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Abstract: To ascertain the impact of climate change on risk spillovers in energy markets, the
vector autoregressive (VAR) model and the impulse response function (IRF) were utilized
to analyze risk spillover effects in China’s energy markets between 2007 and 2023. The
findings indicated that the risk spillover from climate change in China’s energy markets
is characterized by asymmetric and time-varying characteristics. A substantial degree of
heterogeneity exists among distinct energy markets. Climate physical risk has a detrimental
effect on risk spillovers in energy markets, while transition risk has a positive impact on
risk spillover in fuel, LPG, and natural gas markets, and a negative effect on risk spillover
in alcohol, gasoline, and diesel markets.

Keywords: climate change; Chinese energy market; risk spillover effects; VAR model;
impulse response function (IRF); asymmetric dynamics; transition risk; physical risk

1. Introduction

In the twenty-first century, the frequency of extreme weather events has posed a
direct threat to the survival of the human environment and has also had an unprecedented
impact on the stability of the global economic system, particularly the energy market [1].
A substantial corpus of research has demonstrated that climate change has become one
of the most pressing challenges confronting the global community. Climate change has
far-reaching implications for risk spillovers in energy markets. Risk spillover is defined as
the transmission of risk from one market to other institutions or markets through related
operations or inter-market linkages. Extreme climate change affects energy supply and
demand and energy market transformations, which in turn affects energy market risk
spillovers [2]. On the one hand, the increased frequency of extreme weather events has
led to a rise in energy demand, which in turn has triggered an imbalance between energy
supply and demand as well as large fluctuations in energy prices [3]. On the other hand,
persistent climate change has prompted governments to implement stringent emission
reduction policies and to promote the energy transition, which in turn has affected risk
spillovers in energy markets [4]. Consequently, a comprehensive examination of the
interplay between climate change and its repercussions on the energy market is imperative
to ensure its stability.

As the world’s largest energy consumer and carbon emitter, China has a highly
sophisticated and complex energy market. In recent years, the frequency and intensity
of extreme weather events in China have significantly increased, further exacerbating the
risk of spillover effects within the energy market [5,6]. Moreover, China’s energy market
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volatility exerts a substantial influence on the domestic economy, as well as on the global
energy market through international trade and financial channels [7]. Therefore, this
paper focuses on the impact of climate change on risk spillovers in China’s energy markets,
identifying how different types of risks (physical and transition risks) affect market stability.

We used the vector autoregressive (VAR) model and impulse response function (IRF)
to analyze risk spillover effects in China’s energy markets between 2007 and 2023 and
found that the risk spillover from climate change of China’s energy markets is asymmetric
and time-varying. Clear heterogeneity exists between various energy markets: alcohol,
gasoline, and diesel markets play the role of net spillovers, fuel and LPG markets play the
role of spillover recipients, with risk spillover fluctuating between —20% and 25%. Risks
posed by climate change can be categorized into physical and transition risks. Physical risk
negatively impacts risk spillover in energy markets, but the impact of transition risk shows
a different result. Transition risk positively impacts risk spillover in fuel, LPG, and natural
gas markets, and negatively impacts risk spillover in alcohol, gasoline, and diesel markets.

This paper makes a significant contribution to the extant literature in several ways.
Firstly, it explores the impact of climate change on risk spillovers in energy markets in
terms of both physical risk and transition risk dimensions. This expands the perspective of
existing studies that focus on transition risk. For example, Liu, Z. et al. analyzed the impact
of climate policy uncertainty on risk spillovers between energy markets. In contrast, this
paper further complements the physical risk dimension [4]. Secondly, this paper utilizes
extensive energy market data encompassing various sectors, including fuel, alcohol, LPG,
natural gas, petrol, and diesel, thereby expanding the scope beyond the limitations of
previous studies that predominantly focused on oil and gas markets [8]. The objective is to
furnish a scientific foundation and decision support for the formulation of climate-proofing
policies for the energy market.

The remainder of this paper is organized as follows. Section 2 describes the literature
review on the relationship between climate change and the energy market, and risk spillover
effects in energy markets. Section 3 delineates data, variables, and methods. Section 4
reports the empirical results. Section 5 concludes the paper.

2. Literature Review

A substantial body of research has demonstrated the impact of climate change on
risk spillovers in energy markets [9]. To analyze the impact of climate change on the risk
spillover effect of energy markets in depth, the following discussion will be carried out
at two levels. Firstly, existing studies and relevant theories on the relationship between
climate change and energy markets and their mechanism of action will be systematically
summarized and analyzed. Secondly, the methodology of measuring the risk spillover effect
of energy markets from the perspective of climate change influencing the risk spillover
effect of energy markets will be analyzed.

2.1. Climate Change and Energy Markets

In recent years, the increase in extreme weather events has brought the issue of climate
change in energy markets to the forefront of growing academic attention. It is widely
recognized in academia that the physical and transition risks associated with climate
change pose a dual threat to the stability of energy markets. The term “physical risk” is
used to denote the direct impact of extreme weather events on the energy market, while
“transition risk” refers to the consequences of human actions aimed at addressing climate
change. These actions may include the implementation of climate policies, technological
upgrades, shifts in public sentiment, and disruptive innovations in business models [10].
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Physical risk has been shown to exert a significant influence on the energy supply
balance. From the supply-side perspective, physical risks, including natural disasters and
extreme weather events such as droughts, heavy rains, and floods, have the potential to
damage energy infrastructure, thereby affecting energy production and transportation,
and thus energy prices and market stability. Furthermore, climate change may also affect
energy supply through impacts on hydroelectric power generation (due to declining water
levels resulting from increased evaporation from rivers and lakes) and renewable energy
output (due to changes in wind speeds affecting the efficiency of wind power generation
and changes in precipitation patterns affecting solar power generation) [11]. From the
demand-side perspective, shifts in temperature and an escalation in the frequency and in-
tensity of extreme weather events have the potential to disrupt established energy demand
patterns [12]. For instance, high-temperature heat waves may lead to an increased demand
for electricity, while cold snaps may result in a heightened demand for heating energy.
These changes may consequently exert an influence on prices and the equilibrium between
supply and demand within energy markets. In the long term, frequent extreme weather
events may compel energy companies to reassess their production strategies in favor of
investing in more resilient infrastructure, thus affecting the stability of energy supply and
cost structure. A substantial body of research has demonstrated a considerable correlation
between energy market volatility and climate change, with the latter posing a challenge to
the stability of energy markets [13,14].

Transition risk exerts its influence on energy markets principally through policy effects,
namely a series of policy measures formulated and implemented by governments to achieve
the objectives of reducing greenhouse gas emissions, enhancing energy efficiency, and
promoting the development of renewable energy sources [15]. These policies impact the
energy market in terms of energy prices, energy supply and demand, energy investment,
market structure, and technological innovation. Specifically, China has implemented
policies such as the carbon tax and the carbon emissions trading system, which have
increased the cost of fossil energy and thus affected energy prices. Furthermore, China
has promoted a clean energy strategy, which has led to a decline in the demand for some
traditional energy sources and a rise in the demand for clean energy. China has promoted
an energy transition policy, which has led to an increase in investment in research and
development of clean energy, and a significant increase in the supply of clean energy. China
has proposed a carbon-neutral target for carbon peaks, which has led to a transformation
of the energy mix and has significantly increased the supply of clean energy. These have
contributed to the transformation of the energy mix, leading to an increase in the share of
renewable energy sources such as wind and solar in the energy mix. Furthermore, China has
encouraged energy-intensive industries to invest in energy-efficient technologies, leading to
enhanced energy efficiency and optimized energy utilization [16,17]. In summary, policies
drive energy markets. However, uncertainty surrounding the precise design of policies and
their implementation may lead to increased concerns among market participants regarding
the direction and cost of the market. Investors in energy markets are more sensitive to
information about climate policies, which contributes to heightened uncertainty and risk
spillover in energy markets [18,19].

Furthermore, it is evident that physical and transition risks do not operate in isolation
within the energy market. Rather, they interact with each other, contributing to a dynamic
and evolving risk landscape. In the event of transition risk being disregarded and inad-
equate policy measures being implemented to address climate change, there will be an
increased likelihood of facing physical risk. Conversely, if radical transition measures are
taken without considering the current state of industry development, higher transition risk
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will be triggered in the short term. In summary, physical and transition risks interact in
energy markets and together affect the stability of energy markets.

2.2. Risk Spillover Effects in Energy Markets

The energy market risk spillover effect is described as the process by which the
risk of one market is transferred to another, thereby affecting the stability of the entire
energy system [20]. In the context of globalization and the rapid development of financial
markets, the increasing interdependence between energy markets has led to an increasingly
significant risk spillover effect. In addressing this imperative, the academic community has
devised an array of methodologies to investigate this phenomenon, encompassing vector
autoregressive (VAR) models, generalized autoregressive conditional heteroskedasticity
(GARCH) models, Copula methods and spillover index methods [21].

The utilization of VAR models, which possess the capacity to analyze the dynamic
relationships between multiple time-series variables, can facilitate a more profound compre-
hension of the impacts of policy changes and external shocks on the energy market [22,23].
He Zhifang and Zhong Miaoqing examined the dynamic relationship between climate
policy uncertainty, global energy prices, and stock prices through VAR models and found
that the spillover effects of climate policy uncertainty on energy prices and stock prices
have obvious time-varying characteristics [24]. Nonetheless, the majority of extant research
in this area explores risk spillovers between energy markets from a single dimension only,
thereby failing to fully integrate synergistic research on physical and transition risks.

GARCH models capture the volatility aggregation and conditional heteroskedasticity
of time-series data, which helps to predict market volatility more accurately. Liu, Z. et al.
utilized a GARCH model to analyze the impact of climate policy uncertainty on extreme
risk spillover in the energy market [4]. Chai et al. utilized the DCC-GARCH model and the
LSTAR model to analyze the time-varying linkages between the North American crude
oil and natural gas markets, thereby providing insights into the nonlinear volatility char-
acteristics of the trend-directed correlations between the two markets [25]. Qian et al.
have investigated the intricate interdependency structure and risk spillovers among in-
ternational markets by employing a range of models, including GARCH, EGARCH, and
GJR-GARCH [25]. However, GARCH models present a challenge in analyzing the inter-
dependencies among multiple time series simultaneously, thereby hindering the effective
analysis of complex relationships among multiple energy markets.

The Copula approach has been extensively employed to model the dependence struc-
ture between markets, owing to its efficacy in handling nonlinear relationships and tail
dependence. Chen Di et al. utilized the EVT-Copula-CoVaR model to quantify the risk
spillover effects of the oil market on the Chinese carbon market, while the DCC-GARCH
model was employed to capture the time-varying correlation of market fluctuations [26,27].
Diebold and Yilmaz proposed the spillover index method, which provides a direct measure
to quantify the volatility spillover between markets [28]. Qingjun Zhang and Yanming Yang
analyzed the risk spillover from carbon-intensive industries to the banking sector based on
the DY index [29]. Nonetheless, the COVAR method prioritizes the examination of direct
risk spillovers and places less emphasis on indirect risk spillover effects. This method-
ological approach may not always guarantee the requisite precision when confronted with
nonlinear relationships. Furthermore, scholars have utilized Granger causal networks
and dynamic network analysis to identify intricate relationships and risk propagation
pathways between markets. Aiying Zhang et al. utilized nonlinear Granger causality to
provide an in-depth analysis of the dynamic characteristics of China’s energy price and
stock market [30].
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In summary, the utilization of VAR models in the analysis of climate change’s impact
on risk spillovers within energy markets offers three distinct advantages. Primarily, VAR
models possess the capability to discern the dynamic interactions among multiple time
series, rendering them well suited for the examination of the intricate relationship between
climate change and energy markets. Secondly, the impact of climate change on the energy
market is time-varying, particularly during extreme events (e.g., the New Crown epidemic,
and the Russian—-Ukrainian conflict). In such cases, the risk spillover effect is significantly
enhanced, and the VAR model is capable of capturing this time-varying feature. Finally,
the incorporation of multiple variables (e.g., various energy markets) into the VAR model
facilitates simultaneous analysis, thereby enabling a comprehensive exploration of market
interactions. In view of this, the present study adopts the VAR model combined with
rolling windows to analyze the risk spillover effects in the energy market in order to reveal
the trend of the risk spillover effects in different time periods. Through the utilization
of impulse response analysis, the impact of climate change (physical risk and transition
risk) on risk spillover in the energy market is explored in depth to reveal the dynamic
transmission mechanism of climate change shocks and its characteristics over time. This
provides a deeper understanding of how climate change propagates among energy markets
and how climate change affects the stability of the energy market. Furthermore, it provides
new perspectives and tools for the analysis of energy market stability and offers a more
accurate perspective for relevant policy formulation and energy market risk management.

3. Data Description and Methodology
3.1. Data Description

Six representative energy prices of fuel (FM), alcohol (AM), liquefied petroleum gas
(LPGM), natural gas (NGM), gasoline (GM), and diesel (DM) are selected as energy market
metrics in China. We selected OPEC production cut data and WTI crude oil prices as our
exogenous variables. The sample data of energy variables are obtained from the CEIC
database. The OPEC production cut data are treated as a binary variable, where a value of
1 indicates the occurrence of an OPEC production cut in a given quarter, and a value of
0 indicates that no such cut occurred. The data were carefully compiled from the OPEC
Monthly Oil Market Report. Considering the policy background, changes in the market
environment, and data availability, the spot prices of the above six energy sources from
January 2007 to December 2023 were selected as the study sample (see Table 1 and Figure 1).
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Figure 1. Monthly energy market data.



Sustainability 2025, 17, 2126 6 of 20
Table 1. Descriptive statistics.
Variable Mean StaleaErd Minimum Median Maximum ADF
Deviation
Fuel market (FM) 3472.39 1004.48 1161.00 3455.00 5450.00 —15.035 ***
Alcohol market (AM) 8110.62 1184.54 5900.50 8142.42 11,027.90 —10.367 ***
LPG market (LPGM) 4811.68 1133.86 2710.00 4950.00 8230.00 —11.900 ***
Natural gas market (NGM) 3.13 0.33 2.37 3.17 3.79 —9.800 ***
Gasoline market (GM) 8787.44 1236.96 6350.00 8791.06 11,713.78 —10.325 ***
Diesel market (DM) 7433.81 1140.16 5451.00 7402.59 10,341.62 —10.624 ***
Physical risk (PR) 37.12 12.50 12.25 36.50 56.33 —8.062 ***
Transition risk (TR) 52.55 3.30 47.59 52.51 61.20 —8.062 ***
OPEC production cuts 0.456 0.502 1.00 0.00 0.00 —11.402 ***
WTI crude oil 72.776 22.182 123.85 27.793 73.455 —6.381 ***

Note: * p < 0.05 level; ** p < 0.01; ** p < 0.001.

Physical risk refers to the direct damage to economic activities caused by extreme
weather events and long-term climate trends resulting from climate change. Transition
risk, on the other hand, represents the economic and financial risks to markets arising from
factors such as changes in policy, technology, market sentiment, and consumer preferences
as societies transition to a low-carbon economy. To quantify these risks in China, we have
selected the climate risk index (CRI) and the Climate Change Performance Index (CCPI),
both published by Germanwatch, as metrics for climate physical risk (PR) and transition
risk (TR), respectively. The sample data for climate risk spans from 2007 to 2023, with all
data being annual.

As a region with high climate vulnerability, China is highly susceptible to the signifi-
cant impacts of climate change, and its climate physical risk index has been at a high level
for a long time. Similar to small island countries and low-lying areas such as Bangladesh
and the Philippines, which are more vulnerable to extreme weather events such as typhoons
and floods, the climate risk index has also remained high. Transition risk is influenced
by factors such as greenhouse gas emissions, the promotion of renewable energy, energy
consumption, and the effectiveness of climate policies. In contrast, the Nordic countries,
which are leaders in renewable energy utilization and climate policy implementation, have
relatively low transition risks. China, on the other hand, has been at a relatively high level
of transition risk due to its rapid industrialization, its energy structure still dominated by
traditional fossil energy sources, and the fact that it is still in a stage of perfection in the
promotion of renewable energy technologies and the implementation of climate policies.

Figure 2 provides information on the monthly volatility of six energy markets. Table 1
provides a descriptive statistical analysis of the data on China’s energy market and climate
risk indicators. The data in Table 1 demonstrates that, with regard to standard deviation,
the volatility of the gasoline market (GM) is the most significant, with its standard devi-
ation reaching 1236.96. This outcome aligns with market reality, given that gasoline, as
the predominant energy source for transportation, possesses a relatively rigid demand,
influenced by factors such as policy adjustments, international oil price fluctuations, and
seasonal variations. Consequently, the gasoline market’s volatility stands out. The mean
values for alcohol (AM), gasoline (GM), and diesel (DM) are notably higher compared
to those of other energy markets. This observation may be indicative of the heightened
sensitivity of these three markets to external shocks, which may be associated with the
pervasive utilization of these energy products in economic activities and the inflexible
demand characteristics. Additionally, a degree of variability is observed in the statistical
data between the variables in the table, which suggests that the selected variables can
more effectively represent the diverse market characteristics and the level of risk. The
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presence of such variability further validates the rationale behind the variable selection
and establishes a robust foundation for the subsequent in-depth analysis. This discrepancy
serves to reinforce the rationale behind variable selection, thereby establishing a robust
foundation for the subsequent in-depth analysis.
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Figure 2. Trends in price volatility.

The missing data are supplemented by the sample interpolation method, mainly be-
cause the energy market data involved in this study have certain nonlinear characteristics,
and the sample interpolation method can better approximate these complex data relation-
ships and provide more accurate estimates of the missing values. The effectiveness of this
approach lies in its ability to reduce analytical bias due to missing data while preserving
data smoothness and continuity, a crucial consideration in the study of dynamic relation-
ships, such as those between climate change and its impact on the energy market. The
spline interpolation method is notable for its numerical stability and convergence, which
aid in avoiding the overfitting phenomenon and ensure the reliability of research outcomes.

This study employs the spline interpolation method for interpolation. To further
evaluate the method’s potential for data distortion and its impact on results. Setting 20% as
the proportion of simulated missing data, the Mean Absolute Error (MAE) was calculated
to be 44.3772, and the Relative Error was about 0.72%, which is significantly less than 1%.
These findings demonstrate that the interpolation method does not distort the results.

To evaluate the smoothness of the data, we conducted the Augmented Dickey-Fuller
(ADF) and Kwiatkowski-Phillips—Schmidt-Shin (KPSS) tests. The KPSS results showed
that we could not reject the null hypothesis for all variables, confirming that the data were
indeed smooth. The results of the ADF test indicated that we could reject the hypothesis of
a unit root at the 1-percent significance level, further supporting the conclusion that the
series was smooth (see Table 1).
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3.2. Methodology

In this paper, the vector autoregressive (VAR) modeling framework is utilized and
based on the generalized forecast error variance decomposition (FEVD) method to measure
the linkages between energy markets.

The VAR model, in its smooth VAR (p) form with N-dimensional variables, is expressed
in Equation (1). In order to ascertain the lag order p of the VAR model, the BIC information
criterion is employed as a judgmental basis for selecting the optimal p as the model’s final
lag order.

xe=Y b @ix_i+e, e ~N©O Y) 1)

x¢ (F=1,...,T) is a column vector of N dimensions, with ¢; representing the disturbance
vector. The AVR (p) model is represented in the form of a vector moving average (VMA),

as shown in Equation (2).
Xt = Zzl Ajgri 2)

Ajis an N x N-dimensional coefficient matrix, satisfying A; = ¢1A;_1 + ¢24;_» +
] @pAip, Ag = Inxn, Ai =0,if i <0,

The variance decomposition assesses the degree of influence of different variables on
stochastic shocks by analyzing the H-period forecast error of any endogenous variable in
the VAR (p) model and decomposing it into the contribution of stochastic shocks of each
variable within the model. The traditional orthogonal variance decomposition is able to deal
with the problem of inter-correlation of the stochastic disturbance terms of the endogenous
variables of the model over the same period, but its results are susceptible to the ordering of
the variables. In contrast, the generalized prediction error variance decomposition provides
more robust decomposition results by accounting for the correlation of random shocks
among variables based on the distributional properties of the random error terms in the
historical data.

0;;(H) contribution of the random shock, defined as the H-step forecast mean square
error of x; (i # j), is calculated as shown in Equation (3).

_ _ 2
03 12?:01 (egAhZej)
S (el AR Ale;)

0;j(H) = 3)

o;; represents the standard deviation of the error term of the ith equation in the VAR
model, and ¢; represents the N-dimensional column vector whose ith component is 1 and
the rest are 0. Due to the correlation between the components of the vector of random
perturbation terms in the generalized prediction error variance decomposition, it follows
that Y, 6;(H) # 1.

In this paper, the comparability of the variance decomposition results is enhanced by
standardizing the data across rows of the variance decomposition matrix. Concurrently,
cognizance of the directionality of the role effect conduction is imperative, as it engenders
an antithetical effect mechanism between each pair of variables. Consequently, SNU(H )
is used to represent the net effect of x; on x;, as delineated in Equations (4)-(6). In this
paper, the observed energy market is used as x;, and other energy markets are used as x;,
respectively, to test the net effect of the interaction between the energy markets [31].

6;(H)
Sij(H) = =y (4)
i) Y 6ii(H)

0,;(H
Sii(H) = i (H) (5)

ity 05i(H)
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s.(H) = S;j(H) - S;i(H) (6)

g
Sji(H) represents the mean of the effect of the influence of x; on variable x;, and gij (H)
represents the mean difference in the interaction effect between the variables. Given that
the distribution of the mean data is non-normal, it follows that traditional parametric tests
may not be applicable. Consequently, this study employed the one-sided Wilcoxon rank
sum test to ascertain statistical significance by comparing the rank order of the data [32].

4. Empirical Results and Analysis

4.1. Analysis of Risk Spillover Within Energy Markets
4.1.1. Static Analysis of Risk Spillover Within Energy Markets

The net spillover indices of the six energy markets are calculated to be 8.10%, 15.90%,
7.89%, 0.25%, 15.71%, and 15.83%. The static analysis of spillover effects reveals several
noteworthy results. Firstly, the average spillover from the energy market as a whole is
10.61%. These data indicate that, in addition to the variables themselves, 10.61% of the
extreme risk in the market is derived from the spillover effect between the energy markets.
Secondly, the alcohol market, the gasoline market, and the diesel market have high spillover
indices across the entire energy market, and there is a strong bi-directional volatility. It is
evident that these three markets exhibit reduced susceptibility to volatility spillovers from
other markets. Their own volatility spillovers to other markets exert a more substantial
impact on the net spillover. Thirdly, the natural gas market demonstrates the weakest risk
spillover and spillover effects, primarily due to natural gas’s status as the most prevalent
and relatively affordable energy source, which leads to a comparatively high level of price
stability, and a comparatively limited ability to pass on volatility. Fourthly, the fuel and
LPG markets both exhibit a net reception of spillovers from other markets, while being
more influenced by spillovers from these markets.

4.1.2. Dynamic Analysis of Risk Spillover Within Energy Markets

In order to accurately capture the dynamic of the risk spillover effect within the energy
market, this paper conducted a dynamic rolling spillover analysis of the sample data
using a rolling window of 24 months to dissect the time-varying characteristics of the
volatility spillover between the energy markets. The results of the analysis are shown in
Figures 3 and 4. As demonstrated in Figures 3 and 4, the overall volatility level of energy
markets is substantial, with a volatility range of —20% to 25%. This indicates that the total
volatility spillover in energy markets exhibits significant time-varying characteristics and
generally follows the law of gradual stabilization after sharp fluctuations.

-20

-2

Figure 3. Dynamic spillover of risks within energy markets.
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Figure 4. Dynamic spillover of risks within energy markets.

Specifically, the risk premium of each energy market is characterized by a clear asym-
metry. The risk premium of the fuel market exhibits significant fluctuations, ranging from
—20% to 10%, with the widest range of fluctuation. The spillover effect is predominantly
negative, indicating that the fuel market is a recipient of risk premiums. This phenomenon
is primarily attributable to the pivotal role of fuel in global energy consumption, its pro-
found sensitivity to international crude oil prices, and the potential for significant risk
spillovers in the fuel market in the event of supply disruptions or shifts in demand [33].

The risk spillover ranges for alcohol, gasoline, and diesel markets are —10% to 10%,
with analogous overall spillover trends. This phenomenon may be attributed to the fact
that gasoline and diesel are derived from analogous fuels and share common steps in
their production and refining processes. Conversely, alcohol is predominantly utilized as a
substitute or supplement for gasoline and diesel in transport fuels. The interplay between
supply and demand in the alcohol energy market exerts a significant influence on its prices
and market volatility, which tend to exhibit a concomitant pattern [34].

The risk premium volatility of the LPG market ranges from —20% to 10%, with a
wide range of fluctuations. This phenomenon can be attributed to the primary sourcing
of LPG from refinery by-products, resulting in a strong correlation between LPG prices
and international crude oil prices. Consequently, fluctuations in oil prices directly impact
LPG prices. In contrast, the natural gas market exhibits a risk spillover volatility range of
—10% to 20% and a frequent fluctuation range of between —10% and 10%, with a lower
frequency of fluctuations. This is primarily attributable to the substantial size of the natural
gas market, its relatively low price, and its relative stability.

It is evident that three distinct key points exist in the risk spillover across energy
markets. Firstly, circa 2010, all five energy markets—fuel (FM), natural gas (NGM), al-
cohol (AM), gasoline (GM), and diesel (DM)—exhibited extreme values for that period.
Specifically, the markets for fuel and natural gas exhibited remarkably high values, while
the remaining three markets, namely alcohol, gasoline, and diesel, demonstrated signifi-
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cantly lower values. This observation suggests that the markets for fuel and natural gas
experienced substantial risk spillovers during the observed period, while the markets for
alcohol, gasoline, and diesel were subject to considerable risk spillover. This phenomenon
may be attributed to the global economy’s recovery from the 2010 financial crisis and the
subsequent rise in demand for fuel and natural gas, driven by increased industrial activity
in China.

Secondly, around 2012, the energy markets once again exhibited the extremes of that
period. The three markets of fuel, LPG, and natural gas reached the extreme values of this
phase, and the three markets of alcohol, gasoline, and diesel reached the extreme values of
this phase. This indicates that the three markets of fuel, LPG, and natural gas exhibit large
risk spillover, while the three markets of alcohol, gasoline, and diesel are subject to large
risk spillover.

Thirdly, risk spillover across energy markets demonstrates sharp fluctuations between
2019 and 2020. The spillover effects in the fuel, LPG, gasoline, and diesel markets exhibit
a rapid rise from a minimum to a maximum, while the natural gas and alcohol markets
experience spillover effects that reach an extreme value and then rapidly decrease to a very
small value. This phenomenon can be attributed primarily to the substantial impact of the
COVID-19 outbreak on energy markets, which resulted in a notable shift in risk spillover
across various energy sectors. This observation underscores the existence of a discernible
correlation between energy markets. Subsequent to this, the energy markets have exhibited
a return to a median volatility level, indicative of the robust resilience of the energy markets
and the relative stability of the market [35].

4.2. Impulse Response of Physical Risk

This paper employs the technique of impulse response analysis in order to compre-
hensively assess the impact of climate change on energy market risk spillover. The impact
of climate change on energy market risk spillover has been classified into physical risk and
transition risk [36]. Consequently, this paper will analyze their impact on energy market
risk spillover from the perspectives of physical risk and transition risk.

The time-series characteristics of each variable and the data situation are taken into
account in the setting of the rolling window, which is set to 50. The horizontal axis indicates
the duration of the shock effect in quarters, and the vertical axis indicates the size of the
shock. The results of the impulse response analysis of physical risk to energy market risk
spillover are illustrated in Figure 5.

05—

Impulse Response

L 1 1 L 1 L 1 |
2008 2010 2012 2014 2016 2018 2020 2022
Date

Figure 5. Physical risk impulse response analysis.
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The findings reveal predominantly negative shocks, with shock values generally below
zero. The trend of the impact of physical risk on each energy market is relatively similar,
with all the sharp fluctuations gradually tending to be stable. By period 25, the volatility of
each energy market narrows, and the fluctuations in the later period are seasonal, which is
consistent with the basic law of energy demand and supply. This finding is consistent with
the conclusions of Gu et al., which further corroborates the association between physical
risk and risk spillover in energy markets [10].

The overall impact of physical risk on risk spillover in the energy market is predomi-
nantly negative, with shock values predominantly below zero. Specifically, the overall trend
of physical risk shocks to the three markets—gasoline, alcohol, and diesel—is similar, with
impulse response values fluctuating between —2.5 and 0, reaching a maximum negative
shock in period 3 and a minimum response in period 21, followed by a reduction in the
magnitude of the fluctuations, which ultimately leveled off. This finding suggests that this
market segment is particularly susceptible to physical risk, primarily due to the primary
application of these energies as a means of transportation, a sector that is susceptible to
the impacts of extreme weather events. For instance, extreme weather events can result in
the disruption of transport routes, the closure of petrol stations, or sudden fluctuations in
demand, which can influence prices and the balance of supply and demand within these
energy markets [3].

The impulse response values of physical risk to the natural gas market are between
—2.0 and 0, indicating moderate volatility, with the maximum negative shock value oc-
curring in period 4 and the minimum response value in period 21. This is followed by
gradual small upward and downward fluctuations, eventually leveling off, and more
pronounced seasonal fluctuations in the later periods. The primary factor contributing to
this phenomenon is the classification of natural gas as a clean energy source. The market
scale of natural gas is expanding in a gradual manner under the influence of clean energy
policy and consumer preferences. Additionally, natural gas’s predominant role as a heating
energy source renders it more susceptible to seasonal fluctuations.

The impulse responses of physical risk to the LPG and fuel markets are all between
—1.5 and 0, with maximum negative shocks in periods 4 and 6, respectively, and a minimum
in period 21, followed by small upward and downward fluctuations and eventually leveling
off. This observation indicates that the market demonstrates a relatively smoother response
to physical risks, which may be attributable to the utilization of these energy sources being
more decentralized and generally characterized by more stable supply and storage systems.

4.3. Impulse Response of Transition Risk

The time-series characteristics of each variable and the data situation are taken into
account, and the rolling window is set to 50. The horizontal axis indicates the duration
of the shock effect in quarters, and the vertical axis indicates the size of the shock. The
results of the impulse response analysis of transition risk on energy market risk spillover
are illustrated in Figure 6.

The findings reveal a consistent trend in the transition risk shocks across various
energy markets, with a gradual shift towards smoother performance as the volatility
of sharp fluctuations diminishes. The initial shocks of transition risk to energy market
risk spillover are predominantly negative, reflecting the concerns of each energy market
about the uncertainty of transition, while subsequent positive shocks reflect the energy
market’s awareness of the new opportunities that transition may bring. As the market
becomes acclimatized to the transition risk, the shock to energy markets from this risk
gradually diminishes and tends to zero, thereby demonstrating the market’s capacity for
self-regulation and adaptation to the new normal.
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Figure 6. Transition risk impulse response analysis.

The impact of transition risk on the gasoline, alcohol, and diesel markets has been
shown to exhibit a similar overall trend, characterized by significant fluctuations in the
impulse response value, ranging from —0.6 to 0.2. These fluctuations reach a negative
maximum in period 10, a positive maximum in the 18th period, and subsequently a negative
minimum in period 25. Thereafter, a gradual decrease in the magnitude of the fluctuations
is observed, leading to a state of relative stability. This observation indicates that this market
segment is more susceptible to transition risks, primarily due to the potential for significant
fluctuations in demand during the transition phase. Conventional energy sources such as
gasoline and diesel may be impacted by the substitution of novel energy sources, and the
promotion of biofuels and renewable energy sources may exert an influence on the alcohol
and diesel markets [3].

The impulse response values of transition risk to the natural gas market range from
—0.1 to 0.4, indicating moderate volatility and predominantly positive shocks. It attains a
positive maximum in period 3, after which the positive shocks exhibit a weakening trend,
and the response value attains a negative maximum in period 21, followed by gradual small
upward and downward fluctuations, which eventually level off, with seasonal fluctuations
becoming more pronounced in the later period. This phenomenon can be attributed, at
least in part, to the pivotal role that natural gas, recognized for its clean and efficient
characteristics, plays in the broader context of the energy transition. The expansion of the
natural gas market has been influenced by the implementation of clean energy policies and
consumer preferences, resulting in a gradual increase in market size. Transition policies
have had a strengthening effect on the construction and operation of the natural gas market,
thus helping to guarantee the security and stability of natural gas supply [37].

The impulse response value of transition risk to fuel market shocks ranges from —0.1
to 0.6, reaching a negative maximum in period 1, a positive maximum in period 6, and a
response value of 0 in period 21, after which it undergoes small upward and downward
fluctuations before ultimately stabilizing. The impulse response value of the transition risk
to the LPG market shock ranges from —0.3 to 0.4, reaching a negative maximum in period
1, a positive maximum in period 8, and a response value of 0 in period 21, after which it
gradually fluctuates up and down by a small margin and eventually stabilizes.
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4.4. External Factors Analysis

This study aims to further explore the impact of external variables on risk spillovers
in energy markets. To this end, OPEC production reduction policy and WTI crude oil price
volatility are selected as external variables to be analyzed. The results indicate that both
OPEC production reduction policy and WTI crude oil price volatility have an impact on
risk spillover in the energy market, with WTI crude oil price volatility exhibiting a more
significant impact.

The results of the impulse response analysis of the OPEC production cut policy on risk
spillovers in the energy market are shown in Figure 7. The impact of OPEC production
cuts on the alcohol, gasoline, and diesel markets is relatively analogous, with all generating
negative shocks that peak in period 5, followed by sharp fluctuations, and then converge
to zero in period 30, followed by reduced fluctuations and eventual leveling off. This
phenomenon is primarily attributable to the direct correlation between OPEC production
cuts and the subsequent increase in crude oil prices. The alcohol, gasoline, and diesel
markets exhibit a high degree of correlation with crude oil prices. An increase in crude oil
prices leads to higher production costs for these products, thereby generating a negative
shock to the market. There is a similar impact of OPEC production cuts on fuel and LPG
markets: the former exhibits a more pronounced positive shock in period 1, followed by
a period of heightened volatility, attaining its maximum negative shock value in period
14, with the shock eventually converging to 0 in period 20. This is followed by a decline in
fluctuations and subsequent stabilization. This phenomenon is primarily attributable to
the diminished sensitivity of the fuel and LPG markets to fluctuations in crude oil prices,
coupled with the prevailing market assumption that diminished supply will result in price
escalation during the nascent phase of production cuts. The impact of OPEC’s production
cuts is most pronounced on the natural gas market, manifesting as a positive shock in
period 1, followed by pronounced fluctuations, culminating in the maximum negative
shock value in period 9, approaching zero in period 25, and subsequently exhibiting a
decline in volatility. The fluctuations then decrease and eventually level off.
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Figure 7. OPEC production cuts impulse response analysis.

The results of the impulse response analysis of the WTI crude oil price on risk spillovers
in the energy market are shown in Figure 8. The impact of WTI crude oil price volatility on
the fuel, alcohol, LPG, gasoline, and diesel markets is relatively similar. Alcohol, gasoline,
and diesel markets reach their maximum shocks in period 3, LPG in period 4, and fuel
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market in period 8, and then the shock response decreases gradually, approaching zero in
period 25, and then the volatility decreases and eventually stabilizes. This is mainly due to
the fact that these markets are highly correlated with crude oil prices, as their production
costs are directly dependent on crude oil prices, and fluctuations in WTI crude oil prices are
quickly transmitted to these markets, leading to price changes. Fuel markets are relatively
less responsive to crude oil price fluctuations, possibly because their production processes
and inventory adjustments take longer. WTI crude oil price fluctuations have a more
frequent impact on natural gas markets, with a maximum shock in period 2, followed by
sharp fluctuations, a maximum negative shock in period 9, a maximum shock in period
14, and then decreasing fluctuations and eventually leveling off. This is mainly due to
the uniqueness of the natural gas market, which is linked to the crude oil market but has
significant differences. The supply and demand structure of natural gas is more complex,
and its price is not only affected by the volatility of crude oil prices, but is also closely related
to seasonal demand (e.g., winter heating), regional supply capacity, and policy direction.
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0 20 40 60 80 0 20 40 60 80
LPG natural gas
4 0
2 1
-2
0 20 40 60 80 0 20 40 60 80
gasoline diesel
2 2
0 0
0 20 40 60 80 0 20 40 60 80

Figure 8. WTI crude oil impulse response analysis.

4.5. Robustness Testing

In the preceding section of this paper, the VAR model was used to analyze the energy
market risk spillover effect of the energy market, to further validate the model VAR
robustness. In the following, the test is performed by adjusting the model, specifically by
using the GARCH model to re-examine the energy market risk spillover effect.

The estimation results of the univariate GARCH (1,1) and GARCH (1,0) models for
each energy submarket in China are reported in Table 2. w is the constant term, {3 is the
coefficient of the GARCH term, and « is the coefficient of the ARCH term. From the results
of the GARCH (1,1) model test, the coefficients of the constant term, the coefficients of the
ARCH term, and the coefficients of the GARCH term for alcohol, LPG, and gasoline are
all significant at the 1% level. The coefficients of the constant term, and the coefficients of
the ARCH term for fuel, natural gas, and diesel were significant, but the coefficients of the
GARCH term were not significant, so GARCH (0,1) was used for reestimation.
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Table 2. GARCH model estimation result.
GARCH (1,1) GARCH (0,1)
Market
w t B t x t w t @ t

M 0.097 5.106 0.000 0.000 0.391 3.529 0.071 11.612 0.391 4.008
AM 0.023 4213 0.175 1.967 0.576 4.252 0.033 7.812 0.608 4.088
LPGM 0.036 2.035 0.428 2.334 0.266 2.680 0.086 8.557 0.228 2.394
NGM 0.014 2.863 0.000 0.000 0.140 2.251 0.014 22.219 0.140 2.316
GM 0.021 4.457 0.208 2.369 0.562 4.217 0.033 7.971 0.582 3.964
DM 0.036 5.670 0.000 0.000 0.585 4.006 0.036 8.079 0.585 4.010

Note: FM = fuel market; AM = alcohol market; LPGM = liquefied petroleum gas market; NGM = natural market;
GM = gasoline market; DM = diesel market.

A thorough validation of the GARCH model and the VAR model’s impulse response
analysis substantiates the rational self-consistency of the conclusions presented in this study.
The study posits that the repercussions of climate change on risk spillover in the energy
market can be elucidated by the differentiation mechanism of physical risk and transition
risk. Furthermore, the volatility characteristics of disparate energy products are found to
be intimately associated with their sensitivity and adaptive capacity to climate shocks. The
short-term abruptness characteristics of physical risk (e.g., extreme weather) are significant
in high-ARCH-effect products (gasoline, alcohol, and diesel), whose volatility is mainly
driven by upfront shocks and decays quickly, consistent with the phenomenon of impulse
response in which violent negative shocks are followed by rapid stabilization. Conversely,
low-ARCH-effect products, such as natural gas and LPG, exhibit a greater reliance on
long-term fundamentals, attributable to the enhanced stability of their supply chains. This
observation is reflected in a flat trend in the impulse response, indicative of a more stable
underlying dynamic.

The long-term policy effect of transition risk is reflected by products with signifi-
cant GARCH terms (alcohol, LPG, gasoline), whose volatility persistence (x + 3 ~ 0.7)
reflects the market’s adaptation process to the gradual adjustment of the transition policy,
and matches the dynamic path of the impulse response, whereby initial negative shocks
gradually turn to the positive direction, and eventually stabilize. Conversely, the pure
ARCH effect products (diesel, fuel) exhibit a lack of long-term volatility persistence, thereby
directly reflecting the short-term impact of policy substitution. This observation aligns with
the characteristics of the transition risk impulse response, which is characterized by small
fluctuation amplitude and rapid decay. Additionally, natural gas, positioned as a clean
energy transition catalyst, demonstrates low ARCH coefficients and seasonal fluctuation
characteristics, thereby reinforcing its role as a policy dividend supporter. The impulse
response of the positive shock dominant results is particularly noteworthy. In summary,
the VAR model demonstrates robust performance.

5. Conclusions and Policy Implications
5.1. Conclusions

As the frequency and intensity of extreme weather events increased, energy markets
faced more volatility and risk. China has implemented a variety of policies to address the
energy market risks posed by climate change. However, frequent policy adjustments also
affect energy markets and may exacerbate market volatility, thereby threatening energy
security. In order to quantify the risk spillovers between energy markets in China and the
impact of climate change on risk spillovers in energy markets, this study employs a VAR
model to analyze risk spillovers between energy markets and applies an impulse response
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to analyze the impact of climate change on risk spillovers in energy markets. The primary
conclusions that can be drawn from this analysis are as follows.

The average volatility spillover in the energy market is 10.61%, which is indicative
of marked asymmetry, with heightened spillover levels observed in the alcohol, gasoline,
and diesel markets, which are classified as net spillovers, in the fuel and LPG markets,
designated as spillover recipients, and in the natural gas market, which exhibits the least
pronounced risk spillover effect.

The overall volatility level of the energy market exhibits substantial fluctuations,
ranging from —20% to 25%, and the total volatility spillover displays discernible time-
varying characteristics. The total spillover level of the fuel market is more volatile, while
the overall spillover level of the alcohol, gasoline, and diesel markets is similar, and the
whole shows a flat state. The risk spillover of the natural gas market has a smaller range of
fluctuations and a lower frequency of spillovers.

The physical risk significantly exacerbates the risk spillover between energy mar-
kets, and most of its impulse response values are below 0, and there is a clear negative
shock. The transition risk exerts a divergent effect on the risk spillover of diverse energy
markets. The nature of risk spillover is contingent on the specific market in question; for
instance, shocks to the fuel, LPG, and natural gas markets predominantly engender positive
shocks, while shocks to the alcohol, gasoline, and diesel markets predominantly engender
negative shocks.

5.2. Policy Implications

Each energy market should consider its own risk volatility characteristics and response
characteristics to different climate change risks to develop appropriate risk response poli-
cies to improve energy market stability: Establishing a risk-monitoring mechanism and
strengthening market risk management. Developing and improving the risk-monitoring
system for the energy market to monitor market fluctuations and risk spillover in real time.
Constructing risk early warning indicators and utilizing big data and artificial intelligence
technology to monitor and analyze market risks in multiple dimensions and frequencies.
Setting risk thresholds so that timely early warning will be issued and measures are taken
when market fluctuations exceed the normal range [38]. Stabilizing the policy environment
and establishing risk buffer mechanisms. Establishing energy risk management tools to
help companies and investors effectively manage market risks and reduce losses caused
by uncertainty. Enhancing the transparency of market information disclosure, publishing
regular market reports, analyzing market dynamics and potential risks, and ensuring that
market participants have access to accurate market information. Establishing personalized
risk buffer mechanisms according to different types of energy markets, such as strategic
reserves to cope with market volatility for net spillovers (e.g., natural gas market) and risk
funds for net recipients (e.g., fuel market) to mitigate the negative impact of risk spillover.
Strengthening physical risk management and building energy security defenses. Strength-
ening the construction and maintenance of energy infrastructure, and improving the ability
to withstand physical risks such as natural disasters by reinforcing key facilities, upgrading
engineering design standards, and adopting advanced early warning systems. Formulating
detailed contingency plans to ensure that prompt and effective action can be taken in the
face of extreme weather events and other unforeseen circumstances. Strengthening cross-
sectoral coordination to ensure the rational allocation and rapid deployment of resources in
order to minimize the impact on energy supply. Developing adaptive strategies to address
transition risks. Formulating flexible policies to support technological innovation and
business model changes in the process of the energy transition. Encouraging energy enter-
prises to carry out technological upgrading and innovation to adapt to the new trend of
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low-carbon development and ensure the long-term sustainable development of the energy
market. Strengthening regulation and policy implementation to ensure that all relevant
measures are effectively implemented. Promoting cooperation between regulators and
energy enterprises to ensure that risk management measures are adequately considered and
implemented and regularly assess their effectiveness. Promoting international cooperation
and exchanges, sharing best practices and experiences in energy transition, and utilizing
international platforms to promote technology transfer and joint research and development,
so as to jointly address the challenges of energy transition [39].
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