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Abstract

Against the background of the global active pursuit of carbon neutrality, this paper uses the
DY spillover index method to analyze the spillover network effects between carbon, fossil
energy and financial markets. The research results show that the spillover effects between
these three markets change over time, with an average spillover index of 25.30%, showing
a significant mutual influence. Further analysis found that the EU carbon market plays an
important role in spillover effects. Especially under the influence of extreme events, the spill-
over effects reach their peak. At this time, the degree of mutual influence between markets
is as high as 60.01%. In addition, during the COVID-19 epidemic, the spillover effect of the
EU carbon market on other markets also reached its maximum, indicating that the epidemic
increased the contagion of cross-market risks and caused the carbon market to bear greater
risks. The research results of this article have important guiding significance for environmen-
tal protection investment and emphasize the importance of formulating differentiated envi-
ronmental protection policies in different time frames. Facing the dual challenges of global
climate change and promoting the goal of carbon neutrality, governments and relevant insti-
tutions should pay close attention to changes in spillover effects between markets and
timely adjust environmental protection policies to achieve maximum results.

1. Introduction

As the global climate change problem becomes increasingly severe, the carbon emissions trad-
ing market, as an innovative environmental protection method, promotes emission reduction
and promotes low-carbon development through a market-oriented approach. However, the
carbon emissions trading market does not exist in isolation, and its operation and develop-
ment are affected by many factors. As a basic input to economic activities in today’s industrial-
ized world, fossil energy combustion is the main source of carbon emissions, with 73.2% of
global greenhouse gas emissions coming from fossil fuel consumption [1]. Fossil fuels cause
higher net greenhouse gas emissions than renewable energy sources. The development of the
carbon market is inseparable from the development of fossil fuels. The economic fundamentals
hypothesis believes that fundamentals can lead to cross-market price correlations [2, 3]. The
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price of traditional fossil fuels can affect carbon emissions through the market supply and
demand of energy, thereby affecting carbon emissions. For example, when fossil fuel prices
fall, the demand for energy increases, leading to an increase in carbon emissions, which in
turn causes the price of carbon allowances to rise [4]. The EU’s Emissions Trading System
(ETS) increases the cost of energy production from fossil fuels, thereby creating carbon price
risks [5]. In addition, the carbon market, as a financial commodity, can be traded in the finan-
cial market. Therefore, there may be a strong influence between the financial market and the
carbon market. Price fluctuations in the carbon market may be passed on to related asset prices
in the financial market, such as carbon financial products, energy stocks, etc. [6]. In addition,
the supply and demand situation in the EU carbon market may affect the liquidity of financial
markets and the trading behavior of market participants. For example, if there is an oversupply
of carbon allowances, this could lead to a decrease in the price of carbon allowances, which in
turn could lead to a decrease in the value of financial instruments related to carbon allowances.
On the other hand, capital flows and investment behavior in the financial market may also
affect the supply and demand relationship and price level of the EU carbon market [7]. For
example, if financial institutions increase their investment in the carbon market, this may lead
to increased demand for carbon allowances, which may in turn lead to an increase in the price
of carbon allowances.

Based on the above analysis, this article puts forward the first hypothesis.

a significant linkage between carbon, fossil energy and financial markets.

In addition, the correlations between carbon and energy markets and financial markets
may also change over time due to the heterogeneity of different market participants and
changing market conditions. For example, when risks arise in the carbon market, they will be
transmitted more to the energy market rather than the financial market. This is because differ-
ent market participants have different understandings and judgments about the risks of the
carbon market, and different market participants will also take different measures to deal with
risks. For example, when carbon market prices fall, energy companies may reduce their
demand for carbon allowances, while financial institutions may continue to hold carbon allow-
ances and wait for their value to return. In addition, due to the different goals and preferences
of market participants, the price formation mechanisms between different markets are also dif-
ferent, which may also lead to heterogeneity in market spillover effects [8]. For example, in
some cases, price fluctuations in the carbon market may have a greater impact on prices in the
energy market, while in other cases, financial market flows and investment behavior may have
a greater impact on prices in the carbon market. Impact. Therefore, we propose our second
hypothesis.

H2: The spillover effects between carbon, energy markets and financial markets are time-
varying and heterogeneous.

In addition, extreme events may also have an impact on the correlation between different
markets. For example, fluctuations in energy prices may affect the price and trading volume of
the carbon market, and may affect investors’ risk preferences and emotions [9]. Bao Z and
Huang D found that, both fintech companies and traditional banks experienced significant
changes in the lending environment during the COVID-19 period. By analyzing loan data dur-
ing this period, found that fintech companies are more likely to expand their credit channels
to new, financially strapped borrowers after the outbreak. However, although the loan default
rate of fintech companies has tripled after the outbreak of the epidemic, the loan default situa-
tion of traditional banks has not changed significantly. These results indicate that although
shadow banks have provided loan facilities during crises, these institutions may also become
vulnerable when default rates soar. This further proves the impact of extreme events on spill-
over effects between different markets [10]. After extreme weather events, investors may
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become more cautious about investing in energy and carbon markets, which may lead to a
decrease in trading volume and liquidity in the market, thereby affecting risk assessment and
investment decisions for energy-related assets. During extreme events, some market partici-
pants may suspend trading or reduce trading volume, which may lead to a decrease in market
liquidity. This change in liquidity may affect the spillover effects between different markets.
For example, the correlation between the carbon market and the financial market may be
weakened due to the decline in liquidity [11]. Extreme events may not only affect market
liquidity, but also affect the market’s price formation mechanism. After extreme events, some
investors may be more focused on short-term market dynamics and unwilling to make long-
term investments. This may result in greater price volatility in the market, thereby increasing
investor risk. In addition, extreme events may also affect investors’ risk preferences and senti-
ments, thereby affecting market price formation. Therefore, this paper proposes the third
hypothesis:

H3: Extreme events will affect the spillover effects between carbon markets, energy markets
and financial markets.

explore the spillover effects between carbon, fossil energy and financial market markets
using the spillover effect framework constructed by Diebold and Y1 Imaz (2014). Our study
makes an important contribution to the literature. First, most empirical studies use traditional
time-domain techniques to analyze the connection between carbon and energy markets and
focus on carbon and traditional energy markets [12-14]. The relationship between carbon
markets and financial markets remains largely unstudied. Secondly, in order to test whether
the COVID-19 epidemic has affected the dynamic spillovers between carbon and energy mar-
kets, we use marginal net risk spillover analysis and use complex network models to compre-
hensively identify risk contagion characteristics and propagation paths. The research results
provide a basis for formulating risk prevention policies and reasonable carbon trading policies
under extreme risk event scenarios, and provide support for the demonstration of carbon
financing to promote carbon emission reduction strategies. The remainder of this article is
organized as follows. Section 2 provides a literature review. Section 3 introduces the model
approach. Section 4 discusses the data and results. Section 5 summarizes the main findings
and proposes some meaningful policy recommendations.

2. Literature review

Many studies document the relationship between fossil energy and carbon markets. For exam-
ple, Wen et al. (2017) explored the dependence between EUAs and energy-related commodity
futures prices and found that coal plays a relatively important role in reducing carbon risks
[15]. Liu et al. (2023) studied the volatility spillover and dynamic correlation between EUA
and fossil energy prices and found limited evidence of volatility spillover between EU ETS and
fossil energy markets [14]. Qiao et al. (2023) used time-varying structured vector stochastic
fluctuation autoregression (TVP-VAR-SV) to analyze the time-varying correlation between
carbon and fossil energy futures markets and found that the carbon market is highly suscepti-
ble to changes in the coal market [12]. Liu et al. (2023) used quantile regression to analyze the
marginal effect of energy prices on carbon price changes and found that this effect is asymmet-
ric and negative. Existing research focuses on fossil energy (i.e., crude oil, coal, and natural gas
prices) and CET markets [13]. In fact, there is a configuration effect in the transmission path
from the fossil energy market to the carbon market [16]. Fluctuations in energy commodity
prices will cause adjustments in energy consumption behavior, leading to changes in total car-
bon emissions, which will in turn affect CET prices.
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With the rapid growth of the financial market sector, the connection between financial
markets and carbon markets is becoming increasingly close. Carbon prices synchronize with
macroeconomic fluctuations and show the procyclicality of the economy [17] However, the
relationship between financial economic markets and carbon markets remains unclear, but
there is no doubt that there is a strong link between stock markets and EUA prices. On the one
hand, the stock market can reflect the economic conditions of an economy. Positive economic
conditions are expected to improve company profits, which makes company stocks more
attractive as dividends to shareholders are expected to be larger [18]. On the other hand, higher
economic activity leads to higher energy demand, which leads to higher carbon emissions,
thus giving EUA price increases [19]. Therefore, the causal relationship between stock markets
and EUA prices appears to run from the former to the latter. Still, EUA prices may change the
economic incentives of manufacturing companies, and this change may be priced in the stock
market. Therefore, it is necessary to examine the causal relationship between EUA prices and
stock market indexes.

Furthermore, in addition, Bao and Huang (2021) analyzed the connectivity and informa-
tion efficiency of the Shanghai Stock Exchange A-share market in different periods, including
calm periods and high leverage periods, and used Pearson correlation, maximum strongly con-
nected subgraphs, and 3 o Principle to dynamically determine the threshold for constructing
correlation in the Shanghai Stock Exchange A-share market. Research has found that the inter-
nal connectivity of the finance, energy, and utility sectors is stronger than other sectors [20].
Chen et al. (2021) divided the period from 2005 to 2018 into eight bull and bear market stages
based on the daily stock returns of A-shares on the Shanghai Stock Exchange (SSE) to examine
the interactive patterns of China’s financial market, using the Least Absolute Shrinkage and
Selection Operation (LASSO) method to construct a stock network and compare the heteroge-
neity of bull and bear markets. The empirical results show that the connection effect during
bear markets is more significant than during bull markets, leading to abnormal volatility in the
stock market [21]. Bao Z and Huang D proposed a Time Zone Vector Autoregressive (VAR)
model to study the synchronization of global financial markets. By analyzing daily data from
stock markets in 36 countries, static and rolling window methods were used to analyze the sub-
prime mortgage, European debt crisis, and COVID-19 crisis. Studying the VAR coefficient
reveals resonance effects in global systems. The results of density and volatility studies indicate
the existence of conduction mechanisms and abnormal structural changes. The strength analy-
sis reveals the mechanism of information transmission across continents and emphasizes the
unique role of specific stock markets [22]. In general, From a model approach perspective, the
causal dynamics of prices in financial markets, energy and carbon markets are studied using
various data sets and econometric models such as dynamic conditional correlation (DCC)
multivariate generalized autoregressive conditional heteroskedasticity (GARCH) model [23]
nonlinear autoregressive distributed lag model [24], Copula model [25, 26], quantile regres-
sion method [27], TVP-VAR-SV [28, 29] and Diebold and Yilmaz (DY) dynamic connectivity
method [30, 31]. However, these traditional econometric methods cannot reveal the possible
spillover effects of energy and carbon markets in different frequency ranges. Although Jiang
and Ma (2021) used asymmetric BEKK- and DCC-GARCH models to study the volatility spill-
over and dynamic correlation between carbon, fossil energy and financial market markets
from a multi-scale perspective, they did not establish unified network system framework Inter-
nal quantities capture the intensity and magnitude of spillover [32]. In addition, the role of
artificial intelligence in processing this data and predicting future trends can also be consid-
ered [33-35].

Based on the existing literature, financial measurement methods to examine the relation-
ship or spillover effects between the carbon market and other markets generally include: VAR
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model, multivariate GARCH family model, DY spillover index model, quantile regression
model, Copula model, CoVaR model, etc. Among them, the VAR model and the multivariate
GARCH family model focus on describing the relationship between returns or volatility
among markets. In models targeting extreme risk spillover effects, the quantile regression
model can only measure the static linear correlation between quantiles among variables, the
Copula model is limited by the specific form of the Copula function and there is a certain
degree of subjectivity in the modeling process, while the CoVaR model is mainly used to char-
acterize the tail risk spillover effects between binary variables, and it is difficult to measure the
extreme risk among multiple variables. Systemic spillover levels. Judging from the research
content, the existing literature mostly focuses on the traditional energy market and carbon
market, and few scholars link the traditional energy market with the carbon market and finan-
cial market. In view of the limitations of existing research, this paper uses D Y overflow to
characterize the relationship between the three. The advantage of this model is that it not only
considers the intensity of the overflow between the three, but also reveals the degree, amplitude
and direction of the overflow in the connection network. Furthermore, the heterogeneity of
the impact of traditional energy markets and financial markets on EUA is examined. Finally,
the impact of extreme events on system linkage is depicted.

3. Materials and methods

This paper uses the Diebold and Yilmaz (DY) spillover index [19] for empirical research. The
model is based on a time-varying variance-covariance structure that allows capturing possible
changes in the underlying structure of the data in a more flexible and robust manner. Since
heteroscedastic processes are usually better than homoscedastic processes, the time-varying
variance—covariance structure is beneficial to the model to produce regression results that are
more consistent with economic reality. Specifically, this article first defines an n- order VAR
model for the input time series Y;:

K
Y, = Z Y, tg
k=1

Among them: Y; = (Y1, Y25 . -, Yap)- € € (0, X)is a vector of independent and identically dis-
tributed disturbances. In this paper, Y, represents the time series of financial markets, carbon
markets, and energy markets. The same expression using a moving average is:

Yt = - Akgt—l +&

k=0

The N x N coefficient matrix A; obeys recursion A, = ®, A, | + A, , + -+ A,
where Ag is N x N the identity matrix, and i when it is less than 0, A; = 0. After constructing
the spillover effects and eliminating the possible dependence of the results on the order, vari-
ance decomposition was performed. Variance decomposition allows an assessment of the pro-
portion of the forecast error variance that is due to a shock Y; for each i # j forecast Y.

By utilizing the generalized VAR framework, the problem that variance decomposition
depends on the order of variables is circumvented. This framework produces an ordering-
invariant variance decomposition that does not attempt to orthogonalize shocks but instead
allows for correlated shocks but accounts for them appropriately using historically observed
error distributions. Since the shocks to each variable are not orthogonalized, the contributions
to the forecast error variance do not necessarily sum to unity. So, when i,j = 1,2,- - -,N, and i #
, is defined to represent ()f;(H )the step prediction error variance decomposition H = 1,2,- - -of
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KPPS, for H, there is:

o i (94T e)
f:o (eﬁAh ZA/hej)

where is Y, the variance matrix of o;; the error vector, € is i the standard deviation of the error
term of the equation, e; is i the selection vector whose element is 1, and the others are 0. As
mentioned above, the sum of the elements in each row of the variance decomposition table is

not equal to 1, that is ZL ¢(H) # 1.In order to use the information available in the variance

decomposition matrix when calculating the spillover index, we normalize each entry of the
variance decomposition matrix by a row sum:

N oA
Note that the construction Zw . (H) =Nand >, 03(H) = 1.
Using the volatility contribution from variance decomposition, a total volatility spillover

index can be constructed:

N ~
TSI = Sg(H) — Z’J Li#j Qg( ) _ Zi.j:17i¢j Hi(H)

> O5(H) N

The total spillover index measures the contribution of the spillover effects of category vola-
tility shocks to the total forecast error variance. In this paper, TSI is the overall spillover index
between the financial market, carbon market, and energy market.

Net volatility spillover provides summary information on the net contribution of each
domain to the volatility of other domains. It is also interesting to examine net volatility for
spillovers, which we define as:

L B
S O(H) S 0 (H)

Among them: is the impact transmitted j from the market to the total

(H) 0% (H)
Zk 1 xk Z:] 1 A]k
volatility, is the impact i transmitted i from the market j to the total volatility. For example, it
can represent volatility spillovers from the financial market to the carbon market. The net pair-
wise volatility spillover between i and the market is simply j the difference between the total
volatility shock i transmitted from the market to j and the total volatility shock j transmitted
from to. i Through net volatility spillover, the volatility spillover effect of the independent vari-
able on the dependent variable can be obtained, thereby constructing the risk relationship
between variables.
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Pairwise directed overflow is defined as:

DSI_(H) ===7 7"~ 5100
' Yo 05(H)
M
N O(H
DSI,_(H) _ 2 ) g

- X O(H)

The paired spillover index here refers to the intensity of the volatility spillover effect
between two markets.

Opverall, the advantages of DY spillover index are summarized as follows:

Firstly, the DY spillover index not only considers the direction of spillovers, but also the
size of spillovers, which can include carbon, energy, and financial markets in a framework for
analysis. Secondly, the DY spillover index can compare the size of spillover effects between dif-
ferent markets, providing valuable reference information for policy makers and investors. By
comparing the spillover effects of carbon markets, energy markets, and financial markets, we
can better understand the interrelationships and impacts between markets. Thirdly, the DY
spillover index is sensitive to small changes in the market and can capture the interactions and
impacts between carbon markets, energy markets, and financial markets. This enables the
method to reflect market changes and trends in a timely manner.

However, the DY spillover index also has certain limitations.

Firstly, the DY spillover index method relies on a large amount of historical data to calculate
spillover effects, and in the face of certain emerging markets or insufficient data, this method
may be difficult to obtain accurate results. However, the EU carbon market selected in this
article as the research object is one of the largest carbon markets in the world, which has been
in operation for more than ten years and has entered the fourth stage since 2021. This means
that the EU carbon market is relatively mature and can provide sufficient historical data for
analysis. In addition, for financial markets and traditional energy markets, their operating
time is longer and more mature than carbon markets. The historical data of these markets is
also more abundant, which can better support the calculation and analysis of DY spillover
index. Therefore, the problem studied in this article can avoid the limitations of the DY spill-
over index method caused by insufficient data or immature markets. Secondly, the DY spill-
over index requires complex calculations and analysis, and may take longer to calculate for
large-scale market data. This may limit its application in real-time analysis and decision-mak-
ing. However, in this study, due to the sample interval we selected from January 1, 2013 to Feb-
ruary 10, 2023, after matching the same date data, we ultimately obtained 2242 pieces of data
as samples. In addition, a total of 9 indicators were selected for measurement in the financial
market, carbon market, and energy market of this article. This data scale is smaller than min-
ute and hour level data, but more abundant than monthly and quarterly data. Therefore,
through this compromise approach, we strive to enrich the extractable market information
while avoiding overly complex calculation and analysis processes. In this way, the potential
drawbacks of the DY overflow index method were successfully avoided in the research ques-
tion of this article.

4. Results and discussion
4.1 Data selection

As the world’s largest carbon market, the EU ETS has been operating for more than 10 years
and has gradually matured. It has entered the fourth stage starting in 2021, and the third stage
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Table 1. Indicator selection.

Classification Market
Dependent Variable EU carbon market

Influencing Factors Financial market

energy market

https://doi.org/10.1371/journal.pone.0295363.t001

has also accumulated rich experience since it was launched in 2013, achieving emission control
enterprises Both the total amount and intensity of carbon emissions have declined. Studying
the dynamic changes in its price will help to better understand the rules of carbon market
operation, and can provide valuable suggestions for the development of my country’s carbon
market. Therefore, this study selects the monthly data of EU emission allowance (EUA) futures
settlement prices as the main research object of this article. In addition, for the influencing fac-
tors of the carbon market, the closing prices of eight indicators in the financial market and
energy market were selected. The data were all sourced from the WIND database. The sample
interval was selected from January 1, 2013 to February 10, 2023. According to Common data
matching, the final sample size is 2242 data, the specific data selection and symbol sources are
as shown in Table 1:

The selected indicator closing prices is shown in Fig 1:

It can be seen from Fig 1 that the closing prices of each indicator show a non-linear trend.
For EU carbon market prices, they have shown an overall upward trend since 2013. It can be
seen from this that carbon prices have shown an overall upward trend since 2013, and there
has been a slight decline in 2020, indicating that the carbon market has also been affected by
the new coronavirus epidemic and has shown a downward trend in prices. After that, the epi-
demic was effectively controlled, and "carbon neutrality” The calls for "harm" and "peak car-
bon" and the EU carbon market entering the fourth stage in 2021. The superposition of three
major events has caused the EU carbon price to rise rapidly, from less than 40 euros/carbon
dioxide equivalent at the end of 2020 to a maximum of 90.81 Euro/CO2 shows that the current
international market pays more attention to emission reduction and effectively reduces carbon
emissions through market means, thereby completing the dual carbon goals as planned.

Next, this article uses the formula R, = In(P,/P, ;) to obtain the logarithmic return sequence,
where is P, the daily closing price and is P, the market closing price of the previous day. Based
on these return data, we explore return spillovers between carbon, fossil energy and financial
markets. The specific income trend is as follows in Fig 2:

Fig 2 provides an intuitive visual representation that clearly reveals the significant volatility
clustering effects that exist across markets. This volatility aggregation effect usually stems from
the close connection and interdependence between markets. For example, when a large fluctu-
ation occurs in one market, this fluctuation may spread among other markets, causing the vol-
atility of other markets to also increase. Furthermore, we can see from the chart that most
markets saw significant extreme gains around 2020. This widespread return volatility may
stem from the global epidemic that year and the resulting turmoil in global financial markets.
Especially for BRENT crude oil returns and S&P SP500 returns, the volatility is more signifi-
cant. This may be attributed to price fluctuations in the crude oil market as well as large swings

Indicator Name Symbolic Representation Unit
Futures Settlement Price: EU Emissions Allowances EUA Euro/ton CO2 equivalent
United States: S&P 500 Index SP500 point
United States: Treasury Yield: 3 Month T-BILL %
spread BAA-AAA %
Paris CAC40 Index CAC40 point
London FTSE 100 Index FTSE100 point
Frankfurt DAX Index DAX point
Futures Closing Price: IPE British Gas IPE Pennies/sem
Futures settlement price: Brent crude oil BRENT USD/barrel
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Fig 1. Variable trend and distribution display.

https://doi.org/10.1371/journal.pone.0295363.g001

in the stock market. The dramatic fluctuations in S& P SP500 earnings may reflect the general
stock market environment that year. Due to the economic uncertainty caused by the epidemic,
investors may have had excessive panic and excessive optimism about the stock market, which
in turn led to the ups and downs of the stock market. The fluctuations in the BRENT crude oil
market may be due to the global epidemic having a major impact on the supply and demand
relationship in the crude oil market, resulting in violent fluctuations in crude oil prices.

4.2 Related tests and descriptive analysis

In addition, relevant statistical analysis of each variable was conducted, as shown in Table 2:

It can be seen from Table 2: The average return rate of BRENT crude oil is negative, while
the average return rate of other variables is positive. Among all markets, T -B ill has the largest
average return value and standard deviation. Secondly, the EU carbon market (EUA) has the
highest rate of return, indicating that the overall carbon market is developing well. From the ]
-B statistic, the corresponding P values are all 0.00, rejecting the null hypothesis, indicating
that all variables do not obey the normal distribution. Finally, the unit root test (ADF test) sta-
tistic shows that all-time series are stable at the 1% level. Secondly, the correlation between
each market and the EU carbon market is calculated, as shown in Fig 3.

It can be seen from Fig 3 that the correlation between EUA and financial market indicators
is relatively high, especially with the S&P 500 and the returns of the three major European
stock markets, such as CAC40 and DAX. Secondly, the correlation between the EU carbon
market and B RENT returns is also relatively large, indicating that overall, there is a significant
correlation between the EU carbon market, the financial market and the energy market.

PLOS ONE | https://doi.org/10.1371/journal.pone.0295363 December 14, 2023 9/21


https://doi.org/10.1371/journal.pone.0295363.g001
https://doi.org/10.1371/journal.pone.0295363

PLOS ONE Analysis of the spillover network between carbon, fossil energy and financial markets

BAA-AAA BRENT CAC40
4 2 10
1 05
2
0 00
" g
g 1 -05
2
2 -10
4 .3 15 ]
T T T T T T T T T T T T T T T T T T T T T T T T T 1 T T T T
1314 15 16 17 18 18 20 21 22 1314 15 18 17 18 19 20 21 22 1314 15 18 17 18 19 20 21 22
DAX EUA FTSE100
15 4 10
10 E .05 |
05 L
0 .00
un*
2 -05
05 F
10 4 -10
15 -6 15 |
R e B B L R R o e e o
1314 15 16 17 18 13 20 21 22 1314 15 16 17 18 19 20 21 22 1314 15 16 17 18 19 20 =21 22
IPE SP500 T-BILL
8 10 2
05 1]
4 N
00 ob
u*_ d
~08 1]
-4
10 2
8 15 3
O RUAURE L RO Rl B Bl R P RUURE VLS B R R Rl K R e RS L s R R e s e R R
1314 15 16 17 18 13 20 21 22 1514 15 16 17 18 19 20 21 22 1314 15 16 17 18 19 20 21 22

Fig 2. Variable rate of return trend display.
https://doi.org/10.1371/journal.pone.0295363.9002

4.3 Overflow network analysis

Next, the spillover index is measured using a rolling window size of 100 days (W) and a fore-
cast horizon of 10 days (H). The overall static overflow index is shown in Table 3:

Opverall, the overall spillover index between markets is 25.30%, indicating that there are sig-
nificant spillover risks between markets. From a diagonal perspective, whether it is financial
markets, energy markets or carbon markets, they are mainly affected by their own risk spill-
overs. Second, looking at each column, for example, looking at the first column, the EUA mar-
ket spilled out by 18.3% of the risk value. Among them, C AC40 and D AX in the financial
market have the greatest impact, and the B RENT crude oil spill risk in the energy market is
greater. It shows that when risks occur in the carbon market, they will be mainly transmitted

Table 2. Descriptive statistics and unit root test.

Statistics Mean Maximum Minimum Std. Dev. Jarque-Bera Prob ADF (Prob)
EUA 0.0012 0.2231 -0.4129 0.03 20718 0.00 0.00
SP500 0.0005 0.0897 -0.1277 0.01 22259 0.00 0.00
T_BILL 0.0019 1.3863 -2.2513 0.21 27072 0.00 0.00
CAC40 0.0003 0.0871 -0.1310 0.01 10078 0.00 0.00
DAX 0.0003 0.1041 -0.1305 0.01 9049 0.00 0.00
FTSE100 0.0001 0.0867 -0.1151 0.01 14260 0.00 0.00
BRENT -0.0001 0.1908 -0.2798 0.03 23424 0.00 0.00
IPE 0.0003 0.5849 -0.6356 0.06 48546 0.00 0.00
BAA_AAA 0.0000 0.3759 -0.2095 0.03 61193 0.00 0.00

https://doi.org/10.1371/journal.pone.0295363.t002
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FTse100  -0.007 0.026
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|

Fig 3. Correlation analysis.

https://doi.org/10.1371/journal.pone.0295363.9g003

Table 3. Overall inter-market spillover index.

to the European financial market and energy market. In comparison, the EU carbon market
has the smallest spillover to the bond market, at 0.1%. In addition, it can be seen that the S&P
500 has strong external spillovers. As a global weather vane, when risks occur in its stock mar-
ket, it will be transmitted to various markets quickly. In addition, from each row, changes in
the EU carbon market are mainly affected by DAX and C AC40, indicating that changes in
European market stocks will be transmitted to the EU carbon market. Next, Fig 4 shows the
directional connectivity network between markets.
According to the display in Fig 4, we can see that SP500, CAC40 and EUA play the role of
net senders of risk spillovers in the system. That is to say, the behavior of these markets in the

Variable EUA SP500 T_BILL CAC40 DAX FTSE100 BRENT IPE BAA_AAA From
EUA 99.2 0.1 0.0 0.2 0.4 0.0 0.0 0.2 0.0 0.8
SP500 2.9 96.5 0.3 0.1 0.0 0.2 0.0 0.0 0.0 3.5
T_BILL 0.2 0.1 99.3 0.0 0.0 0.1 0.0 0.0 0.2 0.7
CAC40 3.8 35.1 0.1 60.9 0.1 0.0 0.0 0.0 0.0 39.1
DAX 35 34.2 0.1 49.8 12.1 0.1 0.1 0.0 0.1 87.9
FTSE100 3.1 34.0 0.1 37.6 0.3 24.8 0.0 0.0 0.1 75.2
BRENT 33 7.3 0.3 0.6 0.6 2.9 84.8 0.1 0.1 15.2
IPE 1.5 0.4 0.1 0.6 0.3 0.1 0.6 96.4 0.1 3.6
BAA_AAA 0.1 0.3 0.3 0.0 0.1 0.2 0.2 0.0 98.7 1.3
To 18.3 111.4 1.3 88.9 1.7 3.7 1.0 0.4 0.6 227.3
To(inclu own) 117.5 207.9 100.6 149.8 13.8 28.5 85.8 96.8 99.3 25.30%
https://doi.org/10.1371/journal.pone.0295363.t003
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Fig 4. Directed connectivity network between markets.
https://doi.org/10.1371/journal.pone.0295363.g004

system will produce more risk spillovers to other markets. In contrast, other markets such as
DAX, FTSE100 and HK have become net receivers of risk and are more affected by other mar-
kets. It is worth noting that the carbon market has significant spillover effects on DAX and
BRENT, indicating that changes in the carbon market may have a significant impact on these
two markets. On the other hand, DAX, CAC40 and SP500 will also have a spillover effect on
the carbon market, which means that changes in these markets may have an impact on the

o Dynamic Spillover Index

50
40
30
20

10

0
1/6/2014 4/6/2015 7/6/2016 10/6/2017 1/6/2019 4/6/2020 7/6/2021 10/6/2022
Fig 5. System dynamic overflow index.
https://doi.org/10.1371/journal.pone.0295363.9005
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carbon market, making the carbon market vulnerable to their impact. From these results, we
can see that the spillover risk between financial markets is relatively large and there is a signifi-
cant co-movement effect. This linkage effect may come from the close connection and mutual
influence between different markets, such as the cross-border allocation of investment portfo-
lios and the financial settlement of cross-border trade. These factors cause fluctuations in dif-
ferent markets to have a certain chain reaction, so changes in one market may have a
significant impact on other markets.

4.4 Dynamic overflow index

Next, the dynamic spillover results during the sample period are presented. As shown in the
Fig 5 below, it provides a reference for analyzing the time-varying characteristics of spillover
effects.

In the time domain framework of dynamic analysis, the spillover index varies between
24.37% and 61.01%. Various economic and financial uncertainty events are important determi-
nants of increased total spillovers between carbon and financial and energy markets. During the
2020 COVID -19 epidemic, the total spillover rate increased sharply, reaching the highest value
at 61.01% when the global COVID-19 epidemic was at its worst (July 2020). and poses huge
risks to carbon and energy markets. This further confirms that under deteriorating economic
and financial conditions, investors react faster to the spread of negative information, leading to
significantly increased spillover effects. This suggests that as the risk event prolongs, the uncer-
tainty caused by the shock gradually intensifies the spillover effect. From the beginning of 2021,
as the epidemic control policies of various countries have gradually strengthened, the total spill-
over effect has declined, and the connection between the carbon market and the energy market
has decreased, but it still shows a high level, basically maintaining more than 30%.

4.5 Directional spillover index

Next, the dynamic risk spillovers between various markets are shown (Fig 6):

From the dynamic spillover index in Fig 6, CAC40, S P500 and EU carbon market E UA
have stronger risk spillovers to other markets, but this spillover changes dynamically over
time. On average, for the EU carbon market, spillovers peaked between 2015 and 2016, a
period when the EU carbon market underwent a series of policy changes, including tighter
regulations on the energy sector. Emission limits, expanded market coverage, etc. These
changes could lead to increased carbon price volatility, increasing risks in other markets. In
addition, the spillover effect of the EU carbon market reached its maximum in 2020. This may
be due to the impact of the 2020 epidemic. The epidemic may increase the spillover risk of the
EU carbon market in 2020 by affecting economic activities, supply and demand relations,
investor sentiment, and policy measures. However, it should be noted that this is only one of
the possible factors, and the specific impact is also affected by the complex interaction of other
factors and the market. Next, the dynamic risk overflow situation is shown:

According to Fig 7, we can see that the CAC40, DAX and FTSE100 suffered the largest risk
spillovers among the nine markets studied. This means that from the overall perspective of
these nine markets, these three markets have become net recipients of risk. In financial mar-
kets, this risk spillover phenomenon is often caused by the interdependence and linkage
between markets. For example, when one market experiences volatility, that volatility may
spread across other markets and cause volatility in other markets. It is also worth noting that
the carbon market will be most affected by external market spillovers in 2020. This may be
related to the occurrence of the new coronavirus pneumonia epidemic. Under the impact of
this global epidemic, all markets have been affected to varying degrees, and the carbon market
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Fig 6. Dynamic time-varying marginal spillover index.
https://doi.org/10.1371/journal.pone.0295363.9006

is no exception. Although the volatility of the carbon market may not be as pronounced as
other markets, the continued convergence of global macroeconomic, financial and commodity
markets make the carbon market inevitably affected by the transmission of fluctuations in
other markets. This means that any disturbance in other markets may affect the carbon mar-
ket, making it vulnerable to impacts from other markets. Next, we further present the dynamic
net spillover index. This index can help us better understand the spread and impact of volatility
across different markets. By calculating this index, we can more accurately grasp the interrela-
tionships and mechanisms between different markets, thereby better predicting and respond-
ing to market risks and fluctuations.

From Fig 8 we can gain insight into the complexity and sensitivity of financial markets.
Both markets, EUA and SP500, have been shown to be risk emitters throughout the study
period, which means that risk changes in these two markets will directly affect other markets,
highlighting their importance in the global financial system. On the contrary, DAX and
FTSE100 behave relatively conservatively. They act more as net spillover recipients of risks,
that is, they are more susceptible to other market risks, which further confirms the fragility
and sensitivity of financial markets. Especially during the COVID-19 epidemic, we can see a
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significant increase in the risk spillover effects of EUA and SP500. This may be because during
this period, the global supply chain and production network were severely impacted, leading
to greater instability in these two markets that were already sensitive to external risks. At the
same time, due to the impact of the epidemic on the global economy, a large amount of uncer-
tainty has also emerged in these two markets, further exacerbating risk spillovers. Overall,
these results indicate that financial markets are barometers of the global economic environ-
ment and are extremely sensitive to changes in the macroeconomic environment in which
they operate. When faced with external risks, financial markets can quickly respond to and
transmit these risks, thus having a profound impact on the global economy. This also reminds
us that as globalization deepens today, we need to pay more attention to the supervision and
risk management of financial markets to prevent its fluctuations from causing excessive impact
on the global economy.

4.6 Pairwise overflow index

Figs 6 and 7 plot dynamic pairwise directional spillovers between carbon and energy markets.
Negative spillover values indicate that other markets have net spillovers to the carbon market,
and positive values indicate that the carbon market has net spillovers to other markets. Fur-
thermore, this paper finds that the dynamic transmission properties of carbon, financial and
energy markets vary across energy types.

In Fig 9, we observe pairwise spillovers between the EU carbon market (EUA) and eight
other markets. This figure clearly shows that the EU carbon market has a significant impact on
other markets, and this impact is increasing year by year, forming a powerful spillover effect.
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This phenomenon fully illustrates the important position of the EU carbon market in today’s
global market. The status of the EU carbon market is increasing year by year, and there are
many factors behind this trend. First of all, as one of the world’s largest economies, the EU’s
policy influence cannot be ignored. The EU carbon market policies and measures can often
affect other countries and regions, thereby affecting the global carbon market. Secondly, the
EU carbon market has a relatively complete mechanism, strong policy implementation, and
high credibility and transparency. This has enabled the EU carbon market to attract a large
amount of investment and transactions, further consolidating its dominant position in the
global carbon market. The EU carbon market not only affects the financial market, but also
profoundly affects the energy market. In terms of financial markets, price fluctuations and pol-
icy adjustments in the EU carbon market have a significant impact on global financial invest-
ment. For example, the EU carbon market’s emission reduction policies may lead to reduced
investment opportunities in certain industries, thereby affecting the flow of global capital. In
terms of the energy market, the EU’s carbon emissions trading mechanism has promoted the
development of clean energy and has had an important impact on the adjustment of the global
energy structure. In addition, the trading mechanism of the EU carbon market has also added
anew dimension to the fluctuation of energy prices, which has had a profound impact on the
global energy market. In short, we can see from Fig 9 that the EU carbon market has significant
spillover effects on other markets, which fully proves its dominant position in the global car-
bon market. Over time, this spillover effect may further intensify, having a greater impact on
global financial and energy markets. Therefore, we must pay close attention to the dynamics of
the EU carbon market in order to better understand and respond to its impact on the global
economy and energy landscape.
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5. Conclusion

As climate change becomes a major global issue, recognition of the need for an energy transi-
tion is profoundly changing the link between carbon and energy markets. This study combines
the DY method to explore the spillover effects between carbon, fossil energy and financial mar-
kets. Then, this study introduces the marginal net risk spillover index to analyze the intensity,
sources and channels of cross—market risk contagion during the sample period. Several con-
clusions can be drawn from this.

(1) The spillover effects between carbon markets, financial markets, and energy markets
change over time and are strongly influenced by extreme events. During the sample period,
the overall spillover index was 25.30%, indicating that the mutual influence and interaction
between the three markets were relatively small. However, during the COVID-19, the spill-
over index of spillover effect increased significantly, reaching more than 60%. This high
overflow index may reflect multiple factors. Firstly, the pandemic has had a significant
impact on the global economy and financial markets, leading to disruptions in production
and operation in many industries, thereby affecting the supply and demand relationship in
the carbon and energy markets. In short, the spillover effects between carbon markets,
financial markets, and energy markets change over time and are influenced by multiple fac-
tors. During the COVID-19, the spillover index of spillover effect rose sharply, which may
lead to market volatility and instability. Therefore, for investors, they can adjust their
investment by paying attention to changes in the spillover network, especially during the
pandemic. Due to the strengthened connectivity of the three markets, when investors have
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already invested in the carbon market, financial market, and energy market, they can shift
to other markets for risk diversification and avoid losses. For the government, it is impor-
tant to closely monitor the changes in the dynamic spillover index. When the spillover
index between the three is high, the carbon market can be regulated by regulating the finan-
cial and energy markets. For example, around 2020, T-BILL had a significant spillover effect
on the carbon market. Therefore, the government can influence T-BILL by adjusting the
money supply or tax revenue, and then transmit it to the carbon market to regulate carbon
market prices.

(2) There are significant differences in the spillover effects of different financial, energy, and

carbon markets, which may be related to the characteristics and development stages of dif-
ferent markets. This may be related to the characteristics and development stages of differ-
ent markets. Therefore, when formulating carbon neutrality related policies, it is necessary
to understand the spillover effects between different markets in order to better predict mar-
ket dynamics and formulate appropriate policies. The carbon market is a relatively emerg-
ing market, with relatively active price fluctuations and trading activities, making it more
susceptible to the influence of other markets. Specifically, the carbon market is susceptible
to shocks from markets such as Brent crude oil, CAC40, and DAX. This may be related to
the high correlation between these markets, as they are both important energy and financial
markets and closely related to the global economic and trade situation. In the long run, the
carbon market may be a net spillover emitter, transmitting spillover effects to other markets
such as the bond market and natural gas market. Therefore, it is necessary to promote the
mature development of the carbon market in order to better play its role in controlling car-
bon emissions. The government can take measures to increase investors’ confidence and
participation in the carbon market, such as providing policy and financial support, estab-
lishing a sound regulatory system, etc. In addition, governments and financial institutions
need to closely monitor the spillover effects between different markets, strengthen macro
prudential management and risk control, to ensure economic and financial stability. In
addition, it is necessary to strengthen the establishment and improvement of cross market
supervision and cooperation mechanisms, in order to better serve the sustainable develop-
ment of the economy and society.

(3) During the COVID-19, the global market suffered an unprecedented impact, and the spill-

over effect between the carbon market, the fossil energy market and the financial market
increased significantly. In this crisis, the carbon market has become a major risk generator,
indicating their increasing influence. Firstly, due to the serious impact of the epidemic on
the global economy, governments around the world have taken various measures to control
the spread of the epidemic, which has led to changes in the global energy consumption
structure. As people travel and gather less, commercial and industrial activities decrease,
and the demand for energy also correspondingly decreases. In this situation, the fossil
energy market has been severely affected, with prices of energy such as oil, natural gas, and
coal plummeting significantly. However, the carbon market has emerged in this crisis. The
carbon market is a financial market that trades carbon emission rights. It is market-oriented
and promotes enterprises to reduce carbon emissions and achieve environmental protec-
tion goals. Due to the high liquidity and transparency of the carbon market, it can attract a
large amount of funds and investors’ attention. In this context, the carbon market has grad-
ually become the main risk transmitter. Due to the close correlation between carbon market
price fluctuations and the fossil energy market, carbon market price fluctuations can also
have an impact on the fossil energy market. In addition, price fluctuations in the carbon
market may also have an impact on the financial market, as price fluctuations in the carbon
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market may affect corporate profits and cash flows, thereby affecting stock and bond prices.
Therefore, the government should strengthen regulation, establish stricter carbon emission
standards, and promote enterprises to reduce carbon emissions. At the same time, the gov-
ernment should also increase investment in the carbon market and encourage more com-
panies and investors to participate in carbon market trading. In addition, the coordinated
development of the fossil energy market and the carbon market should be promoted. The
government should formulate more flexible energy policies, encourage enterprises to trans-
form their energy consumption structure, increase support for clean energy, and promote
the coordinated development of the fossil energy market and carbon market. Overall, the
research in this article indicates that the fossil energy market has been severely affected by
the pandemic, while the influence of the carbon market is gradually increasing. The govern-
ment can take measures to promote the transformation of energy structure, increase sup-
port for clean energy, encourage enterprises to change their energy consumption structure,
reduce carbon emissions, and achieve carbon peaking and carbon neutrality faster and
better.
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