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Abstract

Risk spillover between financial markets is an important direction of
financial risk research, which helps to identify and prevent financial
risks. This article examines the spillover effects among the carbon
market, oil, new energy, and precious metals from a multidimen-
sional and time-frequency perspective. It achieves this by employing
the GJRSK model and the quantile time-frequency linkage method.
The primary focus is on inspecting the alterations in market risk
spillover effects during extreme market conditions. The study re-
veals that noteworthy risk spillovers exist among the carbon market,
oil, new energy, and precious metals, short-term risk spillovers sur-
pass long-term risk spillovers. Furthermore, the spillovers among
markets under different market conditions are heterogeneous, with
significantly stronger risk spillovers observed during extreme upward
and downward market conditions compared to normal states. More-
over, the risk spillovers in different dimensions exhibit an asymmetric

status and display tail dependence.
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1. Introduction

In the context of global financial integration, interdepen-
dence and risk contagion among financial markets are be-
coming increasingly prominent. The connectivity of finan-
cial markets is both a source of competitive benefits and

*School of Economics and Management, Chongging Nor-
mal  University, Chongqging 401331, China; e-mail:
baoshuai8128@163.com

** School of Business Administration of Chongqing Vocational and
Technical University of Mechatronics, Chongging 402760, China;
e-mail: yj1985113@163.com
Corresponding author: Jia You

Recommended by: Jen-Hao Teng
(DOI: 10.2316/J.2026.203-0613)

an important mechanism for risk propagation [1]. From
the 2008 financial crisis to the 2010 European debt cri-
sis, a series of financial risk events have had an impact on
the relevant regions and even the world’s financial system,
which has attracted widespread attention from countries
around the world to financial risk contagion. In the con-
text of economic globalization, risk contagion is an urgent
and important issue that cannot be ignored.

In recent years, China has made ”preventing and re-
solving major risks” the top priority of the ”three major
battles” and has made important deployments to prevent
and control systemic financial risks multiple times [2]-[5].
As more and more evidence suggests, the financialization of
commodities [6] has shown that the connectivity (spillover)
of commodity markets has begun to receive widespread
attention. Once it is recognized that commodities have
become one of the core asset classes used by financial in-
vestors (i.e, gold melting), it is necessary to re-understand
the operating mechanism of commodity markets.Due to
their dual attributes as commodities and finance, precious
metals and energy have long been highly regarded as the
two most important types of commodities. After the shale
revolution in the United States, the relationship between
crude oil and natural gas became more complex [7]-[8] and
it found that information overflow between the two has
become more uncertain [9]. In recent years, there has
been a linkage event between oil prices and precious metal
prices in the international commodity market, which has
attracted scholars’ attention to the risk spillover effects be-
tween the two markets [10]-[11].

Current research typically analyzes the risk spillover be-
tween markets from the perspective of the first and second
moments of the asset return distribution, namely returns,
and volatility. However, the distribution of asset returns is
usually nonnormal, indicating that asset returns are more
likely to exhibit asymmetry or extreme returns, and the
nonnormality, asymmetry, and fat-tailed nature of asset
return distribution cannot be captured solely from the per-
spective of returns and volatility. It is worth noting that
higher-order moments of the income distribution, such as
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skewness and kurtosis, contain valuable information that
can reflect asymmetric risk or tail risk events [12]. There-
fore, skewness spillover describes the level of correlation
between asymmetric returns between markets, while kur-
tosis spillover explains how extreme risk spreads between
markets [13]. The returns of commodities are often affected
by high market uncertainty or extreme returns due to peri-
ods of prosperity or depression. Extreme market risks may
weaken the stability of the financial system. Therefore, it
is not only necessary to consider risk spillover from intu-
itive indicators such as volatility, but also to study cross-
market risk transmission from high-order moment perspec-
tives such as skewness and kurtosis.

Compared with existing literature, the marginal contri-
bution of this paper is mainly reflected in the following
aspects: firstly, this study will explore the spillover effects
between markets based on volatility, skewness, and kur-
tosis indicators, and characterize the correlations between
markets based on different risk measurement indicators,
expanding the current research. Secondly, there is cur-
rently no consensus on the scale, direction, and dynamic
changes of risk spillover in the precious metals and energy
markets at different time scales. This study is based on
the novel time-frequency domain spillover index framework
proposed by Diebold and Yilmaz [14] and Barunik and
Kiehlik [15], combined with the rolling window method,
which can simultaneously characterize the size, direction,
and dynamics of risk spillover between markets, and cap-
ture the heterogeneity of risk spillover in the time domain
and different frequency domains.

2. Literature Review

In the study of market risk spillover effects, scholars at
home and abroad have conducted a lot of research, mainly
focusing on commodity market risk spillover, market risk
measurement, and risk spillover models.

Firstly, research on risk spillover in commodity markets.
Morales and Andreosso-O’Callaghan [16] argue that the
impact of financial crisis events on cross-regional and cross-
market interdependence can be defined as a ”spillover ef-
fect”. Many scholars have focused on typical financial sub-
markets, such as the stock market, bond market, money
market, etc., to explore the risk spillover between markets.
As Zhou [17] explored the spillover effects of returns and
volatility in 14 Asia Pacific stock markets within the frame-
work of spillover indices. Liu et al. [18] used generalized
prediction error variance decomposition and complex net-
work methods to explore the risk spillover effects of China’s
money market, capital market, foreign exchange market,
gold market, and real estate market. With the acceler-
ation of the process of commodity financialization, great
attention has been paid to the exploration of risk spillover
between financial markets and commodity markets, as well
as between commodity markets [19]-[21]. Examining the
issue of risk spillover between commodity markets has be-
come a recent research hotspot. At present, there is no
consensus on the nature of the information spillover ef-

fect between precious metals and energy markets. On the
one hand, due to the connection between commodity chan-
nels and financial channels, crude oil price shocks are often
considered as exogenous factors affecting the metal market
in research [22]. In addition, some scholars have recently
pointed out that there is a bidirectional effect between pre-
cious metals and energy markets [20]-[21]. Given that the
spillover effects of precious metals and energy markets still
need to be explored, this study will investigate the spillover
effects of these two important commodity markets and fur-
ther enrich the current literature.

Secondly, research on market risk measurement. The
widely used measurement indicators for market risk are
based on asset returns or volatility. Many studies investi-
gate the spillover effects of systemic risk by examining the
transmission relationship of returns or volatility between
markets. For example, Tan Xiaofen et al. [23] studied
the bidirectional spillover relationship between commod-
ity markets and financial markets from the perspectives of
return and volatility based on the BEKK-GARCH (Baba-
Engle-Kraft-Kroner GARCH) model and spillover index
method. They found that there is a bidirectional spillover
effect between international commodity markets and finan-
cial markets, and the characteristics and trends of return
spillover and volatility spillover are significantly different.
A common limitation of current research is that their anal-
ysis of spillover effects is limited to the first and second
moments of asset return distribution, namely returns and
volatility. However, due to the nonnormality, asymme-
try, and fat-tailed nature of asset return distributions, it
is not comprehensive to limit spillover analysis only to
first-order and second-order moments. Higher moments,
such as skewness and kurtosis, contain valuable informa-
tion that can reflect asymmetric risk or tail risk events
[22]-[23]. High-order moment risk is associated with asym-
metric risk and tail risk in the market, and risk research
based on high-order moment measurement is an extension
and expansion of traditional risk research. At present, re-
search on high-order moment risk is focused on perspec-
tives such as return forecasting, risk premium, risk mea-
surement, and risk spillover. Langlois [24], Bevilacqua,
and Tunaru [25] have approached this topic from differ-
ent angles. The spillover effect of high-order moment risk
between markets is gradually receiving attention. Early re-
search on high-order moment risk spillover mainly focused
on the stock and money markets [26]-[28]. Recently, schol-
ars have also paid attention to high-order moment spillover
effects in commodity markets. For example, Cui et al. [29]
used the Diebold and Yilmaz [14] spillover model to study
the spillover effects of realized skewness, realized kurtosis,
and asymmetric volatility between W'TI, Brent crude oil,
and Chinese commodities.

Also, research on risk spillover models. The main meth-
ods for studying risk spillover effects between markets
include VAR (Value at risk) models, GARCH (General-
ized Autoregressive Conditional Heteroskedasticity) mod-
els, Copula models, CoVaR (Conditional Value at Risk)
models, Granger causality, etc. (Maghyereh et al. [30],
Ahmed and Huo [31], Sun et al. [32]). The above mod-



els all have certain measurement effects, but they also
have their limitations. For example, GARCH models have
the limitation of not being able to measure the size of
spillover effects. The same GARCH model cannot si-
multaneously consider the directionality and dynamics of
spillovers. Copula models are not easy to distinguish the
direction of spillovers. GARCH-type models have the
limitation of being unable to measure the magnitude of
spillover effects. Moreover, the same GARCH model can-
not simultaneously account for both the directionality and
the dynamics of spillovers. Using GARCH-type models to
characterize asset volatility is a relatively complex process.
Additionally, the magnitude of asset volatility can vary
depending on the model chosen, which is clearly not very
reasonable. CoVaR models have the limitation of only con-
sidering one-way spillovers within a model. To overcome
these shortcomings, Diebold and Yilmaz [14], [28] proposed
a new overflow framework (referred to as the DY method),
which combines a rolling window VAR model and a gen-
eralized error variance decomposition method to simulta-
neously characterize the dynamics, directionality, and size
of overflow. More and more research has been conducted
on market spillover effects based on this framework.
Through the review of existing literature, it is found that
current research and analysis on risk transmission effects
are mostly based on the first and second moments of asset
return distributions. Spillover effects based on high-order
moment risk indicators have not received much attention,
and the overflow analysis models used in existing research,
such as GARCH models, cannot simultaneously consider
the strength, directionality, and dynamics of overflow, as
well as capture the heterogeneity of risk overflow in the
time domain and different frequency domains. The DY
and BK time-frequency domain spillover models provide a
good analytical framework for comprehensively evaluating
high-order moment risk spillover between markets.

3. Model Construction

3.1 Time-Varying Higher-Order Moments Fluc-
tuation Models

The present study utilizes the GJRSK model developed by
Leon et al. [33] to analyze the dynamic properties of condi-
tional skewness and conditional kurtosis across global en-
ergy markets. The model employed is outlined as follows:
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where, #tjlt1 D(0;h ;St;ke), and It1 is the informa-
tion table at the moment t-1, D(0; h; S¢; Ke) is any distri-
bution containing the conditional mean, conditional vari-
ance, conditional skewness, and conditional kurtosis, s is

the conditional skewness, k¢ is the conditional kurtosis,
and s3;i; 3;i; and (3;1) are the coefficients of leverage ef-
fects in the conditional variance equation, the conditional
preference equation, and the conditional kurtosis equation,
respectively.

In accordance with common practice, the time-varying
higher-order moments GJRSK model is estimated using a
Gram-Charlier sequence expansion of the normal distribu-
tion density function truncated at the fourth moments as a
conditional density function for z¢ to ensure nonnegativity
of the density and a integral of 1, the expanded density
function is corrected, drawing on the practice of Leon:
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Ty = 1+§—|—(kt j’!) 2; () represents the probability density
distribution function of the standard normal distribution,
by utilizing "¢ = hy °z, the logarithm of the likelihood
function can be obtained by omitting the nonessential con-
stants:
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Due to the high degree of nonlinearity of the model itself,
in order to accurately determine the initial values of the
parameters in the estimation of the maximum likelihood of
the model, the method of ”from simple to complex model”
is used, firstly, the conditional mean and the conditional
variance of the model are estimated, and the obtained pa-
rameters are taken as the initial values of the parameters of
the two equations; then, the conditional mean and the con-
ditional variance, as well as the conditional skewness are
jointly estimated; finally, the conditional mean, the condi-
tional variance, and the conditional skewness obtained by
the previous estimation are taken as the initial values, and
the joint estimation of the conditional mean equation, con-
ditional variance equation, conditional skewness equation,
and conditional kurtosis equation is realized.

3.2 Quantile Time-Frequency Modeling

The article adopts the quantile vector autoregressive model
proposed by Ando et al. [34] to examine the quantile evo-
lution characteristics of volatility spillovers between inter-
national energy markets, to refine the defects of the DY
spillover index in the tail carving, and the specific frame-
work of the quantile vector autoregressive model is as fol-
lows:
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where, Y¢ denotes the N 1 dimensional column vector,
®; denotes the coefficient matrix of the QVAR (Quantile
Vector Autoregression), denotes the quantile on [0;1]; p
denotes the number of lagging periods of the QVAR, and
u¢( ) denotes the N 1 dimensional error vector, which
can be constituted as an N N dimensional error variance



matrix, 2 When the stability condition is satisfied by the
QVAR(p), it can be transformed into a vectorial moving
average of infinite order, QVMA( 1 ) process:

X
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where Aj( ) is the coefficient matrix of the QVMA
(Quantile Vector Moving Average), which obeys Aj( ) =
1AL () + DA () + + ®pAI ( ); Ao a unit ma-
trix of order N and Aj = Owhen i < 0. According to the
generalized error variance decomposition, the estimate of
variable j for the spillover effect of i is the proportion of
the H -step prediction error variance of variable i that the
proportion caused by variable J1 is jj(H) :
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where ;1 denotes the diagonal element of the error vari-

ance matrix, the i-th element of e is 1 and the remaining
elements are 0; A denotes the coefficient matrix, and h
denotes the forward prediction step, and further normal-
ization yields:

i(H) = (7)

k=1

Simultaneously, we obtain two equations, denoted as

4j(H) =1 and Pli\ll;jzl "ij(H) = N. The augmenta-
i=1
tion of quartile leads to modifications in the coefficient
matrix. This enables us to investigate the spillover impact
of institution J on institution i in the presence of varying
magnitudes of shocks, which is more in line with the real-
ity of the economic performance, because the major event
shocks tend to be stronger than the average shocks, and
more likely to have spillover effects.

At the same time, time series data are often character-
ized by ”sharp peaks and thick tails”, and the tails contain
substantial risk information, implying that quantile esti-
mation is superior to conditional mean estimation because
it not only reveals the risk spillover relationship in the tails,
but also its estimation is more robust in the extreme cases.

According to Ando et al. [34], the total spillover in-
dex (TSI) and the directional spillover index (SI) can be
computed under quartile

X
TSI =N! ij(H) 100
i;j=1;i6=j
> (H)
i=1;i6=j (8)
X
Sl = ij(H) 100 = FORM
i=1;i6=j
NSI; =Sl Sl

ilj jli

3.3 Spillover Index Measure in Frequency Do-
main - BK Spillover Index
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1:S x (1) portrays how the variance of Xy is distributed
at frequency !, which is a key parameter for understanding
the frequency dynamics. The generalized causal spectrum
at frequency ! can be defined as:
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(f(1))jk denotes the fraction of the spectrum of variable
j that is caused by shocks to variable k at a given fre-
quency !. Since the denominator of the above equation is
the spectrum of variable j at a given frequency ¥.(f(1))j«
can be interpreted as intra-frequency causality by further
introducing the frequency share of the variance of j as a
weighting function:
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Tj (1) denotes the power of variable j at a given frequency,
and the generalized variance decomposition over frequency

band d is:
Z
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Where, d = (a;b);a;b 2 (5 );a < b, and k(1) =
+ G Li(1)(F(Y))jkd?, are equal to H ! 1 at jk(1)
under the time domain, ji(d) can be further normalized

as:
(@) = e
k jk(l)
“jk(d) measures the level of spillover from variable k to
j over frequency band d. The total spillover index TSI
over frequency band d, the directional spillover index SI
are respectively:
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TSI% SIS ;Slg and NSI? decompose the gross
spillover TSI , directional spillover Sl , Sl; and net
spillover NSI; in the time domain into di erent frequency

bands respectively.

4. Analysis of Empirical Results

4.1 Data Sources and Descriptive Statistics

To investigate the spillover e ects among traditional en-
ergy, new energy, the carbon market, and the precious met-
als market, this paper selects oil, new energy, the carbon
market, and gold as research objects.The data included in
this study originates from the WAND database. Based
on the data presented in Table 1, the following informa-
tion can be derived: rstly, except the mean value of the
price index of the precious metal market is negative, the
mean value of the price indices of the new energy, crude oil
and Hubei carbon trading market are all positive, which
indicates that the mean value of the price indices of the
new energy, crude oil and Hubei carbon trading market is
increasing, while that of the precious metal market is de-
creasing. At the same time, we nd that the market price
index of the Hubei carbon trading market price index has
the largest variance of the market price index, followed by
the crude oil market index and precious metal market in-
dex, while the variance of the new energy market index is
the smallest, the size of the variance of the price index can
be regarded as the price volatility during the sample study
period, that is the price change of carbon trading market is
the largest, and the change of market price of new energy
is the smallest; secondly, the skewness of the price indexes
of the four markets are constants that are not 0, in which
the new energy price index and precious metal price index
is less than 0, that is, there is an obvious leftward bias, and
the skewness of the crude oil price index and the carbon
price index is greater than O, that is, there is an obvious
rightward bias. In addition, from the kurtosis coe cient,

it can be seen that the new energy, crude oil and carbon
price indexes show a sharp distribution, and the precious
metal market price index shows a low peaked distribution;
thirdly, through the ADF unit root test, the results show
that the series are considered to be smooth signi cantly
at the 1% level, and the conditional returns of the four
kinds of price indexes do not obey the standardized nor-
mal distribution as shown from the J-B test, and the LM
test shows that the variances of the four price index series
are inhomogeneous, that is, autocorrelation in the residual
series can be tted by the GJRSK model.

4.2 Empirical Results

4.2.1 Static Risk Spillover Analysis

The GJRSK model is utilized to calculate the conditional

return, conditional variance, conditional skewness and con-
ditional kurtosis for each index and the estimation results
are shown in Figure 1:

Figure 1. Time Series of Conditional Return, Conditional
Variance, Conditional Skewness and Conditional Kurtosis

As can be seen from the time series charts, there are
obvious di erences in the conditional variance, conditional
skewness and conditional variance for each index's return:
The conditional variance is small when the market is run-
ning smoothly, and the conditional variance rises sharply
in oscillation and smoothes out quickly when there are
sharp uctuations in the market; the conditional skew-
ness is mainly negative and widens with the expansion of
uctuations in return; and the conditional kurtosis has a
characteristic that is similar to the conditional variance's,
when the return of the market index uctuates around 0,
the conditional skewness is smooth, and when the con-
ditional return has a sharp rise and fall, the conditional
kurtosis will change sharply. Variations in the order mo-
ments of the market index can indicate disparities in the
operational attributes of diverse marketplaces.

Because the traditional OLS regression can only re ect
the average spillover e ect between markets and cannot
capture the diversity spillover e ect between markets, es-
pecially it is dicult to portray the extreme volatility
risk spillover between markets, in order to better study
the spillover e ect of individual markets on each other,
the article adopts the quantile time-frequency connectiv-
ity method proposed by Ando et al. (2022) to calculate
the connectivity and spillover e ect of individual market
indexes at di erent quartiles. The low quartile ( = 5%),
the middle quartile ( = 50%) and the high quartile ( =
95%) are used to characterize the risk spillovers between
di erent markets at di erent quartiles, respectively. Con-
sidering the model parsimony and the persistence of corre-
lation between markets, according to the AIC criterion, the
article chooses the lag period p=1 and the forecasting step



Table 1

Results of descriptive statistics

Min. Mean | Max. | skewness| kurtosis | Std.Dev | J-B ADF LM(10)
NE | -9.53 | 0.03 | 8.19 | -0.54 5.24 1.83 1824.15%** | -10.33*** | 466.11%***
OIL | -14.03| 0.11 | 23.85| 0.75 6.92 2.65 3189.80*** | -11.00*** | 243.67***
PM | -9.89 | -0.02 | 8.44 | -0.03 2.24 2.18 320.23*** | -9,84*** 248.63***
HB | -24.60| 0.16 | 33.65| 0.69 7.06 4.05 3292.13%** | -12.23*** | 232 .51**

h=100 to measure the risk spillover level of markets under
di erent quartiles from the directional spillover level and
the total spillover level, respectively, in which, the total
spillover index (TCI) measures the total size of spillovers
between markets under di erent quartiles, and the direc-
tional spillovers indexes (TO and FORM) indicate the size
of direct spillovers from the market itself to other markets
and the size of acceptance of spillovers from di erent mar-
kets, respectively; the net spillover index (NET) measures
the net recipients of spillovers between markets (NET<O0)
and the net senders of spillovers (NET>0). Table 2 shows
the gross spillover, directional spillover, and net spillover
indexes between the new energy, crude oil, precious metals,
and carbon market indexes for di erent quartiles(Due to
space limitations, the graphical display of over ow e ects
under di erent quantiles, skewness over ow e ects under
di erent quantiles, and kurtosis over ow e ects under dif-
ferent quantiles has been omitted here. If necessary, please
contact the author).

Table 2
Connectivity of return spillovers across quartiles
NE OIL PM HB
tau=0.05 | TCI=62.16
TO 66.33 60.98 | 65.77 | 55.56
FROM 63.97 62.03 | 63.11 | 59.52
Net 2.36 -1.05 | 2.66 | -3.96
tau=0.5 TCI=8.68
TO 13.71 466 | 13.66| 2.7
FROM 13.33 6.29 | 13.12| 1.98
Net 0.38 -1.63 | 053 | 0.72
tau=0.95 | TCl=62.49
TO 64.19 61.3 | 66.57| 57.9
FROM 63.51 62.71| 63.03 | 60.71
Net 0.68 -141 | 355 | -2.82

Based on Table 2, rst, the business links between vari-
ous markets and the timely feedback of market information
from participants make the markets have a strong linkage
between them, and the total spillover index is precisely
to portray the overall linkage between the markets, under
di erent quartile conditions. There is a large di erence
in the total spillover index between the markets, and the
size of the total spillover in the low and high quartiles
is higher than that of the median, in the case of normal
shocks ( = 50%), the conditional return, conditional vari-
ance, conditional skewness, and conditional kurtosis of the
total spillover are 8.68%, 12.09%, 6.08%, and 6.31%, re-
spectively, which indicates that the overall linkages among
the new energy, crude oil, precious metal, and carbon mar-

kets are weak. But in the case of a shock from an extreme
event (= 95%), the conditional return, conditional vari-
ance, conditional skewness, and conditional kurtosis of the
total spillover of 62.49%, 74.63%, 16.76% and 55.70% re-
spectively, the risk spillover between the markets is more
serious, which may be due to the fact that China's carbon
trading market is still in the initial stage, and the con-
nection between the carbon trading market and the other
markets is not particularly close, resulting in a lower level
of risk spillover between the markets in the case of normal
shocks, but it is more prone to inter-market risk spillover
in the case of extreme shocks. However, in the case of ex-
treme shocks, inter-market risk infection is more likely to
occur, especially more sensitive to extreme market shocks.

Second, despite the presence of thick tails among the
four markets, the spillover e ects of low-order and high-
order moments are di erent for the left and right tails at
di erent quartiles; the total spillover indexes of the condi-
tional returns at the low quartile ( = 5%) and the high
quartile ( = 95%) are 62.16% and 62.49%, respectively,
which are much higher than that of the normal case (
= 50%) at 8.68%; the conditional variance and the condi-
tional kurtosis spillover indices in the high quartile (74.63%
and 55.70%) are signi cantly higher than those in the low
quartile (13.24% and 6.32%), suggesting that spillovers are
asymmetric between markets [35], and that the market
is a ected by extreme positive shocks more than extreme
negative shocks. The spillover index of conditional skew-
ness is just the opposite. The di erence in total spillovers
between markets with di erent order moments and di er-
ent quartiles. It also shows that the risk spillover between
markets cannot be accurately portrayed when only rst-
order moments and second-order moments are considered.

Third, examining the directional spillover indexes of
each market, the spillover e ects of the four markets at
di erent order moments in the low and high quartiles are
larger than those in the median, indicating that the risk
spillover from extreme shocks is higher than that from or-
dinary event shocks among the four markets. Taken to-
gether, the new energy index has the strongest spillover
e ect, followed by the precious metals and crude oil in-
dexes, the worst spillover e ect is the carbon trading mar-
ket index. This indicates that the new energy market has
obvious cross-market spillover bene ts, while the precious
metals and crude oil indexes also play an important role
in the directional spillover e ect. It is worth noting that
at high scores ( =95%), the conditional variance and con-
ditional kurtosis of the carbon trading price index exhibit
102.99% and 117.46% spillover e ects.

Fourth, in terms of the net spillover index, the level of



net spillover among the four markets is low under normal
conditions and signi cantly higher under extreme condi-
tions, and the net spillover index for crude oil is less than
0 under both di erent order moments and di erent quar-
tiles, indicating that crude oil is a net recipient of market
risk among these four markets. The new energy price in-
dex has a net spillover index greater than 0 under all quar-
tiles of conditional expectations, indicating that it is a net
spillover, which is consistent with Dan Nie et al. [35].'s use
of the DY model to measure risk spillovers in the case of
normal shocks with lower-order moments, where new en-
ergy plays the role of a net spillover in the energy market.
However, in the article, we nd that at high quartiles of
conditional variance and conditional kurtosis, and at low
guartiles of conditional skewness, new energy is a net recip-
ient. The precious metal index is a net spillover under the
quartiles of conditional expectation and conditional skew-
ness, and plays the role of a net receiver under the me-
dian and high quartiles of conditional variance, as well as
the high quartile of conditional kurtosis; the spillover ef-
fect of the carbon trading market at the high quartile of
conditional variance and conditional kurtosis ( = 95%)

is 37.76% and 85.93%, respectively, which plays the role
of a net spillover of risk and the spillover e ect is very
dramatic. However, the spillover e ect of carbon trading
market is very small in other cases. The possible reason is
that the carbon trading market is still in the initial stage in
China, and the degree of marketization of the carbon trad-
ing market with the implementation of the quota system
is not enough, so when subjected to normal shocks, the
net spillover e ect of the carbon market is very low, but if
subjected to extreme positive shocks, the carbon trading
market will produce strong spillover e ects, which indi-
cates that carbon trading in the normal operation of the
market can't produce a big impact on the energy structure
of China [36], but when the market is subject to extreme
shocks, carbon trading will stimulate the transformation
of China's energy structure.

This di erence in the role played in market risk under
di erent conditions illustrates the defects of the approach
to exploring risk from low-order moments and medians
alone, and suggests that when exploring risk spillovers
between new energy, crude oil, precious metals and car-
bon markets it is important not only to capture asym-
metric information from the market's conditional skewness
and conditional kurtosis, as well as the impact of extreme
shock events, but also to recognize the time-varying volatil-
ity characteristics of the higher-order moments attribute,
which is the only way to increase the precision of the mar-
ket's risk characterizations, help investors and policymak-
ers to better understand the market, and help them to
formulate more accurate strategies.

4.2.2 Analysis of Risk Spillover Dynamics

Short-term and long-term risk spillover dynamics must
be analyzed separately, as short-term risk spillover dy-
namics are more unstable compared to long-term risk
spillover dynamics and are the main factor in uencing risk

volatility between markets[37]; decomposing the level of
market risk spills into dierent frequency bands, where
d = 5, is the high-frequency band, the cycle length
represents from 1 to 22 days, and d = 0;5; is the low-
frequency band, the cycle length is more than 22 days.
The article obtains continuous spillover indexes through a
xed rolling window, decomposes the total spillover level
into short-term spillover e ects and long-term spillover ef-
fects, and utilizes dynamic spillover indexes to describe the
dynamic characteristics of the spillover e ects of di erent
orders of moments among industries, where the median (
=50% ) is utilized to characterize the dynamic average
spillover e ect, and the low quartile ( = 5% ) and the
high quartile ( = 95% ) are utilized to characterize the
risky spillover extent of the left and right tails of the e ect.
As can be observed in Figures 2, the total and short-term
spillover levels of conditional returns(Due to space limi-
tations, the continuous over ow index plots for the total
over ow level and short-term over ow level of conditional
variance, conditional skewness, and conditional kurtosis
have been omitted here. If necessary, please contact the
author) are more synergistic, and the short-term spillover
level is generally higher than the long-term spillover level
throughout the period under study, which illustrates that
the risk spillover between the markets is mainly dominated
by short-term risk spillover. Meanwhile, there are signif-
icant di erences in the volatility between markets at dif-
ferent order moments and di erent quartiles, and the av-
erage spillover level of conditional returns is at 65% at the
low and high quartiles, and this result shows that the risk
spillover between new energy, crude oil, precious metals,
and carbon trading markets is more severe in the left and
right tails. Conditional variance and conditional skewness
have sharp uctuations in market spillovers at the high
quartile (= 95% ), which indicates that they are more
a ected by positive shocks; conditional kurtosis also has
sharp uctuations at the low quartile ( = 5% ), which
indicates that they are more seriously a ected by extreme
negative event shocks.

The sensitivity of the net spillover index for each market
at di erent time-frequency quartiles is explored. Figures
3 show heat maps of the sensitivity of the time-frequency
guartiles between the new energy, crude oil, precious met-
als, and carbon markets, respectively. Red color indicates
that the market is a contributor to the net spillover and
blue color indicates that the market is a recipient of the
net spillover.

Based on Table 2, we can draw the following conclu-
sions:First, the net spillover e ects of new energy and pre-
cious metals are consistent with each other, with the net
spillover e ect of expected returns acting mainly as a con-
tributor, and the net spillover e ect of conditional variance
acting as a major recipient of the net spillover e ect. At
the low quartile of conditional skewness ( < 20% ) and
at the high quartile (> 80% ) they are both recipi-
ents and contributors of net market spillovers, while under
the high quartile of conditional skewness, they act mainly
as recipients of net spillovers. Playing dierent roles in
guartiles of di erent order moments indicates that there
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