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�is paper aims to analyze and compare the ability of bitcoin, gold, and dollar to diversify the risk of traditional market such as
crude oil and stock markets. Speci�cally, we model the linkages between bitcoin, gold, dollar, crude oil, and stock markets using
the GARCH-EVT-copula approach.�e results show that the gold market is in the central position among these markets, which is
consistent with the status of gold as a major safe asset. Before the outbreak of COVID-19, bitcoin and the dollar also had the ability
to diversify risks, although less e�ective than gold. However, during the COVID-19 period, gold loses its dominant position and
gold, bitcoin, and dollar can no longer act as a hedge. We measure the value at risk (VaR) and expected shortfall (ES) of simulated
portfolios constructed based on these �ve markets and use several backtesting methods to check the validity of the risk measures.
�e backtesting results show that our model can provide accurate risk measures before and within the COVID-19 period, which
may help investors and risk managers construct the optimal portfolios.

1. Introduction

Bitcoin has attracted great attention around the world since
its introduction in 2008. Proposed by Nakamoto [1], bit-
coin is a peer-to-peer electric cash system that allows online
payments to be sent directly from one party to another
without going through a �nancial institution. �e essence
of bitcoin indicates that it may serve as a medium of ex-
change, which is one of the core functions of money.
However, there have beenmany debates on whether bitcoin
can be seen as a currency, speculative asset, or just a bubble
[2–5]. Some studies �nd that the return of bitcoin is much
more volatile than traditional �nancial markets and �at
currency [6, 7]. In early 2013, the unit price of bitcoin was
only less than 100 dollars. However, it has multiplied
several hundred times and reached more than 67,000
dollars at the end of 2021. �erefore, many researchers
believe that bitcoin behaves more like a speculative asset.
�e bitcoin market has been increasingly attractive to
international investors.

Recently, a growing literature has focused on the rela-
tionship between bitcoin and conventional markets, which
has important implications for investors and policymakers
[8–11]. Bitcoin is found to be connected with commodity
markets [12–14], foreign exchange markets [15, 16], and
stock markets [17–19]. However, the relationship between
bitcoin and conventional markets is not as strong as that
between the conventional markets, making it possible to use
bitcoin as a hedge or safe haven for investors during market
turmoil [20, 21].

Historically, gold has long been seen as a store of value
and a trustful safe asset. �e US dollar, the most popular
currency in the world, can also maintain a relatively stable
value and hedge risks. Dyhrberg [22] compares bitcoin with
gold and the dollar and �nds bitcoin has several similarities,
which indicate that bitcoin has some hedging capabilities
and can be useful in risk management. Bouri et al. [20] use
the dynamic conditional correlation model to examine
whether bitcoin can act as a hedge and safe haven for major
world stock indices, bonds, oil, gold, the general commodity
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index, and the US dollar index. (ey find that bitcoin has
hedge and safe haven properties against Asia Pacific stocks.
Shahzad et al. [23] compare gold and bitcoin and find that
bitcoin can also be used as a safe haven and hedging in-
strument for G7 stock markets. However, whether bitcoin
can act as “digital gold” and become a safe haven are still
under discussion. Smales [7] investigates the asset charac-
teristics of Bitcoin over the periods 2011–2018 and believes
that bitcoin does not have the potential to be a safe haven.
Conlon and McGee [24] also cast doubt on the ability of
bitcoin to provide shelter from turbulence in traditional
markets. (ey find that bitcoin fails to be a safe haven for
S&P 500 during the COVID-19 bear market. (ere are still
some gaps in existing studies, which leave space for our
research. On one hand, opinions have not reached a con-
sensus on whether bitcoin can be used to diversify portfolio
risk. More empirical evidence is needed to analyze the
characteristics of bitcoin. On the other hand, many studies
only focus on the linear relationship between bitcoin and
other markets, which may lead to inaccurate results. In this
paper, we try to fill these gaps.

In this paper, we study the linkages between bitcoin,
gold, dollar, and two conventional markets—the crude oil
and stock market. Bouri et al. [20] have investigated similar
markets using the DCC-GARCH model. However, GARCH
type models can only depict the linear relationship and need
to assume asset distribution beforehand [25]. (is paper
employs the GARCH-EVT-copula approach to characterize
the intermarket dependency structure. Specifically, first we
use the ARMA-EGARCH-t to model the volatility of each
market. (en, the extreme value theory (EVT) is used to
model the tail risk of each market. Finally, we employ the
R-vine copula to depict the dependence structure of the five
markets and analyze the market relationships. (is model
allows us to provide accurate risk measures of the portfolio
of these assets, which can help investors and risk managers
control the portfolio risk.

(is paper employs the GARCH-EVT-copula method to
study the links between bitcoin, gold, dollar, crude oil, and
stock markets. We focus on describing the dependence
structure between markets. We find that gold is the central
market during the whole sample period, which is consistent
with the status of gold as a major safe haven asset. (e
outbreak of COVID-19, however, changed the dependence
structure between these markets. Before COVID-19, bitcoin
can act as a hedge, as it is negatively correlated with the crude
oil and stock markets. When COVID-19 began to spread
worldwide, gold is no longer in the central position, and
gold, bitcoin, and dollar can no longer be seen as hedges but
diversifiers. We also show that our model can provide ac-
curate risk measures before and within the COVID-19
period, which facilitates the risk management for interna-
tional investors and risk managers.

Our paper contributes to the existing literature in three
parts. First, we study the relationship between bitcoin, gold,
dollar, crude oil, and stock markets simultaneously. As far as
we know, there have not been enough studies investigating
the relationship between the five markets. Moreover, the

existing literature usually only compares bitcoin with gold,
to analyze whether bitcoin can diversify investment risks.
However, few studies consider the dollar and analyze the
interaction between these markets. (is paper studies the
relationship between five markets, which is a more com-
prehensive analysis framework. Second, the extreme cor-
relations of the five markets are considered. When analyzing
the bitcoin market, it is necessary to take the tail behavior of
markets into consideration [26]. Based on the extreme value
theory, we depict the extreme risk between markets by
modeling the tail distribution of market returns. It can allow
us to analyze the relationship between these markets more
comprehensively and study whether bitcoin can diversify
risks in terms of traditional market fluctuations. (ird, the
copula method is used to analyze the relationship between
markets. (e GARCH type models, most commonly used in
existing literature, can only depict the linear relationship
between markets [27]. In this paper, the R-vine copula is
presented to overcome the limitation.

(e remainder of this paper is organized as follows.
Section 2 introduces the methodology. Section 3 deals with
the data and presents the empirical results. Section 4 con-
cludes the paper.

2. Methodology

2.1. 'e Framework of GARCH-EVT-Copula. (is paper
proposes the GARCH-EVT-copula method to study the
links between bitcoin, gold, dollar, crude oil, and stock
markets. Specifically, we first calculate the return of each
market, and the ARMA-EGARCH-t model is used to model
the volatility. (en, the extreme value theory is employed to
model the tail risk by using the standardized residual of the
ARMA-EGARCH-t model. (e ARMA-GARCH-t and EVT
are used to model the marginal distribution of each market.
Next, we use the R-vine copula model to describe the de-
pendence structure of these markets. Finally, we calculate
and backtest the value at risk (VaR) and expected shortfall
(ES) of simulated portfolios to test the performance of the
model. (e steps are presented in Figure 1.

2.2.ARMA-EGARCH-TModel. Abundant studies show that
the time series of financial markets exhibit leptokurtosis, fat
tails, and volatility clustering. (e GARCH type models are
commonly used to model these features. Besides, the returns
of financial assets usually respond differently to positive and
negative information, which is called the asymmetric effect.
In this paper, we employ ARMA (1, 1)-EGARCH (1, 1)-t
model to characterize each market:

rt � a0 + a1rt− 1 + b1εt− 1 + εt. (1)

In the conditional mean model, rt is the asset return on
day t, a0 is the constant term, a1 is the coefficient of the
lagged return, εt is the residual, and b1 is the coefficient of the
lagged residual. We assume et follows the t-distribution with
degree of freedom v:

2 Discrete Dynamics in Nature and Society



εt � σtet, et ∼ t(v),

lnσ2t � ω + α
εt− 1




σt− 1
+ +c

εt− 1

σt− 1
+ βlnσ2t− 1.

(2)

In the conditional variance equation, σ2t is the condi-
tional variance on day t, and c is the parameter measuring
the asymmetric effect. If c is significantly different from 0,
the asymmetric effect exists in the market.

After modeling the market return, we calculate the
standardized residual, which is the conditional return fil-
tered by volatility estimates using the ARMA-EGARCH-t
model.(e standardized residual of each market will be used
in the following EVT analysis.

2.3. Extreme Value 'eory. Some big events may cause the
market prices to rise or fall simultaneously, which may affect
the dependence structure between markets. (erefore, it is
very necessary to measure the extreme correlation before
investigating the dependence structure among markets [25].
Since the tail risks of financial assets are usually associated
with huge gains or losses, we measure the extreme risks of
these markets by using the extreme value theory (EVT) to
model these returns’ tail distributions.

We first set the upper and lower tail thresholds, which
will divide the data into three parts. For the data between the
upper and lower tail thresholds, we use the Gaussian kernel
density estimation to obtain the cumulative distribution
function (CDF). (e upper and lower parts are modeled
using the peaks over threshold (POT) method. (e condi-
tional tail distribution function Fu(y) can be written as

Fu(y) � p(z − u≤y | z> u), 0≤y≤ zF − u. (3)

Here, z is the conditional return filtered by the ARMA-
EGARCH-t model, u is the preset threshold, y represents the

extreme statistic, and zF ≤∞ represents the right endpoint
of the distribution. Fu(y) can be rewritten as

Fu(y) �
F(u + y) − F(u)

1 − F(u)
�

F(z) − F(u)

1 − F(u)
. (4)

Balkema and Haan (1974) and Pickands (1975)show that
the distribution beyond the threshold can be approximately
modeled as the generalized Pareto distribution (GPD) for a
sufficiently large threshold.

Fu(y) ≈ Gξ,β(y) �

1 − 1 +
ξ
β
y 

1/ξ

, ξ ≠ 0

1 − e
− y/β

, ξ � 0

,

⎧⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

(5)

where β is the scale parameter and ξ is the shape parameter.
When ξ ≥ 0, we have z≥ u; when ξ < 0, we have
u≤ z≤ u − β/ξ, and for any z> u, y � z − u. By combining
equations (5) and (6), the F(z) can be expressed as

F(z) � (1 − F(u))Gξ,β(z − u) + F(u). (6)

We use the historical simulation method to estimate
F(u), that is, F(u) � n − Nu/n, where n and Nu represent
sample size and observation that exceeds the tail threshold,
respectively. We introduce F(u) into equations (7) and
obtain the tail estimation F(z).

F(z) �

1 −
Nu

n
1 −

ξ
β

(z − u) 

1/ξ

, ξ ≠ 0

1 −
Nu

n
e

− z− u/β
, ξ � 0

⎧⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎩

. (7)
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Figure 1: (e steps of GARCH-EVT-copula approach.
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(e copula function requires uniform margins. (ere-
fore, we use the probability density transformation andmake
the series uniformly distributed on [0, 1].

2.4. R-Vine Copula Model. A copula is a multidimensional
joint distribution function that can capture the dependence
structure of various assets. In general, the dependence
structures between different assets are different. Using the
same copula function to depict the dependence structure
between each pair of markets is not a good choice. To solve
this problem, Bedford and Cooke [30] propose the R-vine
(regular vine) copula model, which can select the most
suitable copula functions from various pair-copula families.

According to Aas et al. [31]; the joint density function of
R-vine can be decomposed as

f x1, x2, . . . , xn(  � 
n

i�1
f xi(  

1

k�n− 1


k+1

j�n

Cmk,k,mj,k |mj+1,k,...,mn,k
Fmk,k|mj+1 ,k,...,mn,k

, Fmj,k|mj+1,k,...,mn,k
 ,

(8)

where f(xi) is the marginal density and
Cmk,k,mj,k |mj+1,k ,...,mn,k

(., .) represents the pair-copula density. F
is the conditional distribution function, which can be
expressed as

Fp | q �
zCpqj|q− j

F p | q− j , F qj | q− j  

zF qj | q− j 
. (9)

Here, qj represents one arbitrarily chosen component of
vector q and q− j represents the vector that excludes this
component. For more information on the R-vine copula
method, we can refer to Aas et al. [31].

2.5. VaR and ES Calculation and Backtesting. In this section,
we test the performance of the GARCH-EVT-copula model
on risk management. We build several portfolios using the
five assets and calculate the value at risk (VaR) and expected
shortfall (ES) of the simulated portfolios.

We first calculate the simulated return of each asset.
Using the dependence structure of the R-vine copula model,
we perform the Monte Carlo simulation to simulate the
marginal series of each asset, as suggested by Janekova et al.
[32, 33]. In our analysis, we generate a 5-dimension array
with 5000 random observations. Note that each simulated
series is uniformly distributed on [0, 1]. (en, we use the
EVT fitting inversely and transform the simulated marginal
series into standard residuals zi,t+1. And, we use the ARMA
(1,1)-EGARCH (1, 1)-t model in Section 2.2 to forecast the
conditional volatility σi,t+1 and conditional average μi,t+1 of
each asset. Finally, the simulated return Xi,t+1 of each asset
can be calculated by

Xi,t+1 � μi,t+1 + zi,t+1σi,t+1, i � 1, 2, . . . , 5. (10)

We then construct several portfolios and calculate the
value at risk (VaR):

VaRα(R) � min c: P(R≤ c)≥ α{ }. (11)

Here, R � 
5
i�1 wiXi. and wi is the portfolio weight of asset i.

(e VaR represents the minimum loss no more than the
given value c with probability α. In this paper, we use two
methods to backtest the VaR, the unconditional coverage
test proposed by Kupiec (1995) and the conditional coverage
test suggested by Christoffersen and Pelletier (2004).

To better measure the risk of the portfolio, the ES is also
introduced:

ESα(R) � E R≥VaRα(R) . (12)

Following Rockafellar and Uryasev [36] and Acerbi and
Tasche [37], the ES can be calculated using the following
equation:

ESα(R) �
1

1 − α

1

α
VaRβ(R)dβ. (13)

To check the validity of ES, we use the bootstrap method
suggested byMcNeil and Frey [38]. For the tests for VaR and
ES, the null hypotheses are the same, i.e., the model can
provide accurate risk measurement. If the p value is larger
than the given significant level such as 5%, we cannot reject
the null hypothesis.

3. Data and Empirical Results

In this study, we use the daily closing price of bitcoin, gold,
crude oil, dollar, and stock market from September 17, 2013,
to March 28, 2022. Specifically, the bitcoin price data is
retrieved from the coinmarketcap website (https://www.
coinmarketcap.com). We use the per ounce of gold fu-
tures prices on the New York Mercantile Exchange to
represent the gold market, the price of WTI crude oil futures
to represent the crude oil market, the dollar-euro rate to
represent the dollar market, and the S&P 500 Index to
represent the stock market. (e crude oil data is obtained
from the EIA website, and the gold price, dollar, and S&P
500 data are obtained from the Wind database. For sim-
plicity, we call them bitcoin market, gold market, dollar
market, oil market, and stock market, respectively. (e
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Figure 2: (e price trends of five markets.
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logarithmic return is calculated for each market using
rt � ln(Pt/Pt− 1), where rt is the daily return and Pt is the
closing price at day t. (e prices and returns of the five
markets are shown in Figures 2 and 3, respectively. We can
observe the volatility clustering of each market. Moreover,
all the markets showed significant price changes in early

2020, when COVID-19 began to spread around the world.
(is change may also influence the market relationship,
which needs further analysis.

(e descriptive statistics of the returns are shown in
Table 1.(e standard deviations indicate that bitcoin market
is the most volatile market. All returns show the obvious
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Figure 3: (e daily returns of five markets.

Table 1: Descriptive statistics of the returns.

Bitcoin Gold Dollar Oil Stock
Observations 2134 2134 2134 2134 2134
Mean 0.0023 0.0002 − 0.0001 0.0003 0.0005
S.D. 0.0457 0.0095 0.0048 0.0295 0.0109
Min − 0.4647 − 0.0511 − 0.0242 − 0.2822 − 0.1277
Max 0.3575 0.0581 0.0302 0.3196 0.0897
Skewness − 0.5200 − 0.0299 0.0585 0.1661 − 0.9862
Kurtosis 14.2187 7.0228 5.5921 28.0320 23.8222
J-B statistics 11000∗∗∗ (0.0000) 1439∗∗∗ (0.0000) 599∗∗∗ (0.0000) 56000∗∗∗ (0.0000) 39000∗∗∗ (0.0000)
ARCH 62.023∗∗∗ (0.0000) 40.645∗∗∗ (0.0000) 39.411∗∗∗ (0.0000) 273.683∗∗∗ (0.0000) 352.842∗∗∗ (0.0000)
ADF − 12.099∗∗∗ (0.0000) − 9.083∗∗∗ (0.0000) − 8.055∗∗∗ (0.0000) − 7.665∗∗∗ (0.0000) − 11.516∗∗∗ (0.0000)
Note. p values are in the parentheses. ∗∗∗ indicates the significant level at 1%.

Table 2: (e results of ARMA (1,1)-EGARCH (1, 1)-t model.

Bitcoin Gold Dollar Oil Stock
α0 0.0017∗∗∗ 0.0002∗ − 0.0001 − 0.0000 0.0006∗∗∗

α1 − 0.8894∗∗∗ − 0.3706∗∗∗ 0.8455∗∗∗ − 0.3197∗∗∗ − 0.2424∗∗∗

b1 0.8802∗∗∗ 0.3053∗∗∗ − 0.8662∗∗∗ 0.2814∗∗∗ 0.1731∗∗∗

ω − 0.1567∗∗∗ − 0.1344∗∗∗ − 0.0777∗∗∗ − 0.0807∗∗∗ − 0.3775∗∗∗

α 0.4196∗∗∗ 0.0902∗∗∗ 0.1044∗∗∗ 0.1291∗∗∗ 0.2407∗∗∗

β 0.9726∗∗∗ 0.9856∗∗∗ 0.9928∗∗∗ 0.9898∗∗∗ 0.9619∗∗∗

c 0.0645∗∗ 0.0285∗∗ 0.0138 − 0.0882∗∗∗ − 0.1839∗∗∗

LL 3530.112 5949.549 7047.405 4370.925 6184.461
Note. LL is the log-likelihood value of the estimation; ∗, ∗∗, and ∗∗∗ indicate the significant level at 10%, 5%, and 1%, respectively.
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feature of leptokurtosis, which is also confirmed by the J-B
test. (e ARCH test demonstrates that the returns have
noticeable ARCH effects, which denotes that the GARCH
type model is necessary to model the marginal distribution
of each market. (e ADF test reveals that all the returns are
stationary.

Table 2 shows the coefficients of the ARMA (1, 1)-
EGARCH (1, 1)-t model in each market. We can find that
most of the coefficients are significant at 1% level, denoting
that the model can fit the return series of five markets well.
(e leverage effect exists in all the markets except the dollar
market. (e coefficients c are positive for the bitcoin and
gold market, denoting that the positive news would cause
larger volatilities. For oil and stockmarkets, the coefficients c

are negative, indicating that the negative news has a larger
effect on themarket volatilities.We then extract the standard
residual sequence from the ARMA (1, 1)-EGARCH (1, 1)-t
model. Before using the EVTmethod, the standard residual
sequence needs to be independent identically distributed.

We use the BDS test proposed by Broock et al. [39],
which is designed to test whether a random sequence is i.i.d
(identical independent distributed). Table 3 shows that we
cannot reject the null hypothesis that the sequence is i.i.d.
(erefore, the standard residual series of each market can be
used in the EVT analysis.

An appropriate threshold needs to be determined
before employing the EVT method. A very small
threshold will lead to too much tail data, which will not
meet the preconditions of the EVT method. However, a
very large threshold will result in too little tail data and
affect the model’s performance. According to DuMouchel
[40], we select 10% as the threshold and obtain five
corresponding upper (μU) and lower tail (μL) threshold
values of market returns. (e EVT fitting parameters are
reported in Table 4. We find that the upper tail param-
eters (ξU) of bitcoin, and gold and oil markets are larger
than 0, indicating that these markets present fat tails.
Taking the bitcoin market as an example, we draw the

Table 3: BDS test results of standard residuals.

Bitcoin Gold Dollar Oil Stock
BDS 1.2275 (0.2196) − 0.4898 (0.6243) 0.4229 (0.6724) 1.2273 (0.2197) 1.2972 (0.1946)
Note. p values are in the parentheses.

Table 4: Results of tail thresholds and EVT fitting.

Lower tail Upper tail
μL ξL βL μU ξU βU

Bitcoin − − 0.7004 0.2951 0.5180 0.7258 0.2463 0.3953
Gold − 1.0964 − 0.0310 0.6878 1.1099 0.0970 0.6028
Dollar − 1.2238 0.1736 0.4190 1.2080 − 0.0305 0.6330
Oil − 1.2179 0.0721 0.6637 1.1191 0.0243 0.4836
Stock − 0.2661 0.1416 0.6547 1.1181 − 0.0031 0.4107
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Figure 4: Distribution curve of residual and CDF fitting analysis of the bitcoin market.
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fitted cumulative distribution function curve in Figure 4,
and we find it obtains an excellent fitting.

(e K–S test (Kolmogorov–Smirnov test) is used to test
whether the transformedmarginal distribution of each series
is uniformly distributed on [0, 1]. (e results of Table 5
cannot reject the null hypothesis that the data follow the
uniform distribution of [0, 1], indicating that the adjusted
series satisfy the prerequisite conditions for the R-vine
copula model.

Table 6 shows the R-vine structure between markets. An
advantage of the R-vine copula is that it canmake the choices
of copula functions more extensive and flexible, which can
depict the relationship between markets more accurately.
(e optimal copula functions are selected by the AIC

criterion. In Table 6, numbers 1 to 5 represent bitcoin, gold,
dollar, oil, and stock markets. We also present the structure
of tree 1 of the R-vine copula in Figure 5. We annotate the
most suitable copula function and Kendall’s τ on the lines
linking two markets. (e Kendall’s τ determines the di-
rection and intensity of market dependence. As shown in
Table 6 and Figure 5, during the whole sample period, gold is
at the center of these markets, indicating its close inter-
connection with the rest of the markets, which is consistent
with the current status of gold as a major global safe haven
asset. We can also find a negative correlation between stock
and gold markets. Moreover, the oil market is positively
associated with the stock market. (e relationships between
bitcoin and gold markets, as well as gold and dollar markets,

Table 5: K–S test results of marginal distribution.

Bitcoin Gold Dollar Oil Stock
K–S 0.0222 (0.3409) 0.0176 (0.6332) 0.0124 (0.9436) 0.0146 (0.8383) 0.0154 (0.7865)
Note. p values are in the parentheses.
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Figure 5: (e estimated five-dimensional R-vine tree of the whole
sample.

Table 6: Estimation results of R-vine copula.

(e whole period Without COVID-19 During COVID-19

Tree1

Edge 2,1 2,3 5,2 5,4 2,1 2,3 5,2 5,4 2,1 2,3 5,1 5,4
Copula Gumbel Frank Student t Frank Joe Frank Student t Frank Student t Student t Clayton Student t

Kendall’s τ 0.05 0.24 − 0.06 0.18 0.02 0.24 -0.09 0.17 0.15 0.21 0.18 0.20
Up 0.07 — 0.00 — 0.05 — 0.00 — 0.06 0.01 — 0.11
Low — — 0.00 — — — 0.00 — 0.06 0.01 0.21 0.11

Tree2

Edge 5,1|2 5,3|2 4,2|5 5,1|2 3,1|2 4,2|5 3,1|2 5,2|1 4,1|5
Copula Clayton Student t Student t Frank Frank Student t Frank Student t Gaussian

Kendall’s τ 0.03 0.01 0.06 − 0.02 − 0.00 0.09 0.08 0.03 0.07
Up — 0.02 0.00 — — 0.00 — 0.03 —
Low 0.00 0.02 0.00 — — 0.00 — 0.03 —

Tree3

Edge 3,1|5,2 4,3|5,2 5,3|1,2 4,1|5,2 5,3|1,2 4,2|5,1
Copula Joe Student t Student t Gaussian Gumbel Student t

Kendall’s τ 0.01 0.01 -0.00 -0.01 0.08 -0.01
Up 0.03 0.00 0.02 — 0.11 0.00
Low — 0.00 0.02 — — 0.00

Tree4

Edge 4,1| 3,5,2 4,3| 5,1,2 4,3| 5,1,2
Copula Gaussian Clayton Student t

Kendall’s τ 0.00 0.03 0.01
Up — — 0.02
Low — 0.00 0.02

Gold

Dollar

Stock

Oil

Bitcoin

Frank 
(0.24)

Frank 
(0.17)

Student t 
(−0.09)

Joe
(0.02)

Figure 6: (e estimated five-dimensional R-vine tree before
COVID-19.
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are also positive. One possible explanation is that the price
decline in the traditional capital market will drive investors
to seek suitable safe haven markets, further leading to price
increases in the markets such as gold, bitcoin, and dollar
markets. Similarly, investors’ demand for gold, bitcoin, and
dollar may drop when the traditional assets are rolling,
which leads to the decline of their prices [41].

Considering that the COVID-19 epidemic has brought
great impacts worldwide and may bring changes to the
market dependence structure, we investigate the subsamples
without COVID-19 and during COVID-19. According to
Azimli [42] and Umar et al. [43], the period without
COVID-19 is defined as before January 1, 2020, and the
period within COVID-19 covers the days from January 2,
2020, to the last day of the sample. Following Bouri et al.
[20], a hedge is defined as an asset that is uncorrelated or
negatively correlated with another asset on average, and a
diversifier is defined as an asset that has a weak positive
correlation with another asset on average. (e Tree 1
structures of the period without COVID-19 and during
COVID-19 are shown in Figures 6 and 7, respectively. We
can find that, before the outbreak of COVID, the market
structure of the five markets is the same as that in the whole

sample period. (e Kendall’s τ of between each pair of
markets also does not show a significant change. When the
gold market acts as a conditional market, the relationship
between the bitcoin market and the stock market is negative
(− 0.02), as shown in Tree 2, indicating that investors can
incorporate bitcoin into their portfolios to reduce invest-
ment risks. Similarly, the dollar market can also diversify the
risk of stock markets, though not as effective as gold and
bitcoin markets. For the oil market, the Kendall’s τ between
bitcoin and oil markets is negative (− 0.01) when choosing
the gold and stock markets as conditional markets, as shown
in Tree 3. (erefore, bitcoin is also a hedge for the oil market
under this circumstance.

However, during the COVID-19 period, the gold market
is no longer in the center position and the linkages between
markets change a lot. During the COVID-19 period, the
relationship between bitcoin market and stock market be-
comes positive (Kendall’s τ is 0.18), indicating that the
bitcoin market is no longer a hedge but a diversifier for stock
market. It is similar to gold and dollar markets, which are
positively related to the stock market. It indicates that
COVID-19 has brought a great impact on many markets
around the world, even on safe-haven markets. (e gold,

Table 7: Results of VaR and ES backtesting.

Portfolio 1 Portfolio 2 Portfolio 3
VaR ES VaR ES VaR ES

Test LRuc LRcc McNeil LRuc LRcc McNeil LRuc LRcc McNeil

Panel A: the whole sample
90% 0.8818 0.9876 0.4601 0.2761 0.5408 0.3311 0.8123 0.7888 0.1304
95% 0.8364 0.9673 0.3800 0.5471 0.3671 0.0919 0.7493 0.8044 0.1442
97.5% 0.8868 0.6991 0.2460 0.1656 0.2601 0.7326 0.3925 0.5375 0.1858
99% 0.2149 0.4068 0.9904 0.1038 0.2370 0.9998 0.0733 0.1767 0.6055
Panel B: without the COVID-19
90% 0.1478 0.1099 0.3379 0.2319 0.4770 0.1812 0.5784 0.8485 0.2590
95% 0.2393 0.3926 0.3134 0.6267 0.5925 0.1166 0.8529 0.7138 0.1839
97.5% 0.5644 0.7834 0.4697 0.7458 0.7946 0.1570 0.8971 0.8881 0.1607
99% 0.5576 0.8060 0.8942 0.2414 0.4657 0.2653 0.2786 0.5227 0.4108
Panel C: within the COVID-19
90% 0.3142 0.5646 0.9524 0.0313 0.0975 0.9961 0.6826 0.9185 0.4415
95% 0.7732 0.5354 0.7085 0.4092 0.2479 0.9929 0.1777 0.1134 0.7451
97.5% 0.5650 0.6567 0.9897 0.5650 0.6567 0.9999 0.1970 0.2912 0.9863
99% 0.8077 0.9373 0.9999 0.6967 0.9125 0.9999 0.8077 0.9373 0.9996
Note. (e weights of bitcoin, gold, dollar, crude oil, and stock in portfolio 1 are 20%, 20%, 20%, 20%, and 20%. (e weights in portfolio 2 are 10%, 10%, 10%,
10%, and 60%, respectively. (e weights in portfolio 3 are 10%, 10%, 10%, 35%, and 35%, respectively.

Gold

Dollar

Stock

Oil

Bitcoin

Student t 
(0.20)

Clayton
(0.18)

Student t
(0.15)

Student t
(0.21)

Figure 7: (e estimated five-dimensional R-vine tree during COVID-19.
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bitcoin, and dollar cannot diversify risks as they did before
COVID-19. Nevertheless, as we will demonstrate below, the
GARCH-EVT-copula model can provide accurate risk
measures. (e investors can control the portfolio risk, at
least to some extent, by adjusting the weights of each asset.

Based on the dependence structure of the five markets,
we construct three portfolios with different asset weights and
conduct backtesting to test the risk measurement accuracy of
the model. As shown in Table 7, we test the three portfolios
under four upper tail quantiles, 90%, 95%, 97.5%, and 99%.
We can find that almost all the P values are larger than 0.05,
even in the period with COVID-19. (e results denote that
the GARCH-EVT-copula model of various portfolios has
passed the VaR and ES backtesting (provide accurate risk
measures). (e model we constructed can measure the risks
of the five market combinations very well.

(e above empirical results show that, in general, gold is
the most important and effective asset to diversify the risk of
traditional markets, including the crude oil and stock
markets in our analysis. Bitcoin, which is gaining popularity
in recent years, also has the ability to diversify risk. Although
not as effective as gold, bitcoin still behaves better than the
US dollar in terms of risk diversification. (e outbreak of
COVID-19, however, changed the interdependence struc-
ture between these markets. Gold lost the central position
and can no longer be a hedge. Bitcoin also becomes a di-
versifier rather than a hedge. (erefore, it may not be a good
choice to invest in bitcoin after the market downturn caused
by big events such as the COVID-19. (en, we construct
different portfolios by changing the weight of each asset and
test the performance of the GARCH-EVT-copula model on
risk management. (e results show that this model can
obtain accurate risk measurement before and within
COVID-19, making it a potential tool for portfolio con-
struction and risk management.

4. Conclusions

(is paper uses the GARCH-EVT-copula model to analyze
the relationship between bitcoin, gold, dollar, crude oil, and
stock markets. Our findings indicate that the gold market is
central in these markets during the sample period, which is
consistent with the status of gold as a major safe haven. We
also find that, before the outbreak of COVID-19, bitcoin and
dollar also had the ability to diversify risks, although not as
effective as gold. However, when COVID-19 began to spread
around the world, gold is no longer the center of these
markets, and gold, bitcoin, and dollar can no longer be seen
as a hedge. Nevertheless, we demonstrate that the model we
use in this paper can provide accurate risk measures and help
international investors or risk managers to control the risk of
their portfolios.

Our results can provide some implications for investors
and risk managers. In terms of the ability to diversify
portfolio risk of crude oil and stock markets, we show that
bitcoin is less effective than gold but better than the US
dollar. However, bitcoin is also not a hedge during the
market turmoil caused by external events such as COVID-
19. (erefore, investors need to consider adding bitcoin to

their portfolios carefully. In addition, the GARCH-EVT-
copula method may help investors and risk managers an-
alyze the relationship between multiple markets and control
the risk of portfolios.

Unfortunately, like other approaches, the GARCH-EVT-
copula approach used in this paper also has its limitations. A
sufficiently long time series dataset is a prerequisite for
modeling the relationship between multiple markets accu-
rately, which makes this method unsuitable for short-term
analysis such as one or two months. (is method is also
unable to detect the sudden structural changes in the market,
as enough data after the structural changes are needed.

Data Availability

(e data used in this study are derived from several sources.
(e bitcoin price data are downloaded from the coin-
marketcap website at https://coinmarketcap.com/curren-
cies/bitcoin/historical-data/. (e WTI crude oil futures
prices data are obtained from the EIA website at https://
www.eia.gov/dnav/pet/hist/RCLC1D.htm. (e rest data are
obtained from the Wind database.
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