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geospatial relationship of ozone 
pollution 
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A B S T R A C T   

Surface ozone pollution, as a pressing environmental concern, has garnered widespread attention across China. 
Due to air mass transport, effective control of ozone pollution is highly dependent on collaborative efforts across 
neighboring regions. However, specific regions with strong internal interactions of ozone pollution are not yet 
well identified. Here, we introduced the Geospatial SHapley Additive exPlanation (GeoSHAP) approach, which 
primarily involves machine learning and geostatistical algorithms. Based on extensive atmospheric environ
mental monitoring data from 2017 to 2021, machine learning models were employed to train and predict ozone 
concentrations at the target location. The R2 values on the test sets of different scale regions all reached 0.98 in 
the overall condition, indicating that the core model has good accuracy and generalization ability. The results 
highlight key regions with high ozone geospatial relationship (OGR) index, predominantly located in the 
Northern District (ND), spanning the Fen-Wei Plain, the Loess Plateau, and the North China Plain, as well as 
within portions of the Yangtze River Delta (YRD) and the Pearl River Delta (PRD). Further investigation indicated 
that high geospatial relationships stem from a synergy between anthropogenic and natural factors, with 
anthropogenic factors serving as a pivotal element. This study revealed key regions with the most urgent need for 
joint control of anthropogenic sources to mitigate ozone pollution.   
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1. Introduction 

Surface ozone, a typical secondary pollutant that poses risks to 
human health and vegetation ecology (Monks et al., 2015; Agathokleous 
et al., 2020; Unger et al., 2020; Feng et al., 2022), forms through 
photochemical reactions of volatile organic compounds (VOCs) and ni
trogen oxides (NOx) (Jacob, 2000). This process involves a complex 
atmospheric formation mechanism influenced by various factors, 
including natural processes and anthropogenic activities (Shindell et al., 
1998; Wang et al., 2017; Li et al., 2019; Lu et al., 2019). Currently, China 
is confronted with substantial challenges regarding surface ozone 
pollution, which frequently extends beyond local boundaries, exhibiting 
distinctive regional and interregional characteristics (Li et al., 2014; Xue 
et al., 2020; Li et al., 2022; Wang et al., 2023c). Previous studies have 
indicated that such regional characteristics of ozone pollution are 
influenced by the proximity of source and receptor regions, East Asian 
monsoon circulations, typhoons, and topography (Shen et al., 2022; 
Wang et al., 2022). Furthermore, atmospheric transport has been found 
to significantly modulate regional interactions of ozone pollution in 
China (Shen et al., 2022). Consequently, effective control of ozone 
pollution heavily depends on collaborative prevention and control 
measures involving multiple areas (Guo et al., 2023; Lyu et al., 2023; 
Yao et al., 2023). A scientific understanding of the geospatial relation
ship of ozone pollution, and an exploration of the primary influencing 
factors, hold paramount significance for the mitigation policy of air 
pollution. 

Currently, chemical transport models (CTMs) based on emission in
ventory data are one of the primary models for exploring regional air 
pollution concerns (Huang et al., 2019; Weng et al., 2023). Nevertheless, 
limitations in the timeliness and uncertainty of emission inventory data 
further constrain the performance of CTMs (Xing et al., 2020; Chen 
et al., 2023; Wu et al., 2023). Such constraints pose challenges in 
accurately simulating atmospheric regional pollution under current 
conditions, particularly for long-term and large-scale. In recent years, 
China's ground-based atmospheric pollution monitoring system has 
witnessed continuous refinement and enhancement. Due to air pollution 
data from ground-based monitoring more directly and accurately rep
resenting regional pollution conditions, an increasing number of re
searchers resort to traditional statistical methods for the analysis and 
exploration of data from ground-based monitoring stations (Lu et al., 
2018; Li et al., 2020; Fan et al., 2021; Wang et al., 2023a). Nevertheless, 
these traditional statistical methods encounter challenges in revealing 
the inherent relationships of atmospheric pollution between regions. 
Given the rapid advancements in computer technology and big data 
capabilities, we contend that artificial intelligence (AI) represents a 
promising avenue to transcend these current limitations (Bi et al., 2023). 
Machine learning (ML) models, as integral components of artificial in
telligence, are exceptionally suited to elucidating intricate, nonlinear 
relationships between different variables (Cheng et al., 2019; Zahrt 
et al., 2019; Shrock et al., 2020; Ogata et al., 2021; Rybarczyk and 
Zalakeviciute, 2021; Zhong et al., 2021; Xu et al., 2023). Moreover, they 
can complement CTMs effectively (Huang et al., 2021a; Chen et al., 
2023; Wang et al., 2023c). However, to the best of our knowledge, it is 
still difficult to define the geospatial relationship of air pollution be
tween areas at the mechanistic level, and there are no studies using ML- 
related methods to systematically explore the geospatial relationship of 
air pollution. 

Here, we introduce the GeoSHAP method for the first time, 
employing the concept of the ozone geospatial relationship (OGR) index 
to quantify the geospatial relationship of ozone pollution. The GeoSHAP 
method comprises a combination of the ensemble tree-based (ETB) 
model, SHAP (Shapley, 1953; Lundberg et al., 2020), and the kriging 
algorithm (Bayraktar and Turalioglu, 2005). Notably, the ETB model, an 
algorithm we previously introduced, primarily relies on tree-based 
benchmark models, specifically including XGBoost, LightGBM, Cat
Boost, and Random forest. In practical tasks, these models can conduct 

optimal model training and prediction based on the characteristics of the 
target data (Cheng et al., 2023). Compared to other ML models, such as 
deep learning models, it maintains a commendable balance between 
predictive performance and interpretability (Cheng et al., 2021; Peng 
et al., 2023). Furthermore, because the GeoSHAP method primarily re
lies on statistical theory and does not involve intricate chemical reaction 
mechanisms, it offers significant advantages over traditional 
mechanism-based models in terms of computational efficiency and 
model generalization. Our investigation also delved into the influence of 
various factors on the geospatial relationship of ozone pollution, leading 
to a fresh understanding of the interplay of ozone pollution among 
different regions. Moreover, based on the OGR index, we revealed the 
key regions with the most urgent need for joint control of anthropogenic 
sources to mitigate ozone pollution in China. 

2. Materials and methods 

2.1. Data source 

We have collected three distinct types of data in China: meteoro
logical reanalysis data, source emission inventory data, and ground 
station monitoring data. In terms of meteorological data, we collected 
surface wind speed, surface temperature, and surface pressure data 
spanning from 2017 to 2021 from the ERA5 reanalysis data (https://cds. 
climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-single-levels? 
tab=form, last access: Aug. 2023). Concerning source inventory data, 
we collected NOx and VOCs emission inventory data for the years 2017 
to 2020 from the MEIC (http://meicmodel.org.cn/?page_id=541&lan 
g=en, last access: Aug. 2023) (Li et al., 2017; Zheng et al., 2018). 
Regarding ground station monitoring data, the concentrations of O3 and 
NO2 used in our study were based on hourly ground-based data, and 
have all been uniformly converted to micrograms per cubic meter under 
reference conditions (298.15 K, 1013.25 hPa). This data was collected 
by the China National Environmental Monitoring Center network from 
1597 monitoring stations across mainland China (the actual number of 
monitoring stations is increasing year by year, and the 1597 stations 
refer to the number of stations involved in our study. For the specific 
distribution of these stations, please refer to Fig. S1). 

It's essential to highlight that ground station data may encounter 
certain challenges, including the presence of invalid values or outliers, 
stemming from instrument calibration or other circumstances. There
fore, we initiated thorough data preprocessing to generate the improved 
version of the fundamental dataset necessary for our research. Further, 
for better analysis, we employed an ordinary kriging algorithm with a 
spherical variogram model (Supporting Information S1.1) to interpolate 
the improved version data to obtain the final dataset (Yu et al., 2019; 
Pulliainen et al., 2020; Chossière et al., 2021). Furthermore, it is 
important to mention that among all the collected datasets, O3 data were 
used for model training and prediction, while other data, such as 
meteorological variables and NO2, were primarily used to investigate 
their impact on the geospatial relationship of ozone pollution. 

2.2. Overview of the OGR index 

In this study, we have introduced a novel concept of OGR index for 
quantifying the geospatial relationship of ozone pollution based on 
environmental big data and the GeoSHAP method from a statistical 
perspective. While traditional methods such as correlation analysis and 
pollutant analysis can identify ozone pollution hotspots and seasonal 
changes, they often neglect the complex interactions and nonlinear 
characteristics within the geospatial data of ozone pollution. The use of 
the GeoSHAP method enables us to account for the effects of 
geographical location factors on pollution distribution and the mutual 
influences of ozone pollution across different areas while processing 
large-scale environmental data. This approach allows us to quantify and 
visualize the relationships of ozone pollution across different 
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geographical locations, thereby revealing the intricate geospatial re
lationships and patterns within regional pollution interactions. Addi
tionally, this provides new tools and insights for understanding and 
addressing complex environmental challenges in the field of atmo
spheric pollution research. 

A detailed introduction to the concept of OGR is as follows. At the 
individual point level, the OGR index for a specific point signifies the 
intensity of its impact on the ozone concentrations in other points. A 
higher OGR index indicates a stronger impact on the ozone concentra
tion of surrounding points, while values closer to 0 suggest a smaller 
impact on the nearby points. On the regional level, this involves 
numerous points where points interact with and influence each other, 
forming distinct feature regions. When adjacent regional points have the 
same or similar OGR index, it indicates a strong geospatial relationship. 
Conversely, significant differences in the OGR index between regional 
points suggest a weaker geospatial relationship. If the average OGR 
index of adjacent regional points is high and exhibits a strong geospatial 
relationship, we classify this area as a high OGR area or a high geospatial 
relationship of ozone pollution area. Such regions are also the areas of 
primary focus in our study. From a regional statistical perspective, the 
concept of OGR emphasizes uncovering commonalities in mutual in
fluences between regions and offers a fresh quantification of the geo
spatial relationships of ozone pollution among different areas. 

The framework of OGR index is depicted in Fig. 1. Initially, we 
collected and preprocessed ozone data from the period 2017–2021. 
Subsequently, we dynamically transformed the dataset into an n- 
dimensional format, with ‘n’ representing the number of stations. This 
transformation is based on the relationships between independent var
iables and the target variable, where one station's data serves as the 
target variable, and others act as independent variables. Based on the 
first law of geography proposed by Waldo Toble (Tobler, 1970), 
“everything is related to everything else, but near things are more 
related than distant things”, and considering that it is difficult to prop
erly and scientifically define the optimal boundary of the target variable, 
we ultimately input all the ground stations data into the GeoSHAP 
method for calculation, resulting in the distribution map of OGR index 
for China at a resolution of 0.1◦x0.1◦. It is noteworthy that, given surface 
ozone is a secondary product of daytime photochemical reactions, our 
primary focus for analysis and discussion is on the daytime period 
(8:00–19:00). 

2.3. GeoSHAP method 

The GeoSHAP method primarily involves machine learning and 
geostatistical algorithms. The core of the model-related information can 
be found in Supporting Information S1.2. The following is the detailed 
process of the GeoSHAP method: 

(1) Input the preprocessed ozone data (which constitutes 80 % of the 
total dataset) into the ETB model in sequence for model training and 
validation. The hyperparameter settings of the tree-based benchmark 
models in the ETB model are mainly based on the grid search (GS) 
method (Supporting Information S1.3). In addition, 5-fold cross- 
validation is used for model training and validation. Finally, according 
to the performance of the model, the optimal model (R2 as the main 
evaluation metric) is selected for prediction. 

(2) Use the SHAP algorithm (Supporting Information S1.4) to 
analyze the prediction behavior of the optimal model. The analytical 
results can be used to measure the impact of different independent 
variable stations on the target station (measured by SHAP value). 

(3) The above two steps need to be repeated n (number of stations) 
times, which means that n*4 models (excluding parameter adjustment 
and cross-validation) need to be established for training, and finally the 
mutual influence matrix between different stations is obtained. Through 
matrix calculation, we can finally get the raw OGR value of each station. 

(4) For enhanced visualization, we simultaneously scale up the 
values of all results by n times, and then use an ordinary kriging algo
rithm with a spherical variogram model, a classical geostatistical algo
rithm, to interpolate the values and obtain the final OGR dataset. 

2.4. GWR model 

The geographically weighted regression (GWR) model is a local 
geospatial regression method that differs from traditional global 
regression by accounting for geographical space heterogeneity. While 
global regression treats all observations as belonging to a single model, 
GWR introduces geospatial variability in model parameters. In essence, 
the GWR model calculates a distinct set of regression coefficients for 
each geographical location, whether it's a point or a region. This 
approach enables the model to capture variations in the relationship 
between variables across different locations. In the following introduc
tion, we will use the point as this research object to describe. The specific 

Fig. 1. Overview of the OGR index framework. This demonstrates the comprehensive workflow spanning from data preprocessing to the computation of the OGR 
index, involving primarily the use of machine learning and geostatistical algorithms. 
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formula of GWR is as follows: 

yi = β0(ui, vi)+
∑p

k=1
βk(ui, vi)xik + εi (1)  

where yi denotes the dependent variable, and i corresponds to a point 
within the study area; anthropogenic activities (AA), surface 

temperature (ST), east-west surface wind speed (WS-U) and north-south 
surface wind speed (WS-V) are the four major driving factors denoted as 
xik(k = 1, 2,3, 4). Within the model, βik represents the estimated coef
ficient, and (ui, vi)indicates the location of i, while εi accounts for 
random error. 

In the model, points surrounding a particular study area hold more 

Fig. 2. The performance of the core model at various stations across China in the overall condition. (a) Distribution of coefficient of determination (R2). (b) Dis
tribution of root mean squared error (RMSE). (c) Distribution of mean relative error (MRE). (d) Distribution of mean absolute error (MAE). (e) Model performance in 
three representative areas, including mainland China (CHN), BTH, and PRD. 
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significance. The influence of this effect diminishes gradually with 
increasing distance between the two points. Consequently, the weight 
values adhere to a bell-shaped curve based on distance. The weight 
matrix signifies the relative importance among points. The estimated 
coefficients can be computed using the subsequent matrix formulation, 
with T denoting the matrix transpose operation. 

β̂ =
(
XT WiX

)− 1XT WiY (2)  

where β̂ represents the estimated coefficient for the target point i; X 
denotes the independent variable matrix; and XT signifies the matrix 
transpose operation applied to the matrix. Wi is the weight matrix of 
target raster i; Y is the dependent variable. 

In this study, we employ an adaptive kernel to determine the optimal 
number of neighboring points using the Akaike information criterion 
(AIC), recognized as the most suitable metric for selecting the right 
number of neighbors for the target point. To calculate the weights be
tween points, we utilize a bi-square weighting function, computed as 
follows: 

wij =

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

[

1 −

(
dij

dmax

)2
]2

, dij ≤ dmax

0, dij > dmax

(3)  

wij represents the influence between position i and position j; dij denotes 
the geographical distance between target grid i and surrounding grid j; 
dmax is the farthest point from target point i (m represents the selected 

neighboring raster with the optimal number of points). The optimal 
bandwidth distance can be automatically optimized in the model. 

3. Results and discussions 

3.1. The performance of the core model at different stations 

The pivotal step in the OGR index calculation involves the GeoSHAP 
method, which significantly depends on the predictive performance of 
the ETB model. To assess the performance of the ETB model, we utilized 
test sets comprising 20 % of the total dataset. Comprehensive statistical 
evaluations were carried out across three representative regions at 
different scales (Fig. S1): CHN, BTH, and PRD—under different condi
tions (overall and during ozone pollution events), as depicted in Figs. 2 
and S2. The evaluation employed several metrics for model perfor
mance, such as R2, RMSE, MRE, and MAE, with their respective formulas 
outlined in the Supporting Information S1.5. 

As shown in Fig. 2, in the overall scenario, the model performed 
exceptionally well for the CHN region, with over 98 % of the sites having 
R2 values exceeding 0.95. >86 % of the monitoring stations reported 
RMSE and MRE values below 10 μg/m3 and 27, respectively. Moreover, 
over 99 % of the stations maintained MAE values under 10 μg/m3. For 
the BTH and PRD regions, the R2 values and other metrics generally 
surpassed the CHN benchmarks. During ozone pollution events (defined 
as hourly concentration values exceeding 160 μg/m3), as illustrated in 
Fig. S2, the BTH region demonstrated the best performance with an R2 of 
0.935, followed by the CHN (R2 = 0.906) and PRD regions (R2 = 0.897). 
Although the MRE values improved compared to the overall condition, a 

Fig. 3. Geospatial distribution of ozone concentrations and various factors (2017–2021). (a) The 90th percentiles of the geospatial distribution of maximum daily 8- 
hour average (MDA8) ozone concentrations. (b) Geospatial distribution of mean daytime east-west surface wind speeds. (c) Geospatial distribution of mean daytime 
north-south surface wind speeds. (d) Geospatial distribution of mean daytime surface temperature. (e) Geospatial distribution of mean daytime surface pressure. (f) 
Geospatial distribution of mean daytime NO2 concentrations. In the present study, the daytime period refers to 8:00–19:00, and the characteristics of MDA8 ozone 
concentrations and various factors are presented in Table S1. 
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slight decrease in other metrics was observed; nevertheless, the perfor
mance remained at a high standard across all metrics. 

Overall, the model established in this study demonstrated excep
tional accuracy while maintaining a satisfactory level of generalization. 

3.2. Geospatial distribution characteristics of ozone pollution 

Fig. 3a illustrates the geospatial distribution of the 90th percentile of 
MDA8 ozone concentrations in China from 2017 to 2021. It is evident 
that there is significant spatial heterogeneity in the distribution of ozone 
pollution. High-concentration areas are primarily located in the central 
and northern regions of China, spanning multiple areas, including the 
Beijing-Tianjin-Hebei (BTH) region, Shandong, Shanxi, Shaanxi, Henan, 
as well as the YRD and PRD regions. In contrast, low-concentration areas 
are predominantly located in western and northern China. Given the 
potential significant adverse impacts of high ozone concentrations on 
public health and ecosystems, the high-concentration regions in the 
figure indicate the presence of potential environmental and health risks. 

In the study of ground-level ozone pollution, VOCs, NOx, along with 
a range of natural factors such as surface temperature, wind speed and 
direction, are considered key factors influencing the formation and 
distribution of ozone (Mishra et al., 2021; Zhou et al., 2023). Among 
these, VOCs and NOx, as crucial precursors to ozone, play an essential 
role in photochemical reactions (Kumar and Sinha, 2021; Zhu et al., 
2021; Xiong et al., 2023). However, obtaining large-scale regional VOC 
species concentration data faces numerous challenges, such as the 
complexity or stability of the relevant measuring instruments (gas 
chromatography–mass spectrometry and proton transfer reaction mass 
spectrometry), making it difficult to acquire a broad range of usable VOC 
species concentration data. Furthermore, the dataset published by the 
China National Environmental Monitoring Center network currently 
does not include NOx concentrations data. Therefore, this study does not 
delve into detailed exploration of these two precursors. Nonetheless, 
considering that most VOC species and NOx pollutant are generated by 
anthropogenic activities, and the distribution of ground-level NO2 con
centrations can as one index to describe the characterization and in
tensity of anthropogenic activities to some extent (Laughner and Cohen, 
2019; Li et al., 2021; Cooper et al., 2022), we collected and processed 
daytime average NO2 data spanning from 2017 to 2021, and the dis
tribution results are shown in Fig. 3f. It is apparent that areas with high 
concentration hotspots are often characterized by intense economic 
activities and higher levels of pollution emissions. 

By comparing Fig. 3a and f, it becomes evident that there is some 
overlap between areas with high ozone concentrations and regions with 
elevated anthropogenic activities, particularly in eastern China. This 
highlights that in most regions and situations, areas with higher 
anthropogenic activities tend to experience more ozone pollution, sug
gesting the pivotal role of anthropogenic activities factors in influencing 
ozone pollution. Regarding natural factors, considering the potential 
strong collinearity among different natural factors, we initially selected 
basic variables that may directly affect the distribution of ozone, such as 
various wind directions and speeds, surface temperature, and surface 
pressure, while some factors that have undergone secondary processing, 
such as ventilation coefficient, have not been included yet. The 
geographical distribution of different natural factors is shown in 
Fig. 3b–e. It is difficult to directly observe their relationship with ozone 
pollution from the figures, but from a mechanistic perspective, natural 
factors are one of the important aspects that cannot be overlooked. They 
can not only affect the rate of ozone formation, like surface temperature 
factors, but also influence the transport of ozone between different re
gions, such as factors like wind direction, wind speed, and surface 
pressure. 

Current ozone pollution in China exhibits distinct regional distribu
tion characteristics, and regions with similar characteristics are more 
susceptible to pollutant dispersion and transmission (Li et al., 2014; Xue 
et al., 2020; Li et al., 2022; Shen et al., 2022; Wang et al., 2022; Wang 

et al., 2023c). This is a primary reason for the emphasis by the Chinese 
government on regional collaborative prevention and control efforts. 
From Fig. 3a, it can be observed that, aside from several typical high- 
pollution regions, the central and northern regions of China, as well as 
the YRD region, seem to be gradually forming a larger high- 
concentration ozone region. This suggests that not only is ozone pollu
tion likely to occur within individual subregions, but it may also extend 
between different high-concentration larger areas. However, the precise 
quantification of the geospatial relationship of ozone pollution across 
China's diverse subregions and between different mesoscale areas re
mains a significant challenge. 

3.3. Characteristics of ozone geospatial relationship 

We calculated the geospatial distribution of daytime average OGR 
index in various areas of China for the period 2017–2021, as depicted in 
Fig. 4a. In this figure, areas with similar colors, signifying similar OGR 
index, indicate a stronger geospatial relationship of ozone pollution in 
those specific areas. Areas with high OGR index, are primarily depicted 
in yellow or red in Fig. 4a, mainly in the eastern part of China, and most 
of these regions located within the HH areas in the map of local in
dicators spatial autocorrelation cluster analysis (as shown in Fig. 4c), 
indicating a clear positive spatial autocorrelation in geography (global 
spatial autocorrelation test has been conducted before, and Moran's I =
0.99 with a p-value of <0.001). Conversely, areas with low OGR index, 
represented in blue or light white on Fig. 4a, are primarily situated in the 
western and northernmost regions of China. These areas tend to belong 
to the LL areas in Fig. 4c, which also demonstrates a positive spatial 
autocorrelation in geography and showcases distinctive geospatial 
clustering patterns. These discernible high and low value clustering 
patterns across various regions suggest that the distribution of OGR 
index is non-random and likely significantly influenced by specific 
factors. 

By directly comparing the distribution of the OGR index with other 
related factors (as shown in Fig. 3b–f), it was observed that areas of 
anthropogenic activity hotspots largely overlap with regions of high 
OGR index, suggesting a significant correlation between the two. This 
implies that anthropogenic activities may have a substantial impact on 
the geospatial relationship of ozone pollution. The outbreak of the 
COVID-19 pandemic in 2020 and the subsequent urban lockdowns led to 
a rapid decrease in the intensity of anthropogenic activities in the 
eastern regions of China (Huang et al., 2020), thereby providing an 
opportunity to assess the relationship between the intensity of anthro
pogenic activities and the OGR index. We calculated the distribution of 
the OGR index during the lockdown period (defined in this study as 
January 24 to February 18, 2020) in the eastern regions of China, as well 
as for the corresponding periods in 2019 and 2021. To avoid interfer
ence from the “Spring Festival effect”, the calculations excluded the 
Spring Festival period in the lockdown periods of 2019 and 2021 (Huang 
et al., 2021b), with the final results shown in Fig. S3a. It is evident from 
the figure that, during the lockdown period, the OGR index in the 
eastern regions of China significantly decreased compared to the same 
periods in 2019 and 2021, with most areas in the east nearing an OGR 
index close to zero. While it's undeniable that the planetary boundary 
layer (PBL) height in the eastern regions of China decreased to varying 
degrees during the lockdown, which is not conducive to regional 
pollution transmission (Le et al., 2020), it is noticeable from the figure 
that typical areas with relatively high OGR index values, such as in 
Central and Southern China, almost completely disappeared. This in
dicates that changes in the intensity of anthropogenic activities can have 
a significant impact on the geospatial relationship of regional ozone 
pollution. 

From this basic analysis, it is evident that the formation of high OGR 
index areas requires suitable natural conditions and a higher intensity of 
anthropogenic activities. In other words, areas with a high OGR index 
are also those that most urgently requiring joint control to address ozone 
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pollution. In this study, Our analysis identified the top three key regions 
in China with high OGR index, as indicated by the purple box in Fig. 4a. 
These regions, ranked by regional mean OGR index (Fig. 4b), include the 
ND, as well as within portions of the YRD and the PRD. Since 2017, the 
Ministry of Environmental Protection of the People's Republic of China 
has designated a group of cities known as the “2 + 26” cities as key areas 
of air pollution concern (Wang et al., 2023b). Fig. 4a illustrates that the 
ND, one of the high OGR areas, not only encompasses all “2 + 26” cities 
but also includes adjacent areas such as the Fen-Wei plain and northern 
Shaanxi Province. This suggests the potential need for expanding the key 
concern areas in northern China. Conversely, the YRD area could 
consider reducing the control scope within the original key urban areas 
(encompassing Shanghai, most cities in Jiangsu, Zhejiang, and Anhui 
provinces), focusing instead on areas with high OGR index. This stra
tegic shift aims to optimize regional resource allocation further, thereby 
enhancing the effectiveness of regional air pollution prevention and 
control measures. Additionally, the results indicate that the current 

setup of joint prevention and control areas in the PRD region of southern 
China is relatively reasonable. 

Based on the geospatial distribution of the OGR index across 
different seasons as shown in Fig. S3b, it is evident that the aforemen
tioned three key areas require intensified prevention and control mea
sures in different seasons. The ND and the YRD need enhanced control 
efforts primarily in the summer, while the PRD region requires focused 
attention in the autumn. However, in reality, ozone pollution can occur 
in any region during any season—spring, summer, autumn, or winter. 
Therefore, we believe that implementing a normalized regional joint 
prevention and control strategy, as suggested by Fig. 4a, is a more 
effective solution for tackling ozone pollution. Additionally, calculating 
the mean distribution of the OGR index over an extended period 
(2017–2021) as shown in Fig. 4a also yields more accurate results. 

Fig. 4. Geospatial distribution of the OGR index in China and related statistical results. (a) Geospatial distribution of mean daytime OGR index. “2 + 26” cities 
include Beijing and Tianjin municipalities, 8 cities in Hebei Province, 4 cities in Shanxi Province, 7 cities in Shandong Province, and 7 cities in Henan Province. (b) 
The statistical distribution of the OGR index in different focal regions. (c) Local indicators spatial autocorrelation (LISA) cluster patterns in different regions of China. 
High-high (HH) areas, depicted in red on the map, indicate high values surrounded by similar high values, suggesting positive spatial autocorrelation and a tendency 
to cluster. Low-low (LL) areas, shown in blue on the map, display low values surrounded by similar low values, reflecting positive spatial autocorrelation and a 
tendency for clustering among low values. Not significant (NS) areas, represented in gray, denote areas where clustering is not statistically significant. (d) Moran 
local scatterplot. 
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3.4. The impact of different factors on the ozone geospatial relationship 

Based on a preliminary understanding of the distribution of the OGR 
index and anthropogenic/natural factors across regions, this study 
further explored the impact of different factors on the ozone geospatial 
relationship. We conducted Pearson correlation analysis and variance 
inflation factor (VIF) analysis (Fig. S4 and Table S2). Four key factors 
were identified: anthropogenic activities (AA), surface temperature 
(ST), east-west surface wind speeds (WS-U), and north-south surface 
wind speeds (WS-V). By comparing the scatterplots of these four key 
factors with the OGR index (Fig. S5), it becomes evident that AA and ST 
have a relatively significant impact on the OGR index and exhibit a 
positive correlation trend in their distribution. Conversely, WS-U and 

WS-V have a relatively minor impact on the OGR index and exhibit a 
negative correlation trend in their distribution. However, the scatterplot 
distribution of the global relationship does not reveal the specific geo
spatial impact of different factors, especially the interplay between 
anthropogenic activities and natural factors (ST, WS-U, and WS-V) on 
the OGR index in specific geographical locations. Therefore, we utilized 
a GWR model for in-depth analysis, as it is well-suited for addressing and 
identifying geographical relationships among various factors in spatial 
analysis, making it a classic model in the field of Earth sciences (Mar
tinez-Morata et al., 2022). 

Before conducting the GWR modeling, we performed a VIF test on 
these four independent variables. The VIF test results for all four vari
ables consistently remained below 2 (Table S2), indicating a low level of 

Fig. 5. Geospatial distribution of coefficients in the GWR model. (a) Geospatial distribution of AA coefficient. (b) Geospatial distribution of ST coefficient. (c) 
Geospatial distribution of WS-U coefficient. (d) Geospatial distribution of WS-V coefficient. (e) Boxplots of coefficients for different areas, including CHN, ND, as well 
as within portions of the YRD and the PRD. 

Y. Cheng et al.                                                                                                                                                                                                                                   



Science of the Total Environment 930 (2024) 172763

9

collinearity among these variables and satisfying the prerequisite con
ditions for model construction. Analysis of the model results revealed a 
mean local R2 value of 0.9289 (Fig. S6), signifying excellent fitting 
performance. The distributions of coefficients for the different factors 
are visually represented in Fig. 5. Fig. 5a depicts the impact of anthro
pogenic activities factors on OGR index, whereas Fig. 5b–d illustrate the 
influence of natural factors on OGR index. 

Based on the results of the GWR model (Figs. 5 and S7), in most 
regions of China, the impact of anthropogenic activities on the 
geographical distribution of the OGR index is more significant than that 
of natural factors, with this impact demonstrating a positive promotive 
effect. Among the natural factors, surface temperature, in particular, 
shows significant spatial heterogeneity in its impact on the distribution 
of the OGR index (Fig. 5b). Given that surface temperature is a highly 
comprehensive factor, which can also be affected by atmospheric pol
lutants or other natural factors, it is somewhat challenging to discern the 
pattern of its impact on OGR values directly through the distribution of 
surface temperature coefficient. To delve deeper into its influence on the 
distribution of the OGR index, we explored the relationship between 
surface temperature, surface temperature coefficient, and the OGR 
index, with results shown in Fig. S8. From the figure, it is apparent that 
when surface temperature is below 273 K, its impact on the OGR index is 
minimal, and the value of the OGR index is also low. In the range of 
273–293 K, it can be seen that as surface temperature increases, higher 
OGR index values are formed. However, the distribution of the coeffi
cient indicates that surface temperature exerts both positive and nega
tive effects on the OGR index throughout this process, with the negative 
impact potentially predominating at higher temperatures. Above 293 K, 
the impact of temperature on the OGR value tends towards being overall 
negative. 

We speculate that the reasons for these observations may be as fol
lows: On one hand, as surface temperatures rise, the rate of photo
chemical reactions in the atmosphere usually increases, which means 
that the rate of ozone formation may increase. However, this also ac
celerates reactions that lead to ozone depletion, especially in the lower 
atmosphere near the ground, potentially causing a decrease in ozone 
levels close to the source. Secondly, increased temperatures may lead to 
the formation of local high-pressure systems, under which air descends, 
suppressing vertical mixing and possibly leading to reduced wind 
speeds, diminishing the horizontal dispersion of ozone and its pre
cursors, and causing ozone to remain more confined to its area of origin. 
On the other hand, this suggests that surface temperature may not be the 
core natural factor determining the distribution of OGR index at a 
regional level. Often, it is the synergistic effect with other natural factors 
(such as wind speed and direction) that influences the distribution of 
OGR index, leading to the significant spatial heterogeneity in the dis
tribution of temperature coefficients without clear patterns or modes. 

Moreover, in the three identified key regions, various factors exhibit 
diverse impacts on the distribution of OGR index. In the ND, the influ
ence of these factors on the OGR index distribution closely aligns with 
the CHN level, with anthropogenic activities maintaining its dominant 
role. Yet, in certain areas within portions of the YRD and the PRD, the 
impact of WS-U and WS-V factors is noteworthy and should not be 
overlooked. Our research reveals that in the part of the YRD region, WS- 
U hinder the formation of high OGR areas, whereas WS-V promote their 
formation. Our analysis indicates that the prevalence of sea-land winds 
in the east-west direction in the eastern coastal area of China, where the 
part of the YRD region is situated, disrupts the local pollution distribu
tion pattern. This leads to a detrimental effect of WS-U on the OGR index 
distribution in the majority of the part of the YRD region. Conversely, 
the WS-V in the part of the YRD region is predominantly affected by 
inland winds, significantly increasing the potential for regional trans
port of ozone and related pollutants from neighboring areas (Yao et al., 
2023). Consequently, this reinforces the local pollution, resulting in a 
favorable impact of WS-V on the high OGR index distribution in the part 
of the YRD region. In the part of the PRD region, the scenario is reversed 

due to its location in the southern coastal region of China. Dominant WS- 
U promote the development of high OGR areas, while WS-V hinder this 
process (Huang et al., 2018). Nevertheless, due to the relatively low 
anthropogenic activities in the northern adjacent areas of the PRD and 
its eastern proximity to the ocean (Zheng et al., 2018), both WS-U and 
WS-V have a smaller impact on the local distribution of the OGR index 
compared to the part of the YRD region. 

3.5. The implications from the OGR index 

This study emphasizes that the OGR index can effectively quantify 
the geospatial relationship of ozone pollution in China, which can pro
vide robust support for the formulation of China's current policies to 
mitigate ozone pollution, especially in regional collaborative control. 
Meantime, the study has unveiled and highlighted the substantial 
impact of anthropogenic activities on the geospatial distribution of the 
OGR index. Thus, we also can shift our perspective to examine the 
pattern of ozone-related pollution emissions by analyzing the OGR index 
distribution. High OGR index areas frequently indicate a significant 
presence of local ozone-related anthropogenic activities. For this 
investigation, we collected and processed the regional VOCs and NOx 
emission inventory data from the Multi-resolution Emission Inventory 
for China for the years 2017–2020 (Li et al., 2017; Zheng et al., 2018) 
(MEIC), and mapped out the patterns of VOCs and NOx emissions across 
different regions of China (as shown in Fig. 6). The results indicate a 
higher prevalence of pollution source emissions in the eastern regions of 
China, especially in the relatively developed areas, where the emissions 
and range of VOCs sources are notably larger and more extensive. 

High OGR index areas typically indicate significant anthropogenic 
activities locally, with natural factors collectively favoring regional air 
pollution transport. Upon comparing Figs. 4a and 6, we noticed a strong 
correlation between areas of high VOCs and NOx emissions and most 
high OGR index areas, particularly in the PRD and YRD regions. 
Nevertheless, distinctive differences exist in the ND region. Remarkably, 
within the western part of the ND region, particularly in the northern 
areas of Shaanxi Province and the Fen-Wei Plain area (referring to the 
part within Shanxi Province), high OGR areas are predominant. Yet, the 
emissions of VOCs and NOx in this area are considerably low. Given this 
area's location within the Loess Plateau, which is at a higher elevation 
compared to the surrounding plains (such as the North China Plain) 
known for higher pollutant emissions at lower elevations, the transport 
of air pollution from these plains to the plateau is likely more obstructed 
and challenging. Therefore, we suggest the possibility of underreporting 
in the emission statistics for this region. It should be emphasized that 
some uncertainties remain with this speculation and further investiga
tion is needed to fully explore it. 

4. Conclusions 

This study introduced the GeoSHAP method and the concept of the 
OGR index, facilitating an extensive investigation into the geospatial 
relationship of surface ozone pollution in China. In addition, based on 
the OGR index, we identified the most urgent key regions necessitating 
collaborative ozone control, encompassing the ND, as well as within 
portions of the YRD and the PRD. This underscores the spatial hetero
geneity and regional characteristics of ozone pollution, emphasizing the 
urgent need for targeted pollution control measures within these 
distinctive patterns. Moreover, a thorough analysis using the GWR 
model explores the influence of various factors on regional ozone re
lationships. The findings suggest that the significant geospatial re
lationships stem from the synergistic interplay between anthropogenic 
and natural factors, with anthropogenic factors playing a pivotal role. 
Notably, in specific regions, especially in coastal regions like the YRD 
and PRD, natural factors exhibit a substantial impact. These regional 
distinctions emphasize the necessity for customized and localized stra
tegies to effectively control surface ozone pollution. 
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