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ABSTRACT: Machine learning (ML) models are commonly used to correct biases in chemical transport model
simulations of PM s from multiple emission sources. However, PM, 5 simulations are typically treated as a single
predictor in ML models, limiting insight into how individual sources influence their predictions. In this study, we
decomposed PM, s concentrations, simulated by the Community Multiscale Air Quality (CMAQ) model, into
individual contributions from biomass burning (BB), anthropogenic (AT), and other sources. These three source
contributions were used as predictors in a Light Gradient Boosting Machine (LightGBM) and interpreted via
Shapley Additive exPlanation (SHAP) values to diagnose their influence on PM; s predictions over Thailand. The
proposed model improved PM; s prediction compared to the original CMAQ model. SHAP analysis suggested that
the BB contribution was the most important predictor, followed by AT and other contributions, with mean absolute
SHAP values of 8.43, 3.69, and 2.37 pg/m?, respectively. On average, the BB contribution increased the predicted
values by 4.68 £ 13.45 pg/m? in the dry season and decreased them by 7.44 = 1.84 pug/m? in the wet season, relative
to the model’s expected output (around 24.56 pg/m*). SHAP interaction analysis suggested that CMAQ
overestimation of PM s during high pollution episodes may stem from inaccurate BB and AT emissions. Findings
highlight the need to prioritize refinement of the BB emission inventory (e.g., by tuning emission factors) to reduce
PM: 5 overestimation.
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1. INTRODUCTION version 1.5 has been reported to cause
underestimation of CTM-simulated PM;s, due to
Fine particulate matter (PM»s) has remained a limitations in fire detection [5] and outdated emission
major air quality concern in Thailand for a decade. In factors [6], underscoring the need for post-processing
2024, the maximum daily average reached 218.6 bias correction.
pg/m?, far exceeding the national standard of 37.5 Several methods have been applied to reduce
pg/m® [1]. Epidemiological studies show that biases in CTM outputs, including data assimilation
prolonged PM, 5 exposure is linked to increased risks techniques (e.g., Kalman filter [7]) and statistical
of respiratory diseases [2] and mortality risk from models (e.g., regression-based models [8-9]). In
cardiovascular  diseases [3]. Health Impact recent decades, machine learning (ML) models have
Assessment (HIA) studies build upon these findings gained popularity. ML models adjust CTM outputs
to quantify the population health burden caused by using observed data, similar to simple regression
PM, 5 exposure. However, these studies often rely on models, but they can also incorporate additional
data from sparse air quality monitoring (AQM) variables (e.g., meteorology and land-use data) and
networks, resulting in low-resolution data (e.g., learn complex nonlinear relationships among them,
province-level averages) that limit detailed analysis often achieving higher predictive accuracy [10].
[4]. Accurate and high-resolution PM,s data are Common ML models used are tree-based models
therefore critical not only for supporting HIA but also (TBMs) [10-11] and deep learning (DL) [12]. TBMs,
for spatially targeted air quality management and such as Light Gradient Boosting Machine
urban planning. (LightGBM), are particularly favored for their ease of
Chemical transport models (CTMs), such as the use and strong predictive capabilities [13].
Community Multiscale Air Quality (CMAQ) model, Emission inventories are one of the major sources
are widely used to estimate atmospheric pollutants, of CTM biases. However, existing studies usually
including PM»s, and can help address the spatial treat CTM-simulated PM,s concentrations from
limitations of sparse AQM networks. However, they multiple emission source inputs as a single predictor
are prone to biases due to model inputs (e.g., emission [10], leaving the role of PM; s source contributions in
data and meteorology) and model parameterizations ML models unexplored. Using CTM-based source
(e.g., chemical mechanisms and deposition). For contributions as predictors allows ML models to be
example, the Fire INventory from NCAR (FINN) interpreted in terms of emission sources, providing an
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opportunity to diagnose source-specific biases and
potentially inform improvements to emission
inventories.

In Thailand, the major sources of PM, s include
biomass burning (BB) and anthropogenic (AT)
emissions [6]. Accordingly, this study aims to (1)
decompose three source contributions from CMAQ-
simulated PM> s concentrations, namely AT, BB, and
other sources, and assess their impact on LightGBM
model performance; and (2) interpret their influence
on PM;s estimates via SHapley Additive
exPlanations (SHAP) [14]. Other variables (e.g.,
meteorological and land-use data) are excluded so
that SHAP attributions purely reflect the influence of
CMAQ-based predictors, which constitutes the key
novelty of this work.

The paper is organized as follows. Section 2
describes the research significance. Section 3 presents
the methodology, including PM,s data screening,
CMAQ model configurations, the proposed approach
for emission source decoupling, and the LightGBM
development. Section 4 presents LightGBM model
performance, SHAP analysis results, high-resolution
PM:> s maps, and discussion. Finally, we conclude the
study in Section 5.

2. RESEARCH SIGNIFICANCE

This study advances ML-based bias correction by
incorporating CTM-based PM: 5 source contributions
as model predictors and interpreting their effects
using SHAP. The analysis reveals the relative
importance and directional influence of predictors on
PM; 5 estimates, as well as interaction effects between
pairs of predictors, allowing diagnosis of source-
specific biases. Interpretation based on source
contributions improves the transparency of ML-based
bias correction, an aspect often overlooked in
previous studies, and offers guidance for refining
emission inventories in CTM simulations.

3. METHODOLOGY
3.1 Study area and measured PM, s data

The study area, Thailand, was partitioned into five
regions (Central, East, North, Northeast, and South)
as defined by the Thai Meteorological Department
(Fig. 1). Measured PM; s data were obtained from the
Pollution Control Department and Bangkok
Metropolitan Administration for 2019 to 2021.
Hourly PM; s data were aggregated to daily averages
only for days with at least 75% data availability, to
preserve daily representativeness in the presence of
diurnal fluctuations, which can arise from traffic-
related emissions, particularly in Bangkok [15], as
well as other factors. This threshold is consistent with
the U.S. Environmental Protection Agency’s criteria
for 24-h PM, 5 averages [16]. Hourly PM> s over 450
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pg/m3, accounting for around 0.00047% of the
dataset, were considered anomalies via histogram-
based distributional analysis and removed before
averaging. Finally, AQM data from a station in a
given year were excluded if the annual coverage of
daily PMys samples fell below 70%, to maintain
annual representativeness. This excluded data from
38, 23, and 7 stations in 2019, 2020, and 2021,
respectively, with most exclusions occurring in the
data-abundant Central region. Thus, it is unlikely to
introduce additional spatial bias. The final screened
data included N=103,639 samples from 125 stations.

3.2 WRF-CMAQ simulation

CMAQ v5.3.3 [17] was employed to simulate
PM, s concentrations. Meteorological fields used as
CMAQ input were simulated by the Weather
Research and Forecasting (WRF) model v.4.3 [18].
The WRF-CMAQ was set up with two nested
domains that cover Asia (D1) with a 45-km grid and
Thailand (D2) with a 15-km grid resolution, the latter
of which serves as the study area. Original 15-km
CMAQ simulations were resampled using a bilinear
interpolation to achieve the desired 1-km resolution.
The LightGBM model was tasked with performing
bias correction after resampling. The WRF model
configurations followed the methodology in [19], and
details of CMAQ settings are provided in Table 1.

The CMAQ model was run in three cases: C1) all
emissions included, C2) AT emission excluded in D2,
and C3) BB emission excluded. Table 2 presents how
emission contributions were decoupled and their
labels. The other contribution represents PMos
contributions from emission sources not perturbed in
the simulations, including AT emissions outside D2,
biogenic, and volcanic emissions. Numerical noise
associated with differencing CMAQ simulations was
assessed using the mean absolute value of negative
source contributions divided by simulated PM;s
concentration and was found to be small.
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Fig. 1 The study area
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Table 1 CMAQ model configurations

Configuration

30 vertical layers (top pressure of
100hPa, first layer thickness 30 m)
WACCM* [20]

Vertical resolution

D1 boundary condition

Advection PPM"/WRF-based scheme
Diffusion Multiscale/ ACM2¢ [21-22]
Gas-phase chemistry SAPRCO7tc? [23]

Aerosol process AERO6°

Dry deposition M3DRY

Wet deposition RADM'

Emission inventories AT: REASEv3.2.1 [24], HTAP!

v2.2 [25], Biogenic: MEGAN'v2.04
[26], BB: FINN v2.5 [27], Volcano:
Carn et al. [28]

Note: “ Whole Atmosphere Community Climate Model; ® Piecewise
Parabolic Method; © Asymmetrical Convective Model Version 2; d
State Air Pollution Research Center Version 07tc; ¢ The 6th
generation CMAQ aerosol module; ' Regional Acid Deposition
Model; ¢ Regional Emission inventory in Asia; " Hemispheric
Transport of Air Pollution; ' Model of Emissions of Gases and
Aerosols from Nature

Table 2 Summary of CMAQ simulation cases and
source decoupling calculations

Label

CMAQ running case

Cl  All emissions included
C2 AT emissions excluded inD2 CMAQ _PM25 No AT
C3 BB emissions excluded CMAQ PM25 No BB
Decoupling individual emission contribution

CMAQ PM25

c1-C2 AT contribution CMAQ PM25 AT
C1-C3 BB contribution CMAQ_PM25_BB
C3—(C1-C2)  Other contribution CMAQ PM25 Othr

CMAQ PM25 was used as the baseline predictor,
whereas CMAQ PM25 AT, CMAQ PM25 BB,
and CMAQ_PM25 Othr were used collectively as
multiple source-decoupled predictors (hereafter
referred to as AT-BB predictors). Fig. 2 illustrates
daily averages of measured PM»s concentrations,
along with baseline and AT-BB predictors across all
AQM stations.

3.3 LightGBM model development
The data were spatially split by AQM stations into
training (80%) and test (20%) sets. Stratified random

sampling was applied to maintain proportional
representation of stations from each region in both

—— Measured PM3 5 ===

CMAQ PM25 —-— CMAQ PM25 BB -+~

sets. This splitting process was repeated five times
with different random seeds to obtain reliable results.
Two LightGBM models (baseline and AT-BB
models) were developed for each seed, with names
reflecting CMAQ predictor types.

For each seed, hyperparameters (HPs) were tuned
independently on the training set using the baseline
predictor and Bayesian optimization implemented in
the Python library Scikit-Optimize [29]. The search
space for key HPs was identical across all seeds
(max_depth = 3-6, learning rate = 0.01-0.3,
n_estimators = 100-500, and num_leaves = 8—64).
The tuning process employed 5-fold spatial cross-
validation (CV), in which the data were split based on
stations. Optimal HPs were applied to validate the
two models using spatial CV and overall CV (sample-
based splitting). Performance metrics included the
coefficient of determination (R?), root mean square
error (RMSE), and mean absolute error (MAE).
Model performance was evaluated over the full
period, covering all data samples, and across wet
(mid-May to mid-October) and dry (mid-October to
mid-May) seasons.

Both CV approaches were repeated 50 times with
different randomizations. The resulting 50 sets of
scores for the two models were statistically compared
using a paired t-test at a confidence level (CI) of 95%.
Since the statistical test involves five seeds, five p-
values were generated. However, partial overlap
among training samples across seeds led to dependent
tests. The harmonic mean method defined in Eq. (1)
was applied to appropriately combine five p-values
into a single combined p-value (p.) [30]. In Eq. (1),
w; represents the weight assigned to the p-value (p)
from seed i, where Yi—; w; = 1. In this study, all
weights were set equally to 1/n, where n denotes the
total number of seeds.

n
_Zi=1wi
— yn Wi

Zi:lp_i

Pe (1

Reported validation scores were averaged across
50 repeated CVs and five seeds. For each seed, the
two models were retrained on the entire training set
and then used to predict the hold-out test set.
Reported test scores are means across five seeds.
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Fig. 2 Daily average of measured and CMAQ-simulated PM, s across all AQM stations from 2019 to 2021
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3.4 SHAP analysis

SHAP was applied to quantify feature
contributions to the AT-BB model’s estimates f (x).
Grounded in cooperative game theory, SHAP
estimates Shapley values as defined in Eq. (2).

¢} = Tsempy wsUfsuin (Tsuiiy) = f6(xs)] )

d)} denotes the Shapley value for feature j, M is

the set of all features, and S is a subset of features.
fsugy(Xsugy) and - fs(xs) represent the model

estimates with and without the feature j, respectively.

The weighting term wg = lsu(mj;:fl_l)!

average marginal contributions among features.

SHAP belongs to the class of additive feature
attribution methods, which construct an explanation
model g(%) that approximates f(x) for any i-th
instance [14]. The explanation model represents a
linear combination of feature contributions as shown
in Eq. (3).

ensures fair

g® =¢° + 3 ¢pix) 3)

In Eq. (3), #/ is a simplified feature where ¥/ €
{0,131 ¢° is the base value (the expected model
estimate), ¢/ denotes a SHAP value for feature j,
where ¢/ € R. SHAP values for CMAQ PM25 BB,
CMAQ PM25 AT, and CMAQ _PM25 Othr are
denoted as ¢pP8, AT, and GO respectively.

Various algorithms have been developed to
estimate Shapley values, such as DeepSHAP, and
TreeSHAP, each tailored to different model
architectures. TreeSHAP, which  provides
computationally efficient and exact computation of
SHAP values for TBMs [31], was used in this study.
The tree-path dependent approach was selected as the
feature perturbation method. For each seed, the AT-
BB model was retrained on the entire training set, and
TreeSHAP was then applied to compute SHAP values
on the corresponding test set. The resulting five sets
of SHAP values were averaged across overlapping
samples to produce final SHAP values for
interpretation.

For a global interpretation, SHAP values for a
feature j were aggregated across all test instances
(i = 1,..., Npsp) to obtain its mean contribution (¢/),
as defined in Eq. (4). This aggregation provides a
global direction of influence. Computing means of

absolute SHAP values (q;i) across all test instances,
as defined in Eq. (5), yields a measure of global
feature importance. The Standard Deviation (SD) of

@’ and ¢/ is reported as +SD and is also shown as
error bars in the bar plot (Fig. 5).

¢ = Ei[¢/] )
&l = Ei[|¢/] (5)
4. RESULTS AND DISCUSSION

4.1 The LightGBM model performance

4.1.1 Validation performance

As shown in Table 3, the AT-BB model
significantly outperformed the baseline model for
both overall and spatial CV (p. < 0.05). This
improvement arises from the source decoupling,
which reveals source-specific patterns and helps the
model better identify and correct CMAQ biases. For
example, CMAQ PM25 BB shows a consistent
seasonal pattern over three years (Fig. 2), with higher
PM 5 levels in the dry season and lower levels in the
wet season due to reduced agricultural burning and
more frequent rainfall. This seasonal pattern enhances
the effectiveness of the source decoupling,
particularly in the dry season when PM;s
concentrations and variability are higher.

Interestingly, when using only CMAQ-simulated
PM, 5 as a predictor, the spatial and overall CV scores
were nearly identical. This contrasts with usual
trends, where spatial CV scores are usually lower due
to location generalization challenges. Removing
other features, such as meteorological and land-use
data, simplifies the model and can reduce the risk of
overfitting caused by spatial patterns learned from
these features.

Table 3 LightGBM model performance evaluated on the validation set

Period Model Overall CV Spatial CV
R? RMSE (pg/m®)  MAE (ug/m®)  R? RMSE (pg/m*) MAE (pg/m?)

Full period Baseline 0.67 10.82 6.99 0.66 10.94 7.04

AT-BB 0.72" 9.92" 6.45" 0.71" 10.18" 6.55"
Wet season Baseline 0.44 5.46 4.14 0.43 5.53 4.25

AT-BB 047" 533" 4.03" 045" 5.40" 4.11"
Dry season Baseline 0.58 13.43 9.06 0.57 13.58 9.07

AT-BB 0.65" 12.21° 8.20° 0.64" 12.55° 8.32

Note: A Star superscript () indicates that the AT-BB model performed significantly better than the baseline model at the 95% CI (p. < 0.05)
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Table 4 LightGBM model performance evaluated on
the test set

Period Model R? RMSE  MAE
(ng/m’)  (ug/m’)
Full period  CMAQ 0.07 17.70 9.98
Baseline 0.66 10.75 6.90
AT-BB 0.71 9.94 6.44
‘Wet season CMAQ -0.08  7.40 5.77
Baseline 0.38 5.44 4.17
AT-BB 0.42 5.29 4.05
Dry season CMAQ -0.22 2238 13.03
Baseline 0.58 13.32 8.88
AT-BB 0.64 12.25 8.13

4.1.2 Test performance

Test scores of both LightGBM models closely
aligned with validation scores, indicating that the
models did not overfit to the training set (Table 4).
The CMAQ model, evaluated on the same test set,
performed worse than both LightGBM models. The
scatter plot of measured versus predicted PM» 5 (Fig.
3) shows that both LightGBM models reduced severe
overestimation of the CMAQ model at high PM; s
concentrations (> 100 pg/m®). Nevertheless, at
extreme concentrations (> 200 ug/m?), predictions of
both LightGBM models no longer increased with
observations. This is because the models were
intentionally constrained (i.e., low maximum depth)
to reduce overfitting, given the small number of

CMAQ model

Baseline model

predictors, and trained on a right-skewed PM;;s
distribution. Consequently, their ability to generalize
to rare extreme events is limited. Future work, which
incorporates more features and complex models,
could improve performance at extreme PMoss
concentrations.

4.2 SHAP analysis

4.2.1 SHAP value trends
To facilitate visualization of the SHAP value
trends, mean SHAP values were computed within

feature j value bins (dsé) rather than displayed as
individual scatter points (Fig. 4). For features with
relatively low value ranges (CMAQ PM25 AT and
CMAQ PM25 Othr), the bin width was uniformly
set to 20. CMAQ PM25 BB exhibited a wider value
range. Unequal bin widths were therefore applied: a
bin size of 20 for values below 100 pg/m?* and 200 for
values exceeding 100 pg/m?.

All decoupled predictors displayed similar trends
in their ¢, (Fig. 4). The higher predictor values were
associated with higher ¢,. Notably, ¢p£Z plateaued
beyond 200 pg/m?, providing further evidence of the
model's limited ability to generalize at extreme PM> s
levels.

AT-BB model
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Fig. 3 Scatter plot between measured and predicted PM» s of CMAQ, baseline, and AT-BB models on test set
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4.2.2 Global interpretation of SHAP values

CMAQ PM25 BB was the most important
predictor based on its ¢, for the full period, followed
by CMAQ PM25 AT and CMAQ PM25 Othr as
illustrated in the upper plot of Fig. 5. The wet and dry
seasons also presented the same order. Note that the
SD values of ¢FE, ¢pATand ¢t across five seeds
were 0.27, 0.13, and 0.09 pg/m?, respectively, which
are very small compared to the mean values of 8.43,
3.69, and 2.37 ug/m?, respectively, indicating that the
predictor ranking is stable across seeds.

For the direction of influence, seasonal averaging
was preferred because it grouped SHAP values into
more homogeneous ranges and mitigated
cancellations, as shown in the lower plot of Fig. 5.
During the wet season, all predictors contributed
negatively to PM»s estimates on average, reducing
them  relative to ¢° (~24.56  pg/md).
CMAQ PM25 BB showed the strongest
contribution, followed by CMAQ PM25 AT and
CMAQ _PM25 Othr. Conversely, in the dry season,
they exhibited positive contributions on average, with
CMAQ PM25 BB again leading, followed by
CMAQ PM25 Othr and CMAQ PM25 AT.
Overall, CMAQ PM25 BB emerged as the most
influential predictor, consistent with its strong
seasonal variability.

CMAQ PM25 AT and CMAQ PM25 Othr
showed similar mean SHAP values, and they had
lower contributions than CMAQ PM25 BB in both
seasons. This is due to their relatively lower
concentrations and lack of a distinctive temporal
pattern, unlike CMAQ PM25 BB. Despite similar
mean SHAP values, ¢4T yielded a greater SD
compared to ¢t (Fig. 5). One possible reason is
spatial variability of CMAQ PM25 AT, which tends
to be higher in densely populated areas such as
Bangkok in Central Thailand. This spatial pattern
makes CMAQ PM25 AT more useful in predicting
PM: 5 in these areas.

4.2.3 Feature interaction effects

Feature interaction effects could be another reason
for the higher SD of ¢47. SHAP interaction values,
derived from the Shapley interaction index for
measuring how pairs of features jointly influence
model estimates, were computed to quantify this
effect. Further details on SHAP interaction values can
be found in [31].

Among all feature pairs, the interaction between
CMAQ PM25 BB and CMAQ PM25 AT was
found to be the strongest. Fig. 6 visualizes this
interaction. For example, in the upper plot, a vertical
spread in ¢B% can be observed at a
CMAQ PM25 BB value of 35 pg/m?. Investigating
the color distribution revealed that higher
CMAQ PM25 AT wvalues were observed with
increased ¢PB. This positive relationship generally
held for CMAQ_PM25 BB values below roughly 75
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pg/m?, suggesting a synergistic effect in which both
predictors jointly increase PM,s estimates. When
CMAQ PM25 BB values exceeded roughly 75
pg/m?, this relationship reversed: higher values of
CMAQ PM25 AT were associated with lower ¢ZB.
A similar pattern can be observed in the lower plot of
Fig. 6.

CMAQ PM25 BB was the most important
predictor and exhibited relatively high variability in
¢B8. Because it also showed a strong interaction with
CMAQ PM25 AT, this interaction likely
contributed to the relatively high variability observed
in AT,

4.2.4 SHAP values vs. CMAQ'’s biases

Although SHAP values do not provide direct
quantification of biases in the CMAQ model, they
offer insights into how the AT-BB model adjusts its
outputs, which can be interpreted to form hypotheses
about potential biases in the CMAQ-simulated PM> s
by emission source. The observed interaction
between CMAQ PM25 BB and CMAQ PM25 AT
suggests that the AT-BB model learns to use these
predictors cooperatively to correct CMAQ biases.
During severe pollution episodes, characterized by
elevated values of both predictors, the model assigns
relatively lower ¢p5 and ¢47. This pattern suggests
that the model is correcting overestimation in the
CMAQ simulations, which may arise from inaccurate
BB and AT emissions. This finding is consistent with
a previous WRF-Chem modeling study over
Thailand, which reported that FINN v2.5 (BB
emissions used in this study) tends to overestimate
PM, s concentrations, despite improvements over
FINN v1.5 [6]. As a result, refining emission
inventories, particularly for BB (the most important
predictor), could enhance the accuracy of CMAQ
simulations. Moreover, this interaction suggests that
future ML frameworks adopting the source
decoupling technique in areas with mixed emission
sources should consider decoupling both BB and AT
emissions to improve bias correction efficiency.

4.3 High-resolution PM; s mapping

4.3.1 Prediction maps

For a given seed, two LightGBM models were
retrained on the full training set to generate daily
PM: 5 estimates at 1x1 km? resolution for the entire
study area. Daily estimates were first averaged across
five seeds and then averaged over the full period and
by seasons. Differences were calculated as AT-BB
estimates minus baseline estimates (AT-BB -
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Baseline). Additionally, differences between each
LightGBM model and the CMAQ model (LightGBM
— CMAQ) were also computed.

The AT-BB model predicted higher PM;s
concentrations in  heavily polluted regions,
particularly in the Northern region, with this pattern
amplified during the dry season (Fig. 7). Conversely,
the AT-BB model predicted slightly lower
concentrations across other regions. During the wet
season, the difference between the AT-BB and
baseline models was minimal. The AT-BB model
predicted slightly lower concentrations across most
regions, with the Southern region showing the largest
decrease.

Both LightGBM models generally predicted
lower PM,s concentrations across the Central to
Northern regions compared to the CMAQ model,
with this effect being more pronounced during the dry
season. In the Northern region, where PM, 5 levels
were particularly elevated during the dry season,
mainly due to BB emissions, the CMAQ model
tended to substantially overestimate PM;s
concentrations. The LightGBM models helped reduce
this overestimation.

4.3.2 Coefficient of variation (CoV) maps

Since both models were run across five random
seeds, with varying data splits and HPs, epistemic
uncertainty in these factors was assessed using CoV.
Fig. 8 presents spatial CoV maps for three periods:
the full period, dry, and wet seasons. Although the
AT-BB model exhibited higher CoV values than the
baseline model, most remained below 5%. Relatively
higher CoV values were observed in Thailand-
Myanmar border areas during the wet season. The
maximum CoV, however, did not exceed 10.92%,
indicating good model stability. Combined with the
improvements in R?, RMSE, and MAE, these results
suggest that the AT-BB model enhances predictive
accuracy while maintaining stable performance.

The stability of model outputs across seeds
demonstrates that PM, s spatial patterns derived from
CMAQ-decoupled predictors are robust to variations
in training conditions. Future works can adopt
CMAQ-decoupled predictors as robust inputs, and
when supplemented with meteorological and land-
use predictors, they can support the development of
accurate and high-resolution PM» s maps. To support
reliable decision-making in applications, such as
exposure assessment, urban planning, and air quality
management, future works should further estimate
intervals of PM» s predictions, accounting for both
epistemic and aleatoric (model and data) uncertainties.
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Fig. 8 Spatial distribution of %CoV of the baseline and AT-BB models across five random seeds in full period,

dry, and wet season

5. CONCLUSION

This study developed an interpretable LightGBM
model to correct CMAQ-simulated PM, s in Thailand
by using three source-decoupled predictors:

123

CMAQ PM25 BB, CMAQ PM25 AT, and
CMAQ PM25 Othr. The model showed strong
predictive performance and effectively reduced
CMAQ biases, particularly in the dry season. SHAP
analysis revealed the dominant influence of
CMAQ PM25 BB and suggested that CMAQ
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overestimation during high pollution episodes is
linked to both AT and BB emissions. Findings
highlight the effectiveness of source decoupling in
improving bias correction of CMAQ simulations and
suggest that priority should be given to refining BB
emission inventories (e.g., adjusting emission factors)
to reduce PM; 5 overestimations.

Because this analysis relied on a specific set of
emission inventories, future work could evaluate
alternative emission inventories, particularly for BB
emissions given their dominant role as model
predictors. Moreover, the use of bilinear interpolation
to resample data to 1-km resolution may introduce
spatial artifacts in the resampled fields, primarily due
to the smoothing effect that can distort local
concentration  patterns.  Therefore,  sensitivity
analyses using different interpolation methods and
target resolutions are warranted. Finally, extensions
to DL can be explored, with careful consideration of
trade-offs between predictive performance, model
complexity, and interpretability.
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