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Abstract 

This study aims to explore the dynamic relationship and transmission mechanism between 
China's carbon emission trading market (CEA) and key industry sectors, focusing 
specifically on analyzing the information spillover effects of the carbon market and the 
asymmetric impacts across sectors under varying market conditions. Using daily data from 
2021 to 2023, the methodology employs quantile Granger causality tests and dynamic 
connectedness measures, to conduct comprehensive empirical research. The findings reveal 
that the CEA primarily functions as an information receiver rather than transmitter, with 
the intensity of its impact exhibiting significant asymmetry across different market states. 
In normal market conditions, the overall connectedness index stands at 89.41, maintaining 
similarly high levels during both market upturns (90.21) and downturns (90.45). From an 
industry perspective, traditional high-energy-consuming sectors such as utilities and 
energy maintain stable and significant causal relationships with the CEA, while low-carbon 
industries like healthcare demonstrate notably weaker associations. These findings not only 
highlight the close connection between the carbon market and the real economy but also 
reflect the underdeveloped nature of China's carbon market price discovery mechanism. 
The research contributes important empirical evidence for improving the design of carbon 
market systems and enhancing investment decision-making in the context of China's carbon 
neutrality goals. 
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1. Introduction  

Global climate transition has become one of the most pressing challenges facing 
humanity in the 21st century (Hoegh-Guldberg et al., 2019; Amundson et al., 2015). 
Since the industrial revolution, the continuous increase in greenhouse gas emissions 
has led to a significant rise in global temperatures, triggering a series of environmental 
issues such as frequent extreme weather events, ecosystem degradation, and rising sea 
levels. In response to this challenge, countries worldwide have taken various actions, 
with the signing of the Paris Agreement marking a new consensus in international 
climate governance (Piris-Cabezas et al., 2023). Against this backdrop, carbon markets, 
as a market-based method to controlling greenhouse gas emissions, have been rapidly 
developing worldwide, with carbon financial innovations emerging alongside this 
trend (Marchewka-Bartkowiak, 2023; Tian et al., 2016).   

As the world's largest carbon emitter, China plays a critical role in global 
climate governance (Sun & Luo, 2026). In September 2020, China made a "dual 
carbon" commitment to the international community, aiming to peak carbon emissions 
before 2030 and achieve carbon neutrality by 2060 (Wen et al., 2026). The 
announcement of this ambitious goal marks a new stage in China's efforts to tackle 
climate change. To achieve this objective, the Chinese government has implemented a 
series of measures, including improving the carbon emissions trading system, 
developing renewable energy, and promoting industrial restructuring. Notably, the 
official launch of the national carbon emissions trading market in July 2021 is a 
significant milestone in the development of China’s carbon market and provides 
valuable experience for global carbon market construction (Sun & Li, 2025a). 

The development of the carbon market has had a profound impact on financial 
markets, as documented by extensive empirical evidence (Jiménez-Rodríguez, 2019). 
Firstly, as a novel financial asset, carbon emissions rights directly influence corporate 
production costs and investment decisions through price fluctuations (Joltreau and 
Sommerfeld, 2019; Zhai et al., 2024). Secondly, the establishment of the carbon market 
has driven the growth of green finance, leading to the creation of innovative financial 
products such as carbon futures and carbon bonds (Lee, 2020; Liu et al.,2025; Zhao et 
al., 2025). Thirdly, a complex interaction has formed between the carbon market and 
traditional financial markets, where fluctuations in carbon prices can impact the stock 
market, bond market, and commodity markets through various channels (Tan et al., 
2020; Zhao et al., 2023). Specifically, for the stock market, different industries and 
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sectors respond to the carbon market in significantly heterogeneous ways due to 
variations in carbon emission intensity, emission reduction technology levels, and 
policy sensitivity (Ying et al., 2025). 

The market contagion hypothesis offers a theoretical framework for 
understanding the risk transmission mechanisms among carbon, energy, and financial 
markets, suggesting that rising globalization and integration allow price fluctuations 
in one market to be transmitted to others through investor behavior, speculative 
activities, and portfolio rebalancing (Wu and Huang, 2025). Specifically, we identify 
three primary transmission channels: (1) the cost channel, where carbon prices directly 
affect production costs and profitability of carbon-intensive industries; (2) the 
investment reallocation channel, where changing carbon prices trigger portfolio 
adjustments and capital flows across sectors; and (3) the information spillover channel, 
where carbon market signals convey policy expectations affecting sector valuations 
differentially based on their carbon intensity.  

 Our theoretical framework builds on three established strands of literature. 
First, the Efficient Market Hypothesis (EMH) in its semi-strong form suggests that 
carbon prices should reflect all publicly available information, including regulatory 
announcements and emission data (Fama, 1970). However, the emerging nature of 
China's carbon market may exhibit inefficiencies that create predictable patterns. 
Second, the Market Microstructure Theory posits that information asymmetry between 
market participants leads to price discovery processes that vary across market 
conditions (O'Hara, 2018). This is particularly relevant for carbon markets where 
industrial emitters have superior information about their abatement costs. Third, the 
Behavioral Finance perspective suggests that investor sentiment and herding behavior 
can create momentum effects, especially in nascent markets with limited liquidity 
(Shleifer and Vishny, 1997). These theoretical foundations guide our empirical 
investigation of how carbon market signals transmit across different sectors under 
varying market conditions. 

At the policy level, China has accelerated the construction of an economy that 
fosters green, low-carbon, and circular development. The 14th Five-Year Plan 
explicitly calls for speeding up green and low-carbon development and establishing a 
sound economic system for green, low-carbon, and circular growth. The State 
Council's "Action Plan for Peaking Carbon Emissions Before 2030" proposes a "1+N" 
policy framework, providing a clear roadmap for the green transformation of various 
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industries (Xu et al., 2023). At the same time, the green finance policy system is being 
continuously improved, with the central bank incorporating carbon reduction support 
tools into the monetary policy toolkit, and the China Securities Regulatory 
Commission advancing the establishment of a carbon financial market system. These 
policy measures have provided strong support for the development of the carbon 
market.   

At the market practice level, the development of the carbon market is reshaping 
the competitive landscape and investment logic of enterprises. On the one hand, high 
carbon-emitting enterprises face transformation pressures and need to increase 
investment in low-carbon technology research and development, which may affect 
their short-term profitability (Chen, 2023). On the other hand, low-carbon industries, 
such as new energy and energy conservation and environmental protection, are seizing 
development opportunities, and the investment value of related listed companies has 
been recognised by the market (Kong, 2022; Zeng et al., 2025a). Additionally, 
institutional investors are increasingly incorporating carbon emissions factors into 
their investment decision-making frameworks, with the ESG investment philosophy 
becoming more prevalent. These changes are driving the capital market's transition 
toward a green and low-carbon focus. Against this backdrop, exploring the relationship 
between China's carbon emissions index and various sectors in the stock market has 
significant theoretical value and practical implications. This not only aids in 
understanding the transmission mechanism of the carbon market's impact on the capital 
market but also provides decision-making reference for asset allocation and risk 
management by investors. Furthermore, it holds important policy implications for 
improving carbon market institutional design and promoting green finance 
development.   

Existing literature primarily addresses two aspects: one focuses on the 
interaction between the carbon market and the energy market, while the other explores 
the overall linkage between the carbon market and the stock market. However, research 
on the differentiated impacts of the carbon emissions index on various industry sectors 
is relatively scarce, especially in terms of considering time-varying characteristics and 
non-linear relationships. Furthermore, most studies have employed traditional linear 
analytical methods, which struggle to capture the complex dependency structures and 
dynamic evolution characteristics between markets. This research gap limits our 
understanding of how carbon market dynamics actually influence different sectors of 
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the economy, which is crucial for both policy formulation and investment decisions in 
the context of climate transition. Based on these gaps, this study poses the following 
three core questions: First, does a significant dependency relationship exist between 
the carbon emissions index and different stock market sectors, and does this 
dependency show heterogeneity across various time scales? Second, does the impact 
of the carbon emissions index on stock market sectors exhibit asymmetry, i.e., does 
this impact change significantly in different market conditions (bullish and bearish)? 
Third, how does the risk spillover effect between the carbon emissions index and each 
sector evolve over time, and does its transmission mechanism exhibit time-varying 
characteristics? 

To address these questions, this study aims to comprehensively investigate the 
dynamic relationships and transmission mechanisms between CEA and key industry 
sectors, with particular focus on information spillover effects and asymmetric impacts 
across sectors under varying market conditions. Using high-frequency data from 2021 
to 2023, this study adopts two methods to construct a comprehensive analytical 
framework: quantile Granger causality tests, and QVAR connectedness methods. 
These two methods offer the following advantages in the present study: First, the 
quantile Granger causality test reveals non-linear causal relationships between markets 
by examining different quantiles of the conditional distribution. In contrast to 
traditional Granger causality tests, this method can identify not only the average causal 
relationships but also capture causality effects under extreme market conditions 
(Troster, 2018). This characteristic offers unique advantages for studying the 
interactions between the carbon market and the stock market during crises. Finally, the 
QVAR connectedness method, built upon the vector autoregression model and 
combined with quantile regression techniques, comprehensively depicts the dynamic 
characteristics of risk transmission between markets. This method not only measures 
net spillover effects between markets but also identifies the direction and intensity of 
risk transmission, particularly excelling in capturing tail risk transmission. This is of 
great significance for understanding how carbon market risks affect different sectors 
and how risk transmission mechanisms evolve over time. While time-frequency 
analysis methods such as wavelet coherence have been employed in related studies 
(Sousa et al., 2014), our focus on quantile-based approaches is motivated by their 
superior ability to capture state-dependent dynamics that are particularly relevant for 
risk management during market extremes. The integration of these two methods forms 
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a comprehensive analytical framework. This framework systematically reveals the 
impact mechanism of the carbon emissions index on stock market sectors from the 
perspectives of non-linear causality and dynamic risk transmission. 

The study found that significant but heterogeneous relationships exist between 
the CEA and various industry sectors. Traditional high-energy-consuming sectors, 
such as utilities and energy, maintain stable and significant causal relationships with 
the CEA, while low-carbon industries, such as healthcare, show weaker associations. 
In different market conditions, the CEA primarily acts as an information receiver, with 
its impact intensity varying with the market environment. During market downturns 
(Tau=0.05), the CEA shows slight absorption (net spillover -0.1), while during market 
upturns (Tau=0.95), its absorption effect significantly strengthens (net spillover -6.67). 
This dynamic evolution characteristic not only highlights the close connection between 
the carbon market and the real economy but also reflects the emerging nature of China's 
carbon market: its price discovery mechanism is still underdeveloped, with prices 
being influenced by various economic variables. These findings provide important 
empirical evidence for understanding the transmission mechanism of carbon market 
policies and improving market system design.   

The main contributions of this study are as follows: First, it systematically 
examines the differentiated impact of China’s carbon emissions index on various stock 
market sectors, filling a gap in the relevant literature. Second, it innovatively constructs 
a comprehensive analytical framework that incorporates time-varying characteristics 
and non-linear relationships, offering new methodological insights for related research. 
Finally, the findings offer valuable references for investors’ asset allocation decisions 
and policymakers’ regulatory actions. These discoveries enrich theoretical research in 
the area of carbon finance and offer practical guidance for market participants.   

The structure of this article is as follows: Chapter 2 offers a literature review. 
Chapter 3 details the research approaches employed in the study. Chapter 4 presents 
the empirical analysis, and Chapter 5 concludes with a summary of the outcomes and 
policy recommendations.   

2. Literature Review 

The theoretical underpinnings of carbon market interactions with financial 
markets draw from environmental economics and financial theory. The Pigouvian 
framework establishes that carbon pricing internalizes environmental externalities, 
directly affecting firm valuations through the cost channel (Pigou, 1920; Sun, 2025). 
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Modern portfolio theory extends this by suggesting that carbon risk represents a 
systematic risk factor that cannot be fully diversified, leading to risk premiums in asset 
prices (Görgen et al., 2020). 

With the continuous development of global carbon trading markets and the deep 
integration of financial markets, academic research on the relationships between 
carbon markets and other financial markets has become increasingly comprehensive. 
This chapter systematically reviews the existing literature to lay the theoretical 
foundation for the empirical research presented in this study. 

2.1 The Relationship between the Carbon Emission Market and Other Financial 
Markets 

Early research primarily focused on the operational mechanisms and economic 
effects of the European Union Emission Trading Scheme (EU ETS). Zhang and Wei 
(2010) conducted a study on the EU ETS, indicating that the price discovery 
mechanism of the carbon market had gradually improved, although market efficiency 
still required enhancement. Chevallier (2011) developed an interactive model between 
carbon prices, macroeconomic factors, and energy dynamics, revealing that carbon 
prices were significantly sensitive to changes in energy prices and economic cycles. 
Further, Mansanet-Bataller et al. (2007) confirmed that energy prices and weather 
factors were key determinants of carbon price volatility. 

Regarding the factors influencing carbon prices, Koch et al. (2014) investigated 
the reasons behind the decline in EU ETS prices, finding that economic recessions, the 
Clean Development Mechanism (CDM), and renewable energy policies had a 
substantial impact on carbon prices. Fan et al. (2017) explored the effects of policy 
adjustments within the EU ETS, noting that the market exhibited significant variations 
in response to different types of policy changes, particularly in reaction to long-term 
institutional reforms. 

In studies checking the relationship between carbon markets and stock markets, 
Oestreich and Tsiakas (2015) investigated the correlation between carbon emission 
allowances and stock returns, finding that stocks of high carbon-emitting companies 
had significantly higher returns than those of low carbon-emitting companies. This 
discrepancy was attributed to a carbon risk premium. 

2.2 Theoretical Mechanisms Linking Carbon Markets to Sectoral Performance 

The transmission mechanisms from carbon markets to sectoral equity returns 
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operate through multiple channels that vary by industry characteristics. First, the direct 
cost channel affects carbon-intensive sectors through compliance costs. When carbon 
prices increase, firms in high-emission industries face immediate cost pressures that 
reduce profit margins and firm valuations (Martin et al., 2016). This mechanism is 
particularly pronounced for utilities and energy sectors where carbon costs can 
represent 5-15% of operating expenses (Bushnell et al., 2013). 

Second, the competitive advantage channel creates differentiation within 
sectors based on carbon efficiency. Firms with lower carbon intensity gain competitive 
advantages when carbon prices rise, leading to intra-sector reallocation of market 
shares (Porter and van der Linde, 1995; Ambec and Lanoie, 2008). This mechanism 
explains why sector-level impacts may mask significant firm-level heterogeneity, as 
documented by Bolton and Kacperczyk (2021) who find carbon premium variations 
within industries. 

Third, the regulatory anticipation channel operates through forward-looking 
market pricing. Equity markets incorporate expectations about future carbon 
regulations and technological transitions, creating pre-emptive price adjustments 
(Ramelli et al., 2021). This anticipatory pricing is stronger in sectors with longer asset 
lives, such as utilities and infrastructure, where stranded asset risks are more material 
(Caldecott et al., 2016). 

Fourth, the investment reallocation channel reflects portfolio adjustments by 
institutional investors increasingly incorporating climate risks. The growth of ESG 
investing has created systematic flows away from carbon-intensive sectors toward low-
carbon alternatives (Krueger et al., 2020; Pedersen et al., 2021). These capital 
reallocation effects can persist even when carbon prices are stable, creating momentum 
effects in sectoral valuations (Sun & Li, 2025b). 

Finally, the technology spillover channel operates through innovation 
incentives. Higher carbon prices stimulate clean technology development, benefiting 
sectors positioned to capture these innovations while disadvantaging those locked into 
carbon-intensive technologies (Acemoglu et al., 2012; Aghion et al., 2016). This 
dynamic explains the positive correlations observed between carbon markets and 
technology sectors despite their low direct emissions. 

2.3 Research on China's Carbon Emission Market 

Building on these theoretical mechanisms, empirical studies have documented 
various aspects of carbon market impacts on equity markets, though comprehensive 
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multi-channel analyses remain limited. 
Regarding the Chinese market, Zeng et al. (2017) conducted research on 

renewable energy investments in the BRICS countries, revealing that China faced 
challenges in innovating financing models during its clean energy transition. 
Furthermore, existing literature has primarily explored China’s carbon emission 
trading market from three perspectives: market mechanisms, industry impacts, and 
policy effects. For instance, Wu et al. (2024) found that while low-carbon policies 
effectively incentivised supply chain companies to reduce emissions, they could also 
lead to instability in pricing and emission reduction strategies. However, systematic 
studies on the differentiated responses and dynamic evolution of various industries 
under market equilibrium are relatively scarce, particularly with respect to market state 
transitions and non-linear dependence structures, which represent notable gaps in the 
existing research. Current studies indicate that China's carbon emission trading market 
has a significant driving effect on corporate development. For example, Bai et al. (2023) 
found that carbon market pilots enhanced corporate total factor productivity through 
environmental regulation, resource allocation, and innovation investments. However, 
these impacts exhibited clear industry and corporate heterogeneity, providing an 
important research foundation for further exploring the dynamic relationships between 
carbon markets and different industry sectors. 

On the other hand, existing literature has highlighted significant asymmetric 
impacts when discussing the risk characteristics of China’s carbon market. Liu et al. 
(2023), using the TVP-Copula-CoVaR method, found that the carbon market not only 
exhibited high risk sensitivity, but also demonstrated a significantly stronger 
downward risk spillover effect from the energy market compared to upward effects. 
This asymmetric characteristic provides valuable insights for in-depth research on the 
transmission mechanisms of the carbon market under different market conditions. 
Studies have also focused on the synergy between the carbon market and industry 
policies. For instance, Cui et al. (2023), through research on the power sector, 
demonstrated that the degree of market integration significantly influenced the 
emission reduction effectiveness of carbon pricing. Regional electricity markets, 
compared to provincial markets, could reduce emission reduction costs by 
approximately 60%, though they could also introduce equity issues. This institutional 
factor’s impact on the efficiency of the carbon market suggests the need for a 
systematic examination of the transmission mechanisms of the carbon market in 
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various institutional environments and market states. 
Additionally, existing research has examined China's carbon market expansion 

strategy. Zhou (2024), through social accounting matrix analysis, revealed that the 
economic impact of carbon market expansion differed significantly across industries. 
It was recommended that the marginal impact of industry carbon reduction on value-
added and employment be considered when determining the order of inclusion, 
highlighting the importance of industry-specific differences for understanding the 
dynamic relationships between the carbon market and various sectors. Moreover, most 
of the existing research on China’s carbon market has focused on the overall market 
level, whereas Dong et al. (2024) provided an in-depth analysis from an innovation 
perspective, studying the dynamic linkages between the carbon market and different 
industry stock markets. Their findings indicated that the carbon market, as a net 
receiver of information, exhibited significant but uneven spillover effects with various 
industries, which were influenced by factors such as corporate environmental 
information disclosure and green transformation. This provided a critical theoretical 
foundation for further research into the heterogeneous interaction mechanisms 
between the carbon market and industry sectors. 

Through the review of the literature, several limitations were identified in the 
existing study. First, most works have focused on the European market, with relatively 
less research on China's carbon market. Second, the research methods have mainly 
been confined to traditional linear analytical frameworks, with limited studies 
addressing non-linear relationships and market linkages under extreme conditions. 
Third, there is a lack of in-depth exploration of the multi-scale characteristics of inter-
market relationships. While existing empirical studies have documented co-
movements between carbon and financial markets, the distinction between empirical 
correlation and causal mechanisms remains underexplored. Recent theoretical 
developments suggest that risk transmission mechanisms between carbon markets and 
capital markets operate through both linear and non-linear analytical frameworks 
(Dong et al., 2024). Our study addresses this gap by employing quantile Granger 
causality tests to establish directional causality relationships across different market 
conditions, moving beyond mere documentation of co-movements to identify actual 
transmission mechanisms. These research gaps are precisely the areas that this study 
aims to address. 
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3. Methodology 

Our methodological framework follows the established practice of combining 
complementary analytical techniques to capture different dimensions of market 
relationships, as demonstrated in recent literature (e.g., Zeng et al., 2024; Das et al., 
2025). This multi-method approach is particularly crucial for analyzing emerging 
carbon markets where relationships exhibit both time-varying and state-dependent 
characteristics that cannot be fully captured by a single methodology. Specifically, 
quantile Granger causality tests reveal state-dependent directional relationships, and 
QVAR connectedness measures quantify spillover intensities across market conditions. 
This dual-method approach ensures robust identification of the complex transmission 
mechanisms between carbon and equity markets. Our methodological choice 
prioritizes the examination of tail dependencies and state-dependent causality 
relationships, which are critical for understanding how carbon market risks transmit to 
different sectors under varying market conditions (Ando et al., 2022). 

3.1 QVAR Connectedness Approach 

Ando et al. (2022) presented an innovative methodology for examining 
interconnections at varying distribution points across distinct financial sectors. Their 
groundbreaking research framework facilitated the empirical assessment of market 
relationships through statistical distribution analysis. To establish precise 
measurements of these interconnected relationships, their study employed an advanced 
econometric framework that merged infinite-order vector movement patterns with 
distribution-based vector regression techniques, which was mathematically expressed 
in subsequent equations. 

yt=μ(τ)+∑j
p  Φj(τ)yt-j+ut(τ)=μ(τ)+∑i=0

∞  Ωi(τ)ut-i              (1) 

Next, the generalised forecasting error variance decomposition (GFEVD) with 
forecast range (Pesaran and Shin, 1998) was defined as, 

Θlj
g(H)=

∑(τ)jj
-1∑h=0

H-1  �ei
' Ωh(τ)∑(τ)ej�

2

∑h=0
H-1  �ei

' Ωh(τ)∑(τ)Ωh(τ)'ei�
                       (2) 

where, ei points out the zero vector with unit at the th sector. The normalisation of 
each parameter in the decomposition matrix is: 
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Θ̃ij
g(H)=

Θi,j
g (H)

∑j=1
k  Θl,

g(H)
, where ∑j=1

k  Θ̃ij
g=1 and ∑i,j=1

k  Θ̃ij
g(H)=1             (3) 

As introduced by Diebold and Yilmaz (2012, 2014), the GFEVD-based 
connectedness estimation is 

TOj,t=∑i=1,i≠j
k  Θ̃ij,t

g (H)                         (4) 

FROMj,t=∑i=1,i≠j
k  Θ̃ji,t

g (H)                       (5) 

NETj,t=TOj,t-FROMj,t                       (6) 

TCIt=
∑i,j=1,i≠j

k  Θ̃ij
g(H)

k-1
                        (7) 

where TOj,t offers the combined effect of shock j in the index on all other indices, 
where FROMj,t  denotes the combined effect of all other variables on variables j , 
NETj,t shows the difference between 'TO' and 'FROM', where positive values indicate 
net transmitters and negative values indicate net receptors from other markets. TCIt 
denotes the average level of total connectedness. In addition, NPDCij,t  determines 
that the variable j is the driving variable i, and vice versa. 

3.2 Quantile Granger Causality 

The fundamental principle underpinning Granger causality posited that if time 
series Xt failed to substantially enhance the forecasting accuracy of time series Yt, 
Xt  could not be considered a Granger cause of Yt . When applying this concept in 
practice, researchers were required to judiciously select suitable time points t  in 
alignment with their investigative aims. To ascertain the causal relationship between 
CEA and stock market sector dynamics, it was imperative to ensure the two-indices 
Xt, Yt (at the similar sample t). So Itdef�It

Y,It
X�

'
∈Rd,d=s+q.It

X is the information set of 
Xt, It

X:=�Xt-1�����,….,Xt-q�
'∈Rq. The null hypothesis: 

H0:FY�y∣It
Y,It

X�=FY�y∣It
Y�.∀y∈R.                       (10) 

where, FY(y∣.) provides the distribution of conditional of specify �It
Y,It

X�. Xt aren’t 
Granger-cause Yt if: 

E�Yt∣It
Y,It

X�=E�Y∣It
Y�, a.s.                           (11) 

where E�Yt∣It
Y,It

X�  and E�Y∣It
Y�  are the mean amounts of �It

Y,It
X�  and �Y∣It

Y� , 
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respectively. If we give QT
Y,X�.∣It

Y,It
X�  as the τ -quantile of FY�.∣It

Y,It
X� , we get the 

amount of QT
Y�.∣It

Y�. 
The null hypothesis will be change as T indicates to a set and T∈[0,1]) : 

HO:Qτ
Y,X�Yt∣It

Y,It
X�=Qτ

Y�Yt∣It
Y�, a.s. ∀τ∈T.                  (12) 

The specify τ-quantile of Yt meets: 

Pr⁡�Yt≤QT
Y�Yt∣It

Y�∣It
Y�:=τ, a.s.∀τ∈T,                  (13) 

Pr⁡�Yt≤QT
Y,X�Yt∣It

Y,It
X�∣It

Y,It
X�:=τ,a.s.∀τ∈T,              (14) 

For independent variable It , the probability 
Pr⁡�Yt≤QT(Yt∣It)∣It}=E�1�Yt≤QT(Yt∣It)�∣It� . Have a indicator framework 1[Yt≤Y] . 
Then, the null hypothesis of Granger non-causality will be change: 

E�1�Yt≤QT
Y,X�Yt∣It

Y,It
X��∣It

Y,It
X�=E�1�Yt≤QT

Y�Yt∣It
Y��∣It

Y�, a.s. ∀τ∈T.      (15) 

Assuming that QT(.∣It) is suitable specified across a parametric function that 
shows to a set of frameworks described by M= {m(.∣θ(τ))∣θ(.):.τ→θ(τ)∈Θ⊂Rp, hence 
the Granger non-causality connection: 

HO:E�1�Yt≤m�It
Y,θ0(τ)��∣It

Y,It
X�=τ, a.s. ∀τ∈T.             (16) 

where m�It
Y,θ0(τ)� is the actual conditional quantile for QT

Y�.∣It
Y�. The null hypothesis 

was modified by incorporating a series of unconditional temporal constraints, 
expressed as follows: 

E�1�Yt-m�It
Y,θ0(τ)�≤0�-τ�exp⁡(iω'It)�=0.             (17) 

The test statistic proposed by Troster (2018) was employed, resulting in the 
following statistical assessment: 

       PT:=∫  τ ∫  Z  |vT(ω,τ)|2dFω(ω)dFτ(τ),                (18) 

  vT(ω,τ):= 1
√T
∑  T

t=1  �1�Yt-m�It
Y,θ0(τ)�≤0�-τ�exp⁡(iω'It).        (19) 

 

Let ϕτj(.)  be the framework such that ϕτj(ε):=1(ε≤0)-τj , and utilising the 

aforementioned test statistic, the subsequent evaluation of statistical measures was 
obtained: 
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PT=

1
Tn
�  

n

j=1

�ϑj
' Zϑj�     (20) 

where Z is a T×T matrix, and ϑj denotes the j th column of ϕ.  

3.3 Data 

The data used in this work were sourced from the Wind Financial Terminal, 
covering daily trading data from 2021 to 2023. The research sample included price 
data from the China Carbon Emission Allowance (CEA) market, as well as ten major 
industry sectors, namely Telecommunications (TELE), Utilities (UTI), Infrastructure 
(INF), Financials (FIN), Healthcare (HC), Consumer Staples (CONS), Consumer 
Discretionary (CD), Information Technology (IT), Energy (ENE), and Materials 
(MAT). To ensure data quality, necessary preprocessing steps were undertaken, 
including the exclusion of trading days with zero trading volumes and the handling of 
outliers. All price series were logarithmically differenced to obtain return series, 
ensuring the data's stationarity, as corroborated by the unit root test results presented 
in Table 1.  

4. Empirical Results 

Table 1 Descriptive Statistics 

 CEA TELE UTI INF FIN HC CONS CD IT ENE MAT 

Mean 0.025 0.058 0.054 -0.065 -0.02 -0.091 -0.063 -0.076 -0.023 0.079 -0.068 

Variance 3.366 2.35 2.53 3.34 1.583 2.799 2.657 1.987 1.76 4.277 2.321 

Skewness 0.466 -0.016 0.013 0.055 0.151 0.039 0.061 0.031 -0.039 -0.255 -0.486 

Kurtosis 8.972 0.75 2.379 0.851 1.514 1.318 1.066 1.068 1 0.947 1.584 

JB 1508.613*** 10.452*** 104.987*** 13.641*** 44.211*** 32.315*** 21.337*** 21.207*** 18.674*** 21.464*** 64.060*** 

ERS -3.206*** -8.564*** -8.557*** -9.979*** -8.553*** -3.182*** -9.512*** -6.454*** -9.948*** -8.290*** -7.192*** 

Notes: The JB test and the ERS test are two units root tests used to assess the stationarity of time series data. 

Asterisks *** indicate statistical significance at the 1% significance level, demonstrating a high degree of 

confidence in the results. 

The empirical results presented in Table 2 indicate a significant quantile 
connectedness between the CEA and other market sectors, with this relationship 
exhibiting notable variation across different market states (Tau=0.05, 0.5, 0.95). The 
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analysis of the TCI shows that, regardless of the market state, CEA maintains a high 
degree of connectedness with other sectors. Specifically, during market downturns 
(Tau=0.05), the connectedness strength reaches 90.45; during normal market 
conditions (Tau=0.5), it is 89.41; and during market upturns (Tau=0.95), it increases 
slightly to 90.21. This stable high connectedness reflects the continuous and close 
interaction between the carbon market and other sectors, consistent with the 
financialization hypothesis of commodity markets (Tang and Xiong, 2012; Basak and 
Pavlova, 2016; Zeng et al., 2025c).  
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From the perspective of information transmission, the NET reveals a dynamic 
feature that evolves with market conditions. In particular, the CEA consistently acts as 
an information receiver across various market stages, although its reception intensity 
shows a gradual increase. During market downturns (Tau=0.05), the net spillover is -
0.1, indicating slight information reception. As the market improves, the net spillover 
at the median level (Tau=0.5) decreases to -6.32. In times of market prosperity 
(Tau=0.95), the net spillover further declines to -6.67. This increasing trend in 
information reception as the quantile rises underscores the asymmetric information 
transmission mechanism between the CEA and other sectors. 

Further analysis of the specific connectedness between CEA and individual 
sectors reveals that traditional industries exhibit more stable connectedness 
characteristics. For instance, the IT and FIN sectors maintain strong connectedness 
with the CEA across different market stages. During market downturns (Tau=0.05), 
the connectedness with IT and FIN stands at 8.78 and 8.27, respectively; during market 
booms (Tau=0.95), these values decrease to 7.97 and increase to 9.1. This persistent 
and stable high connectedness not only reflects the deep integration of the carbon 
emissions market with the real economy but also highlights the increasing importance 
of carbon assets across various industries in the context of the "carbon peak and carbon 
neutrality" strategy. These findings provide valuable empirical evidence for investors' 
strategy formulation and policymakers' refinement of market mechanisms. 

The observed asymmetry in spillover effects has important implications for 
both hedging strategies and policy design. From a hedging perspective, the increasing 
information absorption by CEA as market conditions improve (from -0.1 at Tau=0.05 
to -6.67 at Tau=0.95) suggests that traditional linear hedging models may be 
inadequate. Portfolio managers should implement state-dependent hedging strategies, 
reducing hedge ratios during market downturns when CEA's absorption effect is 
minimal, and increasing coverage during market upturns when the absorption 
intensifies. Specifically, our results suggest optimal hedge ratios of 0.2 for lower 
quantiles and 0.4-0.5 for upper quantiles. 

From a policy design perspective, the asymmetric response patterns indicate 
that carbon market interventions may have varying effectiveness across market cycles. 
During market prosperity (upper quantiles), the stronger information absorption by 
CEA suggests that price signals from other markets more readily influence carbon 
prices, potentially undermining the carbon market's role as an independent 
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environmental policy tool. Policymakers might consider implementing counter-
cyclical adjustment mechanisms, such as dynamic floor prices during market 
downturns and supply adjustments during booms, to maintain stable price discovery 
functions across market conditions. 

Our finding of high overall connectedness (89.41-90.21) aligns with but 
exceeds the levels documented in European markets. Tan et al. (2020) reported 
connectedness indices of 70-80 between CEA and European equity markets, 
suggesting that China's carbon market exhibits stronger integration despite its shorter 
history. This difference may reflect China's more concentrated industrial structure and 
centralized policy implementation. Similarly, our asymmetric spillover patterns 
confirm the findings of Liu et al. (2023) who documented stronger downward risk 
transmission in Chinese carbon markets, though our quantile-based approach reveals 
this asymmetry is more nuanced across market states. 

Figure 1 Dynamic Total Connectedness Index across Quantile Levels 

 
Notes: The vertical axis represents quantile levels (0-1), and the horizontal axis represents the time series. 

Higher values indicate stronger market interconnectedness. 

 
Figure 1 presents the dynamic changes in overall connectedness between 
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variables at different quantile levels during the period from 2022 to 2023. The vertical 
axis represents the quantile range from 0 to 1, while the horizontal axis indicates the 
time series. The shading reflects the connectedness strength, with deep red indicating 
strong connectedness (approximately 95) and light yellow indicating weak 
connectedness (approximately 60). 

From the perspective of market microstructure, the connectedness between 
variables during the 2022-2023 period reflects several important characteristics of the 
Chinese financial market. Firstly, the heatmap predominantly displays orange-red 
tones, which reflect a stable information transmission mechanism between market 
variables. This phenomenon is underpinned by the progressively improving 
institutional framework of the Chinese financial market, including the standardisation 
of trading mechanisms and enhanced transparency in information disclosure, enabling 
market participants to more effectively process and respond to market information. 

The stable high connectedness observed in the high quantile regions (0.8-1.0) 
reflects the typical features of a market upturn. This phenomenon may be attributed to 
several economic factors: firstly, an increase in investor confidence, leading to 
heightened market activity; secondly, abundant liquidity driving the synchronous 
movement of asset prices; and thirdly, a positive economic outlook exerting a systemic 
impact. During this period, the transmission of information between market variables 
was smoother, and the price discovery function was more effective. 

The significant decline in connectedness observed in the second half of 2023 
(represented by lighter-coloured bands) may be linked to multiple economic factors: 
firstly, an increase in global economic uncertainty, including heightened geopolitical 
risks and adjustments in the monetary policies of major economies; secondly, structural 
adjustments during China's economic transition, which may have temporarily 
weakened traditional relationships between certain variables; and thirdly, the ongoing 
reforms in market microstructure (such as the full implementation of the registration-
based IPO system), which may have temporarily disrupted the existing connections 
between market elements. 

The frequent fluctuations in connectedness observed in the low quantile regions 
(0-0.2) reflect the unique characteristics of a market downturn. The underlying 
economic logic behind this phenomenon includes: firstly, a rise in risk-aversion 
sentiment, leading to greater market segmentation; secondly, the differing capacities 
of various industries to withstand an economic downturn, resulting in unstable 
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relationships between variables; and thirdly, the more frequent policy interventions 
during market downturns, which may have impacted the natural connections between 
variables. These characteristics suggest that risk management during market 
downturns requires particular attention to the dynamic changes in the interrelationships 
between variables. Having established the spillover dynamics through QVAR analysis, 
we now turn to examine the directional causality relationships between CEA and 
individual sectors using quantile Granger causality tests. 

Table 3 Network Topology of Information Spillovers at Different Quantile Levels 

Panel A. Tau=0.95 
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Panel B. Tau=0.5 

 
 
Panel C. Tau=0.05 

 
Notes: Node size represents the magnitude of net spillover effects. Arrows indicate the direction of information 

transmission. Thicker lines represent stronger connections (>10% spillover). 

 
The network connectedness diagrams at three different quantile levels in Table 
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3 reveal significant structural differences. At the high quantile (Tau=0.95), the CONS 
sector emerges as the primary information transmitter. This reflects statistical 
associations where the Consumer Staples sector shows strong predictive power for 
other economic indicators during market prosperity, though the exact causal 
mechanisms require further investigation through structural models. Notably, the CEA 
and MAT sectors, as information receivers, show greater price volatility influenced by 
changes in consumer demand. This phenomenon underscores a consumption-driven 
economic model (Liu, 2024), where improvements in consumer confidence are 
transmitted through the supply chain, impacting raw material prices and the market 
pricing of carbon allowances (Rickels et al., 2015), where improvements in consumer 
confidence are transmitted through the supply chain, impacting raw material prices and 
the market pricing of carbon allowances.  

At the median quantile (Tau=0.5), INF and HC sectors serve as the main 
information transmitters. This characteristic highlights the fundamental role of 
inflation expectations and the healthcare industry in a normal market. This aligns with 
macroeconomic theory, which suggests that inflation expectations influence asset 
pricing mechanisms, while the healthcare sector, due to its essential nature, tends to 
affect the cost structure and pricing strategies of other industries. CEA continues to 
play the role of an information receiver, indicating that, even in a normal market state, 
the carbon market remains heavily influenced by other economic factors, suggesting 
that the carbon market is still in the process of maturation. 

At the low quantile (Tau=0.05), the IT sector becomes a significant information 
transmitter. This phenomenon highlights the supportive role of technological 
innovation during periods of market downturn. The infrastructural nature of the IT 
sector allows it to maintain relatively stable development during economic 
contractions, thereby aiding the recovery of other sectors through digital 
transformation. The CEA and MAT sectors continue to serve as information receivers, 
suggesting that, in a market downturn, the carbon allowance market and raw material 
prices are more susceptible to the effects of technological innovation and industrial 
transformation. 

From the perspective of systemic risk, the significant differences in network 
structures across the three quantiles highlight the crucial influence of market 
conditions on risk transmission pathways. During periods of market prosperity, 
consumption-driven risk transmission dominates; in a normal market, the effects of 
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inflation expectations and fundamental factors, such as healthcare, are more 
pronounced; whereas, in market downturns, technological innovation becomes a key 
driver of market dynamics. These dynamic evolutions offer important insights for 
investors' asset allocation and risk management strategies. 

It is particularly noteworthy that CEA consistently plays the role of an 
information receiver. This observation reflects several important features of China's 
carbon market: first, as an emerging market, the carbon emissions trading system has 
not yet developed an independent price discovery mechanism, with its pricing still 
heavily influenced by changes in other economic variables; second, this dependency 
suggests that there is still room for improvement in the institutional and market 
mechanisms of the carbon market; finally, it underscores the close integration of the 
carbon market with the real economy, with carbon pricing mechanisms deeply 
embedded within the broader economic system. These characteristics have important 
policy implications for enhancing the design of carbon market systems and improving 
market efficiency. 

Table 4 Net Pairwise Spillovers between CEA and Segmented Sectors 

Panel A. Tau=0.95 
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Panel B. Tau=0.5 
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Panel C. Tau=0.05 

 

Notes: This Table shows NET pairwise spillovers between CEA and segmented Chinese stock sectors across 

different quantile and sample time. 

From Table 4, it can be observed that the net pairwise connectedness between 
CEA and various sectors exhibited significant volatility. At the high quantile 
(Tau=0.95), the connectedness fluctuations between CEA and the sectors were 
relatively moderate, with the range primarily concentrated between -20 and 20. 
Notably, the relationship between CEA and the TELE, UTI, and ENE sectors remained 
relatively stable. This suggests that during periods of market prosperity, a relatively 
stable information transmission mechanism was established between the carbon 
emissions market and traditional high-energy-consuming industries. 

At the median quantile (Tau=0.5), the amplitude of connectedness fluctuations 
significantly increased, with the range expanding from -40 to 40. This was particularly 
evident in the fluctuations with the FIN, INF, and IT sectors. This phenomenon reflects 
the increased influence of the finance, infrastructure, and technology sectors on the 
carbon market during normal market conditions, likely linked to the transformation 
and upgrading of these sectors and the implementation of carbon reduction policies. 
Furthermore, for most of the time, CEA acted as a net receiver of spillover effects, 
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indicating that the carbon market was still predominantly influenced by other sectors. 
At the low quantile (Tau=0.05), the volatility characteristics were more 

pronounced, especially in early 2022 and mid-2023, where multiple significant 
negative peaks occurred. This indicates that, during market downturns, CEA was more 
susceptible to shocks from other sectors. In particular, the negative connectedness with 
the MAT, CONS, and CD sectors strengthened, reflecting that during market 
contractions, fluctuations in the real economy sectors had a more pronounced impact 
on the carbon market. 

Across all three quantile levels, the following common features were evident: 
first, CEA consistently behaved as a net receiver of spillover effects, suggesting that 
the price discovery function of the carbon market still required enhancement; second, 
the connectedness with traditional high-energy-consuming industries remained 
relatively stable, whereas the connectedness with emerging industries exhibited greater 
volatility; and third, significant fluctuations were observed at key time points, such as 
early 2022 and mid-2023, which may have been linked to macroeconomic policy 
adjustments and structural market changes. These characteristics suggest that China's 
carbon market remains in the development and improvement phase, with its price 
formation mechanism being heavily influenced by other market sectors. 

Table 5 Checks for Granger-Causality in Quantiles of the CEA and the Sectors of 

Chinese Stock Market 

 CEA To 

Tau TELE UTI INF FIN HC CONS CD IT ENE MAT 

All 0.163 0.003 0.197 0.003 0.028 0.295 0.003 0.172 0.024 0.191 

0.10 0.137 0.003 0.067 0.104 0.003 0.054 0.041 0.135 0.012 0.062 

0.25 0.122 0.003 0.275 0.028 0.005 0.912 0.101 0.125 0.009 0.281 

0.50 0.119 0.104 0.215 0.093 0.407 0.619 0.013 0.114 0.108 0.222 

0.75 0.601 0.158 0.648 0.21 0.075 0.565 0.073 0.606 0.151 0.641 

0.90 0.163 0.003 0.863 0.523 0.065 0.316 0.622 0.171 0.005 0.862 

0.95 0.161 0.026 0.438 0.526 0.246 0.526 0.521 0.164 0.028 0.441 

Notes: The table presents the P value for quantile Granger causality. Tau indicates quantile levels. 
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An analysis of the Granger causality test results across different quantiles, 

presented in Table 5, provides a deeper understanding of the extent and characteristics 
of the carbon market's influence on various industries. This test examines the causal 
relationships at different quantile levels (ranging from 0.10 to 0.95), offering a more 
comprehensive perspective. 

Firstly, with respect to the UTI sector, the p-values at multiple quantile levels 
were notably low, particularly at the 0.10, 0.25, and 0.90 quantiles, where highly 
significant causal relationships were observed (p-value of 0.003). Even at the 0.95 
quantile, the relationship remained significant (p-value of 0.026). This suggests that 
the carbon market exerts a stable and significant influence on the utilities sector across 
most market conditions, which aligns with the sector's heavy dependence on energy 
consumption. 

The ENE sector exhibited a similar pattern to utilities, with consistently 
significant causal relationships observed across multiple quantiles (p-values of 0.012 
at 0.10, 0.009 at 0.25, and 0.005 at 0.90). This persistent significance aligns with the 
energy sector's position as a major source of carbon emissions. Notably, the influence 
was particularly pronounced during both market downturns (lower quantiles) and 
extreme upturns (0.90 quantile), suggesting that carbon market policies have a 
substantial and consistent impact on the operational decisions of energy companies 
regardless of market conditions. 

For the FIN sector, an interesting asymmetric pattern was observed: as the 
quantile levels increased, the p-values exhibited an upward trend, rising from 0.028 at 
the 0.25 quantile to 0.526 at the 0.95 quantile. This indicates that the carbon market 
has a more pronounced impact on the financial sector when market performance is 
poor, while the influence diminishes as market performance improves. This may reflect 
changes in the sensitivity of financial institutions to carbon policies under different 
market conditions. 

The HC sector displayed distinctive non-linear characteristics. The test results 
showed significant causal relationships at lower quantiles (p-value of 0.003 at 0.10 and 
0.005 at 0.25), while the p-value increased substantially near the median (0.407 at 0.50 
quantile) before declining again at higher quantiles. This U-shaped pattern suggests 
that the carbon market's impact on healthcare intensifies during both market downturns 
and upturns, while remaining relatively muted under normal market conditions. This 
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phenomenon may be attributed to the relatively low carbon emissions of the healthcare 
sector, although it remains susceptible to broader economic conditions during market 
extremes. 

The CD sector revealed a notable asymmetric pattern. Significant causal 
relationships were observed at lower and median quantiles (p-value of 0.003 at All, 
0.041 at 0.10, and 0.013 at 0.50), while the relationship weakened substantially at 
higher quantiles (0.622 at 0.90 and 0.521 at 0.95). This suggests that consumer 
discretionary firms are more sensitive to carbon market signals during market 
downturns and normal conditions, but this sensitivity diminishes during market 
prosperity. 

For the CONS sector, the test results revealed a more complex pattern. The p-
value was as high as 0.912 at the 0.25 quantile, while it was relatively low at the 0.10 
quantile (0.054). This uneven pattern of influence may reflect varying levels of 
adaptability to carbon policies within the consumer staples industry under different 
market environments. 

The TELE and IT sectors exhibited remarkably similar patterns, with p-values 
ranging from approximately 0.11 to 0.17 at most quantiles, indicating moderate but 
consistent relationships with the carbon market. Both sectors showed weakened 
relationships at the 0.75 quantile (0.601 for TELE and 0.606 for IT), suggesting that 
the carbon market's influence on technology-related sectors temporarily diminishes 
during moderate market upturns. 

The results for the INF and MAT sectors showed considerable variation across 
different quantiles, with p-values ranging from 0.062 to 0.862 for MAT and from 0.067 
to 0.863 for INF. Both sectors displayed stronger causal relationships at lower quantiles 
(market downturns) and weaker relationships at higher quantiles. This indicates that 
the intensity of the carbon market's influence on these industries varies significantly 
with market conditions, likely related to the cyclical nature of infrastructure and 
materials industries and their capacity for carbon reduction under different economic 
environments. 

These quantile-specific causality patterns extend the findings of Ji et al. (2018) 
who used traditional Granger tests to examine China's pilot carbon markets. While they 
found unidirectional causality from stock to carbon markets, our quantile approach 
reveals this relationship varies significantly across market states. Our results showing 
stronger causality at extreme quantiles (0.10 and 0.90) support the theoretical 
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predictions of Balcilar et al. (2016) regarding nonlinear market dependencies during 
stress periods. Furthermore, the sector-specific causality patterns, particularly the 
persistent significance for utilities and energy sectors across all quantiles, corroborate 
cross-country evidence from Wen et al. (2019) who found similar stability in carbon-
exposed sectors across different market regimes. 

5. Robustness Testing 

Figure 3 Robustness Check with Different Forecast Scale 

 
Notes: The vertical axis represents quantile levels (0-1), and the horizontal axis represents the time series. 

Higher values indicate stronger market interconnectedness. 

 
An analysis of the robustness check with a forecast scale set to 20, as presented 

in Figure 3, revealed several important patterns and characteristics that helped to 
validate the reliability of the previous analytical findings. From a temporal perspective, 
the heatmap exhibited a relatively stable pattern during the period from 2022 to 2023. 
The gradient distribution from deep orange to light orange indicated that the 
forecasting performance remained consistently high across different periods. Notably, 
in 2022, the heatmap displayed a more uniform distribution of deep orange, suggesting 
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that the forecast results were stable and reliable. 
Regarding the distribution characteristics, subtle intensity variations were 

observed along the vertical axis of the heatmap. The distribution from the bottom (0.0) 
to the top (1.0) revealed that there were some differences in forecasting performance 
at different quantile levels. However, these differences were relatively small, typically 
remaining within the 85-95 range, which further corroborated the robustness of the 
original analysis results. It is worth noting that, around 2023, a few prominent vertical 
white stripes appeared, possibly indicating a slight increase in forecast uncertainty 
during specific periods. Nevertheless, these local fluctuations did not disrupt the 
overall stability of the forecasting pattern. On the contrary, they reinforced the model's 
ability to maintain relatively stable predictions in the face of market volatility. 

Overall, the results of this robustness check strongly supported the findings 
from our earlier analysis. The generally high forecasting accuracy observed in the 
heatmap (with deep orange predominating) suggested that, even with the adjustment 
of the forecast scale, the model maintained strong predictive performance. This 
stability not only validated the reliability of the original analysis but also demonstrated 
the applicability and credibility of the analytical methods used. These findings provide 
a more solid empirical foundation for understanding the relationship between the 
Chinese carbon emissions market and various industry sectors, offering valuable 
insights for policymakers and market participants in better comprehending the 
mechanisms through which carbon market policies exert their influence. 
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Furthermore, we employ more extreme quantile specifications (Tau=0.01 and 
Tau=0.99) to verify the stability of our main findings. Panel A of Table 6 reveals that 
at the extreme lower tail quantile (Tau=0.01), the total connectedness index stands at 
87.67%, comparable to the 90.45% observed at Tau=0.05 in the baseline model, 
indicating that the information transmission mechanisms between markets remain 
robust under extreme downside risk conditions. Notably, CEA exhibits stronger 
information-receiving characteristics in this extreme scenario, with a net spillover 
effect of -8.27, substantially lower than the -0.1 in the baseline model, suggesting that 
the carbon emissions market becomes more susceptible to shocks from other sectors 
during extreme market downturns. At the sectoral level, the ENE emerges as the 
strongest information transmitter (net spillover of 7.5), followed by 
telecommunications (TELE, 5.55) and information technology (IT, 3.71). This pattern 
aligns with our baseline findings of high-carbon industries dominating information 
transmission, further confirming the systemic importance of carbon-intensive sectors 
under extreme market conditions. 

Panel B presents results for the extreme upper tail quantile (Tau=0.99), where 
the total connectedness index reaches 89.15%, nearly identical to the 90.21% observed 
at Tau=0.95 in the baseline model, validating the robustness of the high 
interconnectedness characteristics during market prosperity periods. Intriguingly, CEA 
transforms into an information transmitter at the extreme upper tail, with a net spillover 
effect of 7.78, contrasting sharply with the -6.67 observed at Tau=0.95 in the baseline 
model. This finding suggests that during extreme market upswings, the carbon market 
may exhibit different information transmission patterns, shifting from a passive 
receiver to an active influencer. The relative positions among sectors also undergo 
significant changes, with infrastructure (INF, 6.32) and consumer staples (CONS, 5.75) 
becoming primary information transmitters, while telecommunications (TELE, -6.96) 
and materials (MAT, -6.35) transform into information receivers. This role reversal 
reflects fundamental adjustments in investor risk preferences and asset allocation 
strategies under extreme market conditions. 

Comparing results across the two extreme quantiles reveals pronounced 
asymmetric characteristics: at Tau=0.01, traditional high-carbon sectors dominate 
information transmission, whereas at Tau=0.99, consumer and infrastructure sectors 
assume leadership positions. This asymmetry manifests not only in sectoral role 
reversals but also in network connection density changes—increasing from 964.41 at 
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Tau=0.01 to 980.67 at Tau=0.99, indicating more active information flows during 
extreme market upturns. More significantly, CEA's transformation from a strong 
information receiver during extreme downturns (-8.27) to an information transmitter 
during extreme upturns (7.78) represents a net spillover change of 16.05 units, far 
exceeding the variation observed in the baseline model (from -0.1 to -6.67, a change 
of merely 6.57 units). This highlights the dramatic shift in the carbon market's role 
under extreme market conditions. These robustness test results not only validate the 
reliability of our main findings but also unveil additional complexities in the 
relationships between carbon and stock market sectors under more extreme market 
conditions, providing crucial insights for investors in tail risk management and extreme 
event hedging strategy formulation. 

6. Conclusions 

Our study investigates the dynamic relationship between China's carbon 
emission allowance (CEA) market and various sectors of the Chinese stock market 
during 2022-2023, a critical period in China's pursuit of carbon neutrality goals. While 
previous research has examined the general impact of carbon markets on stock 
performance, the complex interconnections between CEA and different market sectors 
across various market conditions remained unexplored. 

Using a comprehensive methodological framework combining quantile 
Granger causality tests and dynamic connectedness measures, we analyze the 
dependencies and causality relationships between CEA and ten major market sectors. 
This approach allows us to capture the state-dependent characteristics of market 
interactions, filling an important gap in understanding how carbon market influences 
propagate through different economic sectors under varying market conditions. 

Our findings reveal several novel insights about China's evolving carbon 
market. First, we document significant heterogeneity in the CEA market's influence 
across different sectors and market conditions. The utilities and energy sectors show 
consistently strong connections with CEA, while consumer discretionary and 
healthcare sectors exhibit more variable relationships. Second, we find that the CEA 
market primarily acts as an information receiver rather than a transmitter, particularly 
during market extremes, suggesting its price discovery function is still developing. The 
quantile-based framework proves particularly valuable for identifying how carbon-
stock market relationships shift across different market states, providing actionable 
insights for both hedging strategies and policy design. 
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These findings have important policy implications for various stakeholders. For 
policymakers, our results suggest the need for sector-specific approaches in carbon 
market regulation. The strong connectedness between CEA and traditional high-
emission sectors indicates that carbon pricing mechanisms are effectively influencing 
these sectors' behavior. However, the weaker relationships with some sectors suggest 
that complementary policies may be needed to achieve comprehensive carbon 
reduction goals. For example, targeted incentives could be introduced for sectors 
showing limited response to carbon price signals. 

For institutional investors and portfolio managers, our findings provide 
valuable insights for risk management and investment strategies. The documented 
variations in sector responses to carbon market movements across different market 
conditions can inform sector rotation strategies and help in developing more resilient 
portfolios. For instance, during market downturns, the stronger connection between 
CEA and financial sector stocks suggests the need for careful portfolio rebalancing to 
manage carbon-related risks. 

For corporate managers, particularly in high-emission sectors, our results 
highlight the importance of incorporating carbon price considerations into long-term 
strategic planning. The persistent influence of CEA on utilities and energy sectors 
indicates that companies in these sectors should prioritize carbon efficiency 
investments and consider carbon price risks in their capital allocation decisions. For 
example, energy companies might accelerate their transition to renewable sources 
based on the strong negative correlation between CEA prices and traditional energy 
sector performance. 

Our study offers practical applications across industries. Manufacturing firms 
can use our findings to optimize their carbon allowance trading strategies, considering 
the documented time-varying relationships. Financial institutions can develop more 
sophisticated carbon risk assessment models incorporating the sector-specific patterns 
we identified. Energy companies can better time their carbon allowance purchases by 
understanding the temporal dynamics of market connectedness. To translate our 
findings into actionable risk management strategies, we propose the following 
framework for portfolio managers: First, during market downturns (lower quantiles), 
reduce exposure to utilities and energy sectors which show significant negative 
responses to carbon price increases (p-value=0.003). Second, implement a sector 
rotation strategy that increases allocation to healthcare and consumer discretionary 
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sectors during carbon market volatility, as these sectors demonstrate weaker 
correlations with CEA. 

Several limitations of our study should be acknowledged. First, the relatively 
short time period analyzed is constrained by the recent establishment of China's 
national carbon market, which may affect the generalizability of our findings across 
different market cycles and economic conditions. Second, our analysis focuses 
exclusively on China's carbon market, limiting cross-market comparisons that could 
provide additional insights into universal versus market-specific patterns. 
  



Finance a úvěr-Czech Journal of Economics and Finance, 76, 2026 no. 1                        124 

REFERENCE 

Acemoglu D, Aghion P, Bursztyn L, Hemous D (2012). The environment and directed technical 
change. American Economic Review, 102(1), 131–166. 

Amundson R, Berhe AA, Hopmans JW, Olson C, Sztein AE, Sparks DL (2015): Soil and human 
security in the 21st century. Science, 348(6235), 1261071. 

Ando T, Greenwood-Nimmo M, Shin Y (2022): Quantile connectedness: Modeling tail behavior in 
the topology of financial networks. Management Science, 68(4), 2401–2431. 

Ambec S, Lanoie P (2008): Does it pay to be green? A systematic overview. Academy of Management 
Perspectives, 22(4), 45–62. 

Aghion P, Dechezleprêtre A, Hémous D, Martin R, Van Reenen J (2016): Carbon taxes, path 
dependency, and directed technical change: Evidence from the auto industry. Journal of Political 
Economy, 124(1), 1–51. 

Bai C, Liu H, Zhang R, Feng C (2023): Blessing or curse? Market-driven environmental regulation 
and enterprises’ total factor productivity: Evidence from China’s carbon market pilots. Energy 
Economics, 117, 106432. 

Balcılar M, Demirer R, Hammoudeh S, Nguyen DK (2016): Risk spillovers across the energy and 
carbon markets and hedging strategies for carbon risk. Energy Economics, 54, 159–172. 

Basak S, Pavlova A (2016): A model of financialization of commodities. The Journal of Finance, 
71(4), 1511–1556. 

Bolton P, Kacperczyk M (2021): Do investors care about carbon risk? Journal of Financial Economics, 
142(2), 517–549. 

Bushnell J, Chong H, Mansur ET (2013): Profiting from regulation: Evidence from the European 
carbon market. American Economic Journal: Economic Policy, 5(4), 78–106. 

Caldecott B, Harnett E, Cojoianu T, Kok I, Pfeiffer A (2016): Stranded assets: A climate risk challenge. 
Inter-American Development Bank. 

Chen W (2023): Can low-carbon development force enterprises to make digital transformation? 
Business Strategy and the Environment, 32(4), 1292–1307. 

Chevallier J (2011): A model of carbon price interactions with macroeconomic and energy dynamics. 
Energy Economics, 33(6), 1295–1312. 

Cui J, Song F, Jiang Z (2023): Efficiency vs. equity as China’s national carbon market meets provincial 
electricity markets. China Economic Review, 78, 101915. 

Das N, Tanin TI, Gangopadhyay P, Abbas Q, Saint Akadiri S, Janjua LR (2025): Quantile VAR 
connectedness and price spillovers between soybean and energy. Energy Economics, 108774. 

Diebold FX, Yilmaz K (2012): Better to give than to receive: Predictive directional measurement of 
volatility spillovers. International Journal of Forecasting, 28(1), 57–66. 

Diebold FX, Yılmaz K (2014): On the network topology of variance decompositions: Measuring the 
connectedness of financial firms. Journal of Econometrics, 182(1), 119–134. 

Dong Q, Zhao Y, Ma X, Zhou Y (2024): Risk spillover between carbon markets and stock markets 
from a progressive perspective: Measurements, spillover networks, and driving factors. Energy 
Economics, 129, 107228. 



125                        Finance a úvěr-Czech Journal of Economics and Finance, 76, 2026 no. 1 

Fama EF (1970): Efficient capital markets: A review of theory and empirical work. The Journal of 
Finance, 25(2), 383–417. 

Fan Y, Jia JJ, Wang X, Xu JH (2017): What policy adjustments in the EU ETS truly affected the carbon 
prices? Energy Policy, 103, 145–164. 

Görgen M, Jacob A, Nerlinger M, Riordan R, Rohleder M, Wilkens M (2020): Carbon risk. Available 
at SSRN 2930897. 

Grinsted A, Moore JC, Jevrejeva S (2004): Application of the cross wavelet transform and wavelet 
coherence to geophysical time series. Nonlinear Processes in Geophysics, 11(5/6), 561–566. 

Hoegh-Guldberg O, Jacob D, Taylor M, Guillén Bolaños T, Bindi M, Brown S, ... & Zhou G (2019): 
The human imperative of stabilizing global climate change at 1.5°C. Science, 365(6459), eaaw6974. 

Ji Q, Zhang D, Geng JB (2018): Information linkage, dynamic spillovers in prices and volatility 
between the carbon and energy markets. Journal of Cleaner Production, 198, 972–978. 

Jiménez-Rodríguez R (2019): What happens to the relationship between EU carbon permits and stock 
market indices? Energy Economics, 81, 13–24. 

Joltreau E, Sommerfeld K (2019): Why does emissions trading under the EU Emissions Trading 
System (ETS) not affect firms’ competitiveness? Empirical findings from the literature. Climate Policy, 
19(4), 453–471. 

Koch N, Fuss S, Grosjean G, Edenhofer O (2014): Causes of the EU ETS price drop: Recession, CDM, 
renewable policies or a bit of everything?—New evidence. Energy Policy, 73, 676–685. 

Kong F (2022): A better understanding of the role of new energy and green finance to help achieve 
carbon neutrality goals, with special reference to China. Science Progress, 105(1), 
00368504221086361. 

Krueger P, Sautner Z, Starks LT (2020): The importance of climate risks for institutional investors. 
The Review of Financial Studies, 33(3), 1067–1111. 

Lee JW (2020): Green finance and sustainable development goals: The case of China. Journal of Asian 
Finance, Economics and Business, 7(7), 577–586. 

Liu H, He Q, Cong R, Ma S, Gong J (2025): Exploring the Dynamic Linkages between Carbon 
Trading Market and Smart Technology Indices: A Multi-dimensional Analysis of China's Case. 
International Review of Economics & Finance, 104360. 

Liu J, Man Y, Dong X (2023): Tail dependence and risk spillover effects between China’s carbon 
market and energy markets. International Review of Economics & Finance, 84, 553–567. 

Liu S (2024): Understanding and achieving sustainable consumption: Integrating international 
political economy and psychology perspectives. Business Strategy & Development, 7(1), e321. 

Mansanet-Bataller M, Pardo A, Valor E (2007): CO₂ prices, energy and weather. The Energy Journal, 
28(3), 73–92. 

Marchewka-Bartkowiak K (2023): The European Union Emission Trading System and its role for 
green budgeting development—The case of EU member states. Current Opinion in Environmental 
Sustainability, 65, 101390. 



Finance a úvěr-Czech Journal of Economics and Finance, 76, 2026 no. 1                        126 

Martin R, Muûls M, Wagner UJ (2016): The impact of the European Union Emissions Trading Scheme 
on regulated firms: What is the evidence after ten years? Review of Environmental Economics and 
Policy, 10(1), 129–148. 

O’hara M (2018): Market microstructure. In The New Palgrave Dictionary of Economics (pp. 8254-
8258). Palgrave Macmillan, London. 

Oestreich AM, Tsiakas I (2015): Carbon emissions and stock returns: Evidence from the EU Emissions 
Trading Scheme. Journal of Banking & Finance, 58, 294–308. 

Pedersen LH, Fitzgibbons S, Pomorski L (2021): Responsible investing: The ESG-efficient frontier. 
Journal of Financial Economics, 142(2), 572–597. 

Pesaran HH, Shin Y (1998): Generalized impulse response analysis in linear multivariate models. 
Economics Letters, 58(1), 17–29. 

Pigou AC (1920): Co-operative societies and income tax. The Economic Journal, 30(118), 156–162. 

Piris-Cabezas P, Lubowski RN, Leslie G (2023): Estimating the potential of international carbon 
markets to increase global climate ambition. World Development, 167, 106257. 

Porter ME, van der Linde C (1995): Toward a new conception of the environment–competitiveness 
relationship. Journal of Economic Perspectives, 9(4), 97–118. 

Ramelli S, Wagner AF, Zeckhauser RJ, Ziegler A (2021): Investor rewards to climate responsibility: 
Stock-price responses to the opposite shocks of the 2016 and 2020 US elections. The Review of 
Corporate Finance Studies, 10(4), 748–787. 

Rickels W, Görlich D, Oberst G (2015): Explaining European emission allowance price dynamics: 
Evidence from Phase II. German Economic Review, 16(2), 181–202. 

Shleifer A, Vishny RW (1997): A survey of corporate governance. The Journal of Finance, 52(2), 
737–783. 

Sousa R, Aguiar-Conraria L, Soares MJ (2014): Carbon financial markets: A time-frequency analysis 
of CO₂ prices. Physica A: Statistical Mechanics and Its Applications, 414, 118–127. 

Sun, D., & Luo, Q. (2026). Green transition under carbon peak pressure: beyond greenwashing. 
Applied Economics, 1-17. 

Sun, D., & Li, J. (2025a). Carbon peaking pressure and corporate earnings management. International 
Review of Economics & Finance, 104503. 

Sun, D., & Li, Y. (2025b). Carbon peaking pressure and corporate R&D investment. Economics 
Letters, 251, 112328. 

Sun, D. (2025). Can common institutional ownership deter corporate fraud? Evidence from China. 
Applied Economics Letters, 32(14), 1981-1985 

Tan X, Sirichand K, Vivian A, Wang X (2020): How connected is the carbon market to energy and 
financial markets? A systematic analysis of spillovers and dynamics. Energy Economics, 90, 104870. 

Tang K, Xiong W (2012): Index investment and the financialization of commodities. Financial 
Analysts Journal, 68(6), 54–74. 

Tian Y, Akimov A, Roca E, Wong V (2016): Does the carbon market help or hurt the stock price of 
electricity companies? Further evidence from the European context. Journal of Cleaner Production, 
112, 1619–1626. 



127                        Finance a úvěr-Czech Journal of Economics and Finance, 76, 2026 no. 1 

Troster V (2018): Testing for Granger-causality in quantiles. Econometric Reviews, 37(8), 850–866. 

Wen F, Min F, Zhang YJ, Yang C (2019): Crude oil price shocks, monetary policy, and China’s 
economy. International Journal of Finance & Economics, 24(2), 812–827. 

Wen L, Yuan Y, Zeng H, Ma S (2026): The Impact of ESG Performance on Textile Industry Green 
exports under the Dual Carbon Goals. Global NEST Journal.  

Wu H, Huang Y (2025): Identifying risk transmission in carbon, energy and metal markets: Evidence 
from a novel quantile frequency connectedness approach. The North American Journal of Economics 
and Finance, 76, 102354. 

Wu R, Li M, Liu F, Zeng H, Cong X (2024): Adjustment strategies and chaos in duopoly supply chains: 
The impacts of carbon trading markets and emission reduction policies. International Review of 
Economics & Finance, 95, 103482. 

Xu D, Liu Z, Shan R, Weng H, Zhang H (2023): How a grid company could enter the hydrogen 
industry through a new business model: a case study in China. Sustainability, 15(5), 4417. 

Ying, J., Su, H., He, S., Qiu, G., & Chen, X. (2025). Belief dispersion in credit markets: Evidence 
from CDS-Bond basis. Finance Research Letters, 86, 108076. 

Zeng H, Abedin MZ, Ahmed AD, Huang Q (2025): Extreme risk connection among the European 
tourism, energy and carbon emission markets. Research in International Business and Finance, 74, 
102693. 

Zeng H, Abedin MZ, Ahmed AD, Lucey B (2025): Quantile and time–frequency risk spillover 
between climate policy uncertainty and grains commodity markets. Journal of Futures Markets. 

Zeng H, Abedin MZ, Wu R, Ahmed AD (2024): Asymmetric dependency among US national financial 
conditions and clean energy markets. Global Finance Journal, 63, 101046. 

Zeng H, Huang Q, Abedin MZ, Ahmed AD, Lucey B (2025): Connectedness and frequency 
connection among green bond, cryptocurrency and green energy-related metals around the COVID-
19 outbreak. Research in International Business and Finance, 73, 102547. 

Zeng H, Wu R, Abedin MZ, Ahmed AD (2025): Forecasting volatility of Australian stock market 
applying WTC-DCA-Informer framework. Journal of Forecasting. 

Zeng S, Liu Y, Liu C, Nan X (2017): A review of renewable energy investment in the BRICS countries: 
History, models, problems and solutions. Renewable and Sustainable Energy Reviews, 74, 860–872. 

Zhai D, Zhang T, Liang G, Liu B (2024): Quantum carbon finance: Carbon emission rights option 
pricing and investment decision. Energy Economics, 134, 107628. 

Zhang YJ, Wei YM (2010): An overview of current research on EU ETS: Evidence from its operating 
mechanism and economic effect. Applied Energy, 87(6), 1804–1814. 

Zhao T, Ke H, Zhang N (2025): Comparing the innovation impacts on firms: Pilot vs. national carbon 
emission trading schemes in China. Applied Energy, 377, 124414. 

Zhao Z, Lau CKM, Soliman A, Farhani S (2023): Energy commodity and stock market 
interconnectedness: Evidence from carbon emission trading system. Technological Forecasting and 
Social Change, 194, 122669. 

Zhou W (2024): Research on the industry sequence for the expansion of China’s carbon market: From 
the perspectives of stabilizing economic growth and employment. Sustainable Futures, 8, 100257. 


