0.985) 

Kumaraswamy 
0.699 
(0.95) 

Gen.  
Pareto 
0.086 

(0.801) 

Beta 
0.056 

(0.998) 

EG 

Log-Logistic  
(3P) 

0.104  
(0.943) 

Weibull (3P) 
0.114 (0.989) 

Kumaraswamy 
0.118 

(0.989) 
 

Burr 
0.071 

(0.997) 

Gen. Pareto 
0.079 

(0.985) 

Uniform 
0.153 

(0.903) 

Beta 
0.121 
(0.94) 

Gen.  
Pareto 
0.124 

(0.993) 

Beta 
0.107 

(0.941) 

FR 
Johnson-SB 

0.055  
(0.998) 

Johnson-SB 
0.075 (0.928) 

Dagum(4P) 
0.069 

(0.962) 

Johnson-SB 
0.111 

(0.861) 
 

Johnson-SB 
0.078 

(0.926) 

Johnson-SB 
0.064 (0.997) 

GEV 
0.073 

(0.964) 

Beta 
0.067 

(0.978) 

Beta 
0.084 

(0.849) 
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Table B2. Result of test of pattern hypothesis.                                                                                                     

 AU BR CN EG FR GB IL IN JP US 

GB 
Dagum (4P) 

0.085 
(0.842) 

Gen. Pareto 
0.075 
(0.91) 

Johnson-SB 
0.058 

(0.995) 

Johnson-SB 
0.059 

(0.999) 

Johnson-SB 
0.064 

(0.987) 
 

Weibull 
0.071 

(0.982) 

Kumaraswamy 
0.088(0.859) 

Gen. Pareto 
0.093 

(0.852) 

Gen. Pareto 
0.071 

(0.957) 

IL 
Johnson-SB 

0.085 
(0.949) 

Gen. Pareto 
0.073 

(0.993) 

Johnson-SB 
0.093 

(0.976) 

Johnson-SB 
0.087 

(0.999) 

Gen. Pareto 
0.069 

(0.992) 

Gen. Pareto 
0.085 

(0.951) 
 

Uniform 
0.117 

(0.845) 

Hypersecant 
0.092 

(0.965) 

Beta 
0.063 

(0.998) 

IN 
Uniform 

0.105 
(0.746) 

Beta 
0.069 

(0.983) 

Gen. Pareto 
0.083 

(0.857) 

Error 
0.119 

(0.965) 

Gen. Pareto 
0.059 

(0.995) 

Johnson-SB 
0.074 

(0.971) 

Gen. Pareto 
0.103 

(0.887) 
 

Beta 
0.085 

(0.922) 

Johnson-SB 
0.079 

(0.948) 

JP 
Gamma (3P) 

0.073 
(0.956) 

Johnson-SB 
0.069 

(0.982) 

Johnson-SB 
0.081 

(0.904) 

Kumaraswamy 
0.153 

(0.963) 

Beta 
0.079 

(0.956) 

Beta 
0.076 

(0.908) 

Dagum 
0.083 

(0.989) 

Johnson-SB 
0.099 

(0.761) 
 

Johnson-SB 
0.069 

(0.967) 

US 
GEV 
0.055 

(0.998) 

Johnson-SB 
0.076 

(0.917) 

Johnson-SB 
0.053 

(0.997) 

GEV 
0.093 

(0.992) 

Johnson-SB 
0.047 

(0.999) 

Johnson-SB 
0.059 

(0.985) 

Dagum (4P) 
0.08 

(0.972) 

Gen. Pareto 
0.058 

(0.996) 

Gen. Pareto 
0.064 

(0.984) 
 

Notes: 1. Each of the tables is a non-symmetric matrix. Mi, j ≠ Mj, i; where, first subscript denotes row and second subscript denotes column; 2. Each cell C{i, j} 
represents spillover from country i to j. Here, i = row, j = column; 3. Each cell represents three items: distribution type, Kolmogrov-Smirnov test statistic and 
p-value (in parenthesis), respectively; 4. Each of these statistics is a measure aggregated over 77 period windows from year 1995-2014; 5. Each period window 
is a length one calendar year which slides after every quarter (i.e. three months calendar period); 6. All the statistics are measured at 5% level of significance; 7. 
All the values are approximated to three decimal places. 
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