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Revealing how historical energy and environmental policies interacted with socioeconomic factors to
shape the trends in air pollutant and CO, emissions is crucial for developing effective future pollution-
carbon co-control strategies. Here, we develop an integrated analytical framework combining a
detailed sectoral emission inventory, index decomposition analysis, and a clustering algorithm to
investigate China’s synergetic patterns of air pollutant and CO, emissions across 15 socioeconomic
sectors from 2000 to 2020 and uncover the co-drivers behind these trends, with detailed temporal,
sectoral, and spatial dynamics revealed. Our analysis suggests that historical policies have effectively
curbed air pollutant emissions, while abating CO, emissions remains a challenge. Energy and climate
policies, particularly those focused on structural adjustments, are increasingly instrumental in driving
pollution-carbon co-reduction. Compared to the earlier period, the fractional contribution of energy
and climate policies to emission reductions of SO,, NO,, PM, 5 and CO, increased by 1.3-8.6 times
during 2010-2020, respectively. Substantial regional heterogeneity in emission co-drivers
underscores the need for tailored strategies, such as adopting advanced energy-saving technologies

in areas dominated by energy-intensive industries and accelerating the clean energy transition in
regions endowed with renewable resources. Our study would provide actionable insights for
formulating effective pollution-carbon co-control strategies in China and beyond.

Over the past few decades, China’s swift economic expansion has led to
substantial deteriorations in air quality and associated public health, as well
as a surge in CO, emissions, primarily driven by energy-intensive and coal-
dependent industries'”. As reported by the Ministry of Ecology and
Environment of China (MEE), the national annual average PM, 5 con-
centration was 29.3 uygm™ in 2024% still far exceeding the air quality
guideline suggested by the World Health Organization (that is, annual
average PM, s concentration less than 5 pg m ™). Furthermore, as the largest
contributor to global CO, emissions, China may have experienced a 5.2%
increase in CO, emissions from energy consumption from 2022 to 2023°. In
response to the intertwined issues of air pollution and climate change, the
government of China introduced the “Implementation Plan for Synergizing
Reduction of Pollution and Carbon Emission” in 2022. Guided by the

theoretical foundation that emissions of air pollutants and CO, are mainly
rooted in the “same sources” or the “same processes”, it prioritizes energy
structural adjustments and the optimization of industrial layouts to attain
pollution-carbon co-control. Measures including transitioning to renewable
energy sources and eliminating outdated production capacities can deliver
notable co-benefits in mitigating air pollution and curbing the growth of
CO, emissions®™.

Despite air pollutants and CO, are characterized by sharing a common
origin in general, sectoral and regional contributions may vary greatly by
species’. Moreover, environmental impacts of CO, emissions from various
emission sources tend to be homogeneous, whereas impacts caused by air
pollutant emissions are highly correlated with source locations and sectors,
thereby leading to disparities in policy effectiveness. In pursuit of cleaner air
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and low-carbon emission goals, the country has enacted a series of energy,
climate, and environmental policies, such as implementing the “ultra-low”
emission renovation in the power and industrial sectors, retiring yellow-
label and old vehicles (i.e., old and high-emission vehicles that fail to meet
given exhaust emission standards), and promoting clean energy transition
in the residential sector'’™". Driven by distinct policy focus, the effectiveness
of these policies in shaping air pollutant and CO, emission patterns is
anticipated to differ greatly, depending on whether the priority is given to
pollution control, carbon reduction, or pollution-carbon co-control; while
some may facilitate synergies, others could lead to trade-offs""". Addi-
tionally, the effects of implemented policies may vary due to their interac-
tions with China’s evolving socioeconomic development trajectory, as
energy and production demands are key drivers determining generations of
air pollutant and CO, emissions'®. Therefore, in the context of pollution-
carbon co-control, uncovering the spatial and sectoral heterogeneity in the
impacts of historical policy interventions and socioeconomic factors on air
pollutant and CO, emissions is crucial for guiding the design of future co-
control strategies.

Regarding the interaction of clean air actions or decarbonization efforts,
previous studies have extensively demonstrated the substantial co-benefits of
these policies that are proposed from distinct original purposes'’’. However,
the synergies or trade-offs between air pollutant and CO, emissions, shaped
by long-term policy portfolios, remain unclear. Studies have been conducted
to quantify the impacts of various socioeconomic and policy factors on
changes in energy consumption, air pollutant emissions, and air quality
improvement, as well as CO, emissions’ ™. However, these studies typically
focus on a single carbon or air pollutant dimension. Although several
attempts have been made to identify drivers that synergistically drove changes
in air pollutant and CO, emissions, most are limited to relatively narrow and
lagged periods (e.g,, 2005-2015)**”". Recent research has extended the tem-
poral coverage to uncover provincial-level drivers of synergetic efficiency,
however, sectoral heterogeneity remains poorly understood'®. Additionally,
existing sector-specific investigations of co-drivers mainly focused on key
sectors (e.g., power and transportation)”™, fail to systematically reveal the
cross-sectoral co-driving mechanisms behind emission trends. Despite
regional emission mitigation pathways have been initially explored with
sectoral information incorporated, regional divisions often rely on economic
levels or geographical locations, which may overlook the interplay among
emission dynamics, local socioeconomic development, and region-specific
policy interventions™ . Hence, a comprehensive assessment that integrates
detailed spatial and sectoral information to identify co-drivers of air pollutant
and CO, emissions over a long-term period is still lacking. Addressing such a
question would reveal the underlying spatial heterogeneity behind these
drivers, thereby providing key insights to inform the formulation of region-
specific co-control strategies in the future.

Here, we comprehensively explore the heterogeneity in co-drivers of
air pollutant and CO, emissions across detailed spatial and sectoral sources
(i-e., 15 sectors from 30 provinces) during 2000-2020 for the first time, and
identify the characteristics of pollution-carbon co-control across different
provincial types in China. First, a detailed sector-specific inventory of air
pollutant and CO, emissions from 2000 to 2020, with five-year intervals, is
derived and updated based on the Greenhouse Gas-Air Pollution Interac-
tions and Synergies model adapted to China (GAINS-China). We further
analyze the synergetic patterns based on sectoral air pollutant and CO,
emission trends. Then, we apply an index decomposition method to identify
the co-divers behind air pollutant and CO, emission trends. This involves
decomposing the effects of different socioeconomic and policy factors on
emission changes, as demonstrated in the emission inventory over a long
period across China. Finally, on the basis of aggregating the effects of drivers
on emission trends across different provinces, a clustering analysis approach
is further employed to group 30 provinces (excluding Tibet, Hong Kong,
Macao, and Taiwan due to data availability), enabling the identification of
spatially distinct pollution-carbon co-control characteristics. Tailored pol-
icy recommendations to guide the development of region-specific co-con-
trol strategies are then proposed.

Results

Trends in China’s air pollutant and CO, emissions from 2000

to 2020

Figure 1 shows emission patterns of three major air pollutants (that is, SO,,
NO,, primary PM, 5), and CO, across China during 2000-2020. Notably,
due to the 5-year interval settings in the GAINS-China model, our analysis of
emission trends captures multi-year patterns that might fail to capture the
exact peak year for specific air pollutant emissions. Between 2000 and 2020,
emissions of SO, and primary PM,s declined by 55.5% and 34.8%,
respectively, while NO, emissions increased by 30.6%. The stage-based
emission patterns observed over the past two decades are consistent with
findings documented in other inventories (Supplementary Fig. S1). All three
major air pollutant emissions have followed a downward trajectory since
2010. From 2005 to 2020, emissions of SO, and primary PM, 5 exhibited
continuous declines of 68.3% and 34.9%, respectively, demonstrating the
effectiveness of implementing total emission control of SO, and particulate
matter in the 11™ Five Year Plan (FYP; i.e., the 11™ FYP period covers
2006-2010)*. The NO, emission profile showed relatively different, with an
upward trend of 26.2% between 2005 and 2010, followed by a 26.4% decrease
from 2010 to 2020. This noted disparity can be explained by the delay in
introducing total NO, emission control policy, which was not implemented
until the 12 FYP (i.e,, the 12" FYP period covers 2011-2015)**. Different
sectoral sources contribute to divergences in the emission structure of var-
ious air pollutants over time. The power and heating sector demonstrated the
major contributor to SO, and NO, emissions before 2010, accounting for
40.6% and 34% of national SO, and NO, emissions in 2010, respectively,
driven by the rapid increase in sectoral electricity generation™. From 2015 to
2020, the nonmetal sector gradually emerged as a key source of SO, emis-
sions, responsible for 30.6% of the national total in 2020, while the trans-
portation sector led national NO, emissions (40.4% of the total in 2020). This
shift was largely attributed to substantial reductions in SO, and NO,
emissions from the power and heating sector. Over the past two decades, the
rural residential sector has remained the dominant contributor to national
primary PM, 5 emissions, contributing about a quarter of the national total
in 2020. Notably, emissions of NO, and PM, s in the agriculture sector were
mainly sourced from manure application on small farms and agricultural
waste burning, respectively.

In contrast to the decreasing patterns in air pollutant emissions, Chi-
na’s total CO, emissions followed a continuously upward trajectory, but
with a slower growth rate. During 2000-2020, national CO, emissions were
estimated to increase by 212.1% to 10.9 billion tons, with an average annual
rate of 10.6%. As shown in Fig. 1b, a notable downturn in the annual growth
rate of CO, emissions has occurred since 2010, due to the implementation of
carbon emission intensity controls under the 12" FYP period™. Specifically,
national CO, emissions grew by only 24.5% from 2010 to 2020, while GDP
surged by 93.3%, despite being impacted by the contraction of industrial and
socioeconomic activities during the COVID-19 lockdown in 2020. This
indicates that China’s CO, emissions have shown a relatively decoupled
pattern from economic growth since 2010. Additionally, identified key
sources of air pollutant emissions, that is, the power and heating, nonmetal,
and transportation sectors, also contributed substantially to the increase in
national CO, emissions during the whole period. For example, the power
and heating sector was estimated to contribute 58.5% to the total change in
CO, emissions from 2000 to 2020, which can be largely attributed to the
ongoing growth in fossil fuel consumption, particularly with the share of
coal consumption reaching 70.5% in the power and heating sector in 2020
(Supplementary Fig. S2).

Synergies in air pollutant and CO, emissions across key sectors
Figure 2 illustrates the synergetic relationships between air pollutant and
CO, emissions across six key sectors (i.e., the iron and steel, nonmetal,
nonferrous metal, power and heating, transportation, and rural residential
sectors), based on their temporal evolving trends from 2000 to 2020. These
six key sectors were estimated to account for 66.8-83.2% of national air
pollutant emissions and 86.3% of total CO, emissions in 2020. Over the past
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Fig. 1 | Trends in air pollutant and CO, emissions
across China during 2000-2020. a Estimated
national anthropogenic emissions of SO,, NO,,
primary PM, 5, and CO, by 15 socioeconomic sec-
tors. b Variations in national GDP and emissions of
air pollutants and CO,, relative to the year 2000.

¢ Overview of key energy, climate, and environ-
mental control policies implemented from 2000 to
2020 in China. Note: in (c), Phase I Action Plan
represents the Air Pollution Prevention and Control
Action Plan; Phase I Action Plan represents the
Three-Year Action Plan for Winning the Blue Sky
Defense Battle; Double Carbon target represents the
carbon peaking and carbon neutrality targets; De-S
refers to desulfurization; De-N refers to denitrifica-
tion; and NG refers to natural gas.
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two decades, notable progress was made in curbing air pollutant emissions

across China, while sectoral CO, emissions showed a general upward or
modest decreasing trend. As a result, the relationship in sectoral pollutant-
CO, emissions exhibited temporally divergent characteristics, which are
closely related to the distinct timeline of implementing pollutant-specific

environmental control and energy and climate policies.

During the early stage (2000-2005), co-growth trends in pollutant-CO,

emissions were observed in most key sectors as driven by surging energy and
production demands and limited pollution control and decarbonization
efforts (Fig. 1c). With the ongoing reinforcement of end-of-pipe controls,
sectoral pollutant-CO, emission relationships began to exhibit noticeable

diverging trends from 2005 to 2010. Specifically, a trade-off between SO, and
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CO, emissions in the power and heating sector was observed. This phe-
nomenon can be largely attributed to the installation of flue-gas desulfur-
ization (FGD) equipment in coal-fired power plants mandated by the
Chinese government in 2006 (Fig. 1¢)***, which effectively improved the
removal efficiency of SO, emissions in coal-fired power plants (i.e., from 8%
in 2005 to 78% in 2010)”, leading to a substantial 52.2% reduction in sectoral
SO, emissions. However, co-growth trends in air pollutant and CO, emis-
sions were witnessed in several energy-intensive sectors, such as the co-
growth of NO, and CO, emissions in the power and heating sector, and the
co-growth of all three major air pollutant and CO, emissions in the trans-
portation sector and the iron and steel sector. Such co-growth trends could
mainly be attributed to the rapid increase in activity levels.

Between 2010 and 2015, trade-offs favoring air pollution control were
observed in more sectors and covered more species, reflecting the stricter
pollution control policies. For example, disparate patterns between NO, and

CO, emissions were witnessed in the power and heating sector, in which
sectoral CO, emissions grew by 17.8%, while NO, emissions declined by
40.6%, under the background that the national electricity generation from
thermal power plants increased by 28.6% during 2010-2015". This diver-
gence oriented by clean air priorities could be explained by the joint effect of
the widespread adoption of denitrification technologies and phasing-out of
small and outdated power generation units, as illustrated in Fig. 1c™**.
Additionally, stricter post-2010 environmental control policies prompted
the installation of FGD equipment in the industrial sector (Fig. 1c)”, leading
to, for example, a 23.6% decline in SO, emissions from the iron and steel
sector during 2010-2015, thus revealing a contrasting SO, and CO, emis-
sion trend in the iron and steel sector. However, the transportation sector
still experienced a continuous co-growth trend in NO,-CO, emissions
during this phase, driven by the ongoing increase in the vehicle population
(i.e., increase by 45.3% during 2010-2015)".
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Fig. 3 | Drivers for changes in emissions of major air pollutants and CO, across
China during 2000-2020. Panels represent the impacts of drivers on national air
pollutant and CO, emissions: a SO,, b NO,, ¢ PM, 5, and d CO,.

During the latest investigated period (2015-2020), the positive synergy
evolution pattern emerged in several key industrial sectors (e.g., the iron and
steel sector, the nonmetal sector represented by cement production, and the
nonferrous metal sector led by aluminum production), as well as the rural
residential sector. This positive pattern can be attributed to the efficacy of
implementing structural adjustment measures during the Phase II Action
Plan period (ie., 2018-2020)". For example, the rural residential sector
experienced an evident co-mitigation of primary PM, 5 and CO, emissions
from 2015 to 2020, largely driven by a 34% reduction in coal consumption
(Supplementary Fig. S3), suggesting that the clean heating program
implemented in northern China since 2017 has greatly accelerated the
transition toward cleaner energy sources (e.g., natural gas and electricity) in

rural households (Fig. 1¢)*". In addition, another crucial factor to facilitate
synergetic reductions may include the contraction of industrial and socio-
economic activities, predominantly driven by the COVID-19 lockdown in
2020*. However, during this period, opposing trajectories in pollutant-CO,
emissions persisted in the power and heating sector, as well as in the NO,-
CO, relationship in the transportation sector, driven by increased demand
and increasingly strengthened pollutant control measures. For example,
NO, emissions in the transportation sector were estimated to decrease by
9.7% from 2015 to 2020, which can be primarily attributed to the upgrading
of vehicle emission standards (e.g., the implementation of China V in 2017)
and changes in travel behavior (e.g, modal shift from road to rail and
waterways)***, as shown in Fig. 1c, while CO, emissions continued to rise
(that is, 8.7% increase). These divergent patterns indicate that the upward
trajectory of sectoral CO, emissions has yet effectively curbed by current
decarbonization efforts. Therefore, co-reduction strategies targeting
pollutant-CO, emissions from key sectors (e.g., large emission contributors)
require a challenging shift toward reinforced low-carbon actions. Such
strategies would adopt a more comprehensive structural approach than
conventional pollution control measures.

Co-drivers of air pollutant and CO, emissions

Figure 3 shows the synergetic effects of four aggregated socioeconomic
drivers on changes in air pollutant and CO, emissions across China. Eco-
nomic growth (blue bars in Fig. 3) was identified as the key co-driver behind
evident co-growth in air pollutant and CO, emissions across the whole
period. However, since the 11" FYP period, as China embraced a new
normal development phase characterized by a slowing pace of economic
growth, the effect of economic growth on driving the co-growth of air
pollutant and CO, emissions has progressively weakened. Between 2015
and 2020, increases in total emissions of SO,, NO,, primary PM, 5, and CO,
driven by economic growth have reduced by 86-92.5% compared to the
period of 2000-2015.

Environmental control policies (green bars in Fig. 3), which focused on
lowering emission intensity primarily through the deployment of end-of-
pipe control and applying advanced production technologies, largely offset
the increasing emissions of all three air pollutants driven by economic
growth. Overall, this factor successfully reduced SO,, NO,, primary PM, s,
and CO, emissions by 169.3%, 133.3%, 88.6%, and 16.8% during
2000-2020, respectively. However, trends of its effects varied greatly across
species, reflecting the evolving control priorities. Specifically, from 2005 to
2010, environmental control policies demonstrated effective in curbing the
increasing trends in SO, emissions of 51.9%, due to ~86% of the coal-fired
power plants, which are the largest SO, emission contributor, carried out
FGD retrofits during the 11™ FYP period (Fig. 1c)*. As a result, the potential
to further reduce SO, emissions through environmental control policies
progressively reduced in the subsequent stages. In contrast, the impact of
environmental control policies in reducing NO, emissions emerged after
2010, owing to the implementation of the total NO, emissions control policy
(ie.,210% reduction in NO, emissions from 2010 to 2015). Consequently, a
series of measures have been implemented primarily focusing on end-of-
pipe NO, emission control™. For example, over 80% of power plants were
equipped with advanced denitrification devices by 2015, and over 80% of
sintering facilities and clinker kilns were equipped with similar technologies
by the end of 2017*. As the emission reduction potential from end-of-pipe
control shrinks, pollutant emission reductions driven by environmental
control policies diminished a lot in the latest period of 2015-2020 (Fig. 3).

As the efficacy of environmental control policies gradually weakened,
energy-climate policies (pink bars in Fig. 3) aimed at optimizing the energy
structure and reducing energy intensity, increasingly played a crucial role in
co-mitigating air pollutant and CO, emissions. Specifically, the energy-
climate policies first contributed to mitigating the co-growth in air pollutant
and CO, emissions from 2005 to 2010, driven by the energy intensity
reduction targets of 20% mandated in the 11™ FYP period”. This effect
successfully co-reduced emissions of SO, NO,, primary PM, 5, and CO, by
9%, 7.6%, 10.4%, and 5.1%, respectively, compared to the 2005 level. This
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positive synergy was primarily achieved due to the widespread adoption of
energy-saving technologies (e.g., low-temperature waste heat recovery
technology in the cement industry)*. In the following decade, energy-
climate policies further intensified synergetic downward trends in SO,,
NO,, primary PM, s, and CO, emissions of 28.1%, 18.8%, 13.5%, and 44.1%
from 2010 to 2015, respectively, and successfully offset the economic-
growth-driven increases in SO, and CO, emissions during 2015-2020. The
progressively intensified efficacy of energy-climate policies was propelled by
16% and 15% energy intensity reduction targets during the 12" and 13" FYP
periods, respectively, as well as persistent efforts in promoting the energy
structure transition’******. For example, the share of coal consumption
decreased by 20.7% from 2010 to 2020, while the proportion of gaseous fuels
nearly doubled (Fig. $4).

The economic structure effect (purple bars in Fig. 3) characterized by
the industrial transition and upgrading, generally contributed to co-
reductions of air pollutants and CO,, despite the effects showing a

Table 1| Clusters of provinces based on air pollution and CO,
co-control characteristics

fluctuating trend over time. This fluctuation is primarily driven by the
relative contribution of energy-intensive industries to the overall economy
across different phases. From 2005 to 2015, the GDP share of heavy
industries declined by 6.3%, while the proportion of the tertiary sector
increased by 26.2%, leading to co-reductions in SO,, NO,, primary PM, s,
and CO, emissions of 19.4%, 40.7%, 16.5%, and 43.5%, respectively.
Notably, this driver exhibited positive effects on emission growth from 2015
to 2020. This phenomenon can be explained by the change in key emission
sources, with the nonmetal and transportation sectors gradually replacing
the industrial sector as major contributors to national SO, and NO, emis-
sions, respectively (Fig. 1a). Additionally, due to the economic recession
impacted by the COVID-19 pandemic, energy-intensive industries were
prioritized to combat the economic slump, thereby exacerbated emissions
during this period*. For example, a notable increase in total industrial GDP
shares of the power and heating sector (40%) and the nonmetal sector
(23.2%) was reported (Supplementary Fig. S5)*.

Regional heterogeneity in co-drivers of air pollutant and CO,
emissions

The regional disparities in economic development levels across China,
coupled with the varying industrial structure and the uneven progress in
implementing emission control strategies, lead to differentiated regional
pollution-carbon co-control characteristics. Based on the Gaussian Mixture
Model (GMM) clustering method, China’s 30 provinces are grouped into
seven clusters, as shown in Table 1 and the spatial distribution map in Fig. 4,
with the radar charts further illustrating the influence of drivers on air
pollutants and CO, emission changes, as well as the co-driving effects.
Generally, the impacts of co-drivers demonstrate notable regional hetero-
geneity. From 2000 to 2020, regions that achieved relatively substantial
emission reductions are mainly located in the Beijing-Tianjin-Hebei (BTH)
and surrounding regions, Yangtze River Delta (YRD), and central China
(i.e., regions in Clusters 1, 2, and 6 of Fig. 4).
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Clusters  Provincecounts  Provinces
Cluster 1 4 Beijing, Tianjin, Jiangsu, and Zhejiang
Cluster2 3 Guangdong, Shanghai, and Fujian
Cluster3 3 Xinjiang, Ningxia, and Hainan
Cluster4 3 Heilongjiang, Jilin, and Liaoning
Cluster 5 3 Sichuan, Qinghai, and Yunnan
Cluster6 8 Hebei, Henan, Shandong, Shanxi, Shaanxi,
Gansu, Chongging, and Hunan
Cluster7 6 Anhui, Hubei, Inner Mongolia, Jiangxi, Guangxi,
and Guizhou
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Fig. 4 | Heterogeneity in co-control characteristics of major air pollutants and
CO,, across provincial clusters during 2000-2020. Map: spatial distribution of
provinces in different clusters, based on the Gaussian Mixture Model (GMM)
clustering method. Radar graphs: the impacts of drivers on air pollutant and CO,
emission changes across different types of provinces during 2000-2020. Note: U, F,

Q(0.87)

U(0.29)
Delta|Emis (0.08)

P (0.96)
Q(05)

I, Y, Q, P, and Delta_Emis represent emission intensity, energy structure, energy
intensity, economic structure, per capita GDP, population, and changes in air pol-
lutant and CO, emissions, respectively. The results in parentheses represent the
relative contributions of drivers to emission changes and the absolute changes in air
pollutant and CO, emissions, which are based on Z-score standardized processing.
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Cluster 1 includes Beijing, Tianjin, Jiangsu, and Zhejiang, which are all
economically advanced provinces in China. In this cluster, energy structure,
energy intensity, and economic structure were witnessed to generate posi-
tive effects on driving air pollutant and CO, emission co-reductions. For
example, strengthened energy efficiency policies synergistically reduced
NO,, primary PM, 5, and CO, emissions by 32.7%, 21.4%, and 83.1% during
2000-2020, respectively. This effectiveness can be attributed to the adoption
of advanced and cleaner industrial production technologies through
financial subsidies and economic incentives”. For instance, Beijing’s stra-
tegic integration of green building practices and energy-efficient appliances
exemplifies successful energy-saving technology diffusion supported by
targeted subsidies'. However, this localized action that effectively reduces
energy intensity has not been implemented nationwide.

Cluster 2 consists of coastal regions with relatively advanced economic
development, characterized by rapid urbanization and a concentration of
high-tech industries. The transformation in economic structure exerted a
critical suppressive effect on the augmentation of air pollutant and CO,
emissions, as illustrated in Fig. 4. Specifically, industrial structure trans-
formation and upgrading policies adopted in Cluster 2 drove substantial co-
reductions of 82.3% in SO,, 117.1% in NO,, 42.9% in primary PM, 5, and
155.1% in CO, emissions during 2000-2020, respectively (Supplementary
Fig. S6). This success can be explained by actions fostering the growth of
innovative high-tech industries (e.g., Information and Communication
Technology industry) and service sectors. A representative case is Shanghai
in the YRD region, where the share of the secondary industry declined by
42.8%, while the proportion of the tertiary industry increased by 40.1%
during this period”.

Cluster 3 comprises Xinjiang, Ningxia, and Hainan. Xinjiang and
Ningxia, key bases for coal chemical industries and oil extraction in China,
remain heavily dependent on traditional fossil fuels to sustain their energy
supply. As a result, the co-reduction of air pollutant and CO, emissions has
been hindered by the overall negative effects of the energy structure. For
instance, the energy structure effect contributed to a modest 1.6% decrease
in SO, emissions while increasing CO, emissions by 5.1%. Additionally, the
positive impact of energy intensity on emission increases in Cluster 3 is
mainly the consequence of the industrial energy utilization efficiency lag-
ging behind the pace of industrialization.

Provinces in Cluster 4 (i.e., Heilongjiang, Jilin, and Liaoning located in
northeastern China) are recognized as traditional heavy industrial hubs.
This cluster encounters unique challenges in attaining pollution-carbon co-
control due to its entrenched industrial structure dominated by resource-
intensive sectors and delayed technological upgrades. In contrast to other
provincial clusters, energy structure and energy intensity have demon-
strated relatively negative impacts on achieving synergetic reductions in
Cluster 4. For example, the energy intensity effect led to notable upward
trends in SO, and NO,. emissions in Cluster 4 during 2000-2020 (40.7% and
39.2%, respectively), as shown in Supplementary Fig. S6. This indicates that
regions in Cluster 4 remain critical bottlenecks in advancing energy effi-
ciency. Additionally, the effectiveness of end-of-pipe control measures in
reducing PM, 5 emissions (that is, averaged at a 61.4% removal rate)
exhibited relatively limited compared to other provincial groups, largely due
to the relatively lenient emission standards for PM in this cluster™.

For regions in Cluster 5 (that is, Sichuan, Qinghai, and Yunnan), the
optimization of the energy structure was proven to be more effective in
driving co-reductions compared to other provincial groups (Fig. 4). From
2000 to 2020, this driver effectively co-reduced SO,, NO,, primary PM, s,
and CO, emissions of 29.4%, 23.5%, 5.2%, and 60.3%, respectively. Pro-
vinces in this group have progressively integrated renewable energy sources
as a key component of their energy supply systems, owing to the local
endowment with abundant renewable resources (e.g., wind power, hydro-
power, and photovoltaic energy). Specifically, the share of renewable energy
(excluding biomass) in the energy mix of Cluster 5 increased from 1.7% in
2000 to 10.7% in 2020 (Supplementary Fig. S7).

Cluster 6 covers eight provinces, with five concentrated in central
China (Fig. 4). As a result of the synergetic effects of industrial restructuring

and energy efficiency improvement, this cluster has made progress in co-
reducing air pollutant and CO, emissions. Specifically, cumulative syner-
getic reductions of 56.8%, 94.6%, 36.1%, and 135.6% were observed for SO,,
NO,, primary PM, 5, and CO, emissions during 2000-2020, respectively,
driven by the combined effects of energy intensity and economic structure.
In general, Cluster 6 presents three distinct industrial profiles. Shanxi,
Shaanxi, and Gansu are resource-intensive regions with coal-dominated
production systems, while Shandong, Hebei, Henan, and Hunan serve as
critical manufacturing centres known for energy-intensive industries (e.g.,
iron and steel, cement, and glass production). Chongqing is distinguished by
its relatively developed automobile and machinery manufacturing indus-
tries. Despite these industrial divergences, a common challenge across these
provinces lies in their coal-dominated energy consumption patterns. For
example, it was estimated that the energy structure effect contributed only
8.1%, 9.8%, and 17% to reductions in SO,, NO,, and CO, emissions,
respectively, much lower than the national average results (10-25.4%). This
suggests that optimizing the energy mix in this cluster holds substantial
potential in driving future emission reductions.

Cluster 7 demonstrates an “efficiency-driven” characteristic of
pollution-carbon co-control. As shown in Fig. 4, improvements in both
energy and emission efficiency were witnessed to effectively curb the growth
of air pollutant and CO, emissions. Specifically, the combined impacts of
emission intensity and energy intensity substantially co-mitigated SO,,
NO,, primary PM, s, and CO, emissions of 220.3%, 202%, 108.6%, and
166% during 2000-2020, respectively. In contrast, an evident trade-off
driven by the effects of energy and economic structures was observed, with
the economic structure effect even exacerbating the increase in SO, (0.7%)
and CO, (31.4%) emissions (Supplementary Fig. S6). This phenomenon can
be explained by the slow pace of traditional industrial upgrading, coupled
with the relocation of industries from the eastern coastal regions to the
central and western parts of China, a shift that was promoted by official
guidelines issued in 2010°".

Discussion
In this study, we evaluate the synergetic evolution patterns of air pollutant
and CO, emissions across China based on an emission inventory cate-
gorized by detailed sectoral sources. Socioeconomic and policy co-drivers
behind these patterns were further identified based on the LMDI index
decomposition analysis. Subsequently, we analyze the spatial hetero-
geneity in co-control characteristics of air pollutant and CO, emissions,
using the clustering technique. Our analysis indicates that despite his-
torical policies have successfully curbed air pollutant emissions over
China, CO, emission control remains a notable challenge. Efforts to
optimize the energy structure and reduce energy intensity are increasingly
pivotal in driving the co-mitigation of air pollutant and CO, emissions.
For example, the transition towards a cleaner energy system holds sub-
stantial potential for attaining co-control in renewable-resource-rich
regions, whereas improvements in energy efficiency have been demon-
strated to be particularly effective in areas dominated by energy-intensive
industries. Based on the synergetic evolution of sectoral pollutant-CO,
emissions and disparities in pollution-carbon co-control characteristics
across different provincial groups, we provide several implications for
formulating future region-specific co-control strategies. Details of
uncertainties and limitations can be found in Supplementary Text S3.
Future regional co-control actions could be guided by the successful
practices of regions that have achieved substantial co-reductions driven by
historical policy interventions. Characterized by developed economies and
dense populations, regions in Clusters 1 and 2 have made notable strides in
co-reducing air pollutant and CO, emissions, driven by relatively low-carbon
industrial profiles (Fig. 4). Empirical studies have similarly highlighted the
pivotal role of industrial restructuring in advancing synergetic efficiency,
particularly in developed coastal regions'®*. This suggests that effective
structural strategies including fostering emerging service and high-value-
added sectors (e.g., electronic information, biopharmaceuticals), eliminating
inefficient capacity in traditional energy-intensive industries (e.g., the iron
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and steel, cement), and promoting green building practices in the construc-
tion sector through supply-side reforms, could be maintained and progres-
sively reinforced in these economically advanced regions to sustain co-
reduction benefits™”’. Our analysis also reveals that in regions dominated by
energy-intensive industries, where rapid industrial substitution remains
challenging, strategies driven by energy efficiency improvements serve as a
feasible alternative route for co-control, as evidenced by the successful
experiences witnessed in regions in Clusters 5, 6, and 7 (Fig. 4). We recom-
mend that future strategies could prioritize the application of clean energy
production and high-efficiency industrial technologies in energy-intensive
regions, with targeted economic incentives acting as a catalyst for technolo-
gical innovation. The effectiveness of technological innovation in driving co-
reductions has also been documented in prior studies™”. For instance, the
promotion of precalciner kilns in cement production and the deployment of
advanced waste heat recovery technology in the iron and steel sector have
been proven to synergetically mitigate emissions™**”". As China’s recent
efforts to scale up policy-driven financial mechanisms to support industrial
technological upgrading, strategies targeting manufacturing technologies
breakthroughs (e.g,, innovation in electric vehicle systems) manifest con-
siderable prospects for synergetic control®”.

Additionally, coal-based fossil fuel consumption is acknowledged as
the primary source of air pollutant and CO, emissions. However, curbing
emissions from coal-based energy systems remains essential, while effective
policy responses could also focus on propelling the renewable energy
transition, particularly in fossil fuel-dependent regions with relatively weak
economic foundations. Our analysis underscores the potential of expediting
the green transformation of energy systems as a promising strategy to attain
co-control in resource-intensive regions (Cluster 5 in Fig. 4), aligning with
previous research findings®. China has pledged to increase the share of non-
fossil energy consumption to exceed 80% by 2060 and issued a series of
policy directives intended to promote the development of photovoltaic and
wind energy technologies across western regions’"”. Thereby, in regions
endowed with abundant renewable resources, it is worthwhile to investigate
strategies that facilitate the clean transition of coal-based energy supply and
industrial systems during the ongoing industrialization process, such as
constructing large-scale wind and photovoltaic power bases”. Moreover, the
interregional transmission of surplus clean energy could serve as a com-
plementary approach toward optimizing resource allocation and max-
imizing the utilization efficiency of renewable resources, as demonstrated by
the success of the West to East Power Transmission Project™.

In contrast, regions facing challenges in delivering satisfactory co-
reduction outcomes could benefit from overcoming internal deficiencies
while drawing on successful mitigation experiences demonstrated elsewhere.
Specifically, in economically lagging regions where energy-intensive manu-
facturing or legacy heavy industries remain dominant (regions in Clusters 3,
4, and 7), special attention could be paid to avoiding a development pathway
featured by early pollution surges, followed by delayed or insufficient miti-
gation efforts. We suggest that near-term co-control efforts in these regions
could prioritize deploying high-efficiency end-of-pipe control technologies
and mandating more rigorous emission standards across less targeted
regions. For example, the early enforcement of “ultra-low” emission stan-
dards in the power sector has been demonstrated to yield remarkable air
quality and health benefits in the YRD region®. Given the diminishing
effectiveness of end-of-pipe controls as a mitigation strategy, a shift towards a
sustainable and low-carbon development trajectory of industrial and energy
structures could be actively pursued to attain long-term co-mitigation®*’.
Future initiatives might focus on the context-sensitive transfer of sector-
specific structural reform strategies that have demonstrated effective in other
regions, such as facilitating the transition from traditional blast furnace-basic
oxygen furnace (BF-BOF) to electric arc furnace (EAF) in the iron and steel
sector, resolving excess production capacity in the cement industry, and
developing a new power system driven by renewable energy in the power and
heating sector. These measures have been demonstrated to synergetically
deliver notable benefits in improving air quality and associated public health,

as well as mitigating climate change™ .

Notably, despite these efforts, achieving co-control remains challen-
ging due to uneven progress in the pace of transition efforts across different
provincial groups. For example, regions where economies are heavily reliant
on resource extraction have long featured an energy portfolio dominated by
coal. As coal serves as the foundation of regional economic development,
efforts toward energy system transitions continue to encounter formidable
resistance’’. Additionally, the high financial burden associated with tech-
nological innovations and equipment upgrades would hinder industrial
upgrading efforts in regions that are characterized by heavy reliance on
energy-intensive industries and legacy infrastructure”. Therefore, locally
adapted incentives and inter-regional industrial transfer policies are
required to further unlock the potential for co-control.

Overall, this analysis comprehensively identifies spatial and sectoral
disparities in the co-evolution of air pollutant and CO, emissions across
China and guides the formulation of more effective policies to attain
synergies in mitigating emissions. The summarized experiences from co-
mitigation strategies across different provincial types are also applicable
internationally, particularly for developing countries undergoing similar
developmental stages and environmental challenges.

Methods

Research framework

Supplementary Fig. S8 shows the schematic of our integrated research fra-
mework. The framework is structured into four main parts. First, the GAINS-
China model is used as an anthropogenic air pollutant and CO, emission
inventory and serves as the basis for subsequent decomposition and clus-
tering analyses. Key parameters in the GAINS-China model are calibrated,
including socioeconomic data, energy consumption, and material produc-
tion, as well as pollutant-specific implementation rates of end-of-pipe control
technologies, ensuring that the activity level data genuinely reflects the actual
conditions in China. Correspondingly, the anthropogenic emission inventory
of three major air pollutants (i.e., SO,, NO,, and PM, 5) and CO, across China
is updated for the period 2000-2020, at five-year intervals. Based on historical
emission trends, we analyze the synergetic patterns of air pollutant and CO,
emissions across temporal and sectoral dimensions. Second, the Logarithmic
Mean Divisia Index (LMDI) decomposition method is applied to identify the
socioeconomic and policy drivers contributing to the temporal changes in
historical air pollutant and CO, emission patterns. Third, the relative con-
tributions of six driving factors to emission changes and absolute changes in
air pollutant and CO, emissions are used together as clustering variables for
the 30 provincial samples. Finally, based on the decomposed drivers, principal
component analysis (PCA) coupled with the Gaussian Mixture Model
(GMM) clustering method is applied to categorize China’s provinces into
different groups. Based on the clustering results, we identify pollution-carbon
co-control characteristics across different provincial groups and propose
tailored co-control strategies at the regional level.

Data collection and update of the GAINS-China dataset

Elaborating data on provincial and sectoral energy consumption, air pol-
lutant, and CO, emissions, as well as socioeconomic statistics, serves as
crucial input to support the decomposition of driving forces behind
anthropogenic emission trends. Provincial air pollutant and CO, emissions
from detailed source categories, as well as the corresponding sector-specific
activity rates (e.g., energy consumption or material production) for the
period 2000-2020, with an interval of 5 years, are obtained from the GAINS-
China model””. To improve the model’s reliability in performing China’s
actual situations, we update and calibrate the provincial activity level data for
the year 2020 in the GAINS-China model, including energy consumption
(e.g., consumption of coal, liquid fuels, gaseous fuels, and natural gas) and
material production (e.g., crude steel, pig iron, cement, and glass) from
detailed source categories. The updates are based on statistics retrieved from
the China Energy Statistics Yearbook, provincial statistical yearbooks,
ecological and environmental statistics from the MEE, as well as the Carbon
Emission Accounts and Datasets (CEADs)”*”". Additionally, the pollutant-
specific implementation rates of end-of-pipe control technologies are
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calibrated using data obtained from ecological and environmental statistics.
Details on updating the GAINS-China dataset are available in Supple-
mentary Text S1. Finally, we establish a mapping process between the
detailed source categories defined in the GAINS model and socioeconomic
sectors, allowing us to classify anthropogenic emissions of major air pol-
lutants and CO, into 15 final socioeconomic sectors. These sectors include
13 commercial subsectors, as well as the urban and rural residential sectors
(Supplementary Table S1).

Socioeconomic statistics for years 2000, 2005, 2010, and 2020, such as
provincial GDP, province-, and sector-specific GDP, as well as population
data, are derived or estimated based on official statistical yearbooks com-
piled by the National Bureau of Statistics of China (NBS). The estimated
GDP values of industrial subsectors are constrained by the total industrial
GDP at the provincial level and the share of subsector GDP in the national
industrial GDP. The sectoral price index, retrieved from the China Price
Index Statistical Yearbook, is further applied to deflate the GDP dataset at
2000 constant prices™. Details on the processing of provincial and sectoral
GDP can be found in Supplementary Text S2.2.

Synergy or trade-off between air pollutant and CO, emissions

Synergy is theoretically characterized by the simultaneous evolution of two
separate systems toward a superior state”’”””. In our study, we extend this
concept to qualitatively evaluate the relationship between air pollutant and
CO, emissions using a two-dimensional synergetic coordinate system, as
shown in Supplementary Fig. S9. Specifically, positive synergy (Quadrant ITI
in Supplementary Fig. S9) refers to the co-reduction of air pollutant and CO,
emissions driven by environmental control or climate policy interventions,
implying a “win-win” outcome that simultaneously benefit air quality
improvement and climate mitigation®. Conversely, negative synergy
(Quadrant I in Supplementary Fig. S9) occurs when such interventions lead
to the co-growth in pollutant-carbon emissions, demonstrating a “mutual
detriment” outcome of air quality and climate®. Beyond positive and
negative synergies, two types of trade-off evolution are identified when
policy measures benefit one or the other. A trade-off favoring clean air
(Quadrant II in Supplementary Fig. S9) is observed when air pollutant
emissions decline while CO, emissions increase, whereas a trade-off
favoring low-carbon (Quadrant IV in Supplementary Fig. S9) reflects CO,
reductions accompanied by rising air pollutant emissions. Additionally, we
evaluate synergetic effects by decomposing the contributions of socio-
economic and policy factors to air pollutant and CO, emission changes in a
certain period. Synergy occurs when the effects on air pollutants and CO,
emissions are directionally aligned and even comparable in magnitude.
Otherwise, the pollutant-CO, relationships are manifested as trade-offs.

The LMDI decomposition method
The LMDI approach is used to decompose the contributions of driving
factors to emission changes in each air pollutant and CO, across China’s 30
provinces during 2000-2020, with a 5-year interval. As one of the most
widely used methods for index decomposition analysis (IDA), the LMDI
approach has gained popularity in investigating the driving mechanisms
behind energy consumption, air pollutant and CO, emissions, PM, 5
exposure, and related health burdens due to its consistency in
aggregation”™****, Its independent decomposition structure effectively
avoids unexplained residual terms and ensures that the results remain
dimensionless in the decomposition process™ ™. Details regarding the
LMDI decomposition method are provided in Supplementary Text S2.3.

Given the distinct emission patterns from different sectoral sources,
emissions of three major air pollutants and CO, from the 15 final socio-
economic sectors are classified into three categories, which can be expressed
as follows:

EMiStutal = Emisene + Emz‘snunfene + Emisres (1)

where Emis,,, represents emissions from 13 commercial subsectors related

to fuel combustion, Emis,,,_,, represents emissions from non-energy

processes in 13 commercial subsectors, and Emis,, denotes emissions from
urban and rural residential sectors.

Then, emissions from three source categories are decomposed into
multiple specific driving factors as follows:

EMiSene = Z Z(Csf/Esf) * (Esf/Es) * (Es/As) * (AS/A) * (A/P) * P
<7
= Z Z Us,stfIsYSQP
ST

@

Emis, e = Y _(Co/A) % (AJA) % (A/P)x P= UY.QP (3

EMiSres = Z Z(Csf/Est) * (Esf/Es) * (ES/PS) * Ps
s f

4
= Z fz Us,fF:fIsPs
s

where s and f represent different sectors and fuel types, respectively, and the
fuel type includes coal, liquid fuels, gaseous fuels, and natural gas; C, E, A,
and P refer to emissions, energy consumption, economic development level
(ie, GDP), and population, respectively. P, represents the population
number in the urban or rural residential sector. According to Egs. (2)-(4), U
denotes the emission intensity, which is characterized as emissions gener-
ated per unit of fuel consumed in Egs. (2) and (4) and emissions per unit of
GDP in Eq. (3), which is primarily influenced by environmental control
measures. F denotes the energy consumption structure, which is defined as
the fractional contribution of each energy type to the total energy con-
sumption. I represents the energy intensity, which demonstrates the energy
consumption per unit of GDP in Eq. (2) and per capita energy consumption
in Eq. (4). Y represents the changes in economic structure, indicating the
contribution of each sector to regional GDP. Q represents the economic
growth level, which is defined as GDP per capita.

Based on the LMDI additive decomposition method, the aggregated
effects of each driver on emission changes are calculated by summing the
fuel- and sector-specific decomposition results across three source cate-
gories (i.e., Emis,,,, Emis,, ..., and Emis,,). Provincial emission changes
between the year 2000 and the target year T can be decomposed as Eq. (5).
The national decomposition results are obtained by aggregating the
provincial-level results.

AEmisI =% = Emis! — Emis}®®

— ZZ(AUZf—ZOOO + AFZ;ZOOO + AIST—ZOOO + AYST—ZOOO + AQT—ZOOO + APT—ZOOO)
s f

(©)

Emission variations contributed by each driving factor on the right side
of Eq. (5) can be further decomposed according to the LMDI method.
Taking the emission efficiency U (A USTf_ 2000) a5 an example, the calculation
for decomposing the effect of this factor can be presented as Eq. (6):

AU = (Emis]; — Emis{)/(In Emis[; — In Emis’ ) x In(U /U2
(6)

Based on the inherent properties of each driving factor, and to facilitate
comparison, the factors in Egs. (2)-(4) are consolidated into four drivers in
the following analysis. The improvement in emission efficiency (U) is
recognized as the effect of environmental control policies to reduce emission
intensity. Shifts in energy consumption structure (F) and energy intensity
(I) are jointly regarded as the effect of energy-climate policy. Adjustments in
the economic structure (Y) are considered as the effect of economic
structure. Impacts of economic development (Q) and demographic changes
(P) are collectively regarded as the effect of economic growth.
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Principal component analysis and Gaussian Mixture Model
clustering
Based on the LMDI decomposition results, the principal component ana-
lysis (PCA) and Gaussian Mixture Model (GMM) clustering algorithm are
further employed to investigate regional disparities in co-drivers of air
pollutant and CO, emissions across China. Changes in SO,, NO,, primary
PM, 5, and CO, emissions (AEmis in Eq. (5)), as well as the relative con-
tributions of their six drivers, are selected together as the clustering variables.
However, the high dimensionality and complexity of the decomposition
results make it challenging to directly perform clustering analysis. To
address this, PCA is employed on a set of seven variables to extract principal
components that capture the key effects of these drivers on emission pat-
terns. PCA is a dimensionality reduction technique that simplifies complex
datasets through a linear transformation of multiple variables®*’. The
composite indicators generated from the linear transformation are referred
to as “principal components”. Each principal component represents a linear
combination of the original variables, and all principal components remain
mutually uncorrelated”. The PCA process involves the following steps:
First, data standardization is performed by subtracting the mean and
dividing by the standard deviation of each variable as follows:

Xstundardized = (X - [J) /0 (7)

where X is the original data matrix, g is the mean vector of each variable, o is
the standard deviation of each variable, and X, /.4i.q denotes the
standardized data.

Then, the covariance matrix of the standardized data is calculated as:

T
COV(XSmndurdized) = XstandardizedXstandurdized / (i’l - 1) (8)

where n denotes the number of samples, and Cov(X y;,,,4urdizeq) FePresents the
covariance matrix.

Third, the eigenvalue decomposition of the covariance matrix is per-
formed to identify principal components as follows:

COV(X standardized)v =M (9)

where v and A represent the eigenvectors (i.e., principal components) and
corresponding eigenvalues, respectively.

Finally, the eigenvectors are sorted in descending order of their cor-
responding eigenvalues, and the number of principal components retained
is typically determined based on a cumulative explained variance ratio
exceeding 80%. The standardized data X, ;,,4:q 1S then projected onto the
selected principal components to generate the reduced-dimensional dataset
(Xpca) using Eq. (10):

XPCA = Xstandardized Vk (10)
where V) represents the matrix containing the first k eigenvectors.

In this study, provincial results of seven variables across different
periods, sectors, and pollutant species were aggregated, followed by PCA to
reduce the dimensionality of the dataset. Four principal components were
retained, and the corresponding scores for each principal component were
calculated at the provincial level. Combined with the subsequent clustering
analysis, the spatial heterogeneity in pollution-carbon co-control char-
acteristics in different provincial types can be identified.

As an unsupervised learning algorithm, GMM clustering has emerged
as a widely used clustering method due to its ability to model complex data
distributions and handle clusters with varying shapes and densities”".
Unlike the K-means method, which assumes uniform spherical clusters,
GMM clustering assigns data points probabilistically and identifies clusters
with distinct covariance structures, allowing for more flexible and refined
clustering™”!. GMM clustering aims to identify the underlying clusters in
the dataset by estimating the parameters of Gaussian distributions through
the Expectation-Maximization (EM) algorithm™. The clustering is

performed by maximizing the likelihood function of the dataset, where each
data point is probabilistically assigned to a cluster based on the estimated
parameters of the corresponding Gaussian distributions, which can be
denoted as follows:

(11)

P(x) = XK: ﬂkf<x|/4k, 3 k)

k=1

where K is the number of Gaussian clusters, 77, denotes the weight of the
k-th Gaussian distribution, satisfying S°& 7, = 1; and f (xluy, Y- k)
represents each Gaussian distribution with the average value y, and cov-
ariance matrix ) _ k.

Based on the reduced-dimensional data from PCA, the four principal
component scores for China’s 30 provinces served as input for GMM
clustering. Due to the subjective nature of determining the number of
clusters in the GMM algorithm, the Davies-Bouldin Index (DBI) is used to
help identify the optimal cluster count and evaluate the quality of clustering
results. Finally, seven provincial groups are identified through unsupervised
clustering, ensuring that provinces in the same group share similar patterns
in air pollutants and CO, co-control. PCA and GMM clustering analysis are
performed using Python 3.9.

Data availability

The Greenhouse Gas-Air Pollution Interactions and Synergies (GAINS)
emission inventory is available from https://gains.iiasa.ac.at/gains/EAN/
indexlogin?logout=. The socioeconomic statistics of the LMDI decom-
position analysis can be accessed from https://data.stats.gov.cn/easyquery.
htm?cn=CO0l.

Code availability
The codes used for data processing and generating the results are available
upon reasonable request from the corresponding author.
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