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Abstract

Purpose – This paper aims to study the interlinkages between cryptocurrency and the stock market by
characterizing their connectedness and the effects of the COVID-19 crisis on their relations.
Design/methodology/approach –The author employs a quantile vector autoregression (QVAR) to identify
the connectedness of nine indicators from January 1, 2018, to December 31, 2021, in an effort to examine the
relationships between cryptocurrency and stock markets.
Findings – The results demonstrate that the pandemic shocks appear to have influences on the system-wide
dynamic connectedness. Dynamic net total directional connectedness implies that Bitcoin (BTC) is a net
short-duration shock transmitter during the sample. BTC is a long-duration net receiver of shocks during the
2018–2020 period and turns into a long-duration net transmitter of shocks in late 2021. Ethereum is a net shock
transmitter in both durations. Binance turns into a net short-duration shock transmitter during the COVID-19
outbreak before receiving net shocks in 2021. The stock market in different areas plays various roles in the short
run and long run. During the COVID-19 pandemic shock, pairwise connectedness reveals that cryptocurrencies
can explain the volatility of the stock markets with the most severe impact at the beginning of 2020.
Practical implications – Insightful knowledge about key antecedents of contagion among these markets
also help policymakers design adequate policies to reduce these markets’ vulnerabilities and minimize the
spread of risk or uncertainty across these markets.
Originality/value – The author is the first to investigate the interlinkages between the cryptocurrency and
the stock market and assess the influences of uncertain events like the COVID-19 health crisis on the dynamic
interlinkages between these two markets.

Keywords Stock market, COVID-19 pandemic, Cryptocurrency, QVAR, Dynamic connectedness

Paper type Research paper

1. Introduction
More than a decade after Bitcoin (BTC)was introduced; cryptocurrencies are now regarded as
attractive investments. Many scholars have even emphasized that futures markets play an
important role in risk hedging. There is a distinct difference between the price fluctuations
experienced by cryptocurrency (a new type of exchange asset) and those experienced by
other financial assets (Corbet et al., 2019), in part due to the uncertainty caused by shocks such
as the current COVID-19 epidemic (Wang et al., 2022). Besides, based on Sharif et al. (2020),
COVID-19 has caused unprecedented volatility in the stockmarket and a surge in uncertainty
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in US. economic policy. Since the beginning of 2020, circuit breakers were frequently
activated on the major United States (US) stock market indices (such as the Dow Jones
industrial average index, the S&P 500 Index, and the National Association of Securities
Dealers Automated Quotations Stock Market (NASDAQ) 100 Index). Furthermore, in the
meantime, Ethereum (ETH) prices dropped by approximately 44%, while BTC prices
dropped by up to 50% in one day, making it the worst one-day decline ever. The first bear
market since active BTC trading started in COVID-19 has generated significant losses
(Conlon and McGee, 2020). The cryptocurrency market exhibited idiosyncratic
characteristics of higher irregularity and instability than the equity market in the
aftermath of the COVID-19 epidemic, according to Lahmiri and Bekiros (2020).

A number of recent studies have shown that there are asymmetric spillover effects
between the stock market and the cryptocurrency market (Corbet et al., 2019; Gil-Alana and
Claudio-Quiroga, 2020; Kristjanpoller et al., 2020; Lamothe-Fern�andez et al., 2020). There have
been contrasting conclusions regarding crypto currency’s role and inconsistent findings
regarding the relationship between cryptocurrencies and stock markets. Similarly, our paper
contributes to the literature by extending its scope. Initially, we examine the interaction
between cryptocurrencies and stock markets and determine the influence of unforeseen
circumstances, such as the COVID-19 outbreak, on these dynamic relationships. In order to
achieve this, we collect daily market capitalization data of the three most valuable
cryptocurrencies (BTC, ETH and Binance coin (BNB)) and six stock indexes from global
markets. Aside from New York Stock Exchanges and Shanghai Stock Exchanges (SSEs),
Hong Kong Stock Exchanges (HSKEs), Japan Exchange Groups (JPXGYs) and Euronext,
(London Stock Exchange Groups (LSEs) are also listed.)). The data in this study were
collected between January 1, 2018, and December 31, 2021.

This article’s primary research objective is to assess the uncertainty shock’s severe effects
on the dynamic connectedness between the volatility of the cryptocurrency and stock
markets in order to provide important information to policymakers in order for them to
accurately comprehend the contagion effects of the pandemic shock and design and
implement policies to limit the volatility of these two markets. Our paper highlights how the
COVID-19 crisis negatively impacted cryptocurrencies and stocks, which is the first time
anyone has investigated this issue. Since the first, second and third waves of the COVID-19
pandemic, an analysis of changes in the stock market and the cryptocurrency market has
become increasingly important as both production and investment activities have been
curtailed as well as all investments have turned out to be highly risky. Cryptocurrencies are
safer assets under these circumstances. Our study used an up-to-date database to reveal
novel findings regarding uncertain events, whereas previous studies examined the impacts of
global economic recession. Second, we employ a quantile vector autoregression (QVAR) to
study this dynamic connectedness. Due to its various advantages, we choose this empirical
approach. First, we do not lose any insight with this practical approach. Thus, it can be
performed in cases of short data spans, though that is not the case here. Second, outliers do
not significantly affect our results, whereas this approach allows us to adjust for parameter
changes more effectively. As part of our strategy, we computed a pairwise connectedness
metric, which helps identify transmission mechanisms between these financial and
commodity markets. Through the use of daily data, this paper explores the impacts of
cryptocurrency market changes on stock volatility in various regions, providing critical,
insightful knowledge and warnings for investors and authorities.

Our results demonstrate that the pandemic shocks appear to influence the system-wide
dynamic connectedness, which peaked during the Covid-19 pandemic. Dynamic net total
directional connectedness implies that BTC is a net short-duration shock transmitter during
our sample. BTC is a long-duration net receiver of shocks during the 2018–2020 period and
turns into a long-duration net transmitter of shocks in late 2021. ETH is a net shock
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transmitter in both durations. Binance turns into a net short-duration shock transmitter
during the COVID-19 outbreak before receiving net shocks in 2021. The US stock market
transmits net shocks in both durations before 2021 and turns into a net short-duration shock
receiver from 2021. The role of the US stock market in the long duration is opposite to the
short duration from 2021. Asian stock markets (including Hong Kong, Japan and Shanghai)
are net receivers in both duration during our sample. Europe stocks (including Euronext and
London) are net receivers of shocks during the 2018–2020 period before turning to net
transmitters of shocks from 2021 in both durations. During the COVID-19 pandemic shock,
pairwise connectedness reveals that cryptocurrencies can explain the volatility of the stock
markets with the most severe impact at the beginning of 2020.

Following is the structure of the remainder of the study. Related works are analyzed in
Section 2. A summary of statistics and data is presented in Section 3. During Section 4, wewill
present the analytical results or analyses of the empirical results, while Section 5 will present
conclusions.

2. Literature review
BTC market fluctuations become erratic and unpredictable during the health crisis. Unlike
stocks and the US dollar, cryptocurrencies (such as BTC) present superior hedging
opportunities compared to other financial assets (Bouri et al., 2019; Hu et al., 2019; Kostika and
Laopodis, 2019; Miglietti et al., 2019; Sahoo, 2021). In response, investors diversified their
portfolios throughout the outbreak of the virus to find short-term investments that were safe
and profitable. Cryptocurrencies were used as a means of payment during COVID-19, which
spread quickly around the world. Majdoub et al. (2021) and Umar et al. (2021) assert that
cryptocurrencies can be used as investment options during unstable economic times like the
COVID-19 economic crisis due to their potential link between foreign exchange and
cryptocurrency markets. This plan profoundly affects managing portfolio risk, allocating
strategic assets and pricing financial instruments (Umar and Gubareva, 2020). BTC’s value
plummeted, as well as the value of other cryptocurrencies in 2020, causing investors to
change their decisions (Chen et al., 2020). This has resulted in a more volatile and
unpredictable crypto market during the COVID-19 crisis (Lahmiri and Bekiros, 2020) and
neither did Conlon and McGee (2020). There has been significant research on BTC markets
during the epidemic (Umar et al., 2021). However, a small number of studies have focused
explicitly on or paid close attention to cryptocurrencies due to the scattered research
interests. For example, Bouri et al. (2021) use the daily price data of seven leading
cryptocurrencies from August 8, 2015, to December 31, 2020, to indicate the connectedness
measures in the left and right tails are much higher than those in the mean and median of the
conditional distribution. There is evidence that return connectedness increases with shock
size for both positive and negative shocks, indicating that return shocks propagate more
intensely during extreme events than during calm periods. Naeem et al. (2022) calculate the
spillover effects among seven cryptocurrencies to explore the spillover characteristics of
seven cryptocurrencies, namely, BTC, ETH, Ripple, Litecoin, Monero, Stellar and New
Economy Movement (NEM). The connectedness networks of returns are based on standard
Vector Autoregression (VAR) and quantile VAR spillovers. In addition, the framework
focuses on intact, pre-, and post-COVID-19 crisis subsample periods. They highlight that
BTC, Litecoin and Ripple are the dominant transmitters to return spillover. During the
outbreak of COVID-19 in Europe and the United States of America (USA), Ali et al. (2020)
examined financial market volatility, concluding that globalmarkets collapsed inMarch 2020
as the outbreak of the U.S. pandemic had significant implications on even safer commodities.

In their 2020 paper, Corbet et al. discuss howCOVID-19might contagiously affect gold and
cryptocurrency, suggesting cryptocurrencies might serve the same purpose during economic
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downturns as precious metals. Gharib et al. (2021) demonstrated a bilateral contagion effect
on gold and oil prices when COVID-19’s economic effects modified the relationship between
these two markets. Abakah et al. (2023) investigate the distributional and directional
predictabilities among Fintech, BTC and artificial intelligence stocks from March 2018 to
January 2021 using nonparametric causality-in-quantile and cross quantilogram approaches.
They reveal the existence of bidirectional causality-in-variance between the variables in a
normal market.

The eight economies’ financial industries are impacted by COVID-19, according to Rizwan
et al. (2020). It has been found that the correlation between price volatility shocks in the oil
market, geopolitical risks and economic policy uncertainty is closely related to the spread of
COVID-19 in the USA, according to Sharif et al. (2020). The researchers have identified
COVID-19 as a geopolitical threat. COVID-19 is associated with cryptocurrency markets in
such a way. Despite the fact that the current literature focuses primarily on the relationship
between gold and cryptocurrencies, or oil and cryptocurrency markets, the authors have
sought to examine the relationship between COVID-19 and the cryptocurrency market in
light of the lack of research focusing entirely and mainly on this market’s fluctuation.

The COVID-19 spread has also been associatedwith the cryptocurrencymarket in previous
studies (Salisu and Ogbonna, 2022; Umar et al., 2021). This relationship is revealed to be
inconsistent,which is a concern of the authors. The literature has revealed empirical evidence of
an asymmetric spillover effect between the stock market and the cryptocurrency market in
regard to the correlation between the two markets. In an article published in April 2020,
Lamothe-Fern�andez et al. (2020) argue that cryptocurrency price volatility is caused partly by
the halving of the supply and the hash rate each year. There is a risk of spillovers occurring
when there is a severe economic, financial or public health crisis, and there is also no circuit
breaker on theBTCmarket, unlike the stockmarket in theUSA. Therefore, theremay be an end
to the decline of US stocks in some manner. Unlike conventional stock markets,
cryptocurrencies have maintained a downward or upward trend, increasing asymmetry.
Hence, it is possible to include cryptocurrencies in investment portfolios to provide
diversification of risks. This observation is supported by Corbet et al. (2019) and Gil-Alana
and Claudio-Quiroga (2020). In most cases, cryptocurrency, however, does not provide useful
hedging strategies for stock markets due to the positive correlations found in most cases
(Kristjanpoller et al., 2020). It is found from these analyses that cryptocurrencies’ price
fluctuations differ over time from those of USmarket indices. The spillover influences between
conventional financialmarkets and cryptocurrencymarketswere investigated byMatkovskyy
and Jalan (2019) using a regime-switching model. Clearly, spillover effects exist between these
markets based on their results. L�opez-Cabarcos et al. (2021) reported similar results.

Our paper differs from previous work by studying the dynamic interconnectedness
between cryptocurrency and various global stock markets by applying the QVAR approach.
We also highlight the shift in each market’s role during extreme events like the COVID-19
pandemic. Our empirical approach reveals novel findings andmechanisms for the interaction
between two important markets, especially during uncertain times.

3. Data and methodology
3.1 Data sample
The present article utilizes the daily data of the three largest cryptocurrencies based on
market capitalization, including BTC, ETH and BNB, and six stock indices from the global
stockmarket, including SP500 stock index of the U.S. (SP500), SSE,HSKE, JPXGY, Euronext
(EURONEXT) andLSE. Our data is collected from January 1, 2018, to December 31, 2021. Our
paper studies the dynamic interlinkages between cryptocurrency and stock markets. Since
the cryptocurrency market does not close at the end of the day, we collect the daily price data,
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which specialized crypto companies and websites proxy cryptocurrency daily prices by
using weighted prices (Vidal-Tom�as, 2021). This price type represents the average of the
prices across the 24-h period. We also use a similar approach to compute the weighted prices
of the stock market. It is widely known that trading times for cryptocurrency markets are 24/
7, and the trading day is mostly defined as 12:00 am–11:59 pm Universal Time (UTC), while
conventional stock exchanges trade roughly 9/5 local time. Therefore, we must merge
cryptocurrency market data (high-frequency data) with stock exchange trade data (low-
frequency data). Missing data for stock market trading due to weekends, holidays and
asynchronous trading times, while a similar issue does not happen for the cryptocurrency
market. Merging data in this way can solve this issue. Since we used the average of the prices
across the 24-h period, the difference in closing time between various stock markets (SP500
stock index of the U.S., SSE, HSKE, JPXGY, Euronext and LSE).

In terms of whole observations, all series in Table 1 are reported with a positive average
return. The BNB and ETH markets have the highest variance, making the two markets the
riskiest assets throughout the sample periods, as indicated in Panel A. Figure 1
demonstrates the volatility of these series. Furthermore, this research finds that all of the
series are leptokurtic, which means the distributions have fatter tails than a normal
distribution. According to Jarque and Bera (1980), all assets are substantially non-normally
distributed. All results are at least on the 1% significance level when using the unit root test
by Elliott et al. (1996). Finally, Fisher and Gallagher (2012) found that the returns and
squared returns are autocorrelated, implying that the interlinkages of the series may be
modeled using a QVARmethodwith a time-varying variance-covariance structure. Since the
research aims to find the linkages between cryptocurrencies and the stock market, we
examine the interconnectedness of these two markets before and during the COVID-19
pandemic.

Panel B and Panel C highlight the main statistics of two subsamples, each having
identical statistics as Panel A. The data used to split the two periods (before and post-
COVID) is based on the Public Health Organization’s (WHO, 2020) set timeframe, which
publicly revealed the coronavirus pandemic of 2019 (COVID-19) to the world for the first
time on December 31, 2019. As a result, we divided the two periods into classifications:
pre-COVID-19 (from January 1, 2018, to December 31, 2019) and post-COVID-19 (from
January 1, 2020, to December 31, 2021). Table 1 highlights considerable distinctions in
statistics of these included series in two periods. Surprisingly, a positive average return in
the post-COVID-19 period is reported for all included variables except for LSE. Moreover,
the mean return of BTC, ETH and BNB increased from the start of the COVID-19 health
crisis, while the value of BTC and ETH changed from negative in return to positive. In
addition, except for SSE, other markets became volatile during the post-COVID-19 period
as all variances increased. The results of the Elliott, Rothenberg and Stock (ERS) unit root
test and the weighted portmanteau test on these variables during these two periods are
more likely to be the same as those obtained from tests on the entire sample, leading us to
believe that modeling the interconnectedness of the series using a QVAR approach with a
time-varying variance-covariance structure is a well-supported.

3.2 Empirical methodology
We use the quantile connectedness technique (Chatziantoniou et al., 2021) to investigate the
spreading structure between cryptocurrency volatility and renewable energy volatility.
We begin to estimate a QVAR(p), and then compute all connectedness metrics using
this model.

zt ¼ μt ðτÞ þ d1ðτÞzt−1 þ d2ðτÞzt−2 þ . . .þ dpðτÞzt−p þ utðτÞ: (1)
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where zt and zt−i, i ¼ 1, . . ., p are N 3 1 dimensional endogenous variable vectors, τ is
between [0, 1] and describes the quantile of indicator, p illustrates the lag length of the QVAR
model, μðτÞ is an N 3 1 dimensional conditional mean vector, djðτÞ is an N 3N dimensional
QVAR coefficient matrix, and utðτÞdemonstrates the N 3 1 dimensional error vector, which
has an N 3N dimensional variance-covariance matrix,

PðτÞ. The approach of Wold is
employed to convert the QVAR(p) to its Quantile Vector Moving Average (QVMA)(∞)

description: zt ¼ μðτÞ þPp
j¼1

djðτÞzt−j þutðτÞ ¼ μðτÞ þP∞

i¼0ZiðτÞut−i:

Consequently, our research estimate the generalized forecast error variance
decomposition (GFEVD) (Koop et al., 1996; Pesaran and Shin, 1998), which is the center
of the connectedness technique [1]. The GFEVD, which has the general structure, may be
used to determine the effect that a shock in series j has on variable i with regard to the
variance of its forecast error:

Υ ijð�UÞ ¼
ðƩðτÞÞ−1jj

P�U−1
�u¼0ððZhðτÞƩðτÞÞijÞ2P�U

�u¼0ðZhðτÞƩðτÞZ0
hðτÞÞii

(2)
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eΥ ijðHÞ ¼ Υ ijð�UÞPN

k¼1Υ ijð�UÞ
(3)

where eΥ ijð�UÞ illustrates the effects of the j th series on the variance of the forecast error of the i
th series at horizon �U. We must standardize the rows of eΥ ijð�UÞ because they do not even add
up to one, which yields eΥ ij. We achieve the next identities by standardization:

PN

i¼1
eΥ ijð�UÞ ¼ 1

and
PN

j¼1

PN

i¼1
eΥ ijðHÞ ¼ N.

All connectedness metrics can be calculated in a subsequent phase. We begin by
computing the net pairwise connectedness as follows:

NPDCijð�UÞ ¼ eΥ ijð�UÞ � eΥ jið�UÞ: (4)

IfNPDCijð�UÞ > 0 ðNPDCijð�UÞ < 0, it denotes that series j impacts series imore (less) than the
other way around.

The effect of a shock in indicator i transmitted to all other indicators j is described by the
total directional connectedness TO others:

TOið�UÞ ¼
XN

i¼1;i ≠ j

eΥ jið�UÞ (5)

The effect of a shock in indicator i receiving to all other indicator j is described by the total
directional connectedness FROM others:

FROMið�UÞ ¼
XN

i¼1;i ≠ j

eΥ ijð�UÞ (6)

The net total directional connectedness may be considered the impact series i has on the
system under study since it is the difference between TO others and FROM others.

NETið�UÞ ¼ TOið�UÞ � FROMið�UÞ (7)

If the NETi > 0 (NETi < 0), all other series i have a greater (lesser) impact on them than they
have on us. As a result, it is regarded as a net shock transmitter (receiver).

The following formulas can be used to determine the total connectedness index (TCI),
which gauges the degree of network interconnectedness:

TCIð�UÞ ¼ N−1
XN
i¼1

TOið�UÞ ¼ N−1
XN
i¼1

FROMið�UÞ (8)

This metric, then, shows the average effect of a shock in one series on all others. The risk
associated with the market increases as its value increases, and vice versa.

Our research has been concentrating on the time domain connectedness assessment so far.
In a similar vein, we keep up with the connectedness evaluation in the frequency area. We
may investigate the connectivity connection in the frequency domain by employing a spectral
decomposition technique. We start by exploring function: Zðe−iωÞ ¼ P∞

�u¼0e
−iwhZ�u, where

i ¼ ffiffiffiffiffiffi
−1

p
and ω illustrates the frequency to keep up with the spectral density of xt at

frequency ωwhich can be illustrated as a Fourier transformation of the QVMA(∞):

SzðωÞ ¼
X∞
�u¼−∞

Eðztz0t−hÞ e−iwh ¼ Zðe−iωhÞ
X

t
ZðeþiωhÞ (9)
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Combining the spectral density and the GFEVD yields the frequency GFEVD. Similar to the
time domain situation, the frequency GFEVD has to be normalized. This may be done by
formulating it regards:

Υ ijðωÞ ¼
ðƩðτÞÞ−1jj

��P∞

�u¼0ðZðτÞðe−iwhÞƩðτÞÞij
��2P∞

�u¼0ðZðe−iwhÞƩðτÞZðτÞðeiwhÞÞii
(10)

eΥ ijðωÞ ¼ Υ ijðωÞPN

k¼1Υ ijðωÞ
(11)

where eΥ ijðωÞ denotes the portion of the ith variable’s spectrum at a certain frequency ω that
may be assigned to a shock in the jth series. As a within-frequency indication, it may be
understood.

Instead of measuring connectedness at a single frequency, we combine all frequencies
within a certain range to evaluate both short-duration and long-duration
connectedness, d ¼ ða; bÞ : a; b e ð−π; πÞ; a < b :

eΥ ijðdÞ ¼
Z b

a

eΥ ijðωÞdω (12)

From this point, we can compute the accurate same connectedness estimates as Diebold and
Yilmaz (2012, 2014), which may be evaluated the same way. Nevertheless, in this instance,
frequency interconnectedness estimates provide details on spreadwithin a specific frequency
range d:

NPDCijðdÞ ¼ eΥ ijðdÞ � eΥ jiðdÞ (13)

TOiðdÞ ¼
XN

i¼1;i ≠ j

eΥ jiðdÞ (14)

FROMiðdÞ ¼
XN

i¼1;i ≠ j

eΥ ijðdÞ (15)

NETiðdÞ ¼ TOiðdÞ � FROMiðdÞ (16)

TCIðdÞ ¼ N−1
XN
i¼1

TOiðdÞ ¼ N−1
XN
i¼1

FROMiðdÞ (17)

All measurements offer data on the precise range but not on the overall impact. In accordance
with the overall methodology, Barun�ık and K�rehl�ık (2018) recommend weighing all

contribution metrics of each frequency band by, ΓðdÞ ¼ PN

i;j¼1
eΥ ijðdÞ=N :

gNPDCijðdÞ ¼ ΓðdÞ∙NPDCijðdÞ (18)

fTOiðdÞ ¼ ΓðdÞ∙TOiðdÞ (19)

gFROMiðdÞ ¼ ΓðdÞ∙FROMiðdÞ (20)

gNETiðdÞ ¼ ΓðdÞ∙NETiðdÞ (21)

gTCIðdÞ ¼ ΓðdÞ∙TCIðdÞ (22)
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Finally, we demonstrate the correspondence between the Barun�ık and K�rehl�ık (2018) frequency-
domain measurements and the Diebold and Yilmaz (2012, 2014) time-domain estimates:

NPDCijð�UÞ ¼
X
d

NPDCijðdÞ (23)

TOið�UÞ ¼
X
d

TOiðdÞ (24)

FROMið�UÞ ¼
X
d

FROMiðdÞ (25)

NETið�UÞ ¼
X
d

NETiðdÞ (26)

TCIð�UÞ ¼
X
d

TCIðdÞ (27)

4. Results
The average and dynamic results for the connectednessmetrics are shown in the next section.
The TCI average value is calculated based on the whole sample of data. TCI is first presented,
after which a dynamic evolution of the TCI over time is demonstrated. Understanding how
the TCI responds to different economic scenarios requires the latter approach. Political
patterns are also seen within the time frame of our investigation. We evaluate net pairwise
and net total connectedness data in our suggested framework. This relationship improves our
understanding of the market for four indicators, including the geopolitical risks index and
prices of corn, wheat and rice. Remembering that each indication can act as either a
transmitter or receiver of net shocks is crucial. Finally, we employ the dynamic spillover
index created by Chatziantoniou et al. (2021) and Diebold and Yilmaz (2012, 2014). These
results might be used to investigate the reasons for changes in the networks connecting
various measures.

4.1 Variation in average dynamic connectivity over time
Table 2 shows the average outcomes for the interlinkages of various indicators inside the
network using the entire data set from January 1, 2018, to December 31, 2021. The diagonal
part of this table describes the change of a single indicator driven by its own shocks. In
comparison, the off-diagonal components describe how the instability of this indicator
influences that of other indicators (FROM) and how other indicators impact the instability of
this indicator (TO). The columns display the independent effects of each type of indicator on
one another, whereas Table 2 specifically displays the influence of each indicator on the
forecast error variance of each other.

The TCI average value for the entire set of data is 40.95%. It is proven that changes to this
network might be responsible for 40.95% of the volatility in the network of indicators under
investigation. This shows that idiosyncratic causes cause about 60% of the system’s error
variation. The contribution of each indicator is displayed in the last row of Table 2. The
transmission of shocks and volatility to other system indicators is significantly influenced by
ETH, SP500. Many previous studies also reached the same conclusion as our paper, such as
Shahzad et al. (2021), Sui et al. (2022). Moreover, BTC, BNB and LSE are net shock
transmitters in the network. In contrast, JPXGY is the most susceptible to shocks. It is worth
noting that the JPXGY, SSE, EURONEXT and HSKE absorb the net of shocks in our
network. Most cryptocurrencies play a major role in transmitting shocks to the stock market.
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This analysis explores the notion that each indicator has a varied role throughout various
times by dividing the observational portions into short duration and long duration. The
system of all indicators (TCI is 35.53%) can partially explain the short-duration history of the
system. Similarly, idiosyncratic effects can account for around 65% of the system’s forecast
uncertainty fluctuation in the short duration. Long-term, nevertheless, this number has
significantly dropped to 5.42%. These findings support the notion that these indicators
commonly move in lockstep, especially for short-duration or long-term. SSE, EURONEXT,
JPXGY andHSKE have been net receivers of network shocks in both durations, respectively.
On the contrary, ETH, BNB, SP500 and LSE are net transmitters of shocks in both two
durations. In the long term, BTC changes from a net transmitter of shocks in short duration to
a net receiver of shock. We can empirically show that, except for BTC, the connectedness of
cryptocurrency and stock markets in short duration is similar to long duration. Moreover,
cryptocurrency helps to describe the erratic nature of the stock markets.

4.2 Dynamic total connectedness
Figure 2 displays the findings for total dynamic connectedness over a quantile. Warmer
colors on the graph indicate larger levels of interconnectedness. An intense correlation occurs
between changes in the geopolitical risks and the commodities market that are strongly
negative and those that are strongly positive (below the 20% quantile and above the 80%
quantile). In other words, it appears that the impact is symmetrical. Additionally, 50% is the
median quantile of connectedness throughout the whole time. Colors along the vertical axis
represent times when there is greater uncertainty across quantiles, indicating a generalized
financial and economic crisis. In our situation, it is easy to distinguish between the COVID-19
epidemic. Additionally, we find that market risk is higher since the start of the COVID-19
epidemic when market interconnection dramatically increased across all quantiles. The
interconnectedness around the y-axis is interestingly quite symmetric, suggesting that
spillovers between very positive and negative returns behave similarly.

Figure 2.
Dynamic net total

directional
connectedness over a

quantile
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The findings about the net spread shocks of each indicator are of great importance in the
literature on connectedness. In this particular instance, it carries crucial data for risk
managers and investors. The long-duration dynamics are fully accountable for the roles of
nine indicators, being a net shock transmitter or receiver, while the short-duration net spread
mechanism paints a helpful overview. Our article analyses the net total directional
connectedness in both two durations in Figure 3. For BTC, we notice that its role depends on
the study period. BTC is a net short-duration shock transmitter during our sample. BTC is a
long-duration net receiver of shocks during the 2018–2020 period and turns into a long-
duration net receiver of shocks from late 2021. ETH is a net shock transmitter in both
durations. BNB turns into a net short-duration shock transmitter during the COVID-19
outbreak before receiving net shocks in 2021. SP500 transmits net shocks in both durations
before 2021 and turns into a net short-duration shock receiver from 2021. The role of SP500 in
long duration is opposite to short duration from 2021. SSE, HSKE and JPXGY are net
receivers in both duration during our sample. Specifically, TCI values of JPXGY and HSKE
reach a peak at the beginning of the COVID-19 epidemic. EURONEXT and LSE are net
receivers of shocks during the 2018–2020 period before turning to net transmitters of shocks
from 2021 in both durations.

Then we focus on net total directional connectedness over a quantile. As illustrated in
Figure 4, this. On these graphs, a currency net transmitter is indicated by warmer colors.
Figure 4c demonstrates that, among all the indicators, the geopolitical risks index has had the
most consistent reaction. The incident between 2020 and 2021 (COVID–19) is significant. BTC
and ETH are significant transmitters of shocks all over quantiles during the outbreak of
COVID-19. BNB is a net shock transmitter during 2020 in themedian quantile, while BNB has
almost no impact on the system in other periods. SP500 is a net transmitter of shocks before
2021 and turns into a net shock receiver from 2021 all over quantiles. SSE, HSKE and Japan
Exchange Group (JPXGX) are net shock receivers during the COVID-19 outbreak over all
quantiles. EURONEXT is a net shock receiver from 2020 all over quantiles and turns into a

Figure 3.
Dynamic net total
directional
connectedness: QVAR
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net transmitter of shocks from 2021 below 60% quantile. LSE is a net shock transmitter of
shocks during 2020 below the 20% quantile and over 80% quantile.

Finally, to fully comprehend the dynamics of volatility in cryptocurrency and stock
markets, we display the pairwise dynamics in Figure 5 and discuss the results in detail. All
the stock markets have had an important interaction with cryptocurrency during the
COVID-19 outbreak. The short-duration and long-duration net pairwise connectedness
emphasize the dominance of cryptocurrency during the COVID-19 outbreak. BTC and ETH
dominated SSE, EURONEXT, JPXGY and HSKE during the COVID-19 outbreak in both
durations, while the effect of BTC andETHon these stockmarkets decreased at the end of our
sample. BTC and ETH dominate SP500 for a short duration from 2020, while their role in a
long duration is the opposite. BTC and ETH were significant net transmitters of shocks to
LSE at the beginning of COVID-19 and turned into net shock receivers in 2021. The
domination of ETH is more preponderant than BTC. BNB dominated SSE, EURONEXT,
JPXGY and LSE during the COVID-19 outbreak in both durations, while its effect on these
stock markets decreased at the end of our sample. BNB dominates SP500 in short duration
during the COVID-19 outbreak, while their role in long duration is the opposite. Regarding
HSKE, BNB is a net transmitter of shock during our sample except at the beginning of
COVID-19. Therefore, it can be indicated that the volatility of the stock markets can be
explained by cryptocurrencies, with the impact most severe at the beginning of 2020. The
pairwise dynamics between cryptocurrency and stock markets in a short duration are more
preponderant than in a long duration. In other words, the dominance of cryptocurrency in a
crisis has little impact on stock markets for a long duration. Our results are consistent with
the findings in the literature. The growth of some commodity markets has been noted before
in conjunction with various financial crises (2007–2009), as indicated by Balcilar et al. (2021)
and Zhang and Broadstock (2020).

5. Conclusions and policy implications
Our study includes a QVAR framework to measure the network connectedness of nine
indicators, including BTC, ETH, and BNB, and six stock indices from the global stock
market, including SP500 stock index of the U.S. (SP500), SSE, HSKE, JPXGY, Euronext
(EURONEXT) and LSE, in a time-varying manner. We also use the strategy proposed by
Barun�ık and K�rehl�ık (2018), which offers greater flexibility and lets us achieve the net
pairwise connectedness measurements. These indicators are among the daily datasets we
gathered for this study. Our time series covers from January 1, 2018, to December 31, 2021.

Our findings demonstrate that all the investigated indicators are just marginally related
when considering the entire set of data. This research specifically demonstrates the existence
of a temporal variation of systemic connectedness driven by the COVID-19 outbreak.
According to the dynamic net total directional connectedness, BTC is a net short-duration
shock transmitter during our sample period. From 2018 to 2020, BTCwas a long-duration net
receiver of shocks and became a long-duration net transmitter of shocks in late 2021. In both
durations, ETH acts as a shock transmitter. During the COVID-19 outbreak, Binance became
a net short-duration shock transmitter before receiving net shocks in 2021. Before 2021, the
US stock market transmits shocks of both durations and then becomes a net short-duration
shock receiver from 2021. The U.S. stockmarket plays a different role in the long term than in
the short term, beginning in 2021. Stock markets in Asia (including Hong Kong, Japan and
Shanghai) are net receivers of both durations during our sample. Stocks in Europe (including
Euronext and London) are net recipients of shocks during the period 2018–2020 before
becoming net transmitters of shocks from 2021. Following the COVID-19 pandemic shock,
pairwise connectedness revealed that cryptocurrencies explained the most severe impact on
stock markets at the beginning of 2020.
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5.1 Theoretical contributions
In our research, we are the first to offer a unique deep explanation of the interconnectedness
between these indicators, namely cryptocurrency and stock markets, specifically in chaotic
events like the COVID-19 epidemic on the dynamic connectedness over quantile among these
indicators. The special method uses the net pairwise connectedness over a quantile estimate
spread channels between cryptocurrency and stock markets. We contribute crucial
information and warnings about the spread of uncertain occurrences and policies for
regulators and investors.

5.2 Practical applications
As a result of the interconnections between the various determinants and their spillover
effects, our findings have significant policy repercussions for investors and authorities. We
also provide suggestions based on these interactions. By being well-informed about the
primary sources of the spillovers between cryptocurrency and stock markets, policymakers
can develop the most effective policies to lessen the vulnerabilities of these indicators and
minimize how widely the market is exposed to risk or uncertainty. By showing the
substantial linkages between nine variables, our findings indicate the risk of either
insufficient or excessive variety in evaluations of authorities. Our analysis draws attention to
the rising relationships between unanticipated and wildly unpredictable events, such as the
COVID-19 outbreak. Our research suggests that cryptocurrency promotes the volatility of
stock markets since a shock to one typical indication impacts the entire network.
Additionally, it is meant that crises like the COVID-19 outbreak will affect cryptocurrency
movements and stock markets in the short duration with little impact on their trend in the
long duration. Clarifying the connectedness between cryptocurrency and stock markets in
short and long duration enables the authorities to establish policies to stabilize
cryptocurrency and stock markets. The results of this study may also benefit politicians in
improving social welfare, which is directly influenced by cryptocurrency and stock markets.
In order to promote the welfare of society, it is crucial to incorporate them while creating
policies for disadvantaged groups.

5.3 Limitations and directions for future research
The outcomes of the research still have three limitations. Prior to all else, it is important to
highlight that we cannot find any general principle or pattern that applies to all cases on how
risk occurrences impact total, net or pairwise spillovers over a quantile. Second, the extent of
the spread is significant from the standpoint of indicator association. If the spread is large,
changes and shocks brought on by other indicators will majorly influence a particular market
system. The government must take a variety of steps to lessen the negative consequences of
outside shocks. Authorities should concentrate on frequency-specific danger sources. In the
integration of global regulatory guidelines for different metrics, more focus should be made
on reducing the negative consequences of long-duration fluctuation spread and short-
duration return spread. Last but not least, considering that many researchers consider the
spillover influence across several metrics, evaluating the portfolio advantages of diversity is
a substantial extension. In the meanwhile, we placed it on the back burner.

Note

1. Because the recovered results are entirely independent of the variable ordering, the GFEVD is
preferable to its orthogonal equivalent. Furthermore, Wiesen et al. (2018) emphasize that the GFEVD
is able to be used in the absence of a theoretical framework that would make it possible to detect the
error pattern.

EJMBE
33,1

92



References

Abakah, E.J.A., Tiwari, A.K., Lee, C.-C. and Ntow-Gyamfi, M. (2023), “Quantile price convergence and
spillover effects among Bitcoin, Fintech, and artificial intelligence stocks”, International Review
of Finance, Vol. 23 No. 1, pp. 187-205, doi: 10.1111/irfi.12393.

Ali, M., Alam, N. and Rizvi, S.A.R. (2020), “Coronavirus (COVID-19)—an epidemic or pandemic for
financial markets”, Journal of Behavioral and Experimental Finance, Vol. 27, 100341, doi: 10.1016/j.
jbef.2020.100341.

Anscombe, F.J. and Glynn, W.J. (1983), “Distribution of the kurtosis statistic b2 for normal samples”,
Biometrika, Vol. 70 No. 1, pp. 227-234, doi: 10.2307/2335960.

Balcilar, M., Gabauer, D. and Umar, Z. (2021), “Crude Oil futures contracts and commodity markets:
new evidence from a TVP-VAR extended joint connectedness approach”, Resources Policy,
Vol. 73, 102219, doi: 10.1016/j.resourpol.2021.102219.

Barun�ık, J. and K�rehl�ık, T. (2018), “Measuring the frequency dynamics of financial connectedness and
systemic risk*”, Journal of Financial Econometrics, Vol. 16 No. 2, pp. 271-296, doi: 10.1093/
jjfinec/nby001.

Bouri, E., Gil-Alana, L.A., Gupta, R. and Roubaud, D. (2019), “Modelling long memory volatility in the
Bitcoin market: evidence of persistence and structural breaks”, International Journal of Finance
and Economics, Vol. 24 No. 1, pp. 412-426, doi: 10.1002/ijfe.1670.

Bouri, E., Saeed, T., Vo, X.V. and Roubaud, D. (2021), “Quantile connectedness in the cryptocurrency
market”, Journal of International Financial Markets, Institutions and Money, Vol. 71, 101302,
doi: 10.1016/j.intfin.2021.101302.

Chatziantoniou, I., Gabauer, D. and Stenfors, A. (2021), “Interest rate swaps and the transmission
mechanism of monetary policy: a quantile connectedness approach”, Economics Letters,
Vol. 204, 109891, doi: 10.1016/j.econlet.2021.109891.

Chen, H., Chand, S.S. and Singh, B. (2020), “Impact of COVID-19 on remittance inflows to Samoa”,
Asian Economics Letters, Vol. 1 No. 3, 17894, doi: 10.46557/001c.17894.

Conlon, T. and McGee, R. (2020), “Safe haven or risky hazard? Bitcoin during the Covid-19 bear
market”, Finance Research Letters, Vol. 35, 101607, doi: 10.1016/j.frl.2020.101607.

Corbet, S., Lucey, B., Urquhart, A. and Yarovaya, L. (2019), “Cryptocurrencies as a financial asset:
a systematic analysis”, International Review of Financial Analysis, Vol. 62, pp. 182-199,
doi: 10.1016/j.irfa.2018.09.003.

D’Agostino, R.B. (1970), “Transformation to normality of the null distribution of g1”, Biometrika,
Vol. 57 No. 3, pp. 679-681, doi: 10.2307/2334794.

Diebold, F.X. and Yilmaz, K. (2012), “Better to give than to receive: predictive directional measurement of
volatility spillovers”, International Journal of Forecasting, Vol. 28 No. 1, pp. 57-66, doi: 10.1016/j.
ijforecast.2011.02.006.

Diebold, F.X. and Yılmaz, K. (2014), “On the network topology of variance decompositions: measuring
the connectedness of financial firms”, Journal of Econometrics, Vol. 182 No. 1, pp. 119-134,
doi: 10.1016/j.jeconom.2014.04.012.

Elliott, G., Rothenberg, T.J. and Stock, J.H. (1996), “Efficient tests for an autoregressive unit root”,
Econometrica, Vol. 64 No. 4, pp. 813-836, doi: 10.2307/2171846.

Fisher, T.J. and Gallagher, C.M. (2012), “New weighted portmanteau statistics for time series goodness
of fit testing”, Journal of the American Statistical Association, Vol. 107 No. 498, pp. 777-787,
doi: 10.1080/01621459.2012.688465.

Gharib, C., Mefteh-Wali, S. and Jabeur, S.B. (2021), “The bubble contagion effect of COVID-19
outbreak: evidence from crude oil and gold markets”, Finance Research Letters, Vol. 38, 101703,
doi: 10.1016/j.frl.2020.101703.

Gil-Alana, L.A. and Claudio-Quiroga, G. (2020), “The COVID-19 impact on the Asian stock markets”,
Asian Economics Letters, Vol. 1 No. 2, 17656, doi: 10.46557/001c.17656.

Applying a
QVAR model

93

https://doi.org/10.1111/irfi.12393
https://doi.org/10.1016/j.jbef.2020.100341
https://doi.org/10.1016/j.jbef.2020.100341
https://doi.org/10.2307/2335960
https://doi.org/10.1016/j.resourpol.2021.102219
https://doi.org/10.1093/jjfinec/nby001
https://doi.org/10.1093/jjfinec/nby001
https://doi.org/10.1002/ijfe.1670
https://doi.org/10.1016/j.intfin.2021.101302
https://doi.org/10.1016/j.econlet.2021.109891
https://doi.org/10.46557/001c.17894
https://doi.org/10.1016/j.frl.2020.101607
https://doi.org/10.1016/j.irfa.2018.09.003
https://doi.org/10.2307/2334794
https://doi.org/10.1016/j.ijforecast.2011.02.006
https://doi.org/10.1016/j.ijforecast.2011.02.006
https://doi.org/10.1016/j.jeconom.2014.04.012
https://doi.org/10.2307/2171846
https://doi.org/10.1080/01621459.2012.688465
https://doi.org/10.1016/j.frl.2020.101703
https://doi.org/10.46557/001c.17656


Hu, Y., Valera, H.G.A. and Oxley, L. (2019), “Market efficiency of the top market-cap cryptocurrencies:
further evidence from a panel framework”, Finance Research Letters, Vol. 31, pp. 138-145,
doi: 10.1016/j.frl.2019.04.012.

Jarque, C.M. and Bera, A.K. (1980), “Efficient tests for normality, homoscedasticity and serial
independence of regression residuals”, Economics Letters, Vol. 6 No. 3, pp. 255-259, doi: 10.1016/
0165-1765(80)90024-5.

Koop, G., Pesaran, M.H. and Potter, S.M. (1996), “Impulse response analysis in nonlinear
multivariate models”, Journal of Econometrics, Vol. 74 No. 1, pp. 119-147, doi: 10.1016/0304-
4076(95)01753-4.

Kostika, E. and Laopodis, N.T. (2019), “Dynamic linkages among cryptocurrencies, exchange rates
and global equity markets”, Studies in Economics and Finance, Vol. 37 No. 2, pp. 243-265,
doi: 10.1108/SEF-01-2019-0032.

Kristjanpoller, W., Bouri, E. and Takaishi, T. (2020), “Cryptocurrencies and equity funds: evidence
from an asymmetric multifractal analysis”, Physica A: Statistical Mechanics and Its Applications,
Vol. 545, 123711, doi: 10.1016/j.physa.2019.123711.

Lahmiri, S. and Bekiros, S. (2020), “The impact of COVID-19 pandemic upon stability and sequential
irregularity of equity and cryptocurrency markets”, Chaos, Solitons, and Fractals, Vol. 138,
109936, doi: 10.1016/j.chaos.2020.109936.

Lamothe-Fern�andez, P., Alaminos, D., Lamothe-L�opez, P. and Fern�andez-G�amez, M.A. (2020), “Deep
learning methods for modeling bitcoin price”, Mathematics, Vol. 8 No. 8, Art. 8, doi: 10.3390/
math8081245.

L�opez-Cabarcos, M.�A., P�erez-Pico, A.M., Pi~neiro-Chousa, J. and �Sevi�c, A. (2021), “Bitcoin volatility,
stock market and investor sentiment. Are they connected?”, Finance Research Letters, Vol. 38,
101399, doi: 10.1016/j.frl.2019.101399.

Majdoub, J., Ben Sassi, S. and Bejaoui, A. (2021), “Can fiat currencies really hedge Bitcoin? Evidence
from dynamic short-term perspective”, Decisions in Economics and Finance, Vol. 44, pp. 789-816,
doi: 10.1007/s10203-020-00314-7.

Matkovskyy, R. and Jalan, A. (2019), “From financial markets to Bitcoin markets: a fresh look at
the contagion effect”, Finance Research Letters, Vol. 31, pp. 93-97, doi: 10.1016/j.frl.2019.
04.007.

Miglietti, C., Kubosova, Z. and Skulanova, N. (2019), “Bitcoin, Litecoin, and the Euro: an annualized
volatility analysis”, Studies in Economics and Finance, Vol. 37 No. 2, pp. 229-242, doi: 10.1108/
SEF-02-2019-0050.

Naeem, M.A., Karim, S., Farid, S. and Tiwari, A.K. (2022), “Comparing the asymmetric efficiency of
dirty and clean energy markets pre and during COVID-19”, Economic Analysis and Policy,
Vol. 75, pp. 548-562, doi: 10.1016/j.eap.2022.06.015.

Pesaran, H.H. and Shin, Y. (1998), “Generalized impulse response analysis in linear multivariate
models”, Economics Letters, Vol. 58 No. 1, pp. 17-29, doi: 10.1016/S0165-1765(97)00214-0.

Rizwan, M.S., Ahmad, G. and Ashraf, D. (2020), “Systemic risk: the impact of COVID-19”, Finance
Research Letters, Vol. 36, 101682, doi: 10.1016/j.frl.2020.101682.

Sahoo, P.K. (2021), “COVID-19 pandemic and cryptocurrency markets: an empirical analysis from a
linear and nonlinear causal relationship”, Studies in Economics and Finance, Vol. 38 No. 2,
pp. 454-468, doi: 10.1108/SEF-09-2020-0385.

Salisu, A.A. and Ogbonna, A.E. (2022), “The return volatility of cryptocurrencies during the COVID-19
pandemic: assessing the news effect”, Global Finance Journal, Vol. 54, 100641, doi: 10.1016/j.gfj.
2021.100641.

Shahzad, S.J.H., Bouri, E., Kang, S.H. and Saeed, T. (2021), “Regime specific spillover across
cryptocurrencies and the role of COVID-19”, Financial Innovation, Vol. 7 No. 1, p. 5, doi: 10.1186/
s40854-020-00210-4.

EJMBE
33,1

94

https://doi.org/10.1016/j.frl.2019.04.012
https://doi.org/10.1016/0165-1765(80)90024-5
https://doi.org/10.1016/0165-1765(80)90024-5
https://doi.org/10.1016/0304-4076(95)01753-4
https://doi.org/10.1016/0304-4076(95)01753-4
https://doi.org/10.1108/SEF-01-2019-0032
https://doi.org/10.1016/j.physa.2019.123711
https://doi.org/10.1016/j.chaos.2020.109936
https://doi.org/10.3390/math8081245
https://doi.org/10.3390/math8081245
https://doi.org/10.1016/j.frl.2019.101399
https://doi.org/10.1007/s10203-020-00314-7
https://doi.org/10.1016/j.frl.2019.04.007
https://doi.org/10.1016/j.frl.2019.04.007
https://doi.org/10.1108/SEF-02-2019-0050
https://doi.org/10.1108/SEF-02-2019-0050
https://doi.org/10.1016/j.eap.2022.06.015
https://doi.org/10.1016/S0165-1765(97)00214-0
https://doi.org/10.1016/j.frl.2020.101682
https://doi.org/10.1108/SEF-09-2020-0385
https://doi.org/10.1016/j.gfj.2021.100641
https://doi.org/10.1016/j.gfj.2021.100641
https://doi.org/10.1186/s40854-020-00210-4
https://doi.org/10.1186/s40854-020-00210-4


Sharif, A., Aloui, C. and Yarovaya, L. (2020), “COVID-19 pandemic, oil prices, stock market, geopolitical
risk and policy uncertainty nexus in the US economy: fresh evidence from the wavelet-based
approach”, International Review of Financial Analysis, Vol. 70, 101496, doi: 10.1016/j.irfa.2020.
101496.

Sui, X., Shi, G., Hou, G., Huang, S. and Li, Y. (2022), “Impacts of COVID-19 on the return and volatility
nexus among cryptocurrency market”, Complexity, Vol. 2022, pp. 1-15, doi: 10.1155/2022/
5346080.

Umar, Z. and Gubareva, M. (2020), “A time–frequency analysis of the impact of the Covid-19 induced
panic on the volatility of currency and cryptocurrency markets”, Journal of Behavioral and
Experimental Finance, Vol. 28, 100404, doi: 10.1016/j.jbef.2020.100404.

Umar, Z., Jare~no, F. and de la O Gonz�alez, M. (2021), “The impact of COVID-19-related media coverage
on the return and volatility connectedness of cryptocurrencies and fiat currencies”,
Technological Forecasting and Social Change, Vol. 172, 121025, doi: 10.1016/j.techfore.2021.
121025.

Vidal-Tom�as, D. (2021), “An investigation of cryptocurrency data: the market that never sleeps”,
Quantitative Finance, Vol. 21 No. 12, pp. 2007-2024, doi: 10.1080/14697688.2021.1930124.

Wang, H., Wang, X., Yin, S. and Ji, H. (2022), “The asymmetric contagion effect between stock market
and cryptocurrency market”, Finance Research Letters, Vol. 46, 102345, doi: 10.1016/j.frl.2021.
102345.

WHO (2020), “Coronavirus Disease (COVID-19) Pandemic”, (n.d.), available at: https://www.who.int/
europe/emergencies/situations/covid-19 (accessed 23 March 2022).

Wiesen, T.F.P., Beaumont, P.M., Norrbin, S.C. and Srivastava, A. (2018), “Are generalized spillover
indices overstating connectedness?”, Economics Letters, Vol. 173, pp. 131-134, doi: 10.1016/j.
econlet.2018.10.007.

Zhang, D. and Broadstock, D.C. (2020), “Global financial crisis and rising connectedness in the
international commodity markets”, International Review of Financial Analysis, Vol. 68, 101239,
doi: 10.1016/j.irfa.2018.08.003.

About the authors
Dr Nguyen Hong Yen is currently a Professor at the Vietnam Banking Academy. Her main research
areas are financial economics and international economics.

Dr Le Thanh Ha received his Ph.D in Policy Analysis from National Graduate Institute for Policy
Studies. He is currently a Professor at the Faculty of Economics, National Economics University. His
main research areas are digitalization, government issues, international economics, macroeconomic
analysis, international economics, financial stability and corporate performance analysis. Le Thanh Ha
is the corresponding author and can be contacted at: halethanh.kt@gmail.com

For instructions on how to order reprints of this article, please visit our website:
www.emeraldgrouppublishing.com/licensing/reprints.htm
Or contact us for further details: permissions@emeraldinsight.com

Applying a
QVAR model

95

https://doi.org/10.1016/j.irfa.2020.101496
https://doi.org/10.1016/j.irfa.2020.101496
https://doi.org/10.1155/2022/5346080
https://doi.org/10.1155/2022/5346080
https://doi.org/10.1016/j.jbef.2020.100404
https://doi.org/10.1016/j.techfore.2021.121025
https://doi.org/10.1016/j.techfore.2021.121025
https://doi.org/10.1080/14697688.2021.1930124
https://doi.org/10.1016/j.frl.2021.102345
https://doi.org/10.1016/j.frl.2021.102345
https://www.who.int/europe/emergencies/situations/covid-19
https://www.who.int/europe/emergencies/situations/covid-19
https://doi.org/10.1016/j.econlet.2018.10.007
https://doi.org/10.1016/j.econlet.2018.10.007
https://doi.org/10.1016/j.irfa.2018.08.003
mailto:halethanh.kt@gmail.com

	Interlinkages of cryptocurrency and stock markets during the COVID-19 pandemic by applying a QVAR model
	Introduction
	Literature review
	Data and methodology
	Data sample
	Empirical methodology

	Results
	Variation in average dynamic connectivity over time
	Dynamic total connectedness

	Conclusions and policy implications
	Theoretical contributions
	Practical applications
	Limitations and directions for future research

	Note
	References
	About the authors


