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Abstract

In this paper, we measure the risk interdependence of 12 major cryptocurrencies before and
during the COVID-19 pandemic, based on a GARCH-Copula-VaR approach and a dynamic network
analysis. We find that cryptocurrencies generally show high levels of volatility, speculation,
homogeneity and tail risk contagion. Furthermore, the COVID-19 pandemic has a continuous impact
on the cryptocurrency market. When financial institutions are increasingly investing in crypto assets,
the hidden risks in the cryptocurrency market remain high. Therefore, this paper calls for attention on
the cryptocurrency market from both investors and regulators.
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1. Introduction

Cryptocurrency, a kind of newly generated digital currency, has attracted increased
attention in recent years from players including the financial press, policymakers
and the financial community (Makarov and Schoar, 2020). According to the
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definition given by the Basel Committee, crypto assets are private digital assets
that mainly rely on cryptography, distributed ledgers or similar technologies, while
digital assets are digital representations of value that can be used for payment,
investment, or the acquisition of goods or services. By the end of June 2021, the
total number of cryptocurrencies has reached 8,220.1 The reasons for the pros-
perity of cryptocurrency mainly include the widespread use of smart technology,
the increasing acceptance of cryptocurrency as legal currency and their ac-
knowledgement by large companies, (Yousaf and Ali, 2020). Similar to Initial
Public Offerings (IPOs), a popular fundraising method used primarily by start-ups
wishing to offer products and services in the field of the cryptocurrency and
blockchain space, called the Initial Coin Offerings (ICOs), reached its peak in 2018
(Sharma and Zhu, 2020), and subsequently, the total capitalization of the cryp-
tocurrency market exceeded 500 billion USD. Due to its decentralization, inac-
cessible information modification and anonymity, the interest in cryptocurrencies
has gradually moved from a select group of ‘players’ to the wider public sphere.
Recently, the investment and speculation on cryptocurrencies are increasingly
prominent, but the price of cryptocurrencies fluctuated dramatically. Open data
reveal that the price of Bitcoin soared 20 times in the space of just one year, from
the beginning of 2017, but it also declined 80% in the following year and tripled in
value in 2019. Prices of other cryptocurrencies also display similar febrile patterns.

At the end of 2019 and the beginning of 2020, the COVID-19 pandemic broke
out and spread all over the world, an event which has deeply shaken the global
economic and financial system, including the cryptocurrency market. Until the
time of writing (June 2021), the cumulative number of cases reported globally now
exceeds 180 million, and the number of deaths is almost 4 million.2 The prolonged
global stalling caused by this pandemic has led to an unprecedented decline in
social and economic activities and has also precipitated the rollout of the most
expensive government-driven stimulus packages seen after the end of World
War II. The price fluctuation in the cryptocurrency market has also contributed
significant changes in many areas of society, where compounded problems are
caused by the outbreak of the COVID-19 pandemic.

Therefore, it is of crucial interest to understand the dynamic price fluctuations
of the cryptocurrency market during a period of a crisis, as well as the phenom-
enon of risk contagion between cryptocurrencies. When volatility shifts from one
cryptocurrency to another, the stakeholders, such as portfolio managers and policy
makers, need to quickly adjust their actions to minimize the harm of risk spread.

1Data is consistently being updated on the website of CoinGecko: https://www.coingecko.com/zh.
2Data is consistently being updated on the website of World Health Organization: https://www.who.
int/redirect-pages/page/novel-coronavirus-(covid-19)-situation-dashboard.
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Moreover, understanding the information hidden in returns and the price volatility
of cryptocurrencies can provide us valuable insights into portfolio diversification,
risk contagion paths tracking, homogeneous behavior and risk management in
terms of cryptocurrency market.

The potential contributions of this paper may lie in its construction of a com-
plex network to study both the static and dynamic correlations among crypto-
currencies, potential risk contagion paths and intrinsic homogeneous aggregation
behavior during the COVID-19 pandemic period. This paper further gives a
glimpse into the influence of extremely risky cases on the wider crypto-asset
market. As the stability of this market is related to financial stability, dramatic
price fluctuations are not only harmful to market development but may also
potentially create big losses for investors. Therefore, this paper also advocates
those regulators, investors and financial institutions alike as all pay attention to the
risks of crypto-assets and make informed investment decisions based on consid-
eration of the interdependence and the risk contagion paths which exist among
cryptocurrencies.

The remainder of this paper is organized as follows: Section 2 displays a
context of existing literature review. Section 3 introduces the models used to
estimate the volatility and risk interdependence of cryptocurrencies. Section 4
presents the data and descriptive statistics, followed by the empirical results in
Sec. 5, which shows the VaR and the analysis of risk interdependence among
cryptocurrencies. Section 6 concludes the paper with some suggestions.

2. Literature Review

Given the conditions of the current global market, research into the measurement
of cryptocurrency risks has become particularly important. Scholars have
attempted to use mathematical and statistical methods to quantify the risks of
cryptocurrencies. Osterrieder and Lorenz (2017) provided an extreme value
analysis of Bitcoin’s returns. They focused particularly on tail risk characteristics
and determined that Bitcoin’s returns exhibited higher volatility, as well as stronger
abnormal features and heavier tails, than traditional G10 currencies. Stavroyiannis
(2018) applied a GJR-GARCH model and implemented a variety of methods to
measure Value-at-Risk (VaR). The results also demonstrated that the return of
Bitcoin was highly volatile since its VaR exceeds the thresholds significantly than
other assets. Xu et al. (2021) focused on the tail risks of the cryptocurrency market
and confirmed that Bitcoin was the biggest risk taker and Ethereum was the
biggest risk source. We note that the VaR method is mostly used in the quantitative
research of cryptocurrency risks, which allows us to predict future risks.
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However, the risk calculated by VaR is merely a point level on the probability
distribution. It is difficult to guarantee the accuracy of the estimated results. In
addition, the VaR calculated in most studies is static and thus difficult to adapt to
the complex and volatile real-world market environment. Therefore, in this paper,
CVaR is used as a supplement to VaR, and a dynamic Daily VaR is used to track
the changes of cryptocurrency risks before and during the pandemic.

With the rapid growth of the cryptocurrency market, the correlations between
cryptocurrencies have also begun to be identified and analyzed. Huynh et al.
(2018) used Copula models to demonstrate the risk contagion among these
cryptocurrencies and suggested that investors should be cautious in diversifying
their portfolios to avoid such contagion. Borri (2019) focused on the conditional
tail risks and tail dependences for Bitcoin, Ethereum, Ripple and Litecoin. It was
discovered that these cryptocurrencies were exposed to high tail risks within the
cryptocurrency market, while they were impervious to other global markets, such
as the US equity market or the gold market. However, Rehman et al. (2020) also
analyzed the risk dependence among Bitcoin and major Islamic indices, but the
opposite conclusion was reached. Otherwise, Corbet et al. (2018) analyzed the
relationships among three popular cryptocurrencies and various other financial
assets, and they found that cryptocurrencies could offer diversification benefits for
investors with short investment horizons.

In addition, network analysis has also been applied to the study of cryptocurrency
interdependence in much of the literature. Giudici and Parisi (2018) built a network
vector autoregressive (VAR) model to study the relationships in the pricing of
cryptocurrencies for different cryptocurrency exchange markets and found that the
larger exchanges influenced the pricing of the smaller ones. Papadimitriou et al.
(2020) used a complex network to plot a relationship network diagram for the price
of cryptocurrencies and found that it was not necessarily the most popular crypto-
currency which dominated. Sometimes, the cryptocurrencies with the highest market
cap also hold dominant positions. Stosic et al. (2018) used the methods of minimum
spanning tree and random matrix to study the correlations between cryptocurrencies
and revealed the existence of homogeneous behavior in the cryptocurrency market.
This result led to the clues of constructing cryptocurrency portfolios. Network
analysis intuitively depicts the internal correlations among cryptocurrencies and their
potential risk contagion paths, which can be used to describe the dynamic char-
acteristics of cryptocurrencies at different time periods.

Based on the existing literature, the study on the correlations of crypto-
currencies is mostly static, and there has been relatively little research on the
time-varying features of correlations of cryptocurrencies. Given their innate ho-
mogeneity and strong correlations, this paper is interested in investigating the
time-varying interdependence of these crypto assets in the context of the impact of
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COVID-19 on the global economy. Since the disaster of the pandemic has un-
fortunately played out in endless configurations across the whole world, we ad-
dress the performance of cryptocurrencies over a three-year period, spanning
periods both before and during the pandemic. Additionally, we introduce the
t-Copula, DCC-GARCH model to study the market volatility and the dynamic
relationship among cryptocurrencies and provide the theoretical basis for risk
management of cryptocurrencies, while also taking into account time-varying
correlations among these assets. In this research, we found that the skewed
t-SGARCH (1,1) model fit well with most of the cryptocurrencies that we selected
and could accurately describe price changes over the years in question. Finally, we
use network analysis to describe risk interdependence among 12 of the major
cryptocurrencies.

3. Methodology

3.1. GARCH-Copula-VaR model

Sklar (1959) was the first to propose the Copula approach, which was further
expanded upon by Schweizer and Sklar (1983). However, it was not used to study
the correlations between financial assets in empirical finance until at least the mid-
1990s, such as Li (2000). We follow Joe (1997) and Nelsen (2006) and introduce
econometrics to the study of crypto assets.

Let Fðx1, . . . , xdÞ be an n-dimensional distribution function. Its continuous
marginal distribution is Fðx1Þ,Fðx2Þ, . . . ,FðxnÞ. Unique to Sklar’s theorem is the
following function:

Fðx1, . . . , xdÞ ¼ P[X1 � x1, . . . ,Xd � xd]: ð1Þ
Sklar’s theorem emphasized the significance of Copula in multi-dimensional
analyses. We can construct a wide range of multivariate distributions by choosing
the marginal distributions and a suitable copula.

For a multivariate Copula CðuÞ, three main conditions need to be met:

(1) Cðu1, . . . , ukÞ is nondecreasing in each component ui, for ui 2 [0, 1],
n ¼ 1, 2, . . . ,N;

(2) For Copula CðuÞ, all i 2 f1, . . . , kg and 0 � ui � 1, we have Cð1, . . . , 1, ui,
1, . . . , 1Þ ¼ ui and

(3) 8 ða1, a2, . . . , anÞ, ðb1, b2, . . . , bnÞ 2 [0, 1]n, ai � bi, and we have

X2
i1¼1

� � �
X2
ik¼1

ð�1Þ i1þ���þikCðu1i1 , u2i2 , . . . , ukikÞ � 0: ð2Þ
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The GARCH-Copula approach was first employed by Jondeau and Rockinger
(2001). It has been widely applied in the analysis of portfolio risk, such as in
Breymann et al. (2003), Patton (2006) and Hsu et al. (2008). The dependence
among cryptocurrency risk factors comes from their marginal distributions or
specified GARCH models:

Xk, t ¼ �k, t þ "k, t, ð3Þ

�k, t ¼ �k þ
Xp1, k
i¼1

�iðXk, t�i � �kÞ þ
Xq1, k
j¼1

�j"k, t�j, ð4Þ

"k, t ¼ �k, t Zk, t, ð5Þ

�2
k, t ¼ �0 þ

Xp2, k
i¼1

�i�
2
k, t�i þ

Xq2, k
j¼1

�i�
2
k, t�j, ð6Þ

where Zk, t is an independent and identically distributed random variable with a
mean of zero and variance of one; Xk denotes the return or loss of the k crypto-
currency in the portfolio; k ¼ 1, . . . ,K, i ¼ 1, 2, . . . , p and j ¼ 1, 2, . . . , q.
Assumptions regarding the distributions are needed, with the standard normal and
the student’s t as potential candidates. Estimates for the unknown model para-
meters, �k ¼ ð�k,�k, �k,�k,�k, 	kÞ0 for k ¼ 1, . . . ,K, can then be computed by
applying the Maximum Likelihood (ML) Method. Estimates for these GARCH
models’ standardized residuals can be computed as ẑk, t ¼ xk, t��̂k, t

�̂k, t
.

We use a two-step estimation method: first, the GARCH models’ parameters are
estimated, and the standardized residuals ẑ1, . . . , ẑk are determined. These are then
converted into probability integrals to make sure they obey uniform distributions.
The log-likelihood to be maximized is as follows:

Lð�; ẑ1, . . . , ẑkÞ ¼
XT
i¼m

log cðF1ð̂z1, iÞ, . . . ,F1ð̂zk, iÞ; �Þ, ð7Þ

where m ¼ maxðpi, k, qi, kÞ for i ¼ 1, 2 and k ¼ 1, . . . ,K. The ML estimation has
the properties of consistency and asymptotic normality, if the data can be assumed
to be independent and both identically and normally distributed (Genest et al.,
1995).

The Copula function is dependent on its marginal distribution. The return series
of financial portfolio is time varying, so the marginal distribution function related
to the Copula function is also time varying. In order to ensure that the model
reflects this characteristic, we can dynamically capture the correlations among the
conditional Gauss Copula function and the t-Copula function, and its dynamic
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correlation coefficient matrix Rt is as follows:

Rt ¼ ~Q
�1
t � Qt � ~Q�1

t , ð8Þ
Qt ¼ ð1� �� �Þ � �Q þ � � "t�1 � " 0t�1 þ � � Qt�1, ð9Þ

where � and � are subject to

�þ � < 1, ð10Þ
� > 0, � > 0, ð11Þ

and �Q is the sample unconditional covariance matrix of "t. For the n-dimensional
Gauss copula function, "i, t�1 ¼ ��1ðuiÞ, while for the n-dimensional t-Copula
function, "i, t�1 ¼ t�1

	 ðuiÞ.
VaR is a popular risk measurement tool to give a potential loss of a portfolio. At

a given confidence level, �, the VaR is defined as the maximum loss of the overall
value of a portfolio over a given period of time, and the expression used is as
follows:

VaR� ¼ inffl 2 R : PðL > lÞ � 1� �g ¼ inffl 2 R : FlðlÞ � �g, ð12Þ
where Fl is the loss distribution.

As a supplement to VaR, CVaR or Expected Shortfall (ES), which was pro-
posed and improved by Rockafellar and Uryasev (2000), is another measurement
of risk associated with VaR. It indicates the average loss value of a portfolio when
the loss of the portfolio exceeds a given VaR value. If the random loss of the
portfolio is set as �Xð�X < 0Þ and the VaR� is the VaR value with a confidence
level of 1� �, then CVaR can be expressed as follows:

CVaR� ¼ Eð�Xj � X � VaR�Þ: ð13Þ

3.2. Static and dynamic correlation measurement

The linear correlation coefficient, the rank correlation coefficient and the tail
correlation coefficient are all measures of the correlations which may exist among
variables. The linear correlation coefficient can only represent the linear correla-
tions among variables, while for variables with thick tail distributions, it is nec-
essary to seek other indicators. In practice, the correlations among financial assets
are not linear, but they can be sorted according to the size of the assets instead of
the actual data to assess the correlation degree, which is called the rank correlation
coefficient. The Kendall coefficient is an important rank correlation coefficient
used to measure the correlations of financial assets. The tail correlation coefficient
proposed by Sibuya (1960), which can be divided into upper tail and lower tail
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correlation, is used to analyze the correlations of variables in extreme cases.
Although extremes rarely occur, the consequences of their occurrence cannot be
ignored. Such indicators are particularly important in capturing extreme price
movements. In this paper, we identify that t-Copula is the best fitted function to
describe the tail correlations among variables, and indeed, it is widely used in
practical applications.

For t-Copula, the correlation coefficients of its upper and lower tails are equal.
The tail of ðX,YÞ is asymptotically correlated. The lower and upper tail depen-
dence coefficients for t-Copula are as follows:


 ¼ 
L ¼ 
U ¼ 2tvþ1 � ffiffiffiffiffiffiffiffiffiffiffi
vþ 1

p ffiffiffiffiffiffiffiffiffiffiffi
1� �

1þ �

r !
, ð14Þ

where both v and � are the parameters to calculate the tail dependence.
Fit a DCC model using either multivariate Gaussian or multivariate Student-t

innovations. The first type is proposed by Engle (2002) and the other is by Tse and
Tsui (2002). Dynamic Conditional Correlational (DCC) GARCH is an improve-
ment of Engle (2002) based on the Constant Conditional Correlational (CCC)
model. Compared to the assumption of t-Copula of constant correlation coeffi-
cients, the DCC-GARCH model instead assumes that the correlation coefficients
among the examined objects change over time and can thus reflect the interaction
of influence of fluctuations in real-world scenarios. Moreover, in the DCC model,
the parameters which need to be estimated are independent to the number of
sequences to be correlated; thus, the DCC model can achieve an estimate which
covers a large number of sequences in consideration. From this perspective, the
DCC method is better than univariate GARCH. The DCC-GARCH model esti-
mation is mainly divided into three stages. Firstly, a univariate GARCH model is
used to estimate volatility for each residual series. Secondly, the standard residuals
are constructed using the residuals estimated in the first stage. Finally, the obtained
parameters are used to estimate parameters related to dynamic conditions.

We take the lagging first-order DCC (1,1)-GARCH (1,1) model as an example,
rn, i is the return, �t is a random disturbance term without sequence correlation
(following a normal distribution) and a and b are the estimates of parameters. We
can construct the Vector Autoregression (VAR) model, proposed by Sims (1980),
thus

r1, i ¼ u1 þ
Xp
i¼1

a1, i r1, i�1 þ
Xp
i¼1

b1, i r2, i�1 þ "1, i: ð15Þ

By using the residual of the standardizedVARmodel, the adjusted CCC-GARCH
model is used to estimate the first-order lagging dynamic correlation coefficient.
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hi, t is the standardized residual. � and � are independent variables and are non-
negative. If �þ � < 1, the sequence is stable.

hi, t ¼ $t þ �i, t r
2
i, t�1 þ �i, t hi, t�1, ð16Þ

Qt ¼ ð1� �1 � �1Þ �Q þ �1ð"t"t�1Þ�1Qt�1, ð17Þ
R ¼ diagfQtg�1QtdiagfQtg�1, ð18Þ

where R is the dynamic condition correlation coefficient matrix.

3.3. Dynamic network analysis

Based on the calculated correlation coefficient, a network can be built to vividly
reflect the independence among cryptocurrencies. This kind of network is a
complex visualization tool, which can process raw data into nodes and edges, store
them in a list or adjacency matrix and then connect these nodes and edges based on
certain algorithm, a technique which was first proposed by Saaty (1997) and
subsequently was used for risk contagion analysis, such as in Fan et al. (2020).
G ¼ ðV ,EÞ is the mathematical representation of the network. E is an unordered
combination of different nodes fu, vg, u, v 2 V . The number of nodes and edges is
called the size of G.

In this paper, ‘nodes’ are different kinds of crypto assets, and ‘edges’ represent
the risk contagion paths. A clustering coefficient is a measure that describes how
an entire market can be affected by external risk. The overall clustering degree is
defined by the following expression:

CðGÞ ¼ 3 � G�

3 � G� þ G�

, ð19Þ

where the CðGÞ is called the global clustering coefficient, G� is defined as the
number of closed three-node groups and G� is defined as the number of open
three-node groups.

Since the clustering coefficient is proportional to the clustering degree, the
larger the clustering coefficient, the higher the degree of clustering. Therefore, we
use this indicator to depict the clustering degree of cryptocurrency networks.
Moreover, the denser the concentration of the cryptocurrency networks, the higher
the probability of it being impacted by other financial institutions, which means
that it is more probable to generate tail risk spillover.

Network density refers to the proportion of the number of edges in a given
network to the maximum number of edges which can exist, describing the cor-
relation degree among each cryptocurrency in the market. The network density of
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graph G is defined as follows:

dðGÞ ¼ 2L
NðN � 1Þ , ð20Þ

where N refers to the number of nodes in the network; L refers to the number of
edges in the network.

4. Data and Statistics

We collected the daily closing prices of 12 major cryptocurrencies from 1 July
2018 to 30 June 2021. During this period, the market experienced unanticipated
and highly fluctuating growth, and the pattern of the trend seemly represents a
complete cycle of fluctuation. We selected the cryptocurrency samples in terms of
their market capitalization and the availability. This sample period covers the full
time when the COVID-19 pandemic reached the peak. The cryptocurrency price
data are taken from CoinGecko, which is one of the largest databases tracking
more than 400 cryptocurrency exchanges, and all prices are listed in US dollars.
We then convert these daily prices into logarithmic values by log differences.
Table 1 shows the basic information regarding the selected 12 cryptocurrencies in
alphabetical order. Table 2 presents more descriptive statistics and initial test
results.

Table 1. Basic information of cryptocurrencies.

Cryptocurrency Abbreviation
Market capitalization

(mUSD)
Daily

volume (mUSD)
Low
(USD)

High
(USD)

Cardano ADA 44142.783 3523.964 0.024 2.286
Binance BNB 46872.790 1889.939 4.470 675.099
Bitcoin BTC 674231.341 35121.258 3216.627 63576.676
Doge DOGE 34483.022 2762.721 0.001 0.682
Ethereum Classic ETC 7262.431 7219.152 3.466 136.382
Ethereum ETH 253607.549 27149.144 83.786 4182.790
Chainlink LINK 8541.763 1054.922 0.166 51.852
Litecoin LTC 9660.898 3077.975 23.065 384.672
THETA THETA 7137.710 281.014 0.041 14.100
Tether USDT 62662.682 69037.137 0.951 1.323
Stellar XLM 6541.066 570.423 0.033 0.728
Ripple XRP 32605.743 4215.462 0.138 1.838

Notes: The market capitalizations and daily volume are the latest values at the end of the sample
period. The low and high values are the lowest and highest prices recorded during the sample
period, respectively.
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In Table 1, we observe that Bitcoin, Ethereum and Tether are the three largest
cryptocurrencies in terms of their market capitalizations and daily volumes. The
market capitalization of Bitcoin was approximately USD 674.23 billion at the end
of Q2 2021, while that of Ethereum and Tether was 253.61 and 62.66 billion USD,
respectively. Our sample value accounted for approximately 75% of the market
size, as well as most of the liquidity in the cryptocurrency market.

Table 2 shows that DOGE (USDT & XLM) holds the highest (lowest) average
returns among the 12 cryptocurrencies. DOGE (USDT) has the highest (lowest)
unconditional risk, which is expressed by the values of standard deviations.
Therefore, when compared to other cryptocurrencies, USDT has the lowest return
but also the lowest risk, indicating that it is relatively stable. The kurtosis statistics
are all greater than 3, and all the p-values of the Shapiro–Wilk Test are around 0,
showing that the return series do not obey the normal distributions and reflecting
the fact that the distribution of a cryptocurrency’s return may display leptokurtic
behavior.

In order to ascertain whether volatility modeling is applicable for further study
on the selected cryptocurrency returns, we used the unit root test proposed by
Dickey and Fuller (1979) to examine the stationarity of their price return series.
The results reject the null hypothesis, reflecting the fact that the 12 crypto-
currencies’ return series are stationary. Then, we fit the series to the most optimal
ARIMA models and investigate whether the residuals of the raw return series have
heteroskedastic (ARCH) effects. The results, according to ARCH Lagrange
Multiplier (LM) test statistics, show that the residuals have significant ARCH
effects. Therefore, we can continue with our study because the model of the
return series is feasible. Besides, by testing the GARCH family models

Table 2. Descriptive statistics of the return series.

Variables Count Mean Std Min Max Median Skewness Kurtosis Shapiro–Wilk

ADA 1126 0.17 5.83 �52.44 26.92 0.21 �0.45 7.54 0.94
BNB 1126 0.28 5.85 �55.90 55.27 0.11 �0.12 17.67 0.87
BTC 1126 0.14 3.88 �43.37 17.60 0.17 �1.19 15.70 0.89
DOGE 1126 0.39 8.50 �50.71 147.91 �0.13 5.76 91.61 0.60
ETC 1126 0.12 6.17 �53.38 36.93 0.08 �0.18 11.37 0.86
ETH 1126 0.12 5.24 �56.31 21.94 0.12 �1.35 14.12 0.91
LINK 1126 0.36 7.09 �66.08 47.61 0.08 �0.42 10.33 0.92
LTC 1126 0.02 5.50 �47.14 26.20 0.00 �0.86 9.90 0.91
THETA 1126 0.28 7.27 �62.93 50.50 0.15 �0.31 9.60 0.92
USDT 1126 0.00 1.31 �28.33 12.65 0.00 �7.52 219.82 0.26
XLM 1126 0.00 5.89 �43.94 55.51 �0.03 0.70 13.88 0.88
XRP 1126 0.01 6.16 �54.95 42.34 �0.04 0.02 15.50 0.81
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(skewed student-t-SGARCH, t-SGARCH, GED-SGARCH, NORM-SGARCH,
skewed student-t-APARCH, t-APARCH, GED-APARCH, NORM-APARCH),
skewed student-t-SGARCH displays the largest loglikelihood index. Therefore, we
finally apply a skewed student-t-SGARCH model to examine the conditional
variances and correlations.

5. Empirical Results

Considering the high risk, speculation and homogeneity associated with crypto-
currencies, it is of central importance that we explore these three major properties
of the cryptocurrency and their effects on mechanisms of potential risk contagion
in greater details.

5.1. Volatility measurement

From the previous descriptive statistics in Table 2, it is obvious that the return
series of cryptocurrencies are highly volatile and display peaks and thick tails.
Therefore, both GARCH and Copula family models are ideal to capture the
volatilities of different cryptocurrencies and tail correlations between them. At the
same time, both VaR and CVaR are used to measure their respective tail risk
spillovers.

In this paper, we choose the optimal marginal model, a skewed student-
t-distribution SGARCH (1,1), according to the ML criterion. The simple version of
SGARCH (1,1) is chosen because the effects of the lagged multi-stage models do
not greatly improve the analysis. In order to better characterize the tail correlation
between different cryptocurrencies, Copula models are used to depict the high-
dimensional dependence of multivariate financial variables, which can thus
properly solve the problem of the ‘curse of dimensionality’ (a phenomenon
wherein computational complexity increases exponentially with the increase of
dimensions in the field of vector computation) in the multivariate model estima-
tion, which leads to a sparsity of available data as dimensionality increases. Since
t-Copula performed the best under the three criterions, Loglikelihood, AIC or BIC
for most of the time in our experiment, we constructed the t-copula function with
the skewed t-SGARCH (1, 1). Then, data produced by a Monte-Carlo simulation
from the optimal SGRACH-Copula model were used to calculate VaR and CVaR
at 99% confidence level. The results can be seen in Fig. 1 below.

Figure 1 shows that CVaRs are generally higher than VaRs. The loss of USDT
is much lower than those of other cryptocurrencies because USDT is kind of
independent from others due to its unique feature of being pegged to the USD.
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Through the fitted SGARCH model, we estimated the daily VaR of the return
sequences. In Fig. 2, we present the graphs of the first seven cryptocurrencies in
this paper, namely BTC, ETH, USDT, BNB, ADA, DOGE and XRP, since they
account for most of the market capitalizations. The graph for DOGE is marked to
the right axis to depict the daily VaR change of DOGE.

Figure 2 demonstrates that the VaR values of the seven cryptocurrencies fol-
lowed almost the same pattern during the entire sample period. Specifically, all of
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Fig. 1. VaR results from Monte-Carlo simulation.
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Fig. 2. Daily VaR of BTC, ETH, USDT, BNB, ADA, DOGE and XRP.
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the cryptocurrencies experienced a substantial rise after mid-2018, followed
sharply by a huge decline. In 2019, the dynamic VaR of all seven cryptocurrencies
was relatively stable. However, since February 2020, the cryptocurrencies faced
suddenly increased risks due to the outbreak of COVID-19. During this period, the
cryptocurrency market first experienced a plunge followed by a quick recovery,
suggesting that during the pandemic, the risk exposure of cryptocurrencies in-
creased accordingly. The similar behavioral trend of cryptocurrencies gives us
evidence of significant linkages, particularly under particularly fractious market
conditions.

In detail, one obvious finding is that DOGE shows a fierce fluctuation, espe-
cially during the pandemic, and its VaR reached the peak value at 287.29 in the
end of January 2021, which is significantly higher than that of other selected
cryptocurrencies. Moreover, another difference to be observed here is that USDT
fluctuates within a significantly smaller range and may even be considered as
being effectively riskless; although at the beginning period of the development,
USDT shows a small fluctuation due to the surge in the cryptocurrency market
from September 2017 to January 2018, nearly 10 times more than its issuance. The
values of XRP, on the other hand, fluctuated quite a bit during this period, with the
maximum daily VaR exceeding 70%. In 2017, the price of XRP rose from USD
0.006376 at the beginning of the year to USD 2.28004, an increase of nearly 357-
fold, making it one of the fastest growing cryptocurrencies in 2017. One thing
which should be noticed is that the volatility of cryptocurrency is very high,
contributing to the other two characters of cryptocurrency, which makes their high
risk and high speculation evident.

5.2. Risk interdependence analysis under static and dynamic conditions

In previous sections of this paper, we have demonstrated how the high risk of
cryptocurrencies is revealed when calculating their VaR. In this section, we further
explore the risk interdependence among cryptocurrencies in both static and time-
varying dimensions with the use of the Kendall coefficient and the daily dynamic
correlation coefficients, recorded before and during the COVID-19 pandemic. To
better understand the connections and the paths of risk contagion among the 12
major cryptocurrencies, we visualize their interdependence using network analysis.

Figure 3 shows the Kendall correlation coefficients among cryptocurrencies,
which is consistent with our previous results. One thing to be noted is that the
correlations between USDT and other cryptocurrencies are not easy to identify.
Another thing is that ETH and LTC display the largest Kendall correlation, having
a coefficient of 0.64. Since both ETH and LTC are built based on BTC, these
three pairs are highly correlated, all around 0.6. In addition, they share similar
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structural characteristics, such as encryption, point-to-point communication and
decentration.

Table 3 shows the tail correlations of the 12 cryptocurrencies, which is the
correlation in extreme cases. The Kendall correlation coefficients in Fig. 3 are
between 0.27 and 0.64 (excluding USDT), which show a moderately positive
correlation. Similarly, the tail correlation measured by t-Copula is symmetrical,
and the tail correlations are between 0.12 and 0.55 (excluding USDT). USDT
exists in an ‘independent state’ to the others, meaning a smaller degree of mutual
influence.

Generally, the level of financial risk is time varying, and thus, we assume that
the risk interdependence among crypto assets also changes over time. Moreover,
considering that a standardized residual sequence follows a t-distribution, DCC
GARCH can describe the tail structure well and thus provide a good fit. Therefore,
we use a DCC-GARCH model to examine the dynamic risk interdependence
among cryptocurrencies.

We divided the sample window into two periods, before and after 1 Jan 2020, to
study the change of correlations among cryptocurrencies under the influence of
extreme events (the shock of COVID-19). Given that USDT exhibits an extremely
low correlation with other currencies in Fig. 3, we ignore it in our dynamic
network analysis. Table 4 presents the measures of the networks.

Fig. 3. Visualization of Kendall correlation coefficient matrix.
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According to our results, in the first half of 2020, cryptocurrencies were
interlinked at a record high level of 0.7. In addition, all the three indicators shown
in Table 4 were more significant during the COVID-19 period than those measured
during almost the entire observed period, implying that the outbreak of the pan-
demic strengthened the correlation among crypto assets, thereby increasing the
correlation risk in the markets.

Table 4. Setting and interpretation of network parameters.

Whole period Mean correlation coefficients Network density Clustering coefficient

Q3 2018–Q4 2018 0.639 0.236 0.342
Q1 2019–Q2 2019 0.613 0.200 0.305
Q3 2019–Q4 2019 0.612 0.236 0.342
Q1 2020–Q2 2020 0.700 0.273 0.356
Q3 2020–Q4 2020 0.622 0.245 0.359
Q1 2021–Q2 2021 0.545 0.264 0.378

Pandemic period Mean correlation coefficients Network density Clustering coefficient

M1 2020 0.666 0.227 0.328
M2 2020 0.628 0.245 0.332
M3 2020 0.731 0.273 0.373
M4 2020 0.813 0.318 0.380
M5 2020 0.697 0.291 0.393
M6 2020 0.667 0.300 0.391

Notes: The mean correlation coefficients are the threshold value for each of the ‘snapshots’ given
in Figs. 4 and 5.

Table 3. Upper and lower tail dependence coefficient matrix.


 ADA BNB BTC DOGE ETC ETH LINK LTC THETA USDT XLM XRP

ADA 1.00 0.40 0.34 0.29 0.35 0.52 0.27 0.48 0.29 0.03 0.52 0.46
BNB 0.40 1.00 0.21 0.20 0.23 0.38 0.20 0.37 0.24 0.03 0.32 0.25
BTC 0.34 0.21 1.00 0.32 0.34 0.43 0.07 0.39 0.14 0.04 0.31 0.37
DOGE 0.29 0.20 0.32 1.00 0.29 0.31 0.12 0.28 0.12 0.01 0.30 0.35
ETC 0.35 0.23 0.34 0.29 1.00 0.40 0.08 0.41 0.12 0.01 0.33 0.41
ETH 0.52 0.38 0.43 0.31 0.40 1.00 0.16 0.55 0.22 0.03 0.43 0.49
LINK 0.27 0.20 0.07 0.12 0.08 0.16 1.00 0.17 0.17 0.01 0.24 0.14
LTC 0.48 0.37 0.39 0.28 0.41 0.55 0.17 1.00 0.22 0.04 0.44 0.45
THETA 0.29 0.24 0.14 0.12 0.12 0.22 0.17 0.22 1.00 0.01 0.24 0.07
USDT 0.03 0.03 0.04 0.01 0.01 0.03 0.01 0.04 0.01 1.00 0.04 0.01
XLM 0.52 0.32 0.31 0.30 0.33 0.43 0.24 0.44 0.24 0.04 1.00 0.52
XRP 0.46 0.25 0.37 0.35 0.41 0.49 0.14 0.45 0.17 0.01 0.52 1.00
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In a network, the pointing position of edges indicates the general direction of
risk spread. Nodes with out-edges represent the defined cryptocurrencies transmit
risk, which means that the crypto-asset is conductive to other cryptocurrencies in
question, while conversely, those nodes with in-edges represent that the defined
cryptocurrencies receive risks, which means that the crypto-asset is susceptible to
the influence of others. To show this time-varying interdependence clearly, we
pruned the network, namely, cutting out all those edges where the correlation
coefficients are less than the threshold value (this threshold value is the average
value of the overall correlation coefficient of the market during the same period).

Figure 4 gives the snapshots of the interdependence structure of each pair of
cryptocurrencies at intervals of half a year, from the second half of 2018 to the first
half of 2021, and we calculate the threshold value of 0.622, which is the average
correlation recorded during this period. Here, we use the size and color of the
nodes to describe the market capitalization of one cryptocurrency, and we also use
the width and color of the edges to represent the degree of correlation among
sample cryptocurrencies, and the direction of edge indicates the direction of risk
contagion.

From these dynamic network graphs, we can glean some important findings.
Overall, the total market capitalization of cryptocurrencies first experienced a
decline and then rose again. Two major cryptocurrencies, BTC and ETH, show the
same trend as the general market, while LTC, XLM and ETH all follow a con-
sistent downward pattern. To be precise, in 2019, the average correlation was
slightly smaller, around 0.61, compared to the semi-annual of both 2018 and 2020.
From 2019 to early 2020, the number and the width of correlation lines continued
to increase, indicating that the linkages and correlations among cryptocurrencies
were becoming stronger. Therefore, both Fig. 4 and Table 4 suggest that the
cryptocurrency market risk was at its highest during the first quarter of 2020. Since
COVID-19 erupted on a global scale in 2020, we can at least partly attribute the
increase of risk contagion across the cryptocurrency market to the shock of the
pandemic. Figure 5 shows in detail all the changes within the interdependence
structure of each pair of cryptocurrencies during the COVID-19 period.

From Fig. 5, it is clear that a strong correlation among cryptocurrencies
appeared since March 2020 and reached a peak value at 0.813 in April 2020.
Although the degree of correlation between each cryptocurrency is declining, the
number of interactions between different cryptocurrencies is increasing, and the
connections are still stronger now than before COVID-19, indicating that the
impact of the epidemic on the market is ongoing. Furthermore, in the early stage of
the pandemic, strong correlations were mainly concentrated among those cryp-
tocurrencies with the largest market share; as the pandemic continued to wreak
havoc on the planet, correlation risk gradually spread to those cryptocurrencies
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Fig. 4. Semi-annual dynamic networks between the mid of 2018 and 2021.
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with even a relatively small market value, one of the obvious cases being Doge. It
is, however, worth noticing that THETA shows a low correlation with other cur-
rencies, which means that it does not succumb to the same extent to the whims of
the market.

M1 2020     M2 2020 

M3 2020 M4 2020

M5 2020 M6 2020 5 202000000000000

Fig. 5. Monthly dynamic networks during the outbreak of COVID-19 period.

The risk interdependence of cryptocurrencies

2150044-19



According to Guo et al. (2021), when the number of risk drivers is larger than
the number of risk takers in a financial market, its tail risk spillovers should
increase accordingly. Throughout the sample period, the two main risk drivers in
the market were BTC and BNB, and the three main risk receivers were LTC, XRP
and LINK. This observation gives us an insight to better construct future portfolios
in a more informed way. In general, since 2019, the density of correlation among
the cryptocurrency market continued to increase, but the degree of correlation is
gradually decreasing. This pattern can also be found by the dynamic relationship
between BTC, ETH and LTC. It indicates that the risk is not dispersed but rather
accumulated since the possibility of risk will increase due to the selection of
related asset portfolios. It is clear that the shock of COVID-19 greatly impacts
the global financial markets, and the cryptocurrency market does not emerge
unscathed either.

To observe the risk interdependence and risk contagion which took place during
COVID-19 more carefully, we also plot the density of our dynamic networks as
well as the dynamic clustering coefficients, as shown in Fig. 6.

The general trends shown above reveal the fluctuations in both the network
density and the clustering levels of the cryptocurrency market which occurred
before and during the height of the epidemic. Figure 6 illustrates that COVID-19
did create a panic in the cryptocurrency markets, which can be seen among the
lines. The density index fluctuated significantly in early 2020. After the COVID-
19 outbreak was declared by the World Health Organization (WHO) to be a global
pandemic on 11 March 2020, the trend began to increase significantly. What is

Fig. 6. The density and clustering level of the cryptocurrencies’ market.
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more, the clustering coefficient of a network represents the degree of aggregation,
implying that there is a much higher probability that it will be further impacted by
those unexpected events or we call ‘black swan’. The higher the clustering coef-
ficient of the cryptocurrency markets, the more densely concentrated this network
will be. In other words, the probability of tail risk spillover is higher (Guo et al.,
2021).

From Table 4 and Fig. 6, we can see that for the main period of the pandemic,
the density index fluctuated wildly, showing sudden increases consistent with the
clustering coefficient, both of which reflect an increase in system tail risk spil-
lovers. Moreover, we also identify that the clustering coefficient fluctuated sig-
nificantly between January 2020 and June 2020, an effect which was caused by a
number of international events, including ongoing Brexit discussions (in 31st
January 2020) and the so-called ‘trade war’ between China and the US (from Jan
to May 2020). To summarize the period from the perspective of systemic aggre-
gation, the outbreak of COVID-19 increased the number of tail risk contagion
channels, which means that the risk independence among cryptocurrency market
increases and this impact may prove to be long lasting.

6. Conclusion

This paper uses daily price data of 12 most important cryptocurrencies from Q3
2018 to Q2 2021 to measure their tail risk and risk interdependence before and
during the COVID-19 pandemic. Our results show that cryptocurrencies generally
show high volatility, speculation, homogeneity and tail risk. The outbreak of this
epidemic indeed has an overall negative impact on the cryptocurrency market, as
was expected.

According to the results of both our static and time-varying VaRs as applied to
the 12 cryptocurrencies, the overall volatility of the cryptocurrency market is high,
suggesting a high probability of speculation by investors, and the tail risk of
cryptocurrencies also increased significantly during the pandemic. All the 12
cryptocurrencies follow a similar pattern in terms of their daily VaR value with
only one exception that USDT is kind of independent from others due to its unique
feature of being pegged to the USD. The most significant observation to be taken
from our dynamic network graphs is that since 2019, the correlation density of the
cryptocurrency market continues to increase, but the overall degree of correlation
is gradually decreasing.

The World Bank released a report in May 2020 stating that the global economy
is facing an unprecedented crisis as a result of COVID-19, and it is expected to be
the largest financial crisis seen in the last 80 years. Since then, many countries
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have started to tackle the coronavirus and introduce blanket policies to support
their businesses and economies, which has to some extent restored public confi-
dence. As a result, the cryptocurrency market recovered quickly after an initial
slump and showed a relatively good performance in the first half of 2020. Many
institutions and investors seem to maintain confidence in cryptocurrencies and still
viewed them as an alternative to more traditional assets. However, from the per-
spective of risk management, the general outlook is not so optimistic. According to
the results of our network analysis, the cryptocurrency market remained volatile
until at least the first half of 2021, indicating that there are still a vast number of
risks hidden within. The risk correlations among cryptocurrencies are high, sug-
gesting that gains or losses in one cryptocurrency can easily spill over to other
related cryptocurrencies. The accumulative risk will cause turbulence in the
market, which will in turn bring difficulties to the management and supervision of
the wider financial markets and also increase the potential market risk to investors.

Since the stability of the system is of key importance to the global economy,
dramatic price fluctuations are harmful to that same market’s continued develop-
ment and may also potentially bring losses to investors. The high correlations
among cryptocurrencies differ from those observed among the more rational and
efficient traditional currency markets since a new cryptocurrency does not lead to a
reduction in the volatility of the portfolio of cryptocurrencies. The homogeneity
inherent to the design of cryptocurrencies in fact damages their diversification and
reduces their attraction as an alternative investment in a portfolio. As increasing
interest is being paid to the cryptocurrency market and fiat digital currencies, such
as DECP in China, many financial institutions will inevitably start to hold more
crypto assets on their balance sheets. This paper is an appeal for increased at-
tention from regulatory bodies in order to design appropriate policies to monitor
the risks associated with them. Special capital requirements may be necessary for
these new types of assets, and the instigation of appropriate risk weights is re-
quired to effectively address their high fluctuation and correlation. This necessity
has been called by the Basel Committee.

Furthermore, another deeper insight proffered by this paper is the discussion on
the impact of future financial technologies on wider social and economic opera-
tions. The rapid development of financial technologies will inevitably have many
impacts on the general operation of the global economy. The benefits are that the
development of Fintech has promoted the efficient application of big data and the
computing power has improved in leaps and bounds, bringing with it real-time
processing capabilities. However, the ensuing credit, market, liquidity, model and
niche risks, brought by the advent of the Fintech Age, are issues that cannot
continue to be ignored going forward.
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