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A B S T R A C T   

Ambient ozone air pollution is one of the most important environmental challenges in China today, and it is 
particularly significant to identify pollution sources and formulate control strategies. In present study, we pro
posed a novel method of positive matrix factorization-SHapley Additive explanation (PMF-SHAP) for evaluating 
the impact of emission sources on ozone formation, which can quantify the main emission sources of ozone 
pollution. In this method, we first used the PMF model to identify the source of volatile organic compounds 
(VOCs), and then quantified various emission sources using a combination of machine learning (ML) models and 
the SHAP algorithm. The R2 of the optimal ML model in this method was as high as 0.96, indicating that the 
prediction performance was excellent. Furthermore, we explored the impact of different emission sources on 
ozone formation, and found that ozone formation in Shenzhen was more affected by VOCs, of which vehicle 
emission sources may have the greatest impact. Our results suggest that the appropriate combination of tradi
tional models with ML models can well address environmental pollution problems. Moreover, the conclusions 
obtained based on the PMF-SHAP method were different from the traditional ozone formation potential (OFP) 
results, providing valuable clues for related mechanism studies.   

1. Introduction 

High concentrations of ozone are very harmful to human health. In 
recent years, long-term emissions of air pollutants in the Pearl River 
Delta (PRD) region of China have resulted in complex air pollution with 
ozone as the main pollutant (Shao et al., 2009; Ou et al., 2016). Addi
tionally, this trend is gradually increasing in other regions of China (Shu 
et al., 2017; Huang et al., 2021). Studies have shown that the main 
factors affecting the formation of ozone are volatile organic compounds 
(VOCs) and nitrogen oxides (NOx), among which the pollution charac
teristics and sources of VOCs are relatively more complex (Zhu et al., 
2021). Currently, the technologies for source identification of VOCs 
mainly include source emission inventories (Zheng et al., 2009; Wu and 
Xie, 2017), chemical transport models (CTMs) (Fang et al., 2021), and 
receptor models (Huang et al., 2021; Ding et al., 2022). However, it is 
difficult to make an inventory of source emissions, and the latest emis
sion inventories usually lag current conditions by a year or more (Xing 
et al., 2020). Additionally, the limitation of the source emission in
ventory further constrains the performance of the CTM model and the 
results are often lower than expected. 

Receptor models tend to be more popular due to their fewer hard
ware requirements, high accuracy, and ease of configuration, especially 
the positive matrix factorization (PMF) model (Song et al., 2007; Liu 
et al., 2020; Huang et al., 2021). The researchers combined the PMF 
model and the VOC species maximum incremental reactivity (MIR) 
value (Carter, 2010) to calculate the ozone formation potential (OFP) to 
evaluate the relationship between VOCs and ozone concentrations (Yan 
et al., 2017; Huang et al., 2020; Huang and Hsieh, 2020). Although this 
method is efficient, there are still some problems. The key parameter 
MIR value used in this method was often calculated based on 39 cities in 
the United States where ozone exceeds the standard. However, the 
actual situation of the atmospheric environment varies from region to 
region. Whether the MIR values can fully reflect the contribution of 
VOCs to ozone under the condition of complex air pollution in China is 
controversial (Qiu et al., 2020; Zhang et al., 2021), and the OFP calcu
lation has some other limitations, such as the contribution of already 
depleted VOCs in the atmosphere to ozone formation cannot be evalu
ated. Therefore, it is of great significance to develop a novel method that 
is rapid, accurate, comprehensive and widely applicable to evaluate the 
relationship between pollutant precursors and ozone concentrations. 
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Currently, machine learning (ML) models are increasingly used in 
scientific research (Zahrt et al., 2019; Ogata et al., 2021; Rybarczyk and 
Zalakeviciute, 2021; Zhong et al., 2021). When faced with complex 
nonlinear problems, ML models show strong performance and applica
tion potential (Cheng et al., 2019; Shrock et al., 2020; Cheng et al., 2021; 
Nair et al., 2021; Bland et al., 2022; Zhu et al., 2022). However, because 
ML model operations are often viewed as a “black box”, it is difficult to 
determine how predictors produce results (Liu et al., 2022), which often 
leads to ML being questioned. With the continuous development of the 
field of ML, the SHapley Additive explanation (SHAP) algorithm 
developed by a scientific team based on the classic Shapley theory 
(Shapley, 1953) can better quantify and explain the importance of each 
factor in some ML models (Lundberg et al., 2020). Compared with the 
indicators of traditional models, SHAP value is based on statistical 
theoretical knowledge and it is mainly affected by the performance of 
ML model. Since ML models are suitable for dealing with complex 
nonlinear relationship problems, the proper application of SHAP algo
rithm may provide new clues for some mechanism studies. 

In present study, we proposed a novel method to evaluate the impact 
of emission sources on ozone formation. In this method, we innovatively 
combined the PMF model as well as multiple types of ML models 
(XGBoost, LightGBM, CatBoost, and RF) to systematically train and test 
the data. Further combined with the SHAP algorithm, the actual impact 
of different emission sources on ozone formation can be well quantified, 
which can provide valuable information support for formulating ozone 
control strategies in different regions and novel ideas for addressing 
environmental pollution problems. 

2. Materials and methods 

2.1. Study area and data source 

Fig. 1 shows that during the observation period (September 6, 2019 
to October 31, 2019), the average daily ozone concentrations in 
Guangdong Province ranked first among all provinces in China, with an 
average concentration of approximately 58 ppb. The air pollution 
datasets are obtained from the Ministry of Environmental Protection of 
China and the China Air Quality Online Monitoring and Analysis Plat
form (https://www.aqistudy.cn/). 

Our laboratory of atmospheric observation supersite is located at the 
Peking University Shenzhen Graduate School (PKU-AOSS). The daytime 
(9:00–17:00) average ozone concentration of PKU-AOSS during the 
observation period is approximately 60 ppb, which is at the average 
level of Shenzhen and has good regional representation. In present 
study, the instrument used for VOC observation was the TH-300 B VOC 
fast online monitoring system, which is equipped with an ultralow 
temperature capture system and an analysis system (Agilent GCMS 
7820A/5977 E). We selected 36 representative VOCs as our research 
objects, such as C2–C5 hydrocarbon species, alkanes with branched 
chains, aromatic hydrocarbons and isoprene, which in turn can reflect 
the sources of fossil fuels, combustion, solvent and natural emissions. In 
addition, air pollutants (NOx and O3) were monitored simultaneously at 
a distance of approximately 50 m from TH-300 B (the data are shown in 
Fig. S1). All monitoring instruments were installed in the atmospheric 
supersite building, and the sampling entrance was set on the roof. 

Fig. 1. The national ozone distribution and observation station map during the observation period. The left part of the figure is the distribution of the average 
concentration of ozone during the day in the eastern provinces of China (calculated based on the data of the national control stations in each province); The right part 
of the figure shows the daily average ozone concentration of the national control stations in Shenzhen. 
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2.2. Novel method 

This study proposed PMF-SHAP method for evaluating the impact of 
emission sources on ozone formation. The framework of the PMF-SHAP 
is shown in Fig. 2. In PMF-SHAP, first, we performed data preprocessing 
on the VOC and NOx data collected during the daytime, and then the 
source of characteristic VOC data was identified by the PMF model 
(Section S1.2 for model details). In this study, we identified the 
anthropogenic emission sources of VOCs into five sources: vehicle 
emissions, gasoline leakage, solvent usage, biomass burning, and 
regional transmission. The specific PMF results are shown in Fig. S2. 
Then, the processed anthropogenic emission sources, natural sources 
(with isoprene as a tracer), and NOx data were “fed” to the ML models 
(including XGBoost, LightGBM, CatBoost, and RF Model; Section S1.3 
for model details) for systematic training and testing, which compared 
with complex deep learning models, the four ML models more easily 
captured the changes in the internal parameters of the model and vari
able interpretation (Liu et al., 2022). Finally, the optimal model for 
ozone prediction was selected through continuous adjustment of the 
training strategy as well as multiple random experiments. Based on the 
prediction result of the optimal model, the SHAP algorithm (Section 
S1.4 for model details) was used to calculate the impact of different 
emission sources, and NOx on ozone formation. Furthermore, we used 
the observation based model (OBM) (Section S1.5 for model details) for 
comparison and verification. 

Due to the complex nonlinear relationship between ozone and pre
cursors, the photochemical reactions will require certain conditions and 
time. Therefore, to more accurately mine the influence of different 
sources on ozone formation during active photochemical reactions 
(9:00–17:00), we integrated the 1 h-ahead data of each driving factor 
and ozone data to obtain the final dataset. To ensure the accuracy of the 
experiments, each ML model uniformly used 80% of the dataset as the 
training set and 20% as the test set. Additionally, to reduce the influence 
of the randomness of the model on the test set results, all the involved 
ML models were subjected to 5 independent random repeated experi
ments. In this study, the ML models and SHAP algorithm were mainly 
implemented on the Python 3.7 and Anaconda 5.2 platforms, and the 
PMF model used the US EPA PMF 5.0 version. 

3. Results and discussions 

3.1. Comparing the performance of different ML models 

It is very important to compare and test multiple models when 
dealing with different data, which will directly affect the accuracy of the 
results (Liu et al., 2022). In this study, we established four ML models, 
including the XGBoost, LightGBM, CatBoost, and RF models, to train and 
test ozone data with different driver data. The test results are shown in 

Fig. 3(a). The XGBoost model performs the best, and its MAE and RMSE 
values were the smallest among the four models, which were 8.37 and 
10.79, respectively. The R2 value was the largest, which was 0.84. In 
addition, it can be seen from the scatter distribution in this figure that 
the deviation between the predicted value and the actual value of the 
XGBoost model was smaller than that of the other three models, indi
cating that the predicted result is also more accurate. Therefore, we 
chose the XGBoost model as the optimal model to predict all ozone data 
during the day. The model prediction results were shown in Fig. 3(b). 
From the linear relationship in the Fig., it can be seen that the model has 
high prediction accuracy, and the R2 was 0.96, the MAE was 2.44, and 
the RMSE was 4.98, indicating that the XGBoost model can accurately 
capture and predict the nonlinear relationship between ozone and 
different driving factors. Furthermore, the model had high accuracy and 
can well support the analysis of the SHAP algorithm. 

3.2. Impacts of different driving factors in daily situations 

As seen from Fig. S3, the hourly mean ozone concentrations exhibit a 
single-peak diurnal variation, the maximum concentration appears at 
approximately 1:00 p.m., and the lowest concentration occurs at 
approximately 7:00 a.m.; Factors similar to the diurnal characteristics of 
ozone are wind speed, JNO2, temperature and natural sources of VOCs, 
while the opposite factors to the diurnal characteristics of ozone are 
NOx, RH, vehicle emission source and gasoline leakage source. From 
Fig. S3, the effective information we can obtain is very limited. To 
further explore the relationship between ozone and emission sources 
and NOx, we explored the results of the PMF-SHAP method. 

In Fig. 4(a), we can measure the impact of different sources on ozone 
formation by the absolute value of SHAP. The larger the absolute value 
of SHAP is, the greater the impact on ozone formation. Fig. 4(b) mainly 
shows the relationship between the ozone SHAP value and the concen
trations of different driving factors. When the concentration of the 
driving factor is larger, the SHAP value is also larger, indicating that the 
positive correlation between ozone and driving factor is more obvious; 
When the concentration of the driving factor is larger, the SHAP value is 
smaller, indicating that the negative correlation between ozone and 
driving factor is more obvious. 

From the SHAP value of each driving factor in Fig. 4(a), it can be seen 
that three driving factors have a dominant impact on ozone formation, 
which include the source of vehicle emissions, regional transmission and 
natural sources. The SHAP value corresponding to the vehicle emission 
source was 11.64, the regional transmission was 6.39, and the natural 
sources was 4.96. Fig. 4(b) shows that there is an obvious negative 
correlation between the vehicle emission source and ozone. When the 
value of the vehicle emission source is larger, the ozone value is smaller. 
In general, a large number of primary VOCs emitted by most emission 
sources can directly react with substances such as OH radicals, Cl radi
cals and other substances, breaking the stable state of NOx-O3 (Luecken 
et al., 2018), generating HO2 radicals and RO2 radicals, and then rapidly 
reacting with NO to convert to NO2, which eventually leads to the 
accumulation of O3. In particular, the reactivity of VOCs emitted by 
vehicles could be very high, and on 1-h resolution data scale, it was 
observed that these VOCs were quickly consumed, which was supported 
by the diurnal variations of vehicle emission sources (Figs. S3 and S6): 
the concentration of VOCs from vehicles is very high at night when the 
environmental conditions were unfavorable, however, it can be quickly 
consumed to very low levels during the day. This could be closely related 
to the highly reactive substances in the exhaust gas emitted by vehicles, 
such as formaldehyde and HONO (Kurtenbach et al., 2001). These 
species can rapidly be photolyzed to generate OH radicals, then accel
erating the loss of VOCs. 

The second most influential source is the regional transmission 
source, which includes VOC species that are relatively more stable, and 
tend to carry out regional transmission synchronously with ozone. Fig. 4 
(b) also shows that there is a relatively obvious positive correlation Fig. 2. PMF-SHAP framework structure.  
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between the two. The third driving factor is natural sources, which have 
a significant positive correlation with ozone, indicating that natural 
sources promote ozone formation, but the efficiency may not be as high 
as that of vehicle emissions (e.g., the total reaction time to form ozone 
may exceed 1 h). Compared with anthropogenic sources, natural sources 
have less impact on ozone formation. Additionally, we found that NOx 
ranks fifth, indicating that the local atmosphere was more affected by 
VOCs than NOx during autumn, which is also consistent with the 
conclusion obtained based on the OBM model analysis (Fig. S5). 

In addition, we calculated the OFP of different VOC sources, and the 
results are shown in Fig. 4(a). There is a certain difference between the 
results of OFP and SHAP. In the SHAP results, vehicle emission sources 
had the greatest impact on ozone formation, whereas in the OFP results 
they had a lower impact. Since vehicles can directly emit formaldehyde 
and HONO (Kurtenbach et al., 2001), the loss of VOCs can be further 
accelerated. Furthermore, considering that the Shenzhen area is close to 
the sea, Cl radicals have a significant impact on local atmospheric 
oxidation (Niu et al., 2022). In this regard, we calculated the loss rate of 
Cl radicals from different emission sources according to the study of 
Atkinson et al. (2006), and found that vehicle emissions were the fastest 

anthropogenic source of Cl radical loss (Fig. S4). The above evidence 
shows that VOCs from vehicle emission sources in Shenzhen easily react 
to promote ozone formation. However, OFP calculates the maximum 
amount of ozone that can theoretically be produced by VOCs from 
different sources, while VOC species that are rapidly consumed during 
active photochemical reactions are difficult to quantify using OFP 
(Zhang et al., 2022), especially from vehicle emission sources. Consid
ering that there are still some limitations in MIR values (Qiu et al., 
2020), we believe that OFP calculation may be more applicable in some 
other specific scenarios. 

In this study, we obtained SHAP results by mining the measured air 
pollution data, which can largely avoid problems caused by time scale or 
regional differences. In some ways, it can make up for the shortcomings 
of OFP calculation, providing clues and ideas for related mechanism 
studies. 

3.3. Impacts of different driving factors on ozone pollution events 

We used the PMF-SHAP method to analyze the main driving factors 
of three ozone pollution events (September 27, 28 and October 11, 

Fig. 3. Performance of different ML models. (a) The modeling results of different models on the test dataset; (b) The modeling results of the XGBoost model on 
all dataset. 

Fig. 4. Relationship between driving factors 
and ozone over the observation period. (a) 
The impact of different driving factors on 
ozone formation in daily situations; different 
factors are represented on the Y-axis in 
descending order of the absolute value of 
SHAP, the value is represented by columns, 
and the red triangles represent the OFP value 
of different factors; (b) Relationship between 
SHAP value and the values of different 
driving factors. (For interpretation of the 
references to colour in this figure legend, the 
reader is referred to the Web version of this 
article.)   
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2019). In this study, an ozone pollution event was defined as an episode 
with hour ozone concentration continuously exceeding the standard 
level of 101.8 ppb for more than 3 h. From Fig. 5, we found that there 
were five main factors affecting the formation of ozone, followed by 
sources of vehicle emissions, regional transmission, gasoline leakage, 
natural emissions, and NOx. Among them, vehicle emission sources have 
the greatest impact, and the SHAP value was as high as 46.80, indicating 
that the local vehicle emission source plays a key role in ozone pollution 
events. 

For the remaining four driving factors, the impact on ozone forma
tion was quite similar. The SHAP values were 7.70, 7.15, 7.08 and 6.28 
in descending order. However, compared with the daily situations, the 
value of SHAP has different degrees of change, of which the largest 
changes were gasoline leakage sources and NOx, and the relative in
creases are 261% and 171% respectively. Especially the source of gas
oline leakage, the relative increase rate was significantly higher than 
others. From Figs. S3 and S6, the gasoline leakage source generally 
peaks at 9:00 during the day and reaches the lowest value at 16:00. The 
average concentration at 9:00 in daily situations was approximately 8.4 
ppb, while the concentration at 9:00 on ozone pollution days was 
approximately 21 ppb, which is significantly higher than the daily sit
uations, and the loss is also much larger. It shows that during ozone 
pollution days, human activities related to gasoline use will increase. 
Combined with unfavorable meteorological factors such as wind speed 
reduction and temperature increase, the accumulation of related VOCs 
in the atmospheric environment will further increase (Huang et al., 
2022), resulting in a great increase in the probability of ozone pollution. 
It can be seen that the gasoline leakage source was one of the key factors 
for the formation of local ozone pollution. 

Furthermore, we found that regardless of whether it is in daily sit
uations or ozone pollution events, the impact of regional transmission 
sources on ozone was always at the forefront, indicating that the local 
ozone concentrations could be greatly affected by the surrounding areas. 

4. Conclusions 

This study innovatively proposed the PMF-SHAP method, which can 
well quantify the main emission sources that affect ozone formation. 
Based on the air pollution data of Shenzhen, we found that vehicle 
emission sources may have the greatest impact on the formation of 
ozone in Shenzhen. Meanwhile, in ozone pollution events, gasoline 
leakage sources may have the largest increase in the impact of ozone 
formation compared to other emission sources. Due to the PMF-SHAP 
method is more related to statistical theoretical knowledge, the con
clusions of this study were somewhat different from traditional method. 
In some ways, it can better make up and address the shortcomings of 
traditional method. In addition, although the method mentioned in the 
study have high application potential in the environmental field, the 
interpretability of some factors was still limited. The PMF model 
involved in this study only mainly considered the primary emission of 
VOCs and didn’t explore the secondary generated OVOCs and other 
species, which could limit the identification of VOCs sources. In the 
follow-up research, we are considering adding more data to explore the 
drivers of ozone formation in greater depth to provide more support for 
addressing ozone pollution problem. 
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