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Abstract: The accuracy of contagion prediction has been one of the most widely investigated and
challenging problems in economic research. Much effort has been devoted to investigating the key
determinant of contagion and enhancing more powerful prediction models. In this study, we aim to
improve the prediction of the contagion effect from the US stock market to the international stock
markets by utilizing Google Trends as a new leading indicator for predicting contagion. To improve this
contagion prediction, the dynamic copula models are used to investigate the structure of dependence
between international markets and the US market, before, during, and after the occurrence of the US
financial crisis in 2008. We also incorporate the Google Trends data as the exogenous variables in the
time-varying copula equation. Thus, the ARMAX process is introduced. To investigate the predictive
power of Google Trends, we employ the likelihood ratio test. Our empirical findings support that
Google Trends is a significant leading indicator for predicting contagion in seven out of 10 cases:
SP-FTSE, SP-TSX, SP-DAX, SP-Nikkei, SP-BVSP, SP-SSEC, and SP-BSESN pairs. Our Google-based
models seem to predict particularly well the effect of the US crisis in 2008. In addition, we find that
the contribution of Google Trends to contagion prediction varies among the different stock market
pairs. This finding leads to our observation that the more volatile the market time-varying correlation,
the more useful Google Trends.
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1. Introduction

Contagion effect across countries and stock markets is an important issue concerned by economists,
practitioners, and investors. Understanding the consequences of this effect on the global stock markets
is crucial for risk measurement and portfolio allocation. In the recent few decades, the world economy
has experienced various financial and economic crises, for example, savings and loans crisis (the 1980s),
stock market crash (1987), Tequila crisis (1994), Asian crisis (1997), and the latest global financial crisis
(2007). These incidents have generated a tremendous negative effect on the stock markets in many
countries. One of the most damaging crises in terms of impact worldwide is the Global financial crisis
(2007), which originated from the US subprime mortgage market. Bekaert et al. [1] indicated the US
contagion effect rapidly spread to not only the domestic sectors of the economy but also other countries,
after the US crisis occurrence. Hwang and Kim [2] revealed that this crisis adversely affected the
banking sector, stock market, and credit market, which subsequently caused the economic recession,
an increase in the unemployment rate, and a decrease in international trade. As the global economies
are interdependent, contagion may occur in different asset markets and even different stock markets.
Thus, it is important to investigate and predict the degree of the contagion effect. Additionally, it is
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essential to know whether and how the markets are linked, and the volatilities are transmitted. If a
potential crisis can be detected earlier, the meaningful prediction of its likely consequences would be
of great benefit to the financial fund managers, international portfolio investors, financial institutions,
as well as policymakers in planning their financial strategies.

In the past, the crisis contagion effect was quite challenging to capture as the data was limited
and the efficient data was meager. Of course, we can consider the Gross Domestic Product (GDP),
investment, consumption, trade, and financial markets statistics as the data for investigating the
contagion effect. However, the detection of the effect of our interest generally requires relatively
high frequency data [3]. Fortunately, the prediction of this contagion effect will become much more
comfortable in the present time due to the evolution of data science, and the availability of search
engines like Google Search.

Google Search is ranked as the most used search engine on the World Wide Web nowadays.
It provides aggregated information on the volume of queries for different search terms and how
these volumes change over time via the publicly available service Google Trends [4]. Specifically,
Google Trends can show a scale of 0 to 100 of the search volumes for a specific keyword related to the
cumulative search amount on Google Search [5]. This new type of data can be used as a reflection
of public attention. Mavragani et al. [6] suggested that Google Trends is a good analyzer of internet
behavior and acts as a reliable tool in predicting changes in human behavior, subject to a careful
selection of the searched-for terms. In the financial market domain, investors usually respond to their
feelings through Google Search. Hence, from Google Trends, we can observe similar patterns of stock
market spikes due to the popularity of the Internet. Not only does the data reflect stock market changes,
but that data can be used to anticipate specific future trends.

In the past few years, Google Trends has been considered a useful indicator in many pieces
of prediction research. For instance, Guo and Ji [7] used Google Trends data to predict oil prices.
Li et al. [5] used Google Search to analyze trader positions and energy price volatility. Hamid and
Heiden [8] introduced an economic model using Google Search data to forecast volatility of the stock
prices for the S&P 500 and Dow Jones Industrial Average (DJIA) Indices. D’Amuri and Marcucci [9]
examined the predictive power of Google-based models in forecasting US unemployment and revealed
the higher performance of Google-based models during the Great Recession, with their relative
performance stabilizing. Most recently, Xu et al. [10] applied Google Trends to predict the volatility
of the stock markets and mentioned that Google Trends is the vital source of the volatility besides
macroeconomic fundamentals. According to the conclusions made by these previous papers, we can
expect that the forecasting performance can be improved by incorporating the Google Trends data as
an additional exogenous variable in the forecasting model.

As we mentioned above, Google Trends provides the field of big data with new opportunities,
as it is valid and beneficial for prediction. Therefore, in this study, we consider Google Trends data
in the forecasting model to predict the US crisis contagion effect. Note that this crisis quickly spread
and rendered a substantial negative impact on the global stock markets. We believe that Google
Trends can be used to reflect the crisis contagion effect. The reason behind the use of Google Trends
in forecasting contagion effect is that investors may start monitoring the economic trend and the
investment information from the Internet long before facing the crisis. These actions give Google
Trends, as an indicator, an advantage over other economic and financial indicators that provide
information on a crisis or the expectation of the crisis. This is to say, we can view this new type of data
as the early warning indicator of the upcoming crisis.

To the best of our knowledge, this is the first paper to attempt using Google Trends for the
analysis and prediction of the US crisis contagion effect on the global stock markets. Here, we also
propose a new method for capturing and predicting the degree of the spillover effect of the US crisis on
global stock markets, which has evolved. To simplify our analysis, we divided the countries into two
groups, namely developed and developing countries. For developed countries, we chose the USA,
the United Kingdom, Singapore, Germany, Japan, and Canada. To represent the developing countries,
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we considered China, Brazil, Mexico, India, and Thailand. We selected these countries as they are the
largest economies in the group as well as have the best data availability.

The existence of a financial contagion effect is related to the statistical definition. Dornbusch et al. [11]
classified contagion in three definitions. Firstly, the contagion is defined as cross-country transmission
of cross-country shocks. Secondly, the contagion is defined as the co-movement of shocks or volatilities.
Finally, contagion is defined as an increase in the co-movement of volatilities or shocks between or across
stock markets during a crisis period [2]. There are comprehensive empirical research works on the
contagion effect, and many approaches have been introduced to measure the contagion effect. King and
Wadhwani [12]; Lee and Kim [13]; Calvo and Reinhart [14] introduced the use of correlation coefficients
to measure the co-movement between the crisis country’s total market index returns and the return
of other stock markets during the crisis. To verify the existence of crisis contagion, Boyer et al. [15];
and Sruthi and Shijin [16] proposed a t-statistic to test the contagion effect by testing the difference in
correlation between the normal and the crisis periods. However, Forbes and Rigobon [17] argued that
the test of contagion based on the correlation coefficient is biased as the correlation coefficient is not
constant over time. Moreover, Engle [18] suggested that the correlation coefficient is not an appropriate
measure of the dependence structure as it is based on a linear relationship. Thus, they suggested
the Dynamic Conditional Correlation (DCC)-GARCH model and found that the model provides more
reliable results and illustrates the reasonable time-varying contagion effect of the US crisis on international
stock markets. Bala and Takimoto [19] investigated stock returns’ volatility spillovers in emerging and
developed markets using various multivariate-GARCH (GARCH) models, including constant conditional
correlation (CCC)-GARCH, CCC-VARMA-GARCH, CCC-VAR-exponential GARCH (CCC-VAR-EGARCH),
BEKK-(A)GARCH, and DCC-GARCH. They revealed that DCC-GARCH performance is superior to those
of other competing models in the analysis of contagion effect in financial markets. The DCC-GARCH model
has been employed by many researchers for investigating the co-movement between stock markets during
crisis episodes, for example, Forbes and Rigobon [17]; Celık [20]; Mighri and Mansouri [21], and Chittedi [22].

Although the dynamic conditional correlation, determined by the DCC-GARCH model with
the elliptical distribution assumption (e.g., the normal distribution or Student’s t distribution),
is widespread in measuring the time-varying co-movement between stock market volatilities, there
are several drawbacks of this model. First, it cannot capture their nonlinear co-movement [23].
Second, the estimated correlation may bias due to the misspecification of the multivariate distribution.
If the dependence between financial markets is asymmetrical, the DCC-GARCH model with the
elliptical distribution is not sufficient for measuring this dependence. Thus, this model is inadequately
capable of capturing extreme contagion effects. Third, the marginal distribution of the stock markets
can be different and exhibit skewness and fat-tail. Thus, the elliptic marginal distribution used in
DCC-GARCH may fail to capture the volatility of the stock markets.

To relieve the above drawbacks, the dynamic copula-GARCH of Patton [24,25] is introduced.
This model can be used as an alternative way of connecting the marginal distributions to restore the
joint distribution. Patton [24,25] mentioned that Copula isolates the pattern of reliance from marginal
distributions. Thus, we can easily model the dependence structure, capture the volatility persistence,
and solve the heavy tail and skewness problem. In this regard, we can obtain the reliable contagion
effect of the US financial crisis on both developing and developed stock markets. Several studies
employed this model to measure the degree of contagion. Peng and Ng [26] employed dynamic copula
to test the existence of financial contagion. They found a significant asymmetric dynamic dependence
among major international stock markets. In some situations, although stock index movements cannot
clearly detect contagion, it can be captured by dependence between volatility indices. Chen et al. [27]
measured the contagion effect between US and Chinese stock markets during the US financial crisis
and showed that dynamic copula performs better than the static copula model. They also revealed
that the correlation between stock markets during the crisis period is almost double compared to the
non-crisis period. Meanwhile, Samitas and Tsakalos [28] applied the dynamic copula to examine the
dynamic correlation among the Greek and the European markets during the recent European debt
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crisis. Their findings supported the existence of a contagion effect during crash periods but not during
the Greek debt crisis.

We notice that all research works mentioned above only consider and use the dynamics of
stock time series rather than other information or exogenous variables. Recently, many studies have
confirmed the benefit of Google Trends, as the additional exogenous variable, for improving forecasting
results [10,29,30]. Therefore, in this study, the US crisis contagion effect on developing and developed
stock markets are investigated by the dynamic copula-GARCH with additional Google Trends indicator.
Note that the ARMA process constructs the dynamic correlation of this model; thus, in this study,
we modify this ARMA process to be ARMAX in order to incorporate the Google Trends variable in the
correlation model.

Our contributions to the body of knowledge are four-fold. First, there are no previous studies in
the areas of correlation and contagion effect incorporating the Google Trends as the additional factor
to predict the contagion effect. Second, we introduce a new approach to investigating the dynamic
correlation between the US market and other markets, which can provide us with the correlations more
sensitive to the dynamic changes. This method allows us to incorporate Google Trends as the exogenous
variable in the dynamic correlation equation. Thus, we can analyze how the degree of dependence
changes according to Google Trends. Third, we compare the contagion of the US stock market on
both developing and developed stock markets. As we mentioned earlier, there are three definitions of
contagion [11]; thus, we can detect the contagion effect between two markets by comparing the degree
of volatility dependence during a crisis period and the non-crisis period. We conduct an in-depth
contagion analysis by separately estimating copula parameters for the pre-crisis period, during the
crisis period and the post-crisis period. If the co-movement of volatilities between stock markets is high
during the crisis period, the existence of contagion is confirmed. Finally, this study addresses various
copula families provided in the financial literature and compares them to obtain the best dynamic
copula model and the robustness of the results.

The rest of this paper is organized as follows: Section 2 presents different copula functions as
well as marginal models. Section 3 describes the data. Section 4 presents and discusses the estimation
results. The conclusions are presented in Section 5.

2. Methods

This paper uses several bivariate static and dynamic copula models to study the relationship between
the US stock market and international stock markets. In this study, we first employed GARCH (1,1) with
a skewed Student’s t distribution to model the marginal distribution for each index return. Celık [20]
suggested that a GARCH (1,1) model can sufficiently explain the volatility clustering in financial returns,
although a few financial studies in the literature used higher-order models. The description of the
GARCH (1,1) with a skewed Student’s t distribution can be found in the Appendix A. Patton [24]
suggested that an appropriate marginal distribution is required for modeling the copulas. If the marginal
distribution is misspecified, the probability integral transformation may not be uniform (0, 1). Additionally,
the standardized residuals may be faced with heteroscedasticity and autocorrelation problems. For these
reasons, we performed the Kolmogorov–Smirnov (K–S) test to confirm the uniform distribution of the
transformed series; and employed the ARCH-LM test and Ljung–Box test to examine heteroscedasticity
and autocorrelation existence in our standardized residuals.

In this section, we present the main methodology employed in this study: the time-varying
dependence process is outlined first, then we describe the estimation of the model.

2.1. Bivariate Dynamic Copulas

Our interest is to measure the dependence structure between the US stock return and international
stock returns (developed and developing markets); therefore, bivariate copula specification is considered
here. We used five copulas; two elliptical (Gaussian and Student’s t) and three Archimedean (Gumbel,
Clayton, and Frank). Each of these families describes a different dependence structure between two
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random variables. We considered the Clayton and Gumbel copulas for capturing the asymmetry and
dependence in the extreme tails. Clayton exhibits a greater dependence in the lower tail than in the
upper, whereas Gumbel exhibits a greater dependence in the upper than in the lower tail. For Gaussian,
Student’s t, and Frank copulas, they feature a symmetric dependence measure, which is commonly
used in many financial works in the literature as the benchmark. The time-varying version of these
copula models is briefly discussed in this section.

The bivariate time-varying Gaussian copula is defined by

CGa,t(ut, vt
∣∣∣ρGa,t ) =

∫ Φ−1(ut)

−∞

∫ Φ−1(vt)

−∞

1

2π
√

1− ρ2
Ga,t

exp

−(x2
t − 2ρGa,txtyt + y2

t

2(1− ρ2
Ga,t)

dxdy, (1)

where Φ−1(·) is the inverse of the standard normal distribution function with the correlation coefficient
(−1 < ρGa,t < 1). There is no tail dependence for this copula. To allow for time-varying dependence,
Patton [24] suggested predicting the time-varying dependence (ρGa,t) using the ARMA (1,10) process,
as follows:

ρGa,t = Λ

$Ga
0 +$Ga

1 ρGa,t−1 +$Ga
2

 1
10

10∑
j=1

F−1
1 (ut− j)F−1

2 (vt− j)


, (2)

where Λ(z) = (1 − e−z)/(1 + e−z) is the logistic transformation ensuring the ρGa,t ∈ (−1, 1).
$Ga

0 ,$Ga
1 ,$Ga

2 are the parameters to be estimated. In this study, we considered Google Trends as
the additional indicator for predicting the contagion effect; thus, the ARMA (1,10) process of Patton [24]
is modified to be ARMAX (1,10). Our empirical time-varying dependence equation becomes

ρGa,t = Λ

$Ga
0 +$Ga

1 ρGa,t−1 +$Ga
2

 1
10

10∑
j=1

F−1
1 (ut− j)F−1

2 (vt− j)

+ κGa
1 GIUS + κGa

2 GIO

, (3)

where κGa
1 and κGa

2 are the coefficient of Google index of US (GIUS) and Google index of other countries
(GIO), respectively.

The bivariate Student’s t copula is defined by

CT,t(ut, vt
∣∣∣ρT,t , vt) =

∫ t−1
v (ut)

−∞

∫ t−1
v (vt)

−∞

1

2π
√
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x2
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vt(1− ρ2
T,t)


−

vt+2
2

dxdy, (4)

where t−1
v (·) is the inverse of the standard Student’s t distribution function with v degrees of freedom.

ρT,t is the time-varying correlation within the interval (−1, 1). Like Gaussian copula, this copula
has the symmetric dependence structure and presents non-zero tail dependence. The time-varying
dependence process of the Student’s t copula is, therefore,

ρT,t = Λ

$T
0 +$T

1ρT,t−1 +$T
2

 1
10

10∑
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1 (ut− j)F−1

2 (vt− j)

+ κT
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2 GIO

. (5)

In addition, the evolution equation for degrees of freedom is given by

vt = Λ̃

γ0 + γ1vt−1 + γ3

 1
10

10∑
j=1

F−1
1 (ut− j)F−1

2 (vt− j)


, (6)

where γ0,γ1,γ2 are the parameters to be estimated. Λ̃(z) = 2 + ((ez/(1 + ez)) · 100) is the modified
transformation for keeping vt within the interval (2,∞).



Mathematics 2019, 7, 1032 6 of 29

The bivariate Clayton copula is defined by

CCl,t(ut, vt
∣∣∣θCl,t ) =

(
1 + (ut

−θCl,t − 1) + (vt
−θCl,t − 1)

)−1/θCl,t , (7)

where θCl,t is the degree of dependence on the value (0 < θCl,t < ∞). If θCl →∞ , the Clayton copula
will converge to the monotonicity copula with positive dependence. However, if θCl = 0, ut and vt

become independence. To allow for time-varying dependence, θCl,t varies according to:

θCl,t = ΛCl

$Cl
0 +$Cl

1 θCL,t +$Cl
2

 1
10

10∑
j=1

∣∣∣ut− j − vt− j
∣∣∣+ κCl

1 GIUS + κCl
2 GIO

, (8)

where ΛCl(z) = z2 is the modified transformation used to keep θCl,t within (0,∞).
The bivariate Gumbel copula is defined by

CGu,t(ut, vt
∣∣∣θGu,t ) = exp

(
−

(
(− ln(ut))

θGu,t + (− ln(vt))
θGu,t

))1/θGu,t , (9)

where the time-varying dependence θGu,t can take any value in (1,∞). The time-varying dependence
processes for the Gumbel is

θGu,t = ΛGu

$Gu
0 +$Gu

1 θGu,t +$Gu
2

 1
10

10∑
j=1

∣∣∣ut− j − vt− j
∣∣∣+ κGu

1 GIUS + κGu
2 GIO

, (10)

where ΛGu(z) = 1 + z2 is the modified transformation used to keep θGu,t within (1,∞).
Finally, the bivariate Frank copula is defined by

CF,t(ut, vt
∣∣∣θF,t ) = −θ

−1
F,t log

(
1 +

(e−θF,t·ut − 1)(e−θF,t·vt − 1)

e−θF,t − 1

)
, (11)

where θF is a time-varying dependence on the value (−∞ < θF,t <∞). This family is both comprehensive
and symmetric. Therefore, it is not appropriate for modeling extreme events. The time-varying dependence
of Frank copula is given by the following equation

θF,t = ΛF

$F
0 +$F

1θF,t−1 +$F
2

 1
10

10∑
j=1

∣∣∣ut− j − vt− j
∣∣∣+ κF

1GIUS + κF
2GIO

, (12)

where ΛF(z) = 1 is the modified transformation used to keep θF,t within (−∞,∞).
Copulas can also be used to characterize the dependence in the tails of the distribution. Two measures

of tail dependence related to copulas are known as the upper and lower tail dependence coefficients.
They are indeed very helpful for investigating the behavior of the extreme market, say boom and burst.
The computation of tail dependence is referred to as Joe [31].

2.2. Estimation of Copulas: The Inference for Margins Method (IFM)

In the estimation of the dynamic copula, this study follows Joe and Xu [32] using the two-step
Maximum Likelihood procedure known as inference function for marginal (IFM). Joe and Xu [32]
showed that the IFM method has high efficiency of the easily implemented procedure compared to the
one-step Maximum Likelihood method. According to Sklar’s theorem [33] and Patton [24,25], we can
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derive the bivariate dynamic copula density by taking the partial derivative of joint density function
(Equation (A7) in Appendix A) to obtain the joint density:

ht(x, y|Wt−1 ) =
∂2Ct(F1,t(x|Wt−1 ),F2,t(y|Wt−1 )|Gt−1 )

∂F1,t(x|Wt−1 ),∂F2,t(y|Wt−1 )
·
∂F1,t(x|Wt−1 )

∂x ·
∂F2,t(y|Wt−1 )

∂y

= ct(F1,t(x|Wt−1 ), F2,t(y|Wt−1 )|Wt−1 ) · f1,t(x|Wt−1 ) · f2,t(y|Wt−1 ),
(13)

where ct(·) is the conditional copula density (dynamic copula density). ft(·) is the univariate marginal
distribution. Thus our full likelihood function for dynamic copula-based GARCH (1,1) can be written as

l(Θ) = ct(ut, vt|Wt−1; ΘC) · f1,t(xt|Wt−1; ΘG,1) · f2,t(yt|Wt−1; ΘG,2), (14)

where ΘC =
{
$0,$1,$2,κ1,κ2) is the vector of the dynamic copula parameter. ΘG,i ={

u,ω,α, β, v,λ), i = 1, 2, is the vector of the GARCH-skewed-t parameter. Then, the joint conditional
log-likelihood function to be maximized is expressed as

L(Θ) = log ct(ut, vt|Wt−1; ΘC) + log f1,t(xt|Wt−1; ΘG1) + log f2,t(yt|Wt−1; ΘG2). (15)

According to IFM, we can estimate the parameters of GARCH-skewed-t and the parameters of the
dynamic copula, separately. Therefore, the parameters for our model are estimated by the following process:

Step 1: Estimate the parameters for the GARCH-skewed-t by maximum likelihood method

_
ΘG1 = argmax

T∑
t=1

log f1,t(xt|Wt−1; ΘG1), (16)

_
ΘG2 = argmax

T∑
t=1

log f2,t(yt|Wt−1; ΘG2). (17)

Step 2: Estimate the parameters for the dynamic copula based on the estimated parameters
obtained from step 1.

_
ΘC = argmax

T∑
t=1

log ct(ut, vt|Wt−1; ΘC,
_
ΘG1,

_
ΘG2). (18)

3. Data and Summary Statistics

To investigate the co-movement or contagion between the US stock market and international
stock markets, we selected the weekly data spanning from 4 January 2004, to 30 December 2018.
The beginning of this sample period is dictated by the availability of the Google Trends data and
reflects our desire to have balanced data for all the stock markets for comparison purpose. Our data
starts in 2004 due to the availability of the Google Trends data. Our objective, again, is to explore
whether there is a contagion effect of the US stock market on both developing and developed stock
markets. To achieve this, we divided our study period into three sub-periods referred to as pre-crisis
(4 January 2004 to 31 July 2007), crisis (1 August 2007 to 31 December 2012), and post-crisis (4 January
2013 to 30 December 2018), respectively [34]. If data is not available due to holidays or other reasons,
the stock index price shall be equal to the previous day’s trading price.

This study used the S&P 500 stock index (SP) to represent the US stock market since it is one of the
most important stock markets in the US. For international stock markets, five developed stock indexes
covered were the United Kingdom Financial Times Stock Exchange 100 Index (FTSE), Singapore Straits
Times Index (STI), Deutsche Boerse AG German Stock Index (DX), Japan Nikkei 225 (Nikkei), Canada
S&P/TSX Composite Index (TSX). For the developing stock markets, we considered China Shanghai SE
Composite Index (SSEC), Brazil BOVESPA Index (BVSP), Mexico IPC Index (MXX), India BSE Sensex
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30 (BSESN), and the Stock Exchange of Thailand (SET). All indices were downloaded from the website
http://finance.yahoo.com.

The exogenous variable that was specific to this study was the weekly Google Trends or Google
index (GI) of the US, developed, and developing countries. Ten candidate keywords, “BANK”,
“CDO”, “CDS”, “CRISIS”, “HEDGEFUND”, “HOUSELOAN”, “MORTGAGE”, “SECURITIZATION”,
“STOCK”, and “SUBPRIME” were considered to obtain the Google Trends data over the corresponding
period for predicting the directions of the contagion effect. GI represents the likelihood of a random
user from that area doing a Google search for that particular keyword during that week. Our data
were freely collected from https://www.google.com/trends/?hl=en. We chose to use these keywords
as the leading indicators of crisis-search activities for two main reasons. First, these keywords are
the most popular among different crisis-search-related keywords, and some were suggested in many
previous works (such as Aluko et al. [35]; Aragon et al. [36]; and Zorgati et al. [37]). Second, we believe
that it is used most widely across the broadest range of investors.

Before we investigated our contagion prediction algorithm, we needed to process our stock indices data
and the corresponding Google Trends data or GI in such a way that they were stationary and comparable.
The first difference of the logarithm of stock indices was taken to extract the log returns of the stock indices.
For GI, according to Bijl et al. [38], we transformed the GI to be abnormal GI (AGI), which is defined as

AGIt =

GIt −
1

52

52∑
i=0

GIt−52+i

/σGI, (19)

where σGI is the standard deviation of the GI for the past 52 weeks (1 year).
To find the appropriate keyword for explaining the contagion effect, we computed the R-squared and

time-lagged correlation values between each lagged keyword and corresponding stock return. The advantage
of these two measures is that it allows us to understand the strength and sign of the relationship between
lagged keyword and stock return. In this simple test, we considered only the lag of Google keyword since
we aimed to use this keyword as the predictor variable for predicting the US contagion. The results of the
correlation coefficients and R-squared are presented in Table 1. For the overall sample period, R-square
shows a weak relationship for all considered pairs, with maximum values of 0.0224 for “SUBPRIME”-DAX
pair. According to these results, we can observe that “Crisis” at lag zero exhibits the highest relationship
Mexico (MXX) and India (BSESN) stock markets, while “Crisis” at lag one exhibits the highest relationship
for Canada (TSX); “STOCK” at lag zero and lag one show the highest relationship with US (SP) and UK
(FTSE) stock markets, respectively; “HOUSELOAN” for Singapore; “MORTGAGE” for Brazil; “CDO” at
lag one for China; “SUBPRIME” for Germany; “SECURITIZATION” for Japan and “BANK” for Thailand.
Therefore, these selected lagged keywords were further used to predict the contagion effect of the US stock
market on the developing and developed markets.

Turning to the statistical properties of the return series, Table 2 reports the summary statistics for
the weekly stock market returns and Abnormal Google index (AGI) of the 10 countries during the three
sub-periods. By examining the mean, standard deviations, skewness, and kurtosis values during the
different sub-periods, several pieces of evidence emerge from this Table. For the stock market return, we
observe that most of the developed stock returns are negative and standard deviations are higher during
the crisis period compared to the pre- and post-crisis periods. We also observe that the mean returns
of developing markets are all positive during the crisis. The reason may be because these developing
markets are in newly industrialized countries which have abolished the capital inflow barrier and the foreign
exchange restriction. Therefore, stock markets of these countries have been interested in US investors who
expected the high return, and thereby leading to higher growth of these markets during the US crisis [39].
Comparing the standard deviations of the three sub-periods, we find that the standard deviations of stock
returns are higher during the crisis period. Additionally, the kurtosis in all markets exceeds three, and
the values of skewness deviate from zero, indicating a leptokurtic distribution. We, therefore, estimated a
GARCH model assuming a skewed Student’s t density for the innovation.

http://finance.yahoo.com
https://www.google.com/trends/?hl=en
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Table 1. Estimated R-squared and correlation between each Google index and the corresponding stock return.

Keyword (Lag 0) SP FTSE STI BVSP SSEC TSX MXX BSESN DAX Nikkei SET

BANK 0.0013
(0.0360)

0.0006
(0.0244)

0.0050
(−0.0707)

0.0005
(−0.0223)

0.0000
(−0.0087)

0.0001
(0.0070)

0.0030
(0.0540)

0.0045
(0.0672)

0.0006
(0.0240)

0.0015
(−0.0365)

0.0078
(0.0887)

CDO 0.0082
(−0.0905)

0.0001
(0.0104)

0.0015
(−0.0387)

0.0006
(0.0242)

0.0069
(−0.0838)

0.0001
(0.0104)

0.0003
(0.0153)

0.0006
(−0.0245)

0.0001
(0.0102)

0.0008
(−0.0282)

0.0034
(−0.0588)

CDS 0.0001
(−0.0118)

0.0019
(0.0435)

0.0007
(−0.0264)

0.0001
(−0.0094)

0.0007
(−0.0264)

0.0005
(0.0240)

0.0014
(−0.0374)

0.0001
(−0.0108)

0.0009
(0.0312)

0.0001
(−0.0106)

0.0003
(−0.0171)

CRISIS 0.0033
(−0.0571)

0.0011
(0.0331)

0.0032
(0.0565)

0.0005
(−0.0266)

0.0004
(0.0203)

0.0087
(−0.0932)

0.0059
(−0.0765)

0.0145
(−0.1208)

0.0049
(−0.0069)

0.0009
(−0.0303)

0.0001
(0.0112)

HEDGEFUND 0.0013
(0.0360)

0.0060
(0.0774)

0.0075
(−0.0866)

0.0002
(−0.0179)

0.0002
(−0.0015)

0.0027
(0.0524)

0.0014
(−0.0374)

0.0001
(−0.0115)

0.0003
(−0.0170)

0.0007
(−0.0259)

0.0014
(−0.0371)

HOUSELOAN 0.0032
(−0.0565)

0.0004
(−0.0203)

0.0088
(0.0094)

0.0015
(−0.0375)

0.0000
(0.0000)

0.0047
(0.0653)

0.0021
(0.0458)

0.0000
(0.0004)

0.0010
(0.0117)

0.0016
(0.0395)

0.0012
(0.0346)

MORTGAGE 0.0001
(0.0121)

0.0001
(0.0014)

0.0064
(0.0820)

0.0020
(−0.0450)

0.0001
(−0.0110)

0.0001
(−0.0107)

0.0017
(0.0412)

0.0001
(−0.0150)

0.0011
(0.0331)

0.0004
(0.0198)

0.0001
(−0.0080)

SECURITIZATION 0.0002
(0.0141)

0.0004
(−0.0191)

0.0019
(−0.0442)

0.0017
(−0.0412)

0.0001
(−0.0062)

0.0017
(0.0423)

0.0006
(0.0233)

0.0024
(−0.0482)

0.0002
(−0.0142)

0.0057
(0.0757)

0.0009
(−0.0293)

STOCK 0.0130
(−0.1141)

0.0189
(0.137)

0.0002
(0.0148)

0.0002
(−0.0150)

0.0062
(−0.0789)

0.0037
(−0.0651)

0.0001
(−0.0106)

0.0008
(0.0282)

0.0004
(−0.0216)

0.0051
(−0.0717)

0.0015
(0.0389)

SUBPRIME 0.0001
(−0.0105)

0.0001
(0.0104)

0.0011
(0.0331)

0.0002
(0.0140)

0.0002
(0.0013)

0.0001
(0.0117)

0.0020
(−0.0453)

0.0021
(−0.0460)

0.0268
(−0.1637)

0.0051
(−0.0708)

0.0070
(−0.0831)

Keyword (Lag 1) SP FTSE STI BVSP SSEC TSX MXX BSESN DAX Nikkei SET

BANK 0.0084
(−0.0920)

0.0001
(0.0101)

0.0031
(0.0563)

0.0000
(−0.0026)

0.0049
(0.0701)

0.0022
(0.0471)

0.0009
(0.0311)

0.0063
(−0.0796)

0.0015
(0.0399)

0.0009
(0.0306)

0.0000
(0.0091)

CDO 0.0001
(0.0081)

0.0000
(−0.0094)

0.0001
(−0.0104)

0.0006
(−0.0807)

0.0091
(−0.0956)

0.0000
(−0.0092)

0.0000
(−0.0054)

0.0000
(0.0051)

0.0027
(−0.0525)

0.0000
(−0.0081)

0.0003
(−0.0195)

CDS 0.0003
(0.0196)

0.0037
(−0.0612)

0.0001
(−0.0131)

0.0000
(0.0077)

0.0052
(0.0723)

0.0000
(−0.0007)

0.0000
(0.0071)

0.0013
(−0.0369)

0.0012
(−0.0353)

0.0002
(−0.0156)

0.0018
(0.0425)

CRISIS 0.0040
(−0.0640)

0.0103
(−0.1019)

0.0012
(−0.0352)

0.0013
(−0.0366)

0.0000
(−0.0018)

0.0160
(−0.1268)

0.0025
(−0.0502)

0.0001
(0.0125)

0.0007
(−0.0276)

0.0000
(0.0099)

0.0000
(0.0013)

HEDGEFUND 0.0003
(0.0179)

0.0007
(0.0280)

0.0050
(0.0709)

0.0003
(0.0193)

0.0023
(−0.0489)

0.0001
(−0.0135)

0.0002
(0.0156)

0.0011
(0.0336)

0.0004
(0.0212)

0.0006
(−0.0250)

0.0014
(0.0378)

HOUSELOAN 0.0000
(−0.0032)

0.0003
(0.0175)

0.0000
(0.0059)

0.0003
(0.0182)

0.0000
(0.0000)

0.0016
(0.0401)

0.0002
(−0.0142)

0.0002
(0.0157)

0.0009
(0.0314)

0.0000
(−0.0003)

0.0000
(−0.0070)

MORTGAGE 0.0082
(−0.0908)

0.0000
(−0.0042)

0.0010
(−0.0319)

0.0005
(−0.0225)

0.0029
(−0.0546)

0.0010
(−0.0329)

0.0005
(−0.0228)

0.0000
(−0.0021)

0.0010
(−0.0328)

0.0003
(−0.0184)

0.0027
(0.0510)

SECURITIZATION 0.0030
(−0.0549)

0.0000
(0.0078)

0.0021
(0.0463)

0.0000
(−0.0059)

0.0006
(0.0248)

0.0043
(−0.0658)

0.0002
(0.0163)

0.0005
(0.0232)

0.0029
(−0.0538)

0.0022
(−0.0473)

0.0014
(0.0376)

STOCK 0.0061
(−0.0781)

0.0224
(−0.1498)

0.0084
(−0.0919)

0.0005
(−0.0232)

0.0036
(−0.0606)

0.0099
(−0.0999)

0.0013
(0.0372)

0.0014
(−0.0387)

0.0000
(−0.0005)

0.0005
(−0.0239)

0.0011
(−0.0335)

SUBPRIME 0.0085
(−0.0926)

0.0005
(−0.0234)

0.0011
(0.0342)

0.0086
(−0.0927)

0.0066
(−0.0818)

0.0001
(−0.0128)

0.0008
(0.0294)

0.0004
(−0.0204)

0.0035
(−0.0594)

0.0078
(−0.0883)

0.0028
(−0.0532)
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Table 1. Cont.

Keyword (Lag 2) SP FTSE STI BVSP SSEC TSX MXX BSESN DAX Nikkei SET

BANK 0.0001
(0.0100)

0.0004
(0.0208)

0.0033
(−0.0582)

0.0007
(−0.0084)

0.0015
(−0.0392)

0.0074
(−0.0863)

0.0010
(−0.0324)

0.0003
(−0.0180)

0.0037
(−0.0614)

0.0004
(−0.0204)

0.0019
(−0.0443)

CDO 0.0147
(−0.1215)

0.0002
(−0.0144)

0.0000
(0.0049)

0.0011
(0.0106)

0.0011
(0.0331)

0.0001
(−0.0131)

0.0001
(−0.0124)

0.0064
(−0.0804)

0.0001
(−0.0115)

0.0007
(−0.0270)

0.0001
(0.0135)

CDS 0.0059
(−0.0770)

0.0000
(−0.0001)

0.0000
(−0.0025)

0.0019
(0.0432)

0.0015
(−0.0389)

0.0038
(−0.0619)

0.0001
(−0.0107)

0.0000
(0.0050)

0.0003
(−0.0177)

0.0000
(0.0015)

0.0028
(−0.0536)

CRISIS 0.0073
(−0.0856)

0.0080
(−0.0894)

0.0000
(−0.0009)

0.0016
(0.0184)

0.0014
(0.0375)

0.0046
(−0.0683)

0.0080
(−0.0898)

0.0030
(−0.0555)

0.0000
(0.0031)

0.0003
(0.0173)

0.0053
(−0.0731)

HEDGEFUND 0.0001
(−0.0113)

0.0046
(−0.0680)

0.0010
(−0.0320)

0.0008
(0.0291)

0.0000
(0.0066)

0.0001
(−0.0100)

0.0002
(−0.0152)

0.0060
(−0.0779)

0.0027
(−0.0525)

0.0008
(0.0283)

0.0000
(−0.0019)

HOUSELOAN 0.0004
(−0.0200)

0.0012
(−0.0359)

0.0029
(−0.0539)

0.0000
(0.0026)

0.0000
(0.0000)

0.0001
(−0.0126)

0.0002
(−0.0142)

0.0033
(0.0581)

0.0000
(−0.0026)

0.0017
(−0.0415)

0.0000
(0.0085)

MORTGAGE 0.0000
(0.0073)

0.0042
(−0.0654)

0.0001
(0.0133)

0.0000
(0.0042)

0.0000
(0.0033)

0.0007
(−0.0272)

0.0013
(0.0363)

0.0000
(−0.0074)

0.0018
(−0.0427)

0.0004
(−0.0201)

0.0008
(−0.0287)

SECURITIZATION 0.0000
(−0.0017)

0.0014
(−0.0381)

0.0010
(−0.0328)

0.0011
(−0.0339)

0.0024
(0.0496)

0.0003
(−0.0185)

0.0012
(−0.0352)

0.0011
(−0.0335)

0.0001
(0.0123)

0.0016
(−0.0404)

0.0000
(−0.0089)

STOCK 0.0002
(−0.0142)

0.0025
(−0.0504)

0.0020
(−0.0448)

0.0007
(−0.0271)

0.0000
(0.0004)

0.0048
(−0.0699)

0.0030
(−0.0555)

0.0000
(0.0033)

0.0002
(0.0166)

0.0000
(−0.0004)

0.0071
(−0.0843)

SUBPRIME 0.0033
(−0.0582)

0.0050
(−0.0710)

0.0037
(−0.0612)

0.0000
(−0.0091)

0.0039
(0.0625)

0.0000
(−0.0024)

0.0008
(−0.0291)

0.0069
(−0.0833)

0.0000
(0.0020)

0.0059
(−0.0773)

0.0033
(0.0582)

Note: The parentheses ( ) denote the correlation value. The numbers in bold represent the highest correlation and R-square.

Table 2. Descriptive statistics for different periods.

PRE-CRISIS

STOCK MEAN SD SKEW KURTOSIS ADF AGI MEAN SD SKEW KURTOSIS ADF

SP 0.0015 0.0138 −0.1032 3.0326 −13.2588 *** AGIUS 0.0005 0.0579 0.0878 3.0436 −15.7143 ***
FTSE 0.0022 0.0131 −0.6010 6.3667 −12.4176 *** AGIUK 0.0047 0.0992 0.4456 3.5191 −10.7764 ***
STI 0.0034 0.0157 −0.7034 3.9533 −13.3188 *** AGISG 0.1777 0.3843 −1.6789 3.8219 −15.5357 ***

BVSP 0.0041 0.0336 −0.2537 2.8181 −13.8489 *** AGIBR 0.0562 0.7347 2.2081 13.8964 −15.2059 ***
SSEC 0.0038 0.0302 0.5211 3.8477 −11.6142 *** AGICN 0.1646 0.6327 0.7468 4.4440 −17.5038 ***
TSX 0.0030 0.0161 −0.7398 3.8932 −14.2854 *** AGICA 0.0240 0.2502 0.3836 2.8820 −15.9736 ***
MXX 0.0070 0.0243 −0.9112 4.6435 −12.3593 *** AGIMEX 0.0383 0.3240 1.2568 6.4959 −17.4241 ***

BSESN 0.0056 0.0275 −0.9713 5.4450 −11.6210 *** AGIIND 0.0895 0.4710 1.2123 4.7439 −9.5129 ***
DAX 0.0034 0.0187 −0.8034 4.2551 −13.3860 *** AGIDEU 0.0318 0.1761 −5.3322 29.4328 −12.8276 ***

Nikkei 0.0030 0.0219 −0.2256 2.8822 −13.0498 *** AGIJP 0.1929 0.4287 −1.0138 3.3844 −15.9318 ***
SET −0.0005 0.0244 −0.4137 2.9664 −12.3684 *** AGITH 0.0173 0.2015 0.5135 3.7444 −9.5739 ***
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Table 2. Cont.

CRISIS

STOCK MEAN SD SKEW KURTOSIS ADF AGI MEAN SD SKEW KURTOSIS ADF

SP −0.0008 0.0359 −0.4863 7.5779 −13.1438 *** AGIUS 0.0076 0.129 2.9703 18.3954 −12.3855 ***
FTSE −0.0004 0.0319 −0.6684 4.8111 −12.3812 *** AGIUK 0.0031 0.1117 0.9181 6.8514 −14.4638 ***
STI 0.0005 0.0375 0.3331 5.4404 −11.6779 *** AGISG 0.124 0.6529 2.0521 15.5126 −13.9630 ***

BVSP 0.0042 0.0486 −0.2561 6.2579 −14.1333 *** AGIBR 0.1378 0.7940 2.5246 14.0332 −13.7709 ***
SSEC 0.0026 0.0525 0.2003 3.7402 −12.6802 *** AGICN 0.1901 0.9326 2.3885 10.9224 −17.2998 ***
TSX 0.0001 0.0362 −0.9402 7.8462 −14.1321 *** AGICA 0.0113 0.1742 1.049 7.7231 −11.6946 ***
MXX 0.0022 0.0434 0.3736 7.2988 −14.6485 *** AGIMEX 0.0287 0.2423 1.2504 6.8108 −11.4652 ***

BSESN 0.0025 0.0464 −0.1613 3.8829 −6.9723 *** AGIIND 0.0521 0.3471 2.2187 11.0026 −15.1410 ***
DAX −0.0001 0.0337 −0.5974 5.2473 −11.2424 *** AGIDEU 0.0875 0.646 1.8209 8.7695 −12.0086 ***

Nikkei −0.0022 0.0404 −1.2621 10.6828 −13.4223 *** AGIJP 0.1937 0.5539 0.6955 6.0101 −15.7034 ***
SET 0.0012 0.0404 −0.5538 4.9020 −13.2845 *** AGITH 0.0145 0.1713 3.3644 25.1454 −18.0617 ***

POST-CRISIS

STOCK MEAN SD SKEW KURTOSIS ADF AGI MEAN SD SKEW KURTOSIS ADF

SP 0.0018 0.0197 −0.4838 4.8196 −23.8356 *** AGIUS 0.0065 0.1103 1.4353 12.1315 −19.5708 ***
FTSE 0.0006 0.0199 −0.2067 5.0584 −23.8897 *** AGIUK 0.0045 0.0862 2.6487 23.1829 −14.5955 ***
STI 0.0003 0.0178 −0.3663 5.5860 −21.2258 *** AGISG 0.1211 0.6031 1.4053 5.3972 −22.8642 ***

BVSP 0.0009 0.0297 0.3557 5.4863 −22.3981 *** AGIBR 0.1314 0.6918 3.053 18.1159 −28.8781 ***
SSEC −0.0002 0.0293 −0.7093 6.5115 −19.7176 *** AGICN 0.0754 0.6255 1.3848 8.2182 −25.9949 ***
TSX 0.0005 0.0174 −0.2205 4.6020 −24.8425 *** AGICA 0.0131 0.1705 1.6384 11.2477 −14.1025 ***
MXX 0.0007 0.0200 −0.1172 3.6859 −24.9991 *** AGIMEX 0.0176 0.1987 3.5007 43.4455 −20.2222 ***

BSESN 0.0017 0.0212 0.0678 3.2689 −21.1935 *** AGIIND 0.0279 0.2974 4.3951 36.2886 −17.7736 ***
DAX 0.0015 0.0265 −0.0788 5.0252 −24.3035 *** AGIDEU 0.1547 0.7481 1.7028 7.2066 −20.6249 ***

Nikkei 0.0017 0.0270 −0.4048 4.1371 −21.1725 *** AGIJP 0.2194 0.5243 0.2794 4.8671 −19.7744 ***
SET 0.0018 0.0205 −0.4330 3.9455 −21.4086 *** AGITH 0.0035 0.0900 1.9235 17.1935 −20.1156 ***

Note: *** denotes 1% significant level.
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Meanwhile, the descriptive statistics of all AGI series show the highest mean value during the
crisis period reflecting the significance of the high crisis-search-related keywords during that time.
Finally, the Augmented Dickey Fuller test was conducted to examine the presence of the unit roots for
all returns during all considered sub-periods. The results show that all series are stationary at the level.

4. Results and Discussion

4.1. Marginal Model

In the first step, we employed the univariate GARCH (1,1)-skew-t model to model the marginal
distributions for three sub-periods considered in this study. The estimation results for the margins
are summarized in Table 3. We find that the estimated ARCH coefficient (α) and GARCH coefficient
(β) are mostly significant at the 5% level for all markets’ returns, signifying the presence of clustering
volatility phenomenon in all stock returns during pre-crisis, crisis, and post-crisis periods. Moreover,
the conditional variance equations (α+ β) are found to be less than one for all cases, indicating that
our market returns series satisfies the stationary condition. We also observe that (α+ β) is very close
to 1. This implies the high volatility persistence of our series. Moreover, the negative sign of the
skewness parameter (λ) and degrees of freedom parameter (v) are strongly significant, suggesting
that the residual distribution cannot be normally distributed and that applying the Skew-t distribution
is suitable for our GARCH (1,1) model.

After estimating the GARCH models, we obtained the standardized residuals from this estimation.
To evaluate the goodness-of-fit of standardized residuals, the Ljung–Box test (Q10) and the Engle’s
ARCH-LM test were conducted to examine the autocorrelation and heteroscedasticity problems,
respectively. Table 3 also provides the results of the Ljung–Box test and Engle’s ARCH-LM test.
We notice that the p-values of the Ljung–Box test do not reject the null hypothesis of no autocorrelation
of standardized residuals of the GARCH models at Lag 10. From Engle’s ARCH-LM test, the p-values
are generally greater than 5% indicating the non-rejection of the null hypothesis of no ARCH effect at
lag one. According to these two tests, our standardized residuals are confirmed to be reliable.

Before the second step of copula estimation, the marginal distribution must be transformed
to be uniform (0, 1). Thus, the cumulative skewed Student’s t function was used to transform our
standardized residuals. We then applied the Kolmogorov–Smirnov (KS) test to test whether the
marginal distribution is uniform in the interval (0, 1). The results in the last column of Table 3 show
that the p-values are greater than 5%, indicating the innovations correctly specified uniform (0, 1).
We subsequently conclude that the marginal distributions can adequately explain each market return.
Hence, the copula model, in the second step, can correctly capture the dependence between the US
stock market and international stock markets (developed and developing markets).
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Table 3. Estimation results of the GARCH (1,1)-skew-t model.

Parameter u ω α β λ v Ljung–Box (10)
p-Value

ARCH-LM (1)
p-Value

KS
p-Value

PRE-CRISIS

SP 0.0015 (0.0011) 0.0001 (0.00001) * 0.0001 (0.0001) 0.8632 (0.1255) * 1.0124 (0.0878) * 9.7486 (2.1158) * 0.3958 0.1704 0.5481
FTSE 0.0021 (0.0010) * 0.0001 (0.00001) * 0.0001 (0.0145) 0.8521 (0.0118) * 1.0115 (0.0248) * 9.1555 (2.3684) * 0.3781 0.8077 0.3618
STI 0.0039 (0.0011) * 0.0001 (0.00001) * 0.1889 (0.1087) 0.4487 (0.2182) * 0.9245 (0.0578) * 7.1469 (3.2215) * 0.9252 0.9868 0.5648

BVSP 0.0043 (0.0021) * 0.0001 (0.00001) * 0.0001 (0.0110) 0.9986 (0.0076) * 0.8694 (0.0228) * 9.2348 (4.4651) * 0.5493 0.0847 0.6689
SSEC 0.0030 (0.0023) 0.0001 (0.00001) * 0.2166 (0.0957) * 0.6469 (0.1171) * 0.9021 (0.1026) * 7.3599 (2.1599) * 0.0065 0.7712 0.2157
TSX 0.0030 (0.0012) * 0.0001 (0.00001) * 0.0347 (0.0463) 0.7513 (0.2024) * 0.7844 (0.2105) * 6.8488 (1.2484) * 0.2067 0.4488 0.6594
MXX 0.0072 (0.0018) * 0.0001 (0.00001) * 0.0714 (0.0545) 0.7890 (0.1357) * 0.8541 (0.1158) * 8.2298 (3.1151) * 0.3008 0.6102 0.6598

BSESN 0.0089 (0.0017) * 0.0001 (0.00001) * 0.3225 (0.1069) * 0.6574 (0.8037) * 0.9518 (0.2548) * 9.2995 (0.3528) * 0.6474 0.9683 0.9478
DAX 0.0035 (0.0015) * 0.0001 (0.00001) * 0.0107 (0.0507) 0.7440 (0.3988) * 0.8541 (0.2143) 8.2255 (2.2255) * 0.1799 0.2143 0.6561

Nikkei 0.0030 (0.0012) * 0.0002 (0.00001) * 0.0503 (0.0450) 0.8835 (0.0845) * 0.9844 (0.2266) 9.2648 (3.2128) * 0.9426 0.9649 0.3628
SET −0.0004 (0.0019) 0.0001 (0.00001) * 0.0001 (0.0484) 0.9809 (0.0694) * 0.8997 (0.1588) 9.3118 (3.2215) * 0.8764 0.6189 0.3215

PRE-CRISIS

SP 0.0038 (0.0019) * 0.0001 (0.00001) * 0.5435 (0.1658) * 0.1735 (0.1462) 1.1115 (0.2515) * 8.5514 (1.1588) * 0.7847 0.9800 0.9875
FTSE 0.0010 (0.0020) 0.0001 (0.00001) * 0.2216 (0.1043) * 0.6907 (0.1281) * 1.2166 (0.3594) * 9.5123 (0.3884) * 0.9925 0.6735 0.6519
STI 0.0015 (0.0025) 0.0001 (0.00001) * 0.1883 (0.0761) * 0.7666 (0.0718) * 0.9611 (0.3215) * 8.7151 (0.1158) * 0.5522 0.8322 0.3654

BVSP 0.0066 (0.0032) * 0.0001 (0.00001) * 0.1865 (0.0731) * 0.6761 (0.1259) * 0.9513 (0.1215) * 6.3548 (0.6991) * 0.8309 0.7334 0.2697
SSEC 0.0072 (0.0020) * 0.0001 (0.00001) * 0.1111 (0.0704) 0.8253 (0.1103) * 0.8335 (0.1125) * 5.5581 (0.3588) * 0.8830 0.9201 0.3981
TSX 0.0007 (0.0020) 0.0001 (0.00001) * 0.2267 (0.0754) * 0.7665 (0.0546) * 0.9276 (0.2359) * 10.0155 (1.2511) * 0.7011 0.3693 0.3790
MXX 0.0036 (0.0028) 0.0002 (0.00001) * 0.1882 (0.0828) * 0.6701 (0.1490) * 0.8221 (0.1151) * 8.1248 (3.3251) * 0.1683 0.1824 0.3324

BSESN 0.0036 (0.0033) 0.0001 (0.00001) * 0.1655 (0.0702) * 0.8127 (0.0924) * 0.7715 (0.2587) * 9.3581 (2.1125) * 0.1633 0.5144 0.2678
DAX 0.0009 (0.0021) 0.0001 (0.00001) * 0.1970 (0.0758) * 0.7386 (0.0896) * 0.9917 (0.2941) * 11.2651 (2.6681) * 0.9864 0.6478 0.6284

Nikkei −0.0021 (0.0026) 0.0007 (0.0001) * 0.5072 (0.1526) * 0.0481 (0.0892) * 1.1551 (0.3684) * 3.3541 (1.2261) * 0.9628 0.9407 0.3694
SET 0.0038 (0.0025) 0.0001 (0.00001) * 0.2764 (0.1045) * 0.6462 (0.0940) * 1.2368 (0.5120) * 8.1664 (3.3518) * 0.1661 0.5777 0.3394

POST-CRISIS

SP 0.0030 (0.0006) * 0.0001 (0.00001) * 0.2545 (0.0547) * 0.6828 (0.0571) * 0.3648 (0.1356) * 9.2212 (1.2115) * 0.3912 0.5160 0.9582
FTSE 0.0007 (0.0007) 0.0001 (0.00001) * 0.1141 (0.0325) * 0.8414 (0.0427) * 0.9225 (0.2446) * 10.0215 (2.5515) * 0.3445 0.7076 0.6952
STI 0.0008 (0.0007) 0.0001 (0.00001) * 0.0074 (0.0025) * 0.8912 (0.0324) * 0.8457 (0.3664) * 8.5954 (2.2544) * 0.4408 0.5122 0.9981

BVSP 0.0011 (0.0013) 0.0001 (0.00001) * 0.0446 (0.0283) * 0.8829 (0.0605) * 0.8967 (0.1649) * 8.2486 (3.3225) * 0.3263 0.9531 0.6695
SSEC −0.0001 (0.0010) 0.0001 (0.00001) * 0.1044 (0.0223) * 0.8858 (0.0199) * 0.9921 (0.3215) * 9.3151 (2.1256) * 0.2570 0.8677 0.3321
TSX 0.0013 (0.0006) * 0.0001 (0.00001) * 0.2023 (0.0524) * 0.7233 (0.0653) * 0.1554 (0.3355) * 8.2361 (3.3151) * 0.2585 0.4287 0.3598
MXX 0.0011 (0.0008) 0.0001 (0.00001) * 0.1231 (0.0383) * 0.7857 (0.0596) * 1.2125 (0.5511) * 6.3215 (2.1156) * 0.1377 0.5426 0.3329

BSESN 0.0024 (0.0009) * 0.0001 (0.00001) * 0.0768 (0.0329) * 0.8774 (0.0626) * 0.8964 (0.3558) * 9.1311 (2.1256) * 0.1450 0.9970 0.9568
DAX 0.0022 (0.0010) * 0.0001 (0.00001) * 0.1414 (0.0418) * 0.7964 (0.0526) * 1.0017 (0.2644) * 6.3114 (1.3591) * 0.6610 0.2920 0.3641

Nikkei 0.0024 (0.0011) * 0.0001 (0.00001) * 0.1461 (0.0592) * 0.6584 (0.1490) * 1.2154 (0.3317) * 9.3581 (2.3651) * 0.9648 0.9192 0.9462
SET 0.0018 (0.0008) * 0.0001 (0.00001) * 0.1086 (0.0296) * 0.8479 (0.0382) * 0.9911 (0.2135) * 9.3315 (2.1313) * 0.7602 0.1027 0.3564

Note: Standard errors are shown in ( ). The Q (10) is the Ljung–Box Q test of serial correlation of up to 10 lags in the returns. ARCH-LM (1) is the Lagrange multiplier test to assess the
significance of ARCH effects at the first lag. KS test is the uniform distribution test. “*” denotes rejection of the null hypothesis at the 5% significance level.
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4.2. The Degree of Contagion: Static Copula

In this section, we aim to examine the existence of the contagion effect of the US stock market
on international stock markets. According to Boyer, Kumagai, and Yuan [15], the stock market crises
are spreading if the co-movement between two markets is higher during the crisis period. Thus, five
static copulas, namely Gaussian, Student’s t, Clayton, Gumbel, and Frank, were used to measure the
co-movement between markets in the three sup-periods: pre-crisis, crisis, and post-crisis periods. This
gave us a simple look at the presence of the contagion effect. The results from the static copulas are
presented in Table 4. We separately estimated these copula parameters for three sub-periods in order to
compare the degree of contagion across pairs of the US stock market (SP) and international stock markets.

Prior to interpreting the results, we had to find the optimal copula functions explaining the
co-movement between different stock market pairs during the considered sub-periods separately.
To find the best fit copula functions, we considered the Akaike information criterion (AIC) [40], and the
lowest value indicated the best copula function. The best copula specification is indicated in bold.
First, we focused on the pre-crisis period, the static Gaussian copula is the best choice for SP-SSEC,
SP-FTSE, SP-MXX, and SP-SET pairs, Student’s t copula for SP-BVSP pair, Clayton copula for the
SP-Nikkei pair and Frank copula for SP-STI, SP-TSX, SP-BSESN, and SP-DAX pairs. However, in the
crisis period, we observe that SP-STI, SP-MXX, and SP-SET pairs are well modeled by Gaussian
copula. The best-fitting copula for SP-TSX and SP-DAX pairs is the Student’s t copula, while the
best-fitting copula for SP-SSEC, SP-BSESN, and SP-Nikkei pairs is the Clayton copula. For SP-BVSP
and SP-FTSE pairs, we find that Gumbel and Frank copulas are, respectively, the optimal functions.
Lastly, in the post-crisis period, AIC shows that the static Gaussian copula performs better than the
other static copulas for SP-STI, SP-TSX, and SP-DAX pairs, Student’s t copula for SP-FTSE, SP-MXX
and SP-SET pairs, Clayton copula for SP-SSEC and SP-Nikkei pairs, and Gumbel copula for SP-BVSP
and SP-BSESN pairs.
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Table 4. Copula estimates of US stock-international stock for pre-crisis, crisis, and post-crisis.

Copulas SP-FTSE SP-STI SP-BVSP SP-SSEC SP-TSX SP-MXX SP-BSESN SP-DAX SP-Nikkei SP-SET

PRE-CRISIS

Gaussian ρ −0.20 −0.13 0.63 −0.09 −0.10 0.73 0.37 −0.20 0.45 −0.12
AIC −4.15 −0.70 −77.61 0.60 0.34 −116.37 −20.61 −4.15 −34.02 −0.14

Student’s t ρ −0.15 −0.13 0.63 −0.09 −0.11 0.73 0.37 −0.20 0.45 −0.11
AIC 1.88 2.58 −84.12 3.14 4.25 −113.32 −17.96 −1.10 −31.62 3.47

Clayton ρ 0.52 0.01 0.01 0.01 0.01 1.15 0.32 0.02 0.71 0.01
AIC −0.11 3.15 −80.58 5.88 6.38 −82.54 −12.83 1.35 −40.93 2.12

Gumbel ρ 1.52 1.10 1.78 1.01 1.01 1.99 1.3 1.01 1.32 1.06
AIC −2.11 4.11 −84.05 3.14 1.21 −101.72 −16.33 2.35 −18.91 0.38

Frank ρ −0.86 −0.91 4.98 −0.50 −0.76 6.45 2.51 −1.30 2.73 −0.62
AIC −0.67 −1.28 −77.03 1.01 −0.43 −108.27 −21.07 −4.55 −26.94 0.23

CRISIS

Gaussian ρ 0.58 0.47 0.05 0.07 0.54 0.81 0.18 0.61 0.23 −0.27
AIC −61.38 −37.42 1.64 −1.31 −50.29 −166.58 −3.30 −69.67 −6.71 −9.79

Student’s t ρ 0.59 0.46 0.02 0.07 0.51 0.81 0.18 0.62 0.21 −0.26
AIC −61.75 −34.93 2.66 −3.07 −56.72 −164.29 −3.43 −71.80 −6.48 −7.78

Clayton ρ 0.72 0.52 0.44 0.10 0.62 1.77 0.21 0.85 0.25 0.03
AIC −46.23 −27.60 −11.22 −3.48 −41.24 −126.00 −6.57 −57.48 −10.86 −7.97

Gumbel ρ 1.66 1.37 5.25 1.01 1.62 2.40 1.11 1.73 1.16 1.12
AIC −57.58 −27.51 −20.05 −1.97 −53.96 −150.63 −0.80 −67.41 −4.34 −7.27

Frank ρ 4.72 3.01 −0.12 0.49 3.6 8.28 1.17 4.70 1.27 −1.57
AIC −63.75 −29.35 1.94 −1.25 −38.42 −152.48 −3.29 −65.79 −3.84 −7.64

POST-CRISIS

Gaussian ρ 0.57 0.39 −0.05 0.17 0.61 0.60 0.06 0.56 0.12 0.33
AIC −193.16 −75.65 0.65 −12.15 −219.31 −207.01 0.36 −174.84 −4.81 −53.26

Student’s t ρ 0.58 0.39 −0.06 0.15 0.61 0.60 0.05 0.56 0.11 0.33
AIC −196.20 −75.37 2.73 −14.20 −217.28 −210.60 −0.44 −172.69 −3.15 −54.14

Clayton ρ 0.64 0.32 0.24 0.16 0.73 0.78 0.08 0.56 0.12 0.28
AIC −136.15 −47.99 −28.27 −16.52 −162.68 −160.22 −1.03 −116.39 −9.24 −41.12

Gumbel ρ 1.01 1.36 1.35 1.10 1.70 1.68 1.03 1.61 1.06 1.09
AIC −187.52 −73.00 −32.14 −6.32 −194.86 −191.88 −0.85 −160.48 −0.56 −50.23

Frank ρ 4.47 2.64 −0.55 0.80 4.61 4.55 0.25 4.29 0.54 2.13
AIC −174.18 −68.76 −1.45 −4.66 −192.41 −191.07 −1.29 −167.41 −1.16 −46.91

Note: Numbers in bold present the best static copula results.
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It is important to note that the dependence structure is modeled by the copula function; hence the
selection of the best copula should depend on the characteristics of dependence observed between
market returns. According to the various copula functions given in Table 4, it is clear that each
market pair, during the different periods, is captured by different copula functions. In order to get a
better picture of the contagion effect during the considered sub-periods, we computed the different
dependence measures expressed by Kendall’s tau and tail dependence. Table 5 provides these measures
based on the best estimated copulas in Table 4. For the contagion effect during the pre-crisis, Kendall’s
tau based on the best fit copula is negative in SP-FTSE, SP-STI, SP-TSX, SP-DAX, SP-SSEC, and SP-SET
pairs and positive in SP-Nikkei, SP-BVSP, SP-MXX, and SP-BSESN pairs. The negative correlation
between the US stock market and Singapore stock market is the highest with a value of −0.91, while the
positive correlation between the US market and Mexico is the highest. Regarding the asymmetric tail
dependence, we see that the lower tail dependence parameter estimates of the Clayton copula are low,
with a value of 0.37 for SP-Nikkei. The symmetric tail dependence parameter estimates for the Student’s
t copula are also low, with a maximum value of 0.14 for the SP-BVSP pair. This indicates that there are
extreme dependences in SP-Nikkei and SP-BVSP pairs, which imply that extreme movements of the US
market caused extreme movements of Japanese and Brazilian stock markets. We then considered the
crisis period, for all stock markets except Thailand, the correlation between the US stock and other stock
returns is positive. This indicates that the US market return positively correlated with index returns
in all stock markets during the crisis period (except Thailand). Pastpipatkul et al. [39] revealed that
during the United States’ subprime crisis that occurred in 2008, the Thai stock market had experienced
greater swings in capital inflows and thereby boosting the stock market return. Thus, it is reasonable to
have a negative correlation between the US and Thai stock markets. We also observe that the correlation
values of these stock pairs are relatively higher compared to the pre-crisis period (except for India and
China). The increase of the dependence measures during the crisis period is evidence of contagion from
the US financial crisis to all stock markets (except for India and China) during this period. Interestingly,
there are no signs of Indian and Chinese stock markets to be affected by the US stock market. China
and India are the largest and the most liquid markets in Asia, and therefore are likely to be the most
integrated with global capital markets. It would then be expected that these markets would not be
susceptible to the contagion effect of the US market. Additionally, the correlation between SP-BSESN
and that between SP-SSEC are weak, implying the independent movement between the US stock
and these two markets. Lastly, we focus on the post-crisis period. For all stock pairs, the correlation
between the US stock and other stock returns is positive, indicating that the contagion effect of the US
market is positively transmitted to all index returns after the crisis period. In addition, as the static
Student’s t copula for SP-FTSE, SP-MXX, and SP-SET pairs, Clayton copula for SP-Nikkei and SP-SSEC
pairs, and Gumbel copula for SP-BSESN perform better than the other models, this confirms the tail
dependence for these market pairs which in turn implies that the extreme movement of the US stock
return causes the extreme movements in the stock markets of England, Mexico, Thailand, Japan, and
China. When we compare the estimated dependence measures between the post-crisis period and
crisis period, we find a decrease in the correlation between the US market and other stock markets
or the lower degree of dependence after the crisis period. This might be related to the decrease of
volatility, especially from speculation. In other words, after the crisis period, investors seek to realize a
long-term benefit by selling or purchasing specific assets. This fact allows for the decrease of stock
price fluctuation, which leads to a decrease in volatility and, consequently, the decrease of correlation.
Another explanation for the decrease in the dependence between international stock markets and the
US market is that the international markets could not be affected by possible contagion effects [41].
In essence, the results from the static copulas and Kendall’s tau test suggest that the contagion effect
from the US stock market to all stock markets (except China, Canada, and India) is greater during
the turmoil period than during the normal period. These results are in line with those of Mokni and
Mansouri [41] and Mohti et al. [42], who reported that many stock markets became more integrated
with the US stock market during the financial crisis period.
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Table 5. The selected copulas for the developed and developing markets during three sub-periods.

Markets Period Selected
Copula

Dependence
Parameter Kendall’s Tau Lower Tail Upper Tail

Developed
Country

SP-FTSE Pre-crisis Gaussian −0.20 −0.13 0.00 0.00
Crisis Frank 4.72 0.44 0.00 0.00

Post-crisis Student’s t 0.58 0.40 0.07 0.07
SP-STI Pre-crisis Frank −0.91 −0.10 0.00 0.00

Crisis Gaussian 0.47 0.31 0.00 0.00
Post-crisis Gaussian 0.39 0.26 0.00 0.00

SP-TSX Pre-crisis Frank −0.76 −0.08 0.00 0.00
Crisis Student’s t 0.51 0.34 0.27 0.27

Post-crisis Gaussian 0.61 0.42 0.00 0.00
SP-DAX Pre-crisis Frank −1.30 −0.14 0.00 0.00

Crisis Student’s t 0.62 0.62 0.21 0.21
Post-crisis Gaussian 0.56 0.38 0.00 0.00

SP-Nikkei Pre-crisis Clayton 0.71 0.05 0.37 0.00
Crisis Clayton 0.25 0.11 0.06 0.00

Post-crisis Clayton 0.12 0.05 0.003 0.00

Developing
Country

SP-BVSP Pre-crisis Student’s t 0.63 0.43 0.14 0.14
Crisis Gumbel 5.25 0.81 0.00 0.86

Post-crisis Gumbel 1.35 0.26 0.00 0.33
SP-SSEC Pre-crisis Gaussian −0.09 −0.06 0.00 0.00

Crisis Clayton 0.10 0.05 0.001 0.00
Post-crisis Clayton 0.16 0.07 0.01 0.00

SP-MXX Pre-crisis Gaussian 0.73 0.52 0.00 0.00
Crisis Gaussian 0.81 0.61 0.00 0.00

Post-crisis Student’s t 0.60 0.41 0.12 0.12
SP-BSESN Pre-crisis Frank 2.51 0.26 0.00 0.00

Crisis Clayton 0.21 0.10 0.04 0.00
Post-crisis Gumbel 1.03 0.03 0.00 0.04

SP-SET Pre-crisis Gaussian −0.12 −0.07 0.00 0.00
Crisis Gaussian −0.27 −0.17 0.00 0.00

Post-crisis Student’s t 0.33 0.21 0.03 0.03

Note: For the computation of Kendall’s tau and tail dependence, refer to Joe (1997).

4.3. Dynamic Copula with Google Trends

We turn to the main purpose of this study in this section. The predictive power of Google Trends in
forecasting the US contagion effect is presented through the dynamic copulas. We estimate time-varying
dependence parameters using dynamic copulas for full samples. To show the performance of our
dependence prediction with Google Trends models, we compared them with the dynamic copula
without considering Google Trends data. The estimated dynamic copulas without Google Trends
parameters are reported in Table 6. The parameters of the time-varying dependences of the chosen
copula are also reported in Tables 6 and 7. The parameter $0 represents the dependence levels,
$1 represents the degree of persistence, and $2 captures the adjustment in the dependence process.
The additional parameters, κ1 and κ2, are also provided for dynamic copula with the AGI model.
Note that κ1 and κ2 are the coefficients of Google index of the US market and Google index of each
country’s stock market, respectively. To check if the dynamic dependence structure is appropriately
modeled by two additional abnormal Google Trends or AGI, we employed the Likelihood ratio test,
and the results are reported in Table 8.
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Table 6. Estimation of dynamic copula without abnormal Google index (AGI).

Copulas SP-FTSE SP-STI SP-BVSP SP-SSEC SP-TSX SP-MXX SP-BSESN SP-DAX SP-Nikkei SP-SET

Gaussian $0
0.0924

(3.1638)
−0.0226
(0.1112)

0.2465
(0.2235)

0.0198
(0.0425)

0.4296
(1.1508)

0.4434
(0.1010)

0.0709
(0.0777)

−0.0811
(0.0373)

0.1058
(0.0575)

0.0964
(0.4572)

$1
0.4650

(5.3090)
2.1306

(0.3237)
−1.1151
(1.0494)

1.7322
(0.3704)

−0.9824
(2.0327)

2.8206
(0.1710)

1.4737
(0.2791)

0.1727
(1.9260)

1.1801
(0.4491)

−1.2402
(0.9376)

$2
−0.0325
(0.1576)

0.0317
(0.0475)

0.1211
(0.2406)

0.0322
(0.0844)

0.1427
(0.2014)

0.0958
(0.0363)

−0.1566
(0.0901)

0.2026
(0.2033)

−0.2578
(0.1408)

−0.8596
(0.3571)

AIC −254.286 −106.514 −9.6472 −6.3150 −262.465 −364.376 −4.7803 −250.868 −19.3341 −63.664

Student’s t $0
0.4024

(3.3166)
−0.0202
(0.1020)

−0.0240
(0.0615)

0.2201
(0.6222)

0.2109
(5.4257)

0.3631
(4.2750)

0.0674
(0.0580)

0.8145
(1.4503)

0.1692
(0.1265)

0.2760
(0.3334)

$1
−0.0321
(5.5524)

2.1303
(0.2851)

1.0015
(1.0400)

0.4013
(4.2903)

0.2314
(9.3748)

0.1837
(6.7812)

1.4297
(0.4809)

0.7850
(2.5717)

1.0952
(0.6771)

−1.497
(0.8904)

$2
−0.0310
(0.0938)

0.0276
(0.0273)

−0.0253
(0.0358)

−0.0347
(0.1705)

0.0027
(0.0456)

0.0115
(0.0283)

−0.0228
(0.0211)

0.0586
(0.0617)

−0.0327
(0.0202)

−0.2788
(0.1531)

AIC −262.2058 −102.063 −8.3509 −4.3536 −267.070 −335.644 −4.2168 −249.781 −14.9720 −63.208

Clayton $0
1.5428

(0.1987)
1.0063

(0.3583)
0.0728

(0.3215)
1.2677

(0.3165)
1.4953

(0.4857)
0.7666

(0.0142)
0.3043

(0.6012)
1.4869

(0.3569)
0.1711

(0.1163)
2.2086

(0.1792)

$1
−0.5187
(0.0843)

−0.1760
(0.4941)

0.5623
(0.2902)

−0.8742
(0.1563)

−0.1270
(0.3211)

0.3601
(0.0001)

−1.0528
(0.1122)

−0.3071
(0.2941)

0.5917
(0.1741)

−0.7815
(0.0736)

$2
−1.8876
(0.8811)

−1.3516
(0.8974)

0.3431
(0.9468)

−2.4423
(1.0642)

−2.6210
(1.2234)

−0.7815
(0.0691)

2.6477
(1.9216)

−2.3370
(0.9676)

0.4334
(0.3465)

−5.7070
(0.5097)

AIC −182.7332 −71.8982 −2.5179 −16.411 −211.296 −283.417 −14.857 −181.786 −24.7724 −57.776

Gumbel $0
−0.1162
(0.4164)

−0.1237
(0.6522)

−0.0039
(2.3274)

−0.8266
(0.2272)

−1.5695
(0.7068)

−0.4744
(0.0001)

−0.0039
(7.2322)

−2.4081
(0.1192)

−0.9125
(0.2781)

−0.3833
(0.6325)

$1
0.4585

(0.2458)
0.3723

(0.6424)
−0.0039
(2.3226)

−0.8021
(0.1948)

−0.3521
(0.4257)

0.3951
(0.0001)

−0.0040
(7.2329)

−0.7981
(0.0711)

−0.9010
(0.1814)

−0.0332
(0.5849)

$2
−1.1123
(0.6759)

−1.9599
(0.8585)

−0.0001
(0.4256)

−0.0738
(0.4602)

−2.9049
(1.0011)

−2.583
(0.0014)

0.0001
(0.4841)

−4.4640
(0.8552)

−0.0347
(0.4063)

−1.1090
(0.6268)

AIC −58.4895 −6.1427 −8.5763 −3.5428 −56.7114 −146.006 −0.9866 −58.7458 4.3579 6.5656

Frank $0
1.9079

(1.5129)
0.6191

(1.3307)
−1.8134
(1.8378)

0.1818
(0.1326)

1.2874
(0.7780)

0.8113
(0.2772)

−2.4005
(1.8056)

8.3130
(3.5251)

0.2405
(0.8065)

6.5403
(1.7631)

$1
0.7171

(0.2350)
0.7431

(0.5076)
0.2806

(0.6269)
0.9498

(0.0369)
0.8395

(0.1046)
0.9352

(0.0245)
−0.2116
(0.5606)

−0.4080
(0.5452)

0.3652
(0.9478)

−0.9752
(0.0517)

$2
−2.9727
(2.4628)

0.3114
(1.4170)

4.4554
(4.8137)

−0.4797
(0.3855)

−2.7862
(1.6240)

−2.5530
(0.8792)

10.1167
(6.4618)

−10.2358
(7.5983)

0.8376
(3.2244)

−10.775
(6.1523)

AIC −245.978 −91.863 −10.1713 −6.990 −236.934 −340.896 −1.984 −237.228 −2.783 −57.143

Note: Numbers in bold present the best dynamic copula without Google Trends data.
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Table 7. Estimation of dynamic copula with AGI.

Copula SP-FTSE SP-STI SP-BVSP SP-SSEC SP-TSX SP-MXX SP-BSESN SP-DAX SP-Nikkei SP-SET

Gaussian $0
0.1065

(0.1172)
−0.0311
(0.2838)

0.3395
(0.0588)

0.0125
(0.0015)

0.4628
(0.2334)

0.5330
(0.4316)

0.1765
(0.0607)

−0.1526
(0.1510)

0.1986
(0.0936)

0.0921
(0.7445)

$1
2.1335

(0.2122)
1.987

(0.7588)
1.3966

(0.2286)
−1.0215
(0.3105)

1.2658
(0.3284)

−0.5491
(1.1120)

1.4393
(0.1913)

−1.9489
(0.7208)

1.3628
(0.2431)

0.1817
(1.4787)

$2
0.1220

(0.0015)
0.0425

(0.0701)
−0.0153
(0.0770)

−0.0994
(0.1258)

0.0530
(0.0756)

0.1856
(0.1178)

−0.1169
(0.0804)

0.1703
(0.2888)

−0.1930
(0.1032)

−0.5142
(0.4366)

κ1
−0.4689
(0.0693)

−0.0918
(0.3656)

1.4354
(0.3385)

−0.7351
(0.3120)

0.8061
(0.4112)

0.6476
(0.4241)

1.8198
(0.5332)

−0.1894
(0.812)

1.0227
(0.8656)

0.3986
(0.5271)

κ2
−0.5774
(0.0666)

−0.0171
(0.0993)

−0.1684
(0.0806)

0.0660
(0.0182)

−1.5124
(0.3251)

−0.3718
(0.3370)

0.0855
(0.3269)

−0.1109
(0.0664)

0.3341
(0.1156)

−0.0386
(0.5533)

AIC −265.675 −104.527 −11.7173 −7.9172 −274.3211 −359.0802 −23.1932 −259.6826 −25.8902 −61.7889

Student’s t $0
0.0113

(1.0831)
0.0107

(0.1960)
−0.0402
(0.0407)

0.5313
(0.2251)

0.4701
(0.391)

1.6041
(1.2467)

0.0189
(0.0341)

1.0054
(0.7957)

0.0946
(0.0548)

0.3310
(0.2632)

$1
0.5248

(2.1115)
2.0510

(0.5099)
1.3842

(0.2487)
−1.4235
(0.3263)

1.1524
(1.0951)

0.0052
(1.8729)

1.4135
(0.2285)

0.5056
(1.4087)

1.4237
(0.2522)

−1.5230
(0.5441)

$2
−0.0411
(0.0368)

0.0314
(0.0331)

−0.0180
(0.0257)

−0.3969
(0.1566)

0.0029
(0.0221)

0.0066
(0.0182)

−0.0191
(0.0195)

0.0490
(0.0534)

−0.0272
(0.0134)

−0.3381
(0.1536)

κ1
0.4126

(1.2210)
−0.0755
(0.3593)

1.4381
(0.3752)

−0.3268
(0.1158)

0.5798
(0.2541)

−0.0607
(0.5911)

1.7929
(0.5688)

−0.3724
(0.4224)

1.0683
(0.3751)

0.0381
(0.3542)

κ2
0.3315

(1.1251)
−0.0093
(0.0806)

−0.1554
(0.1147)

−0.0048
(0.0810)

−1.4358
(0.6381)

−0.3846
(0.4443)

0.0904
(0.3455)

−0.0548
(0.0874)

0.0547
(0.1535)

0.1950
(0.3506)

AIC −243.115 −98.0955 −6.8525 −9.3187 −279.310 −358.6179 −14.5901 −245.3311 −18.6135 −58.3317

Clayton $0
0.4294

(0.0007)
1.2273

(0.2846)
0.3047

(0.4575)
1.2269

(0.5214)
1.2254

(0.1255)
1.4995

(0.4125)
0.0610

(0.2476)
0.5900

(0.0001)
0.3139

(0.3745)
1.7692

(0.3684)

$1
−0.4617
(0.0021)

0.4976
(0.2076)

0.7641
(0.1013)

1.3668
(0.2068)

−0.0125
(0.1115)

−0.0349
(0.2397)

0.7381
(0.0530)

−0.4457
(0.0001)

−0.8670
(0.1965)

0.7734
(0.0781)

$2
−0.0365
(0.0123)

1.7775
(1.0181)

1.1774
(1.2438)

2.5134
(1.2284)

−2.1397
(0.4423)

−2.5470
(1.1556)

0.7525
(0.7689)

0.2895
(0.0090)

0.1758
(1.1950)

3.9146
(1.5760)

κ1
0.1994

(0.1310)
0.0150

(0.1676)
0.7355

(0.2269)
0.4500

(0.2103)
0.2218

(0.5951)
−0.2400
(0.2408)

0.3967
(0.2399)

0.3809
(0.0117)

0.2417
(0.1582)

−0.1099
(0.1302)

κ2
0.1101

(0.0948)
0.0565

(0.0609)
−0.0288
(0.0690)

0.0988
(0.0267)

−0.7052
(0.2501)

−0.4108
(0.2507)

0.1772
(0.1693)

0.0379
(0.0146)

0.3360
(0.0511)

−0.0016
(0.1398)

AIC −189.664 −68.3838 −3.2170 −20.0050 −222.128 −281.3275 −17.2483 −183.9361 −20.5613 −51.7124
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Table 7. Cont.

Copula SP-FTSE SP-STI SP-BVSP SP-SSEC SP-TSX SP-MXX SP-BSESN SP-DAX SP-Nikkei SP-SET

Gumbel $0
−1.2312
(0.1115)

−0.0661
(0.5220)

−0.0011
(2.3253)

−0.0003
(0.9228)

−0.4438
(0.3211)

−0.2176
(0.0728)

−0.9948
(0.2242)

−0.3061
(0.0001)

−0.9118
(0.2802)

−0.4381
(0.6568)

$1
0.4558

(0.0964)
−0.4928
(0.4457)

−0.0012
(2.3205)

−0.0003
(0.9797)

−0.1987
(0.1287)

−0.4461
(0.0211)

0.9618
(0.0811)

−0.6579
(0.0001)

−0.8997
(0.1852)

0.0842
(0.6032)

$2
0.3315

(0.1125)
2.2243

(0.7185)
0.0001

(0.4271)
−4.5514
(0.4314)

1.3341
(0.1561)

1.2161
(0.2904)

0.0998
(0.5665)

0.1932
(0.0651)

−0.0351
(0.4085)

1.1162
(0.6402)

κ1
1.1100

(0.5418)
−0.2165
(0.3987)

0.0001
(0.2731)

−3.8661
(0.2310)

−0.6319
(0.3331)

−0.7785
(0.3318)

−0.0922
(0.4741)

−0.4553
(0.1732)

0.0077
(0.2922)

0.0825
(0.3453)

κ2
−1.0236
(0.1153)

0.1224
(0.0640)

0.0001
(0.0325)

2.3679
(0.0967)

0.9018
(0.1907)

0.3434
(0.2417)

0.0116
(0.1059)

0.1681
(0.0521)

0.0024
(0.0713)

0.1133
(0.2456)

AIC −69.103 6.9504 −1.5763 −1.6022 −70.832 −154.2566 −0.9875 −45.8184 −0.8355 −0.1743

Frank $0
5.3115

(2.1150)
0.9211

(1.5980)
−1.3649
(0.8564)

0.1651
(0.1235)

2.5124
(1.3215)

0.6918
(0.3257)

−0.6463
(0.6063)

9.9553
(1.8146)

0.2211
(0.5446)

2.0131
(1.2846)

$1
0.2255

(0.3113)
0.6699

(0.5584)
0.5515

(0.1487)
0.9666

(0.0322)
0.6213

(0.2001)
0.9445

(0.0280)
0.6122

(0.1531)
−0.6982
(0.2098)

0.5837
(0.1533)

0.2957
(0.3255)

$2
−3.6191
(1.3351)

−0.0684
(1.7877)

3.4124
(2.4704)

−0.4368
(0.1125)

−5.1221
(2.4610)

−2.2844
(0.9658)

2.3890
(2.0695)

−10.1563
(7.4724)

0.2383
(1.8197)

−2.3679
(3.0331)

κ1
−0.1155
(1.0250)

0.2177
(2.0759)

6.2647
(1.8684)

0.8854
(1.2558)

4.3571
(2.4018)

1.4401
(1.5805)

7.6719
(2.2223)

−0.8445
(1.5033)

4.9942
(1.8774)

3.0352
(2.0286)

κ2
5.0314

(3.1455)
−0.3246
(0.4787)

−0.6096
(0.3805)

−0.0055
(0.0321)

−5.1100
(1.9001)

0.5097
(0.9283)

0.0422
(0.9409)

−0.3064
(0.2513)

0.3181
(0.5073)

−0.2356
(2.0139)

AIC −255.831 −88.503 −11.080 −2.1381 −250.971 −338.348 −12.474 −234.558 −7.164 −49.009

Note: Numbers in bold present the best dynamic copula with the Google Trends result. The parentheses ( ) present the standard error. According to the result of the correlation measure in
Table 1, all stock pairs are estimated using the AGI with lag zero, except for SP-FTSE, SP-SSEC, and SP-TSX. These three pairs are estimated using the AGI with the lag.
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Table 8. The selected dynamic copulas and LR-test results.

Likelihood-Ratio
Statistic Selected Copula

Model without
AGI Versus Model

with Two AGI

Model without
AGI Versus Model

with US AGI

Model without
AGI Versus Model
with Non-US AGI

Developed Country

SP-FTSE Gaussian 11.024 (0.0008) * 6.1850 (0.0128) * 5.0726 (0.0243) *
SP-STI Gaussian 0.0431 (0.8355) 0.7810 (0.3768) 0.6610 (0.4162)
SP-TSX Student’s t 10.911 (0.0009) * 5.6458 (0.0175) * 7.0151 (0.0081) *
SP-DAX Gaussian 4.8144 (0.0282) * 0.8736 (0.3499) 5.1157 (0.0237) *

SP-Nikkei Gaussian 3.1654 (0.0752) * 0.1622 (0.1622) 4.1125 (0.0425) *

Developing Country

SP-BVSP Gaussian 4.8890 (0.0270) * 3.1150 (0.0775) * 3.2250 (0.0725) *
SP-SSEC Clayton 5.6914 (0.0170) * 3.5646 (0.0590) * 3.1226 (0.0772) *
SP-MXX Gaussian 1.2962 (0.2599) 0.8780 (0.3487) 0.2250 (0.6352)

SP-BSESN Gaussian 10.335 (0.0013) * 11.086 (0.0009) * 0.8145 (0.3667)
SP-SET Gaussian 0.1243 (0.7244) 0.1266 (0.7219) 0.6760 (0.4109)

Note: (*) indicates statistical significance at the 10% level. The parentheses ( ) denote p-values. A bold number
indicates a better model. The same copula family for dynamic copula with AGI and dynamic copula without AGI
was used to construct the likelihood ratio test.

Prior to checking the performance of dynamic copula with AGI models using the likelihood ratio
test, we first considered the performance of the models without AGI displayed in Table 6 for model
selection based on the AIC. The Gaussian copula was chosen for SP-STI, SP-DAX, SP-MXX, and SP-SET,
reflecting the symmetry in co-movements of these stock pairs. The Student’s t copula was selected for
the pair SP-FTSE, indicating that the link between the two countries’ markets is more prominent in
the extreme market. The Clayton copula was selected for SP-Nikkei, SP-SSEC, and SP-BSESN, which
shows that there is a left tail dependence between these pairs. Finally, the Frank copula was solely
selected for the pair SP-BVSP, indicating a symmetric co-movement and tail independence. For the case
of dynamic copula with the AGI model, the symmetry in co-movements is illustrated by the choice
of the Gaussian copula for all stock pairs, except SP-TSX and SP-SSEC pairs. This indicates that the
co-movement between the US market and each international stock market is symmetric when Google
Trends data is given as the predictor in the model. Table 8 summarizes the results of best fit (optimal)
copulas and the best copula model when including the Google Trends for each market pair.

To test whether the dynamic copula with AGI is superior to the copula without the AGI model,
a likelihood ratio test is performed. The underlying marginal distributions are the same for both
copulas, so it is possible to use a likelihood ratio test on the copula likelihoods. In this test, we also
tested these two models based on the same copula family. We assumed the null hypothesis is dynamic
copula without AGI and the alternative is dynamic copula with AGI. Considering that there may be
some significant individual AGI that has a decisive effect on the contagion, thus dynamic copula with
AGI is segmented, and the Likelihood-ratio test was divided as shown in Table 8.

We set parameters κ1 and κ2 to be zero in the time-varying dependence equation for the dynamic
copulas without AGI. The model under the null hypothesis without AGI was thus nested in the
model under the alternative hypothesis with AGI parameters. The result is provided in the last three
columns of Table 8. These tests reveal that the null hypothesis is rejected for SP-FTSE, SP-TSX, SP-DAX,
SP-Nikkei, SP-BVSP, SP-SSEC, and SP-BSESN pairs, inferring that Google Trends can help in predicting
future co-movement between these seven pairs. Concerning the AGI parameter estimates κ1 and κ2,
we can observe that the increase in US AGI increases the co-movement for SP-BVSP, SP-TSX, SP-BSESN,
and SP-Nikkei but decreases the co-movement for SP-FTSE, SP-SSEC, and SP-DAX pairs, suggesting
that the contagion effect of the US on each of those four markets that moved in the same directions of
the crisis-keywords searched by US people.
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Furthermore concerning the parameter κ2, the findings reveal the positive influence of individual
AGI on the co-movement for SP-SSEC, SP-BSESN, and SP-Nikkei pairs, indicating that crisis-keywords
searched by Chinese, Indian, and Japanese internet users have a positive effect on the co-movement
between the US stock and each of these three markets. In addition, we considered the LR-test in the
last two columns in which the null hypothesis is dynamic copula without AGI, and the alternative is
dynamic copula with only one AGI. Interestingly, we observe that US AGI has statistically significant
effects on the contagion for SP-FTSE, SP-TSX, SP-BVSP, SP-SSEC, and SP-BSESN pairs, while there are
significant effects of UK AGI, Canadian AGI, Germany AGI, Chinese AGI, Indian AGI, and Japanese
AGI on contagion. All other assessed AGIs appear to have been relatively less exposed to the effects
of the contagion. These results indicate that the contagion between the US and some international
markets may be predicted by either crisis-keywords searched by US people or crisis-keywords searched
by local people. The effect of AGI on the co-movement would be stronger if a single AGI had been
introduced in the time-varying copula equation.

To get a better picture of the time-varying evolution, we illustrate the evolution of conditional
Kendall’s tau between the US stock market and 10 international stock market returns over the full
sample period. These conditional Kendall’s tau values were computed from the dynamic copula with
the AGI model (presented by the red line) and the dynamic copula without the AGI model (presented
by the blue dashed line) in Figure 1. Interesting results from the figures of the dynamic copula with
AGI can be summarized as follows: (1) the evolution of conditional Kendall’s tau values obtained
from the two models takes different patterns. In general, we find that the conditional Kendall’s tau
values from dynamic copula with the AGI model are greater and fluctuate more than the conditional
Kendall’s tau values from dynamic copula without AGI model for all pairs. The influence of AGI varies
among different market pairs, in particular, the more volatile market pair. The market pair, which
shows high volatility of time-varying correlation, is well predicted by AGI. This result proves once
again the usefulness of AGI in predicting US contagion. Besides, it is evident that the dynamic copula
without AGI seems not to predict the contagion effect well as the conditional Kendall’s tau values of
SP-FTSE, SP-DAX, and SP-SET pairs (blue dashed line) are not sensitive to the US crisis. (2) There are
some interesting pieces of evidence provided by the dynamic copula with the AGI model (red line).
It is clearly shown that the dependence between the US and other markets increases markedly in 2008.
We observe either a large positive or negative correlation across market pairs during the crisis in 2008.
This result provides evidence of a contagion effect between international stock markets and the US
stock market during the US financial crisis. In addition, the stock markets of England, Japan, Brazil,
and Mexico show a high correlation with the US stock market. The correlations for these pairs increase
from around 0.4 to 0.7 and then decrease sharply after 2008. This result indicates that the contagion
effect from the US stock market to the stock markets of England, Japan, Brazil, and Mexico are not
persistent. (3) The negative values of Kendall’s tau are presented during the crisis period in two cases:
SP-SSEC and SP-SET, suggesting that a decrease in the US stock market forces the US capital outflows
to Chinese and Thai stock markets and thereby boosting these stock markets while the US stock market
was still in a bearish regime. (4) After the US financial crisis, there is a decrease in dependence, perhaps
because of capital regulations and market segmentation.
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Figure 1. Time-varying Kendall’s tau between the US market and other markets (2004–2018). Note 
that the blue dashed line is dynamic copulas without AGI, and the red line is dynamic copulas with 
AGI. The time-varying paths of conditional correlations for the paired returns were calculated by the 
parameters obtained from the best fit time-varying copula models presented in Table 8. 

4.4. The Out-of-Sample Forecasting Performance 

In this last section, the out-of-sample forecasts of conditional correlation are considered to 
examine the validity of our models. The forecasting performance of four dynamic copula models, 
namely dynamic copula without AGI (Model 1), dynamic copula with US AGI (Model 2), and 
dynamic copula with non-US AGI (AGI of international countries) (Model 3), dynamic copula with 
two AGIs (Model 4), were considered. Out-of-sample one-day-ahead forecasts of conditional 
correlation were generated based on these models, where parameters were estimated each week 
separately based on a rolling sample with a fixed size of 104 (approximately two-year period; the first 
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Figure 1. Time-varying Kendall’s tau between the US market and other markets (2004–2018). Note that
the blue dashed line is dynamic copulas without AGI, and the red line is dynamic copulas with
AGI. The time-varying paths of conditional correlations for the paired returns were calculated by the
parameters obtained from the best fit time-varying copula models presented in Table 8.

4.4. The Out-of-Sample Forecasting Performance

In this last section, the out-of-sample forecasts of conditional correlation are considered to examine
the validity of our models. The forecasting performance of four dynamic copula models, namely
dynamic copula without AGI (Model 1), dynamic copula with US AGI (Model 2), and dynamic copula
with non-US AGI (AGI of international countries) (Model 3), dynamic copula with two AGIs (Model
4), were considered. Out-of-sample one-day-ahead forecasts of conditional correlation were generated
based on these models, where parameters were estimated each week separately based on a rolling
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sample with a fixed size of 104 (approximately two-year period; the first in-sample period is from
January 2006 to December 2007. The evaluation of forecasts was performed for 10 years from January
2008 to December 2018.

This paper adopts the method proposed by Fiszeder and Fałdziński [43] to compare the performance
of the competing models. The model confidence set (MCS) of Hansen et al. [44] was conducted to choose
the best forecasting models with a certain probability. The mean squared error (MSE) and mean absolute
deviation (MAD) were employed as the loss functions for the MCS test. The MSE and MAE can be
computed by

MSE = (1/N)
N∑

t=1

[(_
τ t − τt

)2]
, (20)

MAD = (1/N)
N∑

t=1

[∣∣∣∣_τ t − τt

∣∣∣∣], (21)

where
_
τ t and τt are the estimated conditional correlation and the actual conditional correlation (rolling

window correlations), respectively. N is the number of out-of-sample.
In this comparison, a 52-week rolling window correlation (1 year) was used as a proxy for the actual

correlation. It should be noted, however, that this rolling correlation does not necessarily reflect the real
value of the actual correlation at a specific week as it can only be computed from intraweek data and that the
rolling correlations are computed from data spanning several months. Nevertheless, the rolling correlations
were utilized to observe the general trends and patterns of the actual correlation levels across time in the
sense that a good correlation model should efficiently capture the dynamic movements of these proxy
correlations. According to Hansen et al. [44], they introduced two test statistics, namely, the rang statistic
and the semi-quadratic statistic, therefore, we also considered these two test statistics and used bootstrap
simulation at 5000 times to compute the p-value. The MCS test results based on two loss functions, MSE and
MAD, are shown in Table 9. We note that, when the p-value is higher, it means that they are more likely to
reject the null hypothesis of equal predictive ability. In other words, the greater the p-value, the better the
model. For more details of the MCS test, we referred to Hansen et al. [44].

Table 9. The out-of-sample evaluation of forecasts of correlation for 10 stock market pairs.

Markets Model MSE MAD

Developed
Country Rang Statistic Semi-Quadratic

Statistic Rang Statistic Semi-Quadratic
Statistic

SP-FTSE Model 1 0.0000 0.0000 0.0000 0.0000
Model 2 0.5115 0.5249 0.5008 0.5001
Model 3 0.4514 0.4815 0.4413 0.4539
Model 4 1.0000 * 1.0000 * 1.0000 * 0.9980 *

SP-STI Model 1 1.0000 * 1.0000 * 1.0000 * 1.0000 *
Model 2 0.0425 0.0415 0.0421 0.0331
Model 3 0.0352 0.0311 0.2991 0.3020
Model 4 0.0105 0.0089 0.0125 0.0119

SP-TSX Model 1 0.0000 0.0000 0.0000 0.0000
Model 2 0.5331 0.5998 0.6035 0.6222
Model 3 0.6114 0.6034 0.4115 0.4224
Model 4 1.0000 * 1.0000 * 1.0000 * 1.0000 *

SP-DAX Model 1 0.0000 0.0000 0.0000 0.0000
Model 2 0.0010 0.0021 0.0013 0.0015
Model 3 0.5843 * 0.6529 * 0.6222 * 0.6381 *
Model 4 0.3187 0.3215 0.4111 0.4236

SP-Nikkei Model 1 0.0000 0.0000 0.0000 0.0000
Model 2 0.0037 0.0061 0.0022 0.0035
Model 3 0.5519 * 0.5697 * 0.4321 * 0.4619 *
Model 4 0.2591 0.2350 0.2469 0.2703
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Table 9. Cont.

Markets Model MSE MAD

Developing
Country

SP-BVSP Model 1 0.0000 0.0000 0.0000 0.0000
Model 2 0.2551 0.2369 0.3116 0.3216
Model 3 0.2248 0.2389 0.3002 0.3211
Model 4 1.0000 * 1.0000 * 1.0000 * 1.0000 *

SP-SSEC Model 1 0.0000 0.0000 0.0000 0.0000
Model 2 0.1126 0.1269 0.1339 0.1587
Model 3 0.2338 0.2698 0.2196 0.2268
Model 4 1.0000 * 1.0000 * 1.0000 * 1.0000 *

SP-MXX Model 1 1.0000 * 1.0000 * 1.0000 * 1.0000 *
Model 2 0.0000 0.0000 0.0000 0.0000
Model 3 0.0000 0.0000 0.0000 0.0000
Model 4 0.0000 0.0000 0.0000 0.0000

SP-BSESN Model 1 0.0000 0.0000 0.0000 0.0000
Model 2 1.0000 * 1.0000 * 1.0000 * 1.0000 *
Model 3 0.0011 0.0023 0.0017 0.0035
Model 4 0.8613 0.8814 0.7613 0.7891

SP-SET Model 1 1.0000 * 1.0000 * 1.0000 * 1.0000 *
Model 2 0.0000 0.0000 0.0000 0.0000
Model 3 0.0000 0.0000 0.0000 0.0000
Model 4 0.0000 0.0000 0.0000 0.0000

Note: (*) indicates the best forecasting model.

According to the MCS test results in Table 9, mixed results are reported. All test statistics indicate
that forecasts of correlation based on the dynamic copula with two AGIs (Model 4) is significantly more
accurate than other competing models for SP-FTSE, SP-TSX, SP-DAX, and SP-BVSP stock market pairs.
We also find that dynamic copula with US AGI (Model 2) provides better out-of-sample correlation
forecasts than other models for the SP-BSESN pair. Considering the dynamic copula with non-US
AGI (Model 3), we find that this model predicts SP-DAX and SP-Nikkei pairs well. However, for the
remaining stock market pairs of SP-STI, SP-MXX, and SP-SET, we find that dynamic copula without
AGI (Model 4) is the best one. According to MCS test results, it can be concluded that if the Google
Trends data is considered as the predictor variable in the dynamic copula model, the better contagion
prediction is obtained.

5. Conclusions

Our investigation of the contagion effect from the US stock market to 10 international stock markets
(developing and developed markets) was developed using dynamic copula based GARCH models.
We proposed a new approach for predicting the contagion effect by incorporating Google Trends
data as the additional exogenous variables in the time-varying dependence equation. Subsequently,
five copula families consisting of Gaussian, Student’s t, Clayton, Gumbel, and Frank were considered,
and AIC values selected the best fit for each of the pairs (one international market and the US market).
We divided our study period into three sub-periods referred to as pre-crisis (4 January 2004, to 31 July
2007), crisis (1 August 2007, to 31 December 2012), and post-crisis (4 January 2008, to 30 December
2018). To examine the contagion effect, Kendall’s tau was used for comparing the correlations between
the crisis period and the non-crisis period. Additionally, we employed the likelihood ratio test to test
whether the copula likelihood of the dynamic copula with the AGI model is significantly better than
the copula likelihood of the copula without AGI.

In a nutshell, the results from the static copulas and Kendall’s tau demonstrate the correlation
between the US stock market and all stock markets (except China, Canada, and India) is higher during
the crisis period than during the normal period. However, the results of the dynamic copula models
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provide evidence that the correlation between the US stock market and other stock markets increases
markedly in 2008, corresponding to the US financial crisis. Either positive or negative correlation across
market pairs is observed during this period, indicating that the contagion effect increased during the US
financial crisis. Finally, we examined the predictive power of the Google Trends data in predicting the US
contagion effect, and the likelihood ratio test, as well as MCS, show that seven out of 10 pairs reject the
null hypothesis that the model with AGI and that without AGI perform equally well. This result indicates
that Google Trends data can improve the prediction of time-varying copula dependence. We find that the
contribution of Google Trends to contagion prediction varies across stock market pairs. If the correlation
presents a high fluctuation, AGI seems to play a significant role in predicting this time-varying correlation.
This result proves the usefulness of AGI in predicting contagion. Finally, our empirical results may be
useful for policymakers and investors for predicting the contagion effect of one stock market to another
stock market, as well as providing potentially significant implications for risk management.

As co-movement patterns of stock market pairs tend to change significantly during a financial crisis,
our dynamic copula model may not be appropriate for capturing the structural change of the dependence.
It has a possibility of regime-switching behavior in dependence structures. Future studies should also
explore the contribution of the Google Trends data to the dependence using Markov-switching dynamic
copulas to capture asymmetry in the form of high dependence and low dependence regimes. In addition,
our model could be extended to search on the impact of Google Trends data on the risk contagion not
only through correlation but also through all moments of the distribution. For this purpose, it can be
implemented by the model of Del Brio et al. [45] and Del Brio et al. [46]. Lastly, it is interesting for further
research to examine the contagion effect of oil prices and the exchange rate on stock markets.
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Appendix A

Appendix A.1 The Model for the Marginal Distribution

The stock index normally exhibits a fatter tail, skewness, and higher peak. In this study, we employed
GARCH (1,1) with skewed Student’s t distribution to model the marginal distribution for each index
return. Let Rit and hit be the return and its conditional variance of index i at time t, respectively. The model
can be written as follows:

Rit = ui + εit, (A1)

hit = ωi + αiε
2
it−1 − βihit−1, (A2)

ηit = εit/h1/2
it , (A3)

where ui is the intercept term of the mean equation, Equations (A1) and (A2) present the conditional variance
and ωi,αi,βi are parameters to be estimated. The restrictions in Equation (A2) include ωi > 0, αi,βi > 0 and
αi + βi ≤ 1 for assuring hit > 0 and stationary variance. εit is a residual term. ηit Equation (A3) presents
the standardized residuals which are assumed to have a skewed-t distribution ηit ∼ skewed− t(vi,λi).
The density of this distribution is given by

skewed− t(v,λ) =


bc

(
1

v−2

(
bz+a
1−φ

)2
)−v+1/2

, η < −a/b

bc
(

1
v−2

(
bz+a
1+φ

)2
)−v+1/2

, η ≥ −a/b
, (A4)
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where a, b and c can be defined as: a ≡ 4φc(v− 2/(v− 1)), b ≡ 1 + 3φ2
− a2, and c =

(Γ(v + 1/2))/
(√
π(v− 2)Γ(v/2)

)
. Note that −1 < φ < 1 and 2 < v <∞ are kurtosis and asymmetry

parameters, respectively.

Appendix A.2 Basic Concepts of the Copula

Following Sklar’s theorem [41], copula function C(·), is defined as the joint distribution of
cumulative distribution function F(·). If we have two random variables x and y, the joint distribution
H(x, y) can be defined as

H(x, y) = C(F1(x), F2(y)), (A5)

where F1(x) and F2(y) are the marginal distribution of x and y, respectively. If F1(x) and F2(y) are
continuous, the Copula function associated with H(·) is unique and may be computed by

C(u, v) = H(F−1
1 (u), F−1

2 (v)), (A6)

where F−1(·) is the inverse function. u and v are uniform [0, 1] variables, where u = F1(x) and
v = F2(y).

The way for constructing the dynamic copula or time-varying copula was first introduced by
Patton [36,37]. As the bivariate copula case is considered in our empirical analysis, a general structure
of the joint conditional bivariate distribution is expressed as follows:

Ht(x, y|Gt−1 ) = C(F1,t(x|Gt−1 ), F2,t(y|Gt−1 )|Gt−1 ), (A7)

where F1,t and F2,t are, respectively, the conditional distribution of x|Gt−1 and y|Gt−1 , given conditional
set Gt−1.
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43. Fiszeder, P.; Fałdziński, M. Improving forecasts with the co-range dynamic conditional correlation model. J. Econ.
Dyn. Control 2019, 108, 103736. [CrossRef]

44. Hansen, P.R.; Lunde, A.; Nason, J.M. The model confidence set. Econometrica 2011, 79, 453–497. [CrossRef]
45. Del Brio, E.B.; Mora-Valencia, A.; Perote, J. Semi-nonparametric VaR forecasts for hedge funds during the

recent crisis. Phys. A Stat. Mech. Appl. 2014, 401, 330–343. [CrossRef]
46. Del Brio, E.B.; Mora-Valencia, A.; Perote, J. The kidnapping of Europe: High-order moments’ transmission

between developed and emerging markets. Emerg. Mark. Rev. 2017, 31, 96–115. [CrossRef]

© 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

http://dx.doi.org/10.1109/TAC.1974.1100705
http://dx.doi.org/10.1016/j.mulfin.2017.10.006
http://dx.doi.org/10.3390/economies7010015
http://dx.doi.org/10.1016/j.jedc.2019.103736
http://dx.doi.org/10.2139/ssrn.522382
http://dx.doi.org/10.1016/j.physa.2014.01.037
http://dx.doi.org/10.1016/j.ememar.2017.03.002
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Methods 
	Bivariate Dynamic Copulas 
	Estimation of Copulas: The Inference for Margins Method (IFM) 

	Data and Summary Statistics 
	Results and Discussion 
	Marginal Model 
	The Degree of Contagion: Static Copula 
	Dynamic Copula with Google Trends 
	The Out-of-Sample Forecasting Performance 

	Conclusions 
	
	The Model for the Marginal Distribution 
	Basic Concepts of the Copula 

	References

