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A B S T R A C T

Understanding the spatiotemporal heterogeneity of the environmental pollution reduction and carbon reduction 
(EPRCR) synergy at the district and county level is essential for targeted urban policy. This study investigates the 
spatiotemporal evolution and influencing factors of EPRCR at the district and county levels in Chongqing, China, 
from 2017 to 2022. The analytical framework integrates Centroid-Standard Deviational Ellipse analysis, a 
coupling coordination degree (CCD) model, kernel density estimation, and a geographically and temporally 
weighted regression (GTWR) model. The results show that: (1) Major air pollutants (PM2.5, PM10, NO2) declined 
by about 30% but remained above WHO 2021 Air Quality Guidelines (AQGs). (2) Carbon emissions showed 
strengthening spatial agglomeration, with the centroid oscillating along a southwest-northeast axis; no signifi
cant diffusion of high‑carbon industries was detected. (3) The CCD of EPRCR increased overall from 0.54 to 0.61, 
with cold spots persistently located in the main urban industrial belt while hot spots shifted to lower-density 
peripheral districts. (4) Per capita GDP and technological innovation showed the strongest positive associa
tions with EPRCR synergy, while industrial energy consumption showed the strongest negative association. 
These findings reveal spatially uneven EPRCR progress, where industrial zones remain locked in a high-emission 
paradigm and peripheral districts show positive synergy. Based on these results, this study proposes a zoning, 
classification, and time-based framework to inform targeted reduction policies for carbon and pollution in 
Chongqing.1

1. Introduction

As global warming intensifies, the emission of carbon dioxide and 
other greenhouse gases continues to grow. This change has led to more 
frequent extreme weather events, such as heat waves, droughts, and 
torrential rains, posing a significant risk to ecosystem balance and so
cioeconomic systems (Chen et al., 2023c, 2023d; Sun et al., 2025a, 

2025b; Xiang et al., 2025). At the same time, rapid industrialization and 
urbanization have led to the massive emission of various pollutants, 
further creating complex pollution. This severely impacts both the 
climate system and natural ecosystems, significantly increases the risk of 
premature mortality among the population, and has become a major 
constraint on sustainable development (Fang et al., 2022; Haddad et al., 
2023; Roswall et al., 2023; Zaller et al., 2023; Zeng et al., 2022). 
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Currently, China's environmental pollution control has entered a 
bottleneck period, and the pressure to continuously improve environ
mental quality is enormous. As the world's largest energy consumer, 
China's urban energy consumption accounts for as much as 85%, 
exceeding the world average of 18% (China Media Research Institute, 
2024). The energy and industrial structures characterized by high car
bon emissions and high pollution are the root causes of China's 
ecological and environmental problems (Chen et al., 2023a, 2023c, 
2023e; He et al., 2025; Zhao et al., 2025). Through the phased imple
mentation of diverse environmental policies, China has achieved sig
nificant improvements in environmental pollution and made notable 
progress in the green transformation of its socio-economic system (Du 
et al., 2021; Guo et al., 2022; Liu et al., 2022a, 2022b; Xian et al., 2024; 
Zhang et al., 2024; Zou et al., 2023). However, the status of coal as 
China's primary energy source is unlikely to change in the short term 
(Fig. S1).

China's coal-dominated energy structure leads to significant emis
sions of pollutants and greenhouse gases (Chen et al., 2023b, 2023d, 
2023e; Jia et al., 2023a, 2023b; Shi et al., 2023; Zhang et al., 2025a, 
2025b). In recent years, with rapid industrialization, China's CO₂ emis
sions have shown a phased upward trend (Fig. S2). This high-emission 
trajectory not only further exacerbate the pressure of global warming, 
but also significantly compress the transition time from peak emissions 
to carbon neutrality for developing countries compared to developed 
countries. Furthermore, the key provinces for carbon emissions in China 
during the 2014 to 2023 exhibited a highly concentrated spatial distri
bution (Fig. S2). Moreover, these provinces are predominantly located in 
Northern and Northwestern regions, where the energy system is marked 
by a strong coal dependency and elevated energy consumption intensity. 
As a major industrial hub in Southwest China, Chongqing's total emis
sions remain lower than those of the major energy-producing provinces 
in the North. However, the city exhibits a unique profile shaped by its 
specific regional context and distinct development trajectory. Overall, 
northern provinces face greater pressure to reduce existing carbon 
emissions, whereas Chongqing is pursuing a pathway that simulta
neously accommodates emissions growth from new development and 

implements low-carbon transition measures.
Carbon emissions have a global impact, while environmental pol

lutants have a localized effect. However, both are highly related to the 
same source and process, mainly stemming from the combustion of fossil 
fuels, and exhibiting multiple synergistic effects (Fig. 1) (Meng et al., 
2025; Shi et al., 2026; Shi et al., 2023). China's current environmental 
policy framework includes two interconnected objectives: reversing 
ecological degradation, and reducing emissions to meet carbon peak and 
neutrality targets (Dong and Yang, 2024; Guo et al., 2024; Su et al., 
2025). The “dual carbon” target has pointed the way for coordinating 
environmental pollution prevention and control with greenhouse gas 
emission reduction, and injected new momentum into the long-term 
improvement of environmental quality (Chen et al., 2023a, 2023c, 
2023d; Xu et al., 2024; Zeng and He, 2023). The coordinated reduction 
of carbon emissions and environmental pollutants has been identified as 
a policy priority in China. It serves to effectively mitigate the adverse 
impacts of global warming and safeguard the lives and property of the 
people (Jia et al., 2024; Meng et al., 2025; Wang et al., 2022; Xian et al., 
2024). However, China is currently facing the combined pressures of 
EPRCR. Therefore, it is imperative to systematically plan and deploy 
pathways for EPRCR, and to formulate a top-level design and optimi
zation scheme that aligns with actual conditions.

2. Literature review

Cities face pressure from multiple sources during their development, 
including addressing climate change, strengthening environmental 
protection, and promoting economic growth (Huynh et al., 2023; Wang 
et al., 2024). Therefore, investigating the synergistic effects and poten
tial influencing factors of urban EPRCR can contribute to a better un
derstanding of the interactions among urbanization, the environment, 
and the economy. In recent years, more and more studies have focused 
on the spatiotemporal heterogeneity, coupling relationship, synergistic 
governance effect or trade-off relationship of EPRCR synergistic effects 
(Chen et al., 2023b, 2023c, 2023d; Huang et al., 2023; Yang et al., 2024; 
Yang and Ran, 2024).

Fig. 1. The theoretical framework for the synergy between EPRCR.
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In terms of research scale, the majority of scholars primarily focus on 
the national (Nie and Lee, 2023; Yi et al., 2023), regional, and industry 
levels (Chen et al., 2023e, 2023f; Huo et al., 2022; Liu et al., 2024; Ji 
et al., 2024; Zhang et al., 2025a, 2025b). Regarding methodology, 
common approaches for investigating the synergy between EPRCR and 
its spatiotemporal characteristics include GTWR model (Dong et al., 
2023), CCD model (Nie and Lee, 2023; Xu et al., 2024; Yang and Ran, 
2024), kernel density (Duan et al., 2024; Meng et al., 2025; Ren et al., 
2025), spatial autocorrelation (Chen et al., 2023a, 2023b, 2023d; 
Zhang et al., 2025a, 2025c), the Dagum Gini coefficient, Markov chain 
and complex system coordination degree model (Meng et al., 2025; Sun 
et al., 2025a, 2025b; Xie et al., 2024; Yi et al., 2023). For instance, Cao 
and Yuan (2019) employed a combination of the logarithmic mean 
Divisia index (LMDI) and geospatial analysis to investigate the drivers of 
land-use-related CO₂ emissions at the county and district level in 
Chongqing from 1997 to 2015. Their findings indicated that total energy 
consumption exerted the most significant influence (Cao and Yuan, 
2019). Duan et al. (2024) found that environmental governance in
vestment and government intervention are key drivers of EPRCR by 
integrating multiple methods such as marginal cost-benefit analysis, 
spatial kernel density estimation, and geographic detectors (Duan et al., 
2024). Liu et al. (2024) used the improved Tapio decoupling principle 
and the Probit model to assess the synergistic effect of EPRCR across 295 
cities in China, pointing out that environmental regulation is the most 
critical factor in fostering these synergistic effects (Liu et al., 2024).

Furthermore, current research on the influencing factors of syner
gistic carbon and environmental pollution reduction is mainly divided 
into comprehensive perspectives and single perspectives. The compre
hensive perspective primarily employs econometric models to investi
gate the potential influencing factors through which economic and 
social indicators influence the synergistic effects of EPRCR (Chen et al., 
2025; Gao et al., 2022; Su et al., 2025; Zou et al., 2023). For example, 
Zou et al. (2023) used the triple difference method to explore the 
influencing factors of carbon pollution synergistic emission reduction 
benefits in various provinces and industries in China, and found that 
environmental regulations, energy substitution and technological 
innovation are the main factors (Zou et al., 2023). Through GTWR 
model analysis, Qin et al. (2023) found that energy consumption 
structure and industrial structure are the main influencing factors 
associated with coordinated reduction of PM2.5 and CO2 emissions in 
Chinese provinces (Qin et al., 2023). On the other hand, a single 
perspective focuses on the role of specific factors such as low-carbon city 
projects, carbon trading, and environmental regulations in the syner
gistic effect of EPRCR (Cui et al., 2020; Gao et al., 2022; Qian et al., 
2021). For example, the findings of Dong et al. (2022) and Xian et al. 
(2024) both indicate that carbon trading policies have a positive syn
ergistic effect on carbon emission reduction and air pollution control. 
Besides, Chen et al. (2022) confirmed that China's carbon emissions 
trading system has reduced total carbon emissions and reduced air 
pollution. Shao et al. (2023) also pointed out that low-carbon policies 
promote industrial structure upgrading and energy structure optimiza
tion, thereby improving the atmospheric environment. In addition, 
other major related studies on the synergistic reduction of carbon and 
environmental pollution are detailed in Table S1.

Existing literature has studied EPRCR from different perspectives. 
These research results have verified that the coordinated governance of 
carbon and environmental pollution is the most effective and econom
ical means to address the dual pressures of environmental pollution and 
greenhouse gas emission reduction (Han et al., 2023; Xiang et al., 2025; 
Yang et al., 2025). Given the significant differences in resource condi
tions and economic development levels across different regions of China, 
it is necessary to abandon the “one-size-fits-all” approach and instead 
adopt more targeted and differentiated measures based on the specific 
characteristics of each city. Despite the abundance of existing research, 
the following shortcomings still exist:(1) From a research perspective, 
most current studies focus on the national, provincial, municipal, and 

urban cluster levels. Existing research has yet to conduct an in-depth 
exploration of districts and counties, thereby constraining the level of 
refinement and precision in policy implementation. (2) In terms of 
research content, current research on Chongqing focuses more on 
EPRCR, and there is insufficient discussion on the synergistic effect of 
EPRCR at the district and county scales. (3) From the perspective of 
research methods, existing analyses of the influencing factors of EPRCR 
are mostly based on global regression, which makes it difficult to cap
ture the spatiotemporal nonstationarity of these factors and their local 
and dynamic changes.

Only by conducting an in-depth analysis of the development of co
ordinated EPRCR promotion across various districts and counties can we 
find the right direction to achieve the city's overall goal of green and 
low-carbon transformation. To circumvent these limitations, this study 
selected 38 districts and counties in Chongqing as research subjects, and 
the main research contents included: (1) Using ArcGIS and the centroid- 
standard deviation ellipse to reveal the spatiotemporal evolution pattern 
of carbon emissions and air pollutants from 2017 to 2022; (2) The CCD 
model was used to measure the CCD between EPRCR, and its spatio
temporal correlation characteristics were explored through kernel den
sity analysis and spatial autocorrelation model; (3) Useing the GTWR 
model to explore the key influencing factors of the synergy between 
EPRCR. The innovation of this study lies first in its research perspective, 
which analyzes the spatial effects of EPRCR in typical mountainous 
megacities from a more detailed district and county perspective, and 
proposes more precise and targeted recommendations and measures. 
Secondly, in terms of research methods, multiple models are coupled to 
form a comprehensive analytical framework of “pattern-process- 
spatiotemporally varying associations”, which overcomes the limitation 
of traditional methods that ignore spatiotemporal nonstationarity. This 
study develops a zoning, classification, and time-based framework to 
inform carbon and pollution reduction policies for Chongqing. It also 
provides empirical findings that may be transferable to other moun
tainous cities in the Yangtze River Economic Belt, pending validation of 
similar conditions.

3. Methodology

3.1. Study area

Chongqing is located in the eastern part of the Sichuan Basin in 
southwestern China. With a landscape composed largely of mountains 
and hills, it is famously referred to as the “Mountain City” (Lu et al., 
2022; Tan et al., 2023). The unique topography and climate condi
tions of low wind speed and high frequency of calm winds result in poor 
conditions for the dispersion of air pollutants, making it easy for local 
pollution to accumulate (Feng et al., 2023; Long et al., 2022; Xiang et al., 
2025). As an ecological barrier for China's Yangtze River Economic Belt, 
Chongqing has constructed a “one district and two clusters” urban 
development pattern. It includes the metropolitan area, the northeastern 
Chongqing urban cluster, and the southeastern Chongqing urban cluster. 
This spatial configuration exhibits a notable characteristic—the coex
istence of “large cities, large rural areas, large mountainous areas, and 
large reservoir areas” (Feng et al., 2023; Tan et al., 2023; Xiang et al., 
2025).

Furthermore, as one of China's old industrial bases, Chongqing has 
developed pillar industries such as automobile and electronics 
manufacturing, and its energy consumption structure is dominated by 
coal and oil (Harper et al., 2021; Long et al., 2022; Zhang et al., 2025b, 
2025c). This results in a dense concentration of carbon emissions and air 
pollutant emission sources, with complex emission characteristics. 
Moreover, the districts and counties of Chongqing differ significantly in 
terms of economic development stage, resource endowment, and func
tional positioning. The main urban areas have a high concentration of 
industry and population, while the northeastern and southeastern re
gions of Chongqing bear the function of ecological protection and 
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conservation (Long et al., 2022; Xiang et al., 2025; Zhang et al., 2025a, 
2025c). This heterogeneity provides a natural research sample for 
revealing the spatial nonstationarity of the spatiotemporal evolution 
and spatiotemporally varying associations of carbon emissions. In 
addition, given Chongqing's economic and industrial weight within the 
Chengdu-Chongqing Economic Circle, the findings of this study may 
inform understanding of the region's environmental trajectory.

3.2. Methods

To systematically elucidate the spatiotemporal heterogeneity and 
varying associations of the synergistic effects between EPRCR in 
Chongqing, this study designed an analytical framework comprising 
“synergy measurement—spatiotemporal pattern analysis—spatiotempo 
rally varying associations exploration.” First, the spatial characteristics 
of carbon emissions are analyzed using the centroid standard ellipse 
method; subsequently, the degree of synergy between EPRCR is 
measured by integrating the entropy weight method and a CCD model, 
thereby providing the foundational dependent variable for subsequent 
spatiotemporal analysis. Secondly, to systematically characterize the 
spatiotemporal differentiation patterns of synergistic effects, kernel 
density estimation and spatial autocorrelation analysis were employed 
to reveal the spatiotemporal evolutionary characteristics of the degree of 
synergy. Finally, the GTWR model was employed to investigate the as
sociations of various potential influencing factors with the degree of 
synergy, thereby identifying the primary associated factors.

3.2.1. Entropy weight method
This study selects the entropy weight method to assign weights to 

various indicators of EPRCR, aiming to minimize and avoid the inter
ference of subjectivity on the evaluation results. In entropy weighting, 
the weight of each indicator is derived from its information entropy, 
which quantifies the degree of data dispersion across evaluation unit 
(Chen et al., 2023b, 2023c, 2023f; Zhang et al., 2025b, 2025c). The 
specific steps of this method are as follows:

Step 1: Use the range method to standardize the original data to 
eliminate the influence of different indicator units (Cui et al., 2022a, 
2022b; Zhang et al., 2025a, 2025c): 

Positive indicators : Yij =
Xij − min

(
Xij
)

max
(
Xij
)
− min

(
Xij
) (1) 

Negative indicators : Yij =
min

(
Xij
)
− Xij

max
(
Xij
)
− min

(
Xij
) (2) 

where Xijrepresents the original value of the ith evaluation object on the 
jth indicator. Yijis the standardized value. For the case where the stan
dardized value is 0, it is approximated as 0.0001.

Step 2: Calculate the weight of each of the j evaluation indicators in 
the ith city (Cui et al., 2022a, 2022b; Zhang et al., 2025a, 2025c): 

Pij =
Yij

∑n
i=1Yij

(3) 

Step 3: Calculate the information entropy of the jth indicator to 
reflect the degree of data dispersion (Xu et al., 2024; Zhang et al., 
2025b): 

ej = −

(
1

lnn

)
∑n

i=1
pijln

(
pij

)
(4) 

Step 4: Determine the weight of each indicator based on its entropy 
value (Xu et al., 2024): 

wj =
1 − ej

∑n
j=1
(
1 − ej

) (5) 

Step 5: Calculate the carbon reduction or pollution control level (U) 

for each city (Xu et al., 2024; Zhang et al., 2025a, 2025b): 

U =
∑n

j=1
wjYij (6) 

3.2.2. Coupling coordination degree model
To quantify the degree of synergy between EPRCR systems, this study 

introduces a CCD model to calculate the synergy scores for each district 
and county. The CCD model can simultaneously reflect the collaborative 
development trend of different subsystems and the overall effect be
tween systems (Chen et al., 2024; Yang and Ran, 2024). First, construct 
the EPRCR coupling model as shown in Eq. (7) (He et al., 2025; Sun 
et al., 2025a; Yang and Ran, 2024): 

C =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅[

1 −

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(U2 − U1)
2

√ ]

×
U1

U2

√

=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

[1 − (U2 − U1) ] ×
U1

U2

√

(7) 

where, U1and U2 represent the standardized values of the two sub
systems of PR and CR, respectively. C represents the coupling degree 
between carbon emissions and pollutant emissions. The value of C is 
between 0 and 1, and the larger the value, the stronger the interaction 
between the subsystems. However, even if both subsystems perform 
poorly, a high degree of coupling may still occur (Wang et al., 2024; 
Zhang et al., 2025b, 2025c). Therefore, coordination degree must be 
introduced to assess the overall level of coordination. The CCD model is 
constructed as shown in Eq. (8) and (9) (He et al., 2025; Lei et al., 2024): 

T = αU1 + βU2 (8) 

D =
̅̅̅̅̅̅̅̅̅
C*T

√
(9) 

T and D represent the degree of coordinated development and the 
degree of coupling coordination in EPRCR, respectively. The value of D 
ranges from 0 to 1, with higher values indicating stronger coupling co
ordination. In addition, α and β represent parameters to be determined. 
Following the principle of policy parity in China's synergistic pollution- 
carbon reduction framework – where neither pollution reduction nor 
carbon reduction is prioritized over the other - the two subsystems are 
assigned equal weights. Thus, the undetermined parameters are set as α 
= β = 0.5, consistent with existing literature (Nie and Lee, 2023; He 
et al., 2025; Xiang et al., 2025). The specific categories and classifica
tion criteria for the CCD are presented in Table 1 (Meng et al., 2025; 
Xiang et al., 2025; Zhang et al., 2025a, 2025b).

3.2.3. Kernel density estimation
To reveal the evolutionary characteristics of the overall spatial dis

tribution patterns of synergy across the entire region, this study employs 
the kernel density estimation method to characterize changes in the 
position, kurtosis, and tailing of the distribution curves. Kernel density 
estimation is a method that uses continuous density curves to charac
terize the distribution of random variables and belongs to nonpara
metric estimation techniques (Meng et al., 2025; Ren et al., 2025; Sun 
et al., 2025a). Compared with other estimation methods, kernel den
sity estimation has the characteristics of strong robustness and weak 

Table 1 
Coupling coordination degree classification criteria.

Phase Model Couple coordination D

1 Extremely non-coordination [0,0.1]
2 Severe non-coordination [0.1,0.2]
3 Moderate non-coordination [0.2,0.3]
4 Mild non-coordination [0.3,0.4]
5 Near non-coordination [0.4,0.5]
6 Near coordination [0.5,0.6]
7 Primary coordination [0.6,0.7]
8 Intermediate coordination [0.7,0.8]
9 Good coordination [0.8,0.9]
10 Excellent coordination [0.9,1.0]
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model dependence (Ren et al., 2025; Sun et al., 2025a, 2025b). By 
estimating the probability density of a random variable, the position and 
shape of the kernel density curve can be used to reveal the dynamic 
characteristics of the random variable. The density function of the 
random variable x is expressed as in Eq. (10) (Ren et al., 2025; Sun et al., 
2025b): 

f(x) =
1
nh
∑n

i=1
k
(xi − x

h

)
(10) 

In the formula, xirepresents the sample data, xrepresents the sample 
mean, n represents the number of sample data, h represents the band
width, and K(.) represents the kernel function. The larger the band
width, the more sample information is lost; the smaller the bandwidth, 
the worse the smoothness of the fitted curve (Meng et al., 2025; Ren 
et al., 2025). The window width determined in this study is based on 
Silverman's optimal window width method (Sun et al., 2025a, 2025b; Yu 
and Li, 2025).

The distribution dynamics are estimated using the commonly used 
Gaussian kernel function, as shown in Eq. (11) (Meng et al., 2025; Yu 
and Li, 2025): 

k(x) =
1̅̅
̅̅̅̅

2π
√ exp

(

−
x2

2

)

(11) 

3.2.4. Centroid -standard deviational ellipse
To identify the center, dominant direction, and trends of aggregation 

or dispersion in carbon emission distribution, this study employs the 
standard deviation ellipse method to analyze changes in the ellipse's 
coverage area and the orientation of its major axis. The centroid- 
standard deviation ellipse method generates ellipses centered on the 
centroid and with the standard deviation as the axis of distance, to 
quantitatively reveal the location of geographic element clusters, 
diffusion range, extension direction and spatial configuration (Deng 
et al., 2022; Xu et al., 2022). The center of gravity is calculated as 
shown in Eq. (12) (Xiang et al., 2026; Zhang et al., 2025b, 2025c): 

(

Xw

−

,Y
−

w

)

=

(∑n
i=1wixi
∑n

i=1wi
,

∑n
i=1wiyi
∑n

i=1wi

)

(12) 

(xi, yi) represents the spatial coordinates of the element, and 
wirepresents the spatial weight，n is the total number of elements.

The distance of center of gravity migration is measured as shown in 
Eq. (12) (Chen et al., 2023; Xiang et al., 2026): 

D = H×

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(Xm − Xn)
2
− (Ym − Yn)

2
√

(13) 

In the formula, D is the distance the center of gravity of the research 
object moves between different years, km; H is a constant, which is a 
coefficient for converting geographic coordinate units to planar dis
tance, usually take as 111.111; (Xm,Ym) and (Xn,Yn) are the geographic 
coordinates of the center of gravity of the research object in year m and 
year n, respectively (Chen et al., 2023b; Xiang et al., 2026).

The azimuth measures the angle from true north to the major axis of 
an ellipse, thereby revealing the dominant directional trend in the 
spatial arrangement of geographic elements (Eq. 14) (Xiang et al., 2026; 
Zhang et al., 2025b, 2025c): 

tanθ =

(
∑n

i=1
w2

i xi
∼2

−
∑n

i=1
w2

i yi

)∼2

+

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅(
∑n

i=1
w2

i xi
∼2

−
∑n

i=1
w2

i yi
∼2
)

+ 4
∑n

i=1
w2

i x2
i y2
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(14) 

The standard deviation of the major axis (X-axis) and the standard 
deviation of the minor axis (Y-axis) represent the dispersion of 
geographic features in the primary and secondary trend directions, 

respectively. The Equation are (15) and (16) (Huang et al., 2023; Xiang 
et al., 2026): 

σx =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1
(wix̃icosθ − wiỹisinθ)2/∑

n

i=1
w2

i

√

(15) 

σy =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1
(wix̃isinθ − wiỹicosθ)2/∑

n

i=1
w2

i

√

(16) 

3.2.5. Spatial autocorrelation

3.2.5.1. Global Moran's I. Spatial autocorrelation can effectively reveal 
the spatial clustering patterns, outlier distributions, and spatial spillover 
effects of variables, providing a preliminary basis for spatial econo
metric modeling (Ai et al., 2024; Li et al., 2022). To determine whether 
the degree of synergy exhibits significant spatial autocorrelation across 
the entire study area, this study calculated the Global Moran's I index. 

Global Moranʹs I =
n
∑n

i=1

∑n

j=1
Wij(xi − x)

(
xj − x

)

∑n

i=1

∑n

j=1
Wij
∑n

i=1
(xi − x)2

(17) 

In the formula, n represents the number of spatial units, xi and xj 

represent the observations of units i and, x which are the mean values, 
and Wij represents the spatial weight matrix. Moran's I value is [− 1,1], 
where I > 0 indicates positive autocorrelation, I < 0 indicates negative 
autocorrelation, and I ≈ 0 indicates random distribution (Ai et al., 2024; 
Wang et al., 2023). Its significance is usually determined by the Z-test 
(Eq. 18), E(I) represents the mathematical expectation (Ai et al., 2024; 
Zhang et al., 2025a,c). 

Z(I) = 1 − E(I)
/ ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

E
(
I2
)
− E(I)2

√

(18) 

3.2.5.2. Local Moran's I. Global metrics may mask local heterogeneity, 
therefore, it is necessary to introduce local spatial autocorrelation 
methods to identify the clustering patterns of synergy across local space 
(Liu et al., 2023; Santos et al., 2023): 

Local Moranʹs I =
(xi − x)

1
n
∑n

i=1
(xi − x)2

⋅
∑n

j=1
Wij
(
xj − x

)
(19) 

Local spatial correlation indexes classify spatial relationships into 
four types (Fig. S3): high-high (HH) (hot spot area), low-low (LL) (cold 
spot area), high-low (HL) (isolated point where high value is surrounded 
by low value) and low-high (LH) (depression area where low value is 
surrounded by high value) (Cui et al., 2022; Qian et al., 2022; Zhang 
et al., 2023a, 2023b).

3.2.6. GTWR model
Because the influence of spatial heterogeneity is ignored, the 

parameter estimates obtained by traditional linear regression models are 
only global averages within the study area, thus masking key informa
tion about regional differences (Chen et al., 2025; Guo et al., 2024; Meng 
et al., 2025). Geographical weighted regression (GWR) models lack 
consideration of the time factor, ignoring the changes in the effects of 
different factors at different times (Wang et al., 2024; Yu and Li, 2025). 
The GTWR model integrates both spatial and temporal coordinates as 
control variables within the regression framework. This simultaneous 
incorporation allows the model to effectively handle spatiotemporal 
nonstationarity and improve the robustness of parameter estimates 
(Dong et al., 2023; He et al., 2025). This study employs the GTWR model 
to investigate the associations of various potential influencing factors 
with the degree of synergy. The basic expression of the GTWR model and 
the estimation of the regression parameter are as follows (He et al., 
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2025; Zhang et al., 2025a, 2025b, 2025c): 

Yi = β0(ui, νi, ti)+
∑n

k=1
βk(ui, νi, ti)Xik + εi, i = 1,2,⋯, n. (20) 

β
∧

(ui, νi, ti) =
[
XTW(ui, νi, ti)X

]− 1XTW(ui, νi, ti)Y (21) 

where, Y represents the degree of coordination between EPRCR, and X 
represents the influencing factors; (ui, νi, ti)represents the spatiotem
poral coordinates of the ith county; β0(ui, νi, ti) represents the model 
constant term；n is the number of spatial locations; Xikrepresents the 
value of the k-th influencing factor in the ith county ；βk(ui, vi, ti) rep
resents the regression coefficient of the kth influencing factor in the ith 

county over time t;εi represents the random error 
term.W(ui, νi, ti) = diag(αi1,αi2,…, αin) where αijare space-time distance 
functions of (ui, νi, ti) corresponding to the weights when adjusting a 
weighted regression adjacent to city i (Meng et al., 2025; Zhang et al., 
2025a, 2025b, 2025c).

In addition, the GTWR model was implemented using the following 
specifications:

(1) Kernel type: A Gaussian kernel (adaptive) was used to assign 
spatial and temporal weights. The adaptive kernel adjusts the bandwidth 
to maintain a consistent number of nearest neighbors across regions 
with varying observation densities. (2) Bandwidth selection: The 
optimal bandwidth was determined using the corrected Akaike Infor
mation Criterion (AICc) with a golden-section search algorithm, 
balancing model fit and complexity. (3) Coordinate system: All spatial 
coordinates were projected to WGS 1984 UTM Zone 48 N (EPSG: 32648) 
with metric units (meters) for distance calculation. (4) Temporal dis
tance: Temporal distances (years) were scaled to the same range (0–1) as 
spatial distances using min-max normalization to ensure equal weight
ing of spatial and temporal dimensions.

3.3. Data sources and processing

3.3.1. Data sources
This study primarily investigates the synergistic effects between 

EPRCR. Given that atmospheric pollution constitutes Chongqing's most 
prominent environmental issue, this study primarily analyzes the 
spatiotemporal variation characteristics of atmospheric pollutants to 
facilitate a comparison with changes in carbon emissions. The main data 
involved in this study include air pollutant concentration data, carbon 
emission data, and related socio-economic data of various districts and 
counties in Chongqing from 2017 to 2022. The pollutant data primarily 
comes from the Emissions Database for Global Atmospheric Research 
(https://edgar.jrc.ec.europa.eu/dataset_ap81) and the China National 
Environmental Monitoring Center (http://www.cnemc.cn/). In addi
tion, carbon emission data are mainly referenced from the China Carbon 
Accounting Database (https://ceads.net), Global Carbon Budget Data
base (https://globalcarbonbudget.org/gcb-2025/), MEIC (http://me 
icmodel.org.cn/). The nighttime light data was obtained from the 
DMSP-OLS and NPP-VIIRS satellite products of the National Oceanic and 
Atmospheric Administration (NOAA). Other indicators, such as popu
lation, Gross domestic product (GDP) and urbanization rate, are sourced 
from the China Environmental Statistics Yearbook, the China County 
Statistics Yearbook, the Chongqing Statistical Yearbook and the 
Chongqing Municipal Ecological Environment Status Bulletin. County- 
level administrative boundary data are from the National Center for 
Surveying and Mapping, China (http://www.ngcc.cn).

3.3.2. Data processing
To construct the county-level dataset (2017–2022) from multiple 

sources, we applied the following procedures: 

(1) Nighttime-light downscaling: To downscale provincial-level emis
sions to the county scale, we employed a nighttime-light (NTL) 
based disaggregation approach using the DMSP/OLS and VIIRS 
datasets. The downscaling procedure consists of three steps: First, 
provincial emission totals: Provincial CO₂ emissions were first esti
mated following IPCC sectoral guidelines (Eggleston et al., 2006). 
Second, weight calculation: For each county i in province p, the 
allocation weight wi is computed as Eq. (22):

wi =
NTLi

∑
j∈pNTLi

(22) 

where NTLi is the annual sum of DN (Digital Number) values within 
county i. Third, allocation: County-level emissions Ei = Ep × wi, where 
Ep is total provincial emission. 

(2) Missing data treatment: Missing data imputation affected <25% 
of county-year observations for any single variable (Table S2). 
For gaps ≤2 years, we used linear interpolation; for larger gaps, 
we applied city-level means weighted by county GDP. Counties 
with >50% missing for core variables were excluded, yielding the 
final sample of 38 counties.

(3) We also examined the potential impact of data reconstruction on 
our main conclusions. Comparing the fully imputed dataset (38 
counties) to a restricted sample of counties with complete 
reporting, we found no evidence that the imputation procedures 
introduced substantial bias into the estimated spatial patterns. 
These findings suggest that our data reconstruction does not 
artifactually drive the main spatial conclusions identified in this 
study.

4. Results and discussion

4.1. Spatiotemporal evolution pattern of carbon and pollutant emissions

4.1.1. Spatiotemporal distribution characteristics of atmospheric pollutants

(1) Temporal variation characteristics of pollutants

As shown in Fig. 2, the main atmospheric pollutants in Chongqing 
from 2017 to 2022 exhibited different temporal variation trends. In 
2017, the annual average concentrations of PM2.5 (45 μg/m3) and O3 
(163 μg/m3) exceeded the national secondary standards by 0.29 times 
and 0.63 times, respectively. The annual average concentrations of NO2 
(46 μg/m3) and PM10 (72 μg/m3) also exceeded the national secondary 
standard, while the annual average concentrations of SO2 and CO met 
the standard. In 2022, the concentrations of major pollutants all 
decreased, with the annual average concentration of PM10 at 48 μg/m3, 

Fig. 2. Air Pollutant Concentrations in Chongqing, 2017–2022.
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PM2.5 at 31 μg/m3, NO2 at 29 μg/m3, and O3 at 144 μg/m3. Overall, 
Chongqing's air quality improved significantly between 2017 and 2022, 
with the concentrations of major pollutants generally showing a 
downward trend. Among them, NO2 saw the largest decrease (37.0%), 
while PM2.5 decreased by 31.1% and PM10 by 33.3%. However, the 
overall concentrations of major pollutants PM2.5, PM10 and O3 still 
exceed the Class I limits of the Ambient Air Quality Standards and are far 
from the limits of the WHO 2021 AQGs standards.

The Comprehensive Air Quality Index (CAQI) is a quantitative 
assessment of the overall air pollution level in a region. The lower the 
CAQI value, the better the overall annual average air quality in that 
region (Ye et al., 2018). The CAQI heat map (Fig. S4) further demon
strates that the air quality in various districts and counties of Chongqing 
gradually improved between 2017 and 2022. In 2017, the CAQI values 
of most districts and counties were higher than 4.5, indicating that the 
overall annual average level of air pollutants in these areas was 4.5 times 
the concentration equivalent of the national secondary standard limit. 
Furthermore, Qijiang District, Chengkou County, Shizhu County, 
Xiushan County, Youyang County, and Pengshui County generally had 
better air quality and smaller fluctuations compared to other districts 
and counties. 

(2) Spatial distribution characteristics of pollutants

In 2017, approximately 85% of districts and counties had PM2.5 
concentrations exceeding the standard (35 μg/m3); by 2022, this pro
portion had dropped significantly to only about 10% (Fig. S5). This in
dicates that the number of districts and counties meeting the national 
standard limits of PM2.5 gradually increased during the study period. 
However, the overall PM2.5 concentration is still far higher than the 
WHO, 2021 AQGs annual average limit (5 μg/m3). As shown in Fig. S6, 
in 2017, the PM10 concentration in all districts and counties of 
Chongqing exceeded the China I annual average limit (40 μg/m3), and 
the concentration in about 40% of the areas was higher than the China II 
annual average limit (70 μg/m3). By 2022, the concentration in all 
districts and counties was lower than the China II annual average limit. 
NO2 concentrations also showed a downward trend during the study 
period. However, in 2017–2018, some areas had concentrations higher 
than the national annual average limit (40 μg/m3), mainly located in the 
main urban area (Fig. S7). Between 2017 and 2022, the annual average 
concentrations of SO2 and CO in all districts and counties met the na
tional standard limits (Fig. S8 and S9). Furthermore, during the study 
period, approximately 90% of the districts and counties had O3 con
centrations exceeding the national limit (100 μg/m3) (Fig. S10). O3 
concentrations showed a certain downward trend between 2020 and 
2021. This may be closely linked to the strict restrictions on personnel 
movement and traffic implemented during the early stages of the 
pandemic. Relevant studies have indicated that these measures may lead 
to atypical shifts in the ratio of the two key precursors (NOx and VOCs) 
required for ozone formation (Chen et al., 2023a, 2023b, 2023c, 2023d, 
2023e, 2023f; Duan et al., 2023). For instance, studies by Duan et al. 
(2023) and Lin et al. (2022) found that in 2020, strict lockdown mea
sures significantly reduced NOx emissions from traffic sources, thereby 
potentially inhibiting ozone formation under conditions where VOCs 
were relatively abundant (Duan et al., 2023; Lin et al., 2022). Further
more, Pan et al. (2023) and Yan et al. (2024) also pointed out that in 
2022, with the resumption of work and production, emissions of NOx 
and VOCs rebounded rapidly, providing ample “raw materials” for 
ozone formation (Pan et al., 2023; Yan et al., 2024).

4.1.2. Spatiotemporal distribution characteristics of carbon emissions
Fig. S11 shows the following changes in Chongqing's primary energy 

consumption structure: coal increased from 53.77% in 2017 to 50.71% 
in 2022; natural gas increased from 15.00% to 21.87%; clean electricity 
decreased from 15.6% to 11.54%. Despite this transformation, coal 
remained the largest share at 50.71% in 2022 (Fig. S11). Carbon 

emissions from coal consumption accounted for 60.02% of total emis
sions in 2022. By sector, industry contributed 52.10%, transportation 
contributed 11.22%, electricity and heat production contributed 
30.72% in 2022, with the latter showing an annual growth rate of 10% 
during 2017–2022. This pattern suggests that coal remains the primary 
driver of Chongqing's carbon emissions, despite a partial shift toward 
cleaner energy sources. In addition, as shown in Fig. 3, during the study 
period, 18 districts/counties (including Jiangjin, Bishan, Yuzhong, 
Fengjie, and Shizhu) experienced an increase in carbon emissions 
alongside improved air quality. The remaining districts/counties 
showed a positive synergy between carbon emission reduction and air 
quality improvement. This indicates that the level of EPRCR varies 
across districts/counties.

The standard deviation ellipse and the centroid migration model can 
intuitively identify the changes in the centroid migration of carbon 
emissions and the spatial distribution of carbon emission areas (Xiang 
et al., 2026; Yang et al., 2025). As show in Fig. 4, the dominant 
spatial distribution of carbon emissions in Chongqing from 2017 to 2022 
was southwest-northeast. Overall, the area of the ellipse shows a 
shrinking trend. This indicates that the spatial clustering effect of carbon 
emissions is strengthening, with high-emission areas gradually concen
trating along this main axis, and regional differentiation becoming 
increasingly apparent. Furthermore, during the study period, the center 
of gravity generally exhibited a trend of shifting toward the southeast. 
The shift in emission intensity was observed from 2017 to 2020 in a 
southwest direction and from 2020 to 2022 in a northeast direction, 
reflecting the dynamic changes in the dominant emission areas at 
different stages. It is worth noting that the center of gravity shifted 
relatively significantly between 2020 and 2021. This may be due to the 
uneven pace of industrial recovery in different districts and counties 
during the post-pandemic economic recovery process, or factors such as 
the commissioning of certain energy-intensive projects leading to short- 
term fluctuations in emission patterns.

4.2. Spatiotemporal evolution of the synergy between EPRCR

4.2.1. Temporal variation trend of CCD
Based on the EPRCR analysis framework and referring to existing 

research results, this study focuses on the synergistic governance of 
environmental pollution and carbon emissions. A multidimensional 
evaluation indicator system was constructed—encompassing atmo
spheric pollution, water pollution, comprehensive environmental qual
ity, and carbon emissions—to comprehensively reflect the synergistic 
status of regional EPRCR. The entropy weight method was employed to 
determine the weight coefficients for each indicator (Table 2) (Meng 
et al., 2025; Nie and Lee, 2023; Zhang et al., 2025a, 2025b, 2025c). 
The CCD of each district and county from 2017 to 2022 was calculated 
using the CCD model (Fig. 5). The number of violins on the list from 
2017 to 2022 showed an upward trend, indicating that the level of co
ordinated EPRCR is improving year by year. Besides, the graphs for each 
year show a clear “clustering” characteristic, meaning that most districts 
and counties are concentrated in the medium-level coordination range, 
while a few areas have entered the high-level coordination range. It is 
noteworthy that some industrial districts, such as Qijiang, Hechuan, and 
Changshou were located in the low-value anomaly zone, while areas 
such as Yuzhong, Chengkou, and Youyang were at a relatively high level 
of coordination. This indicates that the industrial structure has a sig
nificant association with the degree of coordination. Examining the 
boxplot structure, the median steadily increased from 0.56 in 2017 to 
0.61 in 2022, indicating a continuous improvement in the city's overall 
coordination level. Furthermore, the box height showed a narrowing 
trend, suggesting that the gap between districts and counties is 
decreasing.

According to the kernel density estimation plot, the center of the 
main peak of the curve shows a fluctuating trajectory, characterized by 
first shifting to the right and then slightly shifting to the left (Fig. 6). This 
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indicates that, while the overall level of coupling coordination improved 
during the study period, it remains unstable based on the year-to year 
fluctuations shown in Fig. 6. The distribution pattern shows that the 
overall height of the main peak has increased, while its width has 
decreased. This indicates that the absolute gap between districts and 

counties is narrowing. Furthermore, the left tail of the curve exhibits a 
distinct trailing phenomenon, with no significant narrowing observed. 
This means that traditional industrial areas, represented by Qijiang and 
Changshou, have long been in a low-coordination range and are at risk 
of persistently remaining at a low level; while Yuzhong District and 

Fig. 3. Change rates of CAQI and CO2 emissions in various districts and counties of Chongqing, 2017–2022.

Fig. 4. Center of gravity and standard ellipse of CO2 emissions.
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some ecological conservation areas continue to be in the medium-high 
value range. The phenomenon of structural persistence suggests that a 
region's resource endowment and industrial foundation are strongly 
associated with its initial synergy level. Overall, during the study period, 
the coupling synergy of most districts and counties was in the range of 
0.5–0.7, indicating that most districts and counties were in a range be
tween imbalance and coordinated development during 2017–2022.

4.2.2. Spatial relationship pattern of CCD
Spatial autocorrelation analysis revealed that the global Moran's I 

value was positive throughout the study period, and generally showed a 
fluctuating upward trend (Table S3). This indicates that there is a sig
nificant positive spatial correlation in the CCD among various districts 
and counties in Chongqing, and the spatial clustering characteristics are 
continuously strengthening. Moran's I in 2017 was 0.239 (Z = 2.45, P <
0.05), indicating that the CCD already showed a certain spatial depen
dence in the early stage of the study. In 2022, Moran's I rose to 0.278 (Z 
= 2.91, P < 0.01), and the degree of clustering was further strengthened. 
This trend is similar to the findings of related studies on the Chengdu- 
Chongqing urban agglomeration, namely, the increasing spatial inter
action of elements within the region (Guo et al., 2024; Xiang et al., 2025, 

2026). Furthermore, Moran's I values for all years during the study 
period passed the significance test (P < 0.05), indicating that the spatial 
distribution of CCD among districts and counties in Chongqing is not 
random. This confirms the presence of significant spatial autocorrela
tion. The radiating or competitive constraints between neighboring re
gions are associated with spatial dependence and heterogeneity in the 
CCD.

Furthermore, the local spatial autocorrelation analysis reveals that 
the hotspots of EPRCR coupling coordination exhibit characteristics of 
shifting and diffusing from certain areas of the main urban district to
ward the southeast (Fig. 7). Youyang County was the only region that 
maintained a high-high agglomeration throughout the entire study 
period. In addition, the low-low agglomeration areas are mainly 
concentrated in the strip-shaped areas of southern and western 
Chongqing, showing a strong spatial persistence. As traditional indus
trial hubs in Chongqing, Jiangjin District, Qijiang District, and Fuling 
District consistently fell within the category of “cold spot” areas during 
the study period. Overall, the spatial pattern of EPRCR in Chongqing 
during the study period showed characteristics of “large-scale dispersion 
and small-scale agglomeration.” High-value and low-value agglomera
tion areas exhibited spatial contrast, with coexisting patterns of spatial 

Table 2 
Evaluation index system and weights for EPRCR collaboration in districts and counties of chongqing.

Target 
layer

Criteria layer Secondary indicator Tertiary indicators Unit Direction Weight

EPRCR

Environmental pollution 
reduction system

Intensity of air pollution emissions 
and treatment

Industrial SO2 emissions per unit of GDP t/104 yuan − 0.105
Industrial NOx emissions per unit of GDP t/104 yuan − 0.104

Intensity of water pollution 
discharge and treatment

Industrial COD emissions per unit of GDP t/104 yuan − 0.117
Industrial wastewater discharge per unit of 
GDP 104t/104 yuan − 0.070

Environmental quality improvement 
status

PM2.5 annual average concentration μg/m3 − 0.163
Proportion of days with good or excellent air 
quality

% + 0.041

Carbon reduction system

Carbon and Energy Efficiency
CO2 emissions per unit of GDP t/104 yuan − 0.232
Energy consumption of industrial enterprises 
above designated size

104 tons of 
standard coal − 0.095

Structure and Path
The proportion of the added value of the 
tertiary industry in GDP % + 0.041

Forest coverage % + 0.032

Fig. 5. The trend of CCD.
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persistence and short-term change over the 2017–2022 period. Hotspots 
shifted toward the southeastern and northeastern ecological hinterlands 
and coldspots persisted in the industrial belt surrounding the main urban 
area (Fig. 7).

4.2.3. Sensitivity analysis of subsystem weights in CCD
To test the robustness of the CCD results to the equal-weight 

assumption (α = β = 0.5), we additionally calculated the CCD index 
under alternative weight scenarios: (i) pollution-weighted (α = 0.6, β =
0.4); (ii) carbon-weighted (α = 0.4, β = 0.6). Spearman's rank 

correlation coefficients were calculated between the CCD rankings 
derived from the equal-weight baseline and each alternative scheme.

The results are summarized in Table S4. Sensitivity analysis of 
alternative weighting schemes revealed that the Spearman rank corre
lation coefficients between the CCD values under the equal-weight 
baseline scheme and their counterparts under the pollution-weighted 
scheme (ρ = 0.993, p < 0.01) and the carbon-weighted scheme (ρ =
0.995, p < 0.01) both exceed 0.99, indicating that their ranking results 
are nearly identical. Furthermore, we quantitatively assessed the con
sistency of spatial clustering by calculating the retention rate of spatial 
clustering types (High-High, Low-Low, High-Low, and Low-High) for 
each county-level unit under alternative weighting schemes. The results 
(Table S4) indicate that, under both alternative weighting schemes, over 
96% of the county-level units retained the same spatial clustering type as 
in the benchmark equal-weighting scheme, demonstrating that the 
spatial clustering patterns did not undergo any substantial changes.

4.3. Spatiotemporal heterogeneity of varying associations for EPRCR

4.3.1. Model specification and optimization test
Considering data availability and rationality, this study selected six 

specific explanatory variables from four dimensions: socio-economic 
development level, regional industrial structure, energy consumption 
level, and technological innovation. These variables were used to reveal 
the coordinated spatiotemporal evolution characteristics of EPRCR 
across various districts and counties of Chongqing (Table S5). Descrip
tive statistical analysis revealed significant differences in the variables 
affecting the coordinated promotion of EPRCR across different districts 
and counties, indicating a certain spatial effect on the degree of coor
dination in EPRCR (Table S6). In addition, the variance inflation factor 
(VIF) of each influencing factor was calculated using STATA software. 
The results showed that the VIF values of all variables were less than 10 

Fig. 6. Kernel density of CCD.

Fig. 7. Spatial clustering analysis of CCD.
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(Table 3). This indicates that there is no significant multicollinearity 
among the explanatory variables.

Residual spatial autocorrelation was assessed using Moran's I. As 
shown in Table 4, GTWR effectively reduced residual spatial autocor
relation compared to OLS and GWR (Moran's I = 0.0034, p > 0.05), 
indicating that the model captures most of the spatial dependence. 
Table 4 also presents the fit statistics for OLS, GWR, and GTWR models. 
The OLS model yielded an R2 of 0.56 and an AICc of 474.96. The GWR 
model showed modest improvement (R2 = 0.57, ΔR2 = +0.01; AICc =
473.96). The GTWR model, which incorporates both spatial and tem
poral non-stationarity, achieved substantially better fit (R2 = 0.67, ΔR2 

= +0.10 relative to GWR; AICc = 461.21). The notable improvement 
from GWR to GTWR (ΔR2 = 0.10) indicates that the relationships be
tween explanatory variables and the synergy index are not only spatially 
varying but also temporally evolving over the 2017–2022 period. This 
means that GWR, which assumes temporally stationary coefficients, 
misses important time-varying dynamics. The improvement is both 
statistically meaningful (lower AICc, lower residual spatial autocorre
lation) and substantively meaningful, as it reveals time-dependent pat
terns that are critical for policy timing and targeting. Therefore, this 
study employs the GTWR model for analysis.

4.3.2. GTWR model regression result analysis
The quantitative evaluation results of the GTWR model show that the 

regression coefficients of each influencing factor have both positive and 
negative values, indicating that there is significant spatial heterogeneity 
among the factors (Table S7). Per capita GDP and patent counts are 
positively associated with EPRCR, while population density, secondary 
sector share, and industrial energy consumption show negative associ
ations. The urbanization rate has the weakest association. Industrial 
energy consumption shows a more pronounced negative association 
with EPRCR than other factors. Population density shows a persistent 
negative association with EPRCR throughout the study period. Spatially, 
the magnitude of this negative association varies across districts, with 
densely populated urban cores exhibiting a stronger effect than peri- 
urban areas.

In terms of industrial structure, the regression coefficient for the 
share of value added by the secondary sector is negative, indicating a 
negative association with EPRCR. In Southeast Chongqing, the negative 
coefficient is larger in magnitude, while in Northeast Chongqing, it is 
relatively smaller (Fig. 8). For technological innovation, core urban 
districts show high-value coefficients, while Northeast Chongqing shows 
isolated high-value clusters (Fig. 8). In Southeast Chongqing and 
Wushan, patent coefficients are not statistically significant.

5. Conclusion

5.1. Summary of findings

This study comprehensively employs a variety of spatial statistical 
and econometric models to systematically reveal—from the perspective 
of districts and counties—the spatiotemporal heterogeneity, coupled 
nature of synergistic reduction, and spatiotemporally varying associa
tions of environmental pollutants and carbon emissions in Chongqing 
during the period of 2017–2022. The main findings are as follows: 

(1) From 2017 to 2022, major atmospheric pollutants in Chongqing 
showed a significant downward trend, but concentrations 

remained above the WHO 2021 AQGs limits. Centroid-Standard 
Deviational Ellipse analysis reveals a strengthening spatial 
agglomeration of carbon emissions, with the centroid oscillating 
along a southwest-northeast axis. This spatial structure persisted 
throughout the study period, indicating that high-carbon in
dustries remained concentrated in certain districts without sig
nificant spatial diffusion.

(2) Kernel density estimation and spatial autocorrelation analysis 
indicate that the CCD of EPRCR increased overall from 2017 to 
2022, with periodic year-to-year variations. Hot spots of CCD 
shifted toward the southeastern and northeastern districts-areas 
with lower industrial density—while cold spots remained 
concentrated in the industrial belt surrounding the main urban 
area.

(3) The GTWR model shows that the direction and magnitude of 
association between each influencing factor and EPRCR synergy 
varied across space and time. Per capita GDP and technological 
innovation show the strongest positive associations with the 
synergy of EPRCR, while energy consumption by large industrial 
enterprises exhibits the strongest negative association. The posi
tive association of per capita GDP was largest in the main urban 
metropolitan area and smaller in Northeast and Southeast 
Chongqing. The association of technological innovation 
remained stable in its spatial pattern throughout the study period.

5.2. Policy implications

As a typical mountainous city, Chongqing exhibits significant spatial 
heterogeneity in EPRCR synergy across its main urban area, suburban 
districts, northeastern counties, and southeastern counties. A uniform 
emission reduction strategy is therefore unlikely to be effective. Based 
on the findings for Chongqing (2017–2022), the following policy rec
ommendations are intended to inform local efforts toward carbon 
peaking and neutrality targets. 

(1) The finding that high-carbon industries remained concentrated in 
certain districts without significant spatial diffusion suggests that 
market forces or existing policies have not incentivized reloca
tion. The following measures are recommended: First, impose 
binding emission caps on the districts where the centroid has 
concentrated. Second, establish inter-district fiscal transfers to 
compensate these districts for accelerated decarbonization. 
Finally, use centroid oscillation as a lead indicator: lack of 
diffusion within two years triggers automatic escalation of local 
reduction targets.

(2) Spatial autocorrelation analysis shows positive spatial spillover 
effects of EPRCR synergy. The following measures are recom
mended to enhance these effects: First, construct a multi-level 
spatial collaborative governance system linking the main urban 
area, industrial belt, and peripheral districts. Second, use the 

Table 3 
Covariance test results.

Explained 
variable

Population 
density

Urbanization 
rate

Per capita 
GDP

Proportion of secondary 
industry

Energy consumption of industrial enterprises 
above designated size

Number of patents 
granted

Tolerance 0.246 0.285 0.284 0.581 0.749 0.408
VIF 4.067 3.512 3.518 1.720 1.335 2.451

Table 4 
Comparison of model fit superiority.

Model R2 ΔR2 Adj-R2 RSS AICc Residual Moran's I

OLSR 0.56 – 0.55 100.36 474.96 − 0.0102
GWR 0.57 +0.01 0.56 97.41 473.96 − 0.0054
GTWR 0.67 +0.10 0.66 75.07 461.21 0.0034
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main urban area's established capacity in green technology, green 
finance, and environmental regulation as a hub. Establish formal 
mechanisms (e.g., inter-district technology transfer agreements, 
joint environmental investment funds) to transmit best practices 
to surrounding areas with lower CCD values.

(3) The GTWR results show that energy consumption by large in
dustrial enterprises has a persistent negative association with 
EPRCR synergy. The following technology-focused measures are 
recommended: First, in cold spot areas (industrial belt), set en
ergy intensity reduction targets 10–15% higher than the city 
average and implement facility-level energy audits for large in
dustrial consumers. Second, in the main urban area, prioritize 
public R&D funding for green and low-carbon technologies, with 
defined milestones for commercialization. Third, in Southeast 
Chongqing (mining and metallurgy cluster), deploy deep mineral 
processing technologies and solid waste valorization systems, 
linking technology transfer to verifiable emission reductions. 
Finally, in northeastern Chongqing (an ecologically sensitive 
zone), efforts focus on technologies for non-point source pollu
tion control and ecological restoration, alongside an evaluation of 
the effectiveness of pilot initiatives.

5.3. Limitations and future research

Although this study provides new evidence for revealing the 
spatiotemporally varying associations of synergistic EPRCR, it still has 
certain limitations and requires further investigation in the future:

First, this study has limitations in terms of data scale and precision. 
The analysis is primarily conducted at the district-county administrative 
unit. However, production activities at the micro-enterprise level and 
pollutant transport processes at the urban agglomeration scale may 
obscure more refined spatiotemporal dynamic associations. Further
more, this study only captures short-term spatial persistence and recent 
trends; rigorous testing of long-term phenomena would require longer 

time-series data. Therefore, future research could attempt to integrate 
satellite-retrieved remote sensing data with enterprise-level pollution 
monitoring databases and conduct multi-scale nested analyses over 
longer time spans to further improve the accuracy of the findings.

Secondly, the indicator system lacks completeness. When con
structing the evaluation system for the coupling coordination of EPRCR, 
emission intensity was the primary consideration. However, ecological 
and social dimensions—such as environmental carrying capacity and 
health benefits—were not fully incorporated. Furthermore, the envi
ronmental pollution reduction system did not take into account in
dicators such as soil pollution and solid waste. Future research should 
further refine the evaluation framework for environmental pollution 
reduction systems. In addition, the value of ecosystem services or public 
health exposure risks could be incorporated into this framework, 
thereby constructing a more comprehensive assessment model for the 
“natural–social–economic” complex system.

Finally, the depth of the analysis regarding the spatiotemporally 
varying associations of potential influencing factors remains to be 
further explored. The GTWR method only captures statistical associa
tions and spatiotemporal nonstationarity in the relationship between 
explanatory variables and the coordination index. While such spatially 
and temporally varying coefficients may suggest potential influencing 
factors, they do not constitute evidence of causal mechanisms. Future 
work should combine GTWR with quasi-experimental designs (e.g., 
difference-in-differences, instrumental variables, or panel Granger cau
sality) to more rigorously identify causal relationships.
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