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Abstract. Surface ozone (O3) concentrations in China have continued to increase, but the roles of meteoro-
logical variability and longer-term changes remain uncertain, particularly across seasons and regions. Here, we
combined LightGBM-based meteorological normalization with SHapley Additive exPlanations (SHAP) to in-
vestigate warm- and cold-season variations in maximum daily 8 h average O3z (MDAS O3) across China during
2015-2024. The models reproduced daily MDAS8 O3 variability reasonably well, with mean testing R? values
of 0.62 and 0.68 in the warm and cold seasons, respectively. Observed national mean MDAS O3 increased by 2.0
and 2.2pugm—3yr~! in the two seasons, respectively. After meteorological normalization, the corresponding
trends were 1.1 and 1.2ugm ™3 yr—!, indicating that meteorological variability alone cannot fully explain the
observed increases. The normalized long-term component may reflect changes in precursor emissions, back-
ground O3z, regional transport, and other processes not explicitly represented in the model. SHAP analysis re-
vealed distinct seasonal and regional meteorological associations. During the warm season, temperature and
solar radiation were more important in northern inland and basin regions, whereas relative humidity and wind
were more important in southern coastal regions. During the cold season, solar radiation dominated across most
regions, while relative humidity was more important in the Pearl River Delta. Meteorological contributions gen-
erally shifted from negative during 2015-2019 to positive after 2019, amplifying O3 pollution in several regions.
These findings highlight the importance of accounting for seasonal meteorological variability when evaluating

long-term O3 trends in China.

1 Introduction

Surface ozone (O3) has become an increasingly important
air pollutant in many regions of the world, with adverse ef-
fects on human health, vegetation, and crop production (Feng
et al., 2015; Gong et al., 2021; Chen et al., 2023; He et al.,
2023). In China, substantial reductions in primary air pol-
lutants, including SO, and PMj3 5, have been achieved since
the implementation of the Air Pollution Prevention and Con-
trol Action Plan in 2013. However, surface O3 concentrations
have continued to increase in many regions, limiting further

improvements in air quality (Wang et al., 2017; Li et al.,
2020; Wang et al., 2022a). This problem is particularly ev-
ident in densely populated and highly industrialized regions,
such as the North China Plain (NCP), Yangtze River Delta
(YRD), Pearl River Delta (PRD), Sichuan-Chongqing Basin
(SCB), and Fenwei Plain (FWP), where O3 pollution exhibits
pronounced regional characteristics and complex temporal
variability (Lu et al., 2019; Wang et al., 2022b; Ren et al.,
2023; Cao et al., 2024b).

The formation and variability of tropospheric O3 are con-
trolled by coupled effects of precursor emissions, atmo-
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spheric chemistry, and meteorological conditions (Li et al.,
2016; Wang et al., 2017). Photochemical O3 production de-
pends nonlinearly on nitrogen oxides (NO, ) and volatile or-
ganic compounds (VOCs), resulting in different O3 sensitiv-
ity regimes across regions and seasons (Ren et al., 2022;
Wang, 2022a). Meteorological conditions further regulate
O3 formation, accumulation, transport, and removal. High
temperature, strong solar radiation, low relative humidity,
weak ventilation, and stagnant conditions generally favor
photochemical production and near-surface accumulation of
O3, especially during the warm season (Liu et al., 2019;
Wang et al., 2025a; Yang et al., 2024). In addition, boundary-
layer dynamics and regional transport can modify the vertical
mixing and horizontal redistribution of O3 and its precursors
(Li et al., 2016; Wang et al., 2017; Weng et al., 2022; Chen
et al., 2025). These processes indicate that observed O3 vari-
ability reflects both changes in precursor emissions and me-
teorological modulation, and that their relative importance
may differ substantially between seasons and regions.

Quantifying the respective roles of meteorological vari-
ability and non-meteorological changes is essential for in-
terpreting long-term O3 trends and evaluating the effective-
ness of air-quality management. Several approaches have
been used for this purpose, including chemical transport
models (CTMs), statistical decomposition methods, and
machine-learning-based meteorological normalization (Yang
and Zhao, 2023; Li et al., 2022; Guo et al., 2022; Liu et al.,
2019; Zhou et al., 2022; Xue et al., 2023; Zhang et al., 2024).
CTMs can explicitly represent emissions, chemistry, trans-
port, and deposition processes, and are therefore powerful
tools for process-level attribution. However, their results can
be sensitive to emission inventories, chemical mechanisms,
boundary conditions, and meteorological inputs, which in-
troduces uncertainty in long-term and large-scale applica-
tions (Yang and Zhao, 2023; Li et al., 2022). Statistical meth-
ods, such as Kolmogorov—Zurbenko filtering and multiple
linear regression, provide useful empirical estimates of me-
teorological and non-meteorological contributions, but they
may have limited ability to represent nonlinear chemical
responses and interactions among meteorological variables
(Liu et al., 2023a). Machine learning provides an alternative
framework for capturing nonlinear relationships between O3
and meteorological predictors and has been increasingly used
to remove meteorological variability from air-pollution time
series (Grange and Carslaw, 2019; Vu et al., 2019; Grange
et al., 2018; Ding et al., 2023; Dai et al., 2023).

Among machine-learning approaches, tree-based ensem-
ble models have been widely applied in air-quality stud-
ies because of their ability to handle nonlinear responses,
variable interactions, and large observational datasets. Light-
GBM is a computationally efficient gradient-boosting frame-
work that can provide robust predictive performance for
large-scale environmental data (Ke et al., 2017). Recent envi-
ronmental applications include an interpretable LightGBM—
SHAP framework for seasonal analysis of urban heat-island
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and PMj; 5 pollution management (Liu and Hang, 2026), as
well as LightGBM-based bias correction of O3z projections
from a chemistry—climate model (Ni et al., 2026). When
combined with meteorological normalization, such models
can estimate the O3 concentrations expected under average
meteorological conditions and thereby separate meteorologi-
cally driven variability from longer-term non-meteorological
changes (Grange et al., 2018; Vu et al., 2019; Dai et al.,
2023). In addition, SHapley Additive exPlanations (SHAP)
can be used to interpret trained machine-learning models
by attributing model predictions to individual input vari-
ables (Lundberg and Lee, 2017; Lundberg et al., 2020). Re-
cent studies have applied interpretable machine-learning ap-
proaches to investigate O3 pollution and its associated factors
(Weng et al., 2022; Zhang et al., 2024; Tan et al., 2024; Lyu
et al., 2025). However, SHAP values explain how the fitted
model attributes its predictions to the input variables. These
attributions reflect patterns learned by the model; they do not,
by themselves, establish physical causality or quantify the di-
rect physical effect of individual variables on O3.

Despite these advances, several gaps remain in under-
standing recent O3 changes in China. First, many previous
studies have focused on individual cities, selected polluted
regions, or warm-season O3 episodes, whereas a consis-
tent national-scale assessment over the most recent decade
remains limited (Li et al., 2020; Wang et al., 2022a; Wu
et al., 2022; Ding et al., 2023). Second, warm-season O3
has received much attention because of strong photochemi-
cal production and frequent exceedances, but cold-season O3
changes are also important. Future projections further sug-
gest that O3 pollution may extend into the non-warm sea-
son as declining NO, emissions weaken the titration effect
(Yang et al., 2025a; Wang Y., Wang Y., et al., 2025). During
the cold season, weaker photochemistry, reduced NO titra-
tion, changes in background O3, boundary-layer processes,
and regional transport may all affect surface O3 levels (Li
et al., 2021; Tong et al., 2023; Wang et al., 2022b). A di-
rect comparison between warm and cold seasons is there-
fore needed to clarify whether the drivers of O3 changes dif-
fer between high-photochemical and low-photochemical en-
vironments. Third, the spatial heterogeneity of meteorologi-
cal modulation across major polluted regions remains insuf-
ficiently quantified, particularly under the recent changes in
both emissions and climate variability (Liu and Wang, 2020;
Weng et al., 2022; Wang et al., 2025b).

Here, we investigate the interannual variability of
MDAS O3 across China during the warm and cold seasons
from 2015 to 2024. We first characterize the spatial distri-
bution and temporal trends of observed MDAS O3 at the
national scale and across major polluted regions. We then
develop a LightGBM-based meteorological normalization
framework to estimate meteorologically normalized O3 con-
centrations and to quantify the relative contributions of mete-
orological variability and meteorologically normalized com-
ponents to interannual O3 changes. The meteorologically
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normalized component is interpreted as a composite signal
that is likely influenced by changes in precursor emissions,
background O3, regional transport, and other slowly vary-
ing processes. Finally, we apply SHAP analysis to identify
the meteorological variables most strongly associated with
O3 variability across regions and seasons. By comparing
warm- and cold-season O3 changes, this study aims to pro-
vide a seasonally resolved understanding of the meteorologi-
cal modulation and long-term evolution of surface O3 pollu-
tion in China.

2 Data and methods
2.1 Data

This study used hourly surface O3 observations from the
China National Environmental Monitoring Centre (CNEMC)
for the period 2015-2024. MDAS8 O3 was used as the pri-
mary metric because it is widely applied in studies of sur-
face O3 pollution and is closely related to air-quality as-
sessment. Quality control excluded monitoring sites with
more than 10 % missing hourly records during the study
period, including sites whose prolonged consecutive gaps
caused the missing-record fraction to exceed this thresh-
old. A total of 1142 monitoring sites were retained for the
analysis. The numerical features were standardized before
KNN reconstruction. Hourly O3 reconstruction was lim-
ited to short gaps (short_gap <24 h; hour_window ==+ 2h;
doy_window = £ 45d; features=CO, PM;5, NO,, SO»,
hour, day_of_year, day_of_week; metric = “euclidean”;
min_donors > 20; n_neighbors = 10; weighting = inverse
distance) (Saeipourdizaj et al., 2021; Belachsen and Broday,
2022). Only gaps of <24 h were reconstructed; longer gaps
or gaps without sufficient donor support remained missing.
Across the 1142 retained sites, KNN-reconstructed values
accounted for 4.58 % of all expected hourly O3 records dur-
ing 2015-2024. For each station, MDAS8 O3 was defined as
the maximum 8 h rolling mean with window end times be-
tween 08:00 and 24:00 LT (local time, UTC+38). Each win-
dow required at least six valid hourly observations, and a
value was retained only when at least 14 valid 8 h rolling-
mean windows were available within this period.

Previous studies of O3 pollution in China have focused
mainly on the warm season, but recent evidence indicates
that O3 increases are not confined to photochemically active
months and can also extend into the cold season. To exam-
ine the seasonal contrast in O3 variability, we defined May—
October as the warm season and November—April as the cold
season. For the cross-year cold season, November and De-
cember were assigned to the following cold-season year to-
gether with January—April. For example, the 2016 cold sea-
son refers to November—December 2015 and January—April
2016. This definition separates the high-photochemical and
low-photochemical periods and is consistent with previous
studies of seasonal O3 variability in China (Wang et al.,
2022a).
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Because the first cold season (2015) includes November—
December 2014, some stations lack observations for these
boundary months. At sites without matched 2014 historical
files, we used nearest-neighbor interpolation to obtain daily
MDAS O3 estimates from the 1 km ChinaHighO5 Version 3
dataset at each monitoring-site location, filling only missing
boundary-period values where valid estimates were available
and retaining observed station values (Wei et al., 2022; Yang
et al., 2025b). The dataset had a cross-validation R? of 0.89
and an RMSE of 15.77 uygm™3 (ChinaHighO; Version 3
dataset: https://doi.org/10.5281/zenodo.21811088). Because
dataset estimates may differ from station observations at in-
dividual sites, we assessed the sensitivity of the national
cold-season trend by comparing this treatment with two al-
ternatives: leaving missing values unfilled and excluding
November-December 2014. The national cold-season trend
retained the same direction and statistical significance under
all three treatments. The three scenarios are summarized in
Table S1 in the Supplement, and their effects on the national
cold-season trend are shown in Fig. S1 in the Supplement,
with further details provided in Sect. S1 in the Supplement.

To examine regional differences, we grouped representa-
tive cities into five major polluted regions: NCP, YRD, PRD,
FWP, and SCB. The regional classification follows previous
work on surface O3z pollution and source-meteorology in-
fluences in China (Lu et al., 2019). The detailed city lists
for each region are provided in Table S2. Meteorological
fields were obtained from the ERAS reanalysis produced by
the European Centre for Medium-Range Weather Forecasts
(ECMWF), with a horizontal resolution of 0.25° x 0.25° and
an hourly temporal resolution. We selected meteorological
variables that are closely related to O3 photochemical pro-
duction, atmospheric transport, dilution, and boundary-layer
processes. These variables include 2 m temperature (T2M),
surface solar radiation downwards (SSRD), total cloud cover
(TCC), boundary-layer height (BLH), 10 m zonal and merid-
ional wind components (U10 and V10), surface pressure
(SP), relative humidity (RH), and total precipitation (TP).
The daily aggregation of meteorological variables followed
the approach of Weng et al. (2022), with different averaging
periods selected to represent the meteorological conditions
most relevant to daytime O3z formation and transport (Ta-
ble S3). ERAS meteorological variables were interpolated to
each monitoring site using nearest-neighbor interpolation.

The daily city means of MDAS8 O3 were calculated as
arithmetic means of valid station observations, and national
and regional daily means as arithmetic means of valid city
means across all cities or those listed in Table S2, respec-
tively. The warm- and cold-season annual means were calcu-
lated from the corresponding daily means; trends over 2015—
2024 were estimated at the site, national, and regional scales
using Theil-Sen slopes, with significance assessed using the
Mann—Kendall test.
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2.2 LightGBM-based meteorological normalization
method

In this study, we developed a LightGBM-based prediction
model to estimate daily MDAS8 O3 concentrations. Light-
GBM is a gradient-boosting decision-tree algorithm that is
well suited for large environmental datasets because it can
capture nonlinear relationships and interactions among pre-
dictors while maintaining high computational efficiency (Ke
et al., 2017). The target variable was daily MDAS8 Oz, and
the input predictors included both temporal and meteoro-
logical variables. Temporal variables included Unix time,
day of year (DOY), and day of week (DOW), which were
used to represent long-term changes and recurring seasonal
or weekly patterns that are not explicitly explained by me-
teorological variability. Meteorological predictors included
T2M, SSRD, TCC, BLH, U10, V10, SP, RH, and TP, repre-
senting thermal, radiative, dynamic, moisture, and boundary-
layer conditions relevant to O3 formation and dispersion. To
assess the representation of long-term variation, we com-
pared normalized trends with and without Unix time (Fig. S2
and Sect. S2). Its removal markedly weakened the trends,
but Unix time cannot be interpreted as a uniquely non-
meteorological signal.

An independent LightGBM model was fitted for each
monitoring site and season. Data from 2015-2021 were used
for training. Hyperparameters were selected separately for
each site and season using time-ordered validation within this
period: models were trained on earlier years and evaluated on
later years, and the combination with the lowest mean RMSE
was retained. Data from 2022 were used for validation, and
observations assigned to the 2023-2024 seasonal test period
were held out for testing. Model performance was assessed
using the coefficient of determination (R2), root mean square
error (RMSE), and mean absolute error (MAE). To assess the
sensitivity of the normalized regional patterns to the learning
algorithm, we repeated the analysis using a Random Forest
(RF) model. The two analyses used the same station data,
seasonal definitions, temporal partition, predictors, and nor-
malization procedure; only the learning algorithm and its
model-specific settings differed. The hyperparameter settings
for both models are listed in Table S4.

Meteorological normalization was used to estimate
O3 concentrations under resampled meteorological condi-
tions and to distinguish meteorological variability from the
meteorologically normalized long-term component, follow-
ing frameworks used in air-quality studies (Grange et al.,
2018; Vu et al., 2019; Dai et al., 2023). For each target date,
temporal variables were kept unchanged, while the nine me-
teorological variables were jointly sampled as a single vector
to preserve their joint structure. Specifically, valid records
containing all nine meteorological variables were sampled
from a circular &+ 14 d window centered on the target date’s
day of year. For example, for a target date of 15 July, mete-
orological observations were sampled from 1-29 July across
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all available years. This approach preserves the seasonal
characteristics of meteorology while reducing the influence
of year-specific anomalies.

For each target date, the resampled meteorological vari-
ables and fixed temporal variables were input into the cor-
responding trained model (LightGBM or RF) to predict
MDAS O3. This procedure was repeated 1000 times, and the
average of the 1000 predictions was defined as the meteoro-
logically normalized MDAS8 O3 concentration for that date.
The normalized concentration represents the mean model-
predicted O3 concentration under average meteorological
conditions resampled from the selected seasonal window.
Therefore, the difference between the observed and normal-
ized concentrations can be interpreted as the meteorological
anomaly contribution, whereas the normalized time series re-
flects a meteorologically normalized long-term component.
This component is a model-based composite signal that may
reflect changes in precursor emissions, background O3, re-
gional transport, natural emissions, and other processes not
explicitly represented in the model; it is not a physically iso-
lated estimate of anthropogenic emission changes.

Sensitivity tests were conducted to evaluate the influ-
ence of the normalization parameters, including the num-
ber of iterations and the sampling window size (Figs. S3
and S4). The variability among repeated meteorological-
normalization calculations decreased as the number of pre-
dictions increased and became relatively stable at approx-
imately 1000 predictions. Therefore, 1000 iterations were
used in the final meteorological normalization procedure.
The interannual trends of normalized MDAS8 O3 remained
stable when the sampling window varied from £ 7 to +28d,
indicating that the selected £ 14 d window provided a rea-
sonable balance between meteorological representativeness
and sample size.

For each region and season, O; and N; denote the
observed and meteorologically normalized annual mean
MDAS O3 concentrations in year i, respectively. The meteo-
rological contribution in year i is defined as:

M; = O; — N; (D

where M; is the meteorological contribution in year i, O; is
the observed seasonal mean MDAS O3z concentration in
year i, and N; is the meteorologically normalized long-term
component.

For the change from year i to year j, the observed change
is:

AO=0;-0; 2)
The non-meteorological contribution is then defined as:
AN; =A0 —M; 3)

Here, AN; represents the part of the observed change not
accounted for by M; and may reflect changes in precursor
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emissions, background O3z, regional transport, natural emis-
sions, and other processes not explicitly represented in the
model.

2.3 SHapley Additive exPlanations (SHAP) approach

To identify the meteorological variables most strongly asso-
ciated with MDARS O3 variability, we applied the SHapley
Additive exPlanations (SHAP) method to the SHAP-specific
LightGBM model (Lundberg and Lee, 2017; Lundberg et al.,
2020).

SHAP is based on cooperative game theory and decom-
poses a model prediction into a baseline value and contribu-
tions from individual predictors.

For a given prediction, the SHAP representation can be
expressed as:

M
f@ =00+ ¢i “4)

i=1

where f(x) is the LightGBM-predicted MDAS8 O3 concen-
tration for sample x, ¢ is the baseline model output, defined
as the expected prediction over the background dataset, M is
the number of input variables, and ¢; is the SHAP value of
predictor i. A positive SHAP value indicates that the pre-
dictor increases the predicted MDA O3 concentration rel-
ative to the baseline, whereas a negative value indicates a
decrease. The absolute magnitude of the SHAP value indi-
cates the strength of the model-attributed contribution of that
predictor to a specific prediction.

In this study, SHAP values were calculated using a sep-
arate LightGBM model (inputs: T2M, SSRD, TCC, BLH,
U10, V10, SP, RH, and TP; output: MDAS Oj3; baseline:
expected model output; importance metric: mean abso-
lute SHAP value). The SHAP model used the hyperpa-
rameters selected for the corresponding site- and season-
specific LightGBM model through the validation procedure
described in Sect. 2.2 (Table S4). Site-level mean absolute
SHAP values were used to identify the most important mete-
orological variable in each season, while signed SHAP val-
ues were aggregated from sites to cities and regions to sum-
marize the annual direction of the modelled meteorological
contribution. To assess the sensitivity of variable rankings to
the learning algorithm, we also calculated SHAP values for
RF models using the same nine meteorological predictors,
without temporal variables.

For regional annual analysis, signed SHAP values were
first averaged over the available daily records for each site,
season, and year. The resulting site-level annual means were
then averaged across sites within each city and across cities
within each region using equal city weights. Positive and
negative values were retained, and the regional annual means
of the nine meteorological variables were summed to obtain
the annual SHAP total shown by the black line in Figs. 6b
and 7b.
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This SHAP total is a model-based signed summary and
is distinct from the meteorological contribution M; = O; —
N; used for comparison. Accordingly, the two are com-
pared only in terms of their regional annual patterns, and
their magnitudes are not expected to agree quantitatively.
It should be noted that SHAP values describe model-based
associations between meteorological predictors and model-
predicted MDAS O3 concentrations; they do not establish
physical causality. We therefore discuss the results in the
context of atmospheric processes related to O3 formation,
transport, and dispersion, while recognizing that SHAP anal-
ysis does not identify these processes individually.

3 Results and discussion

3.1 Performance of the machine learning model

Figure 1 shows the performance of the LightGBM models in
predicting daily MDAS8 O3 concentrations across China dur-
ing the warm and cold seasons. Model performance was eval-
uated using held-out test observations for each monitoring
site, and the spatial distributions of site-level R? are shown
in Fig. 1a and b. Density scatter plots of observed and pre-
dicted daily MDAS8 O3 concentrations are shown in Fig. lc
and d. Overall, the LightGBM models reproduced the ob-
served daily variability of MDAS8 O3 reasonably well in both
seasons, although the model skill varied among regions and
monitoring sites.

During the warm season, the mean site-level testing R?
was 0.62. Based on all available test observations, the RMSE
and MAE were 20.9 and 16.4 ugm™3, respectively. During
the cold season, the mean site-level testing R? was 0.68,
and the RMSE and MAE were 18.3 and 14.0ugm™3, re-
spectively. The observed and predicted values were gen-
erally distributed around the 1:1 line, indicating that the
models captured the main variations in daily MDAS O3 in
both seasons. To assess whether meteorological normaliza-
tion results were sensitive to the choice of learning algo-
rithm, we also used RF as an alternative model and evalu-
ated its predictive performance using the same available test
observations. RF yielded mean site-level R? values of 0.62
and 0.70 in the warm and cold seasons, respectively; pooled
RMSE and MAE were 21.1 and 16.6 ugm™3 in the warm sea-
son and 18.0 and 13.7ugm™ in the cold season (Fig. S5).
The comparable performance supports the use of RF as an
alternative-model sensitivity check in the subsequent meteo-
rological normalization analysis.

The better model performance in the cold season may be
related to weaker photochemical activity and relatively lower
variability in O3 concentrations compared with the warm
season. In contrast, warm-season O3 is more strongly influ-
enced by nonlinear photochemical production, episodic high-
temperature events, and regional transport, which may in-
crease the difficulty of prediction. Nevertheless, the testing
results indicate that the LightGBM models are able to repre-
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(b) Cold Season
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Figure 1. Performance of the LightGBM models for daily MDA8 O3 prediction. (a, b) Spatial distributions of site-level testing R? during
the warm and cold seasons, respectively. (¢, d) Density scatter plots of observed versus predicted daily MDAS O3 concentrations during the
warm and cold seasons, respectively. The dashed lines indicate the 1 : 1 line.

sent the main temporal variability of MDAS8 Os in both sea-
sons. The model performance is comparable to that reported
in recent machine-learning studies of O3 variability in China
(Mao et al., 2024; Wang et al., 2025c¢; Ye et al., 2026; Chen
et al., 2026), providing a reasonable basis for subsequent me-
teorological normalization and SHAP-based interpretation.

3.2 Spatiotemporal patterns of MDA8 O3 across China

Figure 2 shows the spatial distributions of mean
MDAS O3 concentrations across China during the warm
and cold seasons from 2015 to 2024. Seasonal differ-
ences were evident in both MDAS8 O3 concentration
levels and spatial patterns. The warm-season national
mean MDAS O3 concentration was 110.4+7.0ugm™3.
Higher mean MDAS8 O3 concentrations occurred mainly in

Atmos. Chem. Phys., 26, 15291-15307, 2026

northern and eastern China, with regional clusters in the
NCP, FWP, and YRD. The NCP had the highest regional
mean MDAS8 O3 concentration (135.64 10.4ugm™3),
followed by the FWP (127.8+£129ugm™3) and the
YRD (1245493 pugm™3). Warm-season city mean
MDAS O3 concentrations exceeded 150 uygm™3 in Dezhou,
Dongying, Jinan, and Zhanggqiu, all in Shandong Province.
These high values may be associated with strong photochem-
ical production under high temperatures and intense solar
radiation, together with abundant anthropogenic precursor
emissions in highly industrialized and urbanized areas.
Lower warm-season MDAS8 O3 concentrations were
mainly found in parts of Southwest and Northeast China.
For example, Xishuangbanna and Pu’er in Yunnan Province
had mean concentrations of 63.1 and 65.9 ugm™3, respec-

https://doi.org/10.5194/acp-26-15291-2026



Z. Ye et al.: Meteorology-normalized seasonal ozone in China

(a) Warm Season

15297

(b) Cold Season

Latitude (°N)
I~ IS IS a
& 3 & 3

@
S

N
&

N
3

Longitude (°E)

Longitude (°E)

40 45 50 55 60 65 70 75 8 8 90 95 100 105 110 115 120 125 130 135 140 145 150 155 160
MDAB8 O3 concentration (ug m~3)

Figure 2. Spatial distributions of mean MDAS8 O3 concentrations across China during 2015-2024. (a) Warm season and (b) cold season.
The warm season is defined as May—October, and the cold season is defined as November—April.

tively, while Yichun in Heilongjiang Province had a mean
concentration of 70.4ugm™3. These relatively low values
may be related to weaker photochemical conditions, lower
anthropogenic precursor emissions, stronger ventilation, and
more frequent cloudy or rainy conditions. Among the key
regions, the SCB had a warm-season mean MDAS8 O3 con-
centration of 104.3 & 8.0 uygm™3, while the PRD showed the
lowest warm-season level, at 100.6 +7.2ugm—>. The rel-
atively lower warm-season O3 in the PRD may reflect the
combined effects of monsoonal ventilation, cloudy and rainy
conditions, and regional transport processes, consistent with
previous studies of O3 variability in southern China (Li et al.,
2020; Cao et al., 2024b).

During the cold season, the national mean MDAS O3 con-
centration decreased to 80.147.2ugm™3, reflecting the
seasonal weakening of photochemical O3z production.
In contrast to the warm-season pattern, higher mean
MDAS O3 concentrations shifted southward, and the PRD
had the highest regional mean among the five key re-
gions (86.4 4 12.0 uygm™3). Shantou had a cold-season mean
MDAS O3 concentration of 105.3 uygm™3. This spatial pat-
tern may be related to the relatively warm winter cli-
mate in southern China, changes in monsoonal trans-
port, and weaker NO titration under changing precursor
emissions (Wang et al., 2022b; Cao et al., 2024b). By
comparison, the YRD, NCP, FWP, and SCB had lower
cold-season mean MDAS8 O3 concentrations of 84.6 +8.7,
79.447.9,74.1 +10.0, and 69.2 4 6.3 uygm—3, respectively.
These results indicate a seasonal redistribution of surface
MDAS O3 concentrations, with higher warm-season values
mainly in northern and eastern China and relatively higher
cold-season values in southern coastal regions.

Figure 3 further shows the interannual variations in
MDAS O3 concentrations during the warm and cold sea-
sons from 2015 to 2024. National mean MDAS O3 in-
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creased significantly in both seasons, with slopes of 2.0 and
2.2ugm3yr~! in the warm and cold seasons, respectively
(p <0.01). Among the 1142 sites, 88.6 % showed increasing
warm-season trends, and 38.7 % of all sites showed signif-
icant increases (p < 0.05); the corresponding proportions in
the cold season were 94.3 % and 52.0 %, respectively. These
widespread increases indicate that surface O3z pollution in
China has continued to intensify during the past decade, not
only during the photochemically active warm season but also
during the cold season.

During the warm season, the national mean
MDAS8 O3 concentration increased at a rate of
2.0ugm—3yr~!, rising from 98.3 £ 11.6ugm=3 in 2015 to
117.0 £ 15.5 uygm ™ in 2024, corresponding to a cumulative
increase of approximately 19.1 %. This increasing trend
is consistent with previous studies reporting sustained O3
enhancement in China under the combined influence of
changing precursor emissions and meteorological variability
(Ren et al., 2022; Fang et al., 2026; Goto et al., 2026).
Regionally, the FWP showed the strongest warm-season
increase, with a trend of 3.4ugm—3yr~! and a cumu-
lative increase of 44.2%. By 2024, its regional mean
MDAS O3 concentration reached 145.24+32.4 ugm™3. The
NCP, YRD, and SCB also showed marked increases, with
trends of 2.7, 2.5, and 2.0ugm™3yr~!, respectively. In
contrast, the PRD exhibited a more moderate warm-season
increase of 1.3ugm =3 yr~! (Wang et al., 2022a; Wu et al.,
2022; Zhang et al., 2025). Overall, warm-season O3 in-
creased more rapidly in northern and inland regions than in
southern coastal regions.

Cold-season MDAS8 O3z concentrations also increased
nationally, with a trend of 22pgm=3yr~! (p <0.01).
The FWP and PRD had similar estimated slopes of
2.9ugm—3yr~!, although the trend was significant in the
FWP (p <0.01) but not in the PRD (p =0.11). The NCP,
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Figure 3. Spatial distributions of interannual trends in MDAS O3 concentrations across China from 2015 to 2024. (a) Warm-season
MDAS O3 and (b) cold-season MDAS8 O3. Dots indicate statistically significant trends (p < 0.05).

(a) Warm season

(b) Cold season

Latitude (°N)

L L L
100 120 130

Longitude (°E)

L
90 110

Longitude (°E)

[

s
-1 0

1

2 3

Meteorologically normalized MDA8 Os trend (ug m~3 yr=1)

Figure 4. Spatial distributions of trends in meteorologically normalized MDAS8 O3 across China during 2015-2024, where dots denote
statistical significance (p < 0.05). (a) Warm season and (b) cold season. Trends were calculated from the meteorologically normalized

seasonal mean MDAS8 Ostime series at each monitoring site.

YRD, and SCB showed significant increases of 2.3, 2.5, and
1.7ugm 3 yr !, respectively (p < 0.05). These results sug-
gest that the recent rise in surface O3 in China is not limited
to the warm season. The cold-season increase may reflect the
combined effects of changing precursor emissions, weakened
NO titration, background O3 changes, regional transport, and
meteorological variability, highlighting the need to consider
season-specific processes in O3 pollution control (Li et al.,
2021; Tong et al., 2023; Cao et al., 2024a).
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3.3 Interannual variations in meteorologically

normalized MDA8 O4

Figure 4 shows the spatial distributions of interannual trends
in meteorologically normalized MDAS8 O3 during the warm
and cold seasons from 2015 to 2024. Positive trends were
found at 86.7 % of sites in the warm season and 92.0 % in
the cold season. Statistically significant positive trends oc-
curred at 60.0 % and 72.2 % of sites, respectively (p < 0.05).
The magnitude and significance of the normalized trends var-
ied across China. Meteorological normalization was applied
to reduce the influence of short-term and interannual mete-
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orological fluctuations and to extract the long-term compo-
nent of O3 variability that cannot be explained by meteorol-
ogy in the model framework. After normalization, MDAS O3
still showed increasing trends at the national scale and across
most key regions in both seasons, indicating that the observed
O3 increase was not solely driven by meteorological variabil-
1ty.

At the national scale, observed warm-season MDAS O3
increased from 98.3pugm™ in 2015 to 117.0ugm™ in
2024, corresponding to a trend of 2.0 uygm =3 yr~! (p < 0.01).
The meteorologically normalized warm-season MDAS O3
increased by 15.1 uygm™3 from 2015 to 2024, with a Theil—
Sen slope of 1.1 ugm =3 yr~! (p <0.001). The observed in-
crease exceeded the normalized increase by approximately
3.6ugm~3, indicating that meteorological variability con-
tributed to part of the observed change. The warm-season
increase remained evident after meteorological normaliza-
tion, consistent with previous studies emphasizing the impor-
tance of precursor-emission changes and chemical-regime
shifts in recent O3 increases in China (Li et al., 2020; Liu
et al., 2023b). Meteorological variability also modulated the
observed increase, particularly in years with conditions fa-
vorable for photochemical O3 production (Gao et al., 2023;
Meng et al., 2023).

During the cold season, observed MDAS8 O3z also
increased substantially, from 66.7ugm=> in 2015
to 86.7ugm™> in 2024, corresponding to a trend of
22pugm3yr~! (p <0.01). The meteorologically normal-
ized cold-season MDAS O3 increased by 15.8 uygm™> from
2015 to 2024, with a Theil-Sen slope of 1.2ugm™3yr~!
(p <0.001). The observed increase exceeded the normalized
increase by approximately 4.2 ugm™>, indicating that me-
teorological variability contributed to part of the observed
change. The cold-season increase likewise remained evident
after meteorological normalization. It is consistent with a
weakened NO titration effect under declining NO, emissions
and with changes in background O3 and regional transport,
although these processes cannot be fully separated using
meteorological normalization alone (Le et al., 2020; Li
et al., 2021; Tong et al., 2023). Meteorological conditions
may further influence cold-season O3 through changes in
solar radiation, boundary-layer stability, and ventilation,
which affect photochemical production and near-surface
accumulation under low-photochemical conditions (Xiang
et al., 2019).

At the regional scale, Fig. 5 compares the observed sea-
sonal mean MDAS O3 and the interannual changes in the
meteorologically normalized series across the five key re-
gions. During the warm season, the normalized series in-
creased significantly in the NCP, YRD, FWP, and SCB, with
Theil-Sen slopes of 1.0, 0.9, 1.5, and 1.3 ugm_3 yr‘l, re-
spectively (all p <0.01). The PRD showed a positive but
non-significant trend of 0.8 ugm=3yr~! (p =0.074). These
regional differences suggest that the meteorologically nor-
malized long-term component of warm-season O3 increased
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more rapidly in northern inland and basin regions than in
eastern and southern coastal regions. This pattern may be re-
lated to regional differences in precursor-emission changes,
chemical sensitivity regimes, topographic constraints, and
ventilation conditions (Yang et al., 2019; Liu et al., 2023b).

The normalized warm-season MDAS8 O3 series also
showed year-to-year variation: it increased during 2015-
2019, showed a short-term slowdown or decline around
2020 in several regions, and generally increased again dur-
ing 2021-2024. The change around 2020 may reflect short-
term perturbations in emissions and atmospheric chemistry
associated with the COVID-19 period, together with interan-
nual variability in meteorological and regional transport con-
ditions. The meteorologically normalized long-term compo-
nent still includes multiple non-meteorological processes and
should therefore not be treated as a quantitative measure of
emission reductions.

During the cold season, meteorologically normalized
MDAS O3 increased significantly in all five key regions
(all p <0.01), but the regional pattern differed from that
of the warm season. The cold-season normalized trends
were higher than the corresponding warm-season trends in
the NCP, YRD, PRD, and FWP. The FWP showed the
largest cold-season normalized increase, with a slope of
2.0ugm 3 yr~!, followed by the NCP at 1.5pugm 3 yr—!.
The YRD and PRD both increased at 1.3pgm3yr~!,
whereas the SCB showed a lower cold-season slope of
0.6ugm~3yr~!. The magnitude of the normalized O3 in-
crease therefore varied by both region and season. To ex-
amine whether the cold-season increase was concentrated in
March—April, we analysed monthly trends in meteorologi-
cally normalized MDAS8 O3 (Fig. S6 and Sect. S3). Mete-
orologically normalized MDAS O3 increased in every cold-
season month nationally and in all five regions (p < 0.05), in-
dicating that the increase extended beyond the spring months.
The cold-season mean trend reflects an overall increase, but
the rates of increase varied among months and regions.

These trends were estimated using LightGBM-based me-
teorological normalization, and the choice of learning algo-
rithm may also affect their magnitude and statistical signifi-
cance. To assess the sensitivity of the regional seasonal pat-
terns in Fig. 5 to model choice, we also compared the results
with those obtained using RF. The RF analysis is broadly re-
produced the patterns identified with LightGBM (Table S5,
Fig. S7 and Sect. S4). Both models estimated the largest nor-
malized trends in the FWP in both seasons and the weakest
cold-season trend in the SCB. The main difference in statis-
tical significance occurred for the PRD warm-season trend:
the RF estimate was significant (0.7 uygm > yr—!, p <0.001),
whereas the similar LightGBM estimate (0.8 ugm =3 yr—!)
was not (p =0.074). Annual normalized concentrations also
differed between the models. Overall, the increase remained
evident after meteorological normalization in both seasons,
while meteorological variability contributed to the interan-
nual variation in observed Os3. Differences between the two
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Figure 5. Regional mean MDAS8 O3 concentrations and their year-to-year decomposition in the five key regions during 2015-2024. The
left and right columns show the warm and cold seasons, respectively. Orange bars show the observed concentration for each year (O;); the
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models indicate some uncertainty in the magnitude of the 3.4 SHAP-based interpretation of meteorological

normalized changes. These results highlight the need to ad- influences on O3
dress cold-season O3 increases alongside warm-season pol-
lution, with priorities varying by region. The meteorological normalization analysis showed that the

long-term increase in MDAS8 O3 remained evident after
meteorological resampling, while meteorological variability
modulated the magnitude and interannual fluctuations of O3.
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Figure 6. SHAP-based interpretation of warm-season meteorological influences on MDAS O3 during 2015-2024. (a) Spatial distributions
of the two leading meteorological variables at monitoring sites. Colors indicate different meteorological variables, and marker sizes indi-
cate the corresponding mean absolute SHAP values. (b) Regional annual mean signed SHAP values for the nine meteorological variables.
Colored bars represent individual variables. In panel (b), black lines show the sum of the regional annual mean signed SHAP values for the
nine meteorological variables, and purple dashed lines show M; = O; — N; from the meteorological normalization analysis for qualitative

comparison.

To examine the meteorological variables most strongly as-
sociated with O3 variability, we applied SHAP analysis to
separate LightGBM models trained using the nine meteoro-
logical predictors, as described in Sect. 2.3. Figures 6a and 7a
show the two highest-ranked variables at each site based on
mean absolute SHAP values; marker size indicates the corre-
sponding value, whereas the site percentages reported below
refer to the highest-ranked variable. Figures 6b and 7b show
regional annual mean signed SHAP values for the individual
variables, with the black line representing their sum and the
purple dashed line representing M; = O; — N; for qualitative
comparison of their regional annual patterns.

Figure 6a shows the spatial distribution of the two lead-
ing meteorological variables for warm-season MDAS O3. At
the national scale, SSRD, RH, and T2M were the most fre-
quently identified dominant variables, accounting for 41.4 %,
34.8 %, and 16.7 % of monitoring sites, respectively. This
indicates that warm-season O3 variability in the model was
mainly associated with radiative, moisture, and thermal con-
ditions. The dominant variables showed clear spatial hetero-
geneity. In northern inland and basin regions, such as the
NCP, FWP, and SCB, O3 variability was more strongly as-
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sociated with temperature and radiation. In the NCP, T2M
was the dominant variable at 51.4 % of monitoring sites, with
a mean absolute SHAP value of 17.7 ugm~> among these
sites. In the FWP and SCB, SSRD was the dominant vari-
able at 64.4 % and 98.6 % of monitoring sites, respectively,
with corresponding mean absolute SHAP values of 17.4 and
16.6 ugm~> among these sites.

The prominence of T2M and SSRD in these northern and
basin regions is consistent with the role of high tempera-
ture and strong solar radiation in enhancing photochemical
O3 production during the warm season. High temperatures
can accelerate photochemical reaction rates and may also
enhance biogenic VOC emissions, while strong solar radia-
tion promotes photolysis reactions that initiate O3 formation
(Wang et al., 2024). In basin regions such as the SCB and
FWP, topographic constraints and relatively stagnant condi-
tions may further favor O3 accumulation when photochemi-
cal production is strong. These spatial patterns reflect model-
attributed associations, and distinguishing the effects of pre-
cursor emissions, chemistry, and transport would require ad-
ditional chemical observations or process-based modelling.

Atmos. Chem. Phys., 26, 15291-15307, 2026
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Figure 7. As in Fig. 6, but for the cold season.

Warm-season SHAP results for the YRD and PRD both
highlighted RH, although the other leading variable differed
between the two regions. In the YRD, SSRD and RH were
identified as the dominant variables, accounting for 56.6 %
and 43.4 %, respectively, with corresponding mean absolute
SHAP values of 15.1 and 12.9ugm™>. In the PRD, RH
and V10 were identified as dominant at similar proportions
(49.0% and 47.1 %), with mean absolute SHAP values of
13.7 and 15.3 ugm™3, respectively. Overall, the SHAP re-
sults associate warm-season Os variability in these coastal
regions with radiation, moisture, and circulation. Regional
differences in warm-season coastal O3 variability may be re-
lated to differences in humid monsoonal air masses, cloudi-
ness, and regional ventilation. High RH can occur alongside
cloudy conditions, under which reduced solar radiation may
limit photochemical O3 production. The RH association may
also reflect other covarying meteorological conditions, such
as atmospheric mixing. V10 is the meridional wind compo-
nent, and its association with O3 may relate to regional trans-
port and ventilation. A previous study in the coastal city of
Shenzhen also reported associations of humidity and regional
wind fields with O3 variability (Mai et al., 2024).

Figure 6b shows substantial interannual variation in the
warm-season SHAP sums. Values were generally negative
during 2015-2018 and became positive in most regions in
2019, before returning to negative values across all five re-
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gions in 2020-2021. Positive sums were more widespread
after 2021, although the PRD showed a negative sum in
2023. In 2024, all five regions had positive sums. The largest
sum occurred in the FWP (7.4ugm™3), where T2M con-
tributed 4.5 ugm™3. The SCB had a similarly large sum of
6.9 ugm™3, but its largest positive component was SSRD
3.1 pgm_3). The normalization-based (M;) series broadly
followed the year-to-year variation in the SHAP sums, al-
though their magnitudes and, in some region—year pairs, their
signs differed. The comparison suggests similar features of
annual meteorological variability, while the different refer-
ence baselines and calculation procedures mean that the two
quantities are not directly equivalent.

Figure 7a shows the spatial distribution of the two leading
meteorological variables for cold-season MDAS Os, based
on mean absolute SHAP values. Compared with the warm
season, SSRD was more frequently identified as the domi-
nant model-attributed variable, accounting for 84.5 % of sites
nationwide. T2M and RH were dominant at 7.6 % and 7.4 %
of sites, respectively. These results show the widespread im-
portance of SSRD in the cold-season models.

The PRD differed from the other four regions in the promi-
nence of RH alongside SSRD. SSRD and RH were iden-
tified as dominant variables at 68.6 % and 31.4 % of sites,
respectively. Their mean absolute SHAP values, averaged
across sites where each variable was dominant, were 14.1
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and 11.7 ugm™3, respectively. The prominence of RH may
reflect covariation with cloud cover, solar radiation, and air
mass characteristics.

Figure 7b follows the same format as Fig. 6b and shows
the cold-season results. Summed SHAP values were nega-
tive in all five regions in 2015-2016, reaching —16.0 ugm =3
in the PRD in 2016. In 2018, all five regional sums were posi-
tive, ranging from 1.5 to 6.1 uygm ™3, with the highest value in
the SCB. Regional patterns diverged in 2019-2021: the PRD
sums were positive in 2020 and 2021 (10.5 and 15.4 uygm™3),
while those in the NCP and SCB remained negative. All five
sums were positive again in 2022 (1.0-3.7 ugm™?). In 2024,
the PRD sum was —1.5ugm™3, whereas the other four re-
gions had positive sums (0.3-3.5 uygm™3). Overall, the cold-
season SHAP sums showed marked interannual variability
and regional heterogeneity, particularly in the PRD. The
prominence of SSRD in Fig. 7a is consistent with this pattern.
Although photochemical production is generally suppressed
under low-temperature and low-radiation conditions, interan-
nual changes in solar radiation may still affect O3 production
and accumulation (Li et al., 2026). The signs of M; and the
summed SHAP values agreed in most region—year pairs, dif-
fering only in the PRD in 2017 and the YRD in 2018.

In the PRD, RH remained among the more important vari-
ables in the cold-season model, and its signed SHAP con-
tribution changed direction across years. This indicates that
the modelled association between humidity and predicted
MDAS O3 varied over time rather than remaining fixed. The
regional M; series showed a broadly similar interannual pat-
tern to the summed SHAP series, providing complementary
evidence of interannual meteorological modulation in the
PRD. Because M; summarizes the observed—normalized dif-
ference whereas the RH SHAP value describes the model as-
sociation of a single predictor, this comparison is qualitative
and does not isolate a specific physical pathway.

Overall, SHAP analysis reveals clear seasonal and regional
differences in the meteorological variables associated with
MDAS O3 variability. During the warm season, temperature
and radiation were more prominent in the northern and basin
regions; in the YRD, RH was prominent alongside SSRD,
whereas in the PRD, RH was prominent alongside V10. Dur-
ing the cold season, SSRD dominated most regions, while
RH was also prominent in the PRD, where its regional an-
nual mean signed SHAP contribution was negative in 2019
and positive in 2021. The summed SHAP values and M;
showed broadly similar interannual patterns across the five
regions, offering a complementary view of annual meteoro-
logical variability, although some region—year differences re-
mained. This comparison is qualitative, given the different
reference baselines, aggregation pathways, and daily support
of the two series.

To examine whether these seasonal and regional patterns
were retained with a different learning algorithm, we com-
pared the LightGBM SHAP results with those from RF
(Figs. S8, S9 and Sect. S5). Both models identified broadly
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similar leading meteorological variables. The first-ranked
variable agreed between models at 92.0 % of sites in the
warm season and 95.4 % in the cold season; agreement for
the second-ranked variable was 76.2 % and 89.0 %, respec-
tively. These percentages denote the proportion of sites with
results from both models at which the same variable occu-
pied the corresponding rank. During the warm season, both
models most frequently identified T2M as the leading vari-
able in the NCP and SSRD in the YRD, SCB, and FWP. In
the PRD, however, RH was most often ranked first by Light-
GBM and V10 by RF. During the cold season, SSRD was
the most frequent leading variable in all five regions in both
models, while T2M was most often second in the NCP, YRD,
SCB, and FWP and RH in the PRD. These comparisons sup-
port the main seasonal and regional patterns in variable im-
portance, although some variable rankings differed between
models.

3.5 Uncertainty analysis

Several limitations should be considered when interpreting
the results. First, station observations were incomplete dur-
ing the boundary period of the first cold season (November—
December 2014), so some MDAS8 O3 values had to be es-
timated, introducing uncertainty into the concentration esti-
mates for this period. A second limitation is the lack of long-
term, spatially consistent observations of O3 precursors, par-
ticularly VOCs and NO,, across China. We therefore did not
include precursor concentrations or emissions as direct pre-
dictors. The meteorologically normalized long-term compo-
nent is a model-based signal and should not be interpreted
as a quantitative estimate of anthropogenic emission changes
alone. It may also reflect changes in chemical sensitivity, bio-
genic VOCs, background O3, regional transport, and other
slowly varying factors not represented in the model. The me-
teorological input introduces another source of uncertainty.
ERAS provides continuous fields, but its 0.25° x 0.25° grid
may miss local conditions around monitoring sites, espe-
cially in complex terrain, coastal areas, and densely urban-
ized regions. Urban heat islands, land-sea breezes, mountain-
valley circulations, and local boundary-layer variations may
therefore be underrepresented. This limitation is particularly
relevant to short-lived or localized high-O3 episodes.

The normalization also depends on the fitted machine-
learning model. It assumes that the LightGBM model can
represent the relationships between O3, temporal predictors,
and meteorological variables over the study period. Tem-
poral predictors help describe long-term and seasonal pat-
terns, but they cannot separate anthropogenic emissions, nat-
ural emissions, background Os, and regional transport. The
SHAP analysis used models with meteorological predictors
only. The resulting SHAP values describe how these predic-
tors contribute to model predictions, rather than direct phys-
ical or causal effects. Interpretation also needs to account
for relationships among the predictors. Potential correlations
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among RH, TCC, SSRD, and TP may influence the rela-
tive SHAP values of these variables. The sensitivity analy-
ses using RF further showed that the main regional and sea-
sonal patterns were generally consistent across the two al-
gorithms, although some differences remained in normalized
trends and SHAP contributions (Sects. S4 and S5).

Finally, this study uses observational and statistical at-
tribution. It can describe broad spatial and seasonal pat-
terns, but it cannot resolve individual chemical mechanisms
or source contributions. Longer precursor records, updated
emission inventories, chemical transport models, and causal
analyses would be needed to further constrain these pro-
cesses.

4 Conclusions

In this study, we used LightGBM-based meteorological nor-
malization and SHAP analysis of meteorological predictors
to examine the interannual variability of MDAS O3 across
China during the warm and cold seasons from 2015 to
2024. The results show that surface O3z increased widely
across China in both seasons. The observed national mean
MDAS O; increased by 2.0ugm™3yr~! during the warm
season and by 2.2 ugm™3 yr~! during the cold season, indi-
cating that recent O3 enhancement in China is not confined
to photochemically active months.

After meteorological normalization, the national
mean MDAS O3 continued to increase, with slopes of
1.1uygm3yr~! in the warm season and 1.2pugm=3yr~!
in the cold season. This indicates that meteorological
variability alone does not fully account for the observed
increase. The normalized series may reflect the combined
influence of precursor-emission changes, background Os,
regional transport, natural emissions, and other processes
not explicitly represented in the model; it should therefore
not be interpreted as a quantitative estimate of anthropogenic
emission changes.

Trends in the meteorologically normalized long-term com-
ponent showed clear seasonal and regional differences.
Among the five regions, the FWP had the largest normalized
trend slope in both seasons, whereas the SCB had the small-
est cold-season slope. Cold-season slopes were higher than
warm-season slopes in the NCP, YRD, PRD, and FWP, while
the warm-season slope was higher in the SCB. In particular,
the significant cold-season increase in the PRD suggests that
future control strategies should also consider cold-season
O3 enhancement in this part of southern coastal China.

SHAP analysis showed seasonal and regional differ-
ences in the meteorological variables associated with
MDAS O3 variability. During the warm season, temperature
and radiation were prominent in the NCP, FWP, and SCB,
while RH was also prominent in both coastal regions, along-
side SSRD in the YRD and V10 in the PRD. During the cold
season, SSRD was the most frequently identified dominant
variable in each of the five regions. In the PRD, RH was also
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prominent. At the regional annual scale, the summed SHAP
values and M; showed broadly similar interannual patterns,
providing a complementary view of meteorological variabil-
ity. This comparison is qualitative, given their different ref-
erence baselines, aggregation methods, and daily coverage.

Overall, this study highlights the importance of accounting
for meteorological variability when interpreting long-term
O3 changes. Meteorological normalization and SHAP anal-
ysis provide complementary information on persistent O3
increases and the meteorological variables associated with
O3 variability. The results emphasize the need to address
cold-season O3 increases alongside warm-season pollution
and to account for region-specific meteorological patterns in
O3 control planning.
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