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Abstract.

Severe fine particulate matter (PM25) and ozone pollution pose major air quality concerns in China.
Chemical transport models (CTMs) are widely used to attribute their long-term trends to anthropogenic
emissions and meteorological variabilities, but inherent uncertainties often yield inconsistent results
across models. Here, we develop a bias correction framework that integrates a multi-layer perceptron
(MLP) neural network to jointly constrain PM2 5 and ozone attributions simulated by two independent
CTMs, CMAQ and GEOS-Chem, over eastern China during 2015-2024. This framework improves
simulated pollutant concentrations, spatial distributions, and interannual variabilities, providing a robust
foundation for attribution analysis. During 2015-2024, anthropogenic emission changes accounted for 69-
83% of the observed PM» s decline and 56-63% of ozone changes across both corrected models, with
meteorological variabilities contributing the remainder. Emission changes dominate the PM2 s decreases
in 2015-2019, but the benefits weaken during 2019-2024 despite continued declines in major PM s
precursors. For ozone, anthropogenic emissions drive increases during 2015-2019, but become effective
for mitigating ozone thereafter. Meteorological variabilities exacerbate ozone increase in 2015-2019 but
exert smaller impacts in later years. Crucially, the MLP correction reduces the inter-model attribution
discrepancies from 136% to 14% for PM2s and from 19% to 8% for ozone. These findings confirm the
dominant role of emission changes in decadal (2015-2024) trends in summertime PM> 5 and ozone in
China, and underscore that sustained, coordinated emission reductions remain essential for mitigating
both pollutants. Furthermore, they highlight the value of coupling state-of-the-art, mechanism-based
CTMs with machine learning to reliably attribute long-term air quality trends.
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1 Introduction

Fine particulate matter (PM2s) and surface ozone substantially affect human health and ecosystems
(Burnett et al., 2018; Cohen et al., 2017; Sitch et al., 2007). Although China has witnessed a significant
decline in PM2 5 concentrations since 2013 (Zhang et al., 2019; Zheng et al., 2018), its nationwide annual
concentration levels in recent years have still notably exceeded the interim target level recommended by
the World Health Organization (WHO, 2021). More importantly, the rate of PM2 s reduction has gradually
slowed in recent years (Silver et al., 2025; Geng et al., 2024), suggesting that further improvements may
become increasingly difficult under lower pollution levels. In contrast, summertime ozone concentrations
have not followed the same declining trend as PM2 s and instead exhibit persistent increases across many
densely populated urban regions, such as the North China Plain and the Yangtze River Delta (Lu et al.,
2020; Wang et al., 2024b). China has placed increasing emphasis on coordinated PM» s-ozone control, as
reflected by the Air Quality Improvement Action Plan released in 2023 and the updated Ambient Air
Quality Standards in 2026 (MEE, 2026).

From an atmospheric chemistry standpoint, variability in both pollutants is jointly influenced by
shared precursor emissions and meteorological processes in a coupled manner. Therefore, constructing a
consistent framework to simultaneously attribute their changes to anthropogenic and meteorological
drivers aligns with this scientific rationale and accounts for the joint influences by both factors. Previous
studies have used statistical methods, machine learning techniques, and chemical transport models (CTMs)
to quantify the respective emission and meteorological effects. In short, statistical and machine learning
approaches typically infer the contributions based on empirical relationships between meteorological
variables and pollutant concentrations (Dai et al., 2023; Li et al., 2020; Weng et al., 2022; Zhai et al.,
2019), whereas CTMs estimate these contributions by holding either emissions or meteorology constant
in sensitivity simulations (Qu et al., 2025; Yang et al., 2016). Using these methods, most studies attribute
PM2: s declines since 2013 in China primarily to anthropogenic emission reductions (Chen et al., 2020; Li
et al., 2026). Attribution of ozone trends remains more uncertain, with existing studies reporting
substantially different conclusions regarding the relative roles of emissions and meteorology. For example,
Cao et al. (2022) identified changes in anthropogenic emissions as the predominant driver of summertime
ozone increases over the North China Plain during 2012-2017, whereas Dang et al. (2021) attributed a
larger contribution to meteorological variabilities (49%) than to anthropogenic emission changes (39%)
over the same period. A recent study showed that the contribution of anthropogenic emission changes to
the 2013-2019 summertime ozone trends in North China ranged from 45% to 86% across two chemical
models and six statistical and machine learning models (Lu et al., 2025). This attribution uncertainty is
further complicated by evolving emission controls and meteorological conditions, which may alter their
relative roles in PM2 s and ozone change over time.

Discrepancies in the reported attribution outcome reflect limitations in these models. Statistical and
machine learning approaches do not explicitly represent atmospheric chemistry and physics. CTMs
provide process-based estimations, but their results are affected by uncertainties in emission inventories
(Miao et al., 2020; Wang et al., 2021b), inaccurate representations of the chemistry (Travis and Jacob,
2019; Weng et al., 2023; Weng et al., 2026), and biased responses to changes in meteorological conditions
(L1 et al., 2025). These uncertainties therefore introduce systematic biases and limit their ability to
reproduce observed trends (Lu et al., 2025). Recent studies have attempted to reduce these biases by
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combining machine learning with CTMs (Liu and Xing, 2023; Ye et al., 2022; Yin et al., 2021a), but most
rely on a single CTM; consequently, their attribution results remain sensitive to model-specific bias
structures and cannot be evaluated across models. Most existing ML-CTM attribution studies also focus
on a single pollutant, despite the strong emission and meteorological coupling effect between PM> s and
ozone. For example, NOx and VOCs contribute to both photochemical ozone production and secondary
aerosol formation (Shi et al., 2020; Xiao et al., 2022; Huang et al., 2021). Meteorological conditions also
simultaneously affect photochemistry and accumulation and dispersion of both PM2 s and ozone (Jiang et
al., 2022; Zhao et al, 2024). Therefore, correcting PM2s5 and ozone separately may introduce
inconsistencies in representing their coupled responses and shared sensitivities to emission and
meteorological perturbations. A framework that simultaneously constrains multiple CTMs and both
pollutants is therefore needed for more reliable attribution and coordinated PM2.s-ozone control.

Here, we develop a dual-CTM, dual-pollutant bias correction framework to improve attribution of
summertime (June-August) PM2s and ozone changes over eastern China during 2015-2024. By
integrating a data-driven dual-variate (i.e., biases in PM» 5 and ozone) neural network, the framework
simultaneously corrects both simulated pollutants. This framework is applied to the two structurally
different CTMs to constrain model-dependent attribution uncertainty. This design directly addresses two
key limitations in previous studies: reliance on a single pollutant- and CTM-specific correction. The bias-
corrected simulations are then used to quantify the relative contributions of meteorological variabilities
and anthropogenic emission changes to PMzs and ozone changes, thereby reducing inter-model
attribution uncertainty and providing a more reliable basis for coordinated air pollution control strategies.

2 Methods and Data

The overall attribution framework is illustrated in Figure 1. In the Step 1, we first conduct a base
scenario simulation where both emissions and meteorological conditions are contemporaneous using two
CTMs, the Community Multiscale Air Quality (CMAQ) and GEOS-Chem (Section 2.2). A multi-layer
perceptron (MLP) neural network (Section 2.3) is then trained using biases between the observations and
CTM outputs (i.e., PM2s and ozone) as the two target variables whilst other simulated chemical and
meteorological variables are used as input features (Section 2.4). This MLP training is conducted
independently for CMAQ and GEOS-Chem. The trained MLP thereby approximates the coupled
relationship mapping from CTM-simulated variables to the biases of both PM» s and ozone. In the Step 2,
the trained MLP models are further applied to fixed-emission scenario simulations to directly derive the
bias-corrected PM>s and ozone concentrations under varied meteorological conditions (i.e., bias-
corrected meteorological contributions). The differences between observations and the corrected
meteorologically driven variabilities thus reflect the effects of anthropogenic emissions (Section 2.5).
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Figure 1. The workflow of dual-CTM MLP bias correction attribution framework.

2.1 Surface observation network for air pollutants and meteorological variables

This study focuses on the two densely populated city clusters in eastern China (EACN), namely, the
North China Plain (NCP) and the Yangtze River Delta (YRD), with their locations and boundaries
illustrated in Figure 2(b). Both regions experience severe air pollution and are regions with relatively high
anthropogenic emission levels. Hourly measurements of air pollutants from the Ministry of Ecology and
Environment of China and meteorological variables from the China Meteorological Administration
(CMA) observations are obtained from https://quotsoft.net/air/ (X. L. Wang, 2026). Only sites with
continuous records since 2015 are selected to ensure data quality and measurement continuity.
Unreasonable data records, such as those exhibiting extremely large deviations from the local temporal
mean or sudden hour-to-hour jumps, are discarded from analysis following Lu et al. (2018). A total of
398 sites across 84 cities are included, comprising 207 sites in 43 NCP cities and 191 sites in 41 YRD
cities (Table S1).

2.2 Chemical transport models

Simulations are conducted with CMAQ and GEOS-Chem. The use of two CTMs enables a
comparative evaluation of the simulated responses of PM> 5 and ozone to anthropogenic emission changes
and meteorological variabilities across eastern China. By applying a consistent bias correction to both
CTMs, the machine learning framework can further reduce model uncertainties and reconcile
discrepancies between the two models in quantifying meteorological and anthropogenic influences on
PM2: s and ozone variations. The configuration details of each CTM are described below.
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2.2.1 GEOS-Chem

We apply the global three-dimensional chemical transport model GEOS-Chem version 13.3.1
(available at https://github.com/geoschem/GCClassic/tree/13.3.1, Bey et al. (2001)). GEOS-Chem is
driven by meteorological fields from the GEOS Forward Processing (GEOS-FP) which are obtained from
the Goddard Earth Observing System (GEOS) of the NASA Global Modeling and Assimilation Office
(GMAO). GEOS-Chem represents coupled ozone-NOx-VOCs-aerosol-halogen tropospheric and
stratospheric chemistry, and has been widely used for studies of PM2 s and ozone over China (e.g., Dang
etal., 2021; Lu et al., 2019; Wang et al., 2021b; Xu et al., 2023).

In this study, anthropogenic emissions within China are from the Multi-resolution Emission
Inventory for China (MEIC) v1.4. For regions outside China, we use the global anthropogenic emissions
inventory from the Community Emissions Data System (CEDS) v_2021 04 21 (Mcduffie et al., 2020).
Other natural emissions, including soil NOx (Hudman et al., 2012; Lu et al., 2021), lightning NOx (Murray
et al., 2012), and biogenic VOC (Guenther et al., 2012), are calculated online in GEOS-Chem.

We first conduct full-year global GEOS-Chem simulations at 4° x 5° resolution for 2015-2024, using
chemical initial fields from Wang et al. (2022). The resulting global fields are then used to provide initial
and time-varying lateral boundary conditions for the nested-grid simulations. The nested simulations are
conducted over East China (20° to 50°N, 100° to 130°E; Fig. 2) at 0.25° x 0.3125° resolution. For each
nested simulation year, the model is run from 1 May to 31 August, with May used as a one-month spin-
up period and June-August used for analysis. The one-month spin-up allows regional chemical fields to
adjust to the nested-domain meteorology and boundary conditions before the analysis period. This spin-
up length is appropriate for summertime PM> s and ozone simulations over eastern China because the
typical atmospheric lifetimes of these pollutants in the urban boundary layer range from hours to days (Li
et al., 2025; Lu et al., 2019; Zhang et al., 2009).

The two sets of simulations are conducted, as detailed below. The first set, base simulations, are
conducted with year-varying/corresponding anthropogenic emissions and meteorological conditions
during June-August from 2015 to 2019. The second set of simulations covers the same months from 2016
to 2024, but with anthropogenic emissions fixed at 2015 levels while varying meteorological conditions
from year to year. Simulated changes in PM2 5 and ozone relative to 2015 therefore primarily reflect the
influence of meteorological variabilities. Concentrations of key tracers are output hourly for analysis.

2.2.2 CMAQ

We use the Weather Research and Forecasting (WRFv4.2) model and the CMAQvS5.5 model with a
27 km x 27 km grid resolution over a domain shown in Figure 2(a); detailed specifications are provided
in Table S2. WRFv4.2 is used to simulate the meteorological fields, with initial and boundary conditions
provided by NCEP (National Centers for Environmental Prediction) 1° x 1° Final (FNL) reanalysis
dataset. WRF meteorological fields are evaluated against surface observations (Table S3), as shown in
Figure S1 and Table S4.

The CMAQ model employs the same anthropogenic emission inventory for China (MEIC) as the
GEOS-Chem model. The Carbon Bond 6 (CB06) chemical mechanism (Luecken et al., 2019) coupled
with the AERO7 module (Pye et al., 2017) is adopted to model atmospheric chemistry. To reconcile
differences between the MEIC emission species and the species required by the CB06 chemical
mechanism, we employ the Modular Emission Inventory Allocation Tools for the Community Multiscale
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Air Quality model (MEIAT CMAQ; https://github.com/Airwhf/MEIAT-CMAAQ), last access: 15 May
2026) (Wang et al., 2024a) to assign spatial and species-specific emission data from original inventories.
For the region outside of China, we adopt the MIXv2 mosaic emission inventory following Li et al.
(2024c).

Consistent with the GEOS-Chem configuration, the same two sets of simulations (i.e., base and
fixed-emission simulations) are also conducted in CMAQ. By adopting the same attribution experiment
design and anthropogenic emission inventory for China, the CMAQ and GEOS-Chem simulations
provide an opportunity to evaluate the consistency of attribution results across two independent CTMs
with different representations of chemical and meteorological processes.

(a) Simulation domain (b) Sites distribution
°N L WRF-CMAQ
50°N 27kmx27km
40°N+
30°N+
20°Ny o GEOS-Chem EACN: 398
'"WRF-CMAQ " 10.25°%0.3125; NCP: 207"
10°N+-GEOS-Chem AR “ YRD: 191
60°E 80°E 100°E 120°E 140°E 160°E

Figure 2. Modeling domains and the observational network over the study region. Panel (a) shows the simulation domains of the two models:
WRF-CMAQ (black outline) and GEOS-Chem (grey rectangular outline). Panel (b) delineates the core study region, EACN, and two
subregions: the area of NCP shaded in red and YRD shaded in blue. Black dots indicate the distribution of surface monitoring sites within
these regions.

2.3 Multi-layer perceptron model for bias correction of simulated PM2.s and ozone

To correct the systematic biases of CTMs, we apply an MLP to learn the relationships between CTM-
simulated variables and prediction biases of PMzs and ozone, defined as the differences between
simulated and observed values. This MLP-based bias correction is employed for the two CTMs, GEOS-
Chem and CMAQ, in turn.

An MLP consists of an input layer, multiple hidden layers with nonlinear activation functions, and
an output layer. It is trained using backpropagation to capture nonlinear relationships between input
features and target variables (Gardner and Dorling, 1998; Lecun et al., 2015). In this way, the predictor
variables x € R" include chemical, meteorological, temporal, and geographical information, with n
denoting the number of input features listed in Table 1. The output vector y € R™ includes the simulated
bias of PMys and ozone (i.e., m= 2). R" and R™ denote the corresponding n- and m-dimensional
real-valued vector spaces, respectively. The MLP can therefore be represented as a nonlinear mapping

6
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from x to y,ie., f:R" - R™. By learning shared hidden representations while maintaining separate
output weights for each target variable, the MLP jointly models the mapping from predictors to the
multiple targets, thereby enabling simultaneous prediction of PM> 5 and ozone biases. This joint-learning
strategy helps capture the coupled responses and shared sensitivities of PM» 5 and ozone to meteorological
variabilities and atmospheric chemical processes.

The MLP uses a total of 32 (i.e., n = 32) input features (Table 1), including hourly chemical species
from the base simulations during 2015-2019, meteorological variables from the respective driving fields
(i.e., GEOS-FP for GEOS-Chem and WRF-simulated meteorology for CMAQ), cyclic temporal features
(sine and cosine transformations of hour-of-day and day-of-year), and geographic features (latitude and
longitude). The cyclic temporal encoding is adopted to preserve the periodic continuity of diurnal and
seasonal variations, thereby allowing the MLP to better capture temporal cyclicity without introducing
artificial discontinuities (Ye et al., 2026). These predictors enable the MLP to account for temporal
periodicity, spatial heterogeneity and systematic biases not explicitly represented by the original CTM
simulations (Keller et al., 2021; Yin et al., 2021a).

To ensure consistency between observations and model simulations, we average all observational
data from monitoring sites located within the 0.25° x 0.3125° GEOS-FP grid. The biases for PMz s and
ozone are then calculated on a grid-by-grid basis. For GEOS-Chem, simulated concentrations are directly
available at the target resolution. For WRF-CMAQ (27 km X% 27 km, Lambert conformal projection),
CMAQ outputs are remapped onto the 0.25° x 0.3125° GEOS-Chem grid using nearest-grid interpolation
based on CMAQ grid centers. Because the horizontal resolutions of the two models are comparable, this
remapping introduces only minor spatial representativeness differences while allowing direct comparison
between the two CTMs and observations within a unified framework. After spatial matching, 139 grid
cells with observational constraints are used to train the MLP for the two CTMs in turn. All samples from
these grids are subsequently combined into a unified training dataset. Compared with training independent
models for individual grid cells, this unified strategy enables the model to learn shared spatiotemporal
relationships across regions and to exploit common patterns among grids with similar meteorological and
emission characteristics, thereby improving model robustness within the observed monitoring domain.
The training, cross-validation, and application procedures are described in section 2.4.

2.4 Training, cross-validation, and application of the MLP model

Using the dataset described in Sect. 2.3, we train a fully connected feedforward MLP and optimize
three hyperparameters: the hidden-layer configuration, learning rate, and batch size. The input and output
dimensions are fixed at 32 and 2, representing the 32 input features and the two target biases for PMa s
and ozone, respectively. We test three configurations of four hidden layers: [2048, 1024, 512, 256], [1024,
512, 256, 128], and [512, 256, 128, 64], where values in brackets denote the numbers of neurons in the
four hidden layers, respectively. Candidate learning rates are 0.01 and 0.001, and candidate batch sizes
are 512, 1024, and 2048. Batch size denotes the number of training samples processed before each update
of the model weights and is not part of the network architecture.

We focus only on the model grid cells for which observations are available. To train the MLP, we
use all the gridded hourly data from the study domain, rather than training a separate model for each grid
cell. Each gridded hourly record from a particular grid cell is treated as a sample containing the 32 input
features and the two target biases, i.e., the differences between the observed and modeled PM2.s and ozone

7
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concentrations, respectively, as defined in Sect. 2.3. Before data splitting, the hourly samples from all
grid cells with valid observations are combined into one dataset. Latitude and longitude are included
among the 32 input features so that the MLP can account for geographic differences in the target biases
and in their relationships with the other input features.

For tuning and evaluating the MLP, we use five-fold cross-validation with a date-based temporal
rotation. Specifically, all unique calendar dates represented in the gridded hourly data from the study
domain are randomly assigned to five folds. The samples remain at their original hourly resolution and
are not averaged into daily values. Instead, each date and all the hourly samples from that date are kept
together and assigned to the same fold. In each iterative run of five-fold cross-validation, one date fold is
held out as the test set, while the remaining four date folds form the model-development dataset. Within
this dataset, a similar five-fold splitting process is conducted for hyperparameter tuning: one fold is held
out as the validation set, while the remaining four folds are used for model training.

Within a run, all hourly samples from a given date, including those from different hours and grid
cells, are assigned to the same set. Thus, no date occurs in more than one of the training, validation, and
test sets, preventing samples from the same day from being used in both model development and
evaluation. The training set is used for model fitting, the validation set is used for hyperparameter
selection and early stopping, and the final model is applied to the test fold held out at the beginning of the
run. Because the data are split by date rather than grid cell, this procedure evaluates the model on excluded
dates at locations with observations, rather than at locations without observations. For each run, the means
and standard deviations used to standardize the input features are calculated from the training set only
and then applied unchanged to the corresponding validation and test sets.

Hyperparameters are selected separately within each run. For every candidate combination of
hidden-layer configuration, learning rate, and batch size, an MLP is trained on the training set for 20
epochs and evaluated on the corresponding validation set using mean squared error (MSE). The
combination producing the lowest validation MSE is selected for that run. The models trained for 20
epochs are used only to compare the candidate combinations and are not used for test prediction. An MLP
using the selected hidden-layer configuration, learning rate, and batch size is then trained on the same
training set for up to 300 epochs. During this training, the model weights from the epoch with the lowest
validation MSE are retained, and training is stopped if the validation MSE does not improve for 30
consecutive epochs. The retained model is then used to predict the test fold, which is not used for
hyperparameter selection, model fitting, or early stopping.

Across the five runs, each date fold serves as the test set once. The predictions from the five test
folds are then combined. Because each test prediction is generated by a model trained without the
corresponding date, these combined results are referred to as out-of-fold predictions and are used to
calculate the overall cross-validation performance.

Table 1. Feature variables used in MLP model.

Variable GEOS-Chem WRF-CMAQ
Chemical species variables
Carbon monoxide CO
Dinitrogen pentoxide N205
Ammonia NH3
Nitric oxide NO
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Nitrogen dioxide NO2
Hydroxyl radical OH
Sulfur dioxide SO2
Peroxyacetyl nitrate PAN
Ozone 03
Fine particulate matter PM2.5
Volatile organic compounds
(non-methane hydrocarbons, aldehydes, and VOCs
ketones, etc.)
Black carbon BC PMF _EC
Ammonium NH4 ANH4J
Inorganic nitrate NIT ANO3J
Organic carbon ocC PMF POA
Secondary organic aerosol SOA PMF_SOA
Ratio ofblapk carbon and BC OC ratio EC POA ratio
organic carbon - = - -
Meteorological variables
Planetary boundary layer height PBLH
Relative humidity RH
Sea level pressure SLP
temperature T2
Zonal wind at 10 m Ul1oM
Meridional wind at 10 m VioM
Total precipitation PRECTOT RAIN
Solar radiation SWGDN SWDOWN
Geographic information
Longitude lon
Latitude lat
Time information
Hour of the day Hour
Sine-transformed hour-of-day hour_sin
Cosine-transformed hour-of-day hour cos
Sine-transformed day-of-year doy_sin
Cosine-transformed day-of-year doy cos

2.5 Attribution of PM2s5 and ozone change to emission and meteorology

The trained MLP models predict the biases of the CTMs relative to observations. Consequently, the

285

290

MLP-corrected results (obtained by adding the predicted biases to the original CTM simulations) are
expected to closely match the observations, as will be demonstrated in Section 3. Although this approach
does not directly modify the model inputs (e.g., meteorological fields or emission inventories) or internal
mechanisms, it effectively constrains the CTMs to capture the observed temporal changes in PMz 5 and
ozone, a critical prerequisite for the accurate attribution of their variability. To isolate the meteorological
impacts, we apply this MLP-based correction to sensitivity simulations from both CTMs spanning 2016
to 2024, in which anthropogenic emissions are fixed at 2015 levels while meteorological conditions are
allowed to vary (Section 2.2). The MLP-corrected results thus represent an improved prediction of PM3 s
and ozone levels that would occur under the meteorology of a given year, assuming anthropogenic
emissions remain fixed at the 2015 levels. In other words, these results represent the variability in PMaz s
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and ozone concentrations solely driven by changes in meteorological variabilities. These bias-corrected

fixed-emission simulations are denoted as M LPy%}rM, where the subscript year refers to individual years

from 2016 to 2024. The meteorology-driven change relative to 2015 (AMet) for either PM2 s or ozone is
defined as:

AMetye,, = MLRGIM — MLPSJ}Y (1)
Evidently, the year-to-year observed change is defined as:
AObsyear = Obsyear - ObS2015 (2)

Following previous studies (Keller et al., 2021; Yin et al., 2021a), we assign the residuals derived
from the subtraction between observed changes and bias-corrected meteorologically driven changes as
the emission-driven component:

AObSyear = AErnisyear + Alvletyear (3)
Using this framework, we can quantify the relative contributions of emission changes and meteorological
variabilities to interannual variations in PM2s and ozone during 2016-2024. Compared to traditional
CTM-based attribution that directly relies on simulations with fixed meteorology or emissions, a key
advantage of applying this approach is that it accounts for systematic biases in CTM predictions of PM2 5
and ozone. This allows for more accurate concentration estimates under varying meteorological scenarios,
thereby better isolating the contributions of meteorology (Equation 1) and thus emissions (Equation 3) to
the observed interannual variability of these pollutants. Furthermore, the use of two CTMs enables cross-
model comparison and helps assess uncertainties associated with differences in model structures and
process representations.

3 Evaluation of MLP-corrected CTM simulations

Although both CMAQ and GEOS-Chem generally reproduce the temporal variations and spatial
patterns of summertime PM2s and MDAS ozone over eastern China during 2015-2019, they retain
substantial biases, as shown in Figures 3 and 4. Overall, CMAQ shows relatively better agreement with
observations for both PMz 5 and ozone, with consistently lower simulation biases than GEOS-Chem. For
PM> 5, GEOS-Chem exhibits persistent and large high biases compared to observations, yielding a root-
mean-square error (RMSE) of 23.7 pg m (Fig. 3b). Previous studies similarly reported systematic PMa s
overestimations in GEOS-Chem over eastern China, indicating potential uncertainties in nitrate
deposition and oversimplified secondary organic aerosol formation (e.g., Xu et al., 2023; Miao et al.,
2020). For ozone, both models here generally overestimate summertime concentrations throughout the
study period (Figs. 3c and 3d), although the overall biases are smaller in CMAQ (RMSE = 12.9 ppb) than
in GEOS-Chem (RMSE = 20.3 ppb). Similar overestimations were reported in previous CTM studies
over eastern China and were partly attributed to uncertainties in aerosol-related chemical processes and
emission inventories (e.g., Gao et al., 2024; Hou et al., 2022; Sun et al., 2026).

We evaluate the performance of MLP-based bias correction using held-out testing data and the five-
fold cross-validation approach described in Sect. 2.4. Predictions from the test fold in each cross-
validation round are concatenated to evaluate the bias-corrected results over the full 2015-2019 training
period. Hereafter, the MLP-corrected CMAQ and GEOS-Chem simulations (i.e., adding the MLP-
predicted biases to the original CTM prediction results) are denoted as CMAQ-MLP and GC-MLP,
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respectively. Based on these testing data, the RMSE values of PM2 s during 2015-2019 decrease from 9.6
to 5.2 ug m= for CMAQ-MLP and from 23.7 to 4.1 pg m™ for GC-MLP (Figs. 3a and b). Meanwhile, the
RMSEs of MDAS ozone decrease from 12.9 to 6.2 ppb in CMAQ-MLP and from 20.3 to 3.8 ppb in GC-
MLP (Fig. 3c and d). The spatial distributions of both pollutants are also improved after bias correction
(Fig. 4), particularly for CMAQ, with the spatial Pearson correlation coefficients of PM2s and ozone
increasing from 0.23 and 0.46 to 0.97 and 0.96, respectively. This underscores the generalizability of the
MLP bias correction method between these two CTMSs, which is noteworthy given that both models may
contain vastly different structural biases as evidenced by their large disagreement in simulated PM> 5 and
ozone levels and variabilities.

(a) CMAQ and CMAQ-MLP, PM; 5 (b) GEOS-Chem and GC-MLP, PM, s
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Figure 3. Temporal variations of observed and simulated summer PMa2.5s and MDAS ozone during 2015-2019 from CMAQ, GEOS-Chem,
and their MLP-corrected simulations. The MLP-corrected results are evaluated using held-out testing data from the day-based five-fold
cross-validation, with predictions from each test fold concatenated to cover the full 2015-2019 period. The black solid lines represent ground-
based observations, while the grey and red solid lines denote the original CTMs (CMAQ or GEOS-Chem) and the bias-corrected models
(CMAQ-MLP or GC-MLP), respectively. Correlation coefficients (r) and RMSE between simulated and observed values are shown inset.

350 The five-year and individual annual mean values are shown in the upper right of each panel, outside and inside parentheses, respectively.
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Figure 4. Spatial distributions of summertime daily PM2. (top row) and MDAS ozone (bottom row) during 2015-2019 from observations,
CMAQ, GEOS-Chem, CMAQ-MLP, and GC-MLP. Mean concentrations and spatial correlation coefficients (r) between simulated and
observed values are shown inset.

The enhanced representation of observed interannual trends by the MLP-based correction is
particularly notable. For ozone, observations show a substantial increase of 4.8 ppb year™ over the EACN
region during the 2015-2019 training period. In comparison, CMAQ simulates flat or even negative ozone
trends across these regions (-0.2 to 0.2 ppb year™!), while GEOS-Chem reproduces only weak positive
trends (1.2 to 1.6 ppb year!) (Fig. 5d). This discrepancy is evident in both the NCP and YRD regions
(Fig. Se-f), indicating that both CTMs struggle to capture ozone responses to interannual variations in
emissions (from the MEIC inventory) and meteorology, as previously reported (e.g., Lu et al., 2025).
Following the MLP-based correction, the ozone trends reach 2.8 and 3.7 ppb year™! for CMAQ-MLP and
GC-MLP over the EACN region, respectively, aligning much more closely with the observations. For
PM;s, the corrected simulations still capture the observed declining trends with much improved
performance on absolute values (Fig. 5a-c). Importantly, this improved trend representation is achieved
without compromising the spatial and temporal consistency of pollutant distributions (Fig. 4). This
capability is particularly vital for studies focusing on long-term air quality trends, where accurately
reproducing interannual trends is more critical than merely improving mean-state statistical performance.
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Figure 5. Time series of observed, CMAQ, GEOS-Chem, and their MLP-corrected simulations of PM2.5s and MDAS ozone across EACN,
NCP, and YRD. The top panels (a-c) show the annual variations of PM2 s, and the bottom panels (d-f) present those of MDAS& ozone from
2015 to 2019. Columns from left to right represent the three target regions: EACN, NCP, and YRD. The black line with solid circles denotes
the ground-based observations (Obs). Dashed lines denote the original CTM simulations from CMAQ (blue) and GEOS-Chem (red). Solid
lines denote the corresponding bias-corrected models (CMAQ-MLP in blue and GC-MLP in red).

4 Attribution of 2015-2024 PM:zs and ozone change in eastern China

4.1 2015-2024 trends and attributions

Section 3 demonstrates that the MLP-based correction method successfully mitigates the
spatiotemporal biases of summertime PMz s and ozone in both CTMs in 2015-2019 when evaluated on
held-out test data. We now rely on this approach to further attribute the 2015-2024 PM: s and ozone trends
to anthropogenic emissions and meteorology as described in Section 2.5. Here, we apply a “final” MLP-
based correction trained on the entire 2015-2019 dataset, utilizing the optimal hyperparameters identified
through the day-based five-fold cross-validation. This strategy maximizes data utilization to achieve the
best fit to observations, thereby yielding more robust estimates for the attribution compared with results
derived from held-out test data.

During 2015-2024, observed summertime PM2 s concentrations over eastern China decrease at a rate
of -2.9 ng m> year! (Fig. 6a). Both CMAQ-MLP and GC-MLP attribute most of this decline to
anthropogenic emission reductions, with smaller contributions from meteorological variabilities. In
CMAQ-MLP, emission changes contribute -2.4 ug m year™!, accounting for about 83% of the observed
PM, s decline, while meteorological variabilities contribute -0.5 ug m> year!. In GC-MLP, emission
changes contribute -2.0 pg m™ year!, corresponding to about 69% of the observed decline, while
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meteorological variabilities contribute -0.9 ug m™ year!. These results indicate that CMAQ-MLP and
GC-MLP agree that emission changes are the dominant driver of the observed decadal decline in
summertime PM> s over eastern China.

For MDAS ozone, observations show an increasing trend of 1.3 ppb year!' during 2015-2024 (Fig.
6b). Trend decompositions from both MLP-corrected models consistently identify anthropogenic
emissions as the primary driver. CMAQ-MLP estimates that emission changes drive 69% (0.9 ppb year
1) of this surge, outweighing the meteorological contribution of 31% (0.4 ppb year'). While GC-MLP
suggests a stronger secondary role for meteorology (0.6 ppb year™!, or 46%), it still identifies emissions
as the leading factor, responsible for the remaining 54% (0.7 ppb year™) of the long-term trend.

Notably, both corrected models reveal that the relative contributions of emissions and meteorology
vary substantially over time throughout 2015-2024. To examine these temporal differences, the study
period is further divided into two sub-periods (2015-2019 and 2019-2024) in Sections 4.2 and 4.3. The
year 2019 is selected as the transition point because anthropogenic emissions underwent more abrupt
changes after 2020 due to the COVID-19 lockdown (Huang et al., 2021; Le et al., 2020; Yin et al., 2021b).
We separately discuss the relative role of emission changes and meteorological variabilities in Section
4.2 and Section 4.3.
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Figure 6. Attribution of changes in (a) PMa2.s and (b) MDAS ozone concentrations to emission reductions and meteorological variabilities
over eastern China during 2015-2024. Left panels show the time series of observed concentrations (black lines with circles), and the

415  contributions from emission changes (red lines with triangles) and meteorological variabilities (blue lines with squares) derived from the
CMAQ-MLP and GC-MLP bias-corrected models. Right panels illustrate the attribution results for different periods, showing concentration
changes in 2019 relative to 2015 and in 2024 relative to 2019, highlighting the respective roles of emission changes and meteorological
variabilities during different stages of air-quality evolution.
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4.2 Emission-driven changes in PM2s and ozone

Anthropogenic emissions over EACN decrease substantially during 2015-2023, with cumulative
reductions ranging from 20% for VOCs to 66% for SO; relative to the 2015 level (Fig. S2), according to
the MEIC v2.0 emission inventory used in the simulation. The temporal evolution of emissions broadly
reflects China’s clean-air policies. The 2015-2019 period covers the latter part of the Air Pollution
Prevention and Control Action Plan (2013-2017) and the initial implementation of the Three-Year Action
Plan for Winning the Blue Sky Defense Battle (2018-2020), which emphasizes PM2 s reduction through
controls on coal combustion and industrial sources. Consistent with these priorities, emission reductions
over EACN during 2015-2019 are larger for SO2 (51%), primary PMb> .5 (32%), and CO (26%) than for
NOx (18%) and VOCs (8%). After 2019, particularly during the 14th Five-Year Plan period (2021-2025),
air-pollution control increasingly emphasizes coordinated PM» s-ozone mitigation and joint reductions in
VOC and NOx emissions. Correspondingly, VOC emission reductions increase from 8% during 2015-
2019 to 13% during 2019-2023, while NOx emission reductions remain steady (17%).

Dynamic shifts in these primary anthropogenic emissions act as the key modulator for the observed
temporal trends in both PM> 5 and ozone. During 2015-2019, both CMAQ-MLP and GC-MLP attribute
the observed PM,s (-4.5 pg m> year! over EACN) decline primarily to anthropogenic emission
reductions, with emission-driven trends of -2.9 (64% of observed trend) and -3.4 (76%) ug m> year™,
respectively (Figs. 7al and bl). This attribution is supported by concurrent decreases in observed NO»
(14%) and SOz (51%) concentrations (Fig. 8). Both bias-corrected models further show spatially
widespread emission-driven PM» s decreases, with the strongest responses over the NCP (CMAQ-MLP:
3.7; GC-MLP: 4.5 ug m year!), substantially exceeding those in the YRD (1.7 and 1.9 ug m™ year™).
These emission-driven PM: s decreases account for 63-76% and 63-72% of the observed PM2 s decreases
in NCP and YRD, respectively. The stronger response in the NCP is consistent with larger decreases in
observed NO; and SO; concentrations than in the YRD. The agreement between both models indicates
that the dominant role of emission reductions in the PM 5 decrease during this period is robust. More
importantly, the regional contrast suggests that larger precursor reductions are associated with greater
PMb 5 benefits, highlighting the effectiveness of stringent emission controls during the relatively polluted
early stage of the study period.
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Figure 7. Spatial distribution of anthropogenic emission-driven changes in summertime surface daily PM2.s and ozone concentrations over
eastern China during three analysis periods (2015-2019, 2019-2024, and the overall 2015-2024 period) as attributed by CMAQ-MLP and
GC-MLP. Panels (a, b) show the emission-driven contributions to PMa s changes derived from CMAQ-MLP and GC-MLP, respectively.
Panels (c, d) show the same but for ozone. Trends at each grid cell are calculated based on monthly mean daily PM2.s and MDAS ozone
concentration anomalies defined as the deviation of the monthly mean from the multi-year average of the corresponding calendar month
over 2015-2024.

After 2019, emission reductions continue to lower PMb s, but the magnitude of the response weakens
sharply in both corrected models (Figs. 7a2 and b2). Over the NCP, the emission-driven decrease falls
from 3.7-4.5 pg m year™! during 2015-2019 to 1.1-2.1 ug m™ year™' during 2019-2024; over the YRD, it
falls from 1.7-1.9 to 0.4-1.5 ug m™ year’!. Notably, the weaker emission-driven PM. 5 decrease during
2019-2024 is not accompanied by a comparable slowdown in reductions of precursor concentrations.
During 2019-2024, observed NO; concentrations exhibit accelerated declines of 38% in the NCP and 29%
in the YRD, surpassing the reductions seen in 2015-2019 (15% and 12%, respectively). This accelerated
urban NO; decline reflects a shift in NOx mitigation strategies, transitioning from early reductions driven
largely by power-sector controls to increasingly stringent regulations on industrial and urban transport
sources after 2020 (Li et al., 2024a; Zheng et al., 2018). By contrast, SO reductions decelerate from 53%
to 34% in the NCP and from 46% to 12% in the YRD (Fig. 8). Together, these results indicate that the
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PM: s response does not scale directly with the magnitude of observed precursor decreases after 2019,
pointing to a possible decrease in the marginal PM s benefits of additional precursor controls under
cleaner atmospheric conditions (Dao et al., 2026; Li et al., 2023). The stronger emission-driven PM; 5
decreases in the NCP than in the YRD during 2019-2024 further indicate that PM»s responses to
continued precursor reductions vary across atmospheric chemical environments.

The difference in emission-driven PMz s responses between the NCP and YRD may partly reflect
contrasts in sulfate-nitrate-ammonium (SNA) chemistry and ammonia availability. Previous studies have
shown that the NCP is characterized by substantially higher atmospheric ammonia levels (e.g., Liu et al.,
2018; Sun et al., 2025; Zhang et al., 2018), resulting in abundant ammonium availability for SNA
formation and stronger interactions among sulfate, nitrate, and ammonium components (Wang et al., 2013;
Pinder et al., 2007). In the ammonia-rich NCP, available ammonia continues to support nitrate partitioning,
maintaining a strong potential for PM2 s reductions in response to ongoing NOx and SO: controls after
2019. In contrast, limited ammonia in YRD renders PM; s insensitive to NOx reductions, while the
diminishing rate of SO decline further restricts the decrease in PM2 s concentrations. This interpretation
is broadly consistent with previous analyses (e.g., Chen et al., 2016; Geng et al., 2017), which show that
regional ammonia availability can regulate the sensitivity of PMa2s to precursor reductions through
thermodynamic partitioning within the SNA system. It also highlights the critical need to control ammonia
emissions to effectively mitigate PM2s pollution (Gu et al., 2021; Zhai et al., 2021). Furthermore,
observational evidence since 2013 has demonstrated smaller reductions in secondary organic aerosols
(SOA) compared to primary organic aerosols (Chen et al., 2024). The complex effects of reducing NOx
and SOz on SOA production may have even led to slight overall increases in SOA (Chen et al., 2024),
indicating that SOA formation chemistry could complicate the response of PM» 5 to further NOx and SO»
reductions.
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Figure 8. Observed NO2 and SOz concentrations and emission-induced PM2.s changes provided by CMAQ-MLP and GC-MLP in EACN,
NCP, and YRD during 2015-2024. Both bias-corrected models represent PMa2s changes attributable to anthropogenic emission changes
relative to 2015.

For ozone, the role of emission changes also varies substantially across different periods and regions.
During 2015-2019, emission changes cause widespread ozone increases across eastern China in both bias-
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corrected models (Figs. 7c1 and d1). Over the NCP, emission-induced ozone increases reach 2.1 ppb year
U'in CMAQ-MLP and 1.7 ppb year! in GC-MLP, both substantially larger than the corresponding
increases over the YRD (1.4 and 1.1 ppb year’, respectively). In contrast, during 2019-2024, both models
suggest a substantially weakened increase or even a decrease in response to emission changes (Fig. 7¢c2
and d2). As discussed previously, NOx emission reductions (18%) are more than twice as large as VOCs
(8%) during 2015-2019, while their reduction rates become comparable (17% for NOx and 13% for VOCs)
during 2019-2023. Given the well-documented nonlinear response of ozone formation to its precursors,
these shifts in NOx and VOC emission trends are expected to significantly impact ozone concentrations.

We further examine ozone formation sensitivity over EACN using the satellite-derived
formaldehyde-to-nitrogen dioxide ratio (FNR) (Fig. S3). Here, we apply empirical FNR thresholds
reported in previous studies (Wang et al., 2021a) to classify ozone chemical formation regimes in China,
with a focus on diagnosing their spatial contrasts and temporal shifts. During 2015-2019, VOC-limited
conditions account for 52% of the NCP and 33% of the YRD, while transitional conditions account for
47% and 48%, respectively (Fig. S3). Under such high NOx conditions, the rapid decrease in NOx
emissions is expected to elevate ozone concentrations, supported by many other modeling studies (Li et
al., 2019a; Li et al., 2019b; Liu et al., 2023; Wang et al., 2019). In 2019-2024, continued NOx emission
reductions lead to a decreased proportion of VOC-limited conditions over the YRD (from 33% to 21%).
The simultaneous decrease in NOx and VOC emissions during this period may have become effective in
slowing ozone increases or even reducing ozone over EACN, which explains the patterns shown in
Figures 7c2 and d2.

In addition, emission-driven changes in PMxs level further influence ozone by altering
heterogeneous HO; uptake and photolysis (Li et al., 2019a). During 2015-2019, observed PM> s decreases
from 54.7 to 29.9 pg m™ (-45%) over the NCP and from 35.5 to 23.4 pug m™ (-34%) over the YRD,
respectively. This rapid decline coincides with the positive emission-driven ozone response and may
modulate it through weaker heterogeneous HO> uptake and enhanced photolysis (Gao et al., 2020; Li et
al., 2019a; Liu and Wang, 2020b). From 2019 to 2024, PM s declines further to 22.6 pg m over the NCP
and 17.0 pg m> over the YRD, 24% and 27% below their 2019 levels. At these lower concentrations,
previous studies suggest a weaker aerosol-mediated influence on ozone (Shao et al., 2021), which may
partly explain the weaker emission-driven ozone response after 2019. This interaction highlights the value
of coordinating continued PM;s abatement with VOC and NOx controls to achieve simultaneous
reductions in PM> s and ozone.

4.3 Meteorology-driven changes in PM2.s and ozone

Meteorological conditions strongly influence PM» 5 and ozone variability through well-established
physical and chemical processes (e.g., Fiore et al., 2012; Gong et al., 2022; Jacob and Winner, 2009; Tai
et al., 2010). For PM»s, atmospheric ventilation and wet deposition are widely recognized as key
meteorological processes governing aerosol accumulation and removal. The ventilation index, defined as
the product of boundary layer height and wind speed, is an effective metric representing the atmospheric
capacity for pollutant dispersion (e.g., Miao et al., 2019; Su et al., 2018; Sujatha et al., 2016; Sun et al.,
2017), while precipitation is a usual variable indicating aerosol wet removal (Textor et al., 2006).
Ventilation and precipitation are therefore examined below as the principal meteorological indicators for
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interpreting the meteorology-driven PMz s changes.

During 2015-2019, both CMAQ-MLP and GC-MLP consistently show that meteorological
variabilities contribute to the PM2 s decline, although this contribution is much smaller and shows greater
spatial variations than the dominant emission-driven decrease discussed in Sect. 4.2 (Fig. 9al and bl).
The meteorology-driven PM> s decline is larger over the NCP (-2.2 and -1.4 ug m™ year! in CMAQ-MLP
and GC-MLP, respectively) compared with the YRD (-1.0 and -0.7 ng m™ year!). This regional contrast
is supported primarily by changes in atmospheric ventilation. The summertime ventilation index increases
in both meteorological datasets, reaching 5-11% over the NCP and 4-8% over the YRD (Fig. 10d-f). The
larger enhancement over the NCP indicates a stronger improvement in pollutant dispersion, consistent
with the greater meteorology-driven PM2 s decrease in this region. Precipitation exerts a less uniform
influence (Fig. 10a-c). WRF shows virtually no change in precipitation over the NCP and a small increase
over the YRD (4%), suggesting that enhanced ventilation provides the principal meteorological signal
associated with the CMAQ-MLP decreases. GEOS-FP, in contrast, shows a substantial precipitation
increase over the NCP (46%) but a decrease over the YRD (-34%). Enhanced wet removal over the NCP
therefore reinforces the improved ventilation, whereas reduced precipitation over the YRD partly offsets
the effect of stronger ventilation.

Meteorological variabilities have a weaker effect on PM2 5 during 2019-2024 compared with 2015-
2019 (Figs. 9a2 and b2). CMAQ-MLP estimates a small meteorology-driven PM2 5 increase across eastern
China (0.2 pg m™ year™!), while GC-MLP indicates modest meteorology-driven PM, s decreases (-0.8 ug
m™ year!), but again with notable spatial variations. The overall small meteorology-driven PM s change
may reflect the competing effects of increased precipitation and weakened ventilation (Fig. 10a-f). Across
WRF and GEOS-FP, precipitation increases by 34-92% over the NCP and 22-50% over the YRD, while
the ventilation index decreases by 1-4% and 3-20%, respectively. However, accumulated precipitation is
not a direct measure of wet scavenging, which also depends on rainfall frequency, intensity, duration, and
aerosol properties (Hou et al., 2018; Wang et al., 2021c). These results also indicate that the MLP-
corrected approach still has limitations in reconciling the attribution results from different models when
multiple factors exert competing influences and the observed pollutant trend is relatively small.
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Figure 10. Relative changes in key meteorological variables across EACN, NCP, and YRD. Panels (a-c) present the relative changes in
precipitation, panels (d-f) show ventilation, panels (g-1) show temperature, panels (j-1) show solar radiation, and panels (m-o0) show relative
humidity. Columns from left to right represent the three target regions. For the 2015-2019 period, relative changes represent values in 2019
relative to 2015. For the 2019-2024 period, relative changes represent values in 2024 relative to 2019. Within each panel, the darker and
lighter shaded bars distinguish the meteorological fields derived from the WRF and GEOS-FP datasets, respectively.
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Unlike PM2 5, meteorological variabilities generally contribute to ozone increases over EACN in
both models, although the magnitude differs between periods (Figs. 9c and d). We use summertime mean
surface temperature, incoming shortwave radiation, and relative humidity to interpret these changes (Fig.
10g-o0). Higher temperatures and stronger radiation accelerate photochemical reactions, while heat can
also enhance biogenic emissions and suppress vegetation ozone uptake under drought conditions (Li et
al., 2024b). Lower atmospheric moisture can suppress ozone loss (Chen et al., 2022; Li et al., 2025;
Monks et al., 2015; Porter and Heald, 2019). These conditions are also typically associated with synoptic
background such as atmospheric subsidence and stagnation, which favour ozone accumulation (Gao et
al., 2021; Jiang et al., 2021; Yin et al., 2019). We therefore examine these variables to interpret the
meteorology-driven ozone changes in this study.

During 2015-2019, meteorological variabilities consistently contribute to ozone increases over
EACN in both bias-corrected models (Figs. 9c1 and d1). Regionally, the NCP and YRD show comparable
meteorology-driven ozone increases of 2.8-3.2 and 2.7-3.1 ppb year!, respectively. Across WRF and
GEOS-FP, temperature increases by 4-6% and 4-7%, radiation increases by 1-2% and 4-9%, and relative
humidity decreases by 7-9% and 4-9% over the NCP and YRD, respectively (Fig. 10g-o0). These shifts
toward warmer, higher-radiation, and drier conditions support enhanced ozone formation in both regions.
This relationship is particularly evident in 2019, when the meteorological variabilities increase ozone by
10.5 ppb in CMAQ-MLP and 12.3 ppb in GC-MLP over EACN relative to 2015 (Fig. 6b). This large
meteorology-driven ozone anomaly is supported by the especially high surface temperature (up to 3 °C
higher than the 2015 level), strong solar radiation, and the lowest relative humidity during 2015-2024
(Figs. S4 and S5). Consistent with our results, previous studies associate the exceptionally high ozone in
2019 with hot-drought conditions that weakened vegetation ozone uptake and dry deposition through
drought-induced water stress (Lin et al., 2025) and with ozone-conducive circulation patterns. In
particular, frequent northwesterly foehn flow promoted subsidence and warming, especially over the NCP
(Lietal., 2020), while peripheral subsidence from multiple tropical cyclones and the persistent subtropical
high dominated atmospheric conditions over eastern China (Hu et al., 2024). Both circulation patterns
favoured ozone formation and accumulation.

During 2019-2024, meteorological variabilities only contribute to small ozone increases over EACN
by 0.1 and 0.2 ppb year!' in CMAQ-MLP and GC-MLP, respectively (Figs. 9c2 and d2). We note that
this small meteorology-driven ozone trend is masked by a sharp decrease from 2019 to 2020, followed
by a modest increase in subsequent years (Fig. 6b). Regionally, meteorology-driven ozone changes are
also small and are not consistent between the two models. We find that both the WRF and GEOS-FP
meteorological data indicate a slight but much slower increase in surface temperature in this period (1%)
compared with the 2015-2019 period (4-6%), and that increases in cloud cover and precipitation lead to
a decline in solar radiation and an increase in relative humidity, neither of which is favourable for ozone
photochemistry. The competing effects between increasing surface temperature and decreasing solar
radiation may explain the small meteorological contribution to 2019-2024 ozone trend over EACN.

4.4 Comparison with existing studies and discussion

By correcting both CTMs and extending the study period through 2024, our analysis provides
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improved, long-term quantifications of anthropogenic and meteorological contributions to the trends in
both PM> s and ozone. Consistent with previous studies focusing primarily on annual PM» s changes or
earlier study periods (e.g., before 2019) (Zhai et al., 2019; Zhang et al., 2019), our results focusing on
summertime agree that anthropogenic emission reductions are the dominant driver of PM2 s decreases
over eastern China. Specifically, our MLP-corrected results show that effective emission controls account
for 63-94% of summertime PM; s reductions during 2015-2019. In terms of ozone, previous studies have
also suggested that summertime ozone increases during the early stage of China’s clean air actions (e.g.,
2013-2019) are driven by changes in anthropogenic emissions and are exacerbated by ozone-favourable
weather conditions, although the relative contributions vary across these studies (e.g., Dang et al., 2021;
Li et al.,, 2019a; Li et al., 2020; Liu and Wang, 2020a). Our results show that emission changes account
for more than 50% of the ozone increase in both bias-corrected models in 2015-2019.

Extending the bias correction framework to 2024 reveals the evolving roles of anthropogenic
emissions and meteorological variabilities in changes in both PM> 5 and ozone. For PM2 5, both CMAQ-
MLP and GC-MLP show that emission reductions remain the dominant driver of the long-term decline
during 2015-2024 (Fig. 11). However, the magnitude of emission-driven PM; 5 decreases weakens during
2019-2024 despite continued declines in NO2 and SO> concentrations. For ozone, both bias-corrected
models reveal a shift in the effects of sustained precursor controls, from increasing ozone during 2015-
2019 to near-neutral or weakly decreasing responses during 2019-2024. Meteorological variabilities
contribute to substantial ozone increases during 2015-2019 but lead to weak ozone trends in 2019-2024.
These findings extend previous shorter-period studies by showing that the effects of continued precursor
controls on PM» s and ozone evolve as pollution levels decline and atmospheric chemical regimes change.

Most existing studies apply a single CTM for attributing long-term trends in PMzs or ozone to
changes in anthropogenic emissions and meteorological conditions. A key limitation in this method is
that CTMs struggle to reproduce observed trends even when driven by year-specific meteorological fields
and anthropogenic emission inventories, which further bias the attribution and the interpretation of the
relative role of emission and meteorology. In comparison, MLP-corrected simulations better reproduce
observed pollutant levels, spatial distributions, and long-term trends (Sect. 3), and are therefore expected
to provide a more accurate attribution. Here, we examine how model bias correction affects attribution
estimates by comparing the attribution results from original CTMs and the MLP corrected results. For the
CTM-only attribution, we use the results from the fixed-emission scenario for 2016-2024, in which
anthropogenic emissions are held at their 2015 levels, to derive the meteorological contributions. The
residual obtained by subtracting the CTM-derived meteorological trend from the observed pollutant trend
is assigned to the emission-driven component. The original CTM-based spatial attribution results are
shown in Figures S6 and S7 for comparison.

As summarized in Figure 11, the original CTM-based attribution results show large inter-model
differences, especially for PM2 s, whereas the MLP-corrected results yield more consistent contributions
between CMAQ and GEOS-Chem. During 2015-2024, CMAQ attributes 94% of the PM» 5 decline to
emissions and 6% to meteorology, whereas GEOS-Chem shows that meteorological variabilities alone
are sufficient to explain the observed PMys decline. This disagreement largely arises from their
contrasting meteorological responses during 2019-2024. Over EACN, the meteorology-driven PM2 5
trends are -5.3 ug m™ year’! in GEOS-Chem and 0.1 ug m™ year! in CMAQ (Fig. S7), leaving residual
emission-driven trends of 3.7 and -1.6 pg m™ year™!, respectively (Fig. S6). After correction, both models
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identify emissions as the dominant PM2 s driver, contributing 69-83%, with meteorology contributing 17-
31%. The MLP-corrected results also yield more consistent attribution for ozone (56-63% in MLP-
corrected results vs 73-93% in original CTMs for emission contribution, respectively). The MLP
correction reduces the inter-model attribution difference, defined as the absolute difference between the
relative contributions estimated by the two models, from 136% to 14% for PM2 s and from 19% to 8% for
ozone.

Attribution results derived from the original CTM-based approach here require accurate prediction
of PM 5 and ozone in response to changes in meteorological conditions. However, this is one of the major
challenges in current CTMs. Taking ozone response to temperature as an example, previous studies have
shown that models underestimate the high summertime ozone-temperature sensitivity in China (Li and
Lu, 2026; Wu et al., 2024), due to missing temperature-dependent anthropogenic emissions, such as
enhanced power plant emissions of NOyx and evaporative anthropogenic VOCs (AVOCs) with
temperatures, and land-atmosphere processes, such as vegetation physiological responses to drought
stress through stomatal regulation (Lin et al., 2025). When such sensitivities are underestimated, CTM-
only attributions of ozone variability tend to underestimate meteorological contribution, thereby assigning
an artificially large contribution to emissions. By incorporating the MLP-predicted model biases, our
framework better captures the sensitivity of ozone to meteorological factors such as temperature
compared to traditional CTM methods, although improved statistical agreement does not necessarily
imply better physical representation. Consistently, the MLP correction in our study increases the
meteorological contribution from 8% to 37% in CMAQ and from 27% to 44% in GEOS-Chem. The MLP
correction therefore reconciles pollutant- and model-specific sensitivities. Nevertheless, uncertainties
remain because nonlinear emission-meteorology interactions, which are not isolated by fixed-emission
simulations, are absorbed into the residual emission-driven contribution. Furthermore, the MLP model
may be less reliable under chemical regimes or meteorological conditions unrepresented in the 2015-2019
training period.

Attribution of summertime surface PM; 5 and MDA8 ozone changes
in Eastern China, 2015-2024

Emissions
Meteorology

® O
A

O CMAQ
AGEOS-Chem
® CMAQ-MLP
AGC-MLP

-50% 0% 25% 50% 75% 150%

Figure 11. Comparison of emission and meteorological contributions to changes in PM2.5s and MDAS ozone concentrations during 2015-
2024. Hollow symbols represent attribution results derived directly from the original chemical transport models (circles for CMAQ and
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triangles for GEOS-Chem), whereas filled black symbols denote the corresponding attribution results after MLP bias correction (circles for
690 CMAQ-MLP and triangles for GC-MLP). Horizontal bars indicate the mean of the two MLP-corrected attribution estimates, with red and
blue bars representing contributions from anthropogenic emission changes and meteorological variabilities, respectively.

5 Conclusion

In this study, we develop a dual-CTM MLP bias correction framework to quantify the relative

695 contributions of anthropogenic emissions and meteorological variabilities to summertime PM> s and
ozone changes over eastern China during 2015-2024. By integrating CMAQ and GEOS-Chem within a
unified multi-pollutant framework, this approach provides observation-constrained attribution estimates
for both pollutants, which enables attribution results to be evaluated across two structurally different
models and allows robust attribution signals to be distinguished from model-dependent responses.

700 The MLP-corrected attribution results show that anthropogenic emission changes account for 69-83%
of the long-term PM 5 decreases and 56-63% of the ozone changes during 2015-2024 across the two
modeling frameworks. For PM3 5, emission reductions remain the dominant driver throughout the study
period, although the magnitude of emission-driven decreases weakens during 2019-2024 despite
continued declines in observed precursor concentrations. The stronger PMa s response over the ammonia-

705 rich NCP than over the YRD further indicates that the effectiveness of precursor emission controls
depends not only on the magnitude of emission reductions but also on regional atmospheric chemical
environments. For ozone, the role of anthropogenic emissions evolves over time. Emission reductions
promote ozone increases during 2015-2019 under predominantly VOC-limited conditions, but their
effects weaken or shift toward suppressing ozone formation during 2019-2024 as ozone sensitivity moves

710 away from strongly NOx-saturated regimes. Meteorological variabilities, particularly warming and
associated circulation conditions, continue to favour ozone formation and partially offset the benefits of
emission reductions. These findings suggest that continued emission controls remain essential for air-
quality improvement over eastern China. Future mitigation efforts may increasingly require integrated
strategies that simultaneously address PM2s and ozone, as the effectiveness of precursor emission

715 reductions evolves under changing meteorological conditions, lower pollution levels, and shifting
chemical regimes.

Methodologically, this study demonstrates the value of jointly constraining multiple pollutants and
using multiple CTMs within a unified attribution framework. Correcting PM> s and ozone together allows
the model to account for their shared sensitivities to precursor emissions, atmospheric chemistry, and

720 meteorological processes, rather than treating the two pollutants separately. Importantly, the MLP
correction reduces the inter-model attribution difference from 136% to 14% for PM2 s and from 19% to
8% for ozone, thus mitigating the uncertainties inherent in standalone CTM attribution approaches.
Applying the same observationally constrained procedure to CMAQ and GEOS-Chem further provides a
way to evaluate whether attribution conclusions are consistent across different model structures. The

725 framework therefore provides a practical approach for long-term multi-pollutant attribution in regions
where CTMs retain valuable process information but exhibit systematic biases in simulated
concentrations and trends. Nevertheless, this framework does not intrinsically modify the underlying
physicochemical mechanisms within CTMs to more accurately simulate PM; s and ozone concentrations

26



730

735

740

745

750

https://doi.org/10.5194/egusphere-2026-4864
Preprint. Discussion started: 31 August 2026 G
© Author(s) 2026. CC BY 4.0 License. E U Sp here

and their responses to emissions and meteorology. Moving forward, embedding machine learning directly
into CTMs to correct these fundamental processes would be a highly beneficial next step.

Code and data availability

Hourly surface concentrations of air pollutants are archived at https://quotsoft.net/air (last access: 23 July
2026; Wang, 2026). The processed meteorological fields from GEOS-FP are available at
http://geoschemdata.wustl.edu/ExtData/GEOS _0.25x0.3125/GEOS_FP/ (last access: 23 July 2026). The
L3 OMI satellite data for NO, and HCHO are available at https://doi.org/10.5067/Aura/OMI/DATA3007
(last access: 23 July 2026; Krotkov et al., 2019) and https://doi.org/10.5067/Aura/OMI/DATA3010 (last
access: 23 July 2026; Chance, 2019), respectively. The codes for machine learning algorithms used in
this study can be accessed by contacting the corresponding author.
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