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Impact of global crisis events on the dependence
and risk spillover between gold and crude oil: a
regime-switching copula approach

Yuankui Wang', Xiaoquan Ding?™, Pengwei Wang® & Ziwei Huang?

In recent years, global crisis events have become increasingly common. Gold, recognized as a
safe asset, and crude oil, an essential industrial commodity, have attracted the attention of
many scholars seeking to understand the impact of such crises on both. On the basis of a
Markov regime-switching (MRS) model, copula function, and conditional value at risk
(CoVaR) model, this paper proposes an MRS copula CoVaR model to investigate the changes
in the level of dependence between these two assets and examine the risk spillover effects
between them. This study obtains the following conclusions. (1) From 2018 to 2023, there are
two distinct dependence regimes between the two assets. The tranquil regime is char-
acterized by positive dependence, whereas the crisis regime is characterized by negative
dependence. (2) In the crisis regime, there is downside risk spillover between the two assets,
whereas in the tranquil regime, there is an upside risk spillover. These findings contribute to
theoretical research and offer valuable insights for policymakers and investors in making
informed decisions and developing appropriate investment strategies.
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Introduction

n recent years, international crises have emerged one after

another and have widely affected the development of the

world economy. As a result, investigating the impact of crises
on financial markets has become a prominent area of con-
temporary financial research.

There is evidence that crises have indeed impacted financial
markets. For example, Ali et al. (2020) and Ullah (2023) suggest
that COVID-19 had a negative effect on returns in financial
markets, but it is worth noting that some government interven-
tions have helped restore financial market returns. Yousaf et al.
(2022) indicate that stock markets have been significantly and
adversely affected by the Russia-Ukraine conflict. Additionally,
Nerlinger and Utz (2022) find that energy companies have out-
performed the stock market since the onset of this conflict. As
such global crises intensify, a growing proportion of scholars have
become interested in the impact of these crises on financial
markets.

Once widely circulated in the human world, gold continues to
have a substantial influence on the global economy (see Starr and
Tran, 2008). Crude oil plays an essential role in human economic
activities, and fluctuations in its price significantly impact eco-
nomic development (see Mo et al. 2019; Wen et al. 2019). Evi-
dence indicates that gold can be regarded as a secure refuge
against both inflation and political instability (see Blose, 2010;
Chua and Woodward, 1982; Ghosh et al. 2004; Tully and Lucey,
2007; Worthington and Pahlavani, 2007). Similarly, crude oil
has the ability to mitigate risk to some extent (see Garbade and
Silber, 1983).

Gold and crude oil, as two key financial markets, have attracted
significant scholarly interest in the study of the impact of crises
on them (see Junttila et al. 2018). However, traditional time-series
methods are not efficient to capture the complex changes between
gold and crude oil. Although the recently popular copula method
features a more flexible structure and can effectively address some
inherent challenges, it is not able to capture the extreme changes
caused by crises effectively.

Ang and Timmermann (2012) believe that the regime-
switching model proposed by Hamilton (1989) can effectively
account for the frequent and sudden changes in financial markets.
Therefore, in this work, we combine the regime-switching model
with the copula function to develop a Markov regime-switching
(MRS) copula model. Next, we discuss the impact of the crisis on
gold and crude oil from the following two perspectives: changes
in dependence and risk spillovers.

The main contributions of this paper are as follows. First, while
most literature focuses on examining the effects of individual
major crises on financial markets, this study incorporates several
major crises into its research framework. Second, unlike Mo et al.
(2023), which suggests a downside risk spillover effect between
gold and crude oil, our findings align with those of Dai et al.
(2020), indicating that both upside and downside risk spillovers
between these two assets exist. Third, we further investigate the
factors that influence changes in upside and downside risk spil-
lovers and examine the conditions under which these spillovers
occur. Finally, whereas Baur and Lucey (2010) and Baur and
McDermott (2010) argue that both gold and crude oil have safe
haven properties and can serve as substitutes for one another
during crises, our results indicate that in the context of risk
spillovers, gold is viewed as a safer asset than is crude oil in times
of crisis.

The remainder of this paper is organized as follows. Section
“Literature review” surveys the literature. Section “Data and
preliminary analysis” presents descriptive statistics and a pre-
liminary analysis of the data. Section “Methodology” introduces
the model approach. Section “Empirical analysis” presents the
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empirical results of the model and discusses further analyses.
Finally, Section “Conclusions” concludes the paper and provides
suggestions.

Literature review

There is substantial evidence that the relationship between gold
and crude oil is intricate and multifaceted. Soytas et al. (2009)
observe that higher oil prices have a positive effect on gold prices
in the short term. Sari et al. (2010), Narayan et al. (2010), and
Gokmenoglu and Fazlollahi (2015) point to a long-term rela-
tionship between gold and crude oil prices.

Moreover, various methods, such as cointegration methods
(see Simakovd, 2011), threshold cointegration methods (see Wang
and Chueh, 2013), generalized autoregressive conditional het-
eroskedasticity (GARCH) models, nonlinear Granger causality
tests, and nonlinear autoregressive distributed lags, have been
used to study the relationship between gold and crude oil.

However, economic globalization has contributed to heigh-
tened complexity in terms of the dependence between the gold
and crude oil markets. As a result, traditional analytical models
have become inadequate in meeting evolving research require-
ments. Concurrently, the emergence and advancement of the
copula model have presented researchers with new avenues for
exploration.

Teetranont et al. (2018) propose various GARCH- and copula-
based methods to investigate the relationship between gold and
crude oil prices. Elie et al. (2019) examine the role of gold and
crude oil as safe haven assets to combat extreme declines in clean
energy stock indices using single and mixed copula and tail
dependence measures.

As research has advanced, an increasing amount of evidence
suggests that in times of crisis, the dependence between gold and
crude oil has changed. Bedoui et al. (2018) employ a subperiod-
based comparative framework to capture the comovement of gold
and crude oil during both normal and crisis periods.

A review of the literature reveals that the complex dependence
between gold and crude oil changes with the impact of crises.
However, classical research methods are not sufficient for
studying these changes effectively. Some scholars have proposed
new models, among which the combination of MRS and copula
models has attracted much attention. The MRS copula model
combines the advantages of both MRS and copula models,
offering greater flexibility in handling complex realities (see
Boubaker and Sghaier, 2016; da Silva Filho et al. 2012; Gong et al.
2020; Luo et al. 2015; Okimoto, 2008; Wang and Ding, 2024;
Wang et al. 2013).

Tiwari et al. (2020) employ the MRS copula model to examine
how geopolitical risk influences the relationship between gold and
crude oil, demonstrating the model’s superior performance.
However, the dependence between gold and crude oil is influ-
enced by not only geopolitical risks but also other factors, such as
pandemics and trade disputes. To account for these influences, we
utilize the MRS copula model to capture the variations in
the dependence between gold and crude oil and to further explore
the risk spillover between them.

Data and preliminary analysis

To examine the impact of crises on gold and crude oil, we select
the daily closing prices of gold futures and Brent crude oil futures
from 2018 to 2023 as experimental data.' The daily closing prices
of gold and crude oil are shown in Fig. 1, and Fig. 2 presents their
respezctive returns. Table 1 presents statistical descriptions of the
data.
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The above figure shows that gold and crude oil prices
appear to rise and fall at the same time in a certain period,
whereas in other periods, one of them appears to rise while
the other falls. To better visualize the alterations in their
dependence structure, we present the cross-correlation
function (CCF) diagram between them in Fig. 3. Different
dependence structures are presented at varying lag orders.
Therefore, we tentatively determine that the structure of the
dependence between gold and crude oil changes during per-
iods of crisis.

Following the analysis, we opt to develop an autoregressive
integrated moving average (ARIMA)-GARCH MRS copula
model to further investigate the impact of crises on gold and
crude oil.

Methodology
Marginal model specification. The GARCH family of models, a
cornerstone of financial econometrics, originated from the pio-
neering ARCH model introduced by Engle (1982).

The Glosten-Jagannathan-Runkle (GJR)-GARCH model can
not only address the volatility aggregation phenomenon but also
consider the asymmetric effects of market shocks on volatility.
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Fig. 1 Daily price series for gold and crude oil. Note: Data are from
[https://fred.stlouisfed.org/].

The GJR-GARCH function can be written as follows:
& = \/Evt

q P (1)
hy = ay+ Zjl (“z‘ + )’iNt—i)S%—i + El Bihi_i,
where v, ~ IID(0, 1); ap > 0; ;20,1 =1,2,3, ..., — 1, a5 > 0;
Biz0,i=1,23 ...,p— 1L B, >0 and 21 a+>7 B
+0.5 Z?:l ;<1. N;_; is the schematic function indicating that ¢,_;
< 0, which can be written as follows:

1, ¢&_;<0,
N, = 0 >
y & 2 0.

The asymmetric power ARCH (APARCH) model is a highly
nonlinear volatility model for situations such as those involving
asymmetric effects, thick-tailed distributions, and volatility
aggregation phenomena. The APARCH function can be written
as follows:

& = \/]’Ttvt
8 q LA (2)
hi = oy + Zl ai("‘:%—i' - )’i‘e%—i)a + _Zjl/jihifiv
1= 1=

where v, ~ IID(0, 1); ap > 0; ;20,1 =1, 2,3, ..., — 1, ay > 0;
B20,i=1,2,3 ...p—1,B,>0and XL (K2 | — yh?,)°
+37, Bi<l.

In this paper, we choose suitable GARCH models to fit the

marginal distribution. The detailed procedure is described in
Section “Results of marginal models”.

Table 1 Descriptive statistics for returns.

Gold Crude oil
Mean 0.0003 0.0001
SD 0.0094 0.0270
Skewness —0.1686 —-1.3717
Kurtosis 4,5953 19.0057
Min. —0.05M —0.2798
Median 0.3563 0.0022
Max. 0.0578 0.1908
ARCH-LM test(10) 233.8091*** 249.4934***
ARCH-LM test(20) 359.127*** 514.4497***

Note: The data in the table include 1,547 trading days from 2018 to 2023. The null hypothesis of
the autoregressive conditional heteroskedasticity (ARCH)-Lagrange multiplier (LM) test is that
there is no ARCH effect; 10 and 20 are the lag orders; and *, **, and *** represent significance at
the 10%, 5%, and 1% levels, respectively.
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Fig. 2 Gold and crude oil returns. Note: a Gold returns, and b Crude oil returns.
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The CCF of gold and crude oil
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Fig. 3 CCF for gold and crude oil returns. Note: The CCF is a statistical
measure used to assess the degree of similarity between two time series
across various time lags.

Specification of MRS copula models. Let X and Y represent two
random variables. H denotes the joint distribution function of X
and Y with marginal distribution functions F; and F,, respec-
tively. Then, according to Sklar’s theorem, a copula function, C,
such that

H(xy,x,) = C(Fy(x,), F(x,)), 3)
exists, and Eq. (3) can be alternatively expressed as follows:
Clu,v) = H(F (), F;'(v)), (4)

where u = Fy(x;), v = Fy(x,), u and v follow a standard uniform
distribution.

In this work, we construct an MRS copula that is a mixture of
two static copulas, with its dynamic properties being entirely
governed by state variables. As the state variables change, the
copula function adjusts accordingly. The two-regime Markov
process is effective in capturing the variations present in most
financial datasets. We assume that S, € {0, 1} follows a Markov
process. The transition probabilities can be formulated as follows:

Py = P (6,4, =410, =1), i,j=0,1.

The matrix of transition probabilities can be articulated as
Poo

follows:
p— < l—pn )7
1 — pgo Pu

where p;; represents the likelihood of transitioning from state i at
time f to state j at time t + 1. According to the properties of the
copula function, the MRS copula can be formulated as follows:

C,(up, vy, B, S,) = S,Ct (uy, v @) + (1= 8,)C; (uy,v3 B). (5)

We assemble the optimal MRS copula from the copula
mentioned in Table 2 and their deformations (survival Clayton
(S.Clayton) copula and survival Gumbel (S.Gumbel) copulaS).

Parameter estimation. Maximum likelihood (ML) is the most
widely used method for estimating parameters in copula models.
In this work, we continue to apply ML to estimate the parameters
of the MRS copula. By applying logarithms to both sides of Eq.
(3), we deduce the logarithmic likelihood function, which is

4

Table 2 Widely used copula functions.

Name Copula CDF Parameter
scale

Gaussian  C(u,v) = ®, (7' (u), d7(v); p) pe1,1D

t C,(u,v) =T, (T, (), T, (v); p) pe=1,1D

Clayton Cou,v;0) = (U0 +v0— 1)_% 0e (0, + o)

Gumbel  Co(u,via) = exp(—[(— Inu)® + (= In v)“]‘z) a € [1,400)

Note: ® and ®, are the cumulative distribution functions (CDFs) of the standard normal
distribution and the bivariate standard normal distribution, respectively. T, represents the CDF
of the bivariate t distribution with v degrees of freedom.

articulated as follows:

log h(xy, %5, 1€ _1;0) = logf,(x,,[Q_y;6)) +1og £, 113 6,)
+log c(u;, v,19;_4;6,),
(6)

where h denotes the joint probability density function of X,
and X,,, f; represents the marginal probability density function of
X;; (i = 1, 2), c signifies the copula density, Q, ; refers to the
information set accessible after time t — 1, and u, = F;(x1,), v, =
Fy(x20).

By leveraging the properties of the copula function, this study
employs a two-stage approach to the parameter estimation of the
MRS copula model. During the initial phase, the marginal density
parameters are ascertained as follows:

) T
0, = arg@rnaxtzzllogf1 (x1t|Qt—1§91)a (7)
. T

0, = arg‘;naxtzzllogf2 (%2113 6,). 8)

In the subsequent phase, the copula parameters are determined
using the following:

@C = arg;laxté logc<F1 (xl; é1>,F2 (x2;éz) 1Q,_;; 6 ) 9)

éc contains an unknown variable, S,, and thus, Hamilton’s filter
proposed by Hamilton (1994) is used in this paper for specific
estimation.

Copula correlation indicators. The correlation indices (such as
Kendall's 7, Spearman’s p, and tail dependence coefficients)
between two variables can be derived from their copula function.
The specific indicators relevant to this paper are outlined as
follows:

Kendall’s 7 between random variables X and Y can be derived
from their copula function C as follows:

1
T:4/01/0 C(u,v)dC(u,v) — 1,

where u = Fi(x;), v = Fy(x), u, v € [0, 1], and T € [ — 1, 1].
When 7 = 0, the correlation between X and Y cannot be
determined.

Tail dependence coefficients are widely used in extreme value
theory to indicate the probability of an extreme value in one
observed variable being followed by an extreme value in another
variable. The tail dependence between random variables X and Y
can also be derived from their copula function C, and the upper
tail correlation coefficient (AY) and the lower tail correlation

(10)
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coefficient (AL) can be written as follows:

C(l—u,1—u)
1—u ’

(11)

A= lim PIY>F, () X>F ()] = lim

M = lim P[Y<F;'(u)|X<F;'(u)] = lim M. (12)
u—0F u—0+ u

Risk spillover. Value at risk (VaR) is a metric used by profes-
sionals to measure risk issues. The definition of VaR is as follows:

P(r,<VaRe,) = P(r, 2 VaRl*) =a,  (13)

where VaRY, and VaR};® represent the downside and upside
VaRs of financial market i, respectively.

Adrian and Brunnermeier (2011) introduced the concept of
conditional VaR (CoVaR), building on VaR, to study risk
transmission from a single financial institution to another
financial institution or the broader financial system as a whole.

Definition of CoVaR. According to Adrian and Brunnermeier
(2011), the downside CoVaR and upside CoVaR values are as
follows:

P <rj‘t < CoVaRﬁ, Iri, = VaRfft> =P (’j,z > CoVale;ﬁlrm = VaR}_t_“) =B.

(14)

Adrian and Brunnermeier set the distress event condition in

which institution j reaches the exact VaR. Girardi and Ergiin

(2013) modify the CoVaR by assuming that the condition for

financial distress events is that institution j reaches, at most, its

VaR. On the basis of Girardi and Ergiin (2013), Eq. (14) can be
written as follows:

> CoVaR}, "Ir,, > VaR ! ) =B,

(15)

where i and j represent different financial markets. CoVaRﬁ . and

P (1, CoVaRlIr,, <VaR?, ) = P (r,,

CoValeJ_ﬁ represent the downside and upside CoVaRs,
respectively.

Calculation of CoVaR. In this paper, we use the methods pro-
posed by Reboredo and Ugolini (2015) and Mensi et al. (2017) to
calculate the CoVaR. From Eq. (15), the following can be derived:

P (rj.t < CoVaRﬁ oTis S VaR:-’ft) P (G,z > CoVaR}Jﬁ T2 VaR};“>

B P (r,-ﬁt > VaR,ﬂ’“) =

P <r,v‘, < VaR;-’ft>
(16)

In conjunction with Eq. (13), Eq. (16) can also be written as

follows:

P ("/‘,t < CoVaRﬁt, i< VaRfft) =P ("j,t > CoVale;I}7 rir2 VaR}_,"") = ap.
(17)

The joint distribution of Eq. (17) can be written as follows:

C(F,}J(CoVaRf[), Fr,,,(Vaqu,z)) = ap, (18)

C(F,, (Covar[;#),F, (VaR!;™)) — F,“(CoVaR}_:ﬁ) —F, (VaR[;*)+1=ap.

(19)
According to the above equations, &, f* and VaR?, (or VaR};"‘
are first used to compute F,ivr(CoVaRﬁ ;) (or Fr,-,,(COVaR}I’B )) via

the corresponding copula function. Then, the marginal distribu-
tion function of r;; is inversely solved to obtain the CoVaR value.

Test of CoVaR. In Reboredo and Ugolini (2016), a method to
determine whether financial risk spillovers occur by testing the
consistency of the VaR and CoVaR is proposed. The original
hypothesis is as follows:

H,: CoVaR,, = VaR,,. (20)

If the above assumptions are not rejected, then CoVaR and VaR
are considered consistent, and no risk contagion is considered to
have occurred. If the original hypothesis is rejected, then risk
contagion is considered to have occurred. In this paper, we use
the bootstrap Kolmogorov-Smirnov (KS) test proposed by Aba-
die (2002) to compare the VaR and CoVaR as follows:

mn \? @1)
KS,., = P st;p’Fm(x) - Fn(x)‘,
where F,(x) and F,(x) are the CDFs of CoVaR and VaR,
respectively. m and » are the number of samples for CoVaR and
VaR, respectively.

Empirical analysis

Results of marginal models. The first step in the copula
approach is to estimate the marginal model for the univariate
data. In constructing the marginal model, we consider several
conditional mean models (ARIMA(p, q), p, q = 0, 1, 2, 3), five
conditional variance models (GARCH(1,1), exponential GARCH
(EGARCH)(1,1), integrated GARCH (IGARCH)(1,1), GJR-
GARCH(1,1) and APARCH(1,1) °) and five distributions for
standardized disturbances (standard normal, skewed normal,
Student’s t, skewed t, and generalized error distributions). We
then proceed with the below steps to determine the optimal
marginal model from these alternatives.

First, in the established model, a candidate for the best
marginal model is chosen on the basis of the Akaike information
criterion (AIC). Second, the autocorrelation and heteroskedasti-
city of the candidate model’s residuals are evaluated. This
approach involves applying the weighted Ljung-Box test and
the weighted ARCH-LM test’ to the residuals z, and their
squares z7,. If these tests are passed, then the model is deemed free
of autocorrelation and heteroskedasticity effects. Third, we apply
the KS test to i1;,, which is obtained from the residual probability
integral transformation. If these tests pass, then the marginal
distribution is well specified, and i; can be assumed to be
independently generated from a standard uniform distribution.

If all tests yield satisfactory results, then the marginal model
that successfully passes these criteria is deemed optimal.
However, if either the second or third step fails, then the process
reverts to the first step, and model selection begins anew.

Table 3 reports the estimation results of the quasi-optimal
marginal model.” The results in Table 3 indicate that the selected
quasi-optimal model passes all of the abovementioned tests.
Ultimately, we opt for the ARMA (3,3)-EGARCH (1,1) marginal
model with a generalized error distribution for gold returns and
the ARMA (1,2)-APARCH (1,1) marginal model with a skewed ¢
distribution for crude oil returns.

Results of MRS copula models. On the basis of the observations
i1, obtained in the first step, we proceed to estimate the MRS
copula model. First, we consider 6 different copulas (Gaussian
copula, t copula, Clayton copula, Gumbel copula, S.Clayton
copula, and S.Gumbel copula) to compose the MRS copula. Next,
we test the significance of the parameters in each of the 36 MRS
copula models at the 5% significance level. Finally, we compare
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the AIC values of the MRS copula models that pass the para-
metric significance test to select the best MRS copula.®

Tables 4, 5 present the estimation results for 36 MRS copula
models. On the basis of the results of these tables, we ultimately
decide to employ the Gaussian-f MRS copula to investigate the
dynamic dependence structure between gold and crude oil during
the period 2018-2023. Table 6 reports the dependence indicators
between the two markets under different regimes. On the basis of
experience, we refer to the regime where the two assets are
negatively correlated as a crisis regime and to the regime where
they are positively correlated as a tranquil regime. Figure 4
depicts the likelihood of various regimes occurring at distinct
temporal intervals and shows that the occurrence of these crises
has enhanced the emergence of crisis regimes.

Table 3 Estimation results of the marginal model.

Gold Crude oil
Model ARMAQ,3)-EGARCH(1,1)  ARMA(1,2)-APARCH(1,1)
Distribution ~ Generalized error Skewed t
u 0.0003***(0.0001) 0.0004*%(0.0002)
AR —1.1473*%(0.0062) 0.1240***(0.0253)
AR(2) —0.9102***(0.0050) /
AR(3) 0.0647***(0.0035) /
MA®) 1.0903***(0.0060) —0.1070**%(0.0245)
MA(2) 0.8501***(0.0001) —0.0874***(0.0214)
MAQ) —0.1091***(0.0028) /
® —0.1678*%(0.0023) 0.0011(0.0010)
a 0.0311*%(0.0151) 0.0919***(0.0144)
p 0.9822***(0.0004) 0.9038***(0.0150)
4 0.0966***(0.0103) 0.5135%%(0.1498)
S / 0.8845**%(0.2323)
Skew / 0.8047***(0.0267)
Shape 1.0794**%(0.0495) 4.5853***(0.5534)
WLB(1) [0.23301] [0.8411]
WLM(@3) [0.9387] [0.2661]
KS test [1.0000] [1.0000]
Note: WLB and WLM represent the standardized residual weighted Ljung-Box test and the
standardized residual weighted LM test, respectively. , and *** represent significance at
10%, 5%, and 1% levels, respectively. Standard deviations are in round brackets. The p values
are in square brackets.

Results of the CoVaR model. Tables 7 -8 report the VaR and
CoVaR values for gold and crude oil under crisis and tranquil
regimes, respectively. The results of the table show that the
regime change does not affect the VaR values of gold and crude
oil but does cause a change in their CoVaR values. Figures 5-6
show the changes in the mean values for the VaR and CoVaR of
gold and crude oil over time for different regimes. The results
show that the volatility of both the VaR and CoVaR of crude oil is
greater than that of gold, which indicates that gold is safer than
crude oil.

These figures and tables illustrate that during tranquil
periods, the CoVaR values for gold and crude oil exceed their
respective VaR values. In contrast, during crisis periods, the
VaR values for both commodities surpass the CoVaR values.
However, it is essential to determine whether risk spillovers
between gold and crude oil occur under different regimes.
Table 9 presents the results of the risk spillover test, the
findings of which indicate an upside risk spillover between the
two in a tranquil regime, whereas a downside risk spillover
occurs in a crisis regime.

Analysis of the impact of the crisis. According to Tables 4-6,
there are two distinct dependence structures between gold and
crude oil. In the crisis regime, gold and oil are linked by a
Gaussian copula, whereas in the tranquil regime, they are con-
nected by a t copula. Switching between the different regimes
follows a Markov process. The variables connected by the
Gaussian copula are tail-independent, whereas those linked by the
t copula exhibit tail dependence. This finding indicates that this
switch involves not only changes in positive and negative
dependence structures but also variations in the degree of tail
dependence. According to tail dependence theory, diversifying
investments across the gold and crude oil markets can help
mitigate risk during crises.

As mentioned in Section “Results of MRS copula models®, the
occurrence of a crisis increases the probability of entering a crisis
regime. However, Fig. 4 shows that when a crisis occurs, the
probability of entering a crisis regime does not rise immediately
but, instead, gradually increases over time. This delay can be
attributed to the lagged impact of a crisis on financial markets.
Figure 4 also illustrates that the probability of entering a crisis

Table 4 Estimation results of MRS copula model (1).

Copula [ Dof Copula [ Dof AIC
Gaussian 0.0180 / Gaussian 0.4310*** / —25.2644
Gaussian —0.9020*** / t 0.1340** 6.5770** —46.6360
Gaussian —0.8640*** / Clayton 0.2050** / —29.5434
Gaussian 0.0070 / Gumbel 1.3160*** / —28.6813
Gaussian 0.0210 / S.Clayton 0.4800** / —19.2790
Gaussian 0.0210 / S.Gumbel 1.3780*** / —31.7086
t 0.0560 5.3760** Gaussian 0.2700* / —42.8318
t 0.4790* 11.6260 t —0.2230 27.4090 —39.6212
t 0.1610 2.2510* Clayton 0.0860 / —55.3029
t 0.1040* 5.7380** Gumbel 1.7010 / —39.9131
t 0.1870 2.4150 S.Clayton 0.0220 / —51.1208
t 0.1160 4.8180** S.Gumbel 1.0390** / —40.2318
Clayton 0.0590 / Gaussian 0.4340*** / —28.2992
Clayton 0.0860 / t 0.1610 2.2500** —55.3148
Clayton 0.0100 / Clayton 0.3260* / —17.7864
Clayton 0.2640* / Gumbel 1.0600*** / —25.1113
Clayton 0.2820* / S.Clayton 0.0940 / —21.5625
Clayton 0.1380* / S.Gumbel 1.7450 / —13.8046
Note: The parameters estimated by the model include @ and Dof, where @ is the correlation parameter and Dof is the degrees-of-freedom parameter. S.Clayton and S.Gumbel represent the survival
Clayton and survival Gumbel copulas, respectively. , and *** represent significance at 10%, 5%, and 1% levels, respectively.
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Table 5 Estimation results of MRS copula model (2).

Copula 0 Dof Copula 7] Dof AIC

Gumbel 1.3160*** / Gaussian 0.0070 —28.6745

Gumbel 1.0190*** / t 0.1830* 2.3820** —52.4577

Gumbel 1.7250*** / Clayton 0.0480 / —28.1946

Gumbel 1.3190*** / Gumbel 1.0180*** / —29.9712

Gumbel 1.3170*** / S.Clayton 0.0100 / —28.5471

Gumbel 1.3230*** / S.Gumbel 1.0320*** / —33.4207

S.Clayton 0.0220 / Gaussian 0.4300*** / —25.3873

S.Clayton 0.0220 / t 0.1870* 2.4140* —51.1339

S.Clayton 0.0930 / Clayton 0.2820* / —21.5556

S.Clayton 0.0100 / Gumbel 1.3170*** / —28.5540

S.Clayton 0.0100 / S.Clayton 0.4750** / —19.0137

S.Clayton 0.0300 / S.Gumbel 1.3770*** / —32.1248

S.Gumbel 1.3780™** / Gaussian 0.0210 / —31.7007

S.Gumbel 14010 / t 0.0470 7.1220** —46.9612

S.Gumbel 1.3880*** / Clayton 0.0570 / —34.3231

S.Gumbel 1.8950*** / Gumbel 1.0190*** / —29.6051

S.Gumbel 1.3770*** / S.Clayton 0.0300 / —32.1165

S.Gumbel 1.3910*** / S.Gumbel 1.0320*** / —36.0301

Note: *, **, and *** represent significance at 10%, 5%, and 1% levels, respectively.
which played crucial roles in stabilizing financial markets and

Table 6 Dependence based on the MRS copula. promoting global economic recovery.

After examining the impact of a crisis on the dependence

Regime < Regime T Ltd Utd between gold and crude oil, we further analyse its effect on the

Crisis —-0.715 Tranquil 0.085 0.044 0.044 risk spillovers between them by exploring these spillovers under

—— : different regimes.

Note: AL and AY represent the lower- and upper-tail coefficients, respectively. According to the results in Tables 7_8 and FlgS 5—6, the VaR
values are the same, whereas the CoVaR values are different in
different regimes. This finding indicates that a crisis does not

e affect the risk within gold and crude oil markets but affects the

L0 L0 risk spillover between them. The CoVaR values across different
regimes are further compared. Under a crisis regime, the CoVaR
values for gold and crude oil are lower than those observed under

08 08 4 tranquil regime. This finding indicates that when the regime
shifts from tranquil to crisis, the likelihood of risk spillover

06 o  diminishes, which is consistent with the view that gold and crude
oil can be regarded as safe assets.

We further analyse the risk spillovers between gold and crude

0.4 04  oil during crises. In the tranquil regime, there is an upwards risk
spillover between gold and crude oil; however, in a crisis regime,
the spillover shifts downwards. This pattern aligns with the

02 02 decline in financial market returns typically observed during
economic downturns.

The previous analysis shows that crises trigger regime switch-

0.0 00  ing, and these regime changes alter the dependence between gold
and crude oil, as well as risk spillovers. Therefore, it can be

/\\b\b cgée 5 § & § 5 § copcluded that crises influence both the dependence and risk
$ S r\?@ S r§7 N (é@ $ spillovers between gold and crude oil.

Fig. 4 Regime-switching probability. Note: When the economy is stable
and market conditions are steady, positive dependence between gold and
crude oil exists. Therefore, we refer to the regime where gold and oil exhibit
positive dependence as the tranquil regime, while the regime reflecting
negative dependence is termed the crisis regime.

regime does not continuously rise after a crisis occurs. This
outcome can be linked to the timely and proactive policies
implemented by governments to address crises, which help
stabilize market dynamics and support economic recovery. For
example, at the beginning of the COVID-19 pandemic, as the first
country affected by the pandemic, in China, the government
swiftly implemented management and economic support policies,

Conclusions

This work analyses the change in the dependence structure of
gold and crude oil during 2018-2023 using the Gaussian-t MRS
copula model and further discusses the risk spillover
between them.

The conclusions of this study are twofold. First, this work
examines the impact of crises on the dependence between gold
and crude oil. Between 2018 and 2023, two distinct regimes for
gold and crude oil are identified. During the tranquil regime,
there is a positive dependence between the two markets, whereas
during the crisis regime, this dependence becomes negative.
Crises also increase the likelihood of transitioning to a crisis
regime. Second, this study analyses the effect of crises on risk
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Table 7 VaR of gold under different regimes.

Tranquil regime

Mean SD Skewness Kurtosis Min. Median Max.
VaRY 0.0153 0.0034 1.6107 4.6372 0.0092 0.0148 0.0343
VaRd —0.0146 0.0035 —1.6838 5.4061 —0.0358 —0.0140 —0.0083
CoVaRY 0.0205 0.0046 1.6652 4.9419 0.0126 0.0199 0.0460
CoVaRd —0.0198 0.0046 —1.7210 5.5305 —0.0479 —0.0192 —0.0118

Crisis regime

Mean SD Skewness Kurtosis Min. Median Max.
VaRY 0.0153 0.0034 1.6107 4.6372 0.0092 0.0148 0.0343
VaRd —0.0146 0.0035 —1.6838 5.4061 —0.0358 —0.0140 —0.0083
CoVaRY —0.0090 0.0023 —1.5617 4.9480 —0.0231 —0.0086 —0.0045
CoVaRd 0.0097 0.0022 1.4577 3.8574 0.0056 0.0094 0.0219
Note: VaR¥ and VaR? represent upward and downward VaR, respectively. CoVaR! and CoVaR? represent upward and downward CoVaR, respectively (the same is true in the table below).

Table 8 VaR of crude oil under different regimes.

Tranquil regime

Mean SD Skewness Kurtosis Min. Median Max.
VaRY 0.0409 0.0183 31206 13.8638 0.0196 0.0370 0.1732
VaRd —0.0368 0.0175 —3.0545 12.6621 —0.1624 —0.0327 —0.0164
CoVaRY 0.0547 0.0246 3.1020 13.5443 0.0262 0.0493 0.2249
CoVaRd —0.0505 0.0237 —3.0524 12.6480 —0.2174 —0.0452 —0.0229
Crisis regime
Mean SD Skewness Kurtosis Min. Median Max.
VaRY 0.0409 0.0183 3.1206 13.8638 0.0196 0.0370 0.1732
VaRd —0.0368 0.0175 -3.0545 12.6621 —0.1624 —0.0327 —0.0164
CoVaRY —0.0222 0.0109 -3.0697 12.8694 —0.1043 —0.0196 —0.0095
CoVaRd 0.0264 0.0118 3171 14.7324 0.0126 0.0238 0.1186
a Tranquil regime b Crisis regime
006 ——— 00—
VaR.up VaR.up
CoVaR 0.03 — CoVaR
0.04 CoVaR.up CoVaR.up
0.02
0.02
0.01
0.00 0.00
—0.01
—0.02
—0.02
—0.04
—0.03
~0.06 —0.04
R A A A A A A

Fig. 5 VaR plots of gold under different regimes. Note: a The VaR of gold and the risk spillover of crude oil to gold under a tranquil regime. b The VaR of

gold and the risk spillover of crude oil to gold under a crisis regime.

spillovers between these two assets. Crises alter both the intensity
and the nature of risk spillovers when transitioning from a
tranquil regime to a crisis regime. Notably, as a tranquil regime
shifts to a crisis regime, the CoVaR value decreases, and the
direction of risk spillovers shifts from upwards to downwards.

In light of the above research, this work proposes the below
recommendations.

Concerning financial markets, given the frequency of crises
today, it is essential to enhance the research on the impact of crises
on financial markets. With the deepening of global economic
integration, financial markets have become increasingly sensitive to
crises. In the wake of these events, the connections between
financial markets have grown more complex. The findings of this
study can help fill the gaps in the existing theoretical framework.
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a Tranquil regime

b Crisis regime
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Fig. 6 VaR plots of crude oil under different regimes. Note: a The VaR of crude oil and the risk spillover of gold to crude oil under a tranquil regime. b The
VaR of crude oil and the risk spillover of gold to crude oil under a crisis regime.

Table 9 Spillover contribution test of CoVaR for gold and oil
returns.

Tranquil regime Crisis regime

Gold Crude oil Gold Crude oil
Ho:CoVaRV=VaRY [0.0000] [0.0102] [1.0000] [1.0000]
Ho:CoVaRd:VaRd [1.0000] [0.9958] [0.0000] [0.0000]

Note: p values are in square brackets, and the original hypothesis is accepted when p > 0.05.
“Gold" indicates the direction of risk spillover from the crude oil market to the gold market.
“Crude oil" indicates the direction of risk spillover from the gold market to the crude oil market.

In terms of methods and models, research has demonstrated
that the interdependence among financial markets is highly
complex, and traditional statistical methods, such as multivariate
time-series methods, cannot fully capture these dependency
structures. Thus, the development of more efficient and accurate
models remains both fascinating and challenging. The model
presented in this paper is an exploration of this endeavour.

Regarding policymakers and governments, crises disrupt the
economic environment and dampen market sentiment. However,
this work also demonstrates that active government intervention
can effectively stabilize market dynamics during crises. Therefore,
in the face of sudden crises, timely and active intervention by
governments and policymakers is crucial for stabilizing market
operations and supporting economic growth.

Regarding investors and practitioners, gold and crude oil have
traditionally been regarded as safe assets, offering protection by
reallocating investments to these markets during times of crisis.
However, this study highlights that crude oil, although considered
a safe haven, is more volatile than is gold. Additionally, the
internal risks within both markets during crisis periods are
greater than are those caused by spillovers, with the potential for
downside risk contagion. Investors and practitioners can use the
model presented in this study to better understand and manage
these risks, thus enabling more effective risk mitigation strategies.

The results of this work provide evidence of how crises affect
the dependence structure between gold and crude oil, as well as
risk spillovers. Nevertheless, importantly, the dependence struc-
ture between gold and crude oil is highly intricate. This paper is
limited by the models and data used and cannot fully capture the
entire dependence structure between these assets. However, this
limitation offers valuable insights for future research. In sub-
sequent studies, we aim to leverage a broader dataset and explore
more complex copula combinations.” Another potential research

direction is to consider a multiregime Markov process (with three
or more regimes) between gold and crude oil, which could more
accurately de(Pict changes in the dependency structure between
these assets."

Data availability
The datasets analysed during the current study are available in the
[https://cn.investing.com/].
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Notes

This period is characterized by a series of crises, such as the trade friction between

China and the US, the COVID-19 pandemic, and the Russia-Ukraine conflict.

The data analysis in this paper is conducted using R.

The relationship between these two copula functions is

Cuv)y=u+v—1+C(1—u,1—v).

In this paper, the values of a and 8 are set to 5%.

For further details on GARCH model variants, see Ali et al. (2013).

Compared with the Ljung-Box and ARCH-LM tests, Fisher and Gallagher (2012)

introduce the weighted versions of these tests, which offer a more accurate

representation of the statistical distribution of median values within the model
estimations.

Given space constraints, we do not report the marginal model selection process or the

estimation results of the other models. However, these details can be obtained from

the authors upon request.

Nasri et al. (2020) note that the AIC can be used to determine the optimal MRS

copula model.

Tiwari et al. (2020) employed a time-varying MRS copula to investigate the influence

of geopolitical risks on the relationship between gold and crude oil.

10 Zhou and Zhang (2022) examined the impact of Brazil, Russia, India, and China
(BRIC) and Canada, the European Union, Japan, and the US (G4) liquidity on real oil
prices using a single-state VaR model and a multistate VaR (MSVaR) model. The
results show that the latter provides a more nuanced description of how the liquidity
of the four BRIC countries affects actual oil prices. Chen et al. (2023) used the MRS
model to test the regime states of the series.
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