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Abstract

Literature has documented asymmetric nonlinear dependence and disappearing di-

versi�cation bene�t in developed stock markets. This leads to a harder time for interna-

tional diversi�cation. In this paper, we reexamine the co-movements/interdependence

of international stock markets from a new perspective. Speci�cally, we investigate the

inter- and intra- continents dependence of developed stock markets in order to identify

possibly further diversi�cation potential. To the best of our knowledge, this is the �rst

paper investigating dependence of international stock markets from the perspective of

continent level. We use the approach of vine copulas to study the dependence. The

advantage of vine copula approach is that it allows for high dimensions and is also

�exible in accommodation of di¤erent dependence structure in each pairs via a rich
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variety of bivariate copulas as its building blocks. We use weekly data from countries

in North America (US and Canada), Europe (UK, Germany, and France) and East

Asia (Japan, Korea, Hong Kong, and Singapore). The vine copula identi�ed overall

dependence structure of all pairs considered shows a weaker dependence across di¤er-

ent continents than within a continent. We also �nd that the dependence measured

by either the linear correlations or tail dependence is much lower across continents

than within the same continent. We further examine the change of dependence before

(period 1) and after the 2008 global �nancial crisis (period 2), though the dependence

has generally increased within the same continent in period 2 during and after the cri-

sis, the dependence across continents has only slightly increased in the second period,

which is specially so across Asia-Europe and across Asia-North America. Thus the

diversi�cation potential within a continent is disappearing but there exists signi�cant

intra- continents diversi�cation potential especially between Asia and other continents.

JEL classi�cation: C58, G11, G15, G32

Keywords: Vine copulas; Tail dependence; International �nancial markets; Inter-

continent; Intra- continents; Diversi�cation potential

1 Introduction

The dependence in international stock markets is important for risk management and in-

vestment bene�t across countries. Literature has documented that stock markets between

countries are becoming more and more correlated, for example, Chollete et al (2011) use

correlations and pair copula approach and �nd that stock market dependence has increased
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over time with asymmetric dependence or downside risk in Latin America, but less in the G5,

and very little in East Asia. Christo¤ersen et al. (2012) �nd that correlations have increased

markedly in both developed markets and emerging markets, but they are much lower in

emerging markets than in developing markets. The increasing dependence in international

stock markets implies a decreasing and disappearing diversi�cation potential. This leads to

a harder time for international diversi�cation.

In this paper, we reexamine the co-movements/interdependence of international stock

markets from a di¤erent perspective. Speci�cally, we investigate the inter- and intra- con-

tinents dependence of developed stock markets in order to identify possibly further diversi-

�cation potential. We would like to know if the diversi�cation potential across continents

and within a continent are also disappearing? To the best of our knowledge, this is the

�rst paper investigating dependence of international stock markets from the perspective of

continent level.

Di¤erent from most papers addressing the dependence in the recent years, we use a vine

copula approach to fully capture the dependence for multiple stock markets. Early literature

has used correlations to measure dependence, which ignores the nonlinear dependence and

extreme dependence and hence may over-estimate the diversi�cation potential. Recent years

has observed the widely use of copula approaches to capture the nonlinear structure of depen-

dence. Most copula approaches have been focused on pair copulas in the past. For instance,

Longin and Solnik (2001) use a Gumbel copula to study the dependence across international

equity markets. Jondeau and Rockinger (2006) use pair copulas for the dependence of the
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four major international stock markets. Rodriguez (2007) apply mixture copula models to

investigate the �nancial contagion in the East Asian stock markets and four Latin American

stock markets during crises. Patton (2006) analyzes asymmetric dependence of exchange

market with copulas. Ning(2010) examines nonlinear dependence between stock and foreign

exchange markets with pair copulas. More recently Ning et al (2015) apply pair copulas

to examine volatility clustering. Pair copulas are useful for two variables, but they cannot

measure dependence of more than two dimensions. For the dependence of many markets in

the world market, it is desirable to use an approach that can allow for multi-dimensional

dependence. As a result, multiple copula approach has been introduced. However, multiple

copulas force the same dependence structure for all pairs of variables, for instance, multiple

t copula, while for most data, dependence structure may be di¤erent for di¤erent pairs of

variables. Thus we need a more �exible copula approach, a vine copula approach, to allow

for both high dimensions and di¤erent dependence for di¤erent pairs.

The vine copula approach was �rst proposed by Aas et al (2009), which was inspired

by the work of Joe (1996) and Bedford and Cooke (2001, 2002). A vine copula provides

a �exible approach to investigate the dependence structure of international �nancial mar-

kets in multidimensions and at the same time to identify possible diversi�cation potential.

Further it can capture the structure of the dependence, both linear and nonlinear. Due to

its capability in modeling linkage of high dimensions, vine copula approach has been fast

developed and has been applied in �nance broadly. For example, Low et al (2013) use vine

copula in portfolio management. Weißand Supper (2013) employ vine copula for Value-at-
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Risk forecasting. Abbara(2014) assesses stock market dependence and contagion with vine

copulas. Brechmann et al (2014) model operational risk losses and its impact on total capital

requirements with vine copulas. Markwat (2014) examines the rise of global stock market

crash probabilities with vine copulas.

In this paper, we apply vine copulas to examine the inter- and intra- continents stock mar-

ket dependence for the following three continents: the north America (the US and Canada),

Europe (UK, Germany , and France ), and Asia (Japan, Korea, Hong Kong, and Singapore).

We use weekly data for the period from March 2001 to January 2016. Weekly data avoid

the problem of di¤erent time zone of di¤erent continents in daily data, and at the same time

are less aggregate and have more observations than the monthly data. We investigate the

two periods: the period before the 2008 global �nancial crisis and period during and after

the crisis.

Our major �ndings are as follows: First, the dependence within the continent of the

North America and Asia is fast increasing, while the dependence within the Europe has

been always high. This indicates that the potential for inter- continent risk diversi�cation in

the North America and Asia is diminishing, while inter-Europe risk diversi�cation keeps low.

Thus the bene�t of inter- continent diversi�cation is very limited. Second, the dependence

across di¤erent continents has increased only slightly, much less than that of within the

same continent. That is, though the potential for intra-continents risk diversi�cation has

also decreased but the decrease is much slower than that of inter- continents. Finally the

intra-continents dependence is much lower than that of inter- continent, indicating a much
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higher diversi�cation potential across continents than within a continent. This also indicates

a higher market integration within a continent than across di¤erent continents.

Our �ndings are important for risk management. Consistent with the �ndings in the

literature that diversi�cation is diminishing and very limited, especially within a continent,

our new �nding is that there still exists signi�cant diversi�cation potential across continents.

This provides substantial bene�ts to formulate portfolios across continents. Practically, the

diversi�cation is more useful across continents than within the same continent.

The paper is organized as follows. Section 2 presents the methodology used. Section 3

describes data and discusses empirical results. section 4 concludes.

2 The Methodology

2.1 Introduction to copula

A copula is a function that links together the marginal distributions into a joint distribution.

The marginal distributions in a copula are uniformly distributed on the interval [0,1]. The

most important result in copula theory is known as Sklar�s theorem. For simplicity, we

illustrate with the bivariate case �rst.

Sklar�s Theorem: Let FX1X2 be a joint distribution function with margins FX1(:) and

FX2(:). Then there exists a copula C(.) such that for all x1, x2 in R,

FX1X2(x1; x2; �x1 ; �x2 ; �c) = C(FX1(x1; �x1); FX2(x2; �x2); �c): (1)

If FX1(:) and FX2(:) are continuous, then C(:) is unique; otherwise, C(:) is uniquely deter-

6



mined on Range FX1�Range FX2. Conversely, if C(:) is a copula and FX1(:) and FX2(:) are

the marginal cumulative distribution functions, then the function FX1X2(:) de�ned by (1) is

a joint cumulative distribution function with margins FX1(:) and FX2(:). In our application,

X1 and X2 are the stock returns from di¤erent stock markets.

By Sklar�s theorem, a joint distribution can be decomposed into its univariate marginal

distributions, and a copula, which captures the dependence structure between the variables

X1and X2. As a result, copulas allow us to model the marginal distributions and the depen-

dence structure of multivariate random variables separately. In our application, this includes

a marginal model for the returns and a joint model for the dependence of returns.

Since copula is equivalent to the joint distribution, so it captures the complete relationship

between variables, while any correlations only give us a partial picture. Thus copulas allow

for any types of dependence structure, linear or nonlinear, symmetric or asymmetric. It

can also accommodate any types of the marginal distributions. This is very useful as stock

return data are usually skewed and fat tailed.

However, there are limitations for pair copulas and multivariate copulas in modeling

dependence of multiple variables. Pair copulas are limited to two variables, while we often

need to model much more than two variables. Multiple copulas force the same dependence

structure for all pairs of variables, while for most data, dependence structure may be di¤erent

for di¤erent pairs of variables. Therefore we need a copula model that allows for multiple

dimensions and the linkage of each other could be di¤erent in both structure and strength.

For this, we use vine copulas.
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2.2 Introduction to Vine copula

A vine copula is a multiple copula building up from a tree set of pair copulas. Thus they can

have high dimensions by extending the tree edges in the vine and at the same time allow for

�exible dependence structure for di¤erent pairs along the tree edges since there exists a rich

variety of bivariate copulas as building blocks of vine copulas.

A vine copula is a general name of multiple copulas building from pair copulas with

a tree structure. The idea of formulating high dimensional vine copula with pair copula

construction (PCC) was �rst proposed by Joe (1996). The properties of this type of vine

copula are examined by Bedford and Cooke (2001, 2002) and Kurowicka and Cooke (2006)

while the key inferential insights are provided in Aas et al. (2009).

Depending on how the nodes and edges in the tree of a vine copula are connected,

there are di¤erent types of vine copulas, namely C (canonical)-vine and D-vine. R-vine is a

special case of vine, and two special cases of R-vine, canonical (C-) and drawable (D-) vines,

are generally addressed in the literature. For a vector X containing n continuous random

variables X1; :::; Xn, the n-dimensional density f(x1; :::; xn) corresponding to an R-vine is

given by

"
nY
i=1

f(xi)

#
�
"
n�1Y
i=1

Y
e2Ei

cjekejde(F (jejde); F (kejde))
#

where F is the distribution function, f is the density function and c is the copula density

function. Speci�cally, cjekejde(F (jejde); F (kejde)) is the bivariate copula (also called pair-

copula) density corresponding to an arbitrary edge e in ith tree of the vine that connects
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two nodes j and k, Ei is the edges set in the ith tree, de is a sub-vector of X de�ned as de

= Aj
T
Ak where Aj and Ak are two sets of nodes in the �rst tree that are reachable by nodes

j and k, respectively, and je and ke are two random variables in X de�ned as je = Aj � de

and ke = Ak � de, respectively.

In a C-vine, each tree has a unique node that is connected to other edges. In a D-vine,

no node in any tree is connected to more than two edges. Thus when a particular variable

is known to be a key variable that governs interactions in the data set, using a c-vine is

more advantageous. The regular vines are a combination of both C-vine and D-vine for the

dependence across di¤erent variables. An example of a C-vine and D-vine is given in Figure

1 and a regular vine in Figure 2.

In addition to the theoretical foundation of choosing the appropriate vine copulas, we

can also design a selection criterion to technically choose the right vine. This can be done by

comparing the likelihood based criteria such as AIC and BIC of a set of competing models

and pick the one with the lowest modeling error. This of course will be computational

demanding as the estimation of vine copulas is by maximum pseudo- likelihood which involves

the estimation of many margins and many levels of trees in vine copulas.

In this paper, the structure of the vine copula is determined based on the sum of absolute

empirical Kendall�s Taus among all possible pairs (8 pairs for 9 variables in our empirical ap-

plication). For each level of trees, we choose the structure with the highest sum of Kendall�s

Tau. For each pair, to cover a large bandwidth of possible dependence structures, we ex-

amine the following 17 copulas: Elliptical (Gaussian and Student t) as well as Archimedean
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(Clayton, Gumbel, Frank, Joe, BB1, BB6, BB7 and BB8, and their survival ones) copulas.

The pair copula on each edge is determined based on the AIC criteria.

The Kendall�s � , for variables X1 and X2, is de�ned as the di¤erence between the

probability of the concordance and the probability of the discordance. Speci�cally, the

higher the � value, the stronger the dependence between X1 and X2. Let u =FX1(:) and

v = FX2(:), the relationship between Kendall�s � measure and copulas can be stated as:

� = 4

Z 1

0

Z 1

0

C(u; v)dC(u; v)� 1 (2)

From the above expression, we see that the Kendall�s � measure does not depend on the

marginal distributions.

Another informative dependence measure based on copulas is tail dependence, which is

used to measure co-movements of variables in extreme situations. Tail dependence measures

the probability that both variables are in their lower or upper joint tails. Intuitively, upper

(lower) tail dependence refers to the relative amount of mass in the upper (lower) quantile of

their joint distribution. Because tail dependence measures are derived from copula functions,

they possess all the desirable properties of copulas mentioned above. The lower (left) and

upper (right) tail dependence coe¢ cients are de�ned as

�l = lim
u�!0

Pr[FX2(x2) � ujFX1(x1) � u] = lim
u�!0

C(u; u)

u
; (3)

�r = lim
u�!1

Pr[FX2(x2) � ujFX1(x1) � u] = lim
u�!1

1� 2u+ C(u; u)
1� u ; (4)

where �l and �r 2 [0; 1]. If �l or �r are positive, X1 and X2 are said to be left (lower) or

right (upper) tail dependent; see Joe (1997) and Nelson (1999).
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Due to Sklar�s theorem, we can use a two-step maximum likelihood estimation method

(namely Canonical Maximum Likelihood, CML) for estimation. That is, to estimate the

marginal models in the �rst step, which involves a nonparametric estimation of the empirical

distribution function for the standardized residuals from the �ltered stock returns. We

�ltered the returns with skewed t AR(1)-GARCH(1,1) model to remove the serial correlations

and capture the skewness and fat tails. In the second step, given the estimated marginal

models, based on Aas et al. (2009) and Dissmann et al. (2013), we �rst jointly search for

an appropriate regular vine (R-vine) tree structure, pair-copula families and the parameter

values of the chosen pair-copula families. This is a sequential approach starting by identifying

the �rst tree, its pair-copula families and their parameter estimates. The speci�cation of the

second tree utilizes transformed variables which depend on the choices made in the �rst tree,

and so on until the last tree. For each tree selection, a maximum spanning tree algorithm is

used and edge weights are chosen appropriately to re�ect large dependencies, pair-copulas are

chosen independently using AIC, and the sequential estimation approach is used to estimate

the corresponding pair-copula parameters. Once an appropriate R-vine distribution is found,

maximum likelihood estimation method is used to jointly estimate all parameters, using the

sequential estimates as starting values.
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3 The data and empirical results

3.1 The Data

We examine the stock markets from three continents: US (SP500) and Canada (TSX) in

north America. UK(FTSE), Germany (DAX), and France (CAC) in Europe, and Japan

(Nikkei225), Korea (KOSPI), Hong Kong (HSI), and Singapore (STI) in Asia. All the stock

index data are from Bloomberg and all are in US$. We use weekly data for the period from

March 2001 to January 2016.

We separate the period into two periods: March 2001-November 2007 as the period

before the 2008 global �nancial crisis; December 2007-January 2016 as during and after the

crisis. The date to separate the crisis period comes from the NBER Business Cycle Dating

Committee posted at http://www.nber.org/cycles/main.html.

Table 1 summarizes the descriptive statistics for the return series. The returns are not

normal with negative skewness and large excess kurtosis, this makes it necessary to �lter the

returns with a skewed-t-AR(1)-GARCH.model. Period 2 has much larger negative skewness

(skews to the left) and higher kurtosis indicating higher risk in this period.

3.2 Results for the dependence structure

Figure 3 and Figure 4 provide the vine structure of the stock markets before and during-after

the 2008 �nancial crisis. For both periods, the identi�ed vine structure put pairs in the same

continents together, providing some evidence that pairs in the same continent is likely to
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be more dependent. This is especially so for the European and Asian pairs. Correlations

or pair copulas would not be able to show this structure. On the vine �gures, we also see

that copulas are di¤erent for di¤erent pairs, indicating di¤erent dependence structure for

di¤erent pairs.

3.2.1 Inter-continent dependence

Panel A Table 2 presents the dependence within each continent for the two periods. We

compare the two periods: period 1 (before the 2008 global �nancial crisis) and period 2

(during and after the crisis). For north America (the pair between the US and Canadian

stock markets), we �nd that (a) Kendall�s Tau has increased from 0.47 to 0.55. (b) The best

t copula changes from SBB1 to BB7. (c) Left tail dependence increased from 0.45 to 0.63,

right tail dependence increased from 0.04 to 0.59. (d) The asymmetry in the tail dependence

has decreased dramatically, indicating the two markets not only commove in the bad times,

but also in the good times after 2007.

For the European pairs, we observe (a) Kendall�s Tau has slightly increased for all pairs.

(b) The best t copulas keeps the same for the French-German pair (t copula) and French-

UK pair (BB1 copula), For the UK-German pair, the copula changes from BB1 to t copula,

which seems to give more evidence that the asymmetry in tail dependence is also decreased

in the Europe. (c) The left tail dependence is slightly decreased but is high in both periods,

while the right tail dependence is generally increased, leading to a decreased asymmetry in

tail dependence.
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For Asian countries, it is found that (a) Kendall�s Tau has generally increased. (b) For

the tail dependence, if we look at dependence among Korea-Hong Kong-Singapore, the left

tail dependence increased dramatically. The right tail dependence is generally very low

and increases slightly in the second period. (c) Unlike the north America and Europe, the

asymmetry (excluding Japanese pairs) in tail dependence is increased, giving the evidence

that Asian stock markets are commoving more and more in the bad times than in the good

times. (d) For the dependence between Japan and other Asian markets, the asymmetry

in the tail dependence is actually decreased, which is more consistent with the developed

markets in North America and Europe.

In summary, within each continent, Kendall�s Tau has generally increased. However, the

structure of dependence is changing di¤erently in di¤erent continents, with pairs in North

America, Europe, and Japanese-Asian have decreased asymmetry in tails, while for most

Asian pairs, the asymmetry is decreased. The left tail dependence is increased for North

American and Asian pairs, while for the European pairs, they are slightly decreased or not

change. The right tail dependence is generally increased, though very low for the Asian

pairs. Thus in terms of risk diversi�cation, the potential for North America and Asian is

diminishing, while in Europe the potential keeps low. Further, it seems that all markets

co-move more during good times.

3.2.2 Intra- continents dependence

Panel B in Table 2 shows the dependence across continents.
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We compare the dependence of the two periods from period 1 (before the 2008 global

�nancial crisis) to period 2 (during and after the crisis). Across North America-Europe, we

�nd that (a) Kendall�s Tau has generally increased. (b) In most cases, both the left tail and

right tail dependence has increased. The asymmetry in tails do not change much except for

the US-UK pair from the strong asymmetric tail dependence to symmetric tail dependence.

Across North America and Asia, it is found that (a) Kendall�s Tau has generally increased.

(b) The left tail dependence has mostly increased while the right tail dependence has mostly

decreased to zero, leading to more asymmetry in tail dependence after the crisis.

Across Europe and Asia, we �nd that (a) Kendall�s Tau has generally increased. (b) Half

of the left ail dependence has decreased and half of it has increased, giving the evidence that

intra- continents diversi�cation potential could be increased for some pairs. (c) After crisis,

most pairs (except for the UK-Japan pair) are much more asymmetric than before.

3.2.3 Compare dependence within and across continents

Table 3 provides information on the dependence within and across continents. In summary,

we have the following �ndings: First, Kendall�s Taus are lower across continents (except

for the US-Canada pair comparing with its correlations with EU countries) than within a

continent, indicating generally a higher diversi�cation potential across continents. Second,

for the period before the crisis, most tail dependence across continents is lower than that

within a continent . For the period 2, all the tail dependence across the continents is lower

than those within a continent, indicating a larger potential of risk diversi�cation across
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continents than within a continent. Third, the intra- continents dependence across Asia

and the other two continents is much lower than that across North America and Europe,

indicating a higher diversi�cation potential with Asian markets. Finally, for most cases,

the asymmetry of inter- continent tail dependence has decreased while the asymmetry of

the intra- continents tail dependence has increased, which is mainly due to the decreasing

(disappearing of the right tail dependence, not the increase of the left tail dependence, leading

to an overall less dependence across continents.

4 Conclusion

In this paper, we examine the extreme dependence of international stock markets from

the perspective of within and across continents. We investigate the dependence using high

dimensional vine copula models. We use weekly returns on the stock indices from North

America, Europe and East Asia. We �nd the potential for inter- continent risk diversi�cation

in North America and Asia is diminishing, while inter-Europe risk diversi�cation keeps low.

Also markets move together more during good times. Meanwhile, though the potential for

intra-continents risk diversi�cation has also decreased but the decrease is much smaller than

that of inter- continent. Finally, the intra-continents diversi�cation potential is much higher

than that of inter-continent. Thus there still exists signi�cant diversi�cation bene�t across

continents.
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Table 1 Summary Statistics 

Panel A: Before the crisis (Dec. 2001-Nov. 2007) 

Variable Obs Mean StdDev Min Max Skewness Kurtosis 

US 
353 0.0490 2.1341 -12.3304 7.4923 -0.7450 7.1746 

Canada 
353 0.2726 2.2758 -7.0102 6.5554 -0.6542 3.5563 

UK 
353 0.1214 2.2056 -9.0251 11.3010 -0.2955 5.8509 

Germany 
353 0.2079 3.2329 -12.2976 12.9093 -0.4019 4.9078 

France 
353 0.1525 2.7064 -10.5049 11.0563 -0.4929 4.4947 

Japanese 
353 0.0610 2.9396 -10.2878 13.1995 -0.0354 4.1309 

Korea 
353 0.4204 3.9215 -15.0242 14.5087 -0.4628 4.2911 

Hongkong 
353 0.1785 2.7707 -8.9899 11.9123 0.0620 4.3628 

Singapore 
353 0.2137 2.7152 -13.3279 10.4796 -0.4503 5.5165 

 

Panel B: During and after the crisis (Dec. 2007-Jan. 2016) 

Variable Obs Mean StdDev Min Max Skewness Kurtosis 
US 422 0.0763 2.7601 -20.0838 11.3559 -0.9200 10.9646 
Canada 422 -0.0886 3.7444 -27.0046 16.3107 -1.2377 12.1702 
UK 422 -0.0863 3.5225 -27.9946 16.6450 -1.2999 14.2652 
Germany 422 0.0030 4.0185 -26.8414 15.2885 -0.9602 9.2681 
France 422 -0.1193 3.9876 -27.5448 13.7393 -1.0423 9.2094 
Japanese 422 0.0260 2.7551 -21.6497 8.4816 -1.3005 11.8985 
Korea 422 -0.0506 4.2484 -32.6355 22.4133 -1.2245 14.3742 
Hongkong 422 -0.0624 3.2872 -17.5900 11.3695 -0.3235 5.9372 
Singapore 422 -0.0409 3.1395 -18.8906 16.4845 -0.4164 10.3380 

 

 

 

 

 

 



Table 2 Dependence Structure 

Panel A: Within continents 

Asia: Period 1 Period 2 
Japan-Korea 0.39,SG,1.59,0,(0.45,0) 0.38,BB1,0.38,1.37,(0.26,0.34) 
Japan- HK 0.34,BB1,0.42,1.25,(0.27,0.26) 0.40,N,0.6,0,(0,0) 
Japan-Singapore 0.36,BB1,0.60,1.20,(0.38,0.22) 0.39,N,0.60,0,(0,0) 
Korea- HK 0.39,N,0.57,0,(0,0) 0.52,SBB1,0.21,1.86,(0.55,0.002) 
Korea-Singapore 0.39,SBB1,0.15,1.53,(0.43,0.001) 0.51,SBB1,0.17,1.88,(0.55,0.0005) 
HK -Singapore 0.49,t,0.69,10.66,(0.17,0.17) 0.54,BB1,0.75,1.54,(0.55,0.43) 
Europe: 

  UK-Germany 0.59,SBB1,0.37,2.06,(0.60,0.02) 0.65,t,0.85,15.71,(0.27,0.27) 
UK-France 0.67,BB1,1.02,1.94,(0.70,0.57) 0.68,BB1,0.87,2.1,(0.68,0.61) 
Germany-France 0.75,t,0.92,6.52,(0.59,0.59) 0.78,t,0.94,13.55,(0.51,0.51) 
North America (NA) 

  US-Canada 0.47,SBB1,0.34,1.59,(0.45,0.04) 0.55,BB7,2.03,1.50,(0.63,0.59) 
Panel B: Across continents 

NA-Asian Period 1 Period 2 
US-Japan 0.29,N,0.44,0,(0,0) 0.35,N,0.53,0,(0,0) 
US - Korea 0.33,F,3.30,0,(0,0) 0.36,SG,1.56,0,(0.44,0) 
US -HK 0.34,t,0.50,7.07,(0.14,0.14) 0.37,SG,1.58,0,(0.45,0) 
US-Singapore 0.32,SBB1,0.25,1.30,(0.30,0.03) 0.38,SBB1,0.14,1.53,(0.43,0.001) 
Canada-Japan 0.32,BB1,0.52,1.15,(0.31,0.17) 0.30,N,0.47,0,(0,0) 
Canada - Korea 0.34,SG,1.49,0,(0.41,0) 0.42,SBB1,0.15,1.60,(0.46,0.001) 
Canada -HK 0.30,BB7,1.23,0.64,(0.34,0.25) 0.41,SBB1,0.13,1.60,(0.46,0.0002) 
Canada-Singapore 0.32,BB7,1.26,0.73,(0.39,0.27) 0.44,SBB1,0.22,1.59,(0.46,0.007) 
NA-Europe 

  US-UK 0.52,SBB1,0.37,1.75,(0.51,0.04) 0.61,t,0.81,12.34,(0.26,0.26) 
US - Germany 0.58,N,0.78,0,(0,0) 0.55,BB1,0.64,1.68,(0.53,0.49) 
US -France 0.57,t,0.77,11.34,(0.23,0.23) 0.57,t,0.78,11.23,(0.24,0.24) 
Canada-UK 0.48,BB1,0.77,1.37,(0.52,0.34) 0.60,BB1,0.82,1.75,(0.62,0.51) 
Canada - Germany 0.47,N,0.68,0,(0,0) 0.50,BB1,0.62,1.56,(0.49,0.44) 
Canada -France 0.48,BB1,0.80,1.35,(0.52,0.33) 0.54,SBB1,0.38,1.84,(0.54,0.03) 
Europe-Asia 

  UK-Japan 0.31,BB1,0.37,1.22,(0.21,0.23) 0.35,N,0.54,0,(0,0) 
UK-Korea 0.32,SBB8,3.72,0.66,(0,0) 0.41,SBB1,0.20,1.56,(0.44,0.004) 
UK- HK 0.39,SBB1,0.25,1.44,(0.38,0.02) 0.44,BB1,0.65,1.32,(0.45,0.31) 
UK-Singapore 0.37,SBB7,1.75,0.43,(0.51,0.20) 0.45,SBB1,0.23,1.64,(0.47,0.01) 
Germany-Japan 0.35,SG,1.51,0,(0.42,0) 0.33,SBB1,0.17,1.38,(0.35,0.004) 
Germany-Korea 0.38,SBB8,3.61,0.75,(0,0) 0.37,SBB1,0.20,1.46,(0.39,0.007) 
Germany-Hongkong 0.37,t,0.55,8.23,(0.13,0.13) 0.39,SBB1,0.19,1.48,(0.40,0.005) 



Germany-Singapore 0.37,SBB7,1.60,0.48,(0.46,0.23) 0.40,SBB1,0.33,1.45,(0.39,0.05) 
France-Japan 0.33,t,0.50,8.49,(0.11,0.11) 0.34,SBB1,0.24,1.36,(0.33,0.02) 
France-Korea 0.33,SG,1.46,0,(0.39,0) 0.39,SBB1,0.19,1.52,(0.42,0.003) 
France- HK 0.37,SBB1,0.30,1.38,(0.34,0.04) 0.41,BB1,0.56,1.29,(0.38,0.29) 
France-Singapore 0.35,SBB7,1.62,0.47,(0.47,0.23) 0.42,SBB1,0.32,1.49,(0.41,0.04) 

 

Table 3 Dependence measures in two periods 

 
linear corr 1 linear corr 2 Lower tail P1 Lower Tail 2 Right tail 1 Right tail 2 

Within Asia 0.34-0.49 0.38-0.54 0.17-0.45 0.26-0.55 0-0.26 0-0.43 
 Asia-Europe 0.31-0.39 0.33-0.45 0-0.51 0-0.47 0-0.23 0-0.31 
Asia - NA 0.29-0.34 0.35-0.44 0-0.41 0-0.49 0-0.27 0-0.001 

       Within Europe 0.59-0.75 0.65-0.78 0.59-0.70 0.27-0.68 0.02-0.59 0.27-0.61 
 Europe - Asia 0.31-0.39 0.33-0.45 0-0.51 0-0.47 0-0.23 0-0.31 
Europe - NA 0.47-0.58 0.50-0.61 0-0.52 0.24-0.62 0-0.34 0.03-0.51 

       Within NA 0.47 0.55 0.45 0.63 0.04 0.59 
Asia - NA 0.29-0.34 0.35-0.44 0-0.41 0-0.49 0-0.27 0-0.001 
Europe - NA 0.47-0.58 0.50-0.61 0-0.52 0.24-0.62 0-0.34 0.03-0.51 

 


