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Abstract
Since the beginning of the twenty-first century, several pandemics, including SARS
and COVID-19, have spread faster and on a broader scale. Not only do they harm peo-
ple’s health, but they can also cause significant damage to the global economy within
a short period of time. This study uses the infectious disease EMV tracker index
to investigate the impact of pandemics on the volatility spillover effects of global
stock markets. Spillover index model estimation is conducted using the time-varying
parameter vector autoregressive approach, and themaximum spanning tree and thresh-
old filtering techniques are combined to construct the dynamic network of volatility
spillovers. The conclusion from the dynamic network is that when a pandemic occurs,
the total volatility spillover effect increases sharply. In particular, the total volatil-
ity spillover effect historically peaked during the COVID-19 pandemic. Moreover,
when pandemics occur, the density of the volatility spillover network increases, while
the diameter of the network decreases. This indicates that global financial markets
are increasingly interconnected, speeding up the transmission of volatility informa-
tion. The empirical results further reveal that volatility spillovers among international
markets have a significant positive correlation with the severity of a pandemic. The
study’s findings are expected to help investors and policymakers understand volatility
spillovers during pandemics.
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1 Introduction

Ever since 2000, six public health emergencies of international concern (hereinafter
referred to as PHEIC) have occurred, including the H1N1 pandemic in 2009 and
the COVID-19 pandemic that broke out at the end of 2019. Such pandemics not
only inflicted severe loss of lives but also greatly affected the global economy. As
Mensi et al. (2017) pointed out, the global financial system is becoming increasingly
complex, and the intertwined structure of financial markets has led to the spread of
risks throughout the financial system. Events such as terrorism, financial crises, or
pandemics lead to huge spreads of shocks between stock markets (Arin et al. 2008;
Ben Rejeb and Arfaoui 2016; Khan et al. 2020).

Compared with other extreme events, a pandemic may take a long time before it
can inflict damage on the economy; however, it can still cause rapid and intense stock
market fluctuations (Yang et al. 2020a, b). For example, the announcement of the first
confirmed case of COVID-19 in Saudi Arabia had a significant negative effect on the
Saudi stock market (Sayed and Eledum 2021). The day after the COVID-19 pandemic
was declared a PHEIC, the US stock market plummeted by 10%. Furthermore, its
spread to Europe also caused the European stock markets to drop in unprecedented
proportions (Capelle-Blancard and Desroziers 2020). Stock markets worldwide had
different reactions to various stages of the COVID-19 pandemic. In particular, Ashraf
(2021) found that stock markets responded negatively to growth in confirmed cases.
From the outbreak phase to the pandemic itself, the US market had a significantly
negative reaction toCOVID-19 (Ramelli andWagner 2020), andvolatility in developed
stock markets continued to rise (Ali et al. 2020).

Meanwhile, different pandemics may have varying impacts. For instance, Nippani
and Washer (2004) concluded that SARS had no negative impact on the affected
countries’ stock markets, with the exception of China and Vietnam. Macciocchi et al.
(2016) showed that ZIKV shocks do not seem to have a relevant and persistent effect
on stock returns. Funck and Gutierrez (2018) found that only some industries were
significantly impacted by both positive and negative Ebola news days. Valle-Cruz et al.
(2021) concluded that the COVID-19 pandemic’s duration and impact on economies
and stock markets were much greater than those of H1N1.

Given the severe impact of pandemics on stock markets, there is an urgent need to
study how they affect the volatility spillovers of international stockmarkets. Chen et al.
(2018) confirmed that a pandemic may weaken the long-term relationship between
the country at the center of such a pandemic and other stock markets. Okorie and Lin
(2021) found a fractal contagion effect of the COVID-19 pandemic on stock markets.
Although these studies confirmed that pandemics lead to the spread of risks across
markets, they are unable to offer explanations for the varying impacts of different
pandemics. Therefore, this study aims to improve our understanding of the impacts
of pandemics on the volatility spillovers of international stock markets. In particular,
it uses the spillover index, network, and regression models to analyze the dynamic
volatility spillover effects among stock markets.

The spillover indexmethod proposed byDiebold andYilmaz (2012, 2014) under the
framework of the vector autoregression (VAR)model based onvariance decomposition
can describe the influence brought about by the internal information transmission

123



The impact of pandemic on dynamic volatility spillover net… 2117

of a system. However, the Diebold–Yilmaz (DY) model is based on a sliding time
window; thus, different window choices will have varying degrees of impact on the
analysis results. Fortunately, Antonakakis et al. (2020) and Liu and Gong (2020) used
a combination of the time-varying parameter vector autoregressive model (TVP-VAR)
and the DY method (hereinafter referred to as the “TVP-DY model”), which solved
the problem of data loss caused by sliding windows and improved the accuracy of
the evaluation. Therefore, the current paper uses the TVP-DYmethod of Antonakakis
et al. (2020) and Liu and Gong (2020) to obtain the time-varying dynamic volatility
spillover index. Then, the method of complex networks is applied to study volatility
spillovers among different stock markets during pandemics, which is considered to
be an effective tool for analyzing the spillover correlation of volatility in various
markets (Barigozzi and Hallin 2017; Egger and Zhu 2021; Hasse 2022). In addition,
the minimum spanning tree (MST) and threshold methods are combined to reduce
noise and retain as much useful information as possible. Meanwhile, to study the
varying impacts that different pandemics may bring, we used the Infectious Disease
EMVtracker index (EMVID) constructed byBaker et al. (2020) to quantify the severity
and duration of a pandemic. Their data, collected since January 1985, include all seven
severe pandemic events recorded in recent years, such as SARS and COVID-19.

Our study makes three contributions to the literature compared with previous stud-
ies. First, the empirical analysis indicated that volatility spillovers among international
markets have a significantly positive correlation with the severity of a pandemic,
wherein the more severe it is, the faster the transmission of volatility information.
Indeed, previous studies have looked closely at the financial contagion of a specific
pandemic and have not compared dynamic volatility spillovers across several pan-
demics. Second, this study uses the EMVID established by Baker et al. (2020) to
quantify pandemic outbreaks, which can not only reflect their severity but also their
durations. This is also the first time the EMVID has been used to measure the impact
of pandemics on risk spillovers among global stock markets. The TVP-DY method is
also used to construct the dynamic volatility spillover network to investigate volatil-
ity spillovers among different markets, thus avoiding the problem of information loss
caused by slidingwindows. Finally, we combined theMST and threshold dual-filtering
techniques for the first time, which can better reduce noise and retain the effective
information of a temporal network.

The remainder of the paper is organized as follows: the second section presents the
literature review, the third section introduces the methods, the fourth section provides
our empirical findings, and the fifth section summarizes the research.

2 Review of the literature

Our research is highly relevant to volatility spillovers across markets. Previous studies
have confirmed that volatility in a single market spills over into other markets (Bekaert
and Campbell 1997, 1995; Gamba-Santamaria et al. 2019; McIver and Kang 2020;
Prasad et al. 2018; Syriopoulos et al. 2015; Wongswan 2006). Furthermore, there are
higher levels of risk spillovers, especially when extreme events occur. For example,
during the 1987 US stock market crash, the level of dependence of major global stock
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markets increased (Pindyck and Rotemberg 1993). Similarly, the East Asian and Latin
American stock markets’ dependence levels increased significantly during the crisis
(Rodriguez 2007). Ji et al. (2018) have demonstrated that extreme events have an
impact on the intensity of information transmission in stock markets. Liu et al. (2020)
found that the stock indexes of major countries and regions affected by the COVID-19
pandemicwere negative affected. At the same time, scholars have analyzed the reasons
for the different impacts of extreme events. For instance, Cho et al. (2015) found that
the larger the economic size of a country, the wider the scope and the longer the
duration of the impact. Ben Rejeb and Arfaoui (2016) confirmed that during various
crises, the spread of volatility is closely related to the degree of geographic proximity.

To explore the heterogeneity of extreme events, scholars have begun to use some
tracking indicators to measure the severity and duration of extreme events. For exam-
ple, Arin et al. (2008) used the terrorism index to measure the risk of terrorist attacks
and further analyzed stockmarkets’ returns and volatility changes. Beirne et al. (2013)
used the Chicago Board Options exchange volatility index (VIX) to identify stock
volatility and risk spillovers caused by shocks. Dakhlaoui and Aloui (2016) concluded
that the uncertainty of US economic policy has a volatility spillover effect on the stock
returns of BRICS countries in the short term and that a time-varying correlation exists
between them in the long term. Caldara and Iacoviello (2018) constructed a geopo-
litical risk index (GPR index) to measure the occurrence of wars, terrorist attacks,
and other events between countries or regions. The EMVID tracker developed by
Baker et al. (2020) is typically used to analyze the impacts of infectious diseases on
stock markets. For example, Bai et al. (2021) used this index to confirm the impact of
infectious disease pandemics on the volatility of single markets.

In the study of volatility spillovers, especially those caused by extreme events,
research methods are constantly updated. For example, the DCC GARCH model
(Engle 2002) can model multivariate conditional volatility and the flexibility of
its time-varying correlation. Many scholars have applied this model to analyze the
dynamic relationship between economic indicators and to explore the internal mecha-
nisms of economic fluctuations (Aslanidis et al. 2010; Dimitriou et al. 2013; Ehrmann
et al. 2011; Filis et al. 2011). However, it is unable to reveal the volatility spillover
direction and time-varying characteristics among markets. To describe the dynamics
of volatility spillovers, Diebold and Yilmaz (2012, 2014) proposed the spillover index
method, which is based on the variance decomposition structure of the VAR model. It
can not only measure the overall spillover intensity between markets, but also subdi-
vide the directional spillover intensity and that between specific markets, intuitively
reflecting the relationship between such variables. However, the DY method also has
shortcomings. Based on the sliding time window, different window selections may
affect the accuracy of the analysis results to a certain extent. To compensate for the
deficiency of the DYmethod, Antonakakis et al. (2020) and Liu and Gong (2020) pro-
posed a new method that calculates the time-varying volatility spillover indexes based
on the time-varying parameterVARmodelwith stochastic volatility.Using thismethod
can obtain clearer and more stable time-varying patterns of volatility spillovers.

Furthermore, the emerging network analysis methods proposed in recent years have
provided new tools for the study of cross-market volatility spillovers. Information
asymmetry, clustering, and small-world property provide additional indications of
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profound similarities between complex and financial networks (Kyrtsou et al. 2019).
Related to these, Allen andGale (2000) developed a financial risk propagation network
model, while Acemoglu et al. (2016), Cabrales et al. (2017), Kumar et al. (2020), and
Elliott et al. (2021) applied network methods to analyze financial risk contagions and
volatility spillovers in the global market.

In view of the continuing serious impact of the COVID-19 pandemic, this paper
aims to study whether pandemics can affect the volatility spillovers of stock markets.
Unlike previous studies, we focused on whether the severity of extreme events causes
differences in volatility spillover effects. We adopted the EMVID indicator to quantify
the duration and severity of pandemics and then used the empirical method to analyze
the impacts of pandemics on volatility spillovers. At the same time, to avoid defects in
the original DY model, the TVP-DY model is used to estimate the parameters of the
spillover index model. Finally, the combined MST–threshold dual-filtering technique
is used to filter the temporal network. The specific method construction process is
shown in the next section.

3 Methods

3.1 TVP-DYmodel

To reveal the volatility spillover effects between stock markets, we used the TVP-DY
model proposed by Antonakakis et al. (2020) and Liu and Gong (2020). According to
Antonakakis et al. (2020) and Mandaci et al. (2020), we built a TVP-VAR model as
follows:

Yt =
p∑

i

βt Yt−i + εt , εt ∼ N (0, St ) (1)

βt = βt−1 + vt , vt ∼ N (0, Rt ) (2)

Yt = Atεt−1 + εt (3)

where object set Yt and noise term εt are all N × 1 vectors; βt depends on βt−1
and have a Np × Np variance–covariance matrix; vt is a N 2 p × 1 vector; St and
Rt are the N × N and N 2 p × N 2 p matrices, respectively; and p is the optimal lag
length of the TVP-VAR model measured by AIC and SC. The detailed model setting
and derivation process can be seen in Antonakakis et al. (2020). Meanwhile, we can
obtain the generalized forecast error variance decompositions as follows:
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where � represents the covariance matrix of εt , σ
−1
j j is the standard error of εt , and e j

represents a vector with the j-th unit value 1. Thus, the variance decomposition matrix
Di j (h) reflects the spillover effect from markets j to i, which is expressed as follows:

Di j (h) =

⎧
⎪⎪⎨
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d11
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. . .
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. . .

. . .

. . .

. . .

d1N
d2N
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dNN

⎫
⎪⎪⎬

⎪⎪⎭
(5)

To analyze the spillover effect, we standardized the total spillover effect of each
row as 1, after which we defined the standard of di j (h) as li j (h) with the detailed
format shown in Eq. (6):

lij(h) = dij(h)
∑N

i dij(h)
(6)

Then, the total connectedness (or spillover) index (TCI) is given by:

TCI(h) = 100 ×
∑N

i, j=1,i �= j li j (h)
∑N

i, j=1 di j (h)
(7)

We can calculate the net pairwise directional connectedness (NPDC) as follows:

NPDCi← j = lij − lji (8)

3.2 Dual-filter temporal network

In this section, we construct a new fully connected directed temporal network
(Gt (Vt , Et )) with different stock indexes as nodes and NPDC as edges. In particu-
lar, Gt represents the t-th day’s spillover network, Vt represents the set of nodes, and
Et is the set of edges. The temporal network not only reflects the risk spillover rela-
tionship between different stock markets on day t but also the daily changes of these
spillover relationships.

Due to the noise in the fully connected network, we must deal with the noise
reduction of the network. Related to this, the minimum spanning tree (MST) and
threshold techniques are two popular approaches to removing redundant edges. The
MSTmethod can ensure network connectivity, although it typically deletes someuseful
information. Meanwhile, the threshold method can retain most of the information in
the network but is unable to ensure that the network is connected. Given the pros and
cons of both methods, we improved the new temporal network by using a combination
of the MST–threshold dual-filtering methods.

First, we filtered the fully connected temporal network with the MST algorithm
proposed by Prim (1957) so that we could obtain an MST network G1

t (Vt , Et ). Then,
we filtered the fully connected temporal network using the threshold method. We

123



The impact of pandemic on dynamic volatility spillover net… 2121

defined the threshold by the average of all the NPDC based on the TVP-DY model
and then deleted the edges under the threshold value. In this step, we obtained another
filter networkG2

t (Vt , Et ). Finally, we selected all edges inG1
t (Vt , Et ) andG2

t (Vt , Et )

to obtain the dual-filtering directed network G3
t (Vt , Et ).

3.3 Measures of the dual-filter temporal network

Thewhole system index, such as network density, network diameter, and singlemarket
index (e.g., degree, closeness, eigenvector, and betweenness centrality), are analyzed
in our paper. As these indicators are common in complex networks and would be
explained in detail in the analysis later, in this section, we only present the formula
and basic explanation for the day t network G3

t (Vt , Et ).

(1) Network density (N_Den)

NDen = M

N (N − 1)
(9)

where M represents the respective numbers of edges and nodes.

(B) Network diameter (N_Dia)

NDia = max
{
dm,n

}
(10)

where dm,n represents the distance between node m and node n.

(C) Degree centrality (NC)

NC(i) = 1

N (N − 1)

n∑

j=1

ai, j (11)

where NC(i) represents the degree centrality of node i , and ai, j=1 if the node
j is connected to i or node i is connected to j . Then, we obtain the following
formula:

NC_in(i) = 1

N (N − 1)

n∑

j = 1

bi, j (12)

where NC_in(i) represents the in-degree centrality of node i , and bi, j = 1 if the
node j is connected to i .

NC_out(i) = 1

N (N − 1)

n∑

j = 1

ci, j (13)

where NC_in(i) represents the out-degree centrality of node i , and ci, j = 1 if
node i is connected to j .
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(D) Closeness centrality

CC(i) = N − 1
∑N

j = 1
j �= i

dij
(14)

where CC(i) represents the closeness centrality of node i and di j represents the
distance between nodes i and j .

(E) Eigenvector centrality

EC(i) = 1

λ

n∑

j = 1

aijx j (15)

Eigenvector centrality means that the importance of a node depends not only on the
number of its neighbors (i.e., the degree of the node), but also on the importance of
each neighbor node. In Eq. (15), λ is a constant; ai j is the adjacency matrix of node xi ,
where ai j = 1 when node j is the neighbor of node i ; and x j represents the importance
measure of node j .

(F) Betweenness centrality

BC(i) = 2

(N − 1)(N − 2)

∑

1≤ j<l≤N

n jl(i)

n jl
(16)

where BC(i) represents the betweenness centrality of node i , n jl is the number of the
shortest path between node j and node l, and njl(i) is the number of the shortest path
between node j and node l when the shortest path passes node i .

3.4 Impact of pandemics on stockmarkets

In this study, we also aim to explore the impact of EMVID on the global stockmarkets.
Specifically, we investigated its influence on the risk spillover effect and structures of
spillover networks using OLS regression as follows:

yt = α + βEMVIDt + Controlst + εt (17)

where εt is the noise term; Controlst are the control variables in this paper, namely,
VIX, term spread, and stock uncertainty; yt represents the dependent variables, which
are categorized into overall indicators (e.g., total spillover index, network density, and
network diameter) and individual indicators (e.g., net spillover effect of each country).
The overall indicators reflect the impacts of the EMVID on all stock markets, while
the individual indicators reflect the impact of the EMVID on single stock markets.
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Table 1 Representative stock
market and corresponding index Developed Emerging

Markets Stock indices Markets Stock indices

The USA S&P 500 China SSE

The UK FSTE 100 India SENSEX 30

France CAC40 Russia RTS

Germany DAX Brazil IBOVESPA

Japan NIKKEI 225 South Africa JSE

South Korea KOSPI

Hong Kong HSI

4 Empirical results

4.1 Data

Our sample includes the daily data of the stock return indices of 12 markets. Referring
to the research of Ji et al. (2018), Belaid et al. (2021), and Zhang et al. (2021), we chose
the representative developed markets in the USA, the UK, France, Germany, Japan,
South Korea, and Hong Kong. In addition, we chose BRICS countries to represent the
emerging markets, including China, India, Russia, Brazil, and South Africa. Due to
the availability of data, our sample period is from August 1, 2002 to September 29,
2020; we deleted the missing data of the trading day index due to different holidays.1

Finally, we obtained 3390 observations of daily data, which were collected from the
WIND database. The specific selected indices are shown in Table 1.

4.2 Total spillover and net spillover effects

Figure 1 presents the results of the total volatility spillover effect in the global market.
The total spillover effect is time-varying, and when extreme events occur, it tends
to rise sharply. For instance, the total spillover effect showed a rising trend in both
the 2008 financial crisis and the 2009 European debt crisis. The results support the
findings ofBenSaida andLitimi (2021).Unlike previous studies,we found a significant
increase in total spillovers during the pandemic. Such an increase in 2003 coincided
with the emergence of SARS. On February 1, 2016, the World Health Organization
(WHO) declared the ZIKV pandemic a PHEIC. During this period, the total spillover
effect increased sharply. The COVID-19 outbreak at the end of 2019 affected not only
people’s health but alsofinancialmarketsworldwide, and such an impact rapidly spread
across international stock markets. On January 30, 2020, COVID-19 was officially
declared a PHEIC, and the total spillover effect reached its highest point in history.
To explain the particular impact of pandemics, many scholars have pointed to panic

1 Addressing the problem of asynchronous trading in global stock markets, Callot, Kock, and Medeiros
(2017) found that the results are robust to variations in the data-cleaning procedure, as only very few
observations are censored.

123



2124 T. Lan et al.

Fig. 1 Total spillover effects

as a reason for the overall negative impact of public health events on stock markets
(Donadelli et al. 2017; Ichev and Marinč 2018; Yan 2020).

The net spillover effects of developed and emerging markets are shown in Figs. 2
and 3, respectively. Developedmarkets are net risk transmitters over the sample period,
while emerging markets serve as net risk receivers. The US stock market is identified
as the main net transmitter of volatility spillover, followed by the European stock
markets. Net spillovers fluctuate substantially when extreme events occur, especially
those originating fromextreme events.As shown inFig. 2, in 2009, theH1N1pandemic
broke out in the USA on a large scale. This event, characterized by a relatively high net
spillover effect, spread to 214 countries and regions, causing nearly 200,000 deaths.
In the UK, the net volatility spillover effects from 2016 to 2020 kept decreasing until
it was transformed into a risk receiver. This may be attributed to the four-year Brexit
turmoil period that began in 2016. Furthermore, after the 2008 financial crisis and
the 2009 European debt crisis, the net volatility spillover effect indexes in Germany
and France fell. As both countries are EU members, the same Brexit turmoil period
led them to share risks, turning them into risk receivers as well. While South Korea,
Japan, and Hong Kong are developed financial markets, most of the time, they behave
like emerging markets. In particular, during the MERS epidemic in South Korea in
the second half of 2015, its net spillover index was positive. The performances of
emerging markets can be seen in Fig. 3, which shows that they are mostly receivers
of volatility spillover risks. However, Fig. 3 also reveals that after the outbreak of
the COVID-19 pandemic, China’s absolute value became smaller, even though its
net spillover index was negative. This indicates that during the COVID-19 pandemic,
financial risks in the Chinese market spread to other markets. In general, the source of
extreme events is more likely to be the source of volatility spillovers, but those caused
by developed markets tend to be larger and longer lasting. However, the impact of a
PHEIC is different.Moreover, the extent andmagnitude of the impact are related to the
severity of a pandemic, not to the size of the economy where the outbreak originated.
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Fig. 2 The net spillover effects of developed markets

4.3 Characteristics of the dynamic network

4.3.1 Network basic index

(1) Network density

Figure 4 shows the network density of the global stock market. As can be seen, the
change trends of network density and the total spillover effect are consistent. In the
absence of extreme events, the fluctuation of network density is small. However, in the
second half of 2003, the network density suddenly showed a significant drop, which
may be due to the outbreak of SARS in China. Chen et al. (2018) suggested that the
SARS pandemic has indeed weakened the integration of Asian stock markets. Next,
the 2008 financial crisis, the 2009 European debt crisis, and the H1N1 pandemic suc-
cessively appeared, and during these crises, the correlation between markets became
stronger. However, after the crisis, network density continued to decline, consistent
with the findings of BenSaida et al. (2018).
From mid-2012 to mid-2017, network density experienced steady fluctuations and
steadily declined. This may be attributed to countries being in the process of recovery
after the crises and not being highly correlated with other markets. From the second
half of 2017 to February 2018, network density rose rapidly, and during this period,
global stocks were largely in a bull market. The global stock markets are increasingly
interconnected because a decade after the 2008 financial crisis, central banks around
the world continue to run supportive monetary policies, thus improving the global
economy.
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Fig. 3 The net spillover effects of emerging markets
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Fig. 4 Network densities and diameters of global markets

However, from early 2018 to early 2020, the network density gradually decreased,
which can be attributed to the Trump administration’s announcement regarding a
series of antidumping tariffs against China in February 2018. In response, the Chinese
government also implemented a series of countermeasures. Since then, the world
economy has entered a period of great uncertainty, and cross-market correlations have
weakened accordingly.

From the beginning of February 2020, the density of the network rose rapidly,
reached a peak, and then dropped rapidly. This can be attributed to theWHO officially
recognizing the COVID-19 pandemic as a PHEIC on January 31, 2020, which spread
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panic around the world. Since then, many countries have not had enough production
capacity to meet the demands of international trade, and the economic links among
countries have weakened. Hence, network density has continued to decline.

(B) Network diameter

According to Chaintreau et al. (2007), the diameter of a network is an upper bound
on the number of intermediate hops needed to find at least one path between any two
nodes. In other words, the network diameter value should be smaller when a network
is more closely connected. As shown in Fig. 4, the results for network diameter and
network density are consistent. For example, before 2004, global financial markets
were not highly correlated, so the value of the network diameter was large. After 2004,
with the continuous strengthening of global financial connections, the value of the
network diameter kept dropping, indicating increasingly rapid volatility information
transmission between any two nodes. Among these, the value of some special nodes
is consistent with the real situation. For example, in 2003, 2009, and early 2020, the
network diameter values were at the bottom of the peak due to the SARS, H1N1,
and COVID-19 pandemic outbreaks, which quickly spread risks across stock markets
worldwide.

Figure 5 shows the in-degree and out-degree of the spillover volatility dynamic
network in developedmarkets. The greater the in-degree of the node, the greater the risk
reception of the stock market, while the greater the out-degree of the node, the greater
the intensity of risk contagion in the stockmarket. During the entire sample period, the
USA has always served as a financial risk transmitter. In particular, when the H1N1
pandemic broke out in theUSA in 2009, it caused a significantly negative impact on the
global market. Similarly, before the European debt crisis in 2009, Germany, France,
and the UK were also net transmitters of financial risks. However, after the European
debt crisis, the European stock market suffered a huge negative impact, and the ability
of financial institutions to resist risks declined. In the dynamic volatility spillover
network, they gradually played the role of risk receivers. Unlike traditional developed
markets, Japan, South Korea, and Hong Kong have always been risk receivers in the

Fig. 5 In- and out-degree of the dynamic network (developed markets)
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Fig. 6 In- and out-degree of the dynamic network (emerging markets)

global stock network. This may be due to the fact that the Asian markets experienced
the Asian financial crisis that started in 1997. This crisis has had a long-lasting impact
and these Asian stock markets have not yet recovered to their pre-crisis level.

As shown in Fig. 6, BRICS markets mainly acted as receivers of risk transmission
in the network. However, with the continuous development of BRICS countries, the
contagious power of their financial risks has also increased. In particular, when special
events occur, the financial risks of these emerging markets will spill over to other
markets on a large scale. This may be because these emerging countries occupy an
important position in the raw material processing trade, and once they stop producing,
the world economy will stagnate. For example, at the end of 2019, when COVID-19
first broke out in Wuhan, China, the country immediately suspended production to
fight the pandemic. China’s stock market in the first half of 2020 became sluggish,
and this downturn quickly affected the stock markets of other countries. This example
serves as a reminder of the serious consequences of a pandemic on stock markets.

4.3.2 Degree centrality

Figures 7 and 8 present the dynamic results of the in- and out-degree centralities of
the developed and emerging markets in the dynamic network, respectively. Degree
centrality measures the importance of a node in the network, in which the greater
its value, the higher the position of this market in the stock risk network. With the
higher centrality of the out-degree, the market is in an important position for risk
transmission, and it can quickly spread the risk to other markets. Furthermore, the
higher the in-degree centrality, the greater risks the country is likely to receive. As
shown in Figs. 7 and 8, the out-degree centrality of the USA far exceeds that of
other countries. This means that the USA occupies the most important position in the
stock volatility spillover dynamic network, and its stock market fluctuations can easily
affect other markets. In addition, the out-degree centrality values of other developed
markets are also higher, indicating that these markets have a greater influence on the
entire volatility spillover network and can cause volatility in stock spillovers to other
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Fig. 7 In- and out-degree centrality of the dynamic network (developed markets)

Fig. 8 In- and out-degree centrality of the dynamic network (emerging markets)
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markets. In emerging markets, the value of the out-degree centrality is always small
and only increases when extreme events occur in such markets.

Figure 8 reveals the changing status of BRICS markets in the volatility spillover
network, thus proving the time-varying relationship of volatility spillovers. As can be
seen, South Africa and Brazil have similar results. This can be attributed to the fact
that Brazil and South Africa are both resource-rich countries with relatively similar
industrial structures. Meanwhile, from the results of China’s degree centrality, it can
be seen that starting in 2016, the country’s influence on the volatility spillover network
has been increasing. This is because since the 2008 and 2012 financial crises, China’s
GDP growth rate has become the fastest in the world, and its impact on the global
economy has continued to increase. Before 2012, India’s degree centrality was close
to 0, indicating that its stock market had little influence on the world market during
this period. Russia’s results showed that after 2014, the results were close to zero. The
likely reason is that Europe imposed economic sanctions on Russia during this period.

4.3.3 Closeness centrality

Figures 9 and 10 depict the dynamic process of closeness centrality. Closeness cen-
trality measures whether a node is at the center of the network, in which the higher
the value of closeness centrality, the more likely it is that the node is in the center of
the network. Figure 9 shows that the value of closeness centrality in the USA is close
to 1, indicating that it has always occupied a dominant position in the network. The
values in other developed markets are also relatively high, with an average value of
around 0.5. However, in Fig. 10, it can be seen that most BRICS markets have low

Fig. 9 Closeness centrality of the dynamic network (developed markets)
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Fig. 10 Closeness centrality of the dynamic network (emerging markets)

values of closeness centrality. For example, the average values for China, India, and
Russia are close to 0. This indicates the low financial status of emerging markets.

4.3.4 Betweenness centrality

Betweenness centrality reflects the role of a node in the process of risk transmission
in the volatility spillover network, in which the greater the value of betweenness
centrality, the more important the role of a node in risk transmission. Figures 11 and
12 clearly show the low betweenness centrality values of the developed and BRICS
markets, respectively. This may be because the contagion of stock market risks is very
direct and does not go through an excessively lengthy transmission path. However,
comparingFigs. 11 and12,we can see that developedmarkets are likely to play a higher
intermediary role in the volatility spillover network. This also shows that developed
markets are able to transfer risks well when they are affected by other markets, and
that the emerging markets can only serve as risk receivers.

4.3.5 Eigenvector centrality

The value of eigenvector centrality represents the condition that if the importance
of the neighboring nodes of a certain node is very high, then the latter’s importance
also increases accordingly. In other words, with the increase in the volatility spillover
intensity of other stock markets, which have a direct volatility spillover relationship
with a certain stock market, the spillover intensity of that stock market also increases.
By comparing Figs. 13 and 14, we find that the value of the eigenvector centrality
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Fig. 11 Betweenness centrality of the dynamic network (developed markets)

Fig. 12 Betweenness centrality of the dynamic network (emerging markets)

123



The impact of pandemic on dynamic volatility spillover net… 2133

Fig. 13 Eigenvector centrality of the dynamic network (developed markets)

Fig. 14 Eigenvector centrality of the dynamic network (emerging markets)
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of BRICS markets is high while that of developed markets is low. This is consistent
with our previous findings that developed markets play a central role in the volatility
spillover network, because they are the starting points of the impact. Therefore, their
eigenvector centrality scores are low. The volatility spillover risks of BRICS markets
are usually secondary, and they are not the starting points of volatility spillovers. How-
ever, due to their close association with other countries with high volatility spillovers,
their volatility spillover risks are likely to increase accordingly.

4.4 The impact of the pandemic on the volatility spillover network

The volatility spillover indicators and network characteristic variables in this article
were derived from the volatility spillover network we constructed. EMVID, an indica-
tor used to indicate the pandemic, was originally proposed by Baker et al. (2020), who
built a newspaper-based infectious disease stock market volatility tracker. Since Jan-
uary 1985, this tracker has collected and updated data on a daily basis. The EMVID
tracks the various infectious disease-related terms that appear in newspapers, such
as “epidemic,” “pandemic,” and “coronavirus”. Figures 15 and 16 present daily data
regarding EMVID.

Given that the value of EMVID during the COVID-19 pandemic is particularly
high, we show its value before December 2019 in Fig. 15. The dots on the graph
indicate the time points of the six PHEIC declared by the WHO. When SARS first
broke out, the WHO did not have the level of PHEIC, so we marked SARS on April
16, 2003. On this day, the WHO confirmed that SARS was a pandemic caused by the
coronavirus. Within the data period, there were seven relatively serious pandemics. It
can be seen that before and after these pandemics were marked as PHEIC, the values
of EMVIDwere relatively high. Therefore, it is appropriate to use EMVID to measure
the severity and duration of pandemics.

In addition, Baker et al. (2020) selected some other terms related to stock market
volatility, which were scaled to match the VIX index. However, this may cause the
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pandemic indicator not to be a pure indicator. To solve this problem, we chose VIX
as a control variable. With reference to Yang et al. (2020a, b), we controlled for the
possible impact of interest rates and economic uncertainty. The definitions and sources
of specific variables are shown in Table 2.

The descriptive statistics for all variables are shown in Tables 3 and 4. Table 4 shows

Table 2 The definition and sources of specific variables

Variables Variable name Definition Sources

Dependent
variables

Total The total spillover effects Calculated in this
article

Network density Network density of the dynamic
volatility spillover network

Calculated in this
article

Network diameter Network diameter of the
dynamic volatility spillover
network

Calculated in this
article

Net spillover
effects

The net spillover effects Calculated in this
article

Independent
variables

EMVID Infectious disease tracker Index https://fred.stlouisfed.
org/

Control variable VIX CBOE Volatility Index https://fred.stlouisfed.
org/

Term spread The variable to control the
interest rate which use 10-year
Treasury constant maturity
minus 3-month Treasury
constant maturity

https://fred.stlouisfed.
org/

Stock uncertainty Equity market-related economic
uncertainty index

https://fred.stlouisfed.
org/
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that the mean net spillover effect of the US stock market is the highest for the sample,
while the lowest effect is obtained from the Chinese stock market. Furthermore, the
mean net spillover effects of traditional developed markets, such as the UK, France,
and Germany, are all positive. With the exception of Brazil, most emerging markets
have negative mean net spillover effects. Finally, according to the results in Tables 3
and 4, all the data we used passed the ADF and PP tests, thus ensuring the validity of
our empirical results.

In Table 5, we present the regression results of the impacts of pandemics on the total
spillover effect and stock volatility spillover network characteristics. The results reveal
that EMVID has a significant impact on network indicators. In terms of total volatility
spillover effects, it can be seen from Columns 2–4 that the regression coefficient of
pandemics to the total volatility spillover is significantly positive at the level of 1%,
indicating that when a pandemic occurs, systemic risks spread rapidly around the
world. For the network density of the volatility spillover network, Columns 5–7 show
that the regression coefficient of pandemics is significantly positive at the level of 1%,
indicating that when a pandemic breaks out, the connections of global stock markets
are enhanced and all markets become closely linked, thus speeding up the volatility
information transmission across global markets. Finally, according to the results in
Columns 8–10, pandemics have a significant impact on the network diameter of the
volatility spillover network, and the impact direction is negative. This indicates that,
in the case of a pandemic outbreak, the connection paths among different markets
become shorter, and the volatility information and financial risk can spread more
quickly. All these results suggest that volatility information transmission and financial
risk contagions are closely linked to pandemics.

Previous studies have demonstrated that the volatility spillovers caused by financial
and debt crises are related to the country where a crisis occurs, in which the larger the
economic size of these countries, the more serious the impact will be. In our study,
we find that the volatility spillover from a pandemic outbreak is more likely to be
related to the severity of the outbreak itself than to the country where it occurred.
As for the reasons why pandemics affect financial volatility spillover, the indicators
we choose also reflect some internal mechanisms. The EMVID (Baker et al. 2020)
includes news data collected from newspapers, which may catch investors’ attention,
affect their sentiments, and cause them to act irrationally. As Huberman and Regev
(2001) pointed out, negative emotions and fears caused by pandemics are no less
serious than those caused by war and terrorism.

The results in Table 6 indicate the impact of pandemics on the net spillover effect
of a single market. In particular, it shows that pandemics have a significantly negative
impact on the net spillover effects of Hong Kong, Japan, and Germany, which are
markets serving as risk receivers when pandemics occur. This may be because the risk
structure of Hong Kong and other markets is close to that of the Chinese mainland
market, and an obvious risk resonance phenomenon is likely to occur in the event of
external shocks (Yang and Zhou 2017). For other developed markets and all BRICS
markets, pandemics are likely to have a significantly positive impact on their net
spillover effect, as these markets serve as risk transmitters when pandemics occur.
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5 Conclusion

Understanding the characteristics of pandemic-induced volatility spillover networks
is critical for risk management and dynamic hedging. In this study, we adopt the TVP-
DY method and the combined MST–threshold technique to construct the “directed
and connected” dynamic volatility spillover networks of developed and emerging
markets. We selected sample periods from August 1, 2001, to September 29, 2020,
which included multiple pandemics, such as SARS and COVID-19. We also used
the EMVID index to investigate the impacts of pandemics on the volatility spillover
network.

From the dynamic volatility spillover network, we detected the time-varying nature
of the spillovers between developed and emerging markets. When pandemics occur,
the total volatility spillover effects tend to increase sharply, the density of the volatility
spillover network increases, and the diameter of the network becomes smaller. These
results indicate that pandemics speed up the volatility information transmission of
global stock markets. Furthermore, the COVID-19 pandemic that broke out at the end
of 2019 has led to a historical peak in the total volatility spillover effect. For some
time afterward, such an effect remained at a high level. The dramatic impact of the
pandemic is partly due to panic, which is then sustained by a shrinking workforce,
reduced investments, and import and export restrictions. As expected, most developed
markets have taken a dominant position in risk transmission, while emerging markets
take on the role of risk receivers. However, it is worth mentioning that the net receiver
strength of emerging markets has declined over time, suggesting that their importance
as total transmitters of volatility in global equity markets has increased.

The empirical results further indicate that pandemics have a significant positive
impact on the total spillover effects and the density of the volatility spillover network.
Meanwhile, they have a significant negative effect on the diameter of the volatil-
ity spillover network. This means that during a pandemic outbreak, the correlation
between different stock markets tends to increase, leading to the rapid transmission of
volatility information and the spread of financial risk between different markets. In this
case, the risk spreads faster if a pandemic becomes more serious. For investors, market
participants, and policymakers, considering the emergence of volatility spillovers due
to pandemics is important in managing risks and portfolio diversifications.
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