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Abstract
Purpose – The purpose of this study is to investigate volatility connectedness between major
cryptocurrencies by the virtue of market capitalization. In this context, this paper implements the frequency
connectedness approach of Barunik and Krehlik (2018) and to measure short-, medium- and long-term
connectedness between realized volatilities of cryptocurrencies. Additionally, this paper analyzes network
graphs of directional TO/FROM spillovers before and after the announcement of the COVID-19 pandemic by
theWorld Health Organization.
Design/methodology/approach – In this study, we examine the volatility connectedness among eight
major cryptocurrencies by the virtue of market capitalization by using the frequency connectedness approach
over the period July 26, 2017 and October 28, 2020. To this end, this paper computes short-, medium- and long-
cycle overall spillover indexes on different frequency bands. All indexes properly capture well-known events
such as the 2018 cryptocurrency market crash and COVID-19 pandemic and markedly surge around these
incidents. Furthermore, owing to notably increased volatilities after the official announcement of the COVID-
19 pandemic, this paper concentrates on network connectedness of volatility spillovers for two distinct
periods, July 26, 2017–March 10, 2020 and March 11, 2020–October 28, 2020, respectively. In line with the
related studies, major cryptocurrencies stand at the epicenter of the connectedness network and directional
volatility spillovers dramatically intensify based on the network analysis.
Findings – Overall spillover indexes have fluctuated between 54% and 92% in May 2018 and April 2020.
The indexes gradually escalated till November 9, 2018 and surpassed their average values (71.92%, 73.66%
and 74.23%, respectively). Overall spillover indexes dramatically plummeted till January 2019 and reached
their troughs (54.04%, 57.81% and 57.81%, respectively). Etherium catalyst the highest sum of volatility
spillovers to other cryptocurrencies (94.2%) and is followed by Litecoin (79.8%) and Bitcoin (76.4%) before the
COVID-19 announcement, whereas Litecoin becomes the largest transmitter of total volatility (89.5%) and
followed by Bitcoin (89.3%) and Etherium (88.9%). Except for Etherium, the magnitudes of total volatility
spillovers from each cryptocurrency notably increase after – COVID-19 announcement period. The medium-
cycle network topology of pairwise spillovers indicates that the largest transmitter of total volatility spillover
is Litecoin (89.5%) and followed by Bitcoin (89.3%) and Etherium (88.9%) before the COVID-19
announcement. Etherium keeps its leading role of transmitting the highest sum of volatility spillovers
(89.4%), followed by Bitcoin (88.9%) and Litecoin (88.2%) after the COVID-19 announcement. The largest
transmitter of total volatility spillovers is Etherium (95.7%), followed by Litecoin (81.2%) and Binance Coin
(75.5%) for the long-cycle connectedness network in the before-COVID-19 announcement period. These nodes
keep their leading roles in propagating volatility spillover in the latter period with the following sum of
spillovers (Etherium-89.5%, Bitcoin-88.9% and Litecoin-88.1%, respectively).
Research limitations/implications – The study can be extended by including more cryptocurrencies
and high-frequency data.

JEL classification – C58, F37, G10
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Originality/value – The study is original and contributes to the extant literature threefold. First, this
paper identifies connectedness betweenmajor cryptocurrencies on different frequency bands by using a novel
methodology. Second, this paper estimates volatility connectedness between major cryptocurrencies before
and after the announcement of the COVID-19 pandemic and thereby to concentrate on its impact on the
cryptocurrency market. Third, this paper plots network graphs of volatility connectedness and herewith
picture the intensification of cryptocurrencies due to a major financial distress event.

Keywords Cryptocurrencies, Frequency connectedness, Overall spillovers, Network analysis

Paper type Research paper

1. Introduction
The cryptocurrency market has attracted overwhelming attention by investors, scholars
and policymakers since the initiation of Bitcoin in 2009 and the market capitalization of the
cryptocurrency market dramatically rose from $10.62bn in 2013 to $237.1bn in 2019, more
than 2,200% (Szmigiera, 2020). With a total market value of almost 0.3% of the world’s total
gross domestic product in 2019, and in the light of the digitalization process of financial
markets, regulators and policymakers have focused on the price developments of the
cryptocurrency market.

It is worth mentioning that, the monumental price inflation of cryptocurrencies has been
accompanied by excess volatility inherent to the nature of the market. For example, Baek
and Elbeck (2015) found that Bitcoins are 26 times more volatile than S&P500. Additionally,
scholars have reported asymmetric volatility effects for cryptocurrencies unlike traditional
financial markets (Baur and Dimpfl, 2018; Cheikh et al., 2020). Likewise, Hafner (2020)
indicated that the evolution of cryptocurrencies is prone to extreme volatility and specified
by bubble-like behavior. Thereupon, volatility dynamics play an essential role in
understanding the price movements of cryptocurrencies and provide valuable insight into
their characteristics.

Cryptocurrencies are peer-to-peer digital cash systems designed to allow direct electronic
payments between parties without a financial intermediary. Unlike major financial assets,
the value of cryptocurrency is not based on a tangible asset, contrariwise, it is determined by
a cryptographic hash function. Furthermore, the cryptocurrency market is mainly de-
regulated, which leads to decentralized control as opposed to centralized central banking
systems and digital currency (Corbet et al., 2019).

Bitcoin is the first initiated cryptocurrency and has the highest market capitalization
close to $772bn on January 08, 2021. The market capitalization of Bitcoin has markedly
surged from $11.9bn in November 2016 to $364.6bn in November 2020 while its price
skyrocketed from $745 to $19,625[1]. Accordingly, the return on the investments for Bitcoin
gained almost 227% per year, which cannot be obtained by any other financial assets.

Despite the short existence of the cryptocurrency market in the financial system, it has
attracted investors and stakeholders, particularly in the recent past. As extensively reported
by the recent literature the cryptocurrency market is subject to speculative bubbles, herding
behavior dominates the position of investors in the market and may conduce contagion (da
Gama Silva et al., 2019). For this purpose, a strand of studies examines return and volatility
spillovers among cryptocurrencies (Koutmos, 2018; Yi et al., 2018; Canh et al., 2019;
Katsiampa et al., 2019; Qiao, 2020). Most of these studies detected moderate or strong
spillovers among cryptocurrencies and found a dominant role of Bitcoin in transmitting
return and volatility spillovers.

It should be noted that the cryptocurrency market is tightly interdependent to
commodity markets (Ji et al., 2019; Panagiotidis et al., 2019), derivative markets (Akyildirim
et al., 2020), bond and foreign exchange markets (Corbet et al., 2018). Furthermore, Bitcoin
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futures have been traded in Chicago Mercantile Exchange and the Chicago Board Options
Exchange since December 2017 and these innovative products have raised interest by
investors (Lee et al., 2020). Thus, a shock stemmed in the cryptocurrency market can spread
to the financial markets with its detrimental effects. Besides, contagion across financial
markets tends to escalate around financial/political upheavals and the COVID-19 pandemic
sets an example of this (Corbet et al., 2020).

Nonetheless, some studies failed to detect such a strong relationship. For example,
Gurrib (2019) constructed an energy blockchain-based crypto index and an energy
commodity price index as representatives of the commodity and crypto markets and found
both not to be robust forecasters of each other.

As extensively investigated by scholars, contagion and connectedness between financial
markets tend to amplify around financial/political imbalances. In compliance with that,
return and volatility spillovers across global financial markets have notably risen since the
emergence of the COVID-19 outbreak (Bouri, Cepni, Gabauer, and Gupta et al., 2020). The
new type of coronavirus emerged in the Chinese municipality Wuhan in December 2019 and
expeditiously dispersed across the globe. As of February 19, 2021, the number of total cases
has approached 110,000,000, globally with a total number of deaths 2,424,060 and keeps its
increasing trend[2]. Despite fiscal/monetary stimulus implemented by the authorities, the
COVID-19 pandemic has severely hit the global economy, it is arguably the worst economic
downturn since the 2008 global financial crisis (the GFC).

In this study, we analyze the impact of COVID-19 on the cryptocurrency volatility
connectedness. For this purpose, we use the frequency connectedness methodology of
Baruník and K�rehlík (2018) and compute volatility connectedness between nine major
currencies by the virtue of market capitalization. To this end, we estimate cryptocurrency
connectedness on the (p ,p /4), (p /4,p /10) and (p /10,0) frequency bands. In doing so, we
identify short-, medium- and, long-term connectedness between the realized volatilities of
cryptocurrencies.

Our study contributes to the extant literature is threefold. First, we identify
connectedness between major cryptocurrencies on different frequency bands by using a
novel methodology. Second, we estimate volatility connectedness among major
cryptocurrencies before and after the official announcement of the COVID-19 as a pandemic,
and thereby concentrate on its impact on the cryptocurrency market. Furthermore, we focus
on the network analysis of cryptocurrency connectedness and depict pairwise spillovers
during these two epochs. We proceed with the work as follows: Section 2 reviews studies on
cryptocurrencies, financial contagion and frequency connectedness. Section 3 presents the
data and empirical framework of the study. In Section 4, the empirical findings of the study
are discussed. Finally, Section 5 discusses the main findings and provides key policy
implications of the study.

2. Literature review
2.1 The evolution of cryptocurrency market
The notion, cryptocurrency, which emerged by the virtue of search for a new monetary
system, particularly after the GFC, is considered as the strongest candidate to substitute
today’s monetary system. The leading cryptocurrency, bitcoin was initiated by Satoshi
Nakamoto in his/her seminal paper. Nakamoto defined the bitcoin as a peer-to-peer version
of electronic cash and transactions of electronic coins as a chain of digital signatures.
Nakamoto offered a system for electronic transactions without relying on trust (Nakamoto,
2008).
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As of January 8th, 2020, there are 8,212 different types of cryptocurrencies circulating in
the market and the total volume is $1,094,287,133.608[3]. This spectacular price increase has
faced periods of high volatility inherent to the market due to regulatory disorientation and
cybercriminality (Corbet et al., 2019). Additionally, the cryptocurrency market is prone to
speculative bubbles (Fry and Cheah, 2016; Fry, 2018; Geuder et al., 2019; Kyriazis et al.,
2020).

Unlike conventional financial assets, cryptocurrencies are subject to exponential price
spikes, known as price explosivity (Bouri et al., 2019). The spectacular price inflation of the
cryptocurrency market is distinctive and cannot be explained by the economic dynamics.
Moreover, major cryptocurrencies tend to have price explosivity simultaneously (co-
explosivity) and a strand of studies reported evidence for co-explosivity. In this vein, Agosto
and Cafferata (2020) found a significant explosive relationship between five main
cryptocurrencies, namely, Bitcoin, Etherium, Ripple, Litecoin and Stellar in 2017 and 2018.
Likewise, Bouri, Roubaud, and Shahzad et al. (2020) investigated co-jumps in the return
series for 12 cryptocurrencies and detected noteworthy jumps for all cases, particularly for
Ripple, Bitcoin and Litecoin. Along similar lines, Bouri et al. (2021) analyzed return
equicorrelation for 12 large cryptocurrencies between August 8, 2015 and February 28, 2019
and found evidence for time-varying equicorreletion. Bouri, Lucey, and Roubaud et al. (2020)
examined linkages between surprise (unexpected) volatilities of eight leading
cryptocurrencies and found evidence of causality linkages between volatility surprises.

As reported by the recent literature, the COVID-19 pandemic has vehemently hit the
global economy has confronted with the worst economic upheaval since the GFC. The
detrimental effects of the pandemic have quickly spilled to the global financial markets and
conduced excessive volatilities (Ali et al., 2020; Ashraf, 2020; Baker et al., 2020; Zhang et al.,
2020; Albulescu, 2021). Likewise, a body of studies has analyzed the impact of the pandemic
on the cryptocurrency market. For example, Shahzad et al. (2021) examined daily return
spillover between 18 cryptocurrencies for the low and high volatility regimes, and by
considering the COVID-19 outbreak. The authors found that the total spillover index
suddenly uprises following the COVID-19 outbreak. Similarly, Naeem et al. (2021) analyzed
the asymmetric efficiency of four leading cryptocurrencies, namely, Bitcoin, Etherium,
Litecoin and Ripple. The findings of the study indicate that the COVID-19 outbreak
negatively affected the efficiency of cryptocurrencies.

The tremendous increase in transaction volumes in the cryptocurrency market has
propelled an increase in their potential impacts on financial markets via different channels,
such as trade, derivatives, commodity, bond, stock and foreign exchange markets.
Departing from this phenomenon, we concentrate on nine top cryptocurrencies by their
market capitalization and those which have the longest price data[4]. Table 1 presents major
11 cryptocurrencies (CoinMarketCap, 2020).

As shown in Table 1, the cryptocurrencies with the highest market value are Bitcoin,
Ethereum, XRP, Tether, Bitcoin Cash, Bitcoin SV, Litecoin, Binance Coin, Eos, Cardano and
Tezos. As seen in Table 1, bitcoin is the leading cryptocurrency (1 bitcoin = $9,438) with the
highest volume ($32.8bn) and the highest market cap ($173.5bn). Ethereum ranks 2nd in
terms of the market capitalization around 15% of the market value of Bitcoin with $24.5bn.
Ripple follows Ethereum with a market capitalization of $8.7bn. Bitcoin keeps its leading
role since the emergence of the cryptocurrency market in 2009. Furthermore, the annual
price growth rates of Bitcoin for the past three years are 1,336.6%, �71.85% and 187.3%,
whereas those rates for Etherium are 9,457%,�81% and�7%, and for Ripple are 37,531%,
�555.1% and�47.1%. Notice that the annual price growth rate for cryptocurrencies in 2018
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is negative due to the 2018 cryptocurrency crash and only the annual return on the
investment for Bitcoin in 2018 is positive among those three cryptocurrencies.

2.2 Financial contagion and cryptocurrency connectedness
The globalization of the financial system has entailed rapid risk spillovers between financial
markets and has led to financial contagion, accordingly. As extensively reported by the
scholars, financial contagion tends to escalate during times of financial distress owing to
strongly connected financial markets.

Financial contagion has been the focus of quantitative studies and different econometric
models have been used by the scholars, such as multivariate generalized autoregressive
conditional heteroskedasticity (Jaworski and Pitera, 2014; Hemche et al., 2016; Bonga-Bonga,
2018; Gomez-Gonzalez and Rojas-Espinosa, 2019), causality analysis (Zhang, 2017; Gharib
et al., 2020), the Kalman Filter (Shen et al., 2015) and the vector autoregression (VAR)
(Bouvet et al., 2013; Le and David, 2014; Georgoutsos and Moratis, 2017; Boutabba, 2019;
Akhtaruzzaman et al., 2020).

It should be noted that financial contagion and financial connectedness are closely linked.
Consequently, researchers have measured spillovers among financial markets during financial
calm and turmoil times. Among them, Diebold and Yilmaz (2009) introduced a pioneering
approach, henceforth, the DY, by which directional, total and net spillovers are computed based
on theH-step ahead forecast error variance decompositions of a standard vector autoregression
(VAR) model. The study estimated return and volatility spillovers among stock markets of 19
countries by using the DY approach. Diebold and Yilmazcomputed spillovers between various
markets by using the DY approach (Diebold andYilmaz, 2012, 2015).

The DY approach has been popular in financial connectedness studies and scholars have
estimated spillovers among financial markets. Studies have calculated connectedness in various
markets, such as FX markets connectedness (Bub�ak et al., 2011; Antonakakis, 2012; Baruník
and K�rehlík, 2018), stock markets connectedness (Tsai, 2014; Guimarães-Filho and Hong, 2016),
debt markets connectedness (Antonakakis and Vergos, 2013; Le et al., 2020), cryptocurrency
markets connectedness (Yi et al., 2018; Andrada-Félix et al., 2020; Bagheri and Ebrahimi, 2020).

Despite the literature on the cryptocurrency market connectedness is scant and relatively
new, a body of studies has attempted to gauge cryptocurrency connectedness by using the DY
approach. Among them, Corbet et al. (2018) analyzed connectedness between Bitcoin, Litecoin,
Ripple and six financial indicators (Cboe volatility index, bond, gold, fx and S&P 500) by using
the DY approach in 2013 and 2017. The findings of the study suggest that cryptocurrencies are
isolated from other financial markets and closely linked. Likewise, Ji et al. (2019) investigated

Table 1.
Top 11
cryptocurrencies by
the market
capitalization

Rankings Name Symbol Market cap (Bn$) Price($) Circulating supply (bn) Volume (bn $)

1 Bitcoin BTC 173.5 9,438 1.839 BTC 32.8
2 Ethereum ETH 24.5 220.6 11.116 ETH 12.2
3 Ripple XRP 8.7 0.19 44.11 XRP 1.4
4 Tether USDT 8.8 1 8.8 USDT 36.7
5 Bitcoin Cash BCH 4.3 251.3 1.842 BCH 3.3
6 Bitcoin SV BSV 3.5 201.8 1.842 BSV 1.5
7 Litecoin LTC 2.8 44.6 6.485 LTC 2.6
8 Binance Coin BNB 2.6 17 15.554 BNB 0.3
9 EOS EOS 2.4 2.6 93.309 EOS 2.01
10 Tezos XTZ 1.7 2.4 71.222 XTZ 0.07
11 Cardano ADA 1.6 0.06 25.93 ADA 0.3
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return and volatility connectedness among six major cryptocurrencies between August 8, 2015
and August 7, 2018. The findings of the study indicate that Litecoin and Bitcoin stand at the
epicenter of the connected network and return shocks caused by Litecoin and Bitcoin have the
largest effects on other cryptocurrencies. Additionally, the authors indicate that connectedness
through negative returns is higher than the one via positive returns. Along similar lines, Yi et al.
(2018) focused on volatility connectedness between eight cryptocurrencies by implementing the
vector autoregression (VAR) models. Their findings indicate that connectedness oscillates and
has markedly surged since the end of 2016. Antonakakis et al. (2019) examined connectedness
between nine major cryptocurrencies by implementing a time varying parameter – factor
augmented vector autoregression connectedness method between August 8, 2015 and May 31,
2018. The study found that the total connectedness between various cryptocurrencies fluctuates
between 25% and 75% over the analyzed period. Aslanidis et al. (2020) analyzed return and
volatility connectedness among 17 major cryptocurrencies by means of their market
capitalization by implementing the DY approach. The authors detected a sudden upward trend
in total connectedness around March 2020 due to the COVID-19 pandemic. Likewise, Li et al.
(2020) examined risk connectedness among seven cryptocurrencies in August 7, 2015 and
February 15, 2020 by using the DY and the BKmethodologies. The results of the study indicate
that the direction of spillovers are highly correlated with the market capitalizations of
cryptocurrencies, spillovers under a downward tendency are stronger than those under a
upward tendency and heterogeneity dominates the average and range of spillover at different
time frequencies.

Baruník and K�rehlík (2018) proposed a seminal approach, frequency connectedness,
henceforth the BK, which estimates connectedness in different cycles based on the spectral
representation of the vector autoregression (VAR) model. According to the frequency
connectedness method, the connectedness of assets can be computed by Fourier transforms
of the impulse response functions on a given frequency band. This novel methodology is
superior to mainframe connectedness measures and has gained overwhelming attention
from scholars. More recent studies have concentrated on connectedness in several financial
markets by using the frequency connectedness approach (Polat, 2019; Maghyereh et al.,
2019; Le et al., 2020; Owusu Junior et al., 2020; Polat, 2020; Fousekis and Tzaferi, 2021).

3. Methodology
3.1 Data
The data set is comprising 8 out of 10 largest cryptocurrencies by market capitalization,
namely, Bitcoin, Etherium, Ripple, Tether, Bitcoin Cash, Litecoin, Binance Coin, EOS and
span from July 26, 2017 and October 28, 2020[5].

3.2 Empirical framework
Baruník and K�rehlík (2018) specified the frequency connectedness methodology based on
the spectral representation of aM-variable vector autoregression (VAR)(p):

xt ¼
Xp
i¼1

w ixt�1 þ m t (1)

herein, xt,M� 1 vector of variables, m ,M� 1 vector of i.i.d. error terms and m t�N(0,X).
The MA representation of the vector autoregression (VAR)(p) can be given as xt =

c (L)« t, where c (L) is the matrix of infinite lag polynomials and can be introduced as w (L) =
[c (L)]�1.
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Hereinafter, the frequency response function is defined as c e�iwð Þ ¼
X
h

e�iwh c h is the
Fourier transform of the coefficients c h.

The spectral density of xt at frequency w is introduced as the Fourier transform of MA
(1) filtered series as:

SX Wð Þ ¼
X1
h¼�1

E xtx 0
t�h

� �
e�iwh ¼ c e�iwð Þ X c 0 eþiwð Þ (2)

z wð Þj;k ¼
s�1

kk j c e�iwð Þ Xj2j;k
c e�iwð Þ X c 0 eþiwð Þjj
� (3)

where s kk= (X)kk.
Scaled generalized variance decompositions on the frequency band d = (a,b):a,b [ (–p ,p ),a

< b is defined as ~w dð Þj;k ¼ w dð Þj;k=
X
k

w1ð Þj;k, where

~w dð Þj;k ¼
1
2p

ðb
a

c e�iwð ÞXc 0 eþiwð Þ� �
jj

1
2p

ðp
�p

c e�ilð ÞXc 0 eþilð Þjjdl z wð Þð Þj;kdw
� (4)

and

w1ð Þj;k ¼
1
2p

ðp
�p

c e�iwð ÞXc 0 eþiwð Þ� �
jjðp

�p

c e�ilð ÞXc 0 eþilð Þjjdl
� (5)

The within connectedness on d is defined as:

Cw
d ¼ 100: 1� Tr ~w dð ÞP

~w1

� �
(6)

The frequency connectedness on d is defined as:

Cf
d ¼ 100:

P
~w dP
~w1

� Tr ~w dð ÞP
~w1

� �
¼ Cw

d

P
~w dP
~w1

(7)

herein,Tr{.} Is the trace operator,
P

~w d is the sum of all elements of the wd.
Following Garman and Klass (1980), Diebold and Yilmaz (2015) and Ji et al. (2019), we use

the daily range-based realized volatility estimations in the empirical model. As stated in
Alizadeh et al. (2002), range-based volatility estimations provide highly efficient estimations
of stochastic volatility models, and thus, suitable for our empirical model. Daily range-based
volatility estimations for cryptocurrencies are presented as:

RV ¼ 0:511 H � Lð Þ2 � 0:019 C � Oð Þ H þ L� 2Oð Þ � 2 H � 0ð Þ L� Oð Þ� �
� 0:383 C � Oð Þ2 (8)

where H, L, C and O correspond to log of daily high price, low price, close price and open
price, respectively.
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3.3 VAR-LASSO model
Tibshirani (1996) introduced the least absolute shrinkage and selection operator (LASSO)
regression based on Breiman’s algorithm (Breiman, 1995), which adds a penalty to the least
squares minimization problem represented by the L1 norm of the model’s coefficient vector
indexed by themultiplicative positive factor l (penalty or tuning parameter), given as follows:

Q bð Þ ¼ yt � b 0 � Xtbð Þ0 yt � b 0 � Xtbð Þ þ l b (9)

herein, yt is the dependent variable,Xt is the vector of regressors, b 0 is constant and b is the
vector of coefficients.

The penalty parameter can be chosen based on the information criterion or cross-
validation. However, the cross-validation provides a set of coefficients that allow more
robust predictions, as the information criterion only minimizes the in-sample variance of a
forecasting error adjusted by the number of parameters.

4. Results
4.1 Historical daily prices of cryptocurrencies
Figure 1 exhibits historical prices for eight cryptocurrencies in July 26, 2017 and October 28,
2020.

As shown in Figure 1, all cryptocurrency price series remarkably surged between July,
2017 and December, 2017, sharing a common trend. Six out of nine cryptocurrencies peaked
in December, 2017 or in January, 2018. Bitcoin, Tether, Bitcoincash and Litecoin peaked in
December, 2017, while Etherium, Ripple reached their peak values in January, 2018. On the
other hand, Binance coin and Eos peaked in April, 2018.

Figure 2 shows the daily range-based volatilities of cryptocurrencies computed by the
equation (8) in July 26, 2017 and October 28, 2020.

Daily range-based volatilities of cryptocurrencies excessively fluctuated between mid-
2017 and early-2018 and notably on March 11, 2020 (except Bitcoincash), which coincides
with the official announcement of COVID-19 as a pandemic by the World Health
Organization (WHO)[6]. In view of noticeable amplified volatilities after the COVID-19
announcement, in the next step, we concentrate on cryptocurrency volatility connectedness
before and after the COVID-19 announcement.

4.2 Overall spillover index
In this section, we compute the overall connectedness between realized volatilities by using
the BK approach. We estimate the overall connectedness with a moving window of 300 days
using 100-day forecast error variance decompositions of vector autoregression (VAR)(1).
Herewith, the overall spillover indexes on the (p ,p /4), (p /4,p /10) and (p /10,0)[7] frequency
bands are estimated by carrying out VAR-LASSO estimations with an automatic penalty
parameter selection. Figure 3 depicts overall spillover indexes on different frequency bands.

Overall spillover indexes have fluctuated between 54% and 92% in May 2018 and April
2020. The indexes gradually escalated till November 9, 2018 and surpassed their average
values (71.92%, 73.66% and 74.23%, respectively). Overall spillover indexes dramatically
plummeted till January 2019 and reached their troughs (54.04%, 57.81% and 57.81%,
respectively). In line with the finding in Aslanidis et al. (2020), after slightly surging to their
average levels, the indexes skyrocketed in March, 2020 with the official announcement of
COVID-19 as a pandemic by the World Health Organization (WHO) and they surpassed
90%.
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4.3 Network analysis
Owing to markedly surged connectedness between realized volatilities of cryptocurrencies
after March 11, 2020, we focus on the network topology of pairwise spillovers for two
distinct periods, July 26, 2017 and March 10, 2020 (before the COVID-19 announcement) and
March 11, 2020 and October 28, 2020 (after the COVID-19 announcement). Network
topologies consist of pairwise spillovers that are larger than a threshold value[8] to better
visualize the network connectedness[9]. Furthermore, the size of each node exhibits the
magnitude of spillovers, reflecting total FROM spillovers. The thickness of the arrow
reflects the strength of the spillover connecting a pair of nodes. Figure 4 depicts network
graphs of pairwise spillovers estimated on the (p ,p /4), (p /4,p /10) and (p /10,0) frequency
bands for those two distinct periods, respectively.

As clearly shown in Figure 4 that the pairwise spillovers dramatically intensify after the
official announcement of the COVID-19 as a pandemic by theWorld Health Organization (WHO).
Notice that the total spillover indexes for short-, medium- and long-cycle before the COVID-19
announcement are 53.48%, 56.57% and 58.04%, respectively, while those indexes after the
COVID-19 announcement are 85.76%, 86.03% and 86.06%)[10]. This may be explained by the
herding behavior of cryptocurrencies during turbulent times (Kallinterakis andWang, 2019).

Several results can be drawn from short-cycle network topologies. First, Etherium
catalyst the highest sum of volatility spillovers to other cryptocurrencies (94.2%) and is

Figure 1.
Historical daily prices
of cryptocurrencies in
July, 2017–October,
2020
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followed by Litecoin (79.8%) and Bitcoin (76.4%) before the COVID-19 announcement,
whereas Litecoin becomes the largest transmitter of total volatility (89.5%) and followed by
Bitcoin (89.3%) and Etherium (88.9%). This result is consistent with the study of Ji et al.
(2019). Second, except for Etherium, the magnitudes of total volatility spillovers from each

Figure 2.
Daily range-based

volatilities for
cryptocurrencies in
July, 2017–October,

2020

Figure 3.
Overall spillover
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medium- and long-
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cryptocurrency notably increase after- COVID-19 announcement period. The pair Etherium/
Litecoin has the strongest connectedness before the COVID-19 announcement, whereas the
pair Bitcoin/Tether has the tightest connectedness in the latter period.

The Medium-cycle network topology of pairwise spillovers indicates that the largest
transmitter of total volatility spillover is Litecoin (89.5%) and followed by Bitcoin (89.3%)
and Etherium (88.9%) before the COVID-19 announcement. Therefore, the largest nodes of
transmitting total volatility spillovers are the same for both short- and medium-cycle
connectedness networks. Etherium keeps its leading role of transmitting the highest sum of
volatility spillovers (89.4%), followed by Bitcoin (88.9%) and Litecoin (88.2%) after the
COVID-19 announcement. Etherium/Litecoin pair has the highest pairwise spillovers in the
former period, and the pair Bitcoin/Tether has the strongest connectedness in the latter
period.

The largest transmitter of total volatility spillovers is Etherium (95.7%), followed by
Litecoin (81.2%) and Binance Coin (75.5%) for the long-cycle connectedness network in the
before-COVID-19 announcement period. These nodes keep their leading roles in propagating
volatility spillover in the latter period with the following sum of spillovers (Etherium-89.5%,
Bitcoin-88.9% and Litecoin-88.1%, respectively). Sharing a common feature with the short-
and medium-cycle connectedness network, the pairs Etherium/Litecoin and Bitcoin/Tether
have the strongest connectedness in the former and latter periods, respectively.

5. Conclusion
The world economy has witnessed acute financial/political upheavals since the 1929 great
depression, yet the most severe ones are the GFC and the COVID-19 pandemic. The recent
pandemic sorely hit the global economic system and the detrimental effects of it have
continued to spread across the globe since its first emergence. Despite fiscal/macroeconomic
stimulus packages launched by the authorities, the COVID-19 pandemic has adversely
affected global financial markets.

Thanks to remarkably increased cryptocurrency volatilities following the official
announcement of the COVID-19 pandemic by the World Health Organization (WHO), in this
study, we examine the volatility connectedness of nine main cryptocurrencies before and
after the COVID-19 announcement. To this end, we use the frequency connectedness

Figure 4.
Network graphs of
pairwise spillovers
before and after the
COVID-19
announcement
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approach and compute volatility spillovers among major cryptocurrencies. Furthermore, we
focus on the short-, medium- and long-cycle connectedness networks, which consist of
pairwise volatility spillovers among cryptocurrencies.

In line with the previous studies (Aslanidis et al., 2020; Iqbal et al., 2021), we found that
the volatility connectedness among cryptocurrencies markedly intensifies, particularly after
March 11, 2020, which coincides with the official announcement of the COVID-19 pandemic.
This result is probably because of the herding behavior in the cryptocurrency market.

Network analysis for two distinct periods, namely, before- and after- the official announcement
of the COVID-19 pandemic provides valuable insights for volatility transmissions among
cryptocurrencies during calm and turbulent times. First, total spillover indexes dramatically surge
in the latter period, indicating a significant impact of the COVID-19 pandemic on the
cryptocurrency market. Second, consistent with the study of Ji et al. (2019), we detected that major
cryptocurrencies, such as Bitcoin, Etherium and Litecoin stand at the epicenter of the networks.
Moreover, Etherium is the largest node of transmitting the total amount of volatility spillovers in
short-, medium- and long-cycle connectedness networks reflecting before the official announcement
of the COVID-19 pandemic.

Tight interdependence between major cryptocurrencies based on the network analysis
influence the decisions of investors, regulators and researchers. However, consistent with
the related literature, large cryptocurrencies transmit/receive diverse amounts of volatility
spillovers, which shortens the diversification in the cryptocurrency market. Furthermore,
our study asserts a significant impact on the COVID-19 pandemic on the cryptocurrency
volatility connectedness. Notwithstanding the fact this can provide a profit opportunity for
investors, regulators should closely monitor the price developments in the cryptocurrency
market to pretend the economic system from an unprecedented shock stemmed from the
cryptocurrency market.

Notes

1. See https://coinmarketcap.com/currencies/bitcoin/historical-data/

2. See, https://covid19.who.int/table

3. See, https://coinmarketcap.com/

4. The cryptocurrencies used in the study are as follows: Bitcoin, Etherium, Ripple, Tether,
Bitcoincash, Litecoin, Binancecoin and Eos.

5. We collect the price series for cryptocurrencies from https://coinmarketcap.com/

6. See www.who.int/director-general/speeches/detail/who-director-general-s-opening-remarks-at-
the-media-briefing-on-covid-19–�11-march-2020

7. (p ,p /4), (p /4,p /10) and (p /10,0) reflect approximately 1 days to 4 days, 4 days to 10 days and 10
days to infinity days, respectively.

8. r x:= (max(FROM directional spillovers)� b ), where b = 0.1.

9. We provide the spillovers tables in the Appendix.

10. See Appendix.
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Appendix: Spillover tables

Table A1.
Short-cycle spillover
table before the
COVID-19
announcement

Bitcoin Etherium Ripple Tether Bitcoincash Litecoin Binancecoin Eos FROM

Bitcoin 35.88 17.41 6.08 12.54 2.14 15.94 3.13 6.88 8.02
Etherium 15.65 30.93 12.04 7.36 0.91 17.87 4.50 10.75 8.63
Ripple 7.89 17.38 45.56 6.21 1.12 12.34 3.18 6.32 6.80
Tether 16.19 11.02 6.42 45.62 4.96 8.89 2.12 4.78 6.80
Bitcoincash 4.83 2.31 1.90 8.25 76.60 4.13 0.64 1.34 2.92
Litecoin 15.69 19.71 9.34 6.50 1.88 34.16 5.29 7.43 8.23
Binancecoin 6.35 9.59 4.39 2.69 0.55 10.04 58.64 7.75 5.17
Eos 9.85 16.81 6.82 4.64 0.81 10.67 5.62 44.77 6.90
TO 9.56 11.78 5.87 6.02 1.55 9.99 3.06 5.66 TSI = 53.48%

Table A2.
Short-cycle spillover
table after the
COVID-19
announcement

Bitcoin Etherium Ripple Tether Bitcoincash Litecoin Binancecoin Eos FROM

Bitcoin 13.79 12.54 12.75 12.83 10.39 13.00 12.49 12.21 10.78
Etherium 12.61 13.80 12.43 11.76 11.31 12.71 12.70 12.68 10.77
Ripple 12.85 12.45 13.92 12.02 10.09 13.24 12.34 13.09 10.76
Tether 13.49 12.35 12.54 14.45 11.29 12.30 11.55 12.03 10.69
Bitcoincash 12.18 13.18 11.74 12.42 15.90 11.65 10.46 12.48 10.51
Litecoin 12.96 12.60 13.10 11.66 9.92 13.79 12.97 12.99 10.78
Binancecoin 12.93 13.09 12.68 11.41 9.41 13.46 14.37 12.65 10.70
Eos 12.35 12.75 13.14 11.53 10.78 13.18 12.35 13.92 10.76
TO 11.17 11.12 11.05 10.45 9.15 11.19 10.61 11.02 TSI = 85.76%

Table A3.
Medium-cycle
spillover table before
the COVID-19
announcement

Bitcoin Etherium Ripple Tether Bitcoincash Litecoin Binancecoin Eos FROM

Bitcoin 29.71 17.47 6.44 10.93 2.34 15.83 7.09 10.19 8.79
Etherium 14.70 27.39 11.64 6.92 1.05 18.10 6.69 13.52 9.08
Ripple 8.47 18.00 40.12 6.23 1.12 12.62 3.68 9.77 7.49
Tether 16.19 11.02 6.42 45.62 4.96 8.89 2.12 4.78 6.80
Bitcoincash 5.07 2.57 2.01 8.32 74.84 4.47 1.18 1.54 3.15
Litecoin 14.91 19.59 9.22 6.29 1.70 30.07 7.11 11.10 8.74
Binancecoin 6.52 9.89 4.50 2.78 0.56 10.18 57.09 8.48 5.36
Eos 9.87 16.73 6.83 4.62 0.81 10.92 7.62 42.61 7.17
TO 9.47 11.91 5.88 5.76 1.57 10.13 4.44 7.42 TSI = 56.57%
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Table A4.
Medium-cycle

spillover table after
COVID-19

announcement

Bitcoin Etherium Ripple Tether Bitcoincash Litecoin Binancecoin Eos FROM

Bitcoin 13.56 12.64 12.61 12.79 11.13 12.81 12.19 12.27 10.80
Etherium 12.55 13.71 12.33 11.87 11.97 12.55 12.35 12.66 10.79
Ripple 12.77 12.57 13.63 12.08 10.82 13.03 12.08 13.02 10.80
Tether 13.49 12.35 12.54 14.45 11.29 12.30 11.55 12.03 10.69
Bitcoincash 12.18 13.18 11.74 12.42 15.90 11.65 10.46 12.48 10.51
Litecoin 12.83 12.73 12.86 11.82 10.94 13.39 12.50 12.92 10.83
Binancecoin 12.79 13.15 12.49 11.68 10.76 13.06 13.42 12.65 10.82
Eos 12.33 12.85 12.88 11.71 11.68 12.90 11.99 13.66 10.79
TO 11.12 11.18 10.93 10.55 9.82 11.04 10.39 11.00 TSI = 86.03%

Table A5.
Long-cycle spillover

table before the
COVID-19

announcement

Bitcoin Etherium Ripple Tether Bitcoincash Litecoin Binancecoin Eos FROM

Bitcoin 27.28 17.47 6.56 10.26 2.35 15.76 8.95 11.36 9.09
Etherium 14.29 26.25 11.31 6.72 1.07 17.75 7.95 14.67 9.22
Ripple 8.75 18.26 37.32 6.23 1.12 12.80 4.26 11.26 7.84
Tether 16.19 11.02 6.42 45.62 4.96 8.89 2.12 4.78 6.80
Bitcoincash 5.28 2.79 2.12 8.39 73.39 4.74 1.58 1.71 3.33
Litecoin 14.54 19.46 9.11 6.17 1.62 28.30 8.34 12.45 8.96
Binancecoin 6.62 10.05 4.57 2.82 0.57 10.26 56.23 8.88 5.47
Eos 9.87 16.68 6.83 4.61 0.81 11.08 8.88 41.24 7.35
TO 9.44 11.97 5.87 5.65 1.56 10.16 5.26 8.14 TSI = 58.04%

Table A6.
Long-cycle spillover

table after the
COVID-19

announcement

Bitcoin Etherium Ripple Tether Bitcoincash Litecoin Binancecoin Eos FROM

Bitcoin 13.54 12.65 12.60 12.78 11.21 12.79 12.16 12.27 10.81
Etherium 12.54 13.71 12.32 11.88 12.05 12.54 12.31 12.66 10.79
Ripple 12.76 12.58 13.59 12.09 10.90 13.01 12.05 13.01 10.80
Tether 13.49 12.35 12.54 14.45 11.29 12.30 11.55 12.03 10.69
Bitcoincash 12.18 13.18 11.74 12.42 15.90 11.65 10.46 12.48 10.51
Litecoin 12.82 12.75 12.84 11.84 11.04 13.35 12.45 12.91 10.83
Binancecoin 12.78 13.16 12.47 11.70 10.87 13.02 13.34 12.65 10.83
Eos 12.33 12.86 12.86 11.73 11.77 12.87 11.96 13.63 10.80
TO 11.11 11.19 10.92 10.55 9.89 11.02 10.37 11.00 TSI = 86.06%

Note: TSI-Total Spillover Index

COVID-19
pandemic
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