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Abstract

In this study, global spatial autocorrelation, local spatial autocorrelation, Spearman correla-
tion analysis, gray correlation analysis, entropy weight method, and the gravity model were
used to analyze the spatiotemporal variation and environment-urban-economy-associated
factors of air quality of 31 provinces in China during 2015~2022. From 2015 to 2022, the
Air Quality Index (AQI) exhibited a downward trend in 30 out of 31 Chinese provinces,
with the exception of Shaanxi Province. Concurrently, the annual average concentrations of
PMj; 5, PM1p, SOz, NO,, and CO declined across the study period. High-high clusters and
low-high outliers were observed in northern China, whereas low-low clusters and high-low
outliers were distributed in southern China. Twelve provinces (38.7%) showed positive
correlation (0.095~0.95), 18 provinces (58.1%) showed negative correlation (—0.76~0.095),
and only Anhui showed no correlation between AQI and O3z. The comprehensive AQI
quality presented a dual-core model in Sichuan (in the southwest) and Henan (in the central
part) of China, while the comprehensive AQI improvement rate presented a single-core
model in Jiangsu in the east of China. The gravity models incorporating AQI and GDP
revealed that both air quality and economic performance improved over the study period.
The spatial pattern of pollution evolved from a multi-core structure to a non-core structure,
whereas the pattern of economic growth transitioned from a non-core structure to a dual-
core structure, with the Beijing-Tianjin-Hebei region and the Yangtze River Delta emerging
as the primary urban agglomerations.

Keywords: spatiotemporal variation; air quality; environment-urban-economy-associated
factors; correlation analysis; inter-regional interaction

1. Introduction

With the rapid development of China’s economy and the rapid advancement of ur-
banization and industrialization, air pollution has long been increasingly serious, inflicting
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huge health damage and social losses on the public [1-4]. Research data indicate that long-
term exposure to highly polluted air increases human health risks, giving rise to adverse
effects on the cardiovascular system, respiratory system, lungs, and other aspects [5-8].
To curb the further deterioration of air pollution, safeguard public health, and alleviate
the impacts of climate change, China’s air pollution control policies have evolved substan-
tially over the past few decades. Notably, policy implementation has been strengthened
considerably, transitioning from lax enforcement to rigorous execution [9,10]. Industrial
activities release heavy metals, causing global air pollution. Contamination was assessed
via the geoaccumulation index and enrichment factors. Industrial, agricultural, and mining
emissions raise metal levels, damaging cells and triggering carcinogenic risks [11]. Atmo-
spheric Cd deposition flux in China rose slightly during 2006-2015 versus 1999-2006, yet
regional research ignoring spatial heterogeneity is lacking. Southern China recorded a
higher flux of 1.05 mg-(m?-a)~! than the northern 0.89 mg-(m?-a)~!, but unfiltered mining
and industrial sites may overestimate the flux [12]. A series of air pollution prevention and
control measures, such as the “Action Plan for Air Pollution Prevention and Control” and
the “Three-year Action Plan for Winning the Blue Sky Defense”, have achieved remark-
able results in air pollution control [13-16]. From 2013 to 2022, the concentration of fine
particulate matter (PM, 5) in 74 key Chinese cities continued to decline from 72 pug/m3 to
30 ug/ m?3, with a cumulative decrease of 58%. Nevertheless, 25% of Chinese cities still
have PMj 5 concentrations exceeding 35 pg/m3, thus failing to meet the National Ambient
Air Quality Standards [2,17,18].

The improvement of air quality is a complex dynamic process, which is jointly affected
by environmental factors, human activities, economic development, industrial structure,
meteorological conditions, and other factors, with characteristics of “scarce effective data
and poor information” [19-22]. Domestic and foreign scholars have conducted extensive re-
search on the improvement of air pollution and its associated factors [23-26]. Liu et al. [27]
used exploratory spatial data analysis and the Spatial Durbin Model (SDM) to quantita-
tively estimate the contribution and spatial spillover of different natural and human factors
to air quality. The results showed that urbanization, urban population agglomeration, and
industrialization had a significant positive impact on AQI, but the amount of urban land,
per capita GDP, altitude, and relative humidity had no significant impact. Xu et al. [28]
employed social network analysis, extended production theory decomposition analysis,
and the proposed spatiotemporal decoupling model. They explored the network struc-
ture and associated factors of PM; 5 concentration as well as its decoupling relationship
with Fiscal Environmental Expenditure. The study revealed that per capita GDP and the
Potential Intensity of PM; 5 and FEE were the most influential factors in reducing PM; 5
concentration. Wang et al. [29] combined the Relaxation-Based Measure (SBM) model, the
Global Malmquist-Luenberger (GML) productivity index, and the panel Tobit model to
study the regional differences, dynamic evolution, and influencing factors of provincial
air pollution emission efficiency in China during 2006~2015, and the results showed that
China’s provincial air pollution total factor emission efficiency was significantly positively
correlated with economic development level, industrial structure optimization, technologi-
cal innovation, and foreign direct investment (FDI), and significantly negatively correlated
with energy consumption structure. Numerous studies have demonstrated that air qual-
ity improvement is closely associated with economic development potential. Therefore,
clarifying the core driving force of air quality improvement is a necessary prerequisite for
achieving high-quality economic and social development [30-33].

In order to better understand the associated factors of air pollution, many studies
focus on using numerical analysis methods and related models to study the spatiotemporal
differentiation characteristics and associated factors of air quality in a certain city or a
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certain district, providing a basis for environmental management and government decision-
making [34-38]. Fan et al. [39] explored the coupling relationship between urbanization and
air quality in Shandong Province from 2014 to 2017 by using global principal component
analysis, the harmony degree model, the coupled coordination degree model, and the
geographic information system (GIS). The results showed that in Shandong Province, as
China’s economy shifted from the stage of high-speed growth to the stage of high-quality
development, urbanization and the coupling coordination degree of air quality index and
pollutants gradually tended towards a high level of coordination. Therefore, in the process
of urban development, highly coordinated cities should play a more leading role in the
surrounding areas, and cities with lagging urbanization need to strengthen environmental
protection policies. Jiang et al. [40] analyzed and quantified the factors affecting air pollution
based on air pollution observation, as well as synchronous meteorological and socio-
economic data, of 103 cities during 2014~2019. The results of the Spatial Durbin Model
(SDM) indicate that air pollution exerts a significant spatial spillover effect within the
Yellow River Basin at the basin scale. Government technology expenditure, GDP per capita,
population density, annual wind speed and relative humidity all have significant overall
negative effects on the air quality index. Green coverage, proportion of secondary industry
and air temperature all have significant positive total effects. Zhang et al. [41] investigated
the spatiotemporal dynamics of air quality in Shandong Province from 2016 to 2022, and
found that affected by industrial activities and geographical characteristics, the air quality
of coastal cities is better than that of inland areas, and the optimization and transformation
of industrial structure plays a crucial role in improving air environmental quality; stringent
policies and technological advances can lead to significant improvements in air quality.
However, current studies mainly focus on using a certain type of method or model to study
the improvement of air quality in a single city or a single region, and there are insufficient
studies on the evolution of air quality and its associated factors in China. Therefore,
based on the data system of 31 provinces of China, this study studied the spatiotemporal
differentiation characteristics of China’s overall air quality and the interaction between air
quality and environmental, urban and economic associated factors, which is helpful for
formulating targeted policies and achieving the win-win goal of China’s regional economic
development and air environmental protection [42-45]. It is of urgent and important
significance to achieve high-quality development and sustainable development [46].

In this study, the spatiotemporal variation of air quality and its environment-urban-
economy-associated factors of 31 provinces of China during 2015~2022 were analyzed
using global spatial autocorrelation, local spatial autocorrelation, Spearman correlation
analysis, grey correlation analysis, the entropy weight method, and the gravity model. This
study aims to investigate the synergistic effects between air pollution and economic growth
across Chinese provinces and regions, explore the regional disparities inherent in the rela-
tionship between economic development and environmental change, and propose targeted
recommendations for the coordinated and sustainable development of China’s regions.

2. Experimental Methods
2.1. Research Areas and Data Sources

The research area of 31 provinces was represented by 27 provincial capital cities
and four municipalities. The geographical locations are shown in Figure 1, and the city
and province numbers are shown in Table 1. China plays a pivotal role in the global
landscape. In the process of rapid development, China attaches great importance to the
win-win situation of environmental protection and economic development and insists on
promoting green and low-carbon economic and social development to achieve high-quality
development. The air pollution caused by China’s development in recent decades is also
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worthy of attention. However, there are few studies on the interaction of air pollution
among different provinces, which lack in-depth exploration. Therefore, based on the inter-
provincial network, this paper carried out an analysis of the spatiotemporal variation and
associated factors of air quality of 31 provinces of China during 2015~2022.
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Figure 1. Schematic diagram of geographical location for 31 provinces. Guiyang (GY), Fuzhou (FZ),
Guangzhou (GZ), Haikou (HK), Chengdu (CD), Wuhan (WH), Changsha (CS), Nanchang (NC), Hefei
(HF), Nanjing (NJ]), Hangzhou (HZ), Xining (XN), Shijiazhuang (S]Z), Zhengzhou (ZZ), Xi'an (XA),
Taiyuan (TY), Jinan (JN), Lanzhou (LZ), Shenyang (SY), Changchun (CC), Harbin (HEB), Kunming
(KM), Hohhot (HHHT), Nanning (NN), Lhasa (LS), Yinchuan (YC), Urumgqi (WLMQ), Beijing (BJ),
Tianjin (T]), Shanghai (SH), Chonggqing (CQ).

Air quality data (PMy 5, PMjg, SO,, NO,, CO, O3 concentrations, and AQI) are all
derived from urban ambient air quality information released by the Ministry of Environ-
mental Protection (https://www.mee.gov.cn/, accessed on 1 January 2024). The data on
pollutant emission, urban development, and economic growth come from China Urban
Statistical Yearbook (https://www.stats.gov.cn/sj/ndsj/, accessed on 1 January 2024),
China Urban Construction Statistical Yearbook (https://www.mohurd.gov.cn/, accessed
on 1 January 2024), China Statistical Abstract (https://www.stats.gov.cn/, accessed on
1 January 2024), Environmental Statistics Yearbook of China (http://60.16.24.131/, ac-
cessed on 1 January 2024), and Statistical Yearbooks of 31 cities (https:/ /www.stats.gov.cn/,
accessed on 1 January 2024). Environmental pollution emission factors include industrial
nitrogen oxide emissions (X1), industrial sulfur dioxide emissions (X2), industrial wastewa-
ter emissions (X3), and industrial powder (smoke) dust emissions (X4). Urban development
index factors include permanent resident population (X5), urban per capita green park area
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(X6), urban green coverage area (X7), and urban population density (X8). Economic growth
index factors include the added value of the primary industry (X9), the added value of the
secondary industry (X10), the added value of the tertiary industry (X11), GDP (X12), and
per capita GDP (X13).

Table 1. The 31 provinces and related information on the research areas.

No. Province City Abbreviate No. Province City Abbreviate
1 Guizhou Guiyang GY 17 Shandong Jinan N
2 Fujian Fuzhou Fz 18 Gansu Lanzhou LZ
3 Guangdong Guangzhou Gz 19 Liaoning Shenyang SY
4 Hainan Haikou HK 20 Jilin Changchun CcC
5 Sichuan Chengdu CDh 21 Heilongjiang Harbin HEB
6 Hubei Wuhan WH 22 Yunnan Kunming KM
7 Hunan Changsha CS 23 MInner . Hohhot HHHT

ongolia

8 Jiangxi Nanchang NC 24 Guangxi Nanning NN
9 Anhui Hefei HF 25 Tibet Lhasa LS
10 Jiangsu Nanjing NJ 26 Ningxia Yinchuan YC
11 Zhejiang Hangzhou HZ 27 Xinjiang Urumgi WLMQ
12 Qinghai Xining XN 28 Beijing Beijing BJ
13 Hebei Shijiazhuang SJZ 29 Tianjin Tianjin 1]
14 Henan Zhengzhou 77 30 Shanghai Shanghai SH
15 Shaanxi Xi'an XA 31 Chongging  Chonggqing CQ
16 Shanxi Taiyuan TY

2.2. Research Methods
2.2.1. Global Spatial Autocorrelation

Global Moran’s I is an exploratory spatial analysis index used to examine the problem
of low spatial correlation and agglomeration. It reflects the degree of similarity between
each regional unit and its neighboring units across the entire study area and is employed
to identify whether the spatial distribution of geographic features or attributes exhibits
clustering patterns [47]. The global Moran’s I is calculated as follows:

n n n n
ngl ;1 Wij(x; — x)(xj — X) ;1 ;1 Wij(x; — x)(xj — X)
Moran's 1 = l_n]_n - — = = —
Y Wiy (xi—X) Sy, LW
i=1j=1 i=1 i=1j=1

where 7 represents the total number of regional units in the study area, X; represents
the X variable value of the provincial capital city i studied by the regional unit, and W;;
represents the element value of the spatial weight matrix, representing the spatial adjacency
characteristics. If i and j share a boundary line in space, Wj; = 1; otherwise, W;; = 0. Taking
the calculation of AQI global autocorrelation as an example, X; represents the AQI value of
the provincial capital city i, X; represents the AQI value of the provincial capital city j, i # j,
i/j=1,2,3,...31. The calculation process of the six major pollutants is consistent with the
calculation process of the AQI global autocorrelation.

Since Moran’s I is the estimated value of the coefficient of the spatial autocorrelation
regression equation, its value range is [—1, 1]. When Moran’s I is greater than 0, it indicates
a positive correlation, and when the value is close to 1, it indicates that similar attributes
cluster together. A value below 0 denotes a negative spatial correlation; a value approaching
—1 signifies the clustering of dissimilar attributes. A value near 0 indicates a random
distribution of the attribute or an absence of spatial autocorrelation.
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2.2.2. Local Spatial Autocorrelation

Local autocorrelation is primarily employed to analyze the spatial agglomeration
and correlation intensity of local spatial units and to further characterize their spatial
autocorrelation with adjacent units. The commonly used indicator is the Local Moran’s
Index, which can reveal the local clustering and outliers in spatial data, with four types
of spatial correlation: two positive correlation-spatial correlation (High-High Cluster and
Low-Low Cluster) and two negative correlation-spatial outliers (High-Low Outlier and
Low-High Outlier). The calculation formula is as follows:

n

(x; = %) ¥ Wii(x; — %)

j=1

(x; —x)?

n
i=1

where I; represents the local Moran’s I of spatial position i. Taking the calculation of AQI
local autocorrelation as an example, X; represents the AQI value of provincial capital city
i, X;j represents the AQI value of provincial capital city j, i #j,i/j=1,2,3, ... 31. The
calculation process of the six major pollutants is consistent with the calculation process of
the AQI local autocorrelation. I; > 0 and the significance test indicates that regions with
the same or similar attributes are close to each other in space; that is, they are represented
as “high-high” or “low-low” clusters. I; < 0 and the significance test indicates that regions
with large attribute differences are close to each other in space; that is, they are represented
as “high-low” or “low-high” outliers.

2.2.3. Spearman Correlation Analysis

Spearman’s correlation coefficient is a nonparametric statistical measure used to
evaluate the monotonic relationship between two variables. Spearman correlation analysis
was applied to quantify the associations between AQI and individual pollutant indices,
environmental pollutant emission factors, urban development indicators, and economic
indicators [48]. The calculation process is as follows:

rs =1 —6Iéd%/n(n2 —1)

where 7 represents the sample size, n = 31, X and Y are defined as two sets of data, X,-j
and Yj; represent the grades of these two sets of data, respectively, and d represents the
grade difference between X;; and Yj; after ordering the samples from small to large. When
calculating the correlation of AQI-environmental pollutant emission factors in 2022, X,-]-
represents the AQI value in 2022 of the i-th province, and Y; represents the industrial nitro-
gen oxide emissions, industrial sulfur dioxide emissions, industrial wastewater emissions,
and industrial powder (smoke) dust emissions in 2022 of the i-th province, respectively.
The correlation calculation process of other indicators is consistent with the correlation
calculation process of AQI-environmental pollutant emission factors.

2.2.4. Grey Correlation Analysis

Grey correlation analysis is a method that quantifies the degree of correlation among
factors through mathematical computation of selected variables and identifies their rela-
tionships based on the similarity of their numerical change curves [49]. Grey correlation
analysis was employed to quantify the correlations between AQI and environmental pol-
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lution emission factors, urban development factors, and economic growth factors. The
calculation process is as follows:

_ Xi(k)

fXi(1)

k = 2015, 2016, ... 2022

i=0172..13
Ai(k) = [xj(k) — xo (k)|

min mkin Aj(k) 4+ p max max A;(k)
1 1

gi(k) = Ai(k) + p max max 4; (k)

1 n
RiI* ik
INEC

where Ai(k) represents the variance sequence. In order to make a comparison between
indicators, dimensionless processing is carried out by the initial value method, where p is
the resolution coefficient, p is usually 0.5, and the correlation degree R is the quantitative
relationship of the correlation degree between the comparison series and the reference
series. When calculating the correlation degree of AQI-environmental pollution emissions,
Xy is used as the reference sequence, Xy (k) represents the AQI value in different years, and
Xi represents the pollutant emission successively in different years: i =1, 2, 3, 4, and so
on. In this calculation, X; is the industrial nitrogen oxide emissions, X, is the industrial
sulfur dioxide emissions, X3 is the industrial wastewater emissions, and X is the industrial
powder (smoke) dust emissions. The procedure for calculating the correlation degree
among other indicators is consistent with that employed for the correlation degree between
AQI and pollutant emissions.

2.2.5. Entropy Weight Method

The entropy weight method is an objective weighting approach employed to determine
indicator weights, and it is widely utilized in multi-index comprehensive evaluation.
Its core idea is to use information entropy to measure the degree of dispersion of each
indicator, so as to determine its weight in the comprehensive evaluation. The entropy
weight method was applied to assess the weights of environmental pollution emission
factors, urban development factors, and economic growth factors in influencing air quality.
The calculation process is as follows:

1
Ej=——
l”(”)ﬂl (P;j)
i=
Y,.
Pj=
Y Y
=1
1-E
Wi=
Y (1-E)

j=1
where E; represents information entropy, Py; represents the proportion of the value of the
i sample of the j-th index in the index, and Xj;; represents the value of the j index of the i
sample of theyeart(t=1,2,...8;i=1,2,...31;j=1,2,...13). When the original data is
standardized, Y}; represents the standardized value, and W; represents the weight. When
calculating the environmental pollutant emission weight, whent =1, 2, ... 8, it means 2015,
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2016, ... 2022, respectively. Wheni =1, 2, ... 31, it represents the 31 provinces, respectively.
When j = 1, 2, 3, 4, they represent the indicators of industrial nitrogen oxide emissions,
industrial sulfur dioxide emissions, industrial wastewater discharge, and industrial dust
(smoke) emissions, respectively. The weight calculation procedure for other indicators is
consistent with that applied to environmental pollutant emissions.

2.2.6. Gravity Model

The gravity model is a fundamental model for predicting the interaction between
objects. The gravity between any two objects is proportional to their masses and inversely
proportional to their distance. The gravity model is used to calculate the interactions of
AQI and the interactions of GDP among 31 provinces. The gravity model employed in this
study merely quantifies the intensity of spatial interactions based on spatial proximity and
AQI similarity, without connoting any genuine physical gravitational attraction or causal
linkage. The calculation process is as follows:

aQ;Q;

where F represents the gravity between the two provinces, Q represents the size of the two
provinces, d represents the distance between the two provinces, and a = 1. When calculating
the AQI interaction between two provinces, Q1 and Q; represent the AQI values of the
two provinces, respectively, and d represents the geometric center distance between the
two provinces. Similarly, when calculating the GDP interaction between two provinces, Q;
and Q, represent the GDP values of the two provinces, respectively, and d represents the
geometric center distance between the two provinces.

3. Results and Discussion
3.1. Spatiotemporal Variation of Air Quality

Figure 2 depicts the interannual variations in AQI across 31 provincial-level regions of
China from 2015 to 2022. On the whole, the air quality has improved, and AQI shows a
downward trend. In 2015, the order of AQI values of provinces is Henan (125.94) > Hebei
(117.29) > Shandong (115.31) > Beijing (107.29) > Liaoning (96.35) > Heilongjiang (94.69)
> Tianjin (94.17) > Hubei (93.75) > Xinjiang (91.63) > Sichuan (91.15) > Jilin (88.96) > An-
hui (88.33) > Shaanxi (88.04) > Gansu (84.04) > Shanxi (83.13) > Hunan (82.29) > Ningxia
(81.13) > Qinghai (77.67) > Jiangsu (77.60) > Zhejiang (77.40) > Chongqing (77.08) > In-
ner Mongolia (75.54) > Shanghai (72.50) > Jiangxi (62.71) > Guangxi (60.96) > Guang-
dong (58.65) > Guizhou (55.42) > Tibet (54.08) > Yunnan (53.00) > Fujian (52.83) > Hainan
(39.67). In 2022, the order of AQI values of provinces is Shaanxi (93.09) > Henan (73.54)
> Sichuan (71.98) > Hebei (69.90) > Xinjiang (68.44) > Shanxi (67.60) > Hunan (62.40)
> Shandong (61.04) > Gansu (60.79) > Heilongjiang (60.63) > Hubei (58.54) > Tianjin (58.44)
> Ningxia (58.21) > Anhui (56.83) > Qinghai (54.08) > Chongging (53.33) > Liaoning (53.13)
> Jiangxi (52.83) > Beijing (52.29) > Zhejiang (50.88) > Jiangsu (50.71) > Inner Mongolia
(50.33) > Guangdong (48.28) > Jilin (48.08) > Shanghai (42.27) > Guangxi (42.08) > Fujian
(38.52) > Tibet (35.86) > Hainan(35.68) > Yunnan (35.65) > Guizhou (34.75). From 2015
to 2022, the order of air quality improvement in provinces is Beijing (51.26%) > Shan-
dong (47.06%) > Jilin (45.95%) > Liaoning (44.86%) > Shanghai (41.70%) > Henan (41.60%)
> Hebei (40.41%) > Tianjin (37.94%) > Hubei (37.56%) > Guizhou (37.92%) > Heilongjiang
(35.97%) > Anhui (35.66%) > Jiangsu (34.66%) > Zhejiang (34.27%) > Tibet (33.70%) > Inner
Mongolia (33.37%) > Yunnan (32.73%) > Guangxi (30.96%) > Chonggqing (30.81%) > Qing-
hai (30.36%) > Ningxia (28.25%) > Gansu (27.66%) > Fujian (27.10%) > Xinjiang (25.31%)
> Hunan (24.18%) > Sichuan (21.03%) > Shanxi (18.67%) > Guangdong (17.67%) > Jiangxi
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(15.75%) > Hainan (10.06%) > Shaanxi (—5.74%). In terms of years, the average AQI value
of provinces showed a downward trend from 2015 to 2022, and the overall air quality
was significantly improved. Only the AQI value of Shaanxi increased, and the air quality
deteriorated. In 2015, only one province in Hainan reached Grade I (AQI < 50). In 2022, nine
provinces in Jilin, Shanghai, Guizhou, Tibet, Yunnan, Guangxi, Fujian, Guangdong, and
Hainan reached Grade I, and the AQI value of 31 provinces decreased from 81.24 to 54.84.
Regionally, the spatial distribution of AQI is generally characterized by low in the southeast
and high in the northwest, and low in the coastal areas and high in the inland areas. Air
quality in southern China is superior to that in northern China, yet the improvement rate
of air quality in the north is higher than that in the south. All provinces with an AQI reduc-
tion exceeding 40% are located in northern China. Meanwhile, air quality improvement
rates in southwestern, southern, eastern, and northeastern China are higher than those in
northwestern, northern, and central China. In 2022, air quality across all of southern China
attained Grade I, whereas air quality in central China was poorer relative to other regions.
The reason may be that the economic development of some provinces located in the central
region depends on traditional heavy industries such as coal, the chemical industry, and
steel [50]. The results reveal an overall downward trend in AQI throughout the pandemic
period, with a substantially more prominent improvement in air quality observed following
the outbreak. This analysis compares the average AQI and pollutant concentrations be-
tween 2015-2019 and 2020-2022, where the enhanced air quality can be primarily attributed
to the curtailment of anthropogenic activities and industrial production. Consequently,
industrial emissions have emerged as the primary factor influencing local AQI values.
The relatively lower air quality index in southern coastal regions may be associated with
multiple factors, including their economic development model, environmental protection
investment, meteorological conditions, and provincial development levels.

From 2015 to 2022, the annual average concentrations of the six primary air pollutants
exhibited provincially divergent trends across China: PM; 5, PMyg, SO,, NO;, and CO
generally declined, while O3 increased. PM; 5 concentrations showed an overall decrease of
36.59%, dropping from 57.14 pg/m?3 to 36.23 ug/m?>. In 2015, Henan had the highest concen-
tration (95.75 ug/ m?), and Hainan had the lowest (22.08 ug/ m?). Tibet (64.67%) and Beijing
(60.00%) achieved the largest improvements, though Shaanxi saw a 19.44% rise. PMyq
concentrations fell by 43.58% on average, from 97.42 pg/m?3 to 54.97 ug/m?>. Henan topped
the 2015 rankings (169.33 j1g/m?), but by 2022, Shaanxi led (89.58 ug/m?). Tibet showed the
most significant improvement (69.34%), followed by Jilin (55.27%) and Shandong (54.11%).
SO; recorded the sharpest decline at 67.30%, with average concentrations dropping from
26.07 ug/ m?3 to 8.52 ug/ m?3. Shanxi had the highest concentration in 2015 (71.17 ug/ m3),
while Qinghai led in 2022 (17.33 ng/ m?3). Shanxi (83.02%) and Hebei (82.92%) drove this
reduction with the largest improvements. NO, concentrations decreased by 34.86% overall,
from 41.86 ug/ m? to 27.22 ug/ m3. Henan ranked highest in 2015 (57.50 pg/ m?), and
Shanxi took the lead in 2022 (40.00 ug/m?3). Beijing achieved the biggest improvement
(54.50%), followed by Henan (52.46%) and Fujian (52.28%). CO concentrations declined
year by year, falling 44.32% from 1.65 mg/ m? in 2015 to 0.92 mg/ m? in 2022. Hebei had
the highest concentration in 2015 (2.70 mg/ m?), while Qinghai led in 2022 (1.31 mg/ md).
Beijing (65.08%) and Hebei (59.57%) showed the most notable improvements. In contrast,
O3 concentrations rose by 10.18% overall, with a trend of initial increase (116.09 pg/m?3
in 2015 to 133.56 pg/m? in 2019) followed by a slight decrease to 127.91 pg/m? in 2022.
Beijing had the highest concentration in 2015 (147.83 ng/m?), but Guangdong took the
top spot in 2022 (154.50 pg/m3). Only Jilin saw an improvement (16.87%), while Anhui
experienced the largest increase (—48.91%). Distinct regional disparities were observed
across all pollutants: northern provinces generally exhibited higher initial pollutant con-
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centrations yet achieved substantial improvements, whereas southern regions maintained
comparatively lower baseline levels. In contrast to other provinces, Shaanxi implemented
PMj; 5 and SO; emission reduction policies with a later timetable and weaker enforcement
intensity. Moreover, we observed a pronounced upward trend in O3 concentrations across
the province, which directly accounted for the increase in AQI. The contrasting trend of
O3, rising amid other pollutants” decline, highlights emerging challenges in air quality
management, in Figures S1-56 and Supplementary Text S1.

@ 2016 ©

(d) (e) ®
2018 N 2019 N 2020

A A

® 2021 Vo 2022 AQI
A A B 31.1-51.0
B 510710
71.1-91.0
W 9LI-111.0
L Bl 111.1-131.0

Figure 2. Annual AQI change for 31 provinces of China during 2015~2022. (a) 2015, (b) 2016, (c) 2017,
(d) 2018, (e) 2019, (f) 2020, (g) 2021, (h) 2022.

As shown in Figures 57-512, from 2015 to 2022, monthly average concentrations of
PMj; 5, PM1g, SO,, NOy, and CO across Chinese provinces showed a “V” shape, while O3
displayed an inverted “V” pattern. For PMj; 5, Tibet (69.43%) and Beijing (63.30%) achieved
the largest improvements in monthly concentrations, with Shaanxi being the only province
with a decline (—10.05%). PM;g improvements were led by Hunan (69.34%) and Ningxia
(55.27%), though Anhui showed the smallest gain (26.19%). SO, saw the most dramatic
progress, led by Shanxi (83.02%), Hebei (82.92%), and Beijing (79.14%), with over 75%
improvement in nine provinces. NO, improvements were headed by Beijing (54.50%),
Henan (52.46%), and Fujian (52.28%), while Shanxi (—5.03%) regressed. CO improvements
were greatest in Beijing (65.08%), Hebei (59.57%), and Inner Mongolia (58.58%), with
Hainan (20.00%) showing the least progress. In contrast, O3 worsened in most provinces:
only Jilin (16.87%) improved, while Anhui (—48.97%) and Xinjiang (—41.31%) saw the
sharpest increases. These trends highlight regional disparities, with northern provinces
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often showing larger improvements for traditional pollutants, while O3 remains a growing
challenge, as shown in Supplementary Text S1.

The seasonal variations in concentrations of the six primary pollutants across spring,
summer, autumn, and winter are presented in Figures 513-516. The seasonal aver-
age value of PM, 5 in the six major pollutants was 29.02 pg/m3~61.15 pug/m?, the sea-
sonal average value of PMjg was 57.86 ug/m3~94.14 ug/m3, the seasonal average
value of SO, was 9.74 ng/m3~19.14 pg/m?, the seasonal average value of NO, was
29.11 pug/m3~47.10 pg/m?3, the seasonal average value of CO was 0.95 mg/m3~1.76 mg/m?3,
and the seasonal average value of O3 was 78.76 ug/ m3~165.01 ug/ m?. PM, 5, PM;g, SO,
NO;, and CO were characterized by a “high in spring and winter, low in summer and
autumn” trend. However, O3 showed a “high in summer and autumn, low in spring
and winter” trend. Those findings of PM; 5, PMjg, SO;, NO,, and CO in spring, summer,
autumn, and winter should not be generalized to the entire province.

3.2. Spatial Autocorrelation Analysis of Air Quality

Autocorrelation analysis was performed to clarify the spatial correlation and clustering
characteristics of air pollution across regions, with the results presented in Table 2. From
the point of view of years, except for a few years, the p-value of the global Moran’s [ was
basically below 5%, which passed the significance test, and the calculation results have
obvious statistical significance. From the perspective of air quality indicators, except that
the significance test of NO, for Moran’s I had the worst effect between 2015 and 2022, with
a non-significant p-value, the p-values of the remaining indicators were below 5%, and
their results were also statistically significant. At the same time, the global Moran’s I was
greater than 0, which indicates that there was a significant global positive correlation in
the relevant air quality indicators during 2015~2022. Among them, the Moran’s I values of
AQI, PM; 5, SO,, and CO showed undulating changes; that is, they first decreased, then
increased, and then decreased again. The Moran’s I value of Oj first increased and then
decreased, and tended to stabilize, and the correlation first increased and then weakened.
The Moran’s I index for PMjy remained consistently high, exhibiting a stronger positive
spatial correlation and greater stability compared with other indicators. In 2015, the
annual average PM, 5 concentrations in Henan, Hebei, and Shandong provinces were more
than twice the permissible limit of 35 g/m3, while by 2022, only a handful of provinces
exceeded this threshold. Furthermore, a considerable number of provinces surpassed the
8-h O3 standard of 160 pg/m3 in the summer months.

To further investigate the magnitude and significance of spatial disparities across re-
gions, local spatial autocorrelation analysis was conducted for various air quality indicators.
As illustrated in Figure 3, a low-low cluster—representing a cold spot with favorable air
quality—was identified in southern China, primarily concentrated in Yunnan, Guangxi, and
Fujian provinces. Both low-high and high-low outliers exhibited a scattered distribution.
Notably, Inner Mongolia displayed a low-high outlier pattern, which evolved from an
insignificant state to a high-high cluster, and subsequently to a low-high outlier over the
period 2015-2022. “High-low” outliers were mainly distributed in Sichuan and Hunan.
The “high-high” cluster was mainly distributed in the geographically northern region,
presenting as a “hot spot” region with poor air quality, which was a feature of concentrated
distribution of pollution. The relevant provinces had a high AQI and were surrounded
by provinces with high AQI values in the surrounding areas. The agglomeration area
expanded initially and then contracted annually. In 2015, the agglomeration state was
concentrated in Beijing, Tianjin, Henan, Shanxi, Shandong, and Hebei. In 2022, it was
mainly distributed in Gansu, Ningxia, Shaanxi, Shanxi, Henan, and Hubei. From 2019
to 2022, the “high-high” cluster was distributed in North China and successively in East
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China, Central China, and Northwest China, showing a trend of shifting from the east to
the central and western regions.

Table 2. Moran’s I index of air quality for global spatial autocorrelation during 2015~2022.

Index 2015 2016 2017 2018 2019 2020 2021 2022
Moran’s 1 0.4620 0.4957 0.3274 0.2514 0.3725 0.4284 0.3199 0.2554
AQI Z score 4.1029 4.4888 3.0340 2.3488 3.3777 3.8131 3.0401 2.4375
p-value 0.0000 0.0000 0.0024 0.0188 0.0007 0.0001 0.0024 0.0148
Moran’s I 0.4115 04114 0.2557 0.2692 0.3515 0.4063 0.2058 0.1665
PM; 5 Z score 3.6715 3.7250 2.4033 2.4972 3.1935 3.6299 2.0948 1.6756
p-value 0.0002 0.0002 0.0162 0.0125 0.0014 0.0003 0.0362 0.0938
Moran’s 1 0.4763 0.4912 0.4705 0.4993 0.4371 0.4851 0.4309 0.3958
PMip Z score 4.2191 4.3698 4.2505 4.4205 3.9207 4.2793 3.8487 3.5452
p-value 0.0000 0.0000 0.0000 0.0000 0.0001 0.0000 0.0001 0.0004
Moran’s 1 0.3610 0.3001 0.3246 0.3872 0.2544 0.2525 0.1853 0.1208
SO, Z score 3.3320 2.8270 2.9747 3.4837 2.3821 2.3619 1.8135 1.2823
p-value 0.0009 0.0047 0.0029 0.0005 0.0172 0.0182 0.0698 0.1998
Moran’s 1 0.0580 0.1880 0.1601 0.1688 0.1838 0.2057 0.1150 0.1927
NO, Z score 0.7646 1.8428 1.6386 1.7044 1.8268 2.0081 1.2480 1.9004
p-value 0.4445 0.0654 0.1013 0.0883 0.0677 0.0446 0.2120 0.0574
Moran’s 0.6249 0.5508 0.2865 0.0025 0.3703 0.4406 0.2370 0.1437
CO Z score 5.3872 4.8488 2.6440 0.3450 3.3255 3.8948 2.2736 1.4713
p-value 0.0000 0.0000 0.0082 0.7301 0.0009 0.0001 0.0230 0.1412

Moran’s I 0.0344 0.1569 0.4899 0.4412 0.5217 0.3626 0.3481 0.3791

O3 Z score 0.5567 1.5998 4.3449 3.8578 4.5269 3.2452 3.1288 3.3711
p-value 0.5777 0.1097 0.0000 0.0001 0.0000 0.0012 0.0018 0.0007

Figures S17-522 present the local spatial autocorrelation analysis for the six primary
pollutants. For PM; 5, “low-low” clusters, similar to AQI, were concentrated in Yunnan
and Guangxi. “Low-high” outliers appeared in Inner Mongolia (2017, 2021, 2022); “High-
low” outliers were intermittent in Xinjiang and Sichuan; “High-high” clusters shifted
west, from Beijing, Tianjin, Hebei, Shandong, Henan, and Anhui (2015) to Gansu, Shaanxi,
Chonggqing, Hubei, Shanxi, and Henan (2022). PM;y’s “low-low” clusters shrank from
southern provinces (Yunnan, Guizhou, Guangxi, Hunan, Jiangxi, Zhejiang, and Fujian in
2015) to Yunnan, Guizhou, and Guangxi (2022). “Low-high” outliers appeared intermit-
tently in Liaoning (2017), Beijing (2021), and Inner Mongolia (2022). “High-high” clusters,
which were northern-focused, shifted from Inner Mongolia, Beijing, Tianjin, Hebei, Shan-
dong, Shanxi, Shaanxi, and Henan (2015) to Gansu, Shaanxi, Shanxi, Henan, Hebei, and
Shandong (2022). SO,’s “low-low” clusters declined from Yunnan, Hunan, Jiangxi, Zhe-
jilang, and Fujian (2015) to only Jiangxi and Zhejiang (2020-2022). “Low-high” outliers
appeared in Xinjiang (2021-2022); there were no “high-low” outliers. “High-high” clusters
stayed in Inner Mongpolia, Jilin, Hebei, and Henan (2015) and Inner Mongolia, Jilin, and
Henan (2022). NO, differed, with “low-low” clusters in Yunnan and Guangxi. “Low-high”
outliers were scattered in Anhui (2015), Ningxia (2018), and Inner Mongolia (2021). “High-
low” outliers were in Sichuan (2015) and Guangdong (2021-2022). “High-high” clusters
expanded from Henan (2015) to Inner Mongolia, Gansu, Ningxia, Shaanxi, Shanxi, and
Henan (2022). CO’s “low-low” clusters shrank from Yunnan, Guizhou, Guangxi, Hunan,
Jiangxi, Fujian, and Zhejiang (2015) to Yunnan (2022). There were “low-high” outliers in
Inner Mongolia (2017, 2022) and “high-low” outliers only in Guangxi (2022). “High-high”
clusters fluctuated: in Inner Mongolia, Shanxi, Hebei, Beijing, Tianjin, and Henan (2015);
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in Henan (2018); in Hebei and Henan (2022). O3’s “low-low” clusters, initially unclear,
shifted to the southwest, then the northwest, then Heilongjiang and Jilin (2022). “Low-
high” outliers were rare (Anhui 2015; Fujian 2021; none in 2022). “High-low” outliers
stabilized in Sichuan (2019-2022). “High-high” clusters expanded from Henan and Jiangsu
(2015) to Hebei, Shandong, Henan, Anhui, Jiangsu, Jiangxi, and Fujian (2022), as shown in

Supplementary Text S2.
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Figure 3. Local spatial autocorrelation for AQI of China during 2015~2022. (a) 2015, (b) 2016, (c) 2017,
(d) 2018, (e) 2019, (f) 2020, (g) 2021, (h) 2022.

3.3. Correlation Analysis Between AQI and Pollutant or
Environment-Urban-Economy-Associated Factors

3.3.1. Spearman Correlation Analysis Between AQI and Six Major Pollutants

According to the relevant data of 31 provinces during 2015~2022, the Spearman
correlation coefficient of AQI-pollutant was calculated, as shown in Figure 4. It revealed
the interrelation among pollutants AQI, PM; 5, PM;g, SO;, NO,, CO, and O3 and revealed
the potential common source or similar diffusion characteristics. There was a significant
positive correlation between AQI and PM; 5, PMjg, SO,, NO,, and CO in most provinces
(0.650~1.000) and the sources of pollutants had certain homology, but the correlation
between some indicators in some provinces was weak: the correlations between PM; 5
and NO; and between PM; 5 and CO in Jiangxi was weak, both of which were 0.19; the
correlations between AQI and NO,, PM; 5, and PM;g in Anhui were 0.330, 0.360, and
0.330, respectively. The correlations between AQI and SO,, NO,, and CO in Shaanxi
were 0.380, 0.330, and 0.310, respectively, and the correlations between PM; 5 and SO,
NOy, and CO were 0.310, 0.400, and 0.240, respectively. The increase in O3 concentrations
accompanied by the reduction in NO; is consistent with the well-established VOC-limited
or transition regime that characterizes most urban areas across China. Diminished NO,
levels weaken the nocturnal titration effect on ozone, consequently fostering higher daytime
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O3 accumulation. The negative correlation between AQI and O3 observed in 18 provinces,
including Yunnan and Guizhou, demonstrates that while NO, reductions have enhanced
overall air quality, a severe ozone pollution challenge has concurrently emerged.

Figure 4. Spearman correlation coefficients for AQI and PM; 5, PM;g, SO,, NO,, CO, and O3 in China
during 2015~2022. (a1) Guizhou, (a2) Fujian, (a3) Guangdong, (a4) Hainan, (a5) Sichuan, (a6) Hubei,
(a7) Hunan, (a8) Jiangxi, (a9) Anhui, (al0) Jiangsu, (all) Zhejiang, (a12) Qinghai, (a13) Hebei,
(a14) Henan, (a15) Shaanxi, (a16) Shanxi, (a17) Shandong, (a18) Gansu, (a19) Liaoning, (a20) Jilin,
(a21) Heilongjiang, (a22) Yunnan, (a23) Inner Mongolia, (a24) Guangxi, (a25) Tibet, (a26) Ningxia,
(a27) Xinjiang, (a28) Beijing, (a29) Tianjin, (a30) Shanghai, (a31) Chongging.
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The correlation between AQI and O3 exhibited three distinct patterns: positive correla-
tion, negative correlation, and no correlation. Twelve provinces (38.7%) showed positive
correlation, including Guizhou (0.480), Sichuan (0.500), Jilin (0.950), Tibet (0.950), Beijing
(0.760), and Shanghai (0.690). Eighteen provinces (58.1%) had a negative correlation, such
as Yunnan (—0.760), Guangxi (—0.640), Xinjiang (—0.710), Hebei (—0.380), and Qinghai
(—0.400). Only Anhui (0.024, 3.2%) showed no correlation. PM; 5, PMjg, SOy, NO;, and
CO exhibited significantly strong positive correlations in most provinces. For example,
Guizhou had high coefficients: PM; 5 with PM;, (0.980), SO, (0.880), NO; (0.950), and CO
(0.880); PM;( with SO, (0.86), NO; (0.98), and CO (0.90), etc. Weak positive correlations
existed in a few provinces, e.g., Jiangxi (PM; 5 with NO, /CO: 0.190) and Anhui (NO, with
PM, 5/PMjg: 0.330/0.360). O3 showed three correlation patterns with the five pollutants.
Positive correlations were seen in Guizhou (O3 with NO,: 0.520), Jilin (O3 with PMy5:
0.980), Beijing (O3 with all: —0.760), and Shanghai (O3 with NO;: 0.760). Negative cor-
relations occurred in Qinghai (O3 with PM;5: —0.640), Yunnan (O3 with PM;g: —0.760),
and Xinjiang (O3 with CO: —0.860). Anhui had no correlation (O3 with PM; 5/PMjg:
0.000/0.024). In summary, AQI-O3 correlations are dominated by negative relationships,
while traditional pollutants show strong positive links, and Oj3’s correlations with them
vary across regions, as shown in Supplementary Text S3.

3.3.2. Spearman Correlation Analysis Between AQI and
Environment-Urban-Economy-Associated Factors

As shown in Figure S23, the environmental pollution emission factors of the 31 cities
all showed a downward trend. From 2015 to 2022, China’s industrial nitrogen oxide, sulfur
dioxide, wastewater, and powder dust emissions dropped significantly by 76%, 86%, 35%,
and 80%, respectively, as shown in Supplementary Text S4. Figure 5 shows the correla-
tion coefficient between AQI and environmental pollutant emission factors. Spearman
correlation analysis indicates that AQI was positively correlated with industrial emissions
of nitrogen oxides, sulfur dioxide, wastewater, and smoke dust in most regions. Only a
small number of provinces exhibited a negative correlation between AQI and industrial
wastewater discharge: In Guizhou, AQI was negatively correlated with industrial wastew-
ater (correlation coefficient —0.640) and positively correlated with other pollutants, with
the correlation degree: industrial nitrogen oxide (0.880) > industrial sulfur dioxide (0.760)
> industrial powder (smoke) dust (0.660). In Fujian, AQI was negatively correlated with
industrial wastewater (—0.680) and positively correlated with others, with the correlation
degree: industrial sulfur dioxide (0.810) > industrial dust (0.570) > industrial nitrogen oxide
(0.180). In Sichuan, AQI was negatively correlated with industrial wastewater (—0.230) and
positively correlated with others, with the correlation degree: industrial powder (smoke)
dust (0.630) > industrial sulfur dioxide (0.480) > industrial nitrogen oxide (0.460). In Hunan,
AQI was negatively correlated with industrial wastewater (—0.370) and positively corre-
lated with others, with the correlation degree: industrial nitrogen oxide (0.740) = industrial
sulfur dioxide (0.740) > industrial powder (smoke) dust (0.640). In Anhui, AQI was nega-
tively correlated with industrial wastewater (—0.790) and positively correlated with others,
with the correlation degree: industrial sulfur dioxide (0.880) > industrial nitrogen oxide
(0.810) > industrial powder (smoke) dust (0.520). In Heilongjiang, AQI was negatively
correlated with industrial wastewater (—0.170) and positively correlated with others, with
the correlation degree: industrial sulfur dioxide (0.860) > industrial dust (0.620) > industrial
nitrogen oxide (0.550). In Ningxia, AQI was negatively correlated with industrial wastewa-
ter (—0.570) and positively correlated with others, with the correlation degree: industrial
sulfur dioxide (0.550) > industrial dust (0.510) > industrial nitrogen oxide (0.380). In other
provinces, AQI was negatively correlated with environmental pollutant emission factors,
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with most correlation coefficients falling within the range of —0.700 to —1.000, as shown in
Supplementary Text S5.
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Figure 5. Spearman correlation analysis between AQI and environmental pollution emission
factors. (b1l) Guizhou, (b2) Fujian, (b3) Guangdong, (b4) Hainan, (b5) Sichuan, (b6) Hubei,
(b7) Hunan, (b8) Jiangxi, (b9) Anhui, (b10) Jiangsu, (b11) Zhejiang, (b12) Qinghai, (b13) Hebei,
(b14) Henan, (b15) Shaanxi, (b16) Shanxi, (b17) Shandong, (b18) Gansu, (b19) Liaoning, (b20) Jilin,
(b21) Heilongjiang, (b22) Yunnan, (b23) Inner Mongolia, (b24) Guangxi, (b25) Tibet, (b26) Ningxia,
(b27) Xinjiang, (b28) Beijing, (b29) Tianjin, (b30) Shanghai, (b31) Chongqing.
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As shown in Figure 524, the urban indicators grew slightly overall: permanent pop-
ulation up 8.4%, with rises in green space and density. Regional gaps stood out—]Jilin’s
population surged, Tibet’s green space expanded 6.9-fold, and Ningxia’s density tripled,
while Tianjin’s population and Guangxi’s green coverage fell, as shown in Supplementary
Text S4. Figure 6 shows the correlation coefficient between AQI and urban development
index factors. Spearman correlation analysis indicates that indicators of urban development
were predominantly negatively correlated with AQI. Only in several provinces did AQI
exhibit a positive correlation with per capita urban green space or urban population density:
In Sichuan, AQI is positively correlated with urban park per capita green area (correlation
coefficient 0.430) and negatively correlated with other factors, with the correlation degree:
urban population density (—0.450) > permanent population (—0.620) = urban green cover-
age area (—0.620). In Jiangxi, AQI is positively correlated with urban population density
(0.860) and negatively correlated with other factors, with the correlation degree: urban per
capita green park area (—0.330) > urban green coverage area (—0.670) > resident population
(—0.760). In Anhui, AQI is positively correlated with urban park per capita green area
(0.550) and negatively correlated with other factors, with the correlation degree: urban
population density (—0.880) > permanent population (—0.900) = urban green coverage area
(—0.900). In Zhejiang, AQI is positively correlated with urban park per capita green area
(0.900) and negatively correlated with other factors, with the correlation degree: urban
population density (—0.910) > permanent population (—0.990) = urban green coverage
area (—0.990). In Hebei, AQI is positively correlated with urban park per capita green area
(0.900) and negatively correlated with other factors, with the correlation degree: urban
population density (—0.880) > permanent population (—0.950) = urban green coverage area
(—0.950). In Henan, AQI is positively correlated with urban population density (0.690) and
negatively correlated with other factors, with the correlation degree: permanent resident
population (—0.860) = urban green coverage area (—0.860) > urban per capita green park
area (—0.930). AQl is positively correlated with urban per capita green space (0.590) and
negatively with other urban development index factors in one case. In Jilin, AQI is posi-
tively correlated with urban population density (0.450) and negatively with other factors.
In Heilongjiang, AQI is positively correlated with permanent population (0.690) and urban
population density (0.710) and negatively correlated with other factors. In Inner Mongolia,
AQI is positively correlated with urban per capita green park area (0.170) and negatively
with other factors. In Beijing, AQI is positively correlated with permanent population
(0.490) and urban population density (0.980) and negatively with other factors. In Tianjin,
AQI is positively correlated with resident population (0.880) and urban per capita green
park area (0.830) and negatively with other factors. In Chongging, AQI was positively
correlated with per capita urban park green area (r = 0.380), while exhibiting negative cor-
relations with all other examined factors. In other provinces, AQI is negatively correlated
with urban development index factors, with most correlation coefficients ranging from
—1.000 to —0.620, as shown in Supplementary Text S5.
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Figure 6. Spearman correlation analysis between AQI and urban development index factors. Guizhou.
(c1) Guizhou, (c2) Fujian, (c¢3) Guangdong, (c4) Hainan, (c5) Sichuan, (¢6) Hubei, (c¢7) Hunan,
(c8) Jiangxi, (¢9) Anhui, (c10) Jiangsu, (c11) Zhejiang, (c12) Qinghai, (c13) Hebei, (c14) Henan,
(c15) Shaanxi, (¢16) Shanxi, (c17) Shandong, (c18) Gansu, (¢19) Liaoning, (c20) Jilin, (c21) Hei-
longjiang, (¢22) Yunnan, (c23) Inner Mongolia, (c24) Guangxi, (¢25) Tibet, (¢26) Ningxia, (¢27) Xinjiang,
(c28) Beijing, (c29) Tianjin, (c30) Shanghai, (¢31) Chongqing.

As shown in Figure 525, the economic metrics rose generally: primary, secondary, and
tertiary industry added values hit 141.5%, 139.8%, and 186.7% of 2015 levels. GDP and
per capita GDP grew over 60%, driven by Tibet and Anhui, with only Heilongjiang and
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a few others seeing minor declines, as shown in Supplementary Text S4. The correlation
coefficient between AQI and economic growth index factors is shown in Figure 7. Spearman
correlation analysis revealed that economic growth indicators were negatively correlated
with AQI, with only a few provinces exhibiting positive correlations between the added
value of primary/secondary industries and AQI: In Hebei, AQI was positively correlated
with secondary industry added value (0.670) and negatively with other economic growth
factors, with the correlation degree: per capita GDP (—0.430) > primary industry added
value (—0.550) > GDP (—0.640) > tertiary industry added value (—0.950). In Shaanxi,
AQI had low negative correlations with all economic growth factors: primary industry
added value (—0.050) > secondary industry added value (—0.210) = tertiary industry added
value (—0.210) = GDP (—0.210) = per capita GDP (—0.210). In Jilin, AQI was positively
correlated with secondary industry added value (0.140) and negatively with others, with
the correlation degree: primary industry added value (—0.480) > GDP (—0.740) > per
capita GDP (—0.860) > tertiary industry added value (—0.930). In Heilongjiang, AQI was
positively correlated with primary industry added value (0.710), secondary industry added
value (0.620), and GDP (0.330), and was negatively correlated with others, including tertiary
industry added value (—0.330) < per capita GDP (—0.690). In Inner Mongolia, AQI was
positively correlated with tertiary industry added value (0.310) and negatively with others,
with the correlation degree: GDP (—0.360) > secondary industry added value (—0.550)
> primary industry added value (—0.690) > per capita GDP (—0.980). In Guangxi, AQI
was positively correlated with secondary industry added value (0.670) and negatively
with others, with the correlation degree: primary industry added value (—0.900) > tertiary
industry added value (—0.950) = per capita GDP (—0.950) > GDP (—0.980). In Beijing, AQI
was positively correlated with primary industry added value (0.900) and negatively with
others, with the correlation degree: secondary industry added value (—0.980) > tertiary
industry added value (—0.100) = per capita GDP (—0.100) = GDP (—0.100). In Xinjiang, AQI
was positively correlated with primary industry added value (0.170) and negatively with
others, with the correlation degree: per capita GDP (—0.690) > secondary industry added
value (—0.810) > tertiary industry added value (—0.860) = GDP (—0.860). In Shanghai, AQI
was positively correlated with primary industry added value (0.88) and negatively with
others, with the correlation degree: secondary industry added value (—0.930) > tertiary
industry added value (—0.100) = per capita GDP (—0.100) = GDP (—0.100), as shown in
Supplementary Text S5. In the remaining 22 provinces, AQI exhibited a negative correlation
with indicators of economic growth, with the majority of correlation coefficients ranging
from —1.000 to —0.600. At the macro level, per capita GDP and industrial structure
(specifically the share of secondary industry) demonstrated the strongest correlation with
the Air Quality Index (AQI) in most provinces. Conversely, microscale factors such as
enterprise energy consumption, the application of pollution control technologies, and
local governmental regulatory enforcement are not considered in this research. Future
investigations could employ firm-level datasets to verify this conclusion. Furthermore, a
negative correlation exists between the proportion of the tertiary industry and AQI, which
highlights the beneficial effects of industrial structural transformation.
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Figure 7. Spearman correlation analysis between AQI and economic growth index factors.
(d1) Guizhou, (d2) Fujian, (d3) Guangdong, (d4) Hainan, (d5) Sichuan, (d6) Hubei, (d7) Hu-
nan, (d8) Jiangxi, (d9) Anhui, (d10) Jiangsu, (d11) Zhejiang, (d12) Qinghai, (d13) Hebei,
(d14) Henan, (d15) Shaanxi, (d16) Shanxi, (d17) Shandong, (d18) Gansu, (d19) Liaoning, (d20) Jilin,
(d21) Heilongjiang, (d22) Yunnan, (d23) Inner Mongolia, (d24) Guangxi, (d25) Tibet, (d26) Ningxia,
(d27) Xinjiang, (d28) Beijing, (d29) Tianjin, (d30) Shanghai, (d31) Chongqing.

3.3.3. Grey Correlation Analysis Between AQI and
Environment-Urban-Economy-Associated Factors

Figure 8a shows the grey correlation between AQI and six major pollutants. For PMj; 5,
Hunan had the highest correlation (r = 0.953) and Tibet the lowest (r = 0.547). For PMj,
Anhui ranked first (r = 0.939) and Tibet last (r = 0.675). Tianjin had the highest correlation
with SO, (r = 0.813), while Inner Mongolia had the lowest (r = 0.472). Guangdong led in
NO; correlation (r = 0.891), with Anhui at the bottom (r = 0.533). Anhui topped the CO
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correlation (r = 0.943), and Tianjin had the lowest (r = 0.527). Jiangxi had the highest O3
correlation (r = 0.748), while Henan had the lowest (r = 0.449). Figure 8b—d presents the
grey correlation between AQI and environment-urban-economy-associated factors.

(a)

(b) Industrial nitrogen oxide emissions
0

PMIO
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Urban population
density

Per capita GDP. Value ad&lcfl of the
secondary industr

¥
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Figure 8. Grey correlation analysis of China during 2015~2022. (a) AQI and six major pollutants.
(b) Environmental pollution emission factors. (¢) Urban development index factors. (d) Economic
growth index factors.

In the environmental pollution emission factors index system:

Industrial nitrogen oxide emissions: Correlation across provinces ranged from
0.455-0.922, with Yunnan being the highest (r = 0.922) and Shaanxi the lowest (r = 0.455).

Industrial sulfur dioxide emissions: Correlation was 0.434-1.000, with Sichuan being
the highest at 1.000 and Henan the lowest (r = 0.434).

Industrial wastewater discharge: Correlation spanned 0.505-1.000, with Sichuan being
the highest at 1.000 and Guizhou the lowest (r = 0.505).

Industrial smoke (dust) emissions: Correlation ranged 0.438-1.000, with Sichuan being
the highest at 1.000 and Jilin the lowest (r = 0.438).

In the urban development index factors system:

Resident population: Correlation across provinces was 0.527-0.899, with Tibet being
the highest (r = 0.899) and Jiangsu the lowest (r = 0.527).

Urban per capita park green area: Correlation spanned 0.484-0.911, with Guizhou
being the highest (r = 0.911) and Henan the lowest (r = 0.484).

Urban green coverage area: Correlation ranged 0.486-0.913, with Tibet being the
highest (r = 0.913) and Sichuan the lowest (r = 0.486).

Urban population density: Correlation across 31 provinces was 0.502-0.937, with Tibet
being the highest (r = 0.937) and Liaoning the lowest (r = 0.502).

In the economic growth index factors system:

Primary industry added value: Correlation across provinces was 0.565-0.863, with
Shanxi being the highest (r = 0.863) and Chongging the lowest (r = 0.565).
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Secondary industry added value: Correlation spanned 0.568-0.866, with Guangxi
being the highest (r = 0.866) and Beijing the lowest (r = 0.568).

Tertiary industry added value: Correlation ranged 0.511-0.808, with Inner Mongolia
being the highest (r = 0.808) and Henan the lowest (r = 0.511).

GDP: Correlation across 31 provinces was 0.539-0.781, with Inner Mongolia being the
highest (r = 0.781) and Beijing the lowest (r = 0.539).

Per capita GDP: Correlation across provinces ranged 0.517-0.728, with Hunan being
the highest (r = 0.728) and Liaoning the lowest (r = 0.517), as shown in Supplementary Text S6.

On the whole, the degree of grey correlation between AQI and six pollutants, namely
PM, 5, PMy, SO,, NO,, CO, and O3, was in the order of PM; 5 (0.832) > PM;( (0.827) > CO
(0.757) > NO, (0.736) > SO, (0.621) > O3 (0.537). The degree of grey correlation between AQI
and environmental pollution emission factors was industrial wastewater discharge (0.747)
> industrial nitrogen oxide discharge (0.642) > industrial powder (smoke) dust emissions
(0.638) > industrial sulfur dioxide emissions (0.572). The grey correlation degree between
AQI and urban development index factors is in the order of urban per capita park green
area (0.691) > permanent population (0.665) = urban population density (0.672) > urban
green coverage area (0.619). The order of grey correlation between AQI and economic
growth index factors was the added value of the primary industry (0.695) > the added
value of the secondary industry (0.685) > per capita GDP (0.634) > GDP (0.614) > the added
value of the tertiary industry (0.572). Therefore, environmental pollution emission factors
and urban development indicators exhibit strong correlations with air quality. Industry,
particularly heavy industry, emits substantial air pollutants through its energy consumption.
A continuous growth in urban population imposes greater environmental pressure and
results in elevated atmospheric pollution levels, whereas urban greening serves to improve
air quality. The interplay between industrialization and urbanization constitutes a key
factor governing variations in air quality [29,51].

3.3.4. Entropy Weight Analysis Between AQI and
Environment-Urban-Economy-Associated Factors

The entropy weight method results are shown in Figure 9a. For AQI factor weights:
Only Yunnan exceeds 0.100 (0.125); most provinces range 0.050-0.100; a few are below 0.050,
including Anhui (0.039), Henan (0.049), Liaoning (0.038), Jilin (0.036), and Heilongjiang
(0.039). For industrial nitrogen oxide emission weights: Tibet alone exceeds 0.100 (0.164);
most range 0.040-0.080; a few are below 0.040, such as Fujian (0.033), Guangdong (0.036),
Anhui (0.037), Qinghai (0.035), Shaanxi (0.039), Jilin (0.033), Inner Mongolia (0.035), Ningxia
(0.033), and Tianjin (0.033). For industrial sulfur dioxide emission weights: Most range
0.030-0.080; Zhejiang is the highest (0.072), followed by Yunnan (0.052); Jilin is the lowest
(0.032), then Tianjin (0.033). For industrial wastewater discharge weights: Guizhou (0.175)
and Yunnan (0.210) exceed 0.100; most range 0.040-0.090; a few are below 0.040, including
Hebei (0.037), Liaoning (0.038), Jilin (0.033), and Tibet (0.030). For industrial powder
(smoke) dust emission weights: Most range 0.040-0.090; a few are below 0.040, such as
Hainan (0.036), Hebei (0.037), Liaoning (0.038), Jilin (0.033), Heilongjiang (0.036), Tibet
(0.039), Ningxia (0.037), and Xinjiang (0.035). For resident population weights: Hubei
(0.150), Jiangsu (0.142), Gansu (0.181), Xinjiang (0.171) exceed 0.100; most range 0.040-0.090;
only Guizhou is below 0.040 (0.035). For urban per capita green park area weights: Some
exceed 0.100, including Jiangxi (0.110), Hebei (0.117), Guangxi (0.100), Tibet (0.128), Ningxia
(0.138), Xinjiang (0.111), and Tianjin (0.126); most range 0.050-0.100; a few are below
0.050, such as Fujian (0.043), Hunan (0.044), and Anhui (0.039). For urban green coverage
area weights: Qinghai (0.107), Jilin (0.125), and Beijing (0.103) exceed 0.100; most range
0.050-0.100; Liaoning (0.036) and Tianjin (0.045) are below 0.050. For urban population
density weights: Some exceed 0.100, including Fujian (0.130), Hainan (0.100), Hunan
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(0.119), Anhui (0.108), Zhejiang (0.108), Hebei (0.151), Henan (0.133), Jilin (0.218), and
Shanghai (0.180); most range 0.050-0.100; a few are below 0.050, such as Guizhou (0.035),
Shanxi (0.043), Shandong (0.046), Gansu (0.046), and Tibet (0.046). For primary industry
added value weights: Some exceed 0.100, including Guangdong (0.125), Hubei (0.119),
Anhui (0.130), Henan (0.102), Liaoning (0.105), Jilin (0.127), Yunnan (0.101), Inner Mongolia
(0.115), Guangxi (0.106), Ningxia (0.128), Beijing (0.112), and Tianjin (0.138); others range
0.040-0.100. For secondary industry added value weights: Some exceed 0.100, including
Guangdong (0.123), Hainan (0.113), Hunan (0.107), Shanxi (0.129), Shandong (0.113), Gansu
(0.100), Liaoning (0.187), Heilongjiang (0.101), and Ningxia (0.123); others range 0.050-0.100.
For tertiary industry added value weights: Sichuan (0.108) and Inner Mongolia (0.105)
exceed 0.100; most range 0.060-0.090; a few are below 0.060, including Hebei (0.058), Jilin
(0.049), and Tianjin (0.055). For GDP weights: Only Shanxi exceeds 0.100 (0.101); others
range 0.060-0.100, e.g., Guizhou (0.063), Fujian (0.079), and Guangdong (0.070). For per
capita GDP weights: Guangzhou (0.111) and Liaoning (0.114) exceed 0.100; most range
0.060-0.090; a few are below 0.060, including Jilin (0.055), Tibet (0.051), and Xinjiang (0.055),
as shown in Supplementary Text S7.

Overall, the provinces were divided into three echelons: the first echelon (0.000~0.100),
the second echelon (0.100~0.200), and the third echelon (>0.200). Among these, 381 (87.79%)
belong to the first tier, 51 (11.75%) belong to the second tier, and only two (0.46%) belong to
the third tier. The cases in the third echelon are: Jilin: urban population density (0.218) and
Heilongjiang: industrial wastewater discharge (0.210). According to the entropy weight
from large to small, the top 16 were: Jilin: urban population density (0.218), Heilongjiang:
industrial wastewater discharge (0.210), Liaoning: added value of secondary industry
(0.187), Gansu: permanent population (0.181), Shanghai: urban population density (0.180),
Guizhou: industrial wastewater discharge (0.175), Xinjiang: permanent population (0.171),
Tibet: industrial nitrogen oxide emissions (0.164), Hebei: urban population density (0.151),
Hubei: permanent population (0.150), Jiangsu: permanent population (0.142), Tianjin:
added value of primary industry (0.138), Ningxia: urban per capita park green area (0.138),
Henan: urban population density (0.133), Anhui: added value of primary industry (0.130),
and Fujian: urban population density (0.130). This indicator is not calculated using the
entropy weights obtained from the individual influencing factors (X1-X13). Rather, it
constitutes a composite score that depicts the overall AQI conditions throughout the
research period. We derived this score by employing the entropy weight method to analyze
the annual observed AQI values across all Chinese provinces from 2015 to 2022. This score
quantifies the relative severity of air pollution, underscoring the poorer air quality of a
specific province relative to other regions. Likewise, the Comprehensive AQI Improvement
Rate is an entropy-weighted index that evaluates the relative magnitude of air quality
improvement among different regions.

As illustrated in Figure 9b, according to the average scores calculated via the entropy
weight method for 31 provincial-level regions from 2015 to 2022, the provinces can be
classified into four echelons in descending order of their scores. Among these, Sichuan
(0.587) and Henan (0.576) belong to the first echelon, including the southwest and central
China regions. Jiangsu (0.563), Zhejiang (0.558), Shaanxi (0.555), Shanxi (0.548), Jiangxi
(0.544), Shandong (0.543), Chonggqing (0.539), and Gansu (0.537) belong to the second tier,
including the northwest, east, and south China regions. Qinghai (0.533), Guangxi (0.533),
Shanghai (0.526), Hubei (0.521), Beijing (0.520), Hunan (0.513), Hainan (0.513), Yunnan
(0.512), Liaoning (0.511), Guangdong (0.509), Xinjiang (0.508), and Anhui (0.502) belong to
the third tier, with all seven districts involved. Fujian (0.492), Jilin (0.489), Tianjin (0.482),
Guizhou (0.471), Hebei (0.468), Tibet (0.467), Heilongjiang (0.466), Inner Mongolia (0.464),
and Ningxia (0.460) belong to the fourth echelon, which covers the southwest, northeast,
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and north China regions. As depicted in Figure 9¢, the score improvements of 31 provinces
can be divided into four tiers from large to small, among which Jiangsu (60.9%) belongs
to the first tier and is located in East China. Chongging (47.9%), Qinghai (46.2%), Ningxia
(44.4%), Shandong (43.2%), Gansu (42.4%), Hunan (39.5%), Fujian (38.1%), Hubei (35.5%),
Shanghai (35.4%), Tibet (34.7%), and Yunnan (34.5%) belong to the second tier, covering
northwest, southwest, Central and East China; Zhejiang (31.0%), Jiangxi (30.8%), Anhui
(30.6%), Shanxi (30.2%), Guangdong (30.2%), Guangxi (29.5%), Hainan (29.2%), Xinjiang
(26.1%), Henan (24.1%), Shaanxi (23.7%), Guizhou (19.2%), Sichuan (18.6%), Hebei (18.2%),
Inner Mongolia (17.0%), Tianjin (16.6%), and Beijing (16.4%) belong to the third echelon,
with all regions involved except the Northeast China region. Jilin (13.5%), Liaoning (10.4%),
and Heilongjiang (2.9%) belong to the fourth echelon, and only the northeast region had a
slow improvement in air quality. In conclusion, regarding air quality, a dual-core pattern
was observed in Southwest and Central China, with Sichuan and Henan serving as the
primary pollution cores. By contrast, in terms of air quality improvement, East China
exhibited a single-core structure centered on Jiangsu.
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Figure 9. The weight for 31 provinces of China during 2015~2022. (a) AQI and environment-
urban-economy associated factors. (b) Comprehensive AQI quality. (c) Comprehensive AQI quality
improvement rate.
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3.4. Inter-Regional Interaction Analysis of AQI and GDP

As a core tool for investigating spatial interactions in new economic geography, the
gravity model can effectively characterize the attenuation pattern of a given attribute with
increasing geographic distance. Taking into account the spatial function and spatial flow of
the factors, the application of the gravity model can better reveal the correlation character-
istics of urban space. The gravitational strength of a city reflects the quantity of its external
connections and the extent of its spatial interaction. Higher gravitational strength between
cities corresponds to more extensive spatial interaction and tighter interconnection. This
paper constructs dynamic and static gravity models for both AQI and GDP to investigate
the intensity of environmental pollution, economic development, and their internal in-
teractions across 31 Chinese provinces from 2015 to 2022, thereby providing a theoretical
foundation for formulating more targeted environmental governance strategies. Rapid
industrialization-driven anthropogenic emissions have caused environmental pollution,
endangering ecosystem health. Over 130 topsoil samples from residential, industrial, and
agricultural zones were analyzed via ICP-OES to detect trace metals. ANN and SVR models
were constructed to predict Zn, Cu, Cr, and Pb. Results showed specific heavy metal concen-
trations, with agricultural and industrial sites yielding high prediction accuracy, proving
Al models efficient for rapid soil heavy metal assessment and decision-making [52,53].

3.4.1. Static Gravity Model of AQI and GDP

The static matrix of urban spatial correlation strength was computed using the gravity
model. For the static gravity model covering 31 provincial-level regions in China from
2015 to 2022, calculations were performed based on the average AQI values across these
provinces over the study period. As shown in Figure 10a, the AQI gravity data of all
regions and provinces were generally small, and the degree of correlation was the highest
in North China, followed by East China and Northwest China. The AQI-based model
reflects the strength of spatial correlations, which may arise from common emission sources,
regional meteorological conditions, and cross-regional pollutant transport processes. In the
first echelon, the gravitational force between Beijing and Tianjin was the largest, reaching
0.319410. The second echelon included Hebei and Shanxi, with a gravity of 0.155210,
and Jiangsu and Anhui, with a gravity of 0.150380. In the third echelon, the gravity
between Hebei and Tianjin was 0.064460, and the gravity between Hebei and Shandong
was 0.069330. The gravity between Qinghai and Gansu was 0.078020, and the gravity
between Zhejiang and Shanghai was 0.086100. The rest are between 0.000140 and 0.053360
in the fourth echelon.

Similarly, based on the static gravity model, the average GDP of 31 provinces during
2015~2022 was calculated. As shown in Figure 10b, the inter-provincial GDP gravity can
be divided into four groups. The first group consists of Beijing and Tianjin, and it has
a maximum gravity of 26,998.031600. The gravitational attraction between the second
echelon, Shanghai and Zhejiang, was 14,163.446690. In 2020, the gravitational attraction
between Shanghai and Jiangsu was 4726.322020, belonging to the third echelon. All other
pairwise values fell into the fourth echelon, ranging from 0.150000 to 4499.800000.

From the perspective of the gravity relationship pattern, there is a certain correlation
between the level of economic gravity and the level of environmental pollution among
provinces, which is a general feature of high spatial gravity value in city groups with high
economic levels and high environmental pollution. Among these pairs, the AQI gravity
values and GDP gravity values between Beijing and Tianjin, as well as between Shanghai
and Zhejiang, exhibit a strong correlation, owing to the short spatial distance separating
these two provincial pairs. The data showed that the environmental pollution correla-
tion between provinces with close spatial distance and strong economic correlation was
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correspondingly greater. By integrating the two static gravity models, the Beijing-Tianjin
region is shown to play a prominent role in both economic development and environmental
pollution. From the perspective of location, the contradiction between pollution control and
economic growth in urban agglomerations is further emphasized. The Beijing-Tianjin-Hebei
(BTH) and Yangtze River Delta (YRD) regions account for 30.0% of China’s economy and
about 19.0% of the total population, making them the two most developed and populous
regions in China. Simultaneously, they represent the two most critical entities in the nexus
between urban agglomeration economy and environmental pollution.

(@) AQI (b) GDP
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Figure 10. Static gravity model for 31 provinces of China during 2015~2022. (a) AQI, (b) GDP. Level
I: 0~0.001; Level VI: >0.1 for AQI gravity. These classification levels are generated via the natural
breaks (Jenks) method applied to the gravity values.

3.4.2. Dynamic Gravity Model of AQI

Based on the dynamic gravity model, the AQI values of 31 cities during 2015~2022
were calculated, and the intensity was divided into 6 levels, as shown in Figure 11. During
2015~2022, the average gravity values of 31 provinces were 0.010401, 0.008920, 0.007513,
0.007011, 0.005519, 0.004682, 0.004423, and 0.004415, showing a gradual decrease. The
AQI values of all cities decreased to varying degrees, and the inter-regional environmental
pollution situation was continuously improved, indicating a more significant integration
effect in environmental governance. In 2015, the strongest level of urban connection was
level VI, which existed between Beijing and Tianjin. There were level III and level II
intensity levels between Hebei and Shaanxi, and between Hebei and Shandong, respec-
tively. Additionally, there were level III intensity levels between Jiangsu and Anhui, and
level II intensity levels between Qinghai and Gansu, as well as between Shanghai and
Zhejiang. During this period, intercity connections were primarily concentrated in North
China and East China, accompanied by strong interprovincial environmental pollution
impacts. In 2016, environmental pollution linkages among cities in North China were
further strengthened, forming a joint pollution zone encompassing Beijing, Tianjin, Hebei,
Shanxi, and Shandong. Meanwhile, the pollution connections between Jiangsu and Anhui,
Qinghai and Gansu, as well as Shanghai and Zhejiang, were weakened. From 2017 to
2020, the environmental pollution correlation intensity in North China and East China
showed a significant downward trend. By 2020, only the Beijing-Tianjin level III intensity
level, the Hebei-Shanxi level I intensity level, and the Jiangsu-Anhui level II intensity level
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remained. In 2022, the urban environmental pollution situation was further optimized,
and the strongest level of connection was level II, which only existed between Beijing and
Tianjin, and between Jiangsu and Anhui. Overall, AQI values exhibited a gradual annual
decline, and the spatial pattern of environmental pollution evolved from a multi-core
structure to a non-core pattern between 2015 and 2022.

(a) 2015 (b) 2016 (©) 2017
A A
(d) 2018 (e) ® 2020
A A A
> Fﬁ
o 215 0 / 2 o 215 ss0 o 215 550
(8 (h) 2022
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0 275 550 / 3 0 275 550 v' i
AQI F
32.58-48.92 @ 81.63-97.97 —0.00008-0.10025 === 0.30062-0.40079

48.93-65.27 @ 97.98-11432  ——0.10026-0.20043 e 0.40080—0.50097
® 65.28-81.62 @ 114.33-130.67

0.20044-0.3006] s (.50098-0.60115

Figure 11. Dynamic gravity model of AQI for 31 provinces during 2015~2022. (a) 2015, (b) 2016,
(c) 2017, (d) 2018, (e) 2019, (f) 2020, (g) 2021, (h) 2022. Level I: 0~0.001; Level VI: >0.1 for AQI
gravity. These classification levels are generated via the natural breaks (Jenks) method applied to the
gravity values.

3.4.3. Dynamic Gravity Model of GDP

Based on the dynamic gravity model, the GDP values of 31 provinces during 2015~2022
were calculated, and the intensity was divided into six levels, as shown in Figure 12. Dur-
ing 2015~2022, the average gravity values of 31 provinces were 121.880400, 144.441400,
177.389010, 208.179730, 243.928700, 258.816000, 325.771700, and 348.986200, and the in-
tensity gradually increased. Interprovincial economic linkages have grown increasingly
close, regional integration has continued to advance, and interregional interactions have
become more pronounced. In 2015, the strongest level of provincial connection was level
III, which existed between Beijing and Tianjin, while the connection intensity between
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Shanghai and Zhejiang also reached level II. At this time, the inter-regional connection was
weak, and the connection intensity of other provinces ranged from 0.070000 to 6645.110000.
Only Beijing-Tianjin and Shanghai-Zhejiang were the two linkage cores. The overall spatial
pattern remained unchanged from 2016 to 2020, with the connection intensity between
Beijing and Tianjin increasing from level III to level V, and the connection intensity between
Shanghai and Zhejiang increasing from level II to level III. In 2021, the connection strength
between Beijing and Tianjin was further enhanced, rising to Level VI, while that between
Shanghai and Zhejiang increased from Level III to Level IV. At the same time, the connec-
tions between Shanghai and Zhejiang and more neighboring provinces were strengthened,
forming a dual-core spatial pattern of “one big and one small” between Beijing-Tianjin
and Shanghai-Zhejiang-Jiangsu-Anhui. This pattern was further strengthened by 2022.
Overall, GDP exhibited a continuous annual increase, and the spatial pattern of economic
development evolved from a non-core structure to a dual-core pattern from 2015 to 2022,
with the Beijing-Tianjin-Hebei region as the primary core and the Yangtze River Delta as
the secondary core.

(a) 2015 (b) 2016 (c) 2017
A A
(d) 2018 (e) 2019 () 2020
A A A
gz
(2) (h) 2022
GDP F
376.72-7782.12 ® 2,2592.95-2,9998.35 0.07-6645.11 1,9935.22-2,6580.26
© 7782.13-1,5187.53 ® 2,9998.36-3,7403.76 ———6645.12-1,3290.16 e 2,6580.27-3,3225.31
® [,5187.54-2,2592.94 o 3,7403.77-4,4809.17 1,3290.17—-1,9935.2 | emmm3,3225.32-3,9870.36

Figure 12. Dynamic gravity model of GDP for 31 provinces during 2015~2022. (a) 2015, (b) 2016,
(c) 2017, (d) 2018, (e) 2019, (f) 2020, (g) 2021, (h) 2022. Level I: 0~0.001; Level VI: >0.1 for AQI
gravity. These classification levels are generated via the natural breaks (Jenks) method applied to the
gravity values.

The study examined the spatiotemporal distribution of air quality and the economy
in 31 Chinese provinces during 2015~2022. By combining the static AQI gravity model,
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static GDP gravity model, dynamic AQI gravity model, and dynamic GDP gravity model,
the results indicated that in terms of environmental pollution, the AQI value decreased
year by year, the environment continued to improve, and the spatial pollution pattern
changed from a multi-core to a non-core one. The key urban agglomerations are the Beijing-
Tianjin-Hebei region and the Yangtze River Delta. Amid the steady annual growth of
GDP and sustained advancement of economic development, the spatial economic pattern
evolved from a non-core structure to a dual-core framework, with the aforementioned
two urban agglomerations serving as the core entities. Data analysis indicates that the
Beijing-Tianjin-Hebei region and the Yangtze River Delta are the two key regions requiring
prioritized attention for balancing environmental protection and economic development.
The evolution trend of the AQI was opposite to that of the GDP. Regarding environmental
pollution, the spatial pattern exhibited a gradual weakening trend, whereas the economic
development pattern displayed a tendency of continuous enhancement and expansion. This
reflects the mitigation of environmental pollution and strengthened regional coordination
in environmental governance investment, indicating that China has attained a win-win
scenario between environmental protection and economic development.

4. Conclusions

(1) From 2015 to 2022, the annual average AQI exhibited a downward trend in
30 provinces, except Shaanxi. The annual average concentrations of PM; 5, PMy,
50,, NOy, and CO declined, whereas that of O3 displayed an upward trend. In the
seasonal variation, PMj 5, PMjg, SOz, NO,, and CO were characterized by “high in
spring and winter, low in summer and autumn”. However, O3 showed the character-
istics of “high in summer and autumn, low in spring and winter”.

(2) On the macro level, except that the spatial clustering characteristics of NO, were
not significant, Moran’s I of PMy 5/50,, CO/PMjo/AQ]I, and O3 showed downward,
fluctuating, and upward-downward trends, respectively. In northern China, high-
high clusters and low-high outliers were identified, whereas low-low clusters and
high-low outliers were observed in southern China.

(38) Asignificant positive correlation (0.65~1.00) was shown between AQI and five indexes
(PM3 5, PM1g, SO,, NOy, and CO). The correlation coefficient of most provinces was be-
tween 0.650 and 1.000. Correlation between AQI and Os: 12 provinces (38.7%) showed
positive correlation (0.095~0.95), 18 provinces (58.1%) showed negative correlation
(—0.76~0.095), and only Anhui showed no correlation between AQI and Os.

(4) Order of grey correlation degree between AQI and six indexes was AQI-PM; 5 (0.83)
= AQI-PMjq (0.83) > AQI-CO (0.76) > AQI-NO; (0.74) > AQI-SO; (0.62) > AQI-O3
(0.54). Environmental pollution emission factors and urban development factors are
strongly correlated with air quality.

(5) The comprehensive AQI distribution exhibited a dual-core pattern in Sichuan (south-
western China) and Henan (central China), whereas the comprehensive AQI improve-
ment rate presented a single-core pattern centered in Jiangsu (eastern China).

(6) The AQI gravity model reveals that air quality improved annually, with the spatial
pollution pattern evolving from a multi-core structure to a non-core structure. Con-
versely, the GDP gravity model indicates continual enhancement in economic quality,
as the spatial pattern of economic growth transitioned from a non-core structure to
a dual-core structure. The Beijing-Tianjin-Hebei region and the Yangtze River Delta
represent the most prominent urban agglomerations.
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