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Abstract: Accurate air pollutant prediction is essential for addressing environmental and public
health concerns. Air quality models like WRF-CMAQ provide simulations, but often show significant
errors compared to observed concentrations. To identify the sources of these model biases, we applied
the XGBoost machine learning algorithm to assess the performance of WRF-CMAQ in predicting air
pollutants across two regions in China. XGBoost models trained with observations achieved high
accuracy (R > 0.95), indicating that the selected features effectively capture pollutant variations. When
trained on WRF-CMAQ inputs, XGBoost still improved performance but revealed biases linked to
both model inputs (10–60%) and mechanisms (1–30%). Analysis identified previous-hour pollutant
levels as the largest bias contributor, followed by meteorological variables. The study highlights the
need for improving both model inputs and mechanisms to enhance future air quality predictions and
support pollution control strategies.

Keywords: air quality; simulation; bias; machine learning; prediction

1. Introduction

Heavy air pollution has been a critical issue with far-reaching implications for envi-
ronmental sustainability and public health in various regions worldwide [1–3]. Among
these, the Beijing–Tianjin–Hebei (BTH) and Yangtze River Delta (YRD) regions in China
are two examples of heavily polluted areas that have drawn public attention to this is-
sue. Accurate prediction of pollutant concentrations plays a crucial role in addressing
this challenge and designing effective mitigation strategies. Traditional methods for pre-
dicting pollutant concentrations include statistical and dispersion models [4]. The former
establishes relationships between pollutant concentrations and influencing factors using
regression analysis [5–7]. However, these models suffer from limitations such as limited
spatial coverage due to sparse monitoring station distribution, data gaps, and difficulties in
capturing non-linear and complex relationships. Air Quality models simulate pollutant
dispersion and transport based on emission sources, meteorological conditions, and terrain
characteristics [8–10]. However, these models rely on accurate meteorological data, have
simplified representations of atmospheric processes, and struggle to capture localized
variations and short-term fluctuations in pollutant concentrations. Such uncertainties
from model inputs and physical mechanism result in considerable biases in simulating air
pollutant concentrations with air quality models.

Recently, machine learning techniques have displayed advantages in handling com-
plex and nonlinear relationships [11–13] and have been widely used in air quality prediction
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with air quality modeling. For example, Xue [14] introduced a data-fusion algorithm to esti-
mate ozone (O3) combining observations and simulations. Xiao [15] applied four gap-filling
strategies to a 1-km resolution random forest prediction model of PM2.5 (fine particulate
matter with a diameter of 2.5 µm or smaller) daily concentration in the BTH and YRD
regions in 2013, combining ground observation, air quality model simulation and satellite
aerosol optical depth. Machine learning’s ability to identify complex patterns and relation-
ships can significantly enhance our understanding of the sources of air quality modeling
biases [16]. By linking the intricate interactions between pollutant sources, meteorological
variables, and their impacts on pollutant concentrations, the reliability and precision of
pollutant predictions in air quality models will be enhanced [17]. This approach not only
captures the general trends but also accounts for the complex interactions that traditional
methods might overlook, leading to more accurate and reliable air quality predictions.

As mentioned previously, the simulated pollutant concentrations with air quality
models often result in substantial errors when directly applied due to variations in accuracy
compared to observations [14,18]. Some studies have attempted to diagnose and improve
the underlying mechanism in air quality model with machine learning methods. For
instance, Keller [19] and Yin [20] analyzed the important factors on O3 modeling biases.
They found that certain meteorological conditions and precursor emissions were key
influencing O3 levels, which are critical for refining air quality models to better predict
ozone concentrations. Liu and Xing [21] analyzed the relative contribution of the variables
in PM2.5 biases with a neural network, which revealed that incorporating machine learning
techniques can effectively identify and reduce biases in PM2.5 predictions. Ye [22] diagnosed
the model bias in estimating O3 and attempted to improve the physical and chemical
representations in air quality model. Xu [18] calibrated simulation to match site observation
by a random forest algorithm, demonstrating the potential of machine learning techniques
in adjusting outputs to better align with observed pollution levels and thereby reducing
prediction errors. Recognizing the crucial role of comprehending data discrepancies in
pollutant prediction, it is equally important to quantify the contributions from individual
factors, encompassing both inputs and the model mechanism.

To improve comprehension of these data discrepancies, here we present a compre-
hensive investigation into the modeling biases in predicting the concentration of four key
pollutants in two regions with machine learning. We conduct contribution analysis to
identify variables that have the most significant impact on the predictions, and sensitiv-
ity analysis to evaluate the effects of different perturbations added to input data on the
results over time. This paper presents a novel approach to analyzing the effects of biases
in air quality model simulation using machine learning. With insights gained through
the analysis, this study aims to provide valuable guidance for improving the accuracy of
concentration prediction and the reliability of air quality model simulations, ultimately
contributing to the effective mitigation of heavy air pollution.

2. Materials and Methods
2.1. Study Region

This study focuses on two heavily polluted regions, namely the BTH and YRD regions
in China, using hourly data from the year 2015 for analysis. As shown in Figure 1, the BTH
region encompasses the capital city of Beijing, along with the surrounding provinces of
Tianjin and Hebei, while the YRD region includes Shanghai and the surrounding provinces
along the Yangtze River.

Both regions are densely populated and heavily industrialized, with a concentration of
manufacturing, energy production, and transportation activities. These factors contribute
to significant emissions of pollutants, including nitrogen dioxide (NO2), sulfur dioxide
(SO2), O3, and PM2.5. Taking the pollution level of PM2.5 in these regions as an example,
their annual average concentrations reached 75 and 52 µg/m3 respectively in 2015, which
were far beyond the recommended annual average of 10 µg/m3 in the World Health
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Organization (WHO) (2017) Air Quality Guidelines. Therefore, it is necessary to make
accurate predictions and effective mitigation strategies.
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Figure 1. Study region.

2.2. Data
2.2.1. Simulation Data

The air quality model we used in this study is the Community Multiscale Air Quality
(CMAQ). The simulated meteorological fields needed by the CMAQ model (version 5.3.2)
are provided by the version 4.3 of the Weather Research and Forecasting (WRF) model.
The input meteorological data in WRF are derived from FNL(Final) data of the National
Centers for Environmental Prediction at a spatial resolution of 0.25◦ by 0.25◦ and a tem-
poral resolution of 6 h from the Global Data Assimilation System (GDAS). The suite of
parameterizations is shown in Table S1. To eliminate the effect of initial conditions, a 5-day
spin-up simulation was performed.

In this study, the variables used in the study are 10 m U-component wind speed(U),
10 m V-component wind speed (V), temperature at 2 m (T), precipitation (PREP), relative
humidity (RH), planetary boundary layer height (PBLH) and surface pressure (SP) as
shown in Table 1. The CMAQv5.2 model was used to estimate the pollutant concentrations.
The simulation region covers East Asia with a 27 km horizontal spatial resolution and 23
vertical layers. The 5-day simulation spin-up strategy was adopted as in other studies.
The unit of pollutant concentrations is converted from part per billion volume (ppbV)
to micrograms per cubic meter (µg·m−3) for the coordination between the simulation
and observation.

Table 1. Summary of the input variables.

Type Variable Abbr. Simulation (Unit) Observation (Unit)

Pollutant

Surface NO2 concentration NO2

CMAQ

ppbV

In-site

µg·m−3

Surface SO2 concentration SO2 ppbV µg·m−3

Surface O3 concentration O3 ppbV µg·m−3

Surface PM2.5 concentration PM2.5 ppbV µg·m−3

Meteorology

10 m U-component wind speed U

WRF

m/s

ERA5

m/s
10 m V-component wind speed V m/s m/s
2 m temperature T K K
total precipitation TP mm mm
Relative Humidity/2 m Dewpoint temperature RH/DT % K
Planetary boundary layer height PBLH/PB m m
Surface pressure SP Pa Pa
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2.2.2. Observation Data

The meteorological data used in this study are obtained from the European Center for
Medium-Range Weather Forecasts (ECMWF) Reanalysis v5 (ERA5) dataset, which provides
a reanalysis rather than direct observations, serving as a “best guess” based on model
output and observations. The ERA5 data are widely recognized for their high special and
temporal resolution, which is often not available with traditional observational network.
The variables selected in ERA5 are U, V, T, total precipitation (PREP), 2 m dewpoint
temperature (DT), PBLH, and SP as shown in Table 1, which are the same as meteorological
simulation of WRF except DT. For the coordination, the dewpoint temperature together
with the temperature at 2 m in ERA5 is converted into relative humidity, which exists in
the WRF simulation. The hourly in-situ measurements of four pollutants are collected from
the China National Environmental Monitoring Centre (http://beijingair.sinaapp.com/,
accessed on 29 August 2024).

2.3. Methods

As shown in Figure 2, we designed a schematic diagram of the main tasks of the
research. The feasibility of the methodology assumes that the surrogate model can learn
the prediction mechanism of pollutant predictions well based on observations. We utilized
the eXtreme Gradient Boosting (XGBoost) as the surrogate model. It should be noted that,
different from previous studies, we trained the XGBoost with observations rather than
the simulations data, considering that the uncertainties from the model itself relate to the
physical mechanism. This design enables us to quantify the uncertainties from both inputs
and model mechanism.
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Figure 2. Method diagram of the study. The dotted box at the top of the figure represents the stage of
training XGBoost models with ERA5 data and in situ observation data as input. The dotted box at the
bottom of the figure represents the stage of testing XGBoost models using WRF-CMAQ simulation as
input. R, R2, and RMSE between in situ data and CMAQ simulation data are the indexes to estimate
the performance of the models. By combining observation and simulation as input, contribution
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The process mainly consists of two parts: the training stage and the test analysis
stage. In the training stage, the observed concentration of each pollutant (NO2, SO2, O3, or
PM2.5) of the current hour is set as the label, while the referential feature variables as input
consist of relevant observed meteorological data (U, V, T, TP, RH, PBLH, and SP) of the
current hour and four pollutant data (NO2, SO2, O3, and PM2.5) of the previous hour. All
of these are the variables that appear in the WRF-CMAQ model to study the relationship
between the pollutant concentration and the features. In the test analysis phase, we carry
out contribution analysis and sensitivity analysis respectively by interactively inputting
simulations and observations, with details as follows.

http://beijingair.sinaapp.com/
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2.3.1. Model Structure

In this study, the XGBoost is adopted as the surrogate model of prediction, which is
developed from traditional gradient boosting algorithms [23]. The main idea of XGBoost is
to incorporate several optimizations and enhancements, making it more powerful and effi-
cient. Due to its strong predictive capacities and faster training speed with less overfitting
on processing massive data, XGBoost has gained popularity in various domains, such as
environmental research [24–26]. The loss function is set to RMSE and the learning rate is
0.1, with max depth 5 and boost round number 2000. To overcome underestimation, the
objective is set to “reg: squared error” and the weight is squared with the target value.

We comprehensively evaluate the performances of three different outcomes (see
Figure 2). The performance of the model at the training stage against the observation
is marked as OML-OS. Next, we replace inputs with the corresponding simulations to
evaluate the performance of the outcomes against pollutant simulations (marked as SML-
SC). Moreover, the accuracy of the simulation against the observation is called SC-OS.
In theory, the deficiency of SML-SC relative to OML-OS should be attributed mainly to
systematic bias related to model itself, while the difference between OML-OS and SC-OS is
considered to be caused by the input data bias, for they differ only in the input data. In this
way, we can distinguish the effects of system bias and data bias. We train 10 models for
each pollutant individually to verify the stability of the surrogate model.

To evaluate the performance of the models, some common statistical indexes are used,
i.e., correlation coefficient (R), coefficient of determination (R2), and Root mean square error
(RMSE). The formulas are shown in (1)–(3).

R =
n∑n

i=1 yi ŷi − ∑n
i=1 yi∑n

i=1 ŷi√
n∑n

i=1 yi
2 − (∑n

i=1 yi)
2
√

n∑n
i=1 ŷ2

i − (∑n
i=1 ŷi)

2
(1)

R2 = 1 − ∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − y)2 (2)

RMSE =

√
1
n∑n

i=1(yi − ŷi)
2 (3)

where i is the number of samples, n is the total number, yi is the target value of sample i, ŷi
is the source value of sample i, and y is the average value of the target set. The closer R
is to −1, the more negatively correlated they are, and vice versa. The closer R2 is to 1, the
better the fitting effect.

2.3.2. Data Preprocessing

ERA5 data are resampled by linear interpolation to the same resolution as the sim-
ulated data. We match the site data to the grid cells consistent with the simulated data
based on latitude and longitude and then remove all items containing missing values from
variables, ensuring a high degree of data integrity and consistency.

In the test stage, all the simulations are taken as input when testing model perfor-
mance with simulation, while simulations matching the observation grid are input when
contribution analysis and sensitivity contribution are performed. Moreover, for long-term
prediction analysis, it is necessary to find data not missing within 24 h.

In this study, 70% of the observed data is randomly selected as the dataset when
training each model. Moreover, 70% of the dataset is selected as the training set, and the
remaining 30% is selected as the test set.

2.3.3. Contribution Analysis Method

A contribution analysis is performed to represent the influence of individual predictors
on the pollutant concentration. The Shapley Additive exPlanations (SHAP) method is used
to interpret the trained model in this study, which has been widely used in previous
studies [27–29]. SHAP provides a detailed interpretation of how each predictor affects the
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model’s output, both in terms of magnitude (how much it influences the prediction) and
direction (whether it increases or decreases the predicted value). This approach, based on
the Shapley value from game theory, fairly distributes the contribution of each feature to the
final output. SHAP values are calculated for each case, allowing for a local interpretation of
the model’s behavior, where the magnitude represents the predictor’s importance and the
direction reflects the fluctuation in output. By comparing the model’s predictions across
all possible permutations of covariates, SHAP isolates the individual contribution of each
variable. Meanwhile, the simulations of all variables are replaced with the observations
one by one to quantify the effect of data bias on results.

2.3.4. Sensitivity Analysis Method

To delineate the effects of perturbation of different variables on prediction results.
the simulations of each variable will be multiplied by different factors as disturbed input
in each test group. Since different variables have different dimensions and data ranges,
standardized factors are used to reduce these impacts. New input value is computed
as below:

xi
new = xi

ori × (1 +
f ·Xi

std
Xi

mean
) (4)

where i is the variable i; xi
ori is the original value of the variable, that is, the simulated value;

f is the variation of the standard deviation, which is set as −1 and 1 in different groups;
Xi

std and Xi
mean are the standard deviation value and the mean value of the variable. The

relative delta values between the results of perturbations with different magnifications are
then calculated.

3. Results
3.1. Modeling Biases of WRF-CMAQ

The performance of the WRF-CMAQ model in simulating air quality was evaluated in
this study. From Figure 3, we can see that the WRF-CMAQ model demonstrated acceptable
performance in simulating air quality, with R ranging from 0.35 to 0.59 across different
pollutants. These results indicate that the model is generally capable of capturing the trends
in air quality, with some variations in performance for different pollutant species. However,
the scatter plots showed that the simulation substantially underestimates the pollutant
concentrations, especially SO2 concentration in the YRD region. The underestimation of
pollutant concentrations may be due to the limitations in the model’s representation of the
complex atmospheric processes and the uncertainties in the input data. Therefore, further
improvements in the model parameterization and input data are essential to enhance the
accuracy of WRF-CMAQ in predicting air quality.

Figure 4 illustrates the diurnal and monthly variations in the bias of different pollu-
tants as simulated by the WRF-CMAQ model in the two regions. The line chart in the figure
showed the observed and simulated concentrations of pollutants, while the heat maps
represent the hourly biases of simulated values from observed values. Specifically, we
found that simulations tended to overestimate the value of NO2 at night and underestimate
its value during midday, especially in YRD region. The value of SO2 was often underesti-
mated. Nevertheless, there was substantial overestimation over 50 µg/m3 in BTH region
in December. For O3, we observed that the bias was more centralized in overestimation
during midday when photochemical reactions are more active throughout the year, except
for the underestimation at night from April to October. In terms of PM2.5, predominantly
negative biases were observed most of the time, particularly in BTH region, while the
positive biases were observed during summer nights.
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Figure 4. Simulation bias of four pollutants in two regions. The x-axis represents the month (January–
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(0 AM, 6 AM, 12 AM, 6 PM, 23 PM in the heat map). In the line charts, red lines denote simulated
values, while green lines represent observed values. In the heat maps, colors denote biases in µg/m3.

3.2. Model Performance

The XGBoost models are trained to predict the hourly concentrations of air pollu-
tants with observations. This study evaluated the performance of the XGBoost models,
illustrated in Figure 5, under different conditions and analyzed the results for different
pollutants and regions. In OML-OS, the values of R were about 0.95 and R2 were over
0.85 except SO2, which meant that the XGBoost models performed well in predicting the
pollutant concentration using observations. On the other hand, the models had satisfying
performances in SML-SC, with R between 0.92 and 0.97 and R2 between 0.83 and 0.94.
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The SC-OS analysis showed a large deviation between the simulations of WRF-CMAQ
and observations, as can be seen in Figure 3. After replacing the input from simulation
to observation, the accuracy changed from SC-OS to OML-OS, reflecting the contribution
of input bias. In data bias, the difference values of R were overall between 0.4–0.5, with
NO2 showing the most improvement, especially in YRD with a value of 0.59. Moreover,
the difference values of R2 were all over 0.7. The amounts of improvement of R and R2

on NO2, O3, and PM2.5 in YRD were greater than those in BTH. Nevertheless, the RMSE
experienced a greater reduction in BTH, indicating more obvious improvement.

The performance of SML-SC was inferior to that of OML-OS, indicating the presence
of systematic bias in the WRF-CMAQ model. Due to the mechanism of model-based
prediction, the model cannot obtain the ideal accuracy (namely that of OML-OS) consistent
with the simulated target pollutant by inputting the simulated variables. Among the
systematic biases, SO2 exhibited the largest bias, suggesting that the WRF-CMAQ model
has a harder time accurately predicting SO2 levels compared to other pollutants. The
complex chemistry and high reactivity of SO2 in the atmosphere might provide possible
explanations for the higher bias and make it more challenging for the model to accurately
simulate its concentration, which was consistent with previous research [30]. In contrast,
O3, a type of secondary pollutant, showed less systematic bias due to its well-developed
chemical mechanism. The increases of RMSE from OML-OS to SML-SC in BTH except SO2
were greater than those in YRD.

We also analyzed the seasonal prediction accuracy against observation at hourly and
daily scales to explore its temporal variability. As can be seen from Figure 6, the XGBoost
prediction result with observation input had low uncertainty and high consistency. Notably,
the accuracy of the two kinds of prediction data showed significant differences across
different seasons. CMAQ simulation had the lowest accuracy in summer, with R ranging
from 0.2 to 0.8. In contrast, the R values of XGBoost prediction were almost all above
0.95, suggesting that the machine learning approach outperformed the CMAQ simulation
in terms of accuracy and reliability in predicting air pollutant levels. Furthermore, both
CMAQ simulation and machine learning prediction showed higher RMSE values in the
BTH area compared to the YRD area across all reasons.
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Figure 6. Seasonal variability of predictions of WRF-CMAQ and XGBoost at hourly scale (a) and
daily scale (b).
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Overall, our results demonstrated the promising performance of the XGBoost models
in predicting pollutant levels with observations and highlighted the importance of evaluat-
ing the performance of WRF-CMAQ simulation in predicting air pollutant concentrations.
Table 2 shows the contribution of systematic bias and input data bias to total bias in terms
of R. The distribution of model mechanism bias is about 1–30% (specifically, 1–28% in the
two regions). In addition, the uncertainty contribution of inputs ranges from about 10% to
60% (specifically, 12–58% in the two regions).

Table 2. The percentages of systematic bias and input data bias in terms of R.

Region Pollutant Systematic Bias (%) Input Data Bias (%)

BTH

NO2 5 48
SO2 8 35
O3 4 34

PM2.5 8 31

YRD

NO2 1 58
SO2 28 12
O3 3 47

PM2.5 2 39

However, as illustrated in Figure 7, the SML-SC scatter plots showed obvious outliers,
especially for the SO2 model and PM2.5 model in YRD. The XGBoost model, when applied
to simulated data, faced challenges in accurately forecasting these extreme deviations. A
potential reason for this is that the model is primarily trained on observed pollutant data
that both consist of low and high concentration values, while simulated pollutant data of
CMAQ are underestimated compared with the observations. Therefore, the predictions of
XGBoost models may be higher than the simulated data, which are the outliers.
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3.3. Contribution Analysis

To gain further insight into the input biases contributed by each variable, we presented
SHAP values in terms of average contribution as feature importance, as shown in Figure 8.
Feature importance rankings among models were consistent for each pollutant prediction
experiment. Our analysis revealed that the primary features were the pollutants themselves
from the previous hour under all conditions. However, there were slight differences in
the importance ranking of other features of each pollutant prediction between the two
regions. For instance, PM2.5, NO2, and T ranked as the top three features in both regions,
while SP ranked fourth in the BTH region and U ranked fourth in the YRD region for
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PM2.5 prediction models. Interestingly, we observed that the model uncertainties in the
importance value of the primary feature were the largest. We also presented the local
impacts of values of covariates in Figure S1. The results further support the information
in Figure 8. As shown in Figure S1, O3 was found to be negatively correlated with the
prediction of NO2, while NO2 was positively correlated with the prediction of O3.
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On the other hand, we found that TP received the lowest rating in importance across
all prediction models. This low rating may be attributed to several data quality issues, such
as measurement errors. This finding underlines the importance of ensuring data quality
when developing accurate models for predicting air pollutant concentrations.

Figure 9 presents the cumulative contribution of U, V, T, SP, RH, TP, PB, NO2, SO2, O3,
and PM2.5. Our findings revealed that for all pollutants, the previous-hour concentration for
each pollutant (noted as the primary feature) brought the most substantial improvement (by
90.2%, 70.6%, 91.2%, and 82.8% of improvement ratios on R in BTH respectively, and 93.5%,
67.6%, 92.4%, and 95.7% of those in YRD). Though the primary feature plays the most
important role in predicting the following hour concentration, the cumulative contribution
of other variables cannot be ignored, accounting for up to 30% of total impacts. The
uncertainty of SO2 was the greatest, which might be attributed to the model limitations
and data quality, such as that of SO2. In terms of regional differences, we observed that
the models for SO2 performed better in BTH from the perspective of R. Moreover, the
cumulative contribution of other variables based on the primary feature, i.e., PM2.5, were
more obvious in BTH for concentration prediction of PM2.5.

We further compared the cumulative contribution difference between the primary
feature and all features together, by replacing the simulations of the primary feature with
the observations (marked as PO) and replacing the simulations of all variables (marked as
AO) with the observations. This helped us understand how much better the predictions
were when we used observed data instead of simulated data across various pollution levels.
The results of this experiment are shown in Figure 10. To better highlight the details of the
proportion distribution with concentration, the data of the first 75% of concentration were
selected for analysis. As can be seen from the percentage chart, the cumulative improvement
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of AO was higher than that of PO and the uncertainty was reduced, indicating that using all
variables in the model (AO) led to more accurate predictions and less uncertainty compared
to using only the primary feature (PO). The proportion of improvement fluctuated in
the low concentration range, and then increased as the concentration increased, possibly
because the WRF-CMAQ model tended to underestimate at high concentration as shown
in Figure 3. Moreover, the variation trends of primary pollutants with concentration were
almost the same in PO and AO. In general, the uncertainty of the improvement percentage
in YRD was greater.
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Specifically, the percentages of improvement for NO2 exceeded 60% both in PO and
AO as a whole, and the percentage at low concentration in AO reached up to 90%, revealing
an obvious improvement. For SO2, the percentage range was 40% to 80% in BTH, while
it was 50% to 70% in YRD. Moreover, the percentage of PO exhibited a large degree of
uncertainty within YRD. For O3, the percentages decreased at low concentrations followed
by an increase at higher concentrations, implying the important of other features (including
precursor and meteorological variables) in predicting high O3 concentration. However,
there was a slight decrease in the percentage of PO within the range of 60–80 µg/m3. PM2.5
showed distinct patterns in the two regions. In BTH, both PO and AO experienced a decline
in the percentages at low concentrations followed by a subsequent increase, whereas in
YRD, it first increased and then decreased at low concentrations. Such results suggest
that accurate initial concentrations of pollutants (itself also precursors) and meteorological
factors are both important to achieve the best prediction in the following hours.
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3.4. Sensitivity Analysis

To obtain the sensitivity to data at different times, we firstly acquired the predictions
of pollutant levels with small perturbations to a variable (by increasing it by f = 1 and
decreasing it by f = −1) according to formula (4) and assessed their impact on different
periods of the day based on the delta values between their prediction errors. Figure 11
revealed that altering a single variable within the simulation caused the prediction error to
fluctuate in a pattern that was dependent on the time of day. Moreover, each of the four
pollutants exhibited a distinct pattern of variation in response to these perturbations.

As shown in Figure 11, for NO2 sensitivity, the error deltas induced by U variable
disturbance were the highest. Moreover, the error deltas from each variable were generally
smaller during midday and kept in the same direction all day. Regarding SO2, the variation
characteristics of the errors were consistent with each other in the two regions with morning
and evening peaks, while larger deltas were observed in BTH. The magnitudes are related
to the baseline concentration of each pollutant. In terms of O3, the disturbance contributions
were comparable between the two regions. Unlike other pollutants, the errors influenced
by variable disturbance grew larger during midday, which aligned with the temperature
variation characteristics. The variation features of PM2.5 were similar to those of SO2 with
significantly larger error deltas observed in BTH. Notably, the prominent fluctuations
driven by NO2 and SO2 during midday suggested the occurrence of secondary aerosol
production from photochemical reactions around noon. On the whole, among non-primary
variables, perturbations in wind, temperature, and surface pressure resulted in substantial
fluctuations in delta of prediction errors, indicating that the prediction is highly sensitive
to such changes. The results highlighted the intricate relationship between pollutant
sensitivities and various variable perturbations.
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4. Discussion

This study aimed to comprehensively investigate the effects of data discrepancies
between WRF-CMAQ simulations and site observations on predicting the concentration of
four key pollutants in the BTH and YRD regions of China. The XGBoost machine learning
algorithm, known for its efficiency and effectiveness on such issues, was utilized to conduct
the analyses. Our analyses included examining the model’s performance across seasons
and locations, conducting feature contribution analysis to identify significant variables, and
performing disturbance sensitivity to evaluate the effects of perturbations on the results
over time.

The WRF-CMAQ model captured general trends of several air pollutant levels but
underestimated pollutant concentrations, as the model’s grid resolution and the parameter-
izations used for physical processes might not fully capture the small-scale processes that
influence pollutant dispersion and chemistry [31]. Uncertainties in emission inventories,
meteorological inputs, and chemical reactions within the model could also contribute to the
underestimation [32,33]. Moreover, different pollutants exhibited varying biases through-
out the data and year, which could be influenced by their specific emission sources, chemical
transformations, and atmospheric conditions. For example, the underestimation of NO2 at
night could be due to the model’s inability to capture nighttime emissions accurately, such
as from traffic or industrial sources [34]. The biases in SO2 outside the noon hours could be
related to the model’s representation of chemical reactions and the formation of secondary
pollutants [35]. The model misses key reaction pathways that are important for SO2 and its
spatial resolution is insufficient to resolve the microenvironments where SO2 is converted
to secondary pollutants. The severe biases in O3 at high concentrations in the YRD region
could be attributed to the complex interplay between precursor emissions, meteorological
conditions, and local atmospheric chemistry. The biases in PM2.5 during summer nights
could be influenced by factors like regional transport, meteorological conditions, and the
representation of aerosol processes in the model [36,37].
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As for machine learning, the XGBoost models performed well in predicting pollutant
concentrations using observations, with R about 0.95 and R2 over 0.85. However, when
using simulation data as input, the models showed systematic biases between 1–28%,
especially for SO2 whose systematic bias is 28%. Nevertheless, the machine learning
approach still outperformed the CMAQ simulation in terms of accuracy and reliability,
suggesting that they were able to capture additional information or patterns that improved
the accuracy and reliability of the predictions.

Feature importance analysis revealed that the pollutants themselves from the previous
hour were primary features in all models. This is not surprising, given that pollutant levels
often exhibit a high degree of auto-correlation over time. Essentially, the concentration of
pollutants from the last hour is a strong indicator of the current hour’s levels. This can
be attributed to the enduring presence of pollution sources and the way meteorological
conditions, such as wind and temperature, affect the dispersion and accumulation of
pollutants in atmosphere. Additionally, the analysis also revealed that data quality issues,
such as outliers, or inaccuracies in data, affected the importance of certain variables,
highlighting the need for ensuring data quality for accurate predictions. Cumulative
contribution analysis demonstrated that the primary feature had the most significant
impact, but other variables also contributed to prediction accuracy. This suggested that a
combination of quality-controlled data multiple variables, including meteorological and
pollutant-related factors, was necessary for capturing the complex dynamics of pollutant
concentrations accurately. Sensitivity analysis showed that changes in a single variable
within the simulation resulted in prediction errors that varied according to the time of day.
In addition, the different patterns observed for each pollutant and variable indicated that
the sensitivity of predictions to disturbances varies depending on the specific pollutant
and meteorological factor. Moreover, meteorological data, such as wind, temperature, and
surface pressure disturbances would cause significant errors for prediction. It could be due
to the sensitivity of pollutant dispersion and transport to meteorological conditions, which
can greatly influence the spread and concentration of pollutants in atmosphere. Inaccurate
or uncertain meteorological data can lead to errors in predicting pollutant behavior.

Our study also considers the influence of variable disturbances on prediction errors.
Firstly, input variables in pollutant prediction models are subject to various disturbances or
uncertainties. By examining how these disturbances affect the accuracy of predictions, we
can gain a better understanding of the robustness and reliability of the model in different
scenarios. Secondly, analyzing these influences helps identify which input variables are
more sensitive to disturbances and require greater attention in terms of data quality assur-
ance. All in all, this work provides insights into the relationships between variable data
discrepancies, including those of pollutants and meteorological factors, and prediction ac-
curacy. It demonstrates that the influence of these variables is not static but variables across
different pollutants, These findings contribute to the development of more accurate and
effective models adapting to the data discrepancy, which also underscores the complexity
of pollutant prediction and encourages future exploration in this area.

However, there are some limitations in this study. The study focused on specific
regions, namely the BTH and the YRD regions in China. The findings may not be directly
applicable to other regions with different geographical, meteorological, and emission char-
acteristics. Therefore, caution should be exercised when generalizing the results to other
areas. Moreover, the research process likely involved certain assumptions and simplifica-
tions to make the analysis feasible. These assumptions may introduce uncertainties and
limitations in the results. It is important to acknowledge these assumptions and consider
their potential impact on the findings. However, all in all, by identifying the data discrep-
ancy effects between simulation and observation in current approaches, we hope that this
research serves as a foundation for future investigation and provides valuable insights for
future studies aiming to enhance the accuracy and effectiveness of air quality predictions.
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5. Conclusions

In conclusion, the study’s results provide insights into the contribution of each variable
to input biases and emphasize the importance of addressing issues of input bias both for
meteorological data and pollutant data and accurately representing meteorological factors
in air quality models. The slight differences in feature importance rankings for each
pollutant prediction between the two regions suggest the need for region-specific patterns
of air pollutants to achieve more accurate predictions. This can help policymakers formulate
targeted strategies to mitigate air pollution levels in different regions.

The research serves as a foundation for future investigation and studies aiming to
enhance the accuracy and effectiveness of air quality predictions. By identifying the effects
of data discrepancies between simulation and observation, this study contributes to the
understanding of the complexity of pollutant prediction and encourages further exploration
in this area.
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