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A B S T R A C T

We propose a new approach to the study of financial contagion and contagion channels in the forex market by
using a dynamic mixture copula-extreme value theory (DMC-EVT) model. This method allows us to elucidate the
complex and dynamic dependence between forex markets. By analyzing 39 currencies that are actively traded on
the forex market during the period 2005–2009, our empirical study shows that the DMC-EVT model outperforms
the alternative copula models. Furthermore, we confirm the existence of financial contagion in the forex market
during the 2007–2009 global financial crisis, and find that wealth constraints are the contagion channel during
the crisis. Our results provide important insights on portfolio and risk management.

1. Introduction

The past 30 years have been marked by several financial crises in
both developing and developed economies; these include the 1994 Mex-
ican peso collapse, the 1997 Asian financial crisis, and the 2007–2009
global financial crisis (GFC). A typical feature of these crises is that they
can spread rapidly from one market to another. This financial feature is
generally referred to as ‘financial contagion’, which is recognized as a
threat to economic stability. For instance, the GFC originated in the U.S.
subprime mortgage market, spread rapidly across global financial mar-
kets on an unprecedented scale, caused worldwide financial disasters,
and ultimately resulted in financial system collapse and social unrest
(Bekaert et al., 2014). This financial crisis, along with many others,
has motivated a large number of financial risk managers, international
investors, and scholars to investigate how and why financial contagion
occurs, and what actions can be taken to mitigate risk from the cri-
sis source country. Therefore, investigating financial contagion and its
mechanism is a core topic in the study of international finance.
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Financial contagion appears to prevail in financial markets (e.g.,
Kokholm, 2016; Alexakis and Pappas, 2018; Apergis et al., 2019;
Guidolin et al., 2019; Agosto et al., 2020), and a natural stream of
research focuses on the contagion mechanism of financial crises. By
understanding the contagion mechanism, investors and risk managers
can make appropriate decisions to hedge against market downturns
and mitigate risk from the source country. Contagion channels can
be roughly divided into two categories: fundamental-induced channels,
such as international trade and foreign direct investment (Calvo and
Reinhart, 1996); and investor-induced channels (Calvo and Mendoza,
2000). Financial contagion driven by economic fundamentals is called
‘shift contagion’ (Gravelle et al., 2006), and that induced by investors is
called ‘pure contagion’ (Gómez-Puig and Sosvilla-Rivero, 2016). Wealth
constraints and portfolio rebalancing behavior are the commonly rec-
ognized channels of investor-induced contagion (e.g., Kyle and Xiong,
2001; Kodres and Pritsker, 2002; Yuan, 2005), and have been exten-
sively studied in the stock market (e.g., Boyer et al., 2006; Petmezas
and Santamaria, 2014; Jayech, 2016; Horta et al., 2016). Boyer et al.
(2006) conclude that investor-induced contagion in the stock market
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is caused by wealth constraints across emerging market countries and
portfolio rebalancing behavior in developed countries.

Compared with other financial markets, the forex market has several
unique and important features that prompt the study of financial conta-
gion in that context. First, unlike other financial markets, the forex mar-
ket is non-centralized, with no central trading location, and traders can
find competing rates from dealers globally. Second, the forex market
operates 24 h a day, and tradings occur in a synchronous manner (Celık,
2012). As a result, the transmission mechanism of financial crises in the
forex market may differ from that in other financial markets. Third, the
forex market has the largest trading volume and liquidity among all
financial markets, so it can directly or indirectly influence other finan-
cial markets (Wang and Xie, 2016). Lastly, the forex market connects a
country’s economy and trade with those of other countries. All in all,
the forex market affects the balance of international payments and the
development of the domestic real economy, and thus it plays a vital role
in national security and social stability.

To our knowledge, the literature on financial contagion in the forex
market is relatively scarce. Celık (2012), Yang et al. (2016), Kilic (2017)
and Cubillos-Rocha et al. (2019) use different approaches to confirm the
existence of financial contagion in the forex market. By developing an
econometric methodology, Gravelle et al. (2006) find that fundamental-
induced contagion in the forex market exists, especially in European
countries. Wu et al. (2019) use the Google search volume index as a
proxy for investor attention, and show that investors induced the finan-
cial contagion in the forex market. However, the authors did not inves-
tigate whether the investor-induced contagion was caused by wealth
constraints or portfolio rebalancing behavior. This paper aims to fill
this gap by proposing a new approach using a dynamic mixture copula-
extreme value theory (DMC-EVT) model to systematically study finan-
cial contagion and its contagion channels in the forex market.

The literature contains various definitions of financial contagion
(see Gravelle et al., 2006; Davidson, 2020), of which the one pro-
posed by Forbes and Rigobon (2002) is the most popular. By their
definition, financial contagion is present if a statistically significant
increase is observed in cross-market correlation after the occurrence
of extreme shocks. Using this definition, many empirical methods have
been employed to identify the existence of financial contagion. How-
ever, correlation cannot capture the nonlinear dependence that is usu-
ally observed between markets. To overcome this, instead of correla-
tion, several recent studies have measured financial contagion based on
the dependence between financial markets (e.g., Luo et al., 2015; Zhang
and Liu, 2018; Niţoi and Pochea, 2020).

Copula models have been widely used to describe the dependence
between financial markets (e.g., Fonseca and Ignatieva, 2019; Fenech
and Vosgha, 2019; Ouyang and Zhang, 2020). With a copula model,
any multivariate distribution can be estimated by separately estimat-
ing the marginal distributions and the copula function. Copula mod-
els have also been used to study financial contagion (e.g., Hoesli and
Reka, 2015; Jayech, 2016; Zhang and Liu, 2018; Cubillos-Rocha et al.,
2019; Niţoi and Pochea, 2020). However, most copula models neglect
some aspects of the complex dependence between markets, such as non-
linearity, asymmetry, time-varying patterns, and upper- and lower-tail
dependence. For instance, the static mixture copula model (e.g., Horta
et al., 2016; Jayech, 2016) describes both upper- and lower-tail depen-
dence and allows them to be asymmetric, but it can’t describe the time-
varying patterns of the dependence. By adding a dynamic component to
the static mixture copula model to construct a dynamic mixture copula
(DMC) model, all types of complex dependence mentioned above could
be described.

To estimate the marginal distribution, generalized autoregressive
conditional heteroscedasticity (GARCH)-type models have commonly
been used (Jayech, 2016; Horta et al., 2016; Ji et al., 2018; Fenech
and Vosgha, 2019). One drawback of GARCH-type models is that they
can’t adequately approximate the tail behavior of the marginal distri-
bution, yet the tail behavior is essential in measuring financial conta-

gion. To address this issue, in addition to the GARCH model, the tail
of the marginal distribution can be modeled with EVT (Koliai, 2016;
Sahamkhadam et al., 2018). In light of this, we construct a DMC-EVT
model to describe the joint return distribution of the exchange rate in
different forex markets and further estimate the dependence coefficients
between those markets. The constructed DMC-EVT model captures the
complex tail dependence structure and allows us to precisely measure
financial contagion in return.

In this paper, we propose a new approach to investigate the exis-
tence of financial contagion and identify its contagion channels in the
forex market. The proposed approach consists of three steps. (1) The
DMC-EVT model is constructed to estimate the dependence coefficients
between forex markets and, based on the dependence coefficients, to
determine whether financial contagion exists in the forex market. (2)
If financial contagion exists, the econometric methodology proposed
by Gravelle et al. (2006) is adopted to identify whether the financial
contagion is induced by economic fundamentals or investors. (3) If the
financial contagion is investor induced, the DMC-EVT model is applied
again to identify whether the financial contagion is a result of wealth
constraints or portfolio rebalancing behavior.

We further apply the proposed approach in an empirical study. The
data in the study consist of 39 currencies in Europe, North America,
Latin America, South America, Asia, Africa, and Oceania. These curren-
cies are actively traded on the forex market and play an important role
in international portfolio allocation. Our empirical study shows that the
constructed DMC-EVT model outperforms the alternative copula mod-
els. Using the proposed approach, we confirm financial contagion from
the U.S. to a handful of countries in the forex market. Furthermore, we
conclude that the financial contagion in the forex market is induced by
investors. Moreover, in Step (3) of the proposed approach, the finan-
cial contagion is found to be caused by wealth constraints rather than
portfolio rebalancing behavior. These findings can help scholars, inter-
national investors, and financial risk managers better understand finan-
cial contagion and its mechanism. From a practitioner’s perspective,
our findings provide important insights and guidance for international
investors in the design of corresponding risk-hedging strategies, and
for financial risk managers, in the development of effective policies to
mitigate risk from the crisis source country.

The paper’s contributions are as follows. First, we propose a new
three-step approach with a DMC-EVT model to investigate financial
contagion and its channels in the forex market. The DMC model can
describe the complex dependence between different forex markets, and
EVT adequately models the tail behaviors of the marginal distribu-
tions. As a result, the constructed DMC-EVT model provides a more
precise way to quantitatively measure financial contagion. Our empiri-
cal study shows that the DMC-EVT model outperforms other models and
facilitates the detection of financial contagion. The contagion channel
can then be further identified using Step (2) and (3) of the proposed
approach, which therefore yields a reliable analysis of the transmission
mechanism of financial crises in the forex market. Notably, the pro-
posed approach is not restricted to studying financial contagion in the
forex market, but can also be applied to study financial crises in other
markets, such as the COVID-19 crisis in the stock market.

Second, this paper fills the gap in research on the transmission mech-
anism of financial crises in the forex market, which is of great impor-
tance due to the forex market’s unique and significant features. Third,
using the proposed approach, we empirically investigate financial con-
tagion in the forex market during the 2007–2009 global financial crisis.
Our results confirm the existence of financial contagion and identify
wealth constraints as the contagion channel. This in-depth examination
of the transmission mechanism of financial crises has great practical
importance for investors and risk managers seeking to make decisions
regarding portfolio selection and financial risk management.

The remainder of the paper is structured as follows. Section 2
describes the data set and summarizes its descriptive statistics. Section
3 introduces the test hypotheses and methodology. Section 4 reports the

402



H. Wang et al. Economic Modelling 94 (2021) 401–414

Table 1
39 countries and respective forex symbols.

Country Forex Country Forex Country Forex Country Forex

Panel A: Emerging markets
Argentina ARS China CNY Sri Lanka LKR Russia RUB
Brazil BRL India INR Taiwan, China TWD Slovakia SKK
Chile CLP Indonesia IDR Thailand THB Israel ILS
Colombia COP Malaysia MYR Czech Republic CZK Morocco MAD
Mexico MXN Pakistan PKR Greece GRD Turkey TRY
Peru PEN Philippines PHP Hungary HUF

Panel B: Developed markets
Australia AUD Singapore SGD France FRF Sweden SEK
Hong Kong HKD South Korea KRW Germany DEM Switzerland CHF
Japan JPY Belgium BEF Italy ITL United States USD
New Zealand NZD British GBP Spain ESP Canada CAD

empirical results and discusses their practical implications, and Section
5 concludes.

2. Data and its descriptive statistics

In this study, we focus on the financial contagion between the U.S.
and international forex markets. We choose daily exchange rates of 39
currencies against the gold ounce1 in Europe, North America, Latin
America, South America, Asia, Africa, and Oceania as our sample (as
shown in Table 1). These forex markets include major emerging and
developed markets and these 39 currencies are actively traded in global
forex markets. Therefore, the sample is considered to be a good repre-
sentation of the global forex markets.

The daily exchange rates are obtained from the Pacific Exchange
Rate Service (http://fx.sauder.ubc.ca/data.html). The sample period
begins on January 1, 2005 and ends on December 7, 2009.2 As sug-
gested by Horta et al. (2016), August 1, 2007, is used to divide the sam-
ple into two sub-samples: pre-crisis period data and crisis period data.
To avoid spurious dependence between forex markets, any observations
where data is missing for at least one market are excluded. The daily log
returns of the exchange rates are computed, namely, rt = ln(Pt∕Pt−1),
where Pt refers to the closing exchange rate of day t. For each forex
market, 1183 daily log return observations in the full sample period are
obtained, with 610 and 572 observations during the pre-crisis and crisis
periods, respectively.

The descriptive statistics of the 39 daily log return series each with
1183 observations are summarized in Table A1 in Appendix A. As
shown in Table A1, the sample means are all positive and small, with
the smallest one as 0.046% for CLP and the largest one as 0.141% for
ITL, and the sample standard deviations are also small ranging from
0.013 to 0.018. Moreover, the distributions of these daily log returns
are mostly negatively skewed except COP, MXN, PEN, MYR, and HKD,
which are positively skewed. The sample kurtosis is far larger than 3
for all daily log returns, which implies the fat tail of the return distri-
butions. The sample skewness and kurtosis indicate that the probability
distributions of all returns are asymmetric and leptokurtic, and the nor-
mality assumption seems to be violated. This conjecture is confirmed
by the results of Jarque-Bera test. That is, the returns of all considered
forex markets exhibit asymmetric phenomena and extreme behavior,
and the methods built upon normality assumption are not appropriate

1 Various currencies including the U.S. dollar are greatly affected by the GFC
and their values are unstable.

2 As Fitch cut the rating of the long-term Greek debt to BBB+ from A− on
December 8, 2009, bringing the rating of the Greek debt below A− for the first
time in 10 years, December 8, 2009, is considered as the starting date of the
sovereign debt crisis. Following Horta et al. (2016), we set December 7, 2009
as the end date for the GFC.

to describe the dependence between the sampled forex markets. From
the time series analysis perspective, the augmented Dickey–Fuller test
shows that the daily returns can be assumed as weakly stationary, and
the classical time series models can be applied directly. Based on the
Ljung-Box Q (LBQ) test of the returns, some of the daily log returns are
serially correlated. Furthermore, the ARCH test suggests that significant
heteroscedasticity exists in all series.

3. Methodology

To detect the existence of financial contagion and identify its
contagion channels in the forex market, we propose a three-step
approach with a DMC-EVT model and formulate the corresponding
three hypotheses. To quantitatively measure the financial contagion in
a precise way, we construct a DMC-EVT model to describe the complex
tail dependence including nonlinearity, asymmetry, and time-varying
patterns. Then, in Test 1 (Step (1)), the existence of financial conta-
gion is tested. If the existence of financial contagion is confirmed, in
Test 2 (Step (2)), we identify whether financial contagion is induced by
investors or economic fundamentals. Finally, in Test 3 (Step (3)), the
channel of investor-induced contagion is further distinguished between
wealth constraints and portfolio rebalancing behavior.

3.1. Dynamic mixture copula-EVT model

The copula is a function that contains all the information about the
dependence between random variables. It allows one to describe any
multivariate distribution with its marginal distributions and a copula
that describes the dependence structure between the random variables.
It is a flexible and effective tool to describe various patterns of depen-
dence structures and has been widely used to measure financial conta-
gion (e.g., Jayech, 2016; Cubillos-Rocha et al., 2019; Fenech and Vos-
gha, 2019). According to Sklar’s (1959) theorem, let Z1 and Z2 denote
two random variables with bivariate joint distribution function FZ1 ,Z2
and two continuous marginal distribution functions F1 and F2, then
there is a unique copula C: [0,1]2 → [0,1] such that

FZ1 ,Z2
(z1, z2) = C(F1(z1), F2(z2)). (1)

One advantage of the copula models is that they can describe the tail
dependence, which measures the probability that two variables exhibit
extremely small values or extremely large values together. The lower
tail dependence coefficient (𝜆L) and upper tail dependence coefficient
(𝜆U) are correspondingly defined as

𝜆L = lim
𝜀→0

P
[
Z1 < F−1

1 (𝜀)|Z2 < F−1
2 (𝜀)

]
= lim

𝜀→0
C(𝜀, 𝜀)

𝜀
, (2)

𝜆U = lim
𝜀→1

P
[
Z1 ≥ F−1

1 (𝜀)|Z2 ≥ F−1
2 (𝜀)

]
= lim

𝜀→1
1 − 2𝜀+ C(𝜀, 𝜀)

1 − 𝜀
, (3)
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where F−1
1 and F−1

2 are two marginal quantile functions and
𝜆L, 𝜆U ∈ [0,1]. 𝜆L being 0 and positive implies independence and
dependence of Z1 and Z2 in the lower tail, respectively. Larger 𝜆L sug-
gests stronger dependence. A similar statement holds for the depen-
dence in the upper tail based on the value of 𝜆U .

3.1.1. Marginal distribution modeling
The GARCH-type models are usually adopted to construct marginal

distributions (see Fenech and Vosgha, 2019; Ji et al., 2018). One draw-
back of the GARCH-type models is that they perform poorly in the tail
distribution modeling (Koliai, 2016; Sahamkhadam et al., 2018), while
the tail behavior is essential in measuring financial contagion. EVT is a
technique that focuses on the tail distribution. It can accurately describe
the tail behavior and is usually adopted to depict extreme risk. There-
fore, in this work, the GARCH-type models are combined with EVT to
construct the marginal distribution.

Suggested by Ji et al. (2018), the AR(1)-GJR(p, q) model with
skewed Student-t distribution is adopted to filter autocorrelation and
heteroscedasticity. Let rt and ht denote the return and conditional vari-
ance, respectively. The AR(1)-GJR(p, q) model is expressed as

rt = c0 + c1rt−1 + et , (4)

et =
√

ht𝜖t , (5)

ht = w +
p∑

i=1
𝛼ie2

t−i +
q∑

j=1
𝛽jht−j +

p∑
i=1

𝛾ie2
t−iI(et−i < 0), (6)

where et is the residual, and 𝜀t is the standardized residual following
the skewed Student-t distribution (see Ji et al., 2018 for details).

The peaks over threshold method (Koliai, 2016) of EVT is used
for tail distribution modeling. Specifically, the standardized residuals
below (above) the predefined threshold value 𝜇L (𝜇U), are fitted by the
generalized Pareto distribution. As for the interior part of the marginal
distribution, the standardized residuals between 𝜇L and 𝜇U are mod-
eled by the empirical distribution function. As a result, the complete
marginal distribution constructed by GARCH-EVT model can be writ-
ten as

F(𝜖) =

⎧⎪⎪⎨⎪⎪⎩

N𝜇L

N
(1 − 𝜉L

𝜖 − 𝜇L
𝛽L

)−1∕𝜉L , 𝜖 < 𝜇L,

F̂(𝜖), 𝜇L ≤ 𝜖 ≤ 𝜇U ,

1 −
N𝜇U

N
(1 + 𝜉U

𝜖 − 𝜇U
𝛽U

)−1∕𝜉U , 𝜖 > 𝜇U ,

(7)

where N𝜇L (N𝜇U) is the number of the standardized residuals above
(below) the threshold 𝜇L (𝜇U), N is the number of the standardized
residuals, 𝜉L (𝜉U) is the shape parameter of the lower (upper) tail, 𝛽L
(𝛽U) is the scale parameter of the lower (upper) tail, and F̂ is the empir-
ical distribution function.

3.1.2. Dynamic mixture copulas
In this study, the lower tail dependence and upper tail depen-

dence are the main measurements of financial contagion and conta-
gion channels. Therefore, the copula functions that describe both the
upper- and lower-tail dependence are preferred. The Gaussian, Student-
t, Clayton, and Gumbel are the commonly used single copulas, and
they can capture the overall dependence, symmetrical tail dependence,
lower tail dependence, and upper tail dependence, respectively. How-
ever, the lower and upper tail dependence often coexist between two
financial markets, and asymmetrical behavior is usually observed. To
accommodate this, four static mixture copulas, Clayton–Gumbel (CG),
Clayton–survival Clayton (CSC), Gumbel–survival Gumbel (GSG), and
Symmetric–Joe Clayton (SJC), have been constructed to measure tail
dependence (e.g., Jayech, 2016; Wang et al., 2018; Cubillos-Rocha et
al., 2019). They can capture both the upper- and lower-tail dependence

and allow them to be asymmetric. Liu et al. (2017) and Christensen et
al. (2019) show that, compared to single copulas, mixture copulas are
more flexible and performed better. However, it is worthwhile to note
that the dependence measured by these mixture copulas is assumed to
be static, while the real dependence between two financial markets is
dynamic and varies with the external market environment (Chiang et
al., 2015; Bernardi and Catania, 2018; Dark, 2018; Bu et al., 2019).

Dynamic copula models with different time-varying structures have
been developed to describe the dynamic dependence between finan-
cial markets (see Manner and Reznikova, 2012 for details). As sum-
marized in Manner and Reznikova (2012), the choice of copulas with
different time-varying modeling is a matter of taste and computational
capability of the software. As a compromise of estimation precision and
computation cost, we use Patton’s model (Patton, 2006) as the time-
varying modeling for the following reasons: (1) It has been widely used
to describe the dynamic dependence in financial markets (e.g., Dias and
Embrechts, 2012; Hoesli and Reka, 2015; Luo et al., 2015; Fenech and
Vosgha, 2019; Ji et al., 2019; Supper et al., 2020). (2) It is more flexible
to fit data compared to dynamic copulas that have some restrictions in
the dependence structure. For instance, semiparametric dynamic cop-
ula is more suitable for smoothly changing processes (Manner and
Reznikova, 2012). (3) It is easy to implement and does not require
heavy computation. Then, the Patton’s model is added to the previ-
ously mentioned four static mixture copulas to construct four dynamic
mixture copulas (DMCs), which are dynamic Clayton–Gumbel (DCG),
dynamic Clayton–survival Clayton (DCSC), dynamic Gumbel–survival
Gumbel (DGSG), and dynamic Symmetric–Joe Clayton (DSJC). The cop-
ula function C in Eq. (1) and the corresponding lower and upper tail
dependence coefficients regarding the four DMCs are detailed as fol-
lows.

(1) The CG copula is expressed as

CCG(u, v; kC, kG) = 𝜔CC(u, v; kC) + (1 − 𝜔)CG(u, v; kG), (8)

where 𝜔 is the weight parameter with 𝜔 ∈ [0,1], and CC and CG are
the Clayton copula and Gumbel copula, respectively.

Adding Patten’s model as the dynamic structure, the evolution pro-
cess of the dependence parameters kC and kG in Eq. (8) are defined as

kC
t =

(
w1 + 𝛽1kC

t−1 + 𝛼1 ·
1
10

10∑
i=1

|ut−i − vt−i|)2

, (9)

kG
t = 1 +

(
w2 + 𝛽2kG

t−1 + 𝛼2 ·
1
10

10∑
i=1

|ut−i − vt−i|)2

, (10)

where kC
t ∈ [0,+∞) and kG

t ∈ [1,+∞). The dependence coefficients of
the lower tail and upper tail at time t are correspondingly given by:
𝜆L

t = 𝜔 · 2−1∕kC
t , 𝜆U

t = (1 − 𝜔) · (2 − 21∕kG
t ).

(2) The CSC copula is expressed as

CCSC(u, v; kC, kSC) = 𝜔CC(u, v; kC) + (1 − 𝜔)CSC(u, v; kSC), (11)

where CC and CSC are the Clayton copula and survival Clayton copula,
respectively.

Adding Patten’s model as the dynamic structure, the evolution pro-
cess of the dependence parameters kC and kSC in Eq. (11) are defined
as

kC
t =

(
w1 + 𝛽1kC

t−1 + 𝛼1 ·
1
10

10∑
i=1

|ut−i − vt−i|)2

, (12)

kSC
t =

(
w2 + 𝛽2kSC

t−1 + 𝛼2 ·
1
10

10∑
i=1

|ut−i − vt−i|)2

, (13)

where kC
t ∈ [0, + ∞) and kSC

t ∈ [0 ,+ ∞). The dependence coefficients
of the lower and upper tails at time t are accordingly given by: 𝜆L

t =
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𝜔 · 2−1∕kC
t , 𝜆U

t = (1 − 𝜔) · 2−1∕kSC
t .

(3) The GSG copula is expressed as

CGSG(u, v; kSG, kG) = 𝜔CSG(u, v; kSG) + (1 − 𝜔)CG(u, v; kG), (14)

where CSG and CG are the survival Gumbel copula and Gumbel copula,
respectively.

Adding Patten’s model as the dynamic structure, the evolution pro-
cess of the dependence parameters kSG and kG in Eq. (14) are defined
as

kSG
t = 1 +

(
w1 + 𝛽1kSG

t−1 + 𝛼1 ·
1
10

10∑
i=1

|ut−i − vt−i|)2

, (15)

kG
t = 1 +

(
w2 + 𝛽2kG

t−1 + 𝛼2 ·
1
10

10∑
i=1

|ut−i − vt−i|)2

, (16)

where kSG
t ∈ [1, + ∞) and kG

t ∈ [1, + ∞). The dependence coefficients
of the lower and upper tails at time t are accordingly given by: 𝜆L

t =
𝜔 · (2 − 21∕kSG

t ), 𝜆U
t = (1 −𝜔) · (2 − 21∕kG

t ).

(4) The SJC copula is expressed as

CSJC(u, v;𝜆U , 𝜆L) = 𝜔CJC(u, v;𝜆U , 𝜆L)

+(1 − 𝜔)(CJC(1 − u,1 − v;𝜆U , 𝜆L) + u + v − 1), (17)

where CJC is the Joe Clayton copula.
Adding Patten’s model as the dynamic structure, the dynamic evolu-

tion equations of the tail dependence coefficients 𝜆U and 𝜆L in Eq. (17)
are accordingly specified as

𝜆U
t = ∧

(
w1 + 𝛽1𝜆

U
t−1 + 𝛼1 ·

1
10

10∑
i=1

|ut−i − vt−i|) , (18)

𝜆L
t = ∧

(
w2 + 𝛽2𝜆

L
t−1 + 𝛼2 ·

1
10

10∑
i=1

|ut−i − vt−i|) , (19)

where ∧(x) = (1 + ex)−1.

3.2. The three-step approach: test hypotheses on financial contagion and
contagion channels

Test 1 [Step (1)]: The goal of Test 1 is to test the existence of finan-
cial contagion between the USD and other forex markets. Compared to
the classical correlation, the lower tail dependence coefficient can bet-
ter account for the danger of extreme shocks (Luo et al., 2015). Thus, we
use the mean dependence coefficient of the lower tail calculated with
the DMC-EVT model as the measure of financial contagion. If financial
contagion exists between two forex markets, the mean dependence coef-
ficient of the lower tail between them should significantly increase in
crisis periods compared to tranquil periods. Therefore, the hypotheses
to test the existence of financial contagion can be formulated as

H0 ∶ 𝜆L
cri ≤ 𝜆L

p−cri against H1 ∶ 𝜆L
cri > 𝜆L

p−cri,

where 𝜆L
cri and 𝜆L

p−cri refer to the mean dependence coefficients of the
lower tail between forex markets during the crisis and pre-crisis periods,
respectively. The null hypothesis corresponds to no contagion and the
alternative hypothesis corresponds to contagion.

According to Choe et al. (2012) and Apergis et al. (2019), the
Fisher’s z-transformation is used to test the existence of financial conta-
gion. If there is no significant difference between the two dependence
coefficients, the z-statistic is approximately normal distribution. That
is, under the null hypothesis,

z = z1 − z2 ∼ N
(

0, 1
n1 − 3

+ 1
n2 − 3

)
, (20)

where z1 = 1
2 ln

1+𝜆L
cri

1−𝜆L
cri

, z2 = 1
2 ln

1+𝜆L
p−cri

1−𝜆L
p−cri

, n1 and n2 are the observations

of the sample during the pre-crisis and crisis periods, respectively.
Test 2 [Step (2)]: If the financial contagion between the USD and

other forex markets is confirmed, the next step is to study the finan-
cial contagion channels. The fundamental-induced contagion hypoth-
esis and the investor-induced contagion hypothesis have been widely
applied to explain financial contagion under various scenarios (e.g.,
Caroline and Beatrice, 2001; Kyle and Xiong, 2001; Kodres and Pritsker,
2002; Caramazza et al., 2004; Yuan, 2005). In particular, Gravelle et
al. (2006) and Wu et al. (2019) apply these two theories to explain the
financial contagion in the forex market. In Test 2, we follow the same
theory and assume the financial contagion is either fundamental-based
or investor-induced.

According to the econometric methodology proposed by Gravelle et
al. (2006), if the impact coefficients of common structure shocks during
the crisis period are proportional to those during the tranquil period,
the financial contagion is driven by economic fundamentals. Otherwise,
the financial contagion is induced by investors. The test statistic 𝜃 is
constructed as

𝜃 = max

{
𝜎cri

c1𝜎
p−cri
c2

𝜎p−cri
c1 𝜎cri

c2

,
𝜎p−cri

c1 𝜎cri
c2

𝜎cri
c1𝜎

p−cri
c2

}
, (21)

where 𝜎
p−cri
ci and 𝜎cri

ci are the impact coefficients of common structure
shocks for the USD (i = 1) and the other forex markets (i = 2)
during the pre-crisis and crisis periods, respectively (see Appendix B
for detailed calculations). Then, the hypotheses distinguishing investor-
induced channel and fundamental-induced channel can be formulated
as

H0 ∶ 𝜃 = 1 against H1 ∶ 𝜃 ≠ 1,

where the null hypothesis corresponds to investor-induced channel and
the alternative hypothesis corresponds to fundamental-induced chan-
nel. The statistic 𝜃 follows the 𝜒2(1) distribution under the null hypoth-
esis H0.

Test 3 [Step (3)]: If the financial contagion between forex markets
is induced by investors, we will further investigate whether the crisis
spread through portfolio rebalancing behavior or wealth constraints. As
suggested by Kyle and Xiong (2001), Kodres and Pritsker (2002), and
Jayech (2016), if the financial contagion is driven by investors’ wealth
constraints, the dependence in the lower tail should be stronger than
that in the upper tail during the financial crisis. Conversely, if the finan-
cial contagion is driven by portfolio rebalancing behavior, the lower tail
dependence should be weaker than the upper tail dependence. There-
fore, the hypotheses to distinguish the channel between portfolio rebal-
ancing behavior and wealth constraints can be formulated as

H0 ∶ 𝜆L
cri ≤ 𝜆U

cri against H1 ∶ 𝜆L
cri > 𝜆U

cri,

where 𝜆L
cri and 𝜆U

cri refer to the mean dependence coefficients of the
lower and upper tail between forex markets during the crisis period,
respectively. The null hypothesis corresponds to portfolio rebalancing
behavior and the alternative hypothesis corresponds to wealth con-
straints. Similarly to Test 1, the hypothesis is tested using the Fisher’s
z-transformation.

4. Empirical study

4.1. Dynamic mixture copula-EVT model estimation

The AR(1)-GJR(p, q) model is adopted to filter stylized facts such
as the fat tail behavior, autocorrelation, and heteroscedasticity. The
parameters of AR(1)-GJR(p, q)3 model are estimated using the maxi-

3 Due to space limitations, the parameter estimations of the corresponding
marginal model are not listed but are available upon request.
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mum likelihood estimation (MLE) method, and the values of p and q
are selected based on the Akaike information criteria (AIC). Specifi-
cally, the AR(1)-GJR(1, 2) model is selected to model the pre-crisis and
crisis period returns of SKK and HKD, the AR(1)-GJR(2, 2) model is
selected to model the pre-crisis and crisis period returns of HUF, MAD,
NZD, SGD, GBP, DEM, ESP, SEK, and USD, the AR(1)-GJR(3, 3) model
is selected to model the pre-crisis period return of CHF and crisis period
return of BEF, and the AR(1)-GJR(1, 1) model is selected to model the
rest of the returns. The LBQ test and ARCH test are performed on the
standardized residuals of all returns, and the test results are summa-
rized in Table A2 in Appendix A. As shown in Table A2, the p-values
of LBQ and ARCH tests are all larger than 1% for both the pre-crisis
and crisis period samples. This suggests that the autocorrelation and
heteroscedasticity in the standardized residuals are negligible and the
selected models are adequate.

As suggested by Koliai (2016), we use the 10% and 90% percentiles
of the standardized residuals as the lower tail threshold (𝜇L) and upper
tail threshold (𝜇U), respectively. Then, the lower and upper tails of the
marginal distributions are estimated with the generalized Pareto dis-
tribution, and the intermediate part of the marginal distributions are
constructed by the empirical distribution function. Since the marginal
distributions are required to be uniform(0, 1), the Kolmogorov-Smirnov
(K–S) test is conducted for all marginal distributions and the test results
are reported in Table A2 in Appendix A. As shown in Table A2, the
p-values of all K–S tests are far larger than 1%, from which we can
conclude that all marginal distributions are uniform (0, 1) at 1%
level. Therefore, the AR-GJR-EVT model can effectively approximate
the marginal distributions of the daily log returns and could be used in
DMCs to estimate the tail dependence coefficients.

For each pair of forex markets, the four DMCs (DCG, DCSC, DGSG,
DSJC) are estimated using the MLE method. According to AIC, the best
fitting copula is selected and the tail dependence coefficients between
the USD and other forex markets are estimated.4 The AIC values of
the four DMCs for the returns during the pre-crisis and crisis period
are listed in Table A3(a) and A4(a) in Appendix A, respectively. In
Table A3(a) and A4(a), the underlined number for each pair of forex
markets is the smallest AIC, and it corresponds to the best fitting DMC.
As shown in Table A3(a), for the pre-crisis period, 1 of 38 pairs of
returns is best explained by the DCG, 22 of 38 pairs are best explained
by the DGSG, and 15 of 38 pairs are best explained by the DSJC.
As shown in Table A4(a), for the crisis period, 1 of 38 pairs is best
explained by the DCSC, 36 of 38 pairs are best explained by the DGSG,
and 1 of 38 pairs is best explained by the DSJC.

4.2. Copula model comparisons

In this subsection, we compare the performance of the DMC-EVT
model with three other types of copula models (static mixture copula-
EVT model, dynamic mixture copula model, and static mixture copula
model). The static mixture copula-EVT model refers to the static mix-
ture copula model where the marginal distribution is estimated by the
AR-GJR-EVT model. The dynamic/static mixture copula model refers to
the dynamic/static mixture copula model where the marginal distribu-
tion is estimated by AR-GJR model.5 The AIC values of the four types of
copula models are summarized in Table A3 and A4 in Appendix A for
data during pre-crisis and crisis periods, respectively. In Table A3 and

4 Due to space limitations, parameter estimations and tail dependence coeffi-
cients of the selected copula are not listed, and they are available upon request.

5 Indeed, four types of single copula models (the dynamic and static single
copula-EVT models, the dynamic and static single copula models) are also com-
pared with the constructed DMC-EVT model, where the four commonly used
single copulas (Gaussian, Student-t, Clayton, and Gumbel) are used. The results
show that the constructed DMC-EVT model is superior to the four types of single
copula models. As space is limited, the AIC values of the single copula models
are not listed.

A4, the boldface number for each pair of forex markets is the smallest
AIC value, and it corresponds to the best fitting model. For the data dur-
ing the pre-crisis period, 18 of 38 pairs are best explained by the DMC-
EVT model, 14 of 38 pairs are best explained by the DMC model, 6 of
38 pairs are best explained by the static mixture copula-EVT model, and
none of 38 pairs is best explained by the static mixture copula model.
Turning to the data during the pre-crisis period, 28 of 38 pairs are best
explained by the DMC-EVT model, 3 of 38 pairs are best explained by
the DMC model, 7 of 38 pairs are best explained by the static mixture
copula-EVT model, and none of 38 pairs is best explained by the static
mixture copula model. In general, the constructed DMC-EVT model out-
performs the alternative copula models.

4.3. Analysis of financial contagion and contagion channels

4.3.1. Test 1 [Step (1)]: existence of financial contagion
The conclusions of Test 1 are summarized in Table 2. For the pairs

of the USD and 13 other forex markets (MXN, INR, CZK, RUB, SKK,
MAD, NZD, SGD, KRW, GBP, FRF, ESP, CHF), the mean dependence
coefficient of the lower tail during the crisis period is significantly larger
than that during the pre-crisis period. Specifically, 10 of the tests are
significant at the 1% confidence level, 1 of them is significant at the 5%
confidence level, and 2 of them are significant at the 10% confidence
level. With this being said, we can conclude that financial contagion
exists in these 13 forex markets, while there is not enough evidence
to confirm the existence of financial contagion in the other 25 forex
markets.

This finding is crucial for investors in the forex market to adjust
their risk hedging strategies accordingly. As the existence of the finan-
cial contagion could weaken the benefits of portfolio diversification,
the risk of portfolios containing foreign exchanges in the U.S. and other
contagious countries would increase during the crisis period if the port-
folios remain unchanged. Therefore, to reduce the risk of financial loss,
the investors, whose portfolios contain foreign exchanges in the U.S.
and other contagious countries, may want to change the components
or decrease the percentage of the foreign exchanges in the contagious
countries during the financial crisis. Alternatively, they can increase the
percentage of foreign exchanges that are not affected by the financial
crisis.

4.3.2. Test 2 [Step (2)]: investor-induced or fundamental-induced
channels

The conclusions of Test 2 discussed in Subsection 3.2 are reported
in Table 3. The test statistics 𝜃 for all pairs of forex markets are small
ranging from 1.002 to 1.283, and they are not significantly different
from 1 at the 10% significance level. This implies that the interde-
pendence between the USD and other contagious markets is relatively
stable before and during the GFC. Therefore, we can conclude that
the reaction of international investors to the shocks during the GFC
induced the financial contagion in these forex markets. For instance,
when international investors suffer losses from the crisis source coun-
try, they may sell assets in other countries possibly due to margin calls,
or the investors may rebalance their portfolios toward safe assets such
as government bonds. This finding aligns with the conclusion in Wu
et al. (2019) which supports that the financial contagion is induced by
investors.

The finding that the financial contagion in the forex markets is
induced by the investors has important implications for designing effec-
tive policies that would prevent or mitigate risk from the crisis source
country. As the market fluctuations due to investor-induced contagion
last just a few days (Yang et al., 2016), policy-makers should carry out
some short-term isolation policies such as capital controls or central
bank interventions, to isolate these contagious countries from the cri-
sis source country. Moreover, some short-term stabilizing policies such
as tighter monetary policy should be warranted during crisis periods.
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Table 2
Test results for the existence of financial contagion in the forex market.

Forex 𝜆L
p−cri 𝜆L

cri z Conclusion Forex 𝜆L
p−cri 𝜆L

cri z Conclusion

ARS 0.751 0.446 −8.464 N SKK 0.394 0.591 4.502∗∗∗ C
BRL 0.439 0.466 0.582 N ILS 0.493 0.531 0.877 N
CLP 0.522 0.377 −3.117 N MAD 0.162 0.632 9.957∗∗∗ C
COP 0.573 0.444 −2.993 N TRY 0.488 0.445 −0.958 N
MXN 0.507 0.622 2.894∗∗∗ C AUD 0.627 0.596 −0.856 N
PEN 0.421 0.441 0.423 N HKD 0.857 0.837 −1.203 N
CNY 0.857 0.839 −1.109 N JPY 0.451 0.454 0.070 N
INR 0.438 0.546 2.445∗∗∗ C NZD 0.319 0.590 5.944∗∗∗ C
IDR 0.518 0.475 −0.989 N SGD 0.464 0.529 1.478∗ C
MYR 0.851 0.486 −12.506 N KRW 0.391 0.456 1.372∗ C
PKR 0.864 0.445 −14.213 N BEF 0.673 0.678 0.154 N
PHP 0.615 0.414 −4.740 N GBP 0.427 0.528 2.252∗∗ C
LKR 0.854 0.394 −14.622 N FRF 0.423 0.678 6.408∗∗∗ C
TWD 0.470 0.444 −0.547 N DEM 0.673 0.677 0.123 N
THB 0.561 0.530 −0.759 N ITL 0.674 0.678 0.130 N
CZK 0.382 0.644 6.232∗∗∗ C ESP 0.420 0.678 6.470∗∗∗ C
GRD 0.674 0.678 0.130 N SEK 0.620 0.614 −0.161 N
HUF 0.593 0.539 −1.365 N CHF 0.477 0.678 5.246∗∗∗ C
RUB 0.441 0.614 4.147∗∗∗ C CAD 0.476 0.486 0.232 N

Notes: ∗∗∗, ∗∗, and ∗ correspondingly denote statistical significance at the 1%, 5%, and 10% levels. “C” means
that financial contagion is detected at the 10% level, while “N” indicates that financial contagion is not detected
at the 10% level.

Table 3
Results of Test 2 – Investor-induced or fundamental-induced?

Forex 𝜎p−cri
c1 𝜎p−cri

c2 𝜎cri
c1 𝜎cri

c2 𝜃 Conclusion

MXN 0.011 0.015 0.019 0.024 1.130 Investor-induced
INR 0.011 0.014 0.021 0.023 1.203 Investor-induced
CZK 0.010 0.013 0.021 0.023 1.169 Investor-induced
RUB 0.012 0.014 0.022 0.022 1.102 Investor-induced
SKK 0.012 0.012 0.023 0.023 1.048 Investor-induced
MAD 0.013 0.012 0.021 0.020 1.042 Investor-induced
NZD 0.012 0.010 0.023 0.025 1.283 Investor-induced
SGD 0.014 0.012 0.023 0.021 1.054 Investor-induced
KRW 0.011 0.013 0.021 0.027 1.071 Investor-induced
GBP 0.014 0.011 0.023 0.021 1.202 Investor-induced
FRF 0.013 0.012 0.022 0.020 1.002 Investor-induced
ESP 0.014 0.010 0.023 0.019 1.233 Investor-induced
CHF 0.011 0.012 0.023 0.022 1.143 Investor-induced

Table 4
Results of Test 3 – Wealth constraints or portfolio rebalancing?

Forex 𝜆U
p−cri 𝜆L

cri z Conclusion

MXN 0.197 0.622 8.909∗∗∗ Wealth constraints
INR 0.301 0.546 5.081∗∗∗ Wealth constraints
CZK 0.428 0.644 5.197∗∗∗ Wealth constraints
RUB 0.226 0.614 8.199∗∗∗ Wealth constraints
SKK 0.191 0.591 8.191∗∗∗ Wealth constraints
MAD 0.203 0.632 9.080∗∗∗ Wealth constraints
NZD 0.103 0.590 9.678∗∗∗ Wealth constraints
SGD 0.367 0.529 3.423∗∗∗ Wealth constraints
KRW 0.353 0.456 2.090∗∗ Wealth constraints
GBP 0.260 0.528 5.427∗∗∗ Wealth constraints
FRF 0.123 0.678 11.837∗∗∗ Wealth constraints
ESP 0.123 0.678 11.819∗∗∗ Wealth constraints
CHF 0.107 0.678 12.096∗∗∗ Wealth constraints

Note: ∗∗∗ and ∗∗ denote statistical significance at the 1% and
5% levels, respectively.

In this situation, the policies aimed at breaking market linkages are
unlikely to be successful.

4.3.3. Test 3 [Step (3)]: wealth constraints or portfolio rebalancing
Given that the financial contagion effect of the GFC in these forex

markets is induced by investors, we continue to investigate whether the
investor-induced contagion is driven by wealth constraints or portfolio
rebalancing behavior using Test 3 in Subsection 3.2. The conclusions of
Test 3 are listed in Table 4. For each pair of forex markets, the mean
dependence coefficient of the lower tail

(
𝜆L

cri
)

is greater than that of the
upper tail

(
𝜆U

p−cri
)

during the crisis period, and all observed z-statistic
values are larger than 1.645. As a result, we can conclude that the
dependence between these pairs of forex markets in the lower tail is
significantly stronger than that in the upper tail. Practically speaking,
this indicates that compared to the dependence between the forex mar-
kets when the currencies appreciate, the dependence is stronger when
the currencies depreciate. In this case, the crisis spreads through wealth
constraints instead of rebalancing behavior in the forex market.

To avoid financial contagion associated with wealth constraints,
international financial risk managers can provide timely support for
struggling financial institutions to reduce investors’ perceived risk. If
the crisis spreads to the government deficit level, seeking financial sup-
port from international institutions would be a good decision to limit
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financial contagion. However, imposing limits on capital movements
may not be effective to mitigate the effect of financial contagion, since
the crisis doesn’t spread through rebalancing behavior.

5. Conclusions

The financial contagion phenomenon recorded in the forex mar-
ket exhibits serious threats to economic stability. Therefore, investigat-
ing financial contagion and its mechanism in the forex market is cru-
cial for policy-makers, financial regulators, and international investors
to develop policies and to design strategies accordingly. We propose
a novel three-step approach with a DMC-EVT model to detect the
existence of financial contagion and to further study the financial
contagion channels in the forex market. The constructed DMC-EVT
model takes into account the complex dynamics between forex mar-
kets such as nonlinearity, asymmetry, time-varying patterns, and tail
dependence.

The empirical study shows that the constructed DMC-EVT model
outperforms the alternative copula models. That is, the constructed
DMC-EVT model measures the financial contagion between forex mar-
kets in a more precise way and the proposed approach would lead to a
more reliable analysis of financial contagion in the forex market. The
analysis results confirm the existence of the financial contagion in the
forex market from the U.S. to a handful of countries. This finding pro-
vides essential insights for investors to design risk hedging strategies in
the forex market. To reduce the risk of financial losses, investors should
decrease the percentages of the assets related to the USD and these
contagious forex markets, and increase that of the assets in other forex
markets which are not affected during the financial crises.

Furthermore, the contagion channels in the forex market are identi-
fied. It is found that the financial contagion was caused by wealth con-
straints during the GFC. To limit the contagion associated with wealth
constraints, the international financial risk managers could provide
timely support to the struggling financial institutions so as to reduce
investors’ perceived risk. Also, policy-makers and experts may reeval-
uate the global financial system regulation and take appropriate reac-

tions to limit the recession. Our findings shed light on the transmission
mechanism of the financial crisis in the forex market.

To summarize, the proposed three-step approach provides a reliable
tool to analyze the financial contagion in the forex market, and the con-
structed DMC-EVT model is an efficient statistical model to capture the
complex tail dependence such as nonlinearity, asymmetry, and time-
varying patterns. The proposed approach with the DMC-EVT model may
be applied to other research topics regarding financial contagion and
may even have broader applications in the field of financial risk man-
agement. For instance, the DMC-EVT model can be used to calculate
optimal portfolio weights or to measure the value at risk. As financial
crises spread across the entire financial system, the financial contagion
may occur in other financial markets such as the sovereign debt market,
the credit derivative market, and the energy market. A future research
direction could be to investigate the financial contagion phenomenon
and contagion mechanism in other financial markets during other finan-
cial crises.
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Appendix A. Additional tables

Table A1
Descriptive statistics of forex market returns.

Forex Mean(%) Std Skewness Kurtosis Jarque–Bera ADF LBQ ARCH

ARS 0.083 0.014 −0.256 5.955 443.373∗∗∗ −34.081∗∗∗ 1.993 97.536∗∗∗

BRL 0.104 0.015 −0.291 7.871 1185.982∗∗∗ −35.183∗∗∗ 8.860 133.171∗∗∗

CLP 0.046 0.018 −0.455 16.931 9606.676∗∗∗ −38.958∗∗∗ 33.507∗∗∗ 324.839∗∗∗

COP 0.073 0.015 0.114 8.736 1624.110∗∗∗ −35.175∗∗∗ 13.969∗∗ 219.711∗∗∗

MXN 0.072 0.016 0.030 7.765 1119.565∗∗∗ −35.700∗∗∗ 12.235∗∗ 215.938∗∗∗

PEN 0.093 0.016 0.049 12.219 4189.978∗∗∗ −35.323∗∗∗ 19.679∗∗∗ 357.607∗∗∗

CNY 0.072 0.015 −0.512 8.519 1553.185∗∗∗ −34.787∗∗∗ 3.197 122.451∗∗∗

INR 0.067 0.014 −0.242 5.935 436.256∗∗∗ −34.624∗∗∗ 2.610 96.623∗∗∗

IDR 0.089 0.015 −0.195 6.425 585.745∗∗∗ −35.422∗∗∗ 4.404 136.146∗∗∗

MYR 0.085 0.015 0.002 7.142 845.499∗∗∗ −36.492∗∗∗ 11.476∗∗ 95.647∗∗∗

PKR 0.074 0.014 −0.198 6.295 542.752∗∗∗ −35.409∗∗∗ 5.352 102.093∗∗∗

PHP 0.113 0.015 −0.034 5.535 316.950∗∗∗ −34.461∗∗∗ 3.226 106.625∗∗∗

LKR 0.067 0.015 −0.199 6.189 509.039∗∗∗ −35.730∗∗∗ 5.785 100.281∗∗∗

TWD 0.093 0.015 −0.204 5.857 410.516∗∗∗ −34.212∗∗∗ 2.016 90.718∗∗∗

THB 0.085 0.014 −0.234 5.944 438.025∗∗∗ −35.075∗∗∗ 5.897 98.704∗∗∗

CZK 0.069 0.015 −0.193 5.654 354.496∗∗∗ −34.563∗∗∗ 3.036 88.375∗∗∗

GRD 0.060 0.014 −0.546 9.141 1917.823∗∗∗ −36.923∗∗∗ 8.062 114.812∗∗∗

HUF 0.074 0.013 −0.366 7.768 1146.839∗∗∗ −36.765∗∗∗ 9.047 140.073∗∗∗

RUB 0.082 0.016 −0.325 10.847 3056.234∗∗∗ −37.464∗∗∗ 13.371∗∗ 204.595∗∗∗

SKK 0.090 0.014 −0.131 6.915 759.015∗∗∗ −34.873∗∗∗ 3.399 101.849∗∗∗

ILS 0.053 0.013 −0.405 8.479 1512.087∗∗∗ −37.123∗∗∗ 11.651∗∗ 133.120∗∗∗

MAD 0.071 0.015 −0.134 6.142 490.132∗∗∗ −34.801∗∗∗ 3.243 102.727∗∗∗

TRY 0.104 0.016 −0.196 9.133 1861.762∗∗∗ −36.979∗∗∗ 17.551∗∗∗ 210.793∗∗∗

AUD 0.091 0.016 −0.155 8.839 1685.408∗∗∗ −36.647∗∗∗ 8.474 172.167∗∗∗

HKD 0.069 0.016 0.073 19.874 14035.836∗∗∗ −39.308∗∗∗ 65.613∗∗∗ 314.529∗∗∗

JPY 0.083 0.014 −0.256 5.954 443.055∗∗∗ −34.138∗∗∗ 1.959 97.393∗∗∗

NZD 0.071 0.015 −0.360 5.859 428.494∗∗∗ −34.373∗∗∗ 1.530 129.298∗∗∗

SGD 0.083 0.015 −0.025 10.547 2807.364∗∗∗ −36.556∗∗∗ 21.243∗∗∗ 240.715∗∗∗

KRW 0.069 0.014 −0.300 6.913 772.367∗∗∗ −35.497∗∗∗ 4.625 119.278∗∗∗

BEF 0.092 0.017 −0.759 14.713 6875.444∗∗∗ −34.408∗∗∗ 8.280 139.510∗∗∗

GBP 0.074 0.013 −0.366 7.766 1146.030∗∗∗ −36.764∗∗∗ 9.043 140.110∗∗∗

FRF 0.095 0.014 −0.322 7.965 1235.474∗∗∗ −35.426∗∗∗ 6.365 133.853∗∗∗

DEM 0.074 0.013 −0.366 7.767 1146.750∗∗∗ −36.764∗∗∗ 9.040 140.036∗∗∗

ITL 0.141 0.018 −0.030 19.790 13895.610∗∗∗ −33.941∗∗∗ 23.891∗∗∗ 413.061∗∗∗

ESP 0.074 0.013 −0.366 7.768 1146.898∗∗∗ −36.765∗∗∗ 9.045 140.069∗∗∗

SEK 0.074 0.013 −0.366 7.768 1147.000∗∗∗ −36.765∗∗∗ 9.045 140.055∗∗∗

CHF 0.086 0.014 −0.061 6.945 767.714∗∗∗ −36.220∗∗∗ 7.284 139.436∗∗∗

USD 0.072 0.013 −0.286 6.214 525.201∗∗∗ −35.989∗∗∗ 5.793 116.010∗∗∗

CAD 0.071 0.014 −0.299 8.052 1275.576∗∗∗ −36.685∗∗∗ 9.636∗ 117.870∗∗∗

Notes: Std stands for the standard deviation. ADF is the augmented Dickey–Fuller statistic used to test stationarity. LBQ is the
Ljung–Box Q statistic used to test autocorrelation at order five. ARCH is used to test heteroscedasticity at order five. ∗∗∗ , ∗∗ , and ∗

denote the statistical significance at the 1%, 5%, and 10% levels, respectively.
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Table A2
Diagnostic test results for standardized residual and K–S test results for marginal distribution.

Forex Panel A: Pre-crisis period Panel B: Crisis period

LBQ ARCH K–S LBQ ARCH K–S

ARS 0.732(0.981) 3.170(0.674) 0.027(0.762) 3.859(0.570) 2.334(0.801) 0.023(0.927)
BRL 0.590(0.988) 1.926(0.859) 0.024(0.851) 7.682(0.175) 2.932(0.710) 0.025(0.853)
CLP 2.612(0.760) 2.775(0.735) 0.030(0.623) 5.699(0.337) 1.918(0.860) 0.025(0.866)
COP 0.316(0.997) 3.100(0.685) 0.025(0.830) 5.245(0.387) 6.757(0.239) 0.025(0.867)
MXN 2.821(0.728) 4.495(0.481) 0.021(0.938) 3.958(0.555) 7.110(0.213) 0.023(0.924)
PEN 0.103(1.000) 1.172(0.948) 0.021(0.949) 5.181(0.394) 6.724(0.242) 0.023(0.927)
CNY 1.404(0.924) 4.735(0.449) 0.022(0.923) 3.135(0.679) 5.099(0.404) 0.024(0.877)
INR 0.674(0.984) 3.866(0.569) 0.022(0.917) 4.026(0.546) 1.752(0.882) 0.025(0.863)
IDR 1.187(0.946) 3.840(0.573) 0.022(0.928) 5.039(0.411) 6.155(0.291) 0.024(0.899)
MYR 1.666(0.893) 1.695(0.890) 0.026(0.790) 3.101(0.684) 4.335(0.502) 0.022(0.947)
PKR 0.606(0.998) 2.738(0.740) 0.023(0.894) 5.928(0.313) 2.207(0.820) 0.024(0.892)
PHP 0.800(0.977) 2.596(0.762) 0.023(0.904) 4.745(0.448) 3.377(0.642) 0.021(0.958)
LKR 0.228(0.999) 6.403(0.269) 0.019(0.978) 6.385(0.271) 1.175(0.947) 0.028(0.752)
TWD 0.497(0.992) 4.590(0.468) 0.023(0.893) 4.586(0.468) 3.121(0.681) 0.025(0.851)
THB 1.205(0.944) 4.879(0.431) 0.020(0.963) 6.602(0.252) 1.691(0.890) 0.021(0.964)
CZK 3.433(0.634) 7.462(0.189) 0.025(0.845) 2.865(0.721) 4.219(0.518) 0.022(0.937)
GRD 1.038(0.959) 11.064(0.050) 0.023(0.904) 6.564(0.255) 3.511(0.622) 0.021(0.966)
HUF 0.922(0.969) 9.211(0.101) 0.025(0.833) 4.906(0.427) 7.070(0.215) 0.030(0.687)
RUB 4.417(0.491) 8.606(0.126) 0.024(0.856) 8.105(0.151) 6.070(0.299) 0.024(0.897)
SKK 1.173(0.947) 10.514(0.062) 0.027(0.740) 4.235(0.516) 4.397(0.494) 0.022(0.945)
ILS 1.430(0.921) 8.978(0.110) 0.022(0.928) 5.001(0.416) 5.405(0.368) 0.023(0.903)
MAD 1.250(0.940) 9.551(0.089) 0.022(0.933) 6.109(0.296) 2.043(0.843) 0.023(0.919)
TRY 3.160(0.675) 5.897(0.316) 0.021(0.941) 3.482(0.626) 0.781(0.978) 0.024(0.887)
AUD 0.634(0.986) 2.104(0.835) 0.023(0.881) 2.997(0.700) 1.909(0.862) 0.022(0.939)
HKD 1.041(0.959) 10.304(0.067) 0.031(0.593) 5.303(0.380) 5.359(0.374) 0.023(0.920)
JPY 0.723(0.982) 3.115(0.682) 0.026(0.804) 3.802(0.578) 2.450(0.784) 0.022(0.944)
NZD 2.152(0.828) 7.678(0.175) 0.024(0.879) 3.782(0.581) 4.223(0.518) 0.022(0.931)
SGD 0.719(0.982) 10.225(0.069) 0.021(0.948) 3.309(0.652) 9.775(0.082) 0.024(0.880)
KRW 0.478(0.993) 5.785(0.328) 0.023(0.891) 4.209(0.520) 3.436(0.633) 0.023(0.912)
BEF 1.012(0.962) 3.101(0.684) 0.023(0.909) 4.383(0.496) 3.961(0.555) 0.022(0.936)
GBP 0.900(0.970) 9.142(0.104) 0.026(0.786) 4.909(0.427) 7.075(0.215) 0.030(0.681)
FRF 3.249(0.662) 8.633(0.125) 0.022(0.930) 6.567(0.255) 5.317(0.378) 0.024(0.890)
DEM 0.911(0.969) 9.181(0.102) 0.025(0.822) 4.912(0.427) 7.067(0.216) 0.030(0.685)
ITL 5.165(0.396) 1.691(0.890) 0.022(0.910) 5.732(0.333) 5.693(0.337) 0.022(0.938)
ESP 0.919(0.969) 9.203(0.101) 0.025(0.830) 4.906(0.427) 7.070(0.215) 0.030(0.686)
SEK 0.917(0.969) 9.208(0.101) 0.025(0.824) 4.909(0.427) 7.066(0.216) 0.030(0.684)
CHF 1.497(0.913) 9.798(0.081) 0.025(0.815) 2.130(0.831) 6.225(0.285) 0.022(0.929)
USD 2.626(0.757) 9.928(0.077) 0.024(0.860) 3.117(0.682) 5.407(0.368) 0.022(0.943)
CAD 1.887(0.865) 10.515(0.062) 0.029(0.662) 4.987(0.417) 3.808(0.577) 0.029(0.719)

Note: The p-values for LBQ, ARCH, and K–S tests are listed in the parentheses.
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Table A3
AIC values of mixture copula models during the pre-crisis period.

Forex (a) Dynamic mixture copula-EVT model (b) Static mixture copula-EVT model

DCG DCSC DGSG DSJC CG CSC GSG DSJC

ARS −1529.32 −1218.90 −2022.22 −1715.99 −1894.21 −1842.88 −1902.47 −1690.81
BRL −636.61 −595.40 −650.06 −629.31 −538.01 −521.84 −551.89 −534.85
CLP −979.62 −932.75 −1028.13 −1003.67 −886.33 −857.67 −903.66 −889.36
COP −1020.20 −953.48 −1145.25 −1062.65 −970.79 −960.63 −982.65 −899.12
MXN −1130.53 −1052.95 −1156.56 −1140.99 −1103.94 −1050.33 −1127.28 −1119.59
PEN −1365.67 −1219.34 −2647.41 −1946.11 −2434.05 −2358.00 −2492.90 −1892.18
CNY −1453.67 −1115.29 −1701.88 −1834.87 −3231.14 −3100.32 −3255.42 −2089.60
INR −1407.80 −1226.80 −1605.73 −1459.57 −1638.68 −1607.61 −1641.06 −1549.38
IDR −843.85 −824.42 −885.82 −846.64 −823.84 −795.63 −824.34 −787.71
MYR −1478.07 −1117.60 −1650.49 −1694.87 −2360.14 −2281.69 −2440.27 −1882.80
PKR −1446.19 −1284.42 −1552.83 −1675.16 −2250.58 −2215.31 −2328.02 −1878.51
PHP −1241.87 −1226.84 −1535.42 −1414.08 −1412.46 −1367.21 −1447.21 −1411.98
LKR −1439.30 −1277.65 −1690.89 −1904.04 −2337.28 −2245.18 −2379.85 −1905.32
TWD −1367.53 −1608.57 −1694.58 −1417.61 −1555.66 −1513.02 −1586.84 −1498.98
THB −1205.42 −1030.97 −1231.36 −1105.27 −1062.26 −1030.24 −1085.66 −971.02
CZK −759.71 −697.54 −780.85 −777.69 −649.58 −636.39 −662.43 −675.42
GRD −874.07 −768.03 −880.37 −900.29 −787.10 −750.66 −813.04 −792.94
HUF −524.49 −503.73 −540.14 −565.33 −478.84 −460.12 −495.76 −513.14
RUB −1485.10 −1317.85 −1787.59 −1707.51 −1823.52 −1760.14 −1872.19 −1716.00
SKK −674.52 −642.43 −691.64 −697.43 −570.63 −553.15 −602.73 −586.64
ILS −1332.79 −1137.28 −1338.66 −1235.99 −1234.76 −1195.13 −1257.87 −1172.53
MAD −1075.54 −936.64 −1071.07 −1041.45 −986.51 −929.80 −1014.41 −974.61
TRY −649.10 −644.49 −671.24 −636.82 −547.92 −536.12 −565.36 −530.41
AUD −763.09 −725.74 −777.57 −815.80 −678.61 −650.57 −695.18 −689.59
HKD −1300.62 −1062.39 −1568.82 −1874.37 −4288.62 −4032.13 −4401.92 −2135.44
JPY −839.93 −829.44 −913.56 −878.84 −827.90 −787.45 −847.57 −817.04
NZD −584.99 −550.91 −605.76 −621.24 −541.60 −522.62 −556.47 −550.81
SGD −1394.12 −1288.87 −1684.86 −1573.61 −1640.42 −1589.27 −1670.78 −1575.64
KRW −1153.87 −1104.58 −1268.61 −1194.26 −1151.40 −1112.93 −1168.42 −1120.71
BEF −874.76 −764.82 −884.27 −898.03 −787.14 −751.07 −813.00 −792.68
GBP −806.15 −767.50 −888.67 −874.26 −802.99 −755.77 −825.64 −796.61
FRF −849.80 −766.98 −899.28 −898.17 −787.00 −751.00 −812.78 −792.68
DEM −851.71 −765.00 −882.78 −898.06 −786.94 −750.90 −812.72 −792.66
ITL −874.10 −765.71 −880.34 −900.26 −787.11 −750.69 −813.05 −792.98
ESP −874.49 −754.79 −899.50 −900.31 −787.20 −751.22 −812.98 −792.85
SEK −648.89 −614.22 −659.84 −675.69 −597.37 −569.25 −610.63 −613.78
CHF −754.67 −677.11 −775.43 −757.81 −667.79 −644.72 −687.68 −684.72
CAD −934.04 −853.41 −981.96 −957.31 −896.46 −850.99 −910.05 −916.85

(c) Dynamic mixture copula-EVT model (d) Static mixture copula-EVT model

DCG DCSC DGSG DSJC DCG DCSC DGSG DSJC

ARS −1531.25 −1239.06 −1991.15 −1768.27 −1867.99 −1814.76 −1876.77 −1764.51
BRL −633.63 −618.59 −649.64 −641.88 −539.74 −527.87 −553.06 −548.07
CLP −902.80 −861.00 −1014.03 −1008.82 −881.75 −859.31 −899.87 −897.68
COP −1098.34 −960.66 −1133.35 −1068.95 −967.35 −957.75 −977.69 −916.37
MXN −1102.55 −1039.74 −1138.39 −1147.71 −1089.15 −1037.30 −1112.63 −1116.95
PEN −1405.50 −1251.03 −1649.66 −1729.57 −2401.62 −2316.86 −2440.98 −1973.29
CNY −1490.11 −1111.83 −1700.83 −1900.47 −3129.03 −2999.18 −3145.93 −2207.59
INR −1420.45 −1300.32 −1604.93 −1593.57 −1601.37 −1582.80 −1631.23 −1563.98
IDR −858.02 −809.46 −878.07 −858.50 −820.06 −798.84 −820.81 −802.25
MYR −1490.78 −1219.50 −1710.79 −1935.91 −2332.56 −2221.30 −2366.40 −1939.78
PKR −1470.82 −1247.73 −1559.03 −1709.44 −2222.73 −2190.07 −2298.68 −1944.61
PHP −1459.12 −1260.21 −1513.82 −1405.31 −1387.23 −1336.30 −1420.16 −1402.42
LKR −1464.32 −1302.82 −2492.55 −2019.78 −2316.69 −2252.64 −2359.85 −2031.86
TWD −1367.59 −1429.27 −1609.25 −1539.54 −1521.92 −1482.97 −1557.73 −1507.77
THB −1017.63 −1091.50 −1205.58 −1106.80 −1038.81 −1014.85 −1072.96 −983.79
CZK −746.99 −681.30 −769.95 −794.87 −650.32 −630.12 −657.08 −677.14
GRD −883.16 −834.89 −898.37 −917.86 −795.39 −760.20 −815.81 −810.51
HUF −519.58 −501.18 −535.21 −565.21 −473.97 −460.38 −489.26 −512.23
RUB −1504.68 −1373.41 −1791.82 −1769.81 −1818.25 −1740.27 −1858.17 −1765.64
SKK −661.01 −635.62 −676.74 −693.59 −571.86 −548.87 −590.55 −585.90
ILS −1304.68 −1142.22 −1325.54 −1261.49 −1224.62 −1177.26 −1247.08 −1189.55
MAD −1070.53 −948.99 −1079.12 −1064.77 −986.43 −928.21 −1006.66 −997.19
TRY −635.85 −626.74 −662.34 −647.84 −541.15 −531.55 −555.06 −537.33
AUD −701.28 −678.86 −772.72 −822.75 −679.77 −657.01 −696.73 −701.57

(continued on next page)
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Table A3 (continued)

(c) Dynamic mixture copula-EVT model (d) Static mixture copula-EVT model

DCG DCSC DGSG DSJC DCG DCSC DGSG DSJC

HKD −1297.68 −1070.45 −1557.79 −2032.09 −4251.17 −4124.59 −4358.08 −2295.49
JPY −884.16 −816.22 −908.50 −893.88 −823.10 −788.68 −843.14 −831.92
NZD −593.20 −564.12 −608.00 −627.66 −544.81 −524.59 −554.23 −559.24
SGD −1385.83 −1318.94 −1666.97 −1599.27 −1616.44 −1558.29 −1645.61 −1591.13
KRW −1098.52 −1100.20 −1262.70 −1205.72 −1139.53 −1109.07 −1168.41 −1131.85
BEF −880.46 −829.96 −895.80 −915.54 −793.01 −757.10 −814.30 −808.63
GBP −860.61 −781.40 −884.48 −901.20 −802.69 −761.53 −823.99 −820.11
FRF −875.62 −831.31 −895.43 −914.03 −792.60 −756.71 −814.03 −808.21
DEM −883.50 −834.79 −898.25 −917.81 −795.40 −760.18 −815.82 −810.50
ITL −883.89 −834.85 −898.69 −918.04 −795.53 −760.25 −815.92 −810.72
ESP −881.46 −830.74 −896.46 −915.23 −794.00 −758.16 −815.30 −809.16
SEK −635.44 −602.97 −647.16 −673.44 −587.16 −561.90 −598.96 −614.49
CHF −745.62 −683.91 −764.61 −797.90 −663.16 −642.06 −680.20 −691.66
CAD −933.25 −862.74 −985.91 −1002.52 −889.37 −855.94 −906.93 −922.97

Note: The underlined number for each pair of forex markets corresponds to the best fitting copula that is selected to estimate the
tail dependence, and the boldface number for each pair of forex markets corresponds to the best fitting copula model among the
four types of copula models.

Table A4
AIC values of mixture copula models during the crisis period.

Forex (a) Dynamic mixture copula-EVT model (b) Static mixture copula-EVT model

DCG DCSC DGSG DSJC CG CSC GSG DSJC

ARS −1366.00 −1210.95 −1681.10 −1559.19 −1675.74 −1627.11 −1715.08 −1568.20
BRL −488.76 −468.54 −505.40 −472.35 −456.68 −439.88 −473.65 −458.17
CLP −753.21 −737.70 −800.40 −754.09 −763.86 −726.70 −779.55 −730.83
COP −596.06 −585.13 −621.11 −589.36 −559.71 −545.72 −570.83 −536.87
MXN −888.25 −886.13 −975.51 −948.87 −869.21 −854.33 −896.09 −836.34
PEN −1291.20 −1139.82 −1454.45 −1357.62 −1455.86 −1415.92 −1482.15 −1352.83
CNY −1378.52 −1079.12 −1642.39 −1608.24 −3021.95 −2930.09 −3057.94 −1877.43
INR −1088.23 −969.87 −1139.47 −1039.49 −1076.26 −1020.16 −1099.04 −1001.66
IDR −995.44 −919.61 −1011.61 −899.53 −979.09 −943.47 −996.96 −934.66
MYR −1404.37 −1203.56 −1426.31 −1365.84 −1386.98 −1317.85 −1406.69 −1363.04
PKR −1307.28 −1129.96 −1505.76 −1379.14 −1493.19 −1468.67 −1566.72 −1376.14
PHP −1166.73 −1120.19 −1214.24 −1169.80 −1180.56 −1129.47 −1195.39 −1165.31
LKR −1882.83 −1048.52 −2826.89 −1547.36 −2798.94 −2687.65 −2828.59 −1797.93
TWD −1458.07 −1219.11 −1780.67 −1464.92 −1839.36 −1777.84 −1866.83 −1629.26
THB −1333.28 −1237.56 −1759.71 −1445.02 −1545.69 −1486.26 −1586.21 −1420.41
CZK −497.68 −485.66 −506.42 −443.71 −485.07 −473.09 −494.58 −482.35
GRD −822.46 −798.89 −842.30 −813.69 −806.61 −787.05 −827.35 −801.38
HUF −370.09 −357.11 −379.78 −363.08 −345.52 −341.06 −354.96 −342.92
RUB −996.10 −951.15 −1162.25 −1086.10 −1010.37 −983.98 −1005.58 −930.98
SKK −705.57 −680.80 −725.93 −700.44 −696.57 −675.14 −716.00 −693.98
ILS −850.82 −824.16 −860.37 −825.14 −831.48 −806.73 −844.21 −805.56
MAD −1005.39 −945.55 −1054.25 −994.19 −1014.83 −983.33 −1038.34 −991.58
TRY −528.13 −509.45 −542.86 −516.71 −513.90 −497.58 −526.67 −500.71
AUD −409.91 −400.92 −418.91 −402.28 −383.85 −376.12 −396.98 −383.92
HKD −1247.37 −1041.76 −1452.62 −1615.05 −4110.32 −3890.92 −4264.17 −1907.25
JPY −726.23 −697.69 −742.10 −722.78 −719.24 −683.50 −732.87 −700.82
NZD −358.49 −345.85 −372.42 −364.11 −343.59 −334.78 −355.75 −346.85
SGD −1274.61 −1490.46 −1588.15 −1479.51 −1546.99 −1480.30 −1579.88 −1480.81
KRW −727.86 −774.73 −774.06 −713.77 −728.12 −713.53 −716.30 −642.20
BEF −822.43 −798.61 −842.33 −821.95 −806.66 −787.09 −827.41 −801.44
GBP −730.45 −698.03 −749.56 −711.85 −705.40 −677.57 −719.92 −680.75
FRF −822.53 −798.84 −842.44 −822.09 −806.69 −787.14 −827.49 −801.58
DEM −822.61 −775.07 −842.53 −822.09 −806.78 −787.22 −827.59 −801.68
ITL −822.48 −798.60 −842.31 −821.85 −806.63 −787.07 −827.37 −801.40
ESP −822.55 −798.71 −842.37 −817.04 −806.68 −787.12 −827.41 −801.43
SEK −499.63 −488.81 −518.47 −458.70 −453.12 −446.68 −463.42 −448.39
CHF −731.57 −714.16 −758.79 −736.03 −713.49 −697.33 −738.70 −719.33
CAD −601.53 −577.08 −618.99 −585.73 −569.45 −547.78 −587.63 −564.11

Forex (c) Dynamic mixture copula model (d) Static mixture copula model

DCG DCSC DGSG DSJC DCG DCSC DGSG DSJC

ARS −1345.36 −1203.99 −1656.73 −1594.47 −1661.03 −1608.20 −1696.40 −1591.68
BRL −483.98 −463.89 −501.50 −492.89 −455.36 −439.97 −468.94 −462.32
CLP −757.11 −734.20 −792.53 −759.52 −760.93 −720.84 −771.40 −735.57

(continued on next page)
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Table A4 (continued)

Forex (c) Dynamic mixture copula model (d) Static mixture copula model

DCG DCSC DGSG DSJC DCG DCSC DGSG DSJC

COP −584.86 −573.72 −620.24 −599.00 −557.41 −542.39 −566.24 −546.29
MXN −900.97 −864.53 −971.62 −948.43 −866.83 −846.70 −886.23 −845.66
PEN −1283.85 −1174.41 −1438.10 −1404.91 −1437.82 −1392.88 −1431.47 −1368.02
CNY −1433.55 −1078.15 −1593.68 −1799.51 −2995.61 −2895.34 −3016.05 −2104.38
INR −1112.25 −978.31 −1134.67 −1060.51 −1079.20 −1029.53 −1096.57 −1017.65
IDR −993.45 −939.79 −1006.72 −952.50 −976.64 −935.82 −990.22 −949.37
MYR −1382.27 −1219.50 −1406.63 −1363.33 −1364.46 −1304.41 −1387.95 −1360.67
PKR −1293.39 −1121.85 −1490.19 −1390.29 −1461.82 −1467.07 −1561.83 −1380.44
PHP −1186.03 −1095.94 −1205.47 −1181.98 −1167.51 −1124.16 −1186.58 −1169.21
LKR −1335.44 −1050.87 −1556.61 −1714.49 −2678.36 −2634.77 −2714.80 −1974.86
TWD −1478.90 −1259.22 −1736.47 −1692.23 −1842.18 −1787.77 −1854.91 −1692.97
THB −1337.08 −1207.62 −1769.28 −1544.64 −1546.47 −1485.97 −1581.00 −1433.74
CZK −496.00 −487.44 −503.03 −446.51 −484.61 −474.62 −491.71 −487.47
GRD −800.39 −785.83 −829.78 −818.61 −791.53 −774.15 −816.58 −803.40
HUF −368.54 −362.76 −378.40 −368.96 −344.21 −339.24 −350.44 −345.62
RUB −990.34 −947.79 −1146.87 −1096.31 −993.20 −964.84 −1022.12 −949.50
SKK −696.87 −677.53 −718.20 −706.34 −688.24 −670.86 −708.42 −696.03
ILS −843.46 −819.02 −860.35 −839.35 −827.45 −803.64 −840.95 −821.93
MAD −997.48 −947.90 −1047.02 −1013.55 −1005.63 −974.51 −1030.39 −1001.38
TRY −531.36 −513.75 −538.95 −528.31 −516.06 −500.48 −522.67 −509.79
AUD −402.40 −382.72 −411.12 −402.82 −376.61 −368.91 −389.32 −383.26
HKD −1210.17 −1018.86 −1456.72 −1845.90 −4088.38 −3915.88 −4182.28 −2161.82
JPY −726.23 −700.30 −739.42 −737.40 −719.94 −688.74 −731.76 −724.16
NZD −358.67 −347.79 −369.01 −373.61 −341.74 −334.41 −351.21 −347.17
SGD −1542.42 −1309.82 −1572.24 −1512.59 −1534.86 −1463.67 −1567.86 −1506.32
KRW −718.79 −716.76 −788.58 −728.43 −717.99 −706.46 −726.27 −663.02
BEF −806.94 −785.91 −829.92 −818.87 −791.60 −774.21 −816.76 −803.50
GBP −728.22 −703.18 −748.01 −727.66 −703.24 −678.78 −717.07 −694.13
FRF −806.72 −785.80 −829.66 −816.86 −791.32 −773.98 −816.41 −803.17
DEM −806.80 −785.78 −829.79 −814.53 −791.39 −774.09 −816.46 −803.19
ITL −806.87 −785.84 −829.83 −820.69 −791.53 −774.16 −816.61 −803.42
ESP −806.71 −785.79 −829.78 −820.67 −791.42 −774.07 −816.57 −803.32
SEK −493.37 −482.56 −511.83 −504.81 −446.56 −440.85 −457.39 −448.07
CHF −724.43 −710.31 −750.81 −737.89 −706.93 −694.19 −731.88 −722.96
CAD −596.41 −572.84 −614.00 −589.41 −563.88 −542.69 −580.43 −568.24

Note: The underlined number for each pair of forex markets corresponds to the best fitting copula that is selected to estimate the
tail dependence, and the boldface number for each pair of forex markets corresponds to the best fitting copula model among the
four types of copula models.

Appendix B. Calculations of the impact coefficients

Let r1t and r2t denote the forex market returns in the crisis source country and contagious country, respectively. The returns can be decomposed
as

rit = 𝜇i + eit ,E(eit) = 0, i = 1,2, and E(e1t , e2t) ≠ 0, (22)

where 𝜇i is the expected return of the asset i, and eit is the forecast error. eit can be further decomposed as

eit = 𝜎citSct + 𝜎itSit , i = 1,2, (23)

where Sct and Sit represent common structure shocks and idiosyncratic structure shocks, respectively, and 𝜎cit and 𝜎it are the impact coefficients of
Sct and Sit , respectively. The variances of Sct and Sit are standardized to unity.

With Eq. (23), there are three moments corresponding to the forecast error variances and covariance, which are expressed as:

var(r1) = 𝜎2
c1 + 𝜎2

1 , (24)

var(r2) = 𝜎2
c2 + 𝜎2

2 , (25)

cov(r1, r2) = 𝜎c1𝜎c2. (26)

Furthermore, each type of structural shocks is assumed to switch between low volatility and high volatility regimes. Thus, the impact coefficients
of structural shocks in Eq. (23) can be expressed as:

𝜎cit = 𝜎ci(1 − Sct) + 𝜎∗
ciSct , i = 1,2, (27)

𝜎it = 𝜎i(1 − Sit) + 𝜎∗
i Sit , i = 1,2, (28)
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where the state variables Sjt = {0,1} with j = 1,2, c. The variables with an asterisk correspond to the higher volatility regime (i.e., |𝜎∗| > |𝜎|).
To allow for sudden jumps in which both common and idiosyncratic structure shocks move between the low volatility and high volatility states, the
volatility regimes are assumed to be Markov switching

pr[Sjt = 0|Sjt−1 = 0] = qj, (29)

pr[Sjt = 0|Sjt−1 = 1] = pj. (30)

Based on the high volatility regime for each structural shocks, another five moments are constructed as:

var(r1|Sc = 1) = 𝜎∗2
c1 + 𝜎2

1 , (31)

var(r2|Sc = 1) = 𝜎∗2
c2 + 𝜎2

2 , (32)

var(r1, r2|Sc = 1) = 𝜎∗
c1𝜎

∗
c2, (33)

var(r1|S1 = 1) = 𝜎2
c1 + 𝜎∗2

1 , (34)

var(r2|S2 = 1) = 𝜎2
c2 + 𝜎∗2

2 . (35)

Combining Eqs. (24)–(26) and Eqs. (31)–(35), one can solve for the eight impact coefficients of structure shocks in Eqs. (27) and (28).
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