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ABSTRACT: Reliable projections of future surface ozone are crucial for air
quality management and health risk assessment. However, potential biases in
spatial distribution, magnitude, and trends in ozone simulated by global
chemistry-climate models limit their applicability in regional evaluations. In
this study, LightGBM, a machine learning (ML) algorithm, is applied to
correct biases in CESM2-simulated ozone over China, the United States, and
Europe and to calibrate future projections under two Shared Socioeconomic
Pathways (SSP1−2.6 and SSP5−8.5) from 2020 to 2060. The ML-based
correction significantly improves spatial distribution and reduces bias by 40 to
60%, also reversing the potentially incorrect trend under SSP1−2.6 in eastern
China. When the ML-based correction is applied to CESM2 projections, the
warm-season mean ozone shows substantial changes from 2020 to 2060.
Under SSP1−2.6, corrected ozone decreases by 13.5, 17.9, and 13.7 μg/m3 in
China, the United States, and Europe, respectively. In contrast, under SSP5−8.5, ozone increases over the same period by 9.4, 2.0,
and 5.2 μg/m3 in these regions. The decomposition analysis shows that anthropogenic emission changes dominate future ozone
trends, while a strong climate penalty occurs in polluted eastern China and climate benefits are found in western China, the United
States, and Europe under SSP5−8.5. These findings demonstrate the value of combining ML with chemistry-climate models to
produce more accurate air quality projections, indicating more effective and region-specific environmental protection strategies.
KEYWORDS: ozone, machine learning, future projection, bias correction

1. INTRODUCTION
Tropospheric ozone is an atmospheric constituent that
contributes to air pollution when its concentration exceeds
certain thresholds. The Tropospheric Ozone Assessment
Report (TOAR) shows that the highest ozone concentrations
are typically observed in the midlatitudes of the Northern
Hemisphere.1,2 Elevated ozone levels in these regions are
strongly associated with anthropogenic activities and energy
consumption, which result in substantial emissions of ozone
precursors.3

Many regions have implemented emission control poli-
cies.4−6 Ozone concentrations significantly declined in the
United States, increased markedly in East Asia, and remained
relatively stable in Europe during 1995−2014.7,8 These
divergent trends can be attributed to region-specific emission
control policies, the nonlinear relationship between ozone
concentration and its precursor emissions, geographical
characteristics, and climate change.9−13 In China, although
the Air Pollution Prevention and Control Action Plan launched
in 2013 substantially reduced aerosol concentrations, ozone
levels continued to rise, particularly in the densely populated
and economically developed eastern provinces.14−16 Recent
studies have also indicated a mitigation trend in ozone

pollution in eastern China during 2018−2021, primarily driven
by significant reductions in nitrogen oxide (NOx) emissions.

17

Ozone pollution is primarily governed by meteorological
conditions and emissions of precursors. Recent shifts in
meteorological patterns have likely contributed to the
aggravation of regional ozone pollution.18−20 Rising temper-
atures driven by climate change not only enhance the natural
emissions of biogenic ozone precursors but also affect the
stratosphere−troposphere exchange and photochemical pro-
duction of ozone.21,22 Concurrently, the rising frequency of
meteorological stagnation events creates increasingly favorable
conditions for the accumulation of atmospheric pollu-
tants.23−26 Under global warming, these conditions substan-
tially influence ozone concentrations via chemical production,
transport, and other pathways, thereby changing the
spatiotemporal distribution of ozone pollution. Historical
observations have demonstrated that insufficiently coordinated
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emission reduction strategies, combined with the “climate
penalty” effect of global warming, can exacerbate ozone
pollution in regions such as Europe, East Asia, and South
Asia.27,28 Xu et al.29 argued that although climate change could
elevate ozone concentrations, pursuing a carbon-neutral
emission reduction pathway could lower ozone levels and
enable China to achieve the WHO air quality standards.
Therefore, precursor emissions and meteorological factors play
pivotal roles in modulating ozone concentration variability.
Effective ozone pollution mitigation thus necessitates both
emission reductions and the development of air quality
management strategies that are responsive to climate change.30

Atmospheric chemistry models are essential tools for
interpreting and forecasting the behavior of atmospheric
constituents. However, due to the inherent complexity of
atmospheric systems and simplifications in model design,
factors such as chemistry, meteorology, emissions, and
resolution often cause model predictions to deviate from
observed reality.31 The selection of chemical mechanisms
within the model framework also influences the simulated
ozone response to precursor emissions, thereby contributing to
overall model uncertainty.32 Some Coupled Model Inter-
comparison Project Phase 6 (CMIP6) models successfully
reproduce the spatial distribution and seasonal variability of
tropospheric ozone yet exhibit a tendency to overestimate
concentrations in the Northern Hemisphere and underestimate
them in the Southern Hemisphere during 1980−2014. These
biases are largely attributed to inaccuracies in simulating
precursor emissions and chemical processes, as well as
uncertainties in tropopause height and stratospheric ozone
transport.33,34 Liu et al.35 evaluated the UKESM1 model
against TOAR observational data and reported that, during
2004−2014, the model underestimated ozone concentrations
by 7.2 ppb in winter and overestimated them by 13.4 ppb in
summer across regions such as Europe and the United States.
He et al.36 employed the Community Earth System Model
(CESM) version 1 to simulate surface ozone concentrations in
China and reported an overall overestimation of 15.01 ppb
during the warm season (May−September), attributed to the
simplified photochemical chemistry and low model resolution
of CESM1. Wang et al.37 compared UKESM1 simulation
results with observational data sets and found that during
2005−2019, the model underestimated ozone levels over the
North China Plain while overestimated them across western
China. These findings highlight that although modern models
have the ability to capture global ozone distributions, they still
exhibit significant regional biases.
With the rapid advancement of machine learning (ML)

techniques, ML-based approaches have become particularly
effective at capturing complex nonlinear relationships and
spatiotemporal heterogeneity, which are capabilities that
traditional statistical methods often lack. By defining the
ozone concentrations or the discrepancy between simulated
and observed ozone concentrations (i.e., model bias) as the
target variable of ML models, and incorporating features
pertinent to ozone formation, including spatial and temporal
variables, meteorological parameters, anthropogenic emissions,
and geographic factors, ML can improve physics-based model
predictions and offer pathways to optimize model inputs and
outputs.38 Du et al.39 conducted a case study in Houston,
collecting ground-level ozone data, meteorological informa-
tion, and traffic data from 2011 to 2020, and validated the
performance of the XGBoost algorithm in predicting ozone

concentrations with a coefficient of determination (R2) of 0.78
between the ML prediction and observation. Vairo et al.40

trained a LightGBM model using meteorological data, ozone
measurements from three urban areas, and time variables to
forecast ozone concentration in Genoa’s (Italy) urban area,
achieving excellent predictive power of the ML method.
Bertrand et al.41 enhanced the accuracy of 1-day short-term
European air quality forecasts through constructing random
forest, gradient boosting, standard, and regularized multilinear
models trained with observational data from 1535 European
monitoring stations, Copernicus Atmosphere Monitoring
Service ensemble forecast data, and meteorological data.
Xiong et al.42 took the model-simulated deviation relative to
observations as the target variable and employed the Random
Forest algorithm to construct a bias-correction model trained
with meteorological and pollution data sets, which significantly
enhanced the air quality model’s performance in predicting
China’s daily maximum 8-h ozone concentrations. These
previous studies have offered valuable insights into using ML
techniques to obtain high-quality data and validated their
applicability in China, the United States, and Europe.
However, such techniques, especially bias-correction techni-
ques, are predominantly applied in retrospective simulations
and have yet to be widely adopted for future ozone projections.
This study utilizes the CESM2 model to simulate ozone over

the period from 2020 to 2060 under the Shared Socio-
economic Pathways (SSP) 1−2.6 and SSP5−8.5 scenarios,
aiming to explore the impact of anthropogenic emissions on
future ozone levels and examine how climate changes
modulate ozone pollution in the context of global warm-
ing.43,44 To address the potential biases of simulated ozone
concentrations in CESM2, an ML technique is introduced to
reduce the uncertainties in model projections, thereby
enhancing the robustness of future ozone level predictions.
Section 2 details the observational data sources, the CESM2
model, the ML approach, and the experimental design. Section
3 presents the model simulation results along with region-
specific calibration analyses using the ML approach for China,
the United States, and Europe. Section 4 presents a summary
of the key findings and limitations.

2. MATERIALS AND METHODS

2.1. Ozone Data from Observations and CMIP6
This study employs a global modeling framework with detailed
regional analyses focusing on China, the United States, and Europe.
These regions are selected due to their global significance and
representativeness of economic activity, industrial development,
environmental governance, and climate change responsiveness. In
addition, these regions possess well-established environmental
monitoring systems and extensive data resources that offer high-
quality inputs for scientific analysis. Consequently, these regions have
received considerable attention and in-depth analysis in previous
studies.27

To evaluate the performance of CESM2 model simulations in
predicting ozone concentrations, we collect daily surface ozone
observations from multiple countries in China, the United States, and
Europe during 2014−2020, and quantify model biases by calculating
the differences between observations and model outputs. These
observational data sets have been extensively used in previous studies
investigating global air pollution.12,45,46 The network is predominantly
concentrated in the eastern China regions, with sparser coverage in
the west, particularly over the Tibetan Plateau. The monitoring sites
in China, the United States, and Europe are primarily located in
densely populated and economically active regions, making them
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highly representative. Ozone data from CMIP6 models are utilized to
characterize the performance of current state-of-the-art global climate
models in simulating ozone distributions. Specifically, ozone
concentration outputs over 2015−2019 from multiple global climate
models under SSP3−7.0 are used in this study, treated as historical
model data. Detailed information on the specific CMIP6 models
included in this analysis is provided in Table S1.

2.2. Model Configuration and Experimental Design
This study employs CESM2 to simulate atmospheric species using the
FCHIST component set. The model configuration incorporates the
atmosphere model CAM6 integrated with the complex chemical
module, data ocean component, land model CLM5, sea ice model
CICE5, river routing model MOSART, land ice model CISM2, and
wave model SWAV. CESM2 integrates a 90-species chemical module
CAM6-Chem, which includes the MOZART-TS1 chemical mecha-
nism covering both tropospheric and stratospheric chemistry.47 It also
incorporates the Volatility Basis Set (VBS) scheme for secondary
organic aerosol formation, enabling more accurate simulation of
aerosols and ozone than earlier model versions.48 The atmosphere
model CAM6 employs the horizontal resolution of 0.9° latitude ×
1.25° longitude. CAM6 uses a finite-volume dynamical core with 32
vertical levels extending to 3.6 hPa (∼40 km).49,50 Above this model
top, CAM6-Chem applies a standard specified-flux upper boundary
condition for the chemical species. Within the resolved atmospheric
column, stratospheric ozone is simulated interactively by the full gas-
phase chemical mechanism.
In this study, we conduct four experiments to quantify future

changes in ozone concentrations driven by variations in climate and
emissions under the low-emission scenario (SSP1−2.6) and the
extreme warming scenario (SSP5−8.5) from 2020 to 2060. These
experiments aim to isolate and evaluate the individual and combined
impacts of climate change and emission changes on ozone levels.
Emissions (EMIs) are obtained from the Coupled Model
Intercomparison Project Phase 6 (CMIP6), including anthropogenic
and biomass burning emissions of NOx, volatile organic compounds
(VOCs), CO and other species, following the corresponding scenarios
(Figure S1).51−53 Biogenic emissions are simulated interactively using
MEGAN v2.1, which depends on meteorological inputs from CLM5,
including surface air temperature, photosynthetically active radiation,
soil moisture, humidity, canopy temperature, wind speed, and the
CO2 concentration. Because these meteorological fields evolve
differently under SSP1−2.6 and SSP5−8.5, the resulting biogenic
emissions respond dynamically to the scenario-dependent changes in
temperature, radiation, and hydrological conditions.54 Methane
(CH4) concentrations are derived from CMIP6, varying consistently
with the respective scenarios. The climate change in simulations is
driven by changes in prescribed sea surface temperatures (SST) and
sea ice concentrations (SIC) data, critical factors influencing
atmospheric dynamics and climate patterns. Variations in SST/SIC
can significantly affect atmospheric processes by altering heat fluxes
between the ocean and atmosphere, modifying large-scale circulation
systems, and modulating climate phenomena, thereby serving as a key
driver of global and regional climate.55,56 This method significantly
reduces time and resource consumption for climate simulation with
external forcings, especially when considering the simulation of
atmospheric chemistry. The SST/SIC data used in this study are
obtained from the multimodel ensemble mean of CMIP6 (Figure S2).
By incorporating projected monthly mean SST/SIC data for the
period of 2020−2060, this study investigates how SST/SIC-driven
climate changes interact with emission pathways to influence future
ozone pollution under contrasting scenarios. Four sensitivity experi-
ments are designed as follows:
SSP585_EMI: SST/SIC fixed in 2020 and EMIs under the SSP5−

8.5 scenario.
SSP585_ALL: both SST/SIC and EMIs following the SSP5−8.5

pathway.
SSP126_EMI: SST/SIC fixed in 2020 and EMIs under the SSP1−

2.6 scenario.

SSP126_ALL: both SST/SIC and EMIs following the SSP1−2.6
pathway.
All simulations are conducted for the period of 2010−2060, with

the first 10 years allocated to model spin-up. In this study, the warm
season is defined as the period from April to September during which
ozone pollution reaches its peak in the Northern Hemisphere. The
CESM2 model has undergone extensive evaluation for its capability to
simulate tropospheric ozone.57,58 To further reduce discrepancies
between the CESM2 model and ozone observations, one additional
simulation is performed for the period 2012−2019, considering the
available observations and emission data sets, driven by SST/SIC data
obtained from the HadOIBl data set, with the first two years used for
model spin-up. To maintain consistency with observations, meteoro-
logical fields for this experiment are nudged to MERRA-2 reanalysis.59

2.3. Machine Learning
In this study, the Light Gradient Boosting Machine (LightGBM)
model is employed to predict the difference between the observed
ozone concentrations and CESM2-simulated values. This ML model
is selected following a comprehensive evaluation of several gradient
boosting algorithms, including LightGBM, XGBoost, and CatBoost,
among which LightGBM showed better performance in the training
efficiency and prediction accuracy (Text S1 and Table S2). During the
data set preparation for ML, we conduct feature selection, correlation
analysis, and filtering (see Text S2 for details). The input features for
the ML model include meteorological variables, precursor concen-
trations, and photolysis rate constants from CESM2 outputs, along
with the spatial information on each monitoring site, as summarized
in Table S3. These variables have been previously applied to construct
regression models of ozone deviations between modeled and observed
ozone concentrations.35 To improve model interpretability, we
employ Gini-Importance and SHAP values, both widely used in air
quality predictions (see Text S3 for more details).
In this study, the LightGBM method is applied to construct

calibration models. Specifically, samples over 2014−2018 are used for
model training, while those for 2019 are utilized to validate the ML
model performance. During the model training process, 20% of the
data are selected to optimize the hyperparameter combination with
the aid of the Optuna tool, which is a Python-based automated
hyperparameter optimization framework. It is a Bayesian optimization
algorithm based on probabilistic models, which can find the optimal
solution by continuously exploring and leveraging existing informa-
tion.60

The performance of the model is further evaluated by using R2,
mean absolute error (MAE), and root mean squared error (RMSE) to
determine the accuracy and reliability of the predictions. The density
scatter plots of the validation set demonstrate the excellent
performance of the models for China, the United States, and Europe,
with R2 values higher than 0.8 and MAE values of about 2−3 μg/m3

(Figure S3). To quantify the uncertainty associated with the ML
correction, we further examined the distribution of the residuals
beyond the standard performance metrics (MAE, RMSE, R2). Across
the regions, the mean residuals remain close to zero (−0.02 to 0.01
μg/m3), indicating that the correction does not introduce an
additional systematic bias (Table S4). To assess the spatial robustness
of ML considering model extrapolation, we also employ a site-based
spatial retention method with a buffer exclusion mechanism (see Text
S4 for details). Using this approach, the model achieved a spatial R2 of
approximately 0.8 (Table S5), indicating strong generalization
capability across the sites of this ML-based bias-correction method.
The predicted bias BML was then subtracted from CESM2 outputs

to obtain bias-corrected ozone fields

=O i t O i t B X( , ) ( , ) ( )i t3 corrected 3 CESM2 ML ,

where Xi,t denotes the vector of predictor variables (e.g.,
meteorological fields, precursor concentrations, and spatial data) at
grid cell i and time t.
Correcting the CESM2 results with the ML model offers a method

to improve future projections by quantifying the deviations of the
modeled results from observed ozone concentrations and under-
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standing the relationships among various influencing variables. It
enables the estimation of potential future biases based on relevant
variables in the model simulations.

3. RESULTS

3.1. Ozone Bias in CMIP6 Models and CESM2 Simulations

Earth system models are essential tools for understanding
changes across the Earth’s various components. However, due
to simplifications in model processes and computational
constraints, model biases in atmospheric constituents are
inevitable, especially those related to complex atmospheric
chemistry. Figure 1a,1b presents the multimodel ensemble
mean distribution of CMIP6 simulated surface ozone
concentration for the warm season (April−September) and
their biases relative to observations. The time series of
simulated and observed values, along with their biases, for
China, Europe, and the United States during 2015−2019 are

shown in Figure S4c−e (the distributions of individual model
results are provided in Figure S5). The simulations from
CMIP6 models indicate that globally high surface ozone
concentrations are primarily distributed between 30°N and
60°N. Although models can capture the temporal ozone
variation, with correlation coefficients between simulations and
observations higher than 0.8, they tend to overestimate ozone
concentrations in China, Europe, and the United States. In
China, the overall temporal correlation coefficient is 0.81, with
a MAE of 20.2 μg/m3. The simulation results exhibit
contrasting biases between eastern and western China (Figure
S6). In eastern China (113°−122°E, 30°−42°N), particularly
the North China Plain, the model tends to underestimate
ozone levels by 17.1 μg/m3 during the warm season. In
contrast, western China (75°−112°E, 25°−50°N) is predom-
inantly characterized by model overestimation, with an MAE of
30.5 μg/m3. In the United States and Europe, the models

Figure 1. (a−c) Spatial distribution of CESM2-simulated and observed warm season (April−September) mean surface ozone concentrations (μg/
m3) averaged over 2014−2019 in China, the United States, and Europe. (d−g) Time series of CESM2-simulated ozone concentrations,
observations, and their differences at observational sites in eastern China (113°−122°E, 30°−42°N), western China (75°−112°E, 25°−50°N), the
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generally overestimate surface ozone concentrations with
MAEs of 24.3 and 28.4 μg/m3, respectively (Figure S7).
Given the substantial and non-negligible model biases, it is

desirable to correct the model outputs before future projection.
Here, we use CESM2, a member of the CMIP6 models, as an
example to perform bias correction and to project future ozone
concentrations. According to Figure 1, comparison between
CESM2-simulated ozone concentrations and observational
data also reveals notable deviations. CESM2 underestimates
ozone concentrations in eastern China and overestimates them
in western China during the warm season over 2014−2019,
exhibiting a spatial dipole pattern of ozone biases similar to
that in CMIP6 results.
The seasonal bias in surface ozone concentrations in eastern

China, where CESM2 underestimates ozone concentrations
during the cold season and overestimates them during the
warm season, primarily stems from the MOZART-T1 chemical
mechanism, the characterization of oxidant and deposition
processes, and coarse model resolution.61 During the cold
season, lower OH concentrations and reduced nitrate cycling
suppress ozone production, leading to the underestimation.
Conversely, during the warm season, enhanced photochemical
processes and insufficient characterization of ozone precursors
result in excessive ozone production, leading to the ozone
overestimation.47 The biases in western China are likely
attributed to the relatively low anthropogenic precursor
emissions, different boundary layer dynamics, and bias in
regional transport in this region. Ozone concentrations in
southern China are also overestimated by the model, likely
attributed to the relatively low anthropogenic precursor
emissions, consistent with the general tendency of models to
underestimate ozone concentrations in high-emission areas
and overestimate them in low-emission areas. Beyond emission
factors, meteorological factors such as frequent precipitation,
high humidity, and oceanic influences in southern China62,63

also affect ozone formation and transport, potentially leading
to model biases. In Europe and the United States, CESM2
consistently overestimates surface ozone concentrations,
consistent with CMIP6 results, which is likely due to the
similar factors mentioned above.
3.2. Bias Correction by Machine Learning Method

Discrepancies in historical simulations between models and
observations indicate potential biases that could also affect
future ozone projections. By applying ML techniques to
estimate the model biases in historical CESM2 simulations, we
can construct an ML model that predicts potential biases in
future simulations and removes them by subtracting the ML-
predicted values from the CESM2 future projection. Based on
prior knowledge and key ozone-influencing factors, we initially
select 26 features, remove highly correlated ones (Figure S8),
and train LightGBM models using the remaining 21 features,
including meteorological variables, precursor gas concentra-
tions, and spatial information. Separate LightGBM models
have been developed for predicting ozone biases in China, the
United States, and Europe. The SHAP analysis (Figure 2) and
Gini Importance (Figure S9) are employed to enhance
interpretability.
In the analysis of the simulated ozone bias in China, the

concentration of NOx is identified as the most important
feature. It indicates that NOx plays a critical role in predicting
model biases in China, due to its significant and nonlinear
influence on atmospheric chemical processes. Additionally, the
model’s limited ability to accurately simulate NOx concen-
trations (Figure S10) also contributes to the observed
deviations. Monoterpenes (MTERP), one of the major volatile
organic compounds (VOCs), as well as NOx, also emerge as a
key feature in the ML models for Europe and the United
States, indicating their significant influences on bias prediction.
Across all three regional models, low biases of ozone tend to

Figure 2. SHAP analysis and relative feature importance across the three regional models for ozone bias in China (CH), the United States (US),
and Europe (EU). The blue bars represent the absolute mean SHAP values, reflecting the average contribution of each feature to the model’s
predictions. The accompanying bee swarm plots display the distribution of SHAP values for each feature, with the color gradient from blue to red
indicating low to high feature values.
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occur when NOx and MTERP concentrations are high,
whereas high PAN levels are associated with ozone over-
estimation. In addition to precursor concentrations, meteoro-
logical parameters, especially temperature and humidity, are
key factors affecting model biases. The Gini-Importance
analysis results are largely consistent with the key features
identified by SHAP.
In the original CESM2 results, the model simulations failed

to accurately capture the spatial distribution of ozone
concentrations in China and tended to overestimate levels in
Europe and the United States. With the help of bias correction
using ML models trained with data from 2014 to 2018, the
CESM2-simulated ozone bias in 2019 can be significantly
reduced over the three focused regions (Figure S11). In China,
the spatial correlation coefficient between the observed and
simulated ozone concentration during the warm season can be
increased from 0.2 to 0.8 by incorporating ML-based bias
correction, which reduced the bias by approximately 61.2% in
terms of MAE. For the United States and Europe, the
correlation coefficients increase from 0.7 to 0.9 and from 0.4 to
0.7, respectively. Meanwhile, the biases are reduced by 48.1
and 41.3% in these two regions. These results demonstrate that
the ML correction successfully improves the spatial agreement
between modeled and observed ozone concentrations and also
reproduces historical ozone trends, such as the significant
increase in China’s warm-season ozone concentrations, while
trends in the United States and Europe remain relatively
stable.64 Building upon this ML-based bias correction, we
further investigate the future ozone variations in the next
section.

3.3. Future Projection in Ozone Driven by Changing
Climate and Emissions

Applying the ML-based bias correction to CESM2 ozone
predictions, the warm-season mean ozone concentrations show
continuous decreases in China, the United States, and Europe
during 2020−2060 under the low-emission scenario SSP1−2.6
with trends of −3.6 to −4.8 μg/m3/decade, while they are
predicted to increase at rates of 0.8−2.5 μg/m3/decade under
the extreme warming scenario SSP5−8.5 (Figure 3).
Considering both the changing climate and anthropogenic
emissions, future ozone concentrations are projected to
decrease across China, the United States, and Europe, with
regional averages of −13.5, −17.9, and −13.7 μg/m3 between
2020 and 2060 under SSP 1−2.6. On the contrary, ozone
concentrations are projected to increase by 9.4, 2.0, and 5.2
μg/m3 over China, the United States, and Europe, respectively,
between 2020 and 2060 under SSP 5−8.5.
By decomposing the ozone change to the influences of

emissions and climate change, it shows that emissions exert
primary roles in the future changes in ozone concentrations in
the three key regions under both the SSP1−2.6 and SSP5−8.5
scenarios. In the SSP1−2.6 scenario, emission reductions lead
to substantial decreases in ozone levels by 13.1 μg/m3 in
China, 18.3 μg/m3 in the United States, and 14.6 μg/m3 in
Europe between 2020 and 2060. However, in the SSP5−8.5
scenario, ozone concentrations increase, albeit to a lesser
extent, by 8.6 μg/m3 in China, 4.6 μg/m3 in the United States,
and 6.1 μg/m3 in Europe.
The impacts of climate change on future ozone variations

are also significant, especially under an extreme warming
scenario. Unlike the relatively uniform impact of emissions, the

Figure 3. Time series of warm-season mean surface ozone concentrations (μg/m3) from 2020 to 2060 over China (CH, top), the United States,
and Europe (US and EU, bottom) under SSP1−2.6 (left) and SSP5−8.5 (right) before and after the ML-based bias correction, with the linear
trends shown at the bottom of each panel.
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influence of climate change on ozone concentrations exhibits
notable spatial variability across all three regions. Under the
SSP1−2.6 scenario, climate change drives an overall increase of
0.6 μg/m3 in ozone concentrations across China, with the
eastern region experiencing a more pronounced rise of
approximately 3.0 μg/m3, while the western region experiences
a decrease. In the United States and Europe, climate impacts
are more spatially heterogeneous, characterized by minor
increases and decreases, resulting in overall increases of 0.5 and
0.9 μg/m3, respectively. Under the SSP5−8.5 scenario, China
exhibits an east-to-west gradient, where ozone concentrations
increase by a regional average of 3.1 μg/m3 in the east but
decrease by 0.5 μg/m3 in the west, offsetting each other and
leading to a negligible net change of 0.03 μg/m3 over China.
Meanwhile, the United States and Europe show predominantly
decreasing trends under SSP5−8.5, with overall ozone
reductions by 2.6 and 0.9 μg/m3, respectively. The influences
of climate change on ozone concentrations in China in this
study are similar to the findings in Li et al.65,66 based on ML
prediction and in Zhu et al.13 based on single model
simulations that climate change would enhance ozone

pollution in polluted eastern China and mitigate it in western
China.
The spatial variability in climate-induced ozone changes is

due to nonlinear interactions between meteorological factors,
such as temperature and humidity, and ozone chemistry
(Figure S12). For example, in the polluted eastern China,
higher temperatures enhance photochemical reactions, accel-
erating ozone formation in NOx-rich environments under
SSP5−8.5, which reveals a strong climate penalty on ozone
pollution over this region.67 Although temperatures do not
present considerable changes under SSP1−2.6, the decrease in
humidity remains favorable for ozone production. In contrast,
western China experiences increased humidity, which
suppresses ozone formation through enhanced radical
termination reactions and reduced photolysis rates. In the
United States and Europe, the increases in humidity under
SSP5−8.5 also lead to decreases in ozone concentrations over
these regions. These demonstrate the climate penalty and
benefits from ozone pollution that should be considered in
future ozone projections.

Figure 4. Spatial distribution of CESM2-simulated future changes in warm-season mean surface ozone concentrations (μg/m3) in 2060 relative to
2020 over (a, d) China (CH), (b, e) the United States (US), and (c, f) Europe (EU) under SSP1−2.6 (top) and SSP5−8.5 (bottom) scenarios
after the bias correction based on ML. (g) Regional averaged changes of warm-season mean surface ozone concentrations (μg/m3) over the United
States, Europe, and China, as well as eastern China (East) and western China (West), in 2060 relative to 2020 under SSP1−2.6 and SSP5−8.5
scenarios before and after ML-based bias correction.
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3.4. Effect of ML-Based Bias Correction on Future Ozone
Prediction

As shown by comparing the future variations of ozone
concentrations before and after bias correction (Figure 3),
the ML method effectively reduces overall ozone concen-
trations over western China, the United States, and Europe,
but does not largely affect their trends. Over eastern China,
ML can also enhance ozone concentrations under the SSP5−
8.5 scenario but retain its increasing trends. However, the ML-
based bias correction converts the insignificant trend of −0.5
μg/m3/decade over eastern China under SSP1−2.6 to the
strong decreasing trend by −4.0 μg/m3/decade. Relative to
2020, CESM2 predicts a slight increase in ozone concentration
in eastern China by 1.3 μg/m3 in 2060 under SSP1−2.6
(Figures 4 and S13). With the ML bias correction, it reverses
to a sharp decrease of 10.4 μg/m3. Based on the GCAP2 model
framework, Kang et al.68 examined future changes in ozone
levels in China under a carbon neutrality scenario SSP1−1.9,
similar to SSP1−2.6 used in this study. They found that
emission changes would significantly decrease ozone concen-
trations in eastern China during 2010−2045, while climate
change would slightly increase them in the same period. It
supports the finding that the original CESM2 may under-
estimate the ozone decrease over polluted eastern China under
the low-emission scenario. These results also indicate that the
ML-based bias correction can not only improve model
representation of the surface ozone concentrations in both
spatial distribution and magnitude but also correct the long-
term variation of regional ozone.
The potential error of the predicted ozone trend in eastern

China under the SSP1−2.6 scenario can be attributed to both
emission- and climate-driven photochemical processes. In the
original model output, anthropogenic emissions lead to
increased ozone concentrations in eastern China, even though
the precursor NOx and VOCs are substantially reduced, and
the ozone increase is further amplified by the impact of SST/

SIC-related climate change (Figure S14). After ML-based bias
correction, emission reductions no longer elevate ozone in the
east but instead contribute to a decline, while the climate-
driven ozone increase also becomes less pronounced (Figure
5). First of all, the reversal of ozone trends in eastern China
can be interpreted as an adaptive adjustment by the model to
its previous misjudgment of the nonlinear relationship between
precursors and ozone concentrations. SHAP analysis indicates
that NOx is a critical factor in predicting model bias,
particularly in China, where low NOx concentrations tend to
lead to model overestimation of ozone. As the substantial
reductions in NOx emissions in the polluted eastern China
under the low-emission scenario, the negative bias shifts to a
positive bias (Figure 3), leading to the incorrectly predicted
insignificant or even increasing trend of ozone in eastern
China. In addition, the climate-driven ozone increases are
weakened after bias correction, which may be partly related to
the photochemical process associated with meteorological
conditions. SHAP analysis indicates that variables, such as
temperature and humidity, significantly contribute to model
bias. Sensitivity to temperature and inadequate characterization
of humidity-related radical termination and photolysis
inhibition may lead to biases in ozone production.

4. DISCUSSION
This study demonstrates that many CMIP6 models, including
CESM2, exhibit systematic biases in simulating surface ozone
concentrations over major regions, such as China, the United
States, and Europe. To address this issue, we applied an ML
approach to correct biases in CESM2 model outputs based on
the meteorological variables, precursor gas concentrations, and
spatial information. The ML bias correction significantly
improved the spatial distributions and reduced the biases
across all three regions. Applying ML-based bias correction to
CESM2 future projections driven by both changes in
anthropogenic emissions and climate change reveals distinct

Figure 5. Effects of future changes in anthropogenic emissions (EMI) and climate (CLIM) on the differences in warm-season mean surface ozone
concentrations (μg/m3) over (a, d) China, (b, e) the United States, and (c, f) Europe between 2020 and 2060 under the SSP1−2.6 and SSP5−8.5
after bias correction. Regional average is shown in the right corner of each panel.
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regional ozone trends under different emission scenarios
during 2020−2060.
A cross-regional comparison among China, the United

States, and Europe reveals distinct patterns for future ozone
responses. Under SSP1−2.6, all three regions experience
declining ozone driven largely by reductions in anthropogenic
precursor emissions, with stronger decreases in the United
States and Europe, where emission controls are more
advanced.2 Under SSP5−8.5, ozone increases are largest in
China, moderate in Europe, and weakest in the United States,
reflecting regional disparities in precursor emission growth and
the magnitude of climate-driven ozone penalties.
Our results are consistent with previous CMIP6-based

studies that show emission changes dominate future ozone
trends, while climate change also exerts important roles in
regulating ozone concentrations. For example, studies have
concluded that ozone concentrations tend to decrease under
low-emission scenarios and increase under high-emission
scenarios.69 Zanis et al.67 analyzed the impact of climate
change on global surface ozone using CMIP6 model results
and found that climate change generally reduces ozone levels
in regions far away from pollution sources but may worsen
ozone pollution near emission hotspots. This study advances
prior work by applying ML-based bias correction to the model
outputs, enabling finer-scale attribution of regional ozone
changes and improving the future prediction of ozone
pollution.
There are some limitations in this study. Model bias mainly

stems from systematic limitations in chemical mechanisms,
deposition processes, spatial resolution, and representation of
precursor emissions. ML-based bias correction in this study
can reduce such systematic bias by learning the relationships
between modeled ozone biases and other related variables,
without directly correcting the physical and chemical
processes. It should be caution that although the predictor
distributions of meteorological variables remain largely
consistent between historical and future periods, substantial
changes in emission-related variables (e.g., NOx and VOCs)
may introduce additional uncertainties into the model
predictions, particularly under SSP1−2.6, where significant
emission reductions are projected relative to the present-day
level. Also, this study conducted a detailed analysis for China,
the United States, and Europe, but ozone projections and bias
corrections in other areas are also noteworthy. Fang et al.70

found that ozone pollution in Southeast Asia was also severe,
and synergistic control of NOx and VOCs under low-emission
strategies would be needed in the future to reduce ozone-
related premature deaths. With sufficient observational data,
this ML-based method could also be applied to other regions,
such as Southeast Asia, India, and Africa, where ozone
pollution poses growing concerns. Expanding the regional
coverage will be a valuable step in future work, particularly as
more monitoring data becomes available. Although we have
analyzed three key regions and refined the differences between
eastern and western China, the inherent limitations of model
resolution and the uneven distribution of ground observation
stations remain major sources of uncertainty.71 Since machine
learning models rely on observable spatial gradients and
regional-scale meteorological-chemical backgrounds, the spa-
tial structure of ozone in sparsely observed regions often
cannot be fully learned, leading to relatively high prediction
errors. Therefore, integrating higher-resolution model simu-
lations with more comprehensive observation systems will be a

key direction for reducing spatial uncertainty and enhancing
the reliability of regional- and even global-scale predictions in
the future.
This study simplifies the characterization of climate change,

mainly through changes in SST and SIC in model simulations.
Because the ocean stores over 90% of the global energy
imbalance, SST anomalies strongly regulate large-scale temper-
ature, humidity, and circulation fields, which in turn shape
ozone production and transport.72 Thus, many climate-related
forcings, such as greenhouse gas increases, aerosols, and
remote land-surface changes, are implicitly reflected in the
SST/SIC-driven responses. Since oceanic changes are the
primary focus, this framework has certain weaknesses, as it may
not fully capture variations in land-surface temperatures.
Future research is expected to utilize fully coupled Earth
system models to quantify the effects of other external forcings,
such as changes in aerosols, land use, and biogenic emissions.
Although this study uses CESM2 as a demonstration model,

the proposed ML correction method is applicable to other
CMIP6 models, offering a generalizable approach for reducing
model biases in simulating ozone concentrations. While
interpretable ML techniques help identify the drivers of
model bias, some biases between the simulated and observed
values remain unexplained. Also, this ML framework primarily
addresses existing biases between model and observation, while
uncertainties associated with the model’s ability to predict
future ozone may still constitute a potential source of biases.
The interpretable ML techniques we applied offer explanations
through mathematical and statistical means, but cannot fully
substitute for the physicochemical mechanisms explicitly
represented by the atmospheric model equations. Instead,
they provide complementary diagnostic insights, including the
identification of key chemical and meteorological drivers of
bias, which may guide future model development and
parameter tuning. In particular, the interpretability methods
used in this study (SHAP values and Gini importance) help
reveal how individual predictors influence the model errors,
thereby offering physically meaningful clues for refining
chemical mechanisms and improving process representations
in CESM2.
Overall, this study highlights the potential of combining

Earth system model simulations and ML-based bias correction
to produce more accurate projections of ozone pollution,
thereby supporting more effective and region-specific air
quality policies. Future ML models that incorporate a broader
range of process variables may further elucidate the root causes
of model errors. This insight can guide modifications to model
input parameters and refinements of the relevant physico-
chemical processes and numerical equations to address the
inferred sources of bias.
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Data Availability Statement

Surface ozone observations over China can be obtained from
the China National Environmental Monitoring Center
(http://www.cnemc.cn). In Europe, surface ozone data
encompassing 36 countries are available from the European
Environment Agency https://discomap.eea.europa.eu/map/
fme/AirQualityExport.html. In the United States, surface
ozone measurements are sourced from the United States
Environmental Protection Agency (https://aqs.epa.gov/
aqsweb/airdata/download_files.html#Daily;EPA, 2023).
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