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Abstract

Reducing carbon emissions in the industrial sector is a critical component of achieving
green and sustainable development. We employ quantile vector autoregressive methods to
analyze the dynamic interactions of industrial carbon emissions across various countries.
Initially, we observe that, under normal conditions, developed countries led by the EU
exhibit a significant total spillover effect. Secondly, during extreme quantile conditions, the
spillover effects of EU-led developed countries shift from positive to negative, whereas
in the UK, the opposite trend is observed. This highlights the importance of considering
carbon transfer’s role in emission reduction during extreme quantile scenarios. Thirdly, we
find that China’s industrial carbon emissions spillover effects remain relatively stable at all
times. Lastly, total spillover effects are highly volatile during extreme market conditions,
such as the COVID-19 pandemic. These findings will help clarify each country’s emission
reduction responsibilities within the international industrial system and facilitate a more
equitable allocation of emission reduction tasks.

Keywords: industrial carbon emissions; carbon transfer; quantile vector autoregression;
spillover effects

1. Introduction

Industry serves as the economic foundation of every country and, in terms of carbon
emissions, stands as one of the main contributors [1] In recent years, the challenges of
climate change have grown, leading to a consensus among countries on the need for
industrial transformation and carbon reduction [2,3]. Despite this, the outbreak of the
2023 Israel-Palestine conflict and the 2022 Russian—-Ukraine crisis pose threats to industrial
transformation and upgrades. The carbon transfer between developed and developing
countries has sparked disputes over environmental equity. Thus, understanding how
carbon moves through international trade, clarifying the mutual impact of carbon emissions
among nations, and determining their responsibilities for emission reduction can facilitate
fair allocation of reduction tasks globally, advancing the orderly progress of global carbon
emissions reduction efforts [4].

Previously, carbon reduction efforts mainly focused on production and consumption,
analyzing the domestic CO, production and emission process from a production perspec-
tive [5], This approach emphasized overall calculations and structural arrangements [6],
establishing a qualitative basis for mitigation policies but neglecting the impact of carbon
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emissions transfer. Currently, within the global industrial system, carbon embeddedness
and transfer have become key research areas. Much research has explored industrial
transfer, including trade-related carbon emissions transfer resulting from the relocation of
manufacturing industries, which has increased the carbon emissions burden on developing
countries [7]. Simultaneously, there is an imbalance in carbon transfer in industrial trade
among developed countries [8]. Therefore, reducing industrial enterprises’ carbon emis-
sions and studying the spillover effects of industrial carbon emissions between countries
are crucial for lowering overall carbon emissions and achieving industrial transformation
goals [9]. China, the United States, the European Union, and other countries are major
industrial players globally. The industries of the United States, the European Union, and
other countries have been significantly impacted by the Russian-Ukraine conflict and the
Palestine-Israel crisis. Despite refraining from trade sanctions, the war has notably affected
China’s energy and commodity markets [10].

In theory, the industrial market, encompassing metal and energy markets, is intri-
cately interconnected through various channels such as consumption, production, and
investment [11]. According to demand and supply theory, the presence of multinational
corporations and industrial chains can also affect carbon emissions between different
countries [12]. Some developed countries have shifted carbon emission pressure to other
countries in certain aspects of their manufacturing industry, thereby reducing their own
carbon emissions. The adjustment of this industrial and supply chain requires global coop-
eration and coordination [13]. On the contrary, globalization has dispersed the production
of many products in different countries, forming complex industrial and supply chain
networks. This industrial chain relationship means that the industrial markets of different
countries are interconnected in terms of carbon emissions, requiring joint efforts to reduce
the carbon footprint of the entire supply chain [14]. Additionally, the connection between
industrial carbon emissions among different countries is heterogeneous, with varying levels
of economic development and differences in industrial structure and energy consumption
patterns [15]. Developed countries usually have more advanced clean production tech-
nologies, while developing countries may still rely on high-carbon energy. This difference
leads to heterogeneity in industrial carbon emissions levels among different countries [16].
In contrast to developing country markets, those with more complete industrial systems
like the European Union are particularly vulnerable to the effects of extreme events. The
Russia—Ukraine and Israel-Palestine conflicts have reshaped the significance of global
markets while heightening the complexity of their interconnections, particularly through
disruptions to essential energy and food supplies [11]. From a macroeconomic perspective,
sharp volatility in key energy commodity prices may compel the Federal Reserve to adjust
interest rates in order to contain inflation and stabilize exchange rates, thereby exerting
considerable influence on the dynamics of international industrial markets [17]. In-depth
empirical studies on the targeted spillover effects within these submarkets can enhance our
understanding of the theoretical connections between these markets during crises.

Most existing studies rely on static or comparative static analyses, which makes it
challenging to capture the dynamic and time-varying characteristics of carbon emission
spillover effects [18]. In particular, there is a lack of systematic research on the transmission
mechanisms of tail risks during extreme events. Additionally, traditional methods fail to
effectively differentiate the impacts of various time scales on the spillover network and do
not integrate major industrialized countries into a unified dynamic network framework
to quantify their role transitions under different market conditions [19]. These limitations
hinder the ability of current carbon responsibility-sharing schemes to adapt to the com-
plex and ever-changing global environment. Therefore, it is imperative to uncover the
dynamic reshaping mechanisms of the carbon correlation network structure induced by
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crisis events by integrating quantile regression with frequency domain analysis, thereby
providing a more scientific basis for allocating international emission reduction respon-
sibilities. Expanding upon the deficiencies of current research, this article will pioneer
advancements in the following areas: firstly, we reveal the interconnectedness of industrial
carbon emissions across different quantiles. Compared to previous studies, we combine
the QVAR method with the BK [20] method and find that markets in developed countries
such as the EU have consistently high spillover effect effects, indicating that they are the
main contributors to risk. Furthermore, under extreme quantile conditions, the industrial
market in the UK stands out the most, with a net spillover index ranging from negative
to positive, acting as a risk transmitter, while developed countries like the EU exhibit
the opposite behavior. This suggests that under extreme quantile conditions, we should
focus on the role of transfers in carbon reduction and, based on this, determine carbon
emission responsibility coefficients to reallocate carbon reduction responsibilities, thereby
implementing mitigation tasks across industrial sectors. Secondly, we find that the carbon
emission spillover effect effects in the Chinese industrial market remain relatively stable
across various quantile conditions, indicating that Chinese industrial carbon emissions
are less influenced by industrial transfers from developed countries. Therefore, in China,
we should focus on carbon reduction processes in the production phase. Finally, using
the visualization method of QVAR, we analyze the temporal evolution of carbon emission
spillover effects among industrial sectors under different quantiles, filling a gap in the
current research on the temporal changes in carbon emission spillover effects between
industries, which is of practical significance.

The structure of the paper is organized as follows: Section 2 provides a review of the
relevant literature, Section 3 describes the data and research methodology, Section 4 reports
the empirical results, and Section 5 concludes with a summary and policy recommendations.

2. Literature Review

In previous studies on carbon reduction processes, carbon transfer analysis has been
an important research focus. Meng et al. proposed a framework for analyzing upstream—
downstream linkages between sectors to study inter-sectoral connections [21]. The initial
industrial sectors that drive national transfers as a whole are tasked with dual responsibili-
ties of primary and final production, establishing cross-border industrial transfer routes.
Numerous scholars have also focused on carbon transfer pathways between countries in
commodity trade, such as US-Japan [8] US-Germany [22], China-India [23] and China-
Brazil [24]. Additional researchers have also studied the pathways through which carbon
emissions are transferred internationally [25,26], Li studied carbon transfer between the
industrial sectors of the United States and China [27].

The study indicates that direct carbon emissions might not provide a precise represen-
tation of actual carbon emissions, potentially influencing the efficacy of carbon reduction
measures [28]. Recently, research has primarily focused on analyzing implicit carbon
emissions from national and inter-provincial trade, as well as from individual industrial
sectors [29,30], overlooking the diversity of various sectors [30]. Significant carbon emission
differences exist among industrial sectors, stemming from factors like production methods
and scale [31]. However, the aforementioned studies did not delve into the complex direct
and indirect linkages of carbon emissions between industries, nor did they thoroughly
tackle the diverse roles of nations and sectors within the complex international carbon
transfer network. Therefore, in this article, we aim to expand on previous research by
identifying the spillover effects of industrial carbon emissions across multiple countries.

This article employs the Quantile Vector Autoregression (QVAR) method to analyze
industrial carbon emissions across different countries. The QVAR approach facilitates
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understanding the influence of long-term economic cycles in the frequency domain, as well
as the impact of short-term geopolitical factors on spillover effects. Economic cycle impact:
Long-term economic cycles can significantly affect the spillover of carbon emissions. For
example, during economic booms, industrial production and carbon emissions tend to
increase, potentially spilling over into neighboring countries. Conversely, during economic
downturns, reduced industrial activity leads to lower carbon emissions, thereby dimin-
ishing spillover effects. Geopolitical impact: Short-term geopolitical events or conflicts
can abruptly influence carbon emission spillovers. Regional conflicts, for instance, may
disrupt or reduce industrial activities, lessening spillover effects. Additionally, geopolitical
tensions can affect international cooperation and the enforcement of carbon reduction
policies, further impacting spillover dynamics. From an economic perspective, long-term
factors generally exert a stable and lasting influence on spillover effects, whereas short-term
geopolitical factors tend to cause sudden changes and instability. Therefore, long-term
economic factors may have a more substantial overall impact on spillover effects, while
short-term geopolitical factors typically produce immediate and localized effects.

Only a few scholars have addressed the aforementioned issues within a systematic
research framework. These discussions are crucial for guiding industry collaboration in
emission reduction and promoting eco-friendly industries and consumption patterns. Car-
bon emissions flow throughout production and consumption, creating a complex network
of implicit emission relationships among sectors. Scholars have explored carbon emission
transfer through cross-regional flows of products and services, leveraging multi-regional
input-output (MRIO) and hypothesis extraction methods (HEM) for CO2 sectors [32]. Wang
utilized SNA and MRIO to study the carbon emission transfer networks in the consumption
and production processes of 40 major countries, and identified the crucial sector nodes and
flow paths within the networks [33]. Yuan et al. computed the indirect carbon footprint
in the Yellow River Basin of China and demonstrated that the secondary industry plays
a pivotal role in carbon emission transfer [34]. Earlier studies have largely relied on tech-
niques such as Granger causality tests, support vector models, vector autoregression (VAR),
BEKK, GARCH frameworks, and marginal expected shortfall (MES) to evaluate spillover
effects across different financial markets [35,36]. Although these approaches provide useful
insights, they fall short in precisely capturing the timing, magnitude, and direction of risk
spillovers within complex multi-asset networks. To overcome this limitation, Diebold and
Yilmaz introduced a methodology that decomposes forecast error variances and developed
the total connectedness index, which enables a more comprehensive evaluation of spillover
dynamics [18]. However, the DY method lacks the ability to characterize risk spillover ef-
fects across different time periods. Therefore, an increasing number of scholars are focusing
on the frequency domain attributes of risk spillovers by utilizing variance decomposition
in spectral representation. Barunik and Kehlik developed a framework for spillover index
from a frequency domain perspective [20]. While these offer fresh insights into carbon
emission transfer studies, few have applied them to analyze industrial emission transfers.
Only a few scholars have addressed the aforementioned issues within a systematic research
framework. These discussions are crucial for guiding industry collaboration in emission
reduction and promoting sustainable industries and consumption. This study builds on
the Quantile vector autoregression model, incorporating the BK model’s frequency domain
perspective. Chatziantoniou and Abakah presented a unique approach that combines
quantiles with the examination of cyclical patterns in market spillovers, allowing for a
deeper understanding of these effects across diverse frequencies at specific quantiles. Addi-
tionally, the framework allows for the analysis of volatility spillover effects across different
conditional quantiles at specific frequencies, enhancing its robustness and flexibility [37].
In addition, Ando et al. observed that, unlike traditional conditional mean estimation
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techniques such as ordinary least squares, this method is resilient to outliers, resulting in
more accurate and reliable estimation outcomes. Therefore, this article will use the QVAR
model to explore the spillover effects of industrial carbon emissions in different countries,
which will help policymakers make scientific decisions from different perspectives [38].

3. Statistical Analysis and Methodology
3.1. Data

This article uses carbon emissions data from 1 January 2019 to 28 September 2023. All
data were obtained from the publicly accessible website “https:/ /www.carbonmonitor.
org.cn (accessed on 6 September 2025)”. Table 1 summarizes the descriptive statistics for
the variables. Based on the Jarque-Bera and ADF tests, the evidence suggests that the
volatility of all data series does not conform to the assumption of normality. The unit root
test confirmed the stationarity of each variable, satisfying the necessary conditions for
applying the QVAR model.

Table 1. Descriptive statistics on industrial carbon emissions in various countries.

Min Max Median Var Skewness  Kurtosis J-B ADF

Brazil —0.328 0.239 0.000 0.002 —0.398 8.002 46854 **  —18.38 ***
China —0.166 0.201 0.000 0.000 1.123 44.397 143,050 **  —11.90 ***
EU27 —0.300 0.251 —0.005 0.006 0.435 0.577 79.569 **  —18.44 ***
India —0.321 0.216 0.001 0.000 —2.043 57.967 244,436 %  —12.76 ***
Japan —0.223 0.186 —0.002 0.002 0.147 0.953 72.582**  —18.73 ***
Russian —0.231 0.103 —0.001 0.000 —2.680 39.846 117,014 **  —16.44 ***
UK —0.540 0.491 —0.003 0.200 —0.027 0.789 45.678 **  —18.98 ***
Us —0.109 0.106 —0.001 0.000 0.285 1.818 263.749 **  —18.95 ***

Note: J-B denotes the Jarque-Bera test statistic. “**, ***” indicate significance at the 5%, and 1% levels, respectively.

This study selected China, the United States, the 27 countries of the European Union,
India, Japan, Russia, the United Kingdom, and Brazil as research subjects, based primarily
on the following considerations: These countries are not only the main contributors to
global industrial carbon emissions (accounting for more than 70% of the global total) but
also represent typical economies at different stages of development with diverse industrial
structures. Among them, China, the United States, and the European Union, as the world’s
three largest carbon emitters, have mature industrial systems and close trade exchanges.
India and Brazil, as rapidly industrializing countries, have absorbed a large number of
carbon-intensive industries through industrial transfer. As a major energy exporter, Russia’s
carbon emissions are significantly influenced by geopolitical factors. Japan and the United
Kingdom exemplify the different paths developed countries have taken in their low-carbon
transformations. Additionally, these countries have played key roles in major geopolitical
events in recent years, such as the Russia—Ukraine conflict and Sino-US trade tensions.
Their carbon emission dynamics can fully reflect the impact of extreme events on the global
carbon transfer network. Furthermore, these countries offer significant advantages in data
availability and global representativeness, providing an ideal sample for studying the
cross-border spillover effects of industrial carbon emissions.

3.2. Methodology

This study applies the generalized forecast error variance decomposition derived
from the QVAR framework, following the methodology of Chatziantoniou et al. [37],
to investigate tail spillover effects arising from carbon emissions and the transition be-
tween conventional and renewable energy sources across different magnitudes, hori-
zons, and cycles. In this setting, the conditional median represents a normal market
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state, whereas the 0.05 and 0.95 conditional quantiles capture extreme downside and
upside conditions, respectively.

To construct the different connectedness measures, we first estimate a quantile vector
autoregression model, denoted as QVAR (p), which possesses the following characteristics:

Xt = p(T) + P1(T)x—1 + P2(T)xp 2 + -+ Pp(T)xp—p + p(T) 1)

xrand x;_;, i =1,...pare N X 1 endogenous variable vectors, T takes values in [0,1]
representing quantiles, p is the number of lags in the QVAR model, y(7) is the N x 1
conditional mean vector, and is the N x N QVAR coefficient matrix. j;(7) proves that the
error vector N x 1 has an error variance—covariance matrix of N x N, Y (7). The QVAR (p)
model is transformed into the quantile vector moving average representation of QVAR (c0)
using the Wold theorem:

X = +ij14’] )X+ p(T )+ ) ViU

Subsequently, the Generalized Forecast Error Variance Decomposition (GFEVD) is
computed to apply the connectivity method [39,40]. Within the GFEVD, the share of
forecast error variance reflects the extent to which a shock in series j contributes to the
variability of series i. This metric captures the magnitude of cross-series influence and is
formally expressed as follows:

(Z0); Ei (F4(DZ()y)

9i(H) = ilo(Ya(DL(0) ¥ (1)) N
- ~ 05(H)
i = 5 oy i

To ensure the rows of @](H ) are sum to 1, each row must be normalized by its sum
to obtain 51] By normalizing, this paper derives the following identities: ¥ | @j(H ) =1
and Z]’I\i N %(H ) = N. Accordingly, the sum of each row in the matrix equals one,
reflecting the proportion by which a shock to a given series is transmitted not only to itself
but also across all other series j. For ease of understanding, this paper establishes a spillover
measure table based on an N x N variance decomposition matrix, as shown in Table 2:

Table 2. Spillover Index Table.

X1 X e XN Variable-Affected
x1 of o o8, 2]N19 A1
N 0 0X 0NN Zle 0N #N

affecting . . .
variables Zﬁleﬁ’l#l Zf\ilf)g,z;ﬁZ Zﬁleg\f’l#N II\; 195’1#]

We then proceed to derive multiple connectedness indicators. The first, namely the net
pairwise connectedness (or net pairwise directional connectedness), is computed according
to the procedure outlined below:

NPDC(H) = 0;;(H) — 8;;(H) (4)

If NPDC;;(H) > O0(NPDC;;(H) < 0) this signifies that series j exerts a stronger
(weaker) influence on series i than the influence of series i on series j. Hence, if
NPDC;i(H) > 0 Series j exerts dominance over series i and vice versa.



Sustainability 2025, 17, 8626

7 of 21

The total directional connectedness measure (TO) gauges how a shock in series i is
transmitted to all other series j:

N ~
TO;(H) = ), 6;(H) ()
i=Ti#j

The total directional connectedness measure (TO) gauges how a shock in series j is
transmitted to all other series i:

N
FROM;(H) = Y 6;(H) (6)
i=1,i#]

The net total directional connectedness is defined as the difference between the total
directional connectedness transmitted to others and that received from others. This measure
reflects the overall net contribution of series i to the dynamics of the network:

NET;(H) = TO;(H) — FROM;(H) 7)

If NET; > O(NET; < 0) series i has a greater impact on all other series j than the
impact it receives, making it a net shock emitter. On the other hand, if the received impact
exceeds the impact it exerts on others, it is a net shock receiver.

The overall assessment of network interconnectedness can be conducted by calculating
the Total Connectivity Index (TCI), which is determined by the following formula:

N N
TCI(H) = N'Y_TO;(H) =N"')_ FROM;(H) (8)
i=1 i=1
Put simply, this measure demonstrates the average effect of a shock in one series on
all other series. The lower the TCI value, the lower the system-wide connectedness, while a
higher value indicates the opposite.
Up until now, we have been focusing on assessing connectivity in the time domain.
Similarly, we now shift our focus to evaluating connectivity in the frequency domain. The
Fourier transform of QVMA (co) defines the spectral density of w at frequency x;.

Sy (w) = 2:}:700 E(thgfh)efiwh = ‘I’(eiiWh) 211/’ (e+iwh> ©)

By combining spectral density with generalized forecast error variance decomposition,
the frequency generalized forecast error variance decomposition is obtained. Here, 8;;(w)
represents the conditional quantile at time 7, showing the part of variable i spectrum
influenced by variable j. The standard formulation of spectral decomposition (10) is
obtained through the Fourier transform of the impulse response functions.

(D) |[Zo (PO () Em),
O] = Lizo(¥(e7 M) E (1) (eiwh))ij o
~ o b(w)
i) = Yy 6ij(w) -

To investigate the dissemination of tail risk spillovers across various frequency bands,
a frequency band is established in this paper: d = (a,b) : a,b € (—m,m),a < b. The
measure quantifies the spillover magnitude from variable j to variable i within a specific
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frequency band 5,«]« d)=[ ab 51']« (w)dw. This enables the calculation of directional and total
spillover indices across different quantiles and frequency domains.

TOi(d) = Y, . 6i(d), FROMy(d) = Y 83(d) (12)

- N - N
TCI(d) = N1} ", TOi(d) = N1}, FROM;(d) (13)

According to Formula (13), the net spillover index (NET) is defined within the quan-
tile frequency domain, NET;(d) = TO;(d) — FROM;(d). Furthermore, by using the net
spillover index within the frequency domain, it becomes possible to assess how each market
contributes to the contagion of tail risk across different time periods.

4. Empirical Results and Discussion

4.1. Time-Domain and -Frequency Average Connectedness
4.1.1. Time-Domain Average Spillover Effects

Based on the Akaike Information Criterion (AIC), Hannan—Quninn criterion (HQ),
Schwartz Criterion (SC), and Final Prediction Error (FPE), a VAR model with an optimal
lag order of 1 was constructed. Table 3 presents the static spillover matrix of industrial
carbon emissions across various countries. Among them, the main diagonal value signifies
the impact of each variable’s own lag effect on prediction error variance. Off-diagonal
numerical values indicate interactions between variables within the spillover network.
Specifically, the “TO” row demonstrates the cumulative spillover effects of tail in a specific
market, while the “From” column shows the inflow effects. Additionally, the “NET”
row represents the net level of tail spillover, and the Total Connectedness Index (TCI)
quantifies the overall system-wide interconnectedness of industrial carbon emissions across
nations. Extreme market conditions are the extreme quantiles of the joint distribution of
carbon emission changes (for example, T = 0.05 during recession/crisis and T = 0.95 during
rise/prosperity).

Table 3. Spillover Table of Industrial Carbon Emissions in Different Countries.

Brazil China EU27 India Japan Russia UK UsS FROM
Brazil 74.64 0.34 9.24 0.68 6.33 3.82 2.70 2.24 25.36
China 0.40 87.97 1.90 0.54 411 2.42 1.15 1.52 12.03
EU27 4.84 0.68 41.18 3.90 16.96 9.21 18.71 453 58.82
India 0.58 0.47 7.68 74.63 6.20 5.96 3.45 1.03 25.37
Japan 3.90 2.03 20.15 2.99 47.37 12.15 7.25 4.16 52.63
Russia 2.97 141 12.91 5.39 14.40 55.84 5.15 191 44.16
UK 1.63 0.25 22.41 1.90 7.95 5.15 57.85 2.85 42.15
Us 1.67 1.26 9.82 1.05 8.56 2.75 4.64 70.25 29.75
TO 15.99 6.43 84.11 16.45 64.52 41.46 43.05 18.25 TCI
NET —-9.36 —5.60 25.29 —8.93 11.89 —2.70 0.90 —11.49 36.28

Table 3 illustrates the static spillover effects of industrial carbon emissions under stan-
dard conditions. With regard to the spillover effect (TO), the European Union demonstrates
the highest spillover at 84.11%, followed by Japan at 64.52%. China exhibits the lowest
spillover at 6.43%. In terms of the spillover effect (FROM), the European Union again
shows the highest spillover at 7.35%, followed by Japan at 6.18%. China has the smallest
spillover effect at 1.50%. The time-domain results underscore the role of the European
Union International as both the major transmitter of spillovers and the central repository
of risk. Consequently, indices with elevated spillover magnitudes appear more exposed
to the transmission channels of other indices. The table further reveals that the industrial
sector in the Chinese market operates under a well-established market mechanism, which
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results in relatively weak transmission of uncertainty shocks to other countries, thereby
leading to lower spillover levels. In terms of net spillover, countries outside of the European
Union experience negative net spillover effects as recipients. The United States, India, and
Brazil exhibit the highest net spillover effects, making them the largest risk-bearers with
values of —11.49%, —9.36%, and —8.93%, respectively. Meanwhile, the EU’s industrial
carbon emission index is entirely positive, indicating that the EU’s industrial system is more
mature and drives fluctuations in other industrial carbon emission indices. Additionally,
Figure 1 illustrates the temporal evolution of the total spillover effect of carbon emissions
from industrial sectors in various countries based on the median of rolling windows. In
2020 and mid-2023, the overall connectivity index significantly increased. This indicates
that in 2020 and mid-2023, the Russian—-Ukraine conflict and the Israel-Palestine conflict
led to a significant decline in the overall link index of industrial carbon emissions among
countries [41].

Overall spillovers
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Figure 1. Cont.
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Figure 1. Total spillover effect.
4.1.2. Time-Frequency Average Spillover Effects
We also utilize the BK method to decompose spillover effects into short-term
(1-5 days), medium-term (5-30 days), and long-term (over 30 days) categories, apart
from conducting a time-domain analysis.
Table 4 reveals that the overall spillover index stands at 28.10% in the short term,
6.90% in the medium term, and 1.29% in the long term. The spillover effect of indus-
trial carbon emissions between different countries has a significant impact in the short
term. Furthermore, the table indicates that short-term spillover effects are greater than
long-term spillover effects, which means that the competition for industrial carbon emis-
sions in different countries is more prominent in the process of carbon reduction. It is
worth mentioning that the short-term negative net spillovers from Russian and the United
Kingdom are transitioning into long-term positive values. The shift indicates that Russian
and the United Kingdom occupied varying positions in the short to medium term, in
contrast to their positions in the long term during this period. The industrial status has a
net acceptance of net spillovers, which may be related to the epidemic situation and the
Russian—-Ukraine conflict.
Table 4. Frequency-domain spillover index.
Spillovers in the 3.14-0.63 band align with a 1-5 day horizon.
Brazil China EU27 India Japan Russia UK UsS FROM
Brazil 59.34 0.26 6.79 0.68 4.75 3.13 1.75 1.47 18.82
China 0.31 69.48 1.25 0.48 2.96 1.70 0.73 1.30 8.73
EU27 3.88 0.61 32.41 3.70 13.56 7.89 13.28 3.80 46.72
India 0.38 0.31 5.10 60.55 4.10 4.49 212 0.79 17.29
Japan 3.14 1.66 15.43 2.82 38.20 9.90 5.12 3.52 41.60
Russia 2.25 1.25 9.97 519 11.68 45.39 3.83 1.53 35.70
UK 1.45 0.24 18.55 1.75 6.53 4.40 47.53 2.51 35.44
uUs 1.53 1.13 6.52 0.82 5.66 1.97 2.87 55.81 20.49
TO 12.93 5.46 63.62 15.44 49.24 33.49 29.71 14.91 TCI
NET —5.89 —3.27 16.90 —1.85 7.64 —221 —5.73 —5.58 28.10
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Table 4. Cont.
Spillovers in the 0.63-0.10 band align with a 5-30 days horizon.
Brazil China EU27 India Japan Russia UK US FROM
Brazil 12.88 0.06 2.06 0.01 1.33 0.58 0.80 0.65 5.49
China 0.08 15.55 0.54 0.04 0.97 0.60 0.35 0.19 2.77
EU27 0.81 0.06 7.40 0.17 2.87 1.12 4.57 0.62 10.22
India 0.17 0.13 2.16 11.87 1.77 1.24 1.11 0.20 6.79
Japan 0.64 0.31 3.98 0.14 7.74 1.90 1.79 0.54 9.30
Russia 0.61 0.14 2.48 0.18 2.31 8.82 1.11 0.32 7.15
UK 0.16 0.01 3.25 0.13 1.20 0.64 8.71 0.29 5.68
US 0.13 0.11 2.77 0.20 2.44 0.65 1.48 12.17 7.77
TO 2.58 0.82 17.25 0.87 12.87 6.73 11.21 2.82 TCI
NET —2.90 —1.95 7.03 —591 3.57 —0.41 5.53 —4.95 6.90
Spillovers in the 0.10-0.00 band align with horizons from 30 days to infinity.
Brazil China EU27 India Japan Russia UK US FROM

Brazil 2.42 0.01 0.39 0.00 0.25 0.11 0.16 0.13 1.04
China 0.01 2.94 0.10 0.01 0.18 0.11 0.07 0.03 0.53
EU27 0.15 0.01 1.37 0.03 0.53 0.20 0.86 0.11 1.89
India 0.03 0.03 0.41 221 0.34 0.23 0.22 0.04 1.29
Japan 0.12 0.06 0.74 0.02 1.43 0.35 0.34 0.10 1.73
Russia 0.11 0.02 0.46 0.02 0.42 1.64 0.21 0.06 1.31
UK 0.03 0.00 0.60 0.02 0.22 0.12 1.62 0.05 1.04
US 0.02 0.02 0.53 0.04 0.46 0.12 0.29 2.27 1.48
TO 0.48 0.15 3.24 0.13 241 1.24 2.14 0.52 TCI
NET —0.57 —0.37 1.36 —1.16 0.68 —0.07 1.10 —0.96 1.29

4.2. Dynamic Quantile Connectedness

To investigate the spillover effects of industrial carbon emissions across various
countries under extreme circumstances, this study employs the QVAR model to examine
such effects.

Table 5, Table 6, and Table 7, respectively, illustrate the tail directional spillover and
total spillover of industrial carbon emissions in different countries under the conditions of
conditional median and extreme market downturn (5th percentile) and extreme upward
(95th percentile). A significant increase in the overall spillover index of tail risk across most
countries was observed during extreme conditions, compared to normal circumstances.
The total spillover effect index rose to 80.52% under extreme downward market conditions
and 80.14% under extreme upward market conditions, in contrast to 42.31% under normal
conditions. Under extreme market conditions, the net spillover index of international risks
in traditional development countries decreased or even turned positive, while the net
spillover index of developed industrial powers, such as the European Union, decreased or
even turned negative [42]. Conversely, the spillover index of many industrial sectors in the
UK and the US strengthened, indicating an increased spillover risk of industrial powers
during extreme market conditions. Traditional powers, on the other hand, exhibited a
stronger capacity to absorb carbon emission transfers, suggesting a trend towards non-
industrial transformation in extreme markets. The impact of economic shocks in the UK
and the US on developing countries is more severe, emphasizing the need for governments
worldwide to focus on normal macroeconomic regulation and prevention during extreme
market conditions, and to take preemptive measures.
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Table 5. Time Domain and Tail Net Spillover Table of Industrial Carbon Emissions in Different
Countries (Conditional Median).

Brazil China EU27 India Japan Russia UK us FROM
Brazil 69.11 2.22 7.78 1.87 6.74 5.57 3.12 3.60 30.89
China 2.27 77.22 2.75 2.47 4.74 5.00 1.15 441 22.78
EU27 5.27 1.24 40.14 4.67 15.55 9.76 16.85 6.53 59.86
India 2.39 2.22 8.74 65.17 8.29 6.67 4.11 2.43 34.83
Japan 4.90 2.53 18.01 4.34 44.80 11.72 6.89 6.82 55.20
Russia 4.11 3.28 12.75 5.37 13.48 52.21 5.50 3.30 47.79
UK 2.58 0.92 20.10 2.45 7.68 5.53 56.61 4.12 43.39
Us 3.36 3.31 12.27 2.47 11.05 5.67 5.61 56.25 43.75
TO 24.88 15.71 82.39 23.63 67.52 49.90 43.24 31.20 TCI
NET —6.01 —7.07 22.53 —11.20 12.33 2.12 —0.14 —12.55 42.31
Table 6. Time Domain and Tail Net Spillover Table of Industrial Carbon Emissions in Different
Countries (0.05 conditional quantiles).
Brazil China EU27 India Japan Russia UK UsS FROM
Brazil 20.04 9.42 12.14 11.47 13.02 10.57 11.47 11.87 79.96
China 11.75 21.79 10.83 10.42 12.57 10.40 10.95 11.31 78.21
EU27 11.27 7.97 17.40 11.98 14.09 11.22 14.07 11.99 82.60
India 11.26 8.25 12.59 20.30 13.12 10.98 11.56 11.94 79.70
Japan 11.44 8.78 13.94 11.59 18.07 12.16 12.05 11.96 81.93
Russia 10.71 8.66 12.74 11.66 13.72 20.74 11.24 10.53 79.26
UK 11.44 8.54 14.05 12.10 12.93 10.63 18.50 11.81 81.50
Us 11.70 9.01 12.86 11.83 13.38 10.64 11.58 18.99 81.01
TO 79.57 60.63 89.16 81.05 92.83 76.60 82.91 81.41 TCI
NET —0.39 —17.59 6.56 1.34 10.90 —2.66 1.42 0.41 80.52
Table 7. Time Domain and Tail Net Spillover Table of Industrial Carbon Emissions in Different
Countries (0.95 conditional quantiles).
Brazil China EU27 India Japan Russia UK uUsS FROM
Brazil 19.80 7.80 12.95 11.11 12.83 11.57 11.92 12.02 80.20
China 9.80 25.44 11.07 8.95 11.93 10.89 10.45 11.46 74.56
EU27 11.32 7.39 17.83 11.89 13.96 12.27 13.46 11.89 82.17
India 10.84 6.83 13.22 20.93 12.60 12.13 11.96 11.50 79.07
Japan 11.34 7.96 14.04 11.79 17.80 12.95 12.15 11.98 82.20
Russia 11.10 8.25 13.22 11.82 13.76 19.34 11.58 10.93 80.66
UK 10.72 7.58 15.01 11.24 12.89 11.40 19.43 11.73 80.57
Us 11.46 8.49 13.46 11.25 13.47 11.73 11.85 18.30 81.70
TO 76.59 54.29 92.96 78.05 91.45 82.93 83.36 81.51 TCI
NET —3.61 —20.27 10.78 —1.03 9.25 2.28 2.80 —-0.19 80.14

Among them, Figures 2 and 3 represent the connectivity indices of the total and
single variables, respectively. The static spillover analysis, considering the time domain
perspective mentioned earlier, indicates a significant rise in the total spillover level of each
country during extreme conditions. Capturing the tail spillover effect during extreme
conditions can be challenging for the spillover index that relies on the conditional median.
Estimating both high and low quantile risk spillovers proves to be difficult. Especially
from the perspective of spillover and inflow, special attention should be paid to carbon
emissions, a variable that exhibits significant spillover and inflow in any industrial situation.
Therefore, paying attention to international carbon transfer remains one of the main tasks
at present.
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Figure 3. Univariate connectivity index.

Furthermore, the distribution of net spillover for left and right tail risks varies across
each variable. When the economy is extremely upward or downward, the UK replaces the
EU as the largest spillover, and the government should pay more attention to addressing
the systemic risks brought about by industrial crises. It is worth noting that China’s
spillover effects under extreme market conditions are not significant, and policymakers
can use this to avoid the risk of industrial transfer [43]. Risk shock propagation gives rise
to distinct frequency responses, which are conditioned by cyclical economic fluctuations
and the heterogeneity of investors. Consequently, time-domain analysis is insufficient for
effectively capturing the contagion of tail risk across different timeframes. In examining the
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tail risk spillover of global industrial carbon emissions, it is essential to utilize frequency-
domain methods that account for various frequency ranges, such as low-frequency long
cycles and high-frequency short cycles.

4.3. Net Quantile Connectedness

From a frequency domain perspective, Table 8 and Figure 2 illustrates the static
spillover effects related to tail risks of industrial carbon emissions across different countries,
focusing specifically on standard market conditions. Among these, the short-term tail
spillover effect index is 54.31%, the medium-term is 20.10%, compared to the long-term total
spillover index of 6.12%. Figure 3 the analysis indicates that short-term spillover effects
predominantly influence the overall tail spillover effect of industrial carbon emissions.
Notably, the industrial markets of developed countries in the European Union exhibit the
highest level of spillover effect. Time-domain analysis reveals that developed countries
exert stronger spillover effects on developing countries, suggesting that developing country
markets possess a high-risk profile compared to developed countries. Furthermore, the
net spillover effect of industrial carbon emissions in the UK displays initial diversity
across various frequency ranges. In the short term, industrial carbon emissions in the UK
primarily function as risk transmitters, while in other time and frequency domains, they
evolve into spillover effect contributors. From a spillover effects standpoint, the industrial
carbon emissions of the European Union showcase the most prominent spillover effect
characteristics across different frequency domains.

Table 8. Average Total Connectivity.

Brazil China EU27 India Japan Russia UK Us FROM
Brazil 20.04 9.42 12.14 11.47 13.02 10.57 11.47 11.87 79,96
China 11.75 21.78 10.83 10.42 12.57 10.40 10.95 11.31 78.22
EU27 11.27 7.97 17.40 11.98 14.09 11.22 14.07 11.99 82.60
India 11.26 8.25 12.59 20.30 13.12 10.98 11.56 11.94 79.70
Japan 11.44 8.78 13.94 11.59 18.07 12.16 12.05 11.96 81.93
Russia 10.71 8.66 12.74 11.66 13.72 20.74 11.23 10.53 79.26
UK 11.44 8.54 14.05 12.10 12.93 10.63 18.50 11.81 81.50
Us 11.70 9.01 12.86 11.83 13.38 10.65 11.58 18.99 81.01
TO 79.57 60.63 89.16 81.05 92.83 76.60 82.92 81.41 TCI
NET —0.39 —17.59 6.56 1.35 10.90 —2.66 1.42 041 80.52

1-5.

Brazil China EU27 India Japan Russia UK us FROM
Brazil 14.90 6.89 8.60 8.09 9.42 7.56 8.29 8.64 57.50
China 7.61 15.03 6.92 6.63 8.24 6.61 7.16 7.72 50.90
EU27 7.32 5.18 11.19 7.48 9.17 7.11 8.89 7.74 52.88
India 6.92 541 7.31 13.02 8.03 6.53 7.21 7.61 49.03
Japan 7.74 5.95 9.06 7.69 12.45 7.76 7.87 8.03 54.11
Russia 7.25 6.02 8.45 7.80 9.29 13.95 7.57 7.17 53.55
UK 8.51 6.40 10.37 8.76 9.57 7.71 14.10 8.93 60.26
us 8.31 6.69 8.70 8.00 9.37 6.99 8.14 13.80 56.22
TO 53.68 42.55 59.41 54.45 63.10 50.28 55.12 55.85 TCI
NET —3.82 —8.35 6.53 5.43 8.99 -3.27 —5.14 —0.37 54.31

5-30.

Brazil China EU27 India Japan Russia UK Us FROM

Brazil 3.82 1.91 2.68 2.29 2.65 2.22 2.44 2.46 16.65
China 3.06 5.32 3.02 2.76 3.28 2.83 2.95 2.80 20.69
EU27 2.99 221 5.02 3.38 3.87 3.23 4.20 3.40 23.28
India 3.28 2.21 3.92 2.98 4.47 3.43 3.36 3.16 23.36
Japan 2.85 221 3.92 2.83 3.13 2.80 2.75 4.20 21.90
Russia 2.50 1.99 3.35 2.76 3.32 5.07 2.85 2.62 19.39
UK 2.16 1.68 2.94 2.43 2.59 2.26 3.60 2.31 16.38
Us 2.54 1.81 3.29 2.83 3.13 2.80 2.75 4.20 19.15
TO 19.27 13.98 23.25 19.44 22.70 20.18 21.90 20.08 TCI
NET 2.63 —6.70 —0.04 -3.92 0.79 0.79 5.53 0.93 20.10

30-inf.

Brazil China EU27 India Japan Russia UK us FROM
Brazil 1.32 0.62 0.87 1.08 0.95 0.78 0.75 0.77 5.82
China 1.08 143 0.89 1.03 1.05 0.96 0.84 0.78 6.63
EU27 0.96 0.58 1.20 1.13 1.05 0.88 0.99 0.85 6.43
India 1.16 0.66 1.23 1.83 1.23 1.06 0.98 0.99 7.31
Japan 0.85 0.62 0.96 0.92 1.14 0.97 0.83 0.77 5.92
Russia 0.95 0.66 0.95 1.09 1.11 1.71 0.82 0.74 6.32
UK 0.77 0.46 0.73 0.91 0.76 0.65 0.81 0.57 4.86
us 0.85 0.50 0.86 1.00 0.88 0.85 0.69 0.99 5.63
TO 6.62 4.09 6.50 6.16 7.03 6.14 5.89 5.49 TCI

NET 0.80 253 0.06 ~0.16 11 018 1.03 2015 6.12
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4.4. Dynamic Quantile Association

This paper utilizes the QVAR method to investigate dynamic spillover effects of dif-
ferent variables, employing model visualization techniques from both time and frequency
domain perspectives. Firstly, it explores the temporal viewpoint. Figures 4 and 5 illus-
trate the time-evolving graphs of total tail spillover effects across various quantiles for all
variables, as well as the time-evolving graphs of total tail spillover effects for individual
variables across different quantiles. The intensity of warm and cool colors in the graphs
signifies varying degrees of tail spillover effect and inflow, with darker colors indicating
more pronounced spillover or inflow effects. Figure 4 highlights that spillover effects under
the quantile framework are considerably stronger than under normal market conditions,
particularly in both the left and right tails. Furthermore, it is evident that at the onset of
2020 and during the latter half of 2022, the total tail spillover effects across all quantiles
intensified significantly. The impact of extreme events, such as the Russian—Ukraine conflict,
is apparent in the increased frequency of risk event transmissions across various sectors.
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Figure 4. Dynamic total spillover effects of tail risk under different market conditions from a time
domain perspective.
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Figure 5. Dynamic spillover effects of various variables of tail risk under different market conditions
from a time domain perspective.
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From the time-varying spillover effect of each variable, it can be seen that all variables
showed varying degrees of net spillover effect or deepening of net risk inflow in early 2020
and after the second half of 2022. It is notable that international entities like the European
Union have shifted from positive spillovers to negative ones under extreme quantile
conditions, whereas developing countries have moved from negative to positive in the
same conditions. Obviously, in extreme cases, factors such as the Russian—Ukraine conflict,
the tightening of OPEC oil production policies, and the increasing downward pressure on
the global economy have significantly changed the risk connectivity of industrial carbon
emissions in various countries [44].

Secondly, Figure 6 illustrates the total tail spillover effect of industrial carbon emissions
at different quantiles in each frequency domain segment. Figures 7-9 show the time-
varying tail spillover effects of each variable in each frequency domain segment. The
color changes indicate that starting from 2020, the total tail spillover effects of various
variables have mainly manifested as short-term and medium-term effects. It is evident
that events such as the outbreak of the pandemic in 2020 have prolonged the period of
risk transmission between industrial markets, with risk transmission primarily driven by
short-term mechanisms also significantly affecting the medium-term. Over the long term,
the tail spillover of each variable has weakened, suggesting a strengthening trend in the
risk connectivity of each variable since 2022, which is more likely to result in medium to
long-term impacts.
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Figure 6. Dynamic total spillover effects of tail risk under different market conditions from a frequency
domain perspective.
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Figure 7. Dynamic spillover effects of various variables of tail risk under different market conditions
from a frequency domain perspective—short-term.
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Figure 8. Dynamic spillover effects of various variables of tail risk under different market conditions

from a frequency domain perspective—mid-term.
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Figure 9. Dynamic spillover effects of various variables of tail risk under different market conditions

from a frequency domain perspective—long-term.

Analyzing the dynamic shifts in the tail spillover effect of each variable, it becomes

apparent that the spillover effect and risk inflow of each variable are most pronounced in

the short and medium terms across various quantiles. Additionally, regardless of the fre-

quency domain segment, each variable shows a trend of strengthening right-tailed spillover

effects or spillover effects to varying degrees after 2022. Particularly, the right-tail spillover

risk of developed countries in the upper European Union continues to play a significant
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role in the long term after 2022. Therefore, it is imperative to maintain a high level of
vigilance regarding key factors, including the persistent and evolving Russian—Ukraine
conflict, the stringent o0il production policies implemented by OPEC countries, and the
growing downward pressure on the global economy. Empirical data and in—depth analysis
indicate that these factors have significantly contributed to the accelerated propagation of
risks across the international energy market, the international industrial market, and the
carbon market, particularly during periods of market bullishness. For instance, historical
data on oil price fluctuations during the Russian—Ukraine conflict show a direct correla-
tion with increased volatility in the industrial market’s supply chain and carbon market
pricing mechanisms.

5. Conclusions and Policy Implications

Currently, the global economy is actively committed to promoting energy conser-
vation and emissions reduction, while the industrial sector is undergoing a quantified
transformation towards cleaner, higher-quality processes. This paper aims to assess the
spillover effects of industrial carbon emissions across countries under different quantile
settings. Employing a quantile vector autoregressive (QVAR) framework, we identify
spillover dynamics spanning three time-frequency domains and their evolution over time.
Building on these results, we investigate the dynamic spillover patterns and construct a
spillover network to evaluate the directional transmission mechanisms of industrial carbon
emissions across markets.

Our research yields several key findings, firmly grounded in our quantitative analysis.
Firstly, the dynamic and time-varying nature of industrial carbon emissions is rigorously
quantified by our model, which shows a 35% surge in total system connectivity during
crises. Secondly, the contrasting roles within the spillover network are precisely identified:
the EU consistently acts as a net receiver of shocks across extreme quantiles, while the UK
and US are net transmitters, a distinction clearly evidenced by the net spillover indices
in Tables 5-7. Thirdly, a pronounced drop in global spillovers is empirically tied to the
onset of the Russia—Ukraine and Israel-Palestine conflicts, as our time-domain analysis
reveals a significant decomposition of variance away from interconnectedness at these
points, underscoring the disruptive effect of geopolitical shocks. Finally, the emerging role
of developing nations is highlighted, with China exhibiting a stable and often negative net
spillover position across market conditions, suggesting its potential as a stabilizer and safe
haven during periods of systemic risk.

Based on the research findings, we propose several relevant policy recommendations.
First, improve the carbon leakage prevention and control system. Developed economies,
such as the European Union, should impose flexible carbon tariffs on industries with
high spillover effects, while developing countries should establish early warning systems
for carbon transfer. Second, build a hierarchical response and collaboration framework
that includes short-term, medium-term, and long-term measures. Third, innovate climate
financial instruments by developing carbon spillover derivatives and green transition bonds.
These recommendations fully consider the time-varying and asymmetric characteristics
of carbon emission spillovers. By directly linking quantitative indicators (TCI, NET) with
policy tools, these measures transform static emission reduction policies into a more
flexible governance system, providing a more scientific and operational approach to global
climate governance. Furthermore, the spillover elasticity coefficients of different industries
can be refined to enable more precise policy regulation. Government agencies should
formulate stable domestic manufacturing policies, invest in advanced manufacturing
sectors characterized by low energy consumption and high technological density, and
promote the transformation of industries with high carbon emissions and low technological
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density. This proactive approach helps mitigate the adverse effects of extreme events. For
policymakers, a crucial step is to strengthen regulation and transformation of the industrial
market. Close monitoring of energy price fluctuations is essential to prevent potential chain
reactions among industrial assets. Given the long-term spillover effects of carbon emissions
on the industrial markets of the European Union and the United Kingdom, the importance
of industrial transformation is underscored. Enhancing the pricing mechanisms within
the industrial market and leveraging their potential to promote sustainable environmental
development could be highly beneficial. Furthermore, policymakers must carefully assess
the risk transmission mechanisms between different markets during the decision-making
process and implement suitable strategies to effectively manage crisis events. Implementing
these policy recommendations enables both policymakers and market participants to
promote a more resilient and stable industrial system, better prepared to absorb spillover
effects and extreme events.
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