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Abstract: In this article, an R-vine copula model is proposed to detect the nonlinear inter-
relationships between the oil market and five Chinese new-energy-related stock markets
from 2017 to 2022, i.e., photovoltaic, new energy vehicles, energy storage, wind power, and
nuclear power industries. Firstly, the transmission of downward and upward risk spillover
effects (RSEs) is measured from the oil market to the five Chinese new-energy-related stock
markets. Subsequently, a CoVaR backtesting methodology is developed to demonstrate the
availability of the R-vine copula-CoVaR model. The empirical studies strongly show that
the oil market exhibits a significant asymmetric RSE on the five Chinese new-energy-related
stock markets. Furthermore, different Chinese new-energy-related stock markets have
varying responses to the positive and negative impacts of the oil market. Specifically, the
photovoltaic, energy storage, and wind power industries are more sensitive to such adverse
effects. However, the new energy vehicle and nuclear power industries are more likely to
be positively affected.
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1. Introduction
Today oil is still the principal source of energy worldwide. Among the total global

energy consumption, oil accounts for 30.95%, remaining the primary energy source globally.
The higher the demand for a certain commodity in the national economy, the more closely
the market for this commodity is related to the markets of other commodities [1]. Oil is
more strongly linked to other markets than ordinary commodities. Due to their scarcity,
necessity, and the corresponding futures regime, bulk commodities are at the center of
a network of market linkages [2]. Therefore, oil supply and demand changes are closely
linked to global economic developments.

Due to the fluctuations in international oil prices, more and more countries have begun
to attach importance to the issue of a stable energy supply. Due to the soaring oil prices and
the risks associated with oil imports, they have a more urgent need for alternative solutions
for energy transition. The emergence of new energy sources has enriched the range of
options for energy consumption, reducing pressure on energy demand while balancing
green and low-carbon development. Developing new energy sources is also conducive
to countries meeting their previously proposed carbon-neutral targets. According to the
International Energy Agency [3,4], global demand for renewable energy grew by about

Mathematics 2025, 13, 1934 https://doi.org/10.3390/math13121934

https://doi.org/10.3390/math13121934
https://doi.org/10.3390/math13121934
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/mathematics
https://www.mdpi.com
https://orcid.org/0000-0002-6963-5958
https://orcid.org/0000-0003-0521-5695
https://doi.org/10.3390/math13121934
https://www.mdpi.com/article/10.3390/math13121934?type=check_update&version=3


Mathematics 2025, 13, 1934 2 of 19

36% from 2015 to 2021. The renewable energy sector is expected to account for two-thirds
of global energy investment by 2040.

Behind the long-term rapid economic growth, the import share of China’s oil has
continued to rise, from 30.7% in 2001 to 72% in 2021, well above the international safety
alert of 50%. New energy has become an important component of China’s multi-wheel
drive energy supply system. In March 2021, China proposed to deepen the electricity
system reform by building a new electricity system dominated by new energy. Among
them, wind power, photovoltaic, and other new energy sources are leading in the power
supply structure. According to the published data by the China Electricity Council, the
weight of new energy generation in total power generation was on a year-on-year rise from
2017 to 2021. Over the past ten years, the Chinese-installed capacity generation for wind
and photovoltaic power has increased by approximately 12 times, reaching 348 million
kilowatts and 359 million kilowatts, respectively. It accounted for over 1/3 of the total
installed capacity generation for wind and photovoltaic power worldwide and ranked at
the top of the world for years. In 2021, sales in China accounted for around 60% of the
global sales of new energy vehicles.

In summary, the development of China’s new energy is comprehensive. Its overall
scale is at the forefront of the world. A correlation analysis for the oil prices and the stock
price of Chinese new energy industries is of great importance for the formulation of energy
reform policies in countries around the world, the operation of new energy companies and
energy-intensive companies, and investment in this new sector. Our study contributes to
the literature in the following directions.

Firstly, new energy includes a variety of non-conventional energy sources. Due to
various factors such as geographical location and climate change, countries have different
priorities for developing new energy. Existing studies mainly focused on the correlation
between traditional energy and the whole new energy industry, and the interactions within
the different new-energy-related industries have been neglected. Meanwhile, only a few
studied the flourishing Chinese new energy industries. We incorporate new-energy-related
industries into the R-vine copula-CoVaR model to portray the RSE of the oil market,
enriching the study of risk transmission between the traditional and new energy markets.
Our findings will provide additional relevant information for policymakers and investors.

Secondly, we extend the definition of ∆CoVaR(α|≤β)
i|j,t [5] to a multidimensional sce-

nario by combining vine copula and obtain ∆CoVaR(α|≤β)
i|j,j∗ ,t and %∆CoVaR(α|≤β)

i|j,j∗ ,t , which
is dimensionless. These new formulations are used to measure the relative magnitude
of risk spillovers and to facilitate comparisons of the strength of risk spillovers across
multiple markets. Finally, we further develop the CoVaR backtesting methodology [6] for
the multidimensional markets and use the proposed method to prove the availability of
the R-vine copula-CoVaR model.

This study finds, first, that a significant RSE exits from the oil market to the stock
markets in Chinese new-energy-related industries. There are differences in the intensity
of risk spillovers in different industries. Power generation industries, such as nuclear
power, and downstream industries, such as new energy vehicles, are more sensitive to large
fluctuations in oil prices. Second, there are asymmetries in the upward and downward
RSE. There are asymmetries in the upside and downside risks spillover effects. In addition,
various new energy industries have different sensitivities to positive and negative shocks
caused by oil price fluctuations. Chines new-energy-related industries are more sensitive
to adverse oil market shocks. By contrast, the new energy vehicle and nuclear power
industries are more sensitive to positive surges. Third, we verify the feasibility of calculating
the CoVaR based on the R-vine copula model through an extended backtesting method.



Mathematics 2025, 13, 1934 3 of 19

Existing research typically focuses on the industry gap between traditional energy
sources such as crude oil, coal, and natural gas and new energy sources. However, there
is little research on the correlation between different sub-industries in the new energy
industry. This article uses the R-vine copula model to study the interdependence between
the international crude oil futures market and the Chinese new-energy-related industry
stock market, and uses CoVaR to describe the risk spillover effects between the markets;
thus, our work further enriches related research.

Studying the interdependence and risk transmission mechanism between markets
is beneficial for producers and operators of new energy and high energy-consuming
enterprises, which can help them to be aware of the underlying extreme risk and try to
control those risks in a timely manner. Our research objective is to measure the risk spillover
effects of the international crude oil futures market on the stock markets of various related
industries in China’s new energy sector. The main contributions of this article are twofold:
(i) We incorporate new-energy-related industries into the R-vine copula CoVaR model
to depict the risk spillover effects of the oil market. (ii) We extend the delta-CoVaR to
multidimensional situations.

The remainder of this paper is structured as follows. An overview of the relevant stud-
ies is provided in Section 2. The research methods are presented in Section 3. In Section 4
we analyze the sample data and obtain the empirical results. In Section 5, we summarize
the results and gives some policy recommendations.

2. Literature Review
2.1. The Impact of Oil Price on Stock Price

Because large fluctuations in oil prices are always accompanied by changes in the
global situation and the shape of the economy, numerous scholars have studied the rela-
tionship between oil prices and the stock market. Kaneko and Lee (1995) [7] concluded that
there was some correlation between oil prices and stock prices. Jones and Kaul (1996) [8]
compared the volatility spillover relationship between WTI oil prices and stocks in the
USA, the UK, Japan, and Canada. They found that volatility spillover relationships were
prevalent, but their magnitude varied. The analysis of the oil prices’ impact on stock
markets in thirteen European countries and the US can be see in [9]. The study found a
significant negative correlation between oil prices and stock returns. Li et al. (2012) [10]
examined the oil prices’ impact on the Chinese stock market. They found that an increased
oil price had specific positive effects in the long run, which would drive the Chinese stock
market in a positive direction.

The quantile-to-quantile approach (Sim and Zhou, 2015) [11] captured the correlation
between the distribution of oil price shocks and US stock returns. The conclusion suggested
that the relationship between oil prices and the US stock market was asymmetrical. Chen
and Lv (2015) [12] found a positive correlation between the oil and Chinese stock markets.
Since the onset of the financial crisis in 2008, the correlation coefficient between the two
markets has increased to some extent. Bastianin et al. (2016) [13] explored the relationship
between oil and stock markets in terms of demand and supply, using a sample of data from
G7 member countries. The study results showed that oil on the demand side could have
a knock-on effect on the stock markets. Oil, on the supply side, however, did not have a
volatile effect on them. Bagchi (2017) [14] focused on the impact of oil price volatility on
the stock markets of China, Russia, India, and Brazil BRICs. He found that the volatility of
oil prices had an asymmetric effect on the stock markets of these four countries.

Studies about the contagion of Chinese stock market oil prices by examining the
difference between extreme positive and negative returns can be seen in [15]; they found
that the contagion between oil prices and the stock sector was not negligible and weak.
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Liu et al. (2017) [16] explored the average and volatility spillovers between the oil market
and the stock market using a VAR-GARCH model, concluding that the oil market had a
one-way average spillover effect on the Chinese stock market. In addition, the relationship
showed a gradual strengthening trend. For more research results about quantile regression
model combining GARCH and Copula, please refer to Tian et al. (2022) [17] and references
therein; details are omitted here.

2.2. The Impact of Oil Price on the New Energy Stock Market

As a significant power fuel and chemical raw material, oil plays a vital role in eco-
nomic development. Nevertheless, most major countries have vigorously developed new
energy industries to eliminate the two significant problems of resource constraint and
environmental pollution. Many scholars discussed the correlation between oil and new
energy. Henriques and Sadorsky (2008) [18] reached the conclusion through a VAR model
with four variables: the stock prices of renewable energy companies were affected by nine
technological stock price shocks, but their responses to oil price shocks were not sensitive.
Kumar et al. (2012) [19] integrated the carbon market into their study and found that oil
prices, share prices of technology companies, and interest rates played significant roles in
the stock prices of clean companies.

In addition, due to the substitution relationship, there was a positive relationship
between oil and clean energy returns. Managi and Okimoto (2013) [20], combined with
changes in market structure, detected a structural mutation point between November and
December 2007 by analyzing smoothed probabilities. Reboredo (2015) [21] investigated sys-
temic risk and dependence between renewable energy and oil markets. Ahmad (2017) [22]
proposed an approach to examine the dependence between the three variables of oil prices,
the clean energy stock index, and the technology stock index. The findings suggested a
strong spillover effect between clean energy and technology stocks but limited dependence
on oil prices. Oil may be a better hedge for clean energy stocks than technology stocks.

Reboredo and Ugolini (2018) [23] discussed the sensitivity of renewable energy stock
indices in the US and EU to price movements of different types of energy (oil, natural
gas, electricity, coal). The quantile regression results showed that changes in energy
prices played essential roles in renewable energy price volatility. Oil and electricity prices
were the main influences on the volatility of the US and EU new energy stock indices,
respectively. Uddin et al. (2019) [24] found that renewable energy (RE) stock returns were
positively correlated with changes in oil prices and the total stock index. This correlation
was asymmetric, which was higher at longer lags between quartiles.

2.3. Studies Related to Empirical Methodology

The issue of effectively monitoring and preventing financial risk is a common concern
to academics and stakeholders. In the 1960s, J.P. Morgan proposed the definition of value-at-
risk (VaR) to measure systemic risk, representing the maximum possible loss of a financial
asset in the next holding period. VaR can be utilized to prevent risk events in financial
markets. However, the method can only analyze individual financial markets and has
no way of portraying the spillover of financial risk between markets. The conditional
value-at-risk (CoVaR) [25] can be used to describe the extreme value-at-risk that another
financial market faces when a certain financial market is in an extreme risk situation.

Quantile regression-based CoVaR provides a valuable tool for measuring the magni-
tude and direction of linear risk spillovers between financial markets. Subsequently, it has
been mainly used to measure the systemic risk of the market (Drakos and Kouretas, 2015;
Petrella et al., 2019) [26,27]. Considering the complex and primarily nonlinear correlation
between random variables in finance, Girardi and Ergun (2013) [6] proposed a method
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to measure CoVaR based on a bivariate GARCH model with Engle’s (2002) [28] DCC
specification (DCC-GARCH). Trabelsi (2017) [29] utilized this approach to find a substantial
risk spillover from oil-producing countries’ oil markets to their stock markets. In recent
years, the CoVaR incorporating the Copula function, proposed by Mainik and Schaanning
(2014) [30], has been widely used since the gradual emphasis on the study of tail RSE
among financial markets. Mensi et al. (2017) [31] studied the extent to which oil prices
were dependent on various stock markets during different investment periods, as well as
the spillover risk effects in bear markets, bull markets, and normal market conditions.

To address the shortcomings of the aforementioned methods that fail to measure the
RSE among multidimensional markets effectively, Reboredo and Ugolini (2015) [32] further
integrated the vine copula model to portray the nonlinear tail dependence relationships
among multidimensional financial markets. The implied CoVaR discovered the impact
of European sovereign debt on the financial system. More studies related to empirical
methodology are omitted here.

3. Methodology
3.1. R-vine Copula Model

The Sklar theorem (Sklar, 1959) [33] connects the joint distribution function to the
copula as follows:

H(x1, x2, · · · , xn) = C(F1(x1), F2(x2), · · · , Fn(xn)),

where H(·, ·, . . . , ·) is an n-dimensional joint distribution function, and Fi(·), F2(·), · · · , Fn(·)
are the marginal distribution functions. To represent complex dependencies among multi-
variables, Bedford and Cooke (2001, 2002) [34,35] proposed the regular vine structure based
on graph theory.

An R-tree contains a set of tree structures, where each edge of each tree corre-
sponds to a corresponding pair-copula function [36,37]. An R-vine that embodies the
dependence relationship between dimensional variables contains n − 1 tree structures,
denoted as T1, T2 · · · , Tn−1. The node set of the tree Ti is Ni, and the edge set is Ei, where
i ∈ {1, 2, · · · , n − 1}. The node set of Ti is the edge set of Ti−1. If two edges in tree Ti are
connected by an edge in tree Ti+1, then these two edges have the same nodes in tree Ti. The
node set in the first tree is N1 = {1, 2, · · · , n}, and the edge set is E1. The joint probability
density function of the n-dimensional random variables x = (x1, x2, · · · , xn)T has the form

f (x1, x2, · · · , xn) =

(
n

∏
k=1

fk(xk)

)
×

n−1

∏
i=1

∏
e∈Ei

cj(e),k(e) |D(e)

(
F(xj(e) |xD(e)

), F(xk(e) |xD(e)
)
)

,

where Ei denotes the edge set. e = j(e), k(e)|D(e) is an edge in the Ei. cj(e),k(e) |D(e)
represents

the pair-copula function. j(e) and k(e) are the two conditional nodes connected to e. D(e)
denotes the set of conditions.

An R-vine structure is constructed to calculate the joint probability density function.
The maximum spanning tree algorithm is used to select the optimal R-vine structure with
the maximization of ∑ τj(e),k(e) |D(e)

[38,39]. The AIC criterion is employed to select pair-
copula functions. Some types of copula specifications [40], such as tail independence
(Gaussian copula), symmetric tail dependence (Student-t copula, Frank copula), and asym-
metric tail dependence (Gumbel copula, Clayton copula), can be used to capture various
dependency characteristics, which can be seen in Table 1.
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Table 1. Bivariate copula functions.

Names Copula Functions Parameters

Gaussian CGa(u, v; ρ) = Φ2(Φ−1(u), Φ−1(v); ρ) ρ ∈ [−1, 1]
Student-t CT(u, v; ρ, ν) = Tν(t−1

ν (u), t−1
ν (v); ρ, ν) ρ ∈ [−1, 1], ν ∈ [1,+∞)

Clayton CCl(u, v; δ) = (u−δ + v−δ − 1)−1/δ δ ∈ [0,+∞)

Gumbel CGu(u, v; δ) = exp
(
−[(−ln u)δ + (−ln v)δ]1/δ

)
δ ∈ [1,+∞)

Frank CFr(u, v; δ) = − 1
δ ln(1 + (exp(−δu)−1)(exp(−δv)−1)

exp(−δ)−1 ) δ ̸= 0

3.2. Vine Copula-CoVaR Model

VaR measures the maximum loss that the financial market may experience for a
given confidence level. However, the value-at-risk cannot portray the propagation and
spillover of financial risk between markets. Adrian and Brunnermei (2011) [25] defined the
conditional value-at-risk (CoVaR) as follows:

P
(

ri,t ≤ CoVaR(α|=β)
i|j,t |rj,t = VaRβ

j,t

)
= α. (1)

Obviously, CoVaR formally characterizes the RSE on the market i at moment t when
the market j is at the β-quantile at-risk-value, i.e., the risk spillover generated at the time
{rj,t = VaRβ

j,t}. To obtain CoVaR(α|=β)
i|j,t from Equation (1), we can utilize a copula to simplify

the above formula as

P
(

ri,t ≤ CoVaR(α|=β)
i|j,t |rj,t = VaRβ

j,t

)
=

∂C
(

Fi(CoVaR(α|=β)
i|j,t ), Fj(VaRβ

j,t)
)

∂Fj(VaRβ
j,t)

= α, (2)

where Fi and Fj are the marginal distribution functions of ri,t and rj,t, respectively. However,

the condition set for CoVaR(α|=β)
i|j,t in Equation (2) does not take into account the impact of

more extreme events.
Benoit et al. (2013) [41] modified CoVaR(i|=j)

α,t in Equation (2) and replaced the con-

dition set. The modified CoVaR is denoted as CoVaR(α|≤β)
i|j,t . Consequently, the modified

Equation (2) can be expressed as

P
(

ri,t ≤ CoVaR(α|≤β)
i|j,t |rj,t ≤ VaRβ

j,t

)
=

C
(

Fi(CoVaR(α|≤β)
i|j,t ), Fj(VaRβ

j,t)
)

Fj(VaRβ
j,t)

= α, (3)

where C(·, ·) is a copula function between ri,t and rj,t. Setting uj = P(rj,t ≤ VaRβ
j,t) =

Fj(VaRβ
j,t) and ui = P(ri,t ≤ CoVaR(α|≤β)

i|j,t ) = Fi(CoVaR(α|≤β)
i|j,t ), respectively, and taking α

and β as known, we obtain Fi(CoVaR(α|≤β)
i|j,t ) from Equation (3) and then obtain CoVaR(α|≤β)

i|j,t

as CoVaR(α|≤β)
1|2,3,··· ,n,t = F−1

1 (u1;t).

Based on the CoVaR(α|≤β)
i|j,t , Reboredo and Ugolini (2015) [32] employed vine copula

to investigate the application of CoVaR in a multidimensional case. In this multivariate
conditional setup, CoVaR(α|≤β)

i|j,j∗ ,t is given by

P
(

ri,t ≤ CoVaR(α|≤β)
i|j,t |rj,t ≤ VaRβ

j,t

)
=

C
(

Fi(CoVaR(α|≤β)
i|j,j∗ ,t ), Fj(VaRβ

j,j∗ ,t)
)

Fj(VaRβ
j,t)

= α, (4)

where j∗ can refer not only to a single market. Specifically, if market i is conditionally
related to market j through the connection of multiple markets, j∗ will represent multiple
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markets. For example, under the assumption that Market 2 is conditionally related to
Market 1 through the connection of n − 2 markets, CoVaR(α|≤β)

1|2,3,··· ,n,t can be obtained from
the vine copula using a four-step procedure:

Step 1: Set the value of β-quantile as the value of each unconditional node of the
first tree in the vine structure (e.g., α = β = 0.05). According to the vine structure and
pair-copula function, calculate the value of each node based on the function

ga|b(ua|ub) =
C(ua, ub)

ub
, (5)

where a and b both denote the adjacent conditional node in trees.
Step 2: Taking β∗ as u2|3,4,··· ,n;t calculated in step 1, we can obtain u1|3,4,··· ,n;t by inverting

C12;3,4,··· ,n(u1|3,4,··· ,n;t, u2|3,4,··· ,n;t) = αβ∗.

Step 3: Repeating the above process, we achieve u1|3,4,··· ,n−1;t, u1|3,4,··· ,n−2;t ,· · · ,
u1|3;t, u1;t in turn.

Step 4: From u1;t we can obtain CoVaR(α|≤β)
1|2,3,··· ,n,t as: CoVaR(α|≤β)

1|2,3,··· ,n,t = F−1
1 (u1;t).

To explore the effect of different ranges of condition sets on CoVaR, we also need
to calculate CoVaR(α|=β)

i|j,j∗ ,t . The differences in calculating CoVaR(α|≤β)
i|j,j∗ ,t are that Equation (5)

used in step 1 is replaced by the following Equation (6):

ha|b(ua|ub) =
∂C(ua, ub)

∂ub
, (6)

and in step 2 we obtain u1|3,4,··· ,n;t by inverting
∂C12;3,4,··· ,n(u1|3,··· ,n;t ,u2|3,4,··· ,n;t)

∂u2|3,4,··· ,n;t
= α, respectively.

To visualize the intensity of risk spillovers, Adrian and Brunnermei (2016) [42] introduced
the concept of ∆CoVaR(α|=β)

i|j,t , which can be defined as ∆CoVaR(α|=β)
i|j,t = CoVaR(α|=β)

i|j,t −

CoVaR(α|=0.5)
i|j,t . Based on ∆CoVaR(α|=β)

i|j,t , Abuzayed et al. (2021) [5] introduced ∆CoVaR(α|≤β)
i|j,t

as follows:
∆CoVaR(α|≤β)

i|j,t = CoVaR(α|≤β)
i|j,t − CoVaR(α|≤0.5)

i|j,t . (7)

We continue to extend ∆CoVaR(α|≤β)
i|j,t in Equation (7), based on R-vine copula, to

multi-dimensions. Specifically, ∆CoVaR(α|≤β)
i|j,j∗ ,t can be defined as follows:

∆CoVaR(α|≤β)
i|j,j∗ ,t = CoVaR(α|≤β)

i|j,j∗ ,t − CoVaR(α|≤βM)
i|j,j∗ ,t . (8)

When we calculate CoVaR(α|≤βM)
i|j,j∗ ,t in Equation (8), the value of β-quantile in step 1

above is set to 0.5. To compare the intensity of risk spillovers across markets and mea-
sure the relative magnitude of risk spillovers, a relative number %∆CoVaR(α|≤β)

i|j,j∗ ,t shall be
defined as

%∆CoVaR(α|≤β)
i|j,j∗ ,t =

CoVaR(α|≤β)
i|j,j∗ ,t − CoVaR(α|≤βM)

i|j,j∗ ,t

CoVaR(α|≤βM)
i|j,j∗ ,t

. (9)

3.3. Marginal Distribution Models

The GARCH model [43] extended the ARCH model by reducing the complexity of the
parameters and making the lag parameters more flexible, which is proposed as follows:
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
xt = µt + ϵt,
ϵt =

√
htet,

ht = ω +
m
∑

i=1
αiϵ

2
t−i +

s
∑

j=1
β jht−j,

where µt represents the conditional mean for xt under the known information xt−1, xt−2, · · · ;
{ht} is the conditional variance. ω > 0, 0 ≤ αi < 1, 0 ≤ β j < 1 and 0 ≤ ∑m

i=1 αi + ∑s
j=1 β j <

1. To allow for the skewness and kurtosis, we model the innovation et with the skewed
t-distribution [44], which has the following density:

f (et; ν, ζ) =


bc
(

1 + 1
ν−2 ((bet + a)/(1 − ζ))2

)−(ν+1)/2
, et < − a

b

bc
(

1 + 1
ν−2 ((bet + a)/(1 + ζ))2

)−(ν+1)/2
, et ≥ − a

b

where a = 4ζc((ν − 2)/(ν − 1)), b2 = 1 + 3ζ2 − a2, c = Γ((ν + 1)/2)/(Γ(ν/2)
√

π(ν − 2)).
To allow for asymmetric effects between positive and negative asset returns, Zakoian

(1994) [45] proposed the TGARCH model that combines threshold autoregression with the
GARCH model and takes into account the different effects of negative and positive shocks
on volatility. The TGARCH model is of the form

ht = ω +
m

∑
i=1

αiϵ
2
t−i +

s

∑
j=1

β jht−j +
r

∑
k=1

γkdt−kϵ2
t−k,

where r denotes the number of thresholds; dt−k is a dummy variable, dt−k = 1 if ϵt < 0 and
otherwise 0; γk represents the coefficient of asymmetric effect. A larger γk indicates more
significant leverage in the series of returns.

3.4. Backtesting the CoVaR(α|≤β)
i|j,j∗ ,t

Since CoVaR has been expanded into a multidimensional model, we need to develop
the CoVaR backtesting methodology (Girardi and Ergun, 2013) [6]. The corresponding test
is divided into two steps: First, the eligible data is selected from all samples as the test
set according to the conditional information set of CoVaR. The sample size in the test set
is T. Second, we count the number of data points in the test set that are smaller than the
CoVaR value, denoted as p = α; N follows a binomial distribution, i.e., N ∼ B(T, p). We
backtested the CoVaR(α|≤β)

i|j,j∗ ,t with hypothesis H0 : N
T = p vs. H1 : N

T ̸= p. The test statistic
is constructed as

LR = −2ln
[
(1 − p)T−N × pN

]
+ 2ln

[(
1 − N

T

)T−N
×
(

N
T

)N
]
∼ χ2(1). (10)

Given the significance level θ, H0 should be rejected if LR is larger than the criti-
cal value. Accordingly, we will prefer to use the adapted model if we cannot deny the
null hypothesis.

4. Empirical Results
4.1. Data

The Brent oil market launched by the Intercontinental Exchange (ICE) of the United
Kingdom is notable for its breadth and stability. In this empirical study, we considered the
daily futures price of Brent crude oil (Brent) to represent the oil market. The CSI New En-
ergy Index was selected to represent the Chinese new energy market, reflecting the overall
performance of listed companies in the new energy industry. The companies corresponding
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to the CSI New Energy Index constituents are divided into segmented industries according
to the Shenwan Industry Classification. Five of the most high-frequency industries, i.e.,
photovoltaic, energy storage, new energy vehicles, wind power, and nuclear power indus-
tries, were selected as typical new energy industries for subsequent research and analysis
from 1 January 2017 to 26 July 2022. The closing prices of the CSI PV Index (PV), the CSI
New Energy Vehicle Index (VEHICLES), the CSI Energy Storage Index (STORAGE), the CSI
Wind Power Index (WIND), and the CSI Nuclear Power Index (NUCLEAR) are denoted to
represent the above five industry stock markets. All the above data were obtained from
Wind Information Co., Ltd. (Shanghai, China). The data of Chinese new-energy-related
stock markets were converted to US dollar prices based on spot rates. After excluding non-
trading days, 1341 sets of valid data were retained. The long-term trends of the different
CSI Index price indices and the Brent oil price can be seen in Figure 1. Figure 2 plots the
returns, which are given as rt = ln(Pt)− ln(Pt−1), and Pt denotes the closing price of the
financial market.

Figure 1. The Brent oil price and different CSI Index price indices.

Table 2 reports the descriptive statistical results of these financial market returns, from
which it can be seen that, firstly, due to the arbitrage equilibrium, the means of financial
market returns are approximately zero. According to the standard deviation, the stock
market price indices of PV and energy storage rise sharply, with more effective means and
minor standard deviations. Oil prices fluctuate significantly. Only the Chinese nuclear
energy market returns have a negative mean, demonstrating that it has had more days
of decline and a more significant decline than an increase. Secondly, all financial markets
have negative skewness coefficients, with a significant left-hand bias, implying a greater
likelihood of significant price declines in each financial market. The kurtosis coefficients
for all financial markets are more prominent than 3, consistent with the properties of sharp
peaks. Thirdly, stock returns are not normal according to Jarque–Bera statistics. Because of
the left-skewed characteristics of the spikes, the skewed t-distribution is preferred to fit the
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marginal distribution of the series in the subsequent model fitting. Finally, Engle’s Lagrange
Multiplier (LM) test indicates that, at a 5% significance level, there is an autoregressive
conditional heteroskedasticity effect in the financial return sequence.

Figure 2. Returns of the different financial markets.

Table 2. Descriptive statistics of returns of stock markets and the oil market.

Statistic Brent PV VEHICLES STORAGE WIND NUCLEAR

Mean × 104 1.46 7.27 6.56 9.13 4.69 −1.01

S.D. × 102 2.68 2.03 2.13 2.07 2 1.44

Skewness −1.65 −0.14 −0.1 −0.08 −0.04 −0.84
Kurtosis 25.34 5.25 4.68 4.65 5.7 8.36

J-B 28,488.8 *** 287.1 *** 160.1 *** 153.5 *** 407.7 *** 1765.5 ***
[0.000] [0.000] [0.000] [0.000] [0.000] [0.000]

ARCH
223 *** 124 *** 98.3 *** 97.6 *** 143 *** 255 ***
[0.000] [0.000] [0.000] [0.000] [0.000] [0.000]

Notes: J-B denotes the Jarque–Bera statistics for the normality test. ARCH denotes Engle’s LM test for the ARCH
effect in financial returns up to the 24th order. *** means rejection of the null hypothesis at 1% significance level,
and p-values are in square brackets.

4.2. The Marginal Distributions

We chose the values of parameters in the ARMA model based on the principle of
maximizing the BIC values, and the optimal value for both parameters is 0. For the marginal
distribution of returns in the oil and stock markets, we initially employed the TGARCH
model with a skewed t-distribution to construct it, in order to eliminate heteroscedasticity
and the asymmetry of positive and negative disturbances. The estimation results show that
only the asymmetric effect term coefficient of Brent oil returns is significantly valid. Since
there is no short-selling mechanism in the Chinese stock market, the five stock markets’
leverage effect is insignificant. Therefore, the marginal distribution of the return series of
the Brent oil market is built on the TGARCH model with the skewed t-distribution. The
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marginal distributions of the returns of the five Chinese new-energy-related industry stock
markets are built on the GARCH model with the skewed t-distribution.

Table 3 presents the estimated values of the model parameters, the Ljung–Box test,
and ARCH tests, which are used to evaluate the adequacy of the model. The coefficient of
the asymmetric effect for the oil returns is significantly greater than zero, which indicates
that bearish news has more significant impacts on the oil market than good news. The
Ljung–Box test was applied to the standardized residuals of the TGARCH(1,1) model with
a skewed t-distribution. The results did not reject the H0 of the autocorrelation of lag 20 at
the 5% significance level. Engle’s LM test indicates that, at the 5% significance level, there
is no ARCH effect in any of the yield series. The estimated values of the parameters and
their standard deviations indicate that the TGARCH(1,1) model is appropriate. We also
verified the applicability of the skewed t-distribution model by testing the null hypothesis
(i.e., the standardized residuals are uniformly distributed (0, 1)). Therefore, we adopted the
well-known Kolmogorov–Smirnov test method, which compares the sample distribution of
standardized residuals with the theoretical distribution. The p-values listed in the last rows
of Table 3 indicate that, at the 5% significance level, the null hypothesis that the distribution
function is correctly set cannot be rejected. Therefore, the evidence provided by the adjusted
Pearson goodness-of-fit test indicates that there are no errors in the specification of these
marginal distribution models.

Table 3. Parameter estimates of TGARCH(1,1) model and GARCH(1,1) model with the skewed
t-distribution.

Brent PV VEHICLES STORAGE WIND NUCLEAR

mu × 103 0.312 0.642 0.763 0.819 * 0.163 −0.159
(0.492) (0.459) (0.519) (0.495) (0.457) (0.329)

Omega × 103 0.742 *** 0.003 0.005 0.004 0.005 0.005
(0.205) (0.004) (0.005) (0.004) (0.004) (0.004)

alpha1 0.104 *** 0.084 *** 0.062 ** 0.071 ** 0.083 *** 0.089 ***
(0.018) (0.021) (0.017) (0.019) (0.018) (0.019)

beta1 0.893 *** 0.915 *** 0.932 *** 0.923 *** 0.912 *** 0.889 ***
(0.018) (0.022) (0.02) (0.022) (0.019) (0.022)

eta11 0.496 *** - - - - -(0.138)
skew 0.809 *** 0.942 *** 1.000 *** 0.966 *** 0.926 *** 0.828 ***

(0.03) (0.037) (0.037) (0.038) (0.035) (0.033)
shape 4.161 *** 5.944 *** 5.825 *** 6.964 *** 5.212 *** 5.364 ***

(0.494) (0.975) (0.981) (1.338) (0.753) (0.775)
ρ 1 *** 0.160 *** 0.139 *** 0.144 *** 0.123 *** 0.157 ***

[0.000] [0.000] [0.000] [0.000] [0.000] [0.000]
Lj 25.037 3.456 6.059 * 7.045 3.223 6.314 *

[0.200] [0.330] [0.087] [0.195] [0.368] [0.076]
ARCH 2.197 1.26 4.152 5.73 3.148 1.453

[0.676] [0.868] [0.325] [0.160] [0.486] [0.831]
GoF 23.98 39.91 43.25 39.61 41.64 41.82

[0.972] [0.430] [0.295] [0.443] [0.357] [0.349]

K-S
0.013 0.015 0.015 0.022 0.012 0.013
[0.969] [0.933] [0.918] [0.511] [0.992] [0.983]

Notes: ρ is the Pearson correlation coefficient. Lj denotes the Ljung–Box test on standardized residuals with lag 20.
ARCH is Engle’s LM test for the ARCH effect in residuals up to the 7th order. GoF denotes the adjusted Pearson
goodness-of-fit test for the skewed t-distribution. K-S denotes the Kolmogorov–Smirnov tests. *, **, and *** mean
rejection of the null hypothesis at 10%, 5%, and 1% significance levels. The values in square brackets and round
brackets are p-values and estimated standard errors respectively.

4.3. Estimation and Selection of the Copulas

We estimate three vine copula models, R-vine, C-vine, and D-vine, respectively, in
this section. The optimal R-vine and C-vine structures were selected using the maximum
spanning tree algorithm. The node order of D-vine was chosen with the repetitive nearest
neighbor algorithm [46] to improve the fitting effect. The optimal pair-copula function for
each edge was selected according to the AIC. Table 4 shows the evaluation of the three
vine structures. The R-vine structure performs the best, followed by C-vine and D-vine.
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Furthermore, the Vuong test [47] was applied to the three vine structures in pairs, and the
results are shown in Table 5. The p-values for these tests indicate that R-vine and C-vine
are more suitable than D-vine. Napoles (2010) [48] pointed out that R-vine has a diverse
and more flexible dependency structure. We utilized the R-vine structure to construct the
subsequent model due to the smaller AIC and BIC values.

Table 4. The evaluation of the three vine structures.

R-vine C-vine D-vine

logLik 4601.66 4575.3 4572.2
AIC −9161.32 −9104.6 −9098.39
BIC −9052.08 −8984.98 −8978.77

Table 5. Vuong test for three vine structures.

Model 1: R-vine Model 1: R-vine Model 1: C-vine
Model 2: C-vine Model 2: D-vine Model 2: D-vine

v-statistic 1.457 42.302 *** 41.937 ***
p-value 0.145 0 0

Notes: The null hypothesis H0 : E[ln c1(ui |θ̂1)

c2(ui |θ̂2)
] = 0,ui ∈ [0, 1]. ∀i = 1, 2, · · · , n. v =

√
n[ 1

n ∑n
i=1 mi ]√

1
n ∑n

i=1(mi−m̄)2
. Limiting

distribution of v is a standard normal distribution. If v > Φ−1(1 − α
2 ) at the significance level α, model 1 will

be chosen. If v < Φ−1(1 − α
2 ) at the significance level α, model 2 will be chosen. *** means rejection of the null

hypothesis at 1% significance level.

Figure 3 illustrates the tree’s structure at each level of the constructed R-vine copula
model. We conducted the goodness-of-fit test by combining the PIT with the ECP [49]
to verify the validity of the model. The p-value is 0.855. This indicates that at the 5%
significance level, the null hypothesis that the distribution function is correctly set cannot
be rejected, thereby demonstrating that the model is valid. Nodes 1, 2, 3, 4, 5, and 6
correspond to the Brent oil market, the stock market of the Chinese photovoltaic industry,
the Chinese new energy vehicle industry, the Chinese energy storage industry, the Chinese
wind power industry, and the Chinese nuclear power industry, respectively.

Table 6 shows the parameter estimates of each pair copula in the R-vine copula. The
optimal copula functions between stock markets in the Chinese new-energy-related in-
dustry are all Student-t copula functions. The dependence of the upper and lower tails
between each financial market can be better captured. The upper- and lower-tail depen-
dence between stock markets in the Chinese new-energy-related industry is symmetric and
has a strong positive correlation. The Brent oil market is correlated with the Chinese PV
stock market and the energy storage stock market in China through the Clayton copula. It
indicates that the Brent oil market has an asymmetric dependence on both stock markets,
with a stronger lower-tail dependence than upper-tail dependence. In addition, there
is a weak positive correlation between the markets, suggesting a greater probability of
simultaneous declines in the market indices.

The copula functions between the Brent oil market and with stock markets of the
Chinese energy storage and wind power industries are Gaussian copula, indicating no tail
dependence of these two markets. There is also a weak negative correlation because the
correlation coefficients are negative. The Brent oil market is connected to the stock market
of the Chinese new energy vehicle industry through the Gumbel copula, indicating an
asymmetric dependence on the stock market with a stronger up-tail dependence. There is a
weak positive correlation, suggesting that the indices are more likely a simultaneous rise.
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Figure 3. Interdependent structure of financial markets.

Table 6. Parameter estimates of R-vine copula model.

Edge Cop Par Par2 Kendall Tau

1,2 Clayton
0.15 ***

- 0.07(0.03)

4,3 Student 0.94 *** 5.65 *** 0.77(0.00) (0.99)

2,4 Student 0.93 *** 8.00 *** 0.75(0.00) (2.21)

5,2 Student 0.82 *** 4.76 *** 0.61(0.01) (0.78)

6,5 Student 0.80 *** 4.68 *** 0.59(0.01) (0.79)

4,1;2 Gaussian −0.03 - −0.02(0.03)

2,3;4 Student −0.48 *** 11.17 *** −0.32(0.02) (3.88)

5,4;2 Clayton 0.38 *** - 0.16(0.04)

6,2;5 Student 0.23 *** 3.73 *** 0.15(0.03) (0.47)

3,1;4,2 Gumbel 1.02 *** - 0.01(0.01)

5,3;2,4 Clayton 0.11 *** - 0.05(0.03)

6,4;5,2 Clayton 0.16 *** - 0.07(0.04)

5,1;3,4,2 Gaussian −0.02 - −0.01(0.03)

6,3;5,2,4 Frank 1.79 *** - 0.19(0.17)

6,1;5,3,4,2 Clayton
0.09 ***

- 0.04(0.03)
Note: *** means rejection of the null hypothesis at 1% significance level and estimated standard errors are in
round brackets.
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4.4. Risk Spillovers from Oil to Five NE Stock Markets

Based on the R-vine copula model, according to the method described in Section 3.2,
we calculated CoVaR(α|=β)

i|j,j∗ ,t ,CoVaR(α|≤β)
i|j,j∗ ,t ,and %∆CoVaR(α|≤β)

i|j,j∗ ,t to measure the RSE of the
Brent oil market on the Chinese new energy industry stock markets. Figure 4 illustrates the
variations of VaR and CoVaR for the five stock markets at a 95% confidence level.

Figure 4. VaR and CoVaR. Notes: In each subfigure, the black and green lines stand for the VaRs of
each stock market. The blue lines stand for the downward risk spillovers. This red line represents the
upward RSE of the Brent crude oil market on the Chinese NE stock markets.

In view of Figure 4, it is clear that information spillover from the surge and crash in
the Brent oil market has exacerbated the risk exposure of the Chinese new-energy-related
stock markets. The steady downward revision of oil production from 2017 to 2018 was
influenced by political factors such as US sanctions against Iran and natural factors such as
increased pressure on US Gulf Coast refining due to frequent hurricanes. At the same time,
oil prices had steadily risen as the global economy returned to recovery, increasing the RSE
on Chinese new-energy-related stock markets, particularly in midstream and downstream
manufacturing industries such as new energy vehicles. Around 2018, US energy companies
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broke records in oil production from oil rigs and shale basins. Surging supply and concerns
about shrinking demand continued to weigh on oil prices. Meanwhile, the downward risk
value of the Chinese new-energy-related stock markets has gradually increased along with
the rising trade friction between the US and China.

In early 2020, Saudi Arabia started an oil price war by cutting prices and increasing
production. Oil prices in the international market plummeted for a time due to the COVID-
19, the world recession, and the imbalance between oil supply and demand, and the
spillover effect of oil on new energy stock markets increased. After April 2020, oil demand
picked up as more and more countries resumed work and production while preventing
and controlling the outbreak. In addition, the supply side of the oil market is tightening.
Oil prices rise slowly, with the spillover effect diminishing.

Global gas and coal prices rose sharply in 2021, forcing many power generators to
switch from gas to oil and diesel. Oil-producing countries could not meet market demand
even after increasing production, fueling a spike in oil prices in October of that year. The
spillover effect had increased significantly, with the impacts on the wind, nuclear, and
photovoltaic power generation industries becoming more pronounced. In the first half of
2022, oil prices continued to rise and break new highs, supported by factors such as supply
risk concerns arising from the Russia–Ukraine situation, with increased RSE.

Table 7 shows the mean values of CoVaR and the results of the tests for RSE. It can be
observed that the Brent oil market has a significant RSE on the Chinese new energy stock
markets, and the positive and negative spillover effects of this risk are asymmetric. The
extreme upward risk in the Brent oil market is shown as a positive sign by investors in the
new energy industry that demand for energy in the manufacturing sector is rising between
now and sometime in the future and that the market will be in a state that supplies less
than demand. This expectation is conducive to driving increased upward risk in the new
energy industry. China is re-planning to develop the nuclear power sector, vulnerable to
more volatile market influences from other new energy industries. The rapid rise in oil
prices has forced more consumers to opt for new energy vehicles, and as a result, stocks in
the new energy vehicle industry have risen sharply. The average value of %∆CoVaRU,α|≤β

i|j,j∗ ,t
for both industries is more significant than 100%.

In the last two decades, oil prices have been strongly reflected in many international
events, such as geopolitical conflicts and financial crises. Fluctuations in energy prices have
further influenced regional and even international situations. Investors see the extreme
downward risk in the Brent oil market as a warning of instability or recession. Investors
are concerned about the reduced demand for energy in the manufacturing sector, and the
corresponding stock markets are facing enormous structural selling pressure. Consequently,
there is a significant increase in the negative spillover effect from the oil market to the stock
markets of new energy, especially new energy generation industries such as nuclear and
wind power.

In order to examine the impact of changes in the set of conditions, comparing
CoVaRα|=β

i|j,j∗ ,t and CoVaRα|≤β

i|j,j∗ ,t in Table 7, it can be found that the absolute value of the mean

of each CoVaRα|≤β

i|j,j∗ ,t is more significant than CoVaRα|=β

i|j,j∗ ,t, indicating that the occurrence of
more extreme events in the oil market has increased the risk to the Chinese new-energy-
related stock markets. We use the Kolmogorov–Smirnov test to verify the upward and
downward RSE, which compares the CoVaR and VaR. These p-values indicate that the null
hypothesis can be rejected at a 1% significance level, thereby proving the existence of a
two-way spillover effect of risks from the oil market to the Chinese new-energy-related
stock markets.

Comparing the mean of %∆CoVaRα|≤β

i|j,j∗ ,t, we find significant differences, which in-
dicates that the upward and downward RSE may be asymmetrical. Furthermore, we
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performed Wilcoxon signed-rank tests on the %∆CoVaRα|≤β

i|j,j∗ ,t. The results show that for the
tests of new energy vehicles and the nuclear energy industry, the p-values indicate that the
null hypothesis can be rejected at a 1% significance level, which means that the spillover
effect of downward risks is significantly higher than that of upward risks. The Wilcoxon
signed-rank test results for the new energy vehicle and nuclear energy industries indicate
the opposite situation. This implies that the upward RSE of the oil market on these two
stock markets is significantly greater than the downward RSE.

Table 7. Results of RSE and significance test.

PV VEHICLES STORAGE WIND NUCLEAR

CoVaRD,α|=β

i|j,j∗ ,t

Mean −0.041 −0.041 −0.044 −0.046 −0.037
K-S 0.456 *** 0.543 *** 0.493 *** 0.281 *** 0.168 ***
p-value 0 0 0 0 0

CoVaRD,α|≤β

i|j,j∗ ,t

Mean −0.048 −0.065 −0.069 −0.081 −0.072
K-S 0.388 *** 0.303 *** 0.304 *** 0.207 *** 0.133 ***
p-value 0 0 0 0 0

CoVaRU,α|=β

i|j,j∗ ,t

Mean 0.033 0.043 0.044 0.045 0.028
K-S 0.532 *** 0.532 *** 0.502 *** 0.278 *** 0.186 ***
p-value 0 0 0 0 0

CoVaRU,α|≤β

i|j,j∗ ,t

Mean 0.033 0.056 0.067 0.072 0.094
K-S 0.530 *** 0.349 *** 0.306 *** 0.207 *** 0.133 ***
p-value 0 0 0 0 0

%∆CoVaRα|≤β

i|j,j∗ ,t

downward 36.23% 76.56% 72.17% 91.90% 117.35%
upward 1.38% 114.05% 66.00% 72.91% 142.18%
Wilcox 899,811 *** 0 899,811 *** 899,811 *** 0
p-value 0 1 0 0 1

Note: K-S denotes the Kolmogorov–Smirnov test that is used to test for upward and downward spillover effects.
The null hypothesis for the test of downward RSE is H0 : CoVaRD ≥ VaRD . The null hypothesis for the test
of upward RSE is H0 : CoVaRU ≤ VaRU . Wilcox denotes the Wilcoxon signed-rank test that is used to test for
asymmetric spillover effects, in which the null hypothesis is H0 : %∆CoVaRD ≤ %∆CoVaRU . *** means rejection
of the null hypothesis at 1% significance level.

4.5. CoVaR Backtesting Results

The backtesting approach mainly includes two steps. Firstly, based on the condition
information set, we selected the data that meets the conditions from all the samples and
used it as the test sample with a size of T. Secondly, let N represent the number of events
where the loss exceeds CoVaR in the test samples, which is the total number of days with
a log return rate lower than CoVaR, then one has N ∼ Beta(T, p). The null hypothesis is
H0 : N/T = p vs. the alternative hypothesis H1 : N/T ̸= p. Then the likelihood ratio test
statistic is constructed as

LR = −2 ln
[
(1 − p)T−N × pN

]
+ 2n ln

[(
1 − N

T

)T−N
×
(

N
T

)N
]
∼ χ2(1).

The risk assessment of the model performs well if the null hypothesis cannot be rejected.
We backtested the CoVaR for the conditional coverage properties. The data that meets

the condition set of %∆CoVaRD,α|≤β

i|j,j∗ ,t , was selected as the test sample. The LR test statistic
was calculated according to Equation (10). The test results are shown in Table 8.

The p-values of Table 8 indicate that, at the 5% significance level, H0 cannot be rejected.
Therefore, the R-vine copula-CoVaR model effectively measures risk spillovers between
multidimensional markets by considering the transmission of risk information across
multiple markets.
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Table 8. Test statistics and p-values for CoVaR conditional coverage properties.

CoVaRD,α|≤β
i|j,j∗ ,t

LR
p-ValueStatistics

PV|Brent −0.048 0.795 0.373
VEHICLES|Brent −0.065 1.362 0.243
STORAGE|Brent −0.069 0.94 0.332
WIND|Brent −0.081 0.94 0.332
NUCLEAR|Brent −0.072 1.362 0.243

5. Conclusions
In order to measure the RSE of the oil on the Chinese new-energy-related stock markets,

we select the daily closing prices of the Brent oil market, the CSI PV Index, the CSI New
Energy Vehicle Index, the CSI Energy Storage Index, the CSI Wind Power Index, and the CSI
Nuclear Power Index for the period from January 1, 2017, to July 26, 2022, as the research
subjects. First, an R-vine copula model is proposed to detect the nonlinear interdependence
between the oil market and the five Chinese new-energy-related stock markets. Second,
following Reboredo and Ugolini (2015) [32], we calculate the CoVaRα|=β

i|j,j∗ ,t, CoVaRα|≤β

i|j,j∗ ,t, and

%∆CoVaRα|≤β

i|j,j∗ ,t to measure the upward and downward RSE. Finally, we develop the CoVaR
backtesting methodology [6] for the R-vine copula-CoVaR model.

The empirical studies conclude as follows. Firstly, the oil market has a significant RSE
on Chinese new-energy-related stock markets. There are differences in the intensity of risk
spillovers in different industries. The power generation industry, such as nuclear power,
and the downstream industry, such as new energy vehicles, are more sensitive to large
fluctuations in oil prices.

Secondly, there is an asymmetry in the upward and downward RSE. Furthermore,
different Chinese new-energy-related stock markets have different performances due to
the positive and negative impacts of the oil market. The photovoltaic, energy storage, and
wind power industries are more sensitive to adverse impacts in the Brent oil market. The
new energy vehicle and nuclear power industries are more sensitive to positive impacts.

Thirdly, through CoVaR backtesting, the R-vine copula-CoVaR model can be con-
sidered an adequate measure of risk spillovers between multidimensional markets by
considering the transmission of risk information across multiple markets.

Finally, based on these findings, we provide important implications for international
capital holders and supervisory authorities optimizing investment portfolios and formulat-
ing supervision policy. For policymakers, they should pay attention to the tail risk caused
by the sharp fluctuations in international oil prices and formulate relevant policies to deal
with the spillover effect of the sharp fluctuations in oil prices on the share prices of the new
energy industry and further avoid the impact on the capital market as a whole. Based on
the information that RSE and strong correlations among new-energy-related industries,
relevant enterprises should actively cooperate to reduce the impact of oil price fluctuations
on themselves so that the new energy industry can achieve synergistic development.
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