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A B S T R A C T

Pollution caused by environmental problems has aggravated the problem of resource scarcity, and 
the destruction of the ecological environment by mankind has shown serious consequences. 
Countries around the world are actively launching various carbon emission reduction and energy 
transformation policies to face this predicament. This paper investigates the risk spillover effects 
of China’s carbon trading market with China’s energy market and the U.S. energy market from 
the first quarter of 2018 to the first quarter of 2022. This paper uses the optimal ARMA-GARCH to 
fit the marginal distribution of each market and selects the optimal Copula function for the 
calculation of CoVaR to obtain more accurate risk measurement results. The results of this paper 
are as follows. First, there is a bidirectional risk spillover effect between each market in China and 
the U.S. At the same time, the risk spillover is time-varying, and the extreme return brings more 
risk. Second, the overall trend of risk spillover from China’s carbon market to the U.S.-China 
energy market has not increased significantly, but the risk of China’s energy market to China’s 
carbon market has increased significantly over time. Third, the risk spillover situation in China’s 
carbon trading market is not smooth. Compared to the energy market, it is also more prone to 
violent reactions in the face of risks. This paper provides policy recommendations to promote the 
coordinated development of energy and carbon markets.

1. Introduction

Environmental pollution is a serious challenge facing the world. The loss of global forest cover and desertification of land have put 
many countries at risk of extinction [1,2,3]. How to cope with the various harms caused by environmental pollution is an urgent issue 
for mankind. To address this problem, the Chinese government has not only improved its environmental policies, but also started to 
gradually establish local carbon markets through market forces since 2011. In 2017, the national carbon emissions trading market also 
began to be established and perfected. The formation of a trading market for carbon emissions as a resource is conducive to the rational 
allocation of resources and the reduction of resource wastage [4,5]. Moreover, the existence of a carbon market is different from direct 
policy intervention and is conducive to the formation of a virtuous circle in which development and the environment complement each 
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other [6]. Given the importance of the carbon market, it is essential to further explore the risk transfer mechanism.
In recent years, as the world’s largest energy-consuming market, China has played an increasingly critical role in shaping the global 

energy landscape. Due to its huge demand for energy resources, the energy consumption pattern in China directly influences global 
trends. Therefore, the restructuring of China’s energy market is crucial not only for its own sustainable development, but also for the 
broader global energy transition [7–9]. According to the BP World Energy Outlook 2023, it is expected that China’s energy market will 
be transformed towards a decarbonized consumption structure and further optimized and upgraded [10]. This transition involves 
large-scale investments in renewable energy technologies and green infrastructure to mitigate energy-related problems. Against this 
background, China has gradually established a variety of financial hedging instruments to cope with the risk of large fluctuations in 
energy prices [11]. Energy prices fluctuate frequently as global energy markets are affected by geopolitical events, supply chain 
disruptions or changes in demand [12,13]. These measures help to protect the energy market in China from such volatility. They also 
help stabilize the market and provide greater certainty for energy producers, distributors and consumers. However, the energy market 
in China still faces significant challenges. Many energy prices, particularly for coal and electricity, remain heavily influenced by 
government regulations, subsidies and state-owned enterprises. This limited marketization can distort energy prices, impede the 
efficient allocation of resources, and slow the transition to clean energy. In addition, the rapid expansion of China’s carbon market 
brings another layer of complexity to the energy market. Carbon markets have great potential to drive emissions reductions and 
facilitate the development of low-carbon technologies, but they also bring risks. The implementation of carbon pricing could lead to 
sudden changes in energy costs, affecting both industries and consumers [14].

The United States also faces significant risks. Due to the COVID-19, the U.S. energy market has been severely impacted by the 
willingness to consume, and there has been a significant decline in energy market demand [15,16,17]. This will severely limit the 
energy market sector’s ability to invest in the energy transition and its efforts to reduce expenditures in the search for a new balance of 
payments [18]. Also, against the backdrop of global demand threats, the major U.S. crude oil producing regions have begun to 
consciously reduce their production activities to avoid the stagnation that would result from overproduction. According to the U.S. 
Energy Information Administration, U.S. crude oil production in 2021 will average 11 million barrels per day, down from 12.2 million 
barrels per day in 2019. Meanwhile, frequent wars and unrest in the Middle East have led to instability in Middle East oil production. 
The U.S. domestic energy market will certainly be affected by price shocks. In addition to the wars in the Middle East, the 
Russia-Ukraine conflict has also blocked Russia’s channels for sending energy out of the country. This has led to a serious energy crisis 
in Europe, and energy prices have deviated significantly from market norms. This will also pose a serious threat to the U.S. energy 
market(Su et al., 2023; [19]). Therefore, under various extreme events, analyzing the two-way risk spillover of the carbon market to 
the US and China energy markets can provide important references for China’s future development and reform.

In the field of risk spillover effects, based on the consideration of portraying correlation, systematic risk, most of the studies use 
Granger causality test, Vector Autoregressive model, GARCH (Generalized Auto Regressive Conditional) model, Copula function, DY 
spillover index model [20,21,22,23]. Cointegration and Granger causality tests can only characterize the low-dimensional structure, 
which makes it difficult to explain the complexity of the risk spillover network structure. The GARCH-BEKK model can only identify 
the direction of risk spillover. The DY spillover index, which is currently the most widely used model, is based on the rolling window 
method, which leads to the loss of research samples and the fitting effect is not smooth enough for a small number of samples. This 
paper uses the ARMA-GARCH-Copula-CoVaR method. In the process, different markets choose the optimal function within the 
permitted range for fitting, which is conducive to improving the accuracy of risk measurement.

This paper explores the bidirectional risk spillover between the carbon trading market and the U.S.-China energy market from the 
first quarter of 2018 to the first quarter of 2022 based on the AMRA-GARCH-Copula-CoVaR methodology. The main innovations are as 
follows. First, most of studies examined the risk spillovers between China’s domestic carbon trading market and a single energy market 
[24,25]. The United States is considered as an important energy market in the world. Therefore, we analyze the bidirectional risks. 
Second, this paper uses the ARMA-GARCH-Copula-CoVaR method. In both applications of the model, this paper uses ARMA to fit the 
GARCH to the optimal order to form the marginal distribution function, and then fits a variety of Copula functions to find the Copula 
with the smallest value of BIC for CoVaR calculation. This can obtain more accurate risk measurement results. Third, this paper 
compares and analyzes whether there is a difference in the risk spillover of China’s carbon market to the two energy markets to 
promote the improvement of China’s carbon market.

2. Literature review

The global energy landscape is being transformed by a variety of factors, including technologies, environmental concerns and 
geopolitical dynamics. The development of the global energy market faces many opportunities and challenges. For example, the rapid 
development of renewable energy has led to a significant reduction in the cost of energy, with solar and wind energy becoming more 
competitive with traditional fossil fuels. Despite the rapid development of renewable energy, fossil fuels (coal, oil and natural gas) 
remain the main source of energy globally. The global supply chain for fossil fuels is subject to geopolitical risks, and many countries 
are striving to reduce their dependence on fossil fuels. For example, Europe is accelerating the replacement of Russian gas with 
alternative energy sources such as liquefied natural gas, hydrogen and renewable energy, while some oil-rich countries are investing in 
clean energy technologies to ensure long-term economic sustainability. Many scholars have conducted a lot of research on energy 
development and the factors that influence it [26–30]. And many scholars focused on the carbon and energy markets. The 
enhancement of resource allocation efficiency in the energy market by the carbon market have been receiving extensive attention. 
Chen et al. [31] found an internal co-movement pattern in the energy market using the co-movement matrix transmission network 
approach. This demonstrates that the carbon market is able to influence trading prices in the energy market. Andersson and Karpestam 
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(2021) validate the long run cointegration and show that the coal market is clearly affected by carbon market price fluctuations. Ren 
et al. [32] explore the effect of crude oil prices on carbon prices over time through quantile regression.

At the same time, risk spillover is also the focus of long-term attention of market investors and government managers. Santiago 
et al. [33] found that economic volatility in United States has a negative impact on economic activity in Latin America and the 
Caribbean. This urges countries to adopt countercyclical instruments to hedge against potential risks and mitigate the severe conse
quences of economic downturns. Balcilar et al. [34] focus on exploring the magnitude of volatility propagation and their mechanisms 
in the oil, financial market risk and oil sectors. They find that all shocks related to the oil market have significant risk transmission 
effects. Kumar [35] provides evidence that uncertainty variables can have a significant impact on tourism and leisure equities. 
Analyzing and controlling risks is a popular topic among scholars. Cao and Xie [36] analyze spillovers between carbon and clean 
energy markets under extreme events using quantile vector autoregression. In addition, other scholars have explored the dynamic 
correlations between electricity prices, fossil energy markets, renewable energy markets, non-ferrous metal markets and shipping 
energy markets [21,22,37–40].

In this paper, the ARMA-GARCH-Copula-CoVaR method is used for the optimal selection, and the optimal function within the 
allowed range of different market selection conditions is fitted to improve the accuracy of risk measurement. By exploring the rela
tionship between the U.S.-China energy market and China’s carbon market, this paper hopes to provide investors and government 
policy makers with a more accurate measure of risk spillover.

3. Methodology and data

3.1. ARMA-GARCH model

The markets examined in this paper are all financial markets, and the time series of financial markets often have significant 
characteristics such as high frequency, sharp peaks and thick tails, and volatility aggregation. Therefore, this paper uses ARMA-GARCH 
model to establish the marginal distribution function. At the same time, we choose the optimal order to fit the ARMA-GARCH model in 
the ARMA ordering process, so as to achieve a more accurate marginal distribution function within the allowable range. The GARCH 
(1,1) model has been proved to be a good measure of financial time series in many literatures, and there is no need for optimal order 
selection[41–44]. It is expressed as follows. 
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Equation (1) represents the logarithmic yield series of the market. Equation (2) represents the disturbance term in the GARCH model. 
Equation (3) is the expression of the GARCH(1,1) model. α1 + β1 represents the degree of volatility clustering in the time series. Larger 
values represent greater time series volatility persistence.

We employ the standardized skewed Student’s t (SST) distribution to represent the skewness and kurtosis characteristics separately. 
Let X ∼ SST(ξ, ν) be the SST distribution, and its probability density function is 
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where f(•|υ) in equation (4) is the PDF of the standardized Student’s (ST) distribution: 
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where Γ(x) in equation (5) is the gamma function and υ > 2 denotes the degree of freedom. The ratio of probability is equal to ξ2. ξ is 

the skewness parameter, w =

Γ

(

υ+1
2

)
̅̅̅̅̅̅̅
υ− 2

√

̅̅
π

√
Γ(υ/2)

(

ξ − 1
ξ

)

, and ϱ2 =

(

ξ2 + 1
ξ2 − 1

)

− w2.

3.2. Copula function

Copula function can measure nonlinear correlation, and it is less restrictive on the marginal distribution function. Moreover, it can 
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choose the appropriate marginal distribution function according to the characteristics of the time series, which can measure the tail 
risk more accurately [45,46,47]. The monotonic transformation of the marginal distribution function will not change the correlation of 
the Copula function and will not affect the results of CoVaR. In this paper, we take the optimum of each step in the construction to 
improve the CoVaR measurement. The specific expressions are as follows. 

F(x1, x2,⋯, xn)=C(F1(x1), F2(x2),⋯, Fn(xn)) (6) 

C(μ1, μ2,⋯, μn)= F
(
F− 1

1 (μ1), F− 1
2 (μ2),⋯, F− 1

n (μn)
)

(7) 

Where F1(x1), F2(x2),⋯, Fn(xn) in equation (6) represents the marginal distribution function for n variables and F− 1
1 (μ1), F− 1

2 (μ2),⋯,

F− 1
n (μn) equation (7) represents the marginal distribution inverse function for n variables.

3.3. Risk spillover model

Initially, risk was often measured using the VaR method, but it measures the maximum risk of a market or an asset with a certain 
probability. It has no way of measuring the impact of risk between markets. In order to accurately measure market-to-market risk 
spillovers, this paper adopts the CoVaR (conditional value-at-risk) approach. Since both extreme gains and extreme losses associated 
with upward and downward price fluctuations are risks, to obtain losses and gains under extreme risk conditions, downside and upside 
risk premiums are obtained by setting the CoVaR quartile at 5 % and 95 % To calculate CoVaR, we first calculate the VaR, which in 
finance is the maximum loss an asset over a specified period of time within a given confidence interval. The VaR value is useful for 
assessing market risk and is given in the following formula. 

P
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Equation (8) in which ri
t represents the time series of the market’s market’s return. We further derive the specific meaning of CoVaR 

through VaR. 
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The CoVaRji
βt in equations (9) and (10) represent the conditional value-at-risk of upside and downside risk spillovers. α and β 

typically take the value of 0.05, which represents at the 0.95 quantile level. Since this paper is a CoVaR calculation using Copula 
functions, we give the conditional value-at-risk of the downside and upside risk spillovers in the form of Copula functions. 
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Where uj and ui in equation (11) are the cumulative distribution functions of the returns of time series j and i, respectively. When 
P
(
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t ≪ VaRi
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)
= ui = α, we refer to Reboredo and Rivera[48] to derive a formula for the conditional insured value of the upside risk 

premium in equations (12) and (13). 
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3.4. Data sources

China’s carbon market is characterized by a short period of time since the establishment of the unified national market, a lack of 
market structure, and a lack of data availability. Therefore, this paper uses the daily data of the closing price of Hubei carbon market 
(HCM), which is the largest carbon trading market among China and is relatively well-developed. It has strong representativeness [49,
50].

In the area of energy, we consider the fact that oil is a strategically important energy and that the share of oil consumption has been 
on an upward trend [51]. To achieve the SDGs, China has been promoting the use of clean energy in recent years. The government is 
increasing its support for the clean energy market [52,53,54]. Therefore, we have chosen the daily closing prices of the Shanghai Crude 
Oil Futures (SCOF) and the China New Energy Index (CNEI) as a proxy for China’s energy market. Correspondingly, we chose daily 
data from the U.S. Oil Fund’s Crude Oil ETF (USO) and the NASDAQ Clean Green Energy(NCGE) closing price as a proxy for the U.S. 
energy market.

We selected data for the Shanghai crude oil futures contract, which has the shortest data length among the five markets, as the basis 
for the length. The specific time frame is data from April 2018 to April 2022. The source of Hubei carbon market data is the Hubei 
Carbon Emission Trading Center. The rest of the data are from Choice Financial Terminal.
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3.5. Data processing

After the data are organized by R software, we get the same-day comparable data of five markets, and the length of the data is 1098. 
Descriptive statistics are shown in Table 1. Next, we algorithmize the data of the five markets to obtain the logarithmic return series, 
and the length of the series is 1096. The formula is as follows: ri

t = ln(Pt) − ln (Pt− 1).
The existence of positive and negative logarithmic returns in each market indicates that essential to examine the upward and 

downward risk spillover. The kurtosis and skewness indicate that all five markets have sharp peaks, thick tails and left skewed dis
tributions, the ADF test is significant, so the log returns of all five markets are smooth time series, the Jarque-Bera test is significant, so 
the distribution of log returns of all five markets do not obey the normal distribution, and the Ljung-Box test is significant, so there is an 
autocorrelation among the series of all five markets. Finally, the results of ARCH effect test are also significant, and there is ARCH effect 
in all five markets.

4. Analysis of results

4.1. Marginal distribution model

The results in Table 1 demonstrate the existence of autocorrelation in all five markets. The larger (p, q) value of the ARMA (p, q) is 
selected according to the AIC, BIC minimization criteria, and the more widely used GARCH (1,1) model is chosen for the GARCH 
model. The computed optimal (p, q) value is (2,1), corresponding to a great likelihood estimate of 1632.46, an AIC value of − 3254.91, 
and a BIC value of − 3228.44. And we further fit marginal distributions to the five series. Table 2 presents the preliminary estimation 
results and Ljung-Box and ARCH tests for the Student-t distributions of the five-time series based on Eqs. (1)–(3). α + β values of less 
than 1 satisfy the coefficient constraints. Meanwhile, the Ljung-Box test and ARCH test are also insignificant.

4.2. Fitting copula functions

Before proceeding with CoVaR estimation, this paper estimates various copula models. Based on the AIC, we determine the optimal 
copula parameters for each payoff pair, and the corresponding parameter estimates are listed in Table 3. Among them, the Student t- 
Copula function has the smallest BIC value.

4.3. Analysis of VaR

In this paper, the dynamic VaR values for the five market categories are calculated by converting VaR to extreme losses at the 95 % 
confidence level. With the exception of the Chinese clean energy market and the U.S. clean energy market, where the trends in VaR are 
highly similar, the trends in VaR are quite different between the other markets. The Chinese crude oil market not only has the lowest 
extreme losses, but also has the weakest volatility. The carbon market has the highest extreme risk and the strongest volatility as a 
result of COVID-19 in early 2020.

Table 4 shows that China’s crude oil market has the smallest extreme loss and the carbon trading market has the largest extreme 
loss. The probability that the daily loss in China’s crude oil market exceeds 0.0761 % is 5 %. The carbon market has the smallest VaR of 
− 19.4464, which is the largest extreme loss among the five types of markets. The standard deviation of carbon market is still the 
largest. The carbon market has the highest extreme VaR and the highest volatility of risk. This may be due to the high price volatility 
and the relatively homogenous nature of the trading community.

4.4. The results of CoVaR estimation

We used 0.05 and 0.95 confidence intervals for the CoVaR calculations. The CoVaR calculated with the 0.05 confidence interval 
represents the downside risk spillover and the CoVaR calculated with the 0.95 confidence interval represents the upside risk spillover. 
For the risky scenario of the Chinese carbon market, we performed CoVaR estimates for the energy markets. Additionally, we have 

Table 1 
Descriptive statistics.

HCM SCOF USO CNEI NCGE

Min − 0.137 − 0.229 − 0.182 − 0.147 − 0.455
Max 0.187 0.242 0.135 0.082 0.136
Mean 0.005 0.002 0.003 0.002 0.001
Kurtosis 3.438 23.429 17.390 5.293 103.134
Skewness − 0.042 − 3.341 − 2.782 − 0.562 − 5.526
ADF − 40.474*** − 29.398*** − 35.732*** − 38.421*** − 26.372***
Jarque-Bera 635.325*** 1350.621*** 757.290*** 191.455*** 6287.380***
Ljung-Box 206.312*** 89.545*** 130.842*** 213.378*** 268.261***
ARCH 117.875*** 20.994*** 55.970*** 63.864*** 131.107***

Note: *** means rejection of the null hypothesis at the 1 % level.
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calculated CoVaR under a dangerous scenario for the US and Chinese energy markets.
The result shows the spillover from the HCM to the SCOF and CNEI. Both the upward and downward CoVaR change over time, and 

the risk changes according to the different external conditions. Moreover, the upside risk spillover from the HCM to the SCOF and CNEI 
is higher than the downside risk spillover. This implies that when extraordinary returns happen, the carbon market affects the Chinese 
energy market more. The overall trend of upside risk premium and downside risk premium is significantly higher in June 2019, 2021, 
and February 2022, which may the price of carbon trading market has been increasing in the past few years, but it is also due to the 
price of carbon trading market has been increasing. This could be brought on by the notable swings in the price of carbon at those 
times.

The upside risk spillover from SCOF and CNEI to HCM is greater than the downside risk spillover. Meanwhile, when the risk 
spillover from HCM to SCOF and CNEI increases significantly, the risk spillover from SCOF and CNEI to HCM does not change 
significantly. The degree of risk spillover shows an increasing trend, which indicates that the risk contagion of energy market to carbon 
trading market is increasing. The reason may be that the energy market is more mature and more risk resistant. The risk contagion does 
not increase significantly as the degree of market linkage increases. Finally, we find that the risk spillover is more drastic, with more 
frequent upward and downward fluctuations in the line.

Table 2 
Estimates for GARCH model’′

HCM SCOF USO CNEI NCGE

φ1 − 0.188*** − 0.229*** − 0.182*** − 0.147*** − 0.455***
(3.292) (3.779) (3.154) (2.853) (5.079)

φ2 − 0.060** 0.242** 0.135*** 0.082*** 0.136***
(2.026) (2.113) (2.970) (5.672) (3.007)

ω 0.005*** 0.002** 0.003** 0.002* 0.001
(3.243) (2.171) (2.249) (1.633) (0.531)

α 0.438*** 0.429*** 0.390*** 0.293*** 0.134***
(2.738) (2.652) (3.115) (3.470) (2.839)

β 0.860*** 0.780*** 0.779*** 0.817*** 0.905***
Lj (1) 0.497 [0.481] 1.290 [0.256] 0.156 [0.693] 0.836 [0.361] 0.679 [0.410]
Lj (5) 2.271 [0.883] 2.519 [0.769] 3.719 [0.130] 2.299 [0.872] 1.857 [0.979]
Lj (9) 7.062 [0.122] 3.848 [0.726] 7.133 [0.116] 5.166 [0.417] 7.731 [0.072]
Shape 4.325*** 4.621*** 4.290*** 4.455*** 4.380***
LLH − 2902.247 − 2818.685 − 2821.787 − 2814.289 − 2791.905
AIC 117.875*** 20.994*** 55.970*** 63.864*** 131.107***

Note: P values are reported in square brackets, and ***, ** and * indicate significance levels of 0.01, 0.05 and 0.1.

Table 3 
Fitting copula.

Statistics Clayton Rotated Gumbel Student t-Copula Frank Copula

HCM δ̂ 3.447 3.310 3.472 4.250
LLF 3631 4186 4300 3581
AIC − 7260 − 8370 − 8598 − 7160

SCOF δ̂ 1.492 1.743 2.026 2.329
LLF 1584 1834 1907 1528
AIC − 3166 − 3666 − 3812 − 3054

USO δ̂ 1.581 1.732 2.139 2.429
LLF 1691 1960 2115 1634
AIC − 3380 − 3918 − 4228 − 3266

CNEI δ̂ 1.566 1.783 2.120 2.410
LLF 1671 1931 2081 1616
AIC − 3340 − 3860 − 4160 − 3230

NCGE δ̂ 2.759 1.307 1.398 1.415
LLF 4290 1900 2061 2097
AIC − 3578 − 3798 − 4207 − 4192

Table 4 
Descriptive statistics of dynamic VaR.

SCOF CNEI USO NCGE HCM

Mean − 0.0761 − 2.6556 − 0.1034 − 2.8562 − 4.0176
Max − 0.0171 − 1.2407 0.1482 − 1.1734 − 2.0322
Min − 0.7683 − 5.6964 0.0796 − 7.2933 − 19.4464
Std 0.0069 0.9141 1.1280 1.1155 2.5799
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The U.S. energy market varies with external conditions, and the CoVaR is time-varying. Compared to the negative risk spillover, 
there is a greater positive risk spillover. The Chinese carbon market has a bigger effect on the US energy market when there are extreme 
returns. There is a significant increase in risk premiums around June 2019, 2021, and February 2022, which can be attributed to the 
sharp fluctuations in carbon market prices at the corresponding times. This can be attributed to the sharp price fluctuations in the 
carbon market at the corresponding times. The risk increases at the same time during this period. However, the contagion of risk 
spillover did not increase significantly in most of the time, and the market influence still needs to be improved.

There is no substantial change from the U.S. energy market to the Chinese carbon market. It shows a variable trend. Except for 
2020, when the risk increases significantly due to sharp stock price fluctuations, the risk contagion from the U.S. energy market to 
carbon market is small. Finally, the instability of risk spillover caused by market instability due to imperfections in carbon market is 
reflected in both the US and Chinese energy markets.

4.5. Diversified benefit analysis

To further explore the practical significance of volatility spillover, this paper uses the conditional diversification benefit (CDB) to 
measure the impact of China’s carbon trading market on portfolio returns. This method is based on the subadditivity of expected 
shortfall. 

ESq
t
(
ri)= − E

[
ri < F− 1

i (q)
]

(14) 

ESq
t (r

p) ≤
∑N

i=2
wiESq

t
(
ri) (15) 

Where F− 1
i (q) in equation (14) is the inverse function of the distribution function of portfolio i, and portfolio p in equation (15) is a 

combination of N portfolios with weight wi. The portfolio consists of carbon and commodities, and the conditional diversification 
benefit (CDB) is: 

CDBt(wt , q)=
wt ESq

t (ri) + (1 − wt)ESq
t (rg) − ESq

t (rP)

wt ESq
t (ri) + (1 − wt)ESq

t (rg) − VaRq
t (q)

(16) 

Where wt ESq
t
(
ri)+ (1 − wt)ESq

t (rg) in equation (16) can be regarded as the upper bound, the lower bound is VaRq
t (q), and the expected 

loss and subadditivity are combined to obtain the value of CDBt in the interval [0,1]. The higher the diversification of the portfolio, the 
higher the value. This indicator measures the degree of dispersion of the portfolio returns. The marginal distribution estimated above is 
a t-distribution, so the expected loss can be calculated as follows: 

ESq
t
(
ri)= − μi

t +
σi

t
q

h
(
H− 1(q)

)
(

v + H− 1(q)2

v − 1
(17) 

VaRq
t (q)= − μP

t + σP
t H− 1(q) (18) 

where h(.) and H(.) in equations (17) and (18) are the density function and distribution function of the t distribution with v degrees of 
freedom.

We construct a passive portfolio based on actual data. The weight of each asset is fixed at 0.5 and does not change over time. At the 
same time, we use the 5 % and 50 % quantiles to measure the dispersion of the portfolio’s returns.

The diversification benefits of a diversified portfolio are all greater than 0, which shows that adding carbon trading to a commodity 
portfolio can bring diversification benefits. However, compared with the diversification benefits of different quantiles, the diversifi
cation benefit of the 0.05 quantile is less than that of the median (See Table 5). This shows that in extreme cases, a portfolio that does 
not include carbon trading can generate greater diversification benefits. If the market has a greater downside risk, less carbon trading 
in the portfolio can reduce portfolio risk and obtain diversification benefits.

The diversification benefits of different portfolios also vary. Specifically, the diversification benefits are higher for crude oil and 
lower for clean energy commodities. This further lays the foundation for the practical significance of the risk spillover study. In markets 

Table 5 
Risk diversification of the portfolio.

Q-Value Mean Max Min

HCM ↔  SCOF 0.05 0.0396 0.2601 0.0162
0.5 0.1296 0.2986 0.0381

HCM ↔  CNEI 0.05 0.0775 0.2840 0.0160
0.5 0.1083 0.2426 0.0559

HCM ↔  USO 0.05 0.1956 0.4258 0.0837
0.5 0.2031 0.3292 0.1277

HCM ↔  NCGE 0.05 0.1070 0.3049 0.0219
0.5 0.1814 0.3560 0.0839
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with low correlation, the diversification benefits are greater, while in markets with high correlation, the diversification benefits are 
lower.

5. Discussion

Table 6 shows the average value of the risk premiums. On average, the upside risk of the Chinese carbon market to the Chinese 
energy market is greater than the downside risk. This implies that the risk impact of upward price movements is greater than the risk 
impact of downward oscillations. Chinese government should be more alert to the risks that may be induced by upward price volatility. 
On average, the upside risk is greater than the downside risk. This implies that investors should be more alert to the risks that may be 
induced by upward price swings in the other markets [55]. The upside risk from the Chinese energy market and the US energy market is 
on average greater than the downside risk. This implies that the risks associated with upward price fluctuations in the Chinese and U.S. 
energy markets are likely to be greater than the risks associated with downward price oscillations in both markets. This paper argues 
that managers should be more vigilant about the risks that may be induced by upward fluctuations in the market prices. Meanwhile, 
investors in the Chinese carbon market should be more alert to the investment risks that may be induced by the upward price fluc
tuations in the energy markets.

We further compare the risk spillover with the CoVaR results. There is a clear risk spillover when prices in China’s carbon market 
move upwards in large swings. This creates the potential for risk. The transmission of risk from the Chinese carbon market to the 
Chinese energy market is stronger than to the U.S. energy market. We also find that the contagion of risk from the Chinese carbon 
market to the US and Chinese energy markets is not stable. The contagion strength fluctuates over time, but the trend is similar. This 
suggests that the risk impacts on the energy markets of the two countries are homogeneous and homogeneous, even though China’s 
carbon market has extreme returns. This may be related to the clear trend of globalization of energy markets [56,57]. At the same time, 
we find that the risk transmission from the U.S. energy market to the carbon market is on average greater than the risk transmission 
from the Chinese energy market to the carbon market, both in the extreme gain scenario and in the extreme loss scenario. This suggests 
that the Chinese government can take more risk-control measures against risk spillovers as the energy market becomes more inter
nationalized and interconnected.

There are significant risk spillovers when the Chinese carbon trading market is in extreme loss. The risk contagion to the U.S. energy 
market is stronger than the contagion to the Chinese energy market. It is different from the stronger risk contagion to the Chinese 
energy market at extreme returns. Meanwhile, although the contagion strength to the U.S. and China’s energy markets fluctuates over 
time when China’s carbon market is at extreme losses, the trend is roughly the same. This suggests that the risk impacts on the energy 
markets of the two countries when the Chinese carbon market experiences extreme losses are also homogeneous and homogeneous.

6. Conclusions and recommendations

6.1. Conclusions

This paper focuses on the bidirectional risk spillover between China’s carbon market and the U.S.-China energy market and ex
plores the risk contagion relationship through ARMA-GARCH-Copula-CoVaR. The conclusions are as follows. First, there are obvious 
two-way risk spillovers between the Chinese carbon market and the Chinese energy market, and between the Chinese carbon market 
and the U.S. energy market. Second, the risk spillover is greater on the upside than on the downside. Risk contagion is stronger when 
extreme returns occur. Third, the general trend of risk spillover from the Chinese carbon market to the US and Chinese energy markets 
has not increased significantly over time, but the risk spillover from the Chinese carbon market has not been stable.

6.2. Recommendations

First, policymakers should consider the impact on the energy market when constructing mechanism, so as to facilitate the 
development of the carbon trading market in the transformation process of the energy market. A well-functioning carbon market can 
incentivize a shift in energy consumption and production towards low-carbon alternatives. For example, by incorporating a carbon 
pricing mechanism into the energy market, carbon emissions in energy production can be priced appropriately, thereby encouraging a 
shift from fossil fuels to renewable energy sources such as wind, solar and hydro. In turn, an increase in demand for low-carbon energy 
can support the growth of the carbon market by raising the overall price of carbon allowances, thereby enhancing the incentive for 
industry to reduce emissions. In addition, policymakers should ensure that carbon markets are closely linked to energy market policies. 
For example, governments can incentivize energy companies to innovate and adopt greener technologies through carbon pricing. And 
carbon trading mechanisms can reduce emissions by providing clear financial incentives for companies to reduce their carbon 
footprint.

Second, the Chinese government and carbon market managers should improve the risk response procedures. It is essential to 
control management and enhance the risk-resistant ability. In the risk prevention and control of carbon market, pay more attention to 
the market volatility of China’s energy market than that of the U.S. energy market is necessary, and to be more alert to the risks brought 
by China’s energy market. In addition, mechanisms to mitigate market volatility risk are necessary. This could include implementing 
price floors or ceilings to ensure that the market does not experience extreme price fluctuations that could destabilize the economy or 
discourage investment in clean technologies. Furthermore, governments could establish stabilization reserves, use a portion of carbon 
credits during market downturns, or set up contingency funds to buffer market shocks. In addition, policymakers should regularly 
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assess the health of the carbon market and adjust interventions according to current market dynamics.
Third, governments need to consider restructuring the existing energy market to meet the needs of environmental protection under 

sustainability context [58–63]. Government departments should also make greater efforts to promote the transformation and opti
mization of the energy market structure, vigorously develop clean energy with low carbon emissions, and vigorously support the new 
energy industry. Promoting a higher share of new energy sources in the energy market is important for optimization.
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