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A B S T R A C T

Ozone (O3), a short-lived climate pollutant, continues to increase despite policies aimed at suppressing its pre
cursors in South Korea. The government operates approximately 500 observatories to monitor O3 and trace gases. 
Researchers use these data to address the ongoing issue of increasing O3 levels. However, challenges in data 
retrieval from observatories may introduce biases in O3 studies. In this study, we developed a graph-based 
machine learning model to simulate missing O3 concentrations for mitigate bias. The model incorporates 
spatiotemporal distribution characteristics using a merged observation dataset from South Korea in 2021. 
Regardless of region or length of missing data, the model effectively simulates O3 variations with R2 of up to 0.9 
and RMSE of 3.6. To determine the influence of input parameters on O3 interpolation, we used eXplainable AI 
methods. The results indicated that NO2 is the most important factor in cities, while photochemical indicators are 
more influential in provinces.

1. Introduction

Ozone (O3) is a major atmospheric oxidant that is toxic to vegetation 
and poses significant public health risks, including respiratory and 
cardiovascular diseases (Agathokleous et al., 2018; Mills et al., 2018; 
Nuvolone et al., 2018). To address the issues caused by O3, each country 
has established its own criteria for issuing alerts regarding elevated O3 
levels. In South Korea, the national O3 threshold is 120 ppbv, and an 
ozone alert is issued when predicted O3 levels exceed this threshold. 
Since the 2010s, South Korea has experienced rising O3 levels, driven by 
increasing temperatures, with O3 levels in most regions exceeding the 
national standard, particularly during the spring and summer months 
(Schultz et al., 2017). To manage the risks associated with O3, the 
Ministry of Environment of South Korea has established approximately 
500 air quality monitoring stations, collectively known as the Korea Air 
Quality Network, since the 1970s. These stations continuously monitor 
O3 levels, along with those of its photochemical precursors, NOx and 
volatile organic compounds (VOCs) (Schultz et al., 2017). Although 

these monitoring stations typically provide high spatial-resolution, 
real-time air quality data, instances of missing data have increased 
owing to instrument malfunctions, data processing issues, and other 
factors. Such missing data can introduce bias into statistical analyses and 
reports, posing challenges for O3-related studies (Davison and Hemphill, 
1987; Schultz et al., 2017).

Specifically, missing data points pose a significant challenge for 
research examining the impact of atmospheric pollutants, such as vari
ation of average O3 on human health. Consequently, previous studies 
have attempted to estimate missing atmospheric pollutant data using 
statistical techniques, such as linear regression and machine learning 
(ML). Recently, the partial convolution neural network (PCNN), a 
method designed to simultaneously address spatial and temporal dis
tributions, has been demonstrated to handle grid-like data structures 
effectively. In grid-like structures, the convolution operation processes 
information within localized windows, making it ideal for imputing 
missing values in structured data. However, PCNN has been deemed 
unsuitable for handling data with non-linear relationships to temporal 
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dependencies (Sayeed et al., 2022). Graph ML (GML), which is based on 
graph theory (GT) (Adam-Poupart et al., 2014; Barabási, 2016; Hamil
ton, 2020), has been explored as a potential alternative to PCNN, spe
cifically for datasets with non-linear interconnections. It has proven 
particularly effective for estimating air pollutant concentrations when 
monitoring stations are sparsely distributed across a region (Betancourt 
et al., 2023; Ejurothu et al., 2023; Singh et al., 2024).

Among the various statistical methods used in GML, random forest 
(RF) methods have found extensive applications in previous research 
(Betancourt et al., 2023). For instance, previous studies focused on 
estimating air pollutant data have reported that tree-based ML methods 
and artificial neural networks outperform other techniques. This 

superior performance is attributed to the fact that tree-based ML 
methods integrate predictions from multiple decision trees, which re
duces overfitting and effectively handles data with non-linear relation
ships to temporal dependencies (Sanjeev, 2021; Seraphim et al., 2024; 
Van et al., 2023; Zhao et al., 2023).

However, one major problem in interpolation studies using ML 
methods is that although numerous models demonstrate good perfor
mance, they fail to explain how they achieve these results. This lack of 
transparency can lead to errors in the estimation process and ultimately 
result in poor performance when ML models are applied to conditions 
different from those of the training dataset (Gil et al., 2023). Therefore, 
previous studies have sought to reveal the importance of features to 

Fig. 1. Framework for constructing the GML model.

S. Jung et al.                                                                                                                                                                                                                                     Environmental Modelling and Software 190 (2025) 106466 

2 



output values using eXplainable AI (XAI) methods. For instance, a pre
vious study applied SHapley Additive explanation (SHAP) as an XAI 
method (Ribeiro et al., 2016; Štrumbelj and Kononenko, 2014). Lund
berg and Lee further proposed SHAP analysis using various tree models, 
including LightGBM, GBoost, CatBoost, and XGBoost (XGB) (Lundberg, 
2017). Moreover, several studies have used SHAP analysis and 
tree-based models for predicting and estimating O3 concentrations, 
demonstrating strong performance. Some of these studies have exclu
sively utilized XGB-based SHAP to identify features influencing O3 
(Kang et al., 2021), while others have combined SHAP with additional 
XAI methods to analyze key variables in depth (Han et al., 2022; 
Lundberg and Lee, 2017). In addition to SHAP, various XAI methods, 
such as the bootstrap test (BT) (Kleinert et al., 2021) and the exponential 
proportion method (Gil et al., 2021), have been used to examine the 
influence of features on output values. However, it remains unclear 
whether these methods produce consistent results, as they are based on 
different ML models and estimation techniques for feature influence 
(Adadi and Berrada, 2018; Guidotti et al., 2018; Lundberg et al., 2020).

Therefore, in this study, we developed a GML model to estimate 
missing O3 data, considering the spatiotemporal characteristics of re
gions in South Korea using data from the 2021 national air quality 
monitoring network and meteorological data. The performance of the 
developed GML model was evaluated based on regional characteristics. 
Additionally, we conducted a comparative study of various XAI methods 
to evaluate their suitability for examining the influence of input pa
rameters on O3 formation.

2. Materials and methodology

2.1. Observation database construction

In this study, O3 and associated trace gases (NO2, CO, and SO2), 
particulate matter (PM2.5 and PM10), ground-level synoptic meteoro
logical data (temperature, relative humidity, and wind speed), and 
temporal variables (hour of the day [HOD], day of the week [DOW], and 
day of year [DOY]) were used as parameters to develop the O3 estima
tion GML model (Fig. 1). These data span from January 1 to December 
31, 2021. Air quality data were obtained from the observatory of the 
Ministry of Environment, while synoptic meteorological data were 
sourced from the Korea Meteorological Administration. Both datasets 
are publicly available for download at (https://www.airkorea.or.kr/, 
https://data.kma.go.kr/). The air quality data and meteorological data 
were originally recorded at 1 h and 1 min intervals, respectively. For 
database construction, the meteorological data were aggregated to 1 h 
intervals.

As of 2021, South Korea has 250 administrative districts, with 506 
urban air pollution monitoring stations and 279 synoptic meteorological 
observing stations, some of which overlap in certain districts. Hence, in 
this study, data obtained from urban air pollution monitoring stations 
and synoptic meteorological observing stations were consolidated by 
administrative district. In cases of overlapping measurement data within 
a district, the average values were used as representative values. 
Consequently, the finalized database size was 8760 (hours per year) ×
250 (administrative districts) × 12 (atmospheric pollutants and mete
orological data), totaling 26,280,000 entries. The dataset was divided 
into two subsets: one for metropolitan areas and the other for provinces. 
Two GML models were trained for these subsets, designated as “City” 
and “Province,” respectively (Table S1).

A critical parameter in GML-based data estimation is the temporal 
length of missing values (Betancourt et al., 2023). Following previous 
studies, we grouped the temporal intervals of consecutive missing data 
into six categories: 1 h, 2 h, 3–5 h, 6–23 h, 1–6 days, and 7 days or more. 
The proportions of missing data were approximately 10 % in the City 
subset and 8 % in the Province subset. The 1-h interval group had the 
fewest missing data values, with approximately 3 % in the City subset 
and 2 % in the Province subset. In contrast, the 7-day-or-more interval 

group had the highest proportion of missing data, with 61 % in the City 
subset and 77 % in the Province subset (Table S2). The overall ratio for 
training, validation, and test data was set at 70:15:15 as randomly 
extracted from the whole period and consistently applied to each tem
poral group (Table S3).

2.2. GML for missing data estimation

Most statistical models for time series interpolation do not account 
for the spatial distribution of data. However, the air pollutant concen
tration data of nearby stations can exhibit strong correlations, while data 
from distant stations are generally independent. Therefore, GT, the 
foundation of GML, assigns a weight to represent the influence of spatial 
distance. This weight is calculated for connections (edges) between 1-h 
data points (nodes) that fall within the spatial characteristic shared 
distance (SCSD) (Table 1). This approach enhances the estimation ac
curacy of commonly used statistical models, particularly by accounting 
for spatiotemporal correlations. In this study, we developed a statistical 
baseline method (BM) for O3 concentration estimation (Fig. 2). This 
method uses statistical interpolation techniques, including the spatial 
mean (SM) method, spatiotemporal mean method (STM), nearest 
neighbor hybrid (NNH), and RF (eqs. (1)–(4)), while incorporating 
spatial distribution weights derived from GT. NNH is composed of Linear 
Interpolation (LI) and Nearest Neighbor Interpolation (NNI), and it is 
determined by the blank length (L) and threshold length (Lt) (eqs. (5) 
and (6)). For a detailed explanation of the methodology employed in this 
study, refer to Text S1 in the supplementary materials and Betancourt’s 
methodology (Betancourt et al., 2023). 

SM method
(
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Table 1 
SCSD of each region in this study.

Division Region SCSD (km)

City Busan 4
Daegu 4
Daejeon 4
Gwangju 4
Incheon 4
Sejong 4
Seoul 4
Ulsan 4

Province Chungcheong 11
Gangwon 23
Gyeonggi 9
Gyeongsang 17
Jeju 21
Jeolla 17

S. Jung et al.                                                                                                                                                                                                                                     Environmental Modelling and Software 190 (2025) 106466 

3 

https://www.airkorea.or.kr/
https://data.kma.go.kr/


In the above equations, y represents the actual observed values, ŷ de
notes predicted values, N represents the total number of observations, xi 
denotes a measurement station with index i, and tj represents a time step 

with index j. The, f
→

represents spatialized input data excluding the data 
to be predicted for an arbitrary node k, which is every missing ozone 
value with index. For the NNH and RF methods, missing values were 
interpolated using the SM of the nearest neighboring observatories at the 
same time step to maintain data integrity.

After constructing the four BMs, we determined the influences of 
spatial distance as weights. The SCSD was defined as the 75th percentile 
of spatial distances (Δx), calculated as the distance between all mea
surement nodes within a city or province. The SCSD values were 
approximately 4 km for cities and ranged from 9 to 23 km for provinces. 
Connections between nodes within this radius were defined as edges, 
and the weights of these edges were calculated.

Specifically, the weights of edges were determined by the spatial 
distance (Δx) and temporal distance (Δt) between arbitrary nodes k and 
k’. Previous studies have reported that the criteria for O3 transport ef
fects determining Δt are ambiguous in metropolitan regions and prov
inces in South Korea (Ghim and Chang, 2000; Oh et al., 2010). 
Consequently, in this study, only spatial distance (Δx) was considered 
when assigning spatial distribution weights (eq. (7)). 

wk→kʹ =
x −

⃒
⃒ΔxI,í

⃒
⃒

x
(7) 

The process of applying these weights to the BM involves three steps, 
referred to as correct and smooth (CaS), with detailed procedures 
described in the supplementary materials (Text S1) (Han et al., 2023; Shi 
et al., 2020).

2.3. Evaluation matrix for GML and hyperparameter tuning based on grid 
search

The performance of GML was assessed using the coefficient of 
determination (R2), root mean squared error (RMSE), and the index of 
agreement (IOA), as defined in eqs. (8)–(10). 
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IOA=1 −

∑N
k=1(yk − ŷk)

2

∑N
k=1(|yk − 〈y〉| + |ŷk − 〈y〉|)

(10) 

Here, N denotes the total number of index nodes, yk signifies the 
observed O3, and ŷk represents the estimated O3.

A grid search was conducted to optimize hyperparameters, namely Lt 
for NNH, depth for RF, and adjustable parameters for CaS. The detailed 
optimization process and selected hyperparameter values are provided 
in the supplementary materials (text S2).

Input features for GML were selected using the forward feature se
lection (FFS) method (Table 2). The FFS method identifies the optimal 
combination of features by evaluating each feature individually and 
selecting the combination that produces the best results (Meyer et al., 
2018). Our FFS analysis revealed that all of temporal feature (HOD, 
DOW, and DOY) were consistently selected across all regions, and NO2 
was similarly selected in chemistry feature. In meteorological feature, 

Fig. 2. Construction process of the database used for GML model development. The data were obtained from: (a) Urban air pollution monitoring stations. (b) 
Synoptic meteorological observing stations within a single administrative district of South Korea. These data were merged based on (c) administrative districts of 
South Korea in 2021 to represent concentrations.
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the temperature was selected most regions, only excepted in Busan. As a 
result, these temporal features, NO2, and other features were selected 
specific to each region.

2.4. Intercomparison of feature importance using different XAI methods: 
BT and SHAP

We performed FFS to select the optimal combination of input fea
tures to improve model performance. These feature combinations 
represent the spatiotemporal characteristics for O3 estimation. However, 
FFS only provides information regarding the influence of feature 

combinations on the output value but does not explain the details of 
each feature’s impact. Therefore, in this study, we applied two different 
combinations of ML models and XAI methods to estimate individual 
feature importance: (1) RF, an ML model and one of the BMs used in this 
study, paired with the BT as the XAI method, and (2) XGB, an ML model, 
paired with SHAP as the XAI method. The BT method estimates feature 
importance by setting feature values to zero and monitoring changes in 
model performance (Gil et al., 2023; Kleinert et al., 2021). The SHAP 
method calculates the contribution of each feature to the output based 
on the Shapley value (Jabeur et al., 2024; Lundberg and Lee, 2017). The 
data used to construct the XGB model for SHAP analysis are identical to 
the data used to construct GML. Details of the XGB results in our dataset 
are provided in the supplementary materials (Text S3).

3. Results and discussion

3.1. Optimization of ML methods using division-temporal missing 
characteristics

The performance of the four BMs and their corresponding CaS 
models was evaluated using test datasets. Seoul was chosen to represent 
cities (Tables 3 and 4), while Gyeonggi was selected to represent prov
inces (Tables 5 and 6). Seoul and Gyeonggi have 25 and 109 observa
tories, respectively. Performance metrics for each station were averaged 
regionally for comparison.

The application of CaS, regardless of spatiotemporal conditions or 
BMs, resulted in improved model accuracy (Fig. 3). In Seoul, without 
CaS, the R2 value ranged from 0.78 to 0.97, RMSE ranged from 3.37 
ppbv to 8.90 ppbv, and IOA ranged from 0.94 to 0.99. However, after 
applying CaS, the performance improved, with the minimum R2 

increasing from 0.89 to 0.96 and the minimum IOA increasing from 0.97 
to 0.99. Additionally, the maximum RMSE decreased significantly, from 
8.90 ppbv to 5.88 ppbv. In Gyeonggi, the R2 value ranged from 0.73 to 
0.97, RMSE ranged from 3.54 ppbv to 10.95 ppbv, and IOA ranged from 
0.93 to 0.99. The BM’s performance in Gyeonggi was slightly lower or 
comparable to that in Seoul. Similarly, after applying CaS in Gyeonggi, 
the R2 value increased from 0.84 to 0.94, IOA increased from 0.96 to 
0.98, and RMSE decreased from 8.38 ppbv to 4.99 ppbv. For missing 
intervals of less than 1 h, the BM without CaS performed better. This 
suggests that estimating O3 variation based on its own variability is 
sufficient for single-point predictions. The application of CaS 

Table 2 
Selected features for each region based on the FFS method.

Division Region Temporal 
feature

Chemistry 
feature

Meteorological 
feature

City Busan HoD, DoW, 
DoY

NO2 –

Daegu HoD, DoW, 
DoY

NO2 Temp, RH

Daejeon HoD, DoW, 
DoY

NO2 Temp

Gwangju HoD, DoW, 
DoY

NO2, SO2, 
PM2.5

Temp, WS, RH

Incheon HoD, DoW, 
DoY

NO2 Temp

Sejong HoD, DoW, 
DoY

NO2 Temp

Seoul HoD, DoW, 
DoY

NO2 Temp

Ulsan HoD, DoW, 
DoY

NO2, SO2 Temp, WS

Province Chungcheong HoD, DoW, 
DoY

NO2, SO2, 
PM10, PM2.5

Temp, RH

Gangwon HoD, DoW, 
DoY

NO2, PM10, 
PM2.5

Temp, WS

Gyeonggi HoD, DoW, 
DoY

NO2, PM10, 
PM2.5

Temp

Gyeongsang HoD, DoW, 
DoY

NO2, PM2.5 Temp, RH

Jeju HoD, DoW, 
DoY

NO2, CO, SO2 Temp

Jeolla HoD, DoW, 
DoY

NO2, PM2.5 Temp, WS, RH

Table 3 
Evaluation matrix for Seoul, representing city simulations for temporal intervals of missing length of less than 6 h.

Division Region Gap length Model R2 RMSE (ppb) IOA

City Seoul 1 h spatiotemporal mean ​ 0.00 18.39 0.06
​ ​ + correct and smooth 0.77 8.81 0.94
​ spatial mên ​ 0.90 5.93 0.97
​ ​ + correct and smooth 0.91 5.41 0.98
​ nearest neighbor hybrid ​ 0.97 3.37 0.99
​ ​ + correct and smooth 0.95 4.15 0.99
​ random forest ​ 0.91 5.42 0.98
​ ​ + correct and smooth 0.93 4.89 0.98
2 h spatiotemporal mean ​ 0.00 19.47 0.05
​ ​ + correct and smooth 0.77 9.36 0.93
​ spatial mean ​ 0.91 5.88 0.98
​ ​ + correct and smooth 0.92 5.33 0.98
​ nearest neighbor hybrid ​ 0.95 4.53 0.99
​ ​ + correct and smooth 0.95 4.45 0.99
​ random forest ​ 0.92 5.56 0.98
​ ​ + correct and smooth 0.94 4.86 0.98
3–5 h spatiotemporal mean ​ 0.00 19.01 0.01
​ ​ + correct and smooth 0.79 8.78 0.94
​ spatial mean ​ 0.90 5.88 0.97
​ ​ + correct and smooth 0.92 5.31 0.98
​ nearest neighbor hybrid ​ 0.89 6.23 0.97
​ ​ + correct and smooth 0.93 5.00 0.98
​ random forest ​ 0.91 5.57 0.98
​ ​ + correct and smooth 0.93 4.90 0.98
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demonstrated overall improvements in performance metrics across all 
groups regardless of the region, with the exception of 1 h missing 
intervals.

Previous studies employing GML for missing O3 data estimation in 
other countries have reported R2 values ranging from 0.00 to 0.97, 
RMSE values ranging from 2.43 ppbv to 16.25 ppbv, and IOA values 
ranging from 0.00 to 0.99 in the absence of CaS (Betancourt et al., 2023). 
After implementing CaS, R2 values increased to a range of 0.52–0.97, 
RMSE values decreased to a range of 3.07 ppbv–10.62 ppbv, and IOA 
values increased to a range of 0.82–0.99. These findings suggest that 
applying CaS can significantly enhance overall performance metrics.

In previous studies focusing on South Korea, several ML models for 
estimating missing temporal O3 data from the records of multiple 
ground observatories achieved R2 values ranging from 0.74 to 0.93, IOA 
values ranging from 0.84 to 0.93, and RMSE values ranging from 5.50 

ppbv to 10.70 ppbv (Eslami et al., 2020; Sayeed et al., 2022; Tang et al., 
2024). Additionally, combining ML and Kriging methods to integrate 
spatiotemporal characteristics resulted in IOA values ranging from 0.20 
to 0.61 (Eslami et al., 2020). These results indicate that using GML may 
achieve superior performance compared to other estimation methods by 
effectively accounting for complex spatial and temporal characteristics.

Based on the performance evaluation results, we selected the 
methods with the best performance metrics for each missing data time 
interval. Specifically, for intervals of 2 h or less, we selected NNH, which 
achieved R2 values ranging from 0.95 to 0.97, RMSE values ranging 
from 3.37 ppbv to 4.74 ppbv, and an IOA value of 0.99. Meanwhile, for 
intervals exceeding 2 h, we selected RF, which achieved R2 values 
ranging from 0.90 to 0.96, RMSE values ranging from 3.60 ppbv to 6.80 
ppbv, and IOA values ranging from 0.97 to 0.99. After model selection, 
CaS was applied to estimate and interpolate O3 concentrations for 250 

Table 4 
Evaluation matrix for Seoul, representing city simulations for temporal intervals of missing length of 6 h or more.

Division Region Gap length Model R2 RMSE (ppb) IOA

City Seoul 6–23 h spatiotemporal mean ​ − 0.01 20.07 0.13
​ ​ + correct and smooth 0.75 9.93 0.93
​ spatial mean ​ 0.91 5.89 0.98
​ ​ + correct and smooth 0.92 5.54 0.98
​ nearest neighbor hybrid ​ 0.80 8.90 0.95
​ ​ + correct and smooth 0.91 5.88 0.98
​ random forest ​ 0.92 5.51 0.98
​ ​ + correct and smooth 0.94 4.78 0.98
1–6 d spatiotemporal mean ​ 0.00 17.65 0.05
​ ​ + correct and smooth 0.75 8.74 0.93
​ spatial mean ​ 0.89 5.87 0.97
​ ​ + correct and smooth 0.91 5.36 0.98
​ nearest neighbor hybrid ​ 0.78 8.29 0.94
​ ​ + correct and smooth 0.89 5.72 0.97
​ random forest ​ 0.89 5.74 0.97
​ ​ + correct and smooth 0.92 4.93 0.98
≥7d spatiotemporal mean ​ − 0.01 17.86 0.12
​ ​ + correct and smooth 0.88 6.16 0.97
​ spatial mean ​ 0.90 5.75 0.97
​ ​ + correct and smooth 0.93 4.84 0.98
​ nearest neighbor hybrid ​ 0.81 7.82 0.95
​ ​ + correct and smooth 0.93 4.64 0.98
​ random forest ​ 0.93 4.75 0.98
​ ​ + correct and smooth 0.96 3.60 0.99

Table 5 
Evaluation matrix for Gyeonggi, representing province simulations for temporal intervals of missing length of less than 6 h.

Division Region Gap length Model R2 RMSE (ppb) IOA

Province Gyeonggi 1 h spatiotemporal mean ​ 0.00 20.21 0.06
​ ​ + correct and smooth 0.74 10.27 0.92
​ spatial mean ​ 0.84 8.18 0.95
​ ​ + correct and smooth 0.89 6.82 0.97
​ nearest neighbor hybrid ​ 0.97 3.54 0.99
​ ​ + correct and smooth 0.94 4.99 0.98
​ random forest ​ 0.89 6.69 0.97
​ ​ + correct and smooth 0.92 5.72 0.98
2 h spatiotemporal mean ​ 0.00 20.48 0.04
​ ​ + correct and smooth 0.74 10.36 0.92
​ spatial mean ​ 0.84 8.18 0.96
​ ​ + correct and smooth 0.88 7.05 0.97
​ nearest neighbor hybrid ​ 0.95 4.74 0.99
​ ​ + correct and smooth 0.93 5.38 0.98
​ random forest ​ 0.89 6.79 0.97
​ ​ + correct and smooth 0.92 5.87 0.98
3–5 h spatiotemporal mean ​ 0.00 20.26 0.03
​ ​ + correct and smooth 0.75 10.11 0.92
​ spatial mean ​ 0.84 8.00 0.96
​ ​ + correct and smooth 0.88 6.96 0.97
​ nearest neighbor hybrid ​ 0.90 6.47 0.97
​ ​ + correct and smooth 0.92 5.90 0.98
​ random forest ​ 0.88 6.98 0.97
​ ​ + correct and smooth 0.92 5.90 0.98
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administrative districts across the country (Fig. S2). The interpolated 
dataset resulted in an increase in average O3 levels compared to the raw 
dataset due to differences in data distribution (Fig. S3). Specifically, the 
interpolated dataset led to annual O3 increases of over 1.44 % in cities 
and more than 3.26 % in provinces (Fig. S4). Moreover, the discrepancy 
between the original and interpolated data was more pronounced in 
provinces than in cities. This discrepancy is likely due to differences in 
the number of observatories per area within the SCSD between cities and 
provinces. These results highlight the potential for bias in O3 estimations 
when unobserved data are used and emphasize the importance of ac
curate missing data interpolation (Yeo and Kim, 2021).

3.2. Model-uncertainty-inducing parameters

Uncertainty in GML models for O3 estimation is influenced by several 
factors. O3 levels in Korea are subject to seasonal variations due to its 
mid-latitude position on the Korean Peninsula. The distribution of ozone 
concentrations exhibits temporal and spatial variability, influenced by 
the high population densities in specific cities and distinct industrial 
structures across cities and regions (Colombi et al., 2023; Jung et al., 
2018; Lee and Park, 2022). Across the test dataset for each region, the 
monthly deviation, representing the difference between observed and 
estimated O3 concentrations, increased significantly by up to 6.08 ppbv 
in June. This deviation also demonstrated the widest range, spanning 
from − 7.61 to 18.01 ppbv (Fig. S5). This coincides with the season of 
highest O3 concentration, highlighting the difficulty in accurately esti
mating extremely high O3 levels due to the inherent limitations of ML 
models in capturing average variations. This underscores the need for 
specialized models to simulate the high O3 concentrations observed 
during summer, which coincide with rising temperatures.

Furthermore, as the proportion of missing data increases, the 
discrepancy between average O3 concentrations in the raw and inter
polated datasets increases. In our study, the increase in mean O3 con
centration deviation relative to the missing data proportion was lower 
for cities (0.049) compared to that for provinces (0.087) (Fig. S6). This is 
likely due to the smaller average distance between observatories in cities 
(4.7 km) compared to that in provinces (10.9 km), as well as the higher 
average number of measurement stations per edge used to calculate 
spatial weights in cities (5.29) compared to that in provinces (1.38). 
These findings suggest that developing a customized model for each 
region is more appropriate for reflecting temporal characteristics of 

pollutant variations and hyperparameter settings. This approach may be 
more effective than constructing a universally optimized model for all 
spatiotemporal points.

3.3. Parameter analysis using BT and SHAP

As detailed previously, ML models are influenced by various un
derlying spatiotemporal characteristics. This makes it challenging to 
understand how the models operate and to ensure the reliability of their 
results. XAI is a method that provides insights into the processes by 
which models calculate output values from input parameters. However, 
different XAI methods may provide differing insights owing to their 
inherent characteristics, which can lead to confusion in result inter
pretation. Therefore, in this study, we used two different ML‒XAI 
combinations (see Section 2.4 for details) and compared their results 
(Fig. 4). In the City subset, the R2 value was 0.88 and the RMSE value 
was 6.30 ppbv when RF was applied without the CaS process. However, 
after incorporating spatial O3 characteristics using the CaS process, the 
R2 value improved to 0.90 and the RMSE decreased to 5.83 ppbv, 
reflecting improved performance metrics similar to those in Fig. 3. A 
similar pattern was observed in the Province subset. Without the CaS 
process, RF achieved an R2 value of 0.82 and an RMSE value of 7.45 
ppbv. However, after incorporating spatial O3 characteristics using CaS, 
the R2 value improved to 0.85 and the RMSE decreased to 6.73 ppbv. 
The results of XGBoost were similar to those of RF, with an R2 value of 
0.85 and an RMSE value of 7.14 ppbv for the City subset and an R2 value 
of 0.81 and an RMSE value of 8.18 ppbv for the Province subset.

The BT results reveal that NO2 and DOY were the most important 
features in both City and Province subsets (Fig. 5 and Table S4). These 
features indicate the significance of O3 precursors (NO2) and seasonal 
changes (DOY). NO2 is the most important feature in the City subset but 
is less important than DOY in the Province subset. This suggests that 
direct NO2 emissions are more significant for estimating O3 levels in City 
regions, where observatories are located closer to emission sources (e.g., 
vehicles), compared to Province regions. In Province regions, the larger 
area weakens the influence of direct NO2 emissions. Consequently, O3 
estimation is more strongly affected by seasonal changes in monthly 
averaged NO2 levels and variations in sunlight, which drive photo
chemical reactivity changes. Furthermore, features with lower impor
tance, such as HOD and temperature, share similar characteristics with 
DOY. These features reinforce photochemical reactivity during daytime 

Table 6 
Evaluation matrix for Gyeonggi, representing province simulations for temporal intervals of missing length of 6 h or more.

Division Region Gap length Model R2 RMSE (ppb) IOA

Province Gyeonggi 6–23 h spatiotemporal mean ​ 0.00 20.81 0.04
​ ​ + correct and smooth 0.72 10.97 0.91
​ spatial mean ​ 0.84 8.34 0.96
​ ​ + correct and smooth 0.88 7.13 0.97
​ nearest neighbor hybrid ​ 0.77 9.91 0.94
​ ​ + correct and smooth 0.87 7.50 0.96
​ random forest ​ 0.89 6.86 0.97
​ ​ + correct and smooth 0.92 6.01 0.98
1–6 d spatiotemporal mean ​ − 0.01 20.27 0.12
​ ​ + correct and smooth 0.71 10.91 0.91
​ spatial mean ​ 0.83 8.28 0.95
​ ​ + correct and smooth 0.88 6.92 0.97
​ nearest neighbor hybrid ​ 0.78 9.55 0.94
​ ​ + correct and smooth 0.87 7.25 0.96
​ random forest ​ 0.88 7.00 0.97
​ ​ + correct and smooth 0.92 5.88 0.98
≥7 d spatiotemporal mean ​ − 0.02 21.27 0.16
​ ​ + correct and smooth 0.72 11.08 0.91
​ spatial mean ​ 0.81 9.12 0.95
​ ​ + correct and smooth 0.86 7.93 0.96
​ nearest neighbor hybrid ​ 0.73 10.95 0.93
​ ​ + correct and smooth 0.84 8.38 0.96
​ random forest ​ 0.86 7.97 0.96
​ ​ + correct and smooth 0.90 6.80 0.97
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(HOD) and summer periods (DOY) as temperatures increase. These re
sults align with current knowledge, indicating that the model is well- 
constructed and accurately reflects natural atmospheric conditions. 
The BT results effectively explain the influence of each feature on O3 
output.

When CaS was applied to RF (closed boxes in Fig. 5), the deteriora
tion in model performance was smaller compared to RF without CaS 
(open boxes in Fig. 5). This suggests that the CaS method reduces un
certainty from input variables, thereby improving model performance. 
Despite these changes, the major features (NO2, DOY, HOD, and tem
perature) retained their rankings, indicating their consistent importance 
in estimating O3 regardless of model performance. Additionally, when 
CaS was applied, the importance of DOY was reduced relative to that of 
NO2 as CaS modulated the effects of spatial distribution. This suggests 
that, in XAI methods, CaS can serve as an optimal tool for interpreting 
complex spatiotemporal data.

Similar to the BT results, emission (NO2) and reaction (HOD, DOY, 
and T) features in SHAP were also identified as the most influential 
factors in both the City and Province regions. In particular, the influence 
of NO2 in City regions remains the most significant feature across all ML 
models (RF, XGB) and XAI methods (BT, SHAP). This indicates that 
changes in NO2, already known as one of the major O3 precursors (NOx 

and VOCs), are the most important factor in estimating City O3 levels. 
Additionally, the ML models effectively capture these atmospheric 
chemical conditions.

An interesting observation in Province regions is that the order of 
influence of HOD, DOY, and T differs between the BT and SHAP results. 
In BT, HOD and DOY are more influential than T, whereas in SHAP, T is 
the most important feature, followed by HOD and DOY. This difference 
arises from the shared characteristics of HOD, DOY, and T, which are 
linked to changes in photochemical reactivity influenced by sunlight 
levels, reaction speed, seasonality, and diurnality. This suggests that 
interpreting XAI results requires a background understanding of the 
relationships between input and output features, especially when fea
tures are interrelated.

Consequently, our results indicate that the choice of ML models and 
XAI methods is not critical for explaining the results. This suggests that 
when researchers apply multiple AI models with XAI methods and 
obtain similar results, the identified influential features are likely 
important not only for simulations but also in the actual atmosphere. 
Furthermore, these findings may provide clues for uncovering unknown 
mechanisms.

Fig. 3. Correlation between observed data and simulation data from four BMs, with CaS (blue closed circles) and without CaS (red open circles). (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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3.4. Implications for human health and climate change

In this study, we developed a graph-based ML model by integrating 
GT into a statistical interpolation method to estimate missing O3 con
centrations. The model utilized atmospheric pollution data and surface 
meteorological observations recorded by South Korea’s urban air 
monitoring network in 2021. The O3 estimation results revealed that, 
except for short-term missing data lasting less than 1 h, the graph-based 
ML model consistently outperformed conventional statistical 

interpolation methods and other ML techniques across all regions.
The discrepancy between the raw data and the interpolation results 

obtained using GML models varies depending on spatiotemporal factors. 
These factors include high O3 concentrations during seasonal transitions 
and variations in the density of regional observatories. These findings 
align with those of previous studies on PM2.5 prediction using GML 
(Ejurothu et al., 2023), which emphasize the need to account for 
regional and temporal variations in O3 when developing ML-based air 
pollutant prediction models. It is therefore imperative to conduct further 

Fig. 4. Comparison of R2 and RMSE results for RF and XGBoost models in City and Province regions: R2 results: RF without CaS, RF with CaS, and XGBoost for City 
(red bars) and Province (blue bars). RMSE results: RF without CaS, RF with CaS, and XGBoost for City (black diamonds) and Province (black squares). (For 
interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)

Fig. 5. Importance of input features estimated by (a) BT and (b) SHAP method for City (red) and Province (blue). BT results show the mean decrease in the 
determination coefficient (R2). SHAP results indicate Shapley values. Open boxes represent results without CaS, and closed boxes represent results with CaS in panel 
(a). (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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research into not only the regional chemistry of O3 but also national 
trends in O3 increases, including transboundary transport and its 
impacts.

In particular, as summer heatwaves increase due to global climate 
change, the frequency of high O3 concentration cases is expected to rise 
in the future. Our parameter analysis results, based on the XAI method, 
identified the potential for O3 rise caused by temperature changes. This 
O3 increase presents a critical issue in terms of its impact on vegetation 
and human health. A previous study demonstrated that elevated O3 
levels are associated with an increased risk of cardiovascular and res
piratory diseases. This included a 0.3 % increase in the risk of death and 
a 6.3 % increase in the risk of death from out-of-hospital coronary events 
for every 5 ppbv increase in the daily maximum O3 concentration 
(Nuvolone et al., 2018). Our results demonstrate that the interpolated 
O3 dataset is more sensitive to temperature changes, especially during 
the hot season (Table S5). This implies that the health effects of O3 under 
global warming may have been underestimated in previous studies due 
to the absence of O3 data. These findings indicate that missing O3 data 
may introduce bias in the estimation of annual average O3 concentra
tions, which could have significant implications for research on O3’s 
health effects. Consequently, it is essential to interpolate missing data 
using appropriate methodologies for O3 influence studies. The GML 
model will be particularly helpful in addressing gaps in understanding 
O3 enhancement, and comparison of different ML-XAI combination re
sults can be applied as useful method for validating the developed 
model.
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• Source code at: https://github.com/Merkyarhhh/Ozone-interpolatio 
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