Preprints are preliminary reports that have not undergone peer review.

6 Research Sq uare They should not be considered conclusive, used to inform clinical practice,

or referenced by the media as validated information.

Baseline-relative predictability of hourly PM2.5 and
03 in a low-emission Sou th Chinese city: an
attention-LSTM with feature attribution

Chu Wu
wuchul 822126, com

Heyuan Eco-environmental Monitoring Station of Guangdong Province
Jiajun Ou
Guangdong University of Technology

Jianwei Zeng

Key Laboratory of Regional Air Quality Monitoring, Ministry of Ecology and Environment, Guangdong
Environmental Protection Key Laboratory of Secondary Air Pollution Research
Xixi Cai

Guangdong Academy of Agricultural Sciences

Luan Yuan
Key Laboratory of Regional Air Quality Monitoring, Ministry of Ecology and Environment, Guangdong
Environmental Protection Key Laboratory of Secondary Air Pollution Research

Research Article

Keywords: Air quality prediction, Attention-LSTM, SHAP, Temporal evaluation, PM2.5, 03
Posted Date: November 5th, 2026

DOI: https://doi.org/10.21203/rs.3.rs-11616075/v1

License: €© ® This work is licensed under a Creative Commons Attribution 4.0 International License.
Read Full License

Additional Declarations: No competing interests reported.


https://doi.org/10.21203/rs.3.rs-11616075/v1
https://doi.org/10.21203/rs.3.rs-11616075/v1
https://doi.org/10.21203/rs.3.rs-11616075/v1
https://creativecommons.org/licenses/by/4.0/

N

O o0 9 N n B~ W

10
11
12
13
14
15
16
17

18

19

20
21

22

Baseline-relative predictability of hourly PM2.5 and O3 in a low-emis
sion South Chinese city: an attention-LSTM with feature attribution

Chu Wu'¥", Jiajun Ou®, Jianwei Zeng?, Xixi Cai*, Luan Yuan?

1. Heyuan Eco-environmental Monitoring Station of Guangdong Province, Heyuan 51
7000, China

2. Key Laboratory of Regional Air Quality Monitoring, Ministry of Ecology and Envi
ronment, Guangdong Environmental Protection Key Laboratory of Secondary Air Poll
ution Research, Guangdong Ecological Environmental Monitoring Center, Guangzho
u 510308, China

3. School of Automation, Guangdong University of Technology, Guangzhou 510006,
China

4. Guangdong Key Laboratory of Ornamental Plant Germplasm Innovation and Utiliz
ation, Environmental Horticulture Research Institute, Guangdong Academy of Agricul

tural Sciences, Guangzhou 510640, China

*Corresponding author:
Dr. Chu Wu

E-mail: wuchul82@126.com; Tel.: +86-762-3883573; Fax: +86-762-3882367



23
24
25
26
27
28
29
30
31
32
33
34

35
36
37

38
39

40

41

42
43
44
45
46
47
48
49
50
51

52
53

54
55
56
57

Abstract: Recent observations can support short-term air quality prediction, but tempo
ral persistence complicates the interpretation of high predictive agreement. We applie
d an attention-based long short-term memory (attention-LSTM) model to hourly obser
vations from two urban monitoring stations in Heyuan during 2019-2023. SHapley A
dditive exPlanations (SHAP) were used to examine model-specific feature contributio
ns. Reported test-set R? values ranged from 0.9796 to 0.9877 for PM2.5 and from 0.99
21 to 0.9975 for O3. Corresponding RMSE values were 1.28-2.02 pg/m? and 1.77-2.
83 ng/m?. Predictions followed the displayed temporal patterns, while errors varied ac
ross concentration intervals. Recent pollutant observations received substantial SHAP
importance, with humidity and temperature also contributing to O3 predictions. The a
nalysis describes local prediction behavior and statistical feature associations. These a
ssociations do not establish pollutant formation mechanisms.

Keywords: Air quality prediction; Attention-LSTM; SHAP; Temporal evaluation, PM
2.5;03

1 Introduction

Fine particulate matter with an aerodynamic diameter of 2.5 um or less (PM2.5) and o
zone (O3) remain important air quality concerns (Mabahwi et al., 2014; Wang et al., 2
017). Short-term concentration predictions can describe expected local conditions, but
their usefulness depends on the forecast horizon and available observations. This stud
y considers monitoring records from Heyuan, Guangdong, where relatively low pollut
ant concentrations have been reported (Wu et al., 2022). Here, low concentration desc
ribes the study setting rather than a distinct atmospheric chemical regime.

Three-dimensional air quality models represent atmospheric transport, emissions and
chemical processes. Their predictions depend on emission inventories, meteorological
inputs and process parameterizations (Gao & Zhou, 2024; Liu et al., 2023). Data-driv

en models provide a complementary approach to predicting concentrations from moni
toring records.

Previous research has examined hybrid approaches combining numerical air quality m
odeling and machine learning (Li et al., 2023; Liao et al., 2023). Emission inventory d
evelopment and ground-based inversion provide further avenues for improvement (Zh
eng et al., 2019; Kim et al., 2023; Zhu et al., 2024). These approaches emphasize the 1
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mportance of input information and motivate evaluation beyond model architecture al

one.

Long short-term memory (LSTM) networks have been applied to air quality time serie
s, including encoder—decoder and hybrid architectures (Bui et al., 2018; Huang & Kuo,
2018; Qin et al., 2019). Attention-based extensions weight historical representations d
uring prediction (Li et al., 2019; Wen & Li, 2023). Their incremental contribution req

uires comparison with an otherwise matched model without attention.

Recent pollutant observations often contain predictive information about subsequent ¢
oncentrations. Using historical concentrations is legitimate when they are available at
the forecast origin. Temporal persistence can explain high prediction agreement witho
ut constituting data leakage. Leakage occurs when later observations or evaluation dat
a influence inputs, fitted preprocessing or model selection (Hewamalage et al., 2023).
Chronological splitting alone does not exclude these routes.

Feature attribution provides a complementary description of how a fitted model uses it
s inputs. SHAP summarizes estimated contributions relative to a reference distribution
(Ponce-Bobadilla et al., 2024). Correlated pollutants, lagged values and rolling summ
aries can share information, which complicates interpretation. Temporal attribution m
ethods also require attention to sequence structure (Bento et al., 2021). Feature import
ance therefore should not be equated with chemical causation or emission-control effe

ctiveness.

This study examines short-term PM2.5 and O3 prediction at two neighboring urban m
onitoring stations in Heyuan. Its objectives are to describe local prediction agreement,
examine concentration-dependent errors and summarize model-specific feature contri
butions. The application uses an established attention-LSTM architecture. The geogra
phic scope is limited to the two evaluated stations.

2 Data and methods

2.1 Monitoring sites and observations

The DP and LC monitoring stations are located in urban Heyuan, northeastern Guang
dong, approximately 4 km apart. They provide a local comparison between nearby mo
nitoring sites (Wu et al., 2022). Their proximity limits geographic generalization.
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Observation coverage

The study covers hourly observations from 1 January 2019 to 31 December 2023. The
listed measurements include pressure, temperature, humidity, wind direction, wind sp
eed, SO2, NO, NO2, NOy, O3, CO, PM10 and PM2.5.

The reported preprocessing procedure comprised screening with the 3o criterion and i
nterquartile ranges, linear interpolation for gaps shorter than three hours, and seasonal
or time-matched imputation for longer gaps (Rangel-Heras et al., 2023). Potential fut
ure-information use in interpolation and preprocessing is considered among the evalua

tion limitations.

The reported input construction included calendar indicators, lagged pollutant and met
eorological observations, rolling summaries and empirical interaction terms (Dai et al.,
2021; Naz et al., 2024; Tran et al., 2023). The interaction terms serve as empirical pre
dictors and are not direct measurements of atmospheric stability or transport.

2.2 Model architecture and training

Figure 1 depicts an encoder—decoder LSTM with attention. The encoder contains laye
rs with 64 and 32 hidden units and dropout of 0.2. Softmax-normalized scores weight
encoder hidden states to form a context representation. The decoder and output layers
map this representation to a concentration prediction. This schematic uses an establish
ed modeling approach (Li et al., 2019; Wen & Li, 2023).
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‘ Dense Layer (16 neurons) + RelLU ‘
1
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Fig. 1 Architecture of the attention-LSTM concentration prediction model

The reported training configuration specified a 16-neuron fully connected layer, a sing
le-neuron output, the Adam optimizer with an initial learning rate of 0.001, mean squa
red error loss, learning-rate decay and early stopping after 15 epochs without validatio
n improvement.

The reported configuration used a 24-hour input history and a batch size of 32. A diur
nal cycle motivates consideration of a 24-hour history, but this choice does not establi
sh that the history length is optimal.

2.3 Evaluation metrics

Prediction errors are described using mean absolute error (MAE), root mean square er
ror (RMSE) and the coefficient of determination (R?). MAE and RMSE are reported i
n pg/m?, while R? is dimensionless and can be negative. Performance is reported separ
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ately for each station and pollutant. Near-zero concentrations can make percentage err

ors unstable, so MAPE is not used as the principal measure.

For n observed targets, residuals are defined as e; = §; — yi. The corresponding metrics are MA
E = Zjei|/n, RMSE = V(Zei?/n), and R? = 1 — Ze/E(y; — )2 where ¥i and y; denote predicted an
d observed concentrations and ¥ is the mean observed concentration. R? is undefined when th
e observed target variance is zero.

Table 1 summarizes the reported training, validation and test results. These metrics ar
e interpreted descriptively; incremental skill over persistence and the contribution of a

ttention have not been established by matched comparisons.

2.4 SHAP feature attribution

SHAP was used to summarize contributions of pollutant and meteorological inputs to
fitted model predictions. Global importance was represented by mean absolute SHAP
values, alongside signed summary and individual prediction plots. These summaries d

escribe model behavior relative to a background distribution.

Correlated inputs can produce non-unique attribution patterns. Perturbing lagged and r
olling features independently may also produce combinations unlike observed sequen
ces. Rankings are therefore interpreted as exploratory descriptions of fitted models. T
hey do not identify atmospheric formation pathways, precursor limitation or causal eff
ects.

Figures 14 and 15 summarize global and individual feature contributions. SHAP value
s represent concentration differences in pg/m?* only when the explained output is expre
ssed on that scale.

3 Results

3.1 PM2.5 prediction agreement

At DP, the reported test-set R for PM2.5 was 0.9877, with RMSE of 1.28 ug/m?* and
MAE of 0.74 pg/m? (Table 1). At LC, R? was 0.9796, RMSE was 2.02 ng/m?* and MA
E was 0.89 ng/m?. Training-set R? values were 0.9629 and 0.9584, respectively. Valida
tion-set values were 0.9880 and 0.9885. These differences should be interpreted along
side concentration distributions and the temporal composition of each subset.



Table 1 Reported model performance at the DP and LC monitoring stations

Test RM

. Training Validation R Test MA
Station  Pollutant Test R? SE /m
R2 2 3) (llg E (ug/m3)
DP PM: s 0.9629 0.9880 0.9877 1.28 0.74
DP O3 0.9636 0.9942 0.9921 2.83 1.98
LC PM: s 0.9584 0.9885 0.9796 2.02 0.89
LC O3 0.9658 0.9913 0.9975 1.77 1.28

164

165 Predictions and observations were closely aligned in the displayed PM2.5 scatterplots
166  (Fig. 2). The predicted time series followed the observed variation in Fig. 3. These plo
167 ts summarize the displayed samples without separately quantifying seasonal or episod
168  e-specific performance.
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Fig. 2 Predicted versus observed PM; s concentrations (a, DP; b, LC)
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Fig. 3 Predicted and observed temporal changes in PM> s concentration (a, DP; b, LC)

The displayed PM2.5 residuals were concentrated near zero (Figs. 4 and 5). Figure 5 1
ncludes fitted normal curves, which do not establish residual normality. Mean absolut
e errors increased in the highest displayed concentration interval, Q5 (Fig. 6). These d
istributions do not establish residual independence or negligible bias.
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Fig. 4 Residuals of PM> s concentration predictions (a, DP; b, LC)
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Fig. 6 Mean absolute errors of PM2.5 predictions across concentration groups (a, DP; b, LC)

Figure 7 summarizes the reported PM2.5 metrics. DP had lower test RMSE and MAE
than LC.
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3.2 O3 prediction agreement

At DP, the reported O3 test-set R was 0.9921, RMSE was 2.83 pg/m* and MAE was
1.98 pg/m? (Table 1). At LC, the corresponding values were 0.9975, 1.77 ug/m? and 1.
28 pug/m?. The reported O3 R? values exceeded the PM2.5 values, although R? depend
s on target variability.

The O3 scatterplots showed close prediction—observation agreement (Fig. 8). Predicte
d concentrations followed the displayed temporal variation in Fig. 9.
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The O3 residual distributions were centered near zero in the displayed plots (Figs. 10

and 11). MAE was lower in middle concentration intervals and higher at the lowest an

d highest intervals (Fig. 12). These patterns describe error variation, rather than the sta

tistical significance of differences between intervals.
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The plotted O3 predictions followed peaks and troughs in the displayed series. This ag

reement describes concentration patterns rather than photochemical reaction mechanis
ms.

Figure 13 summarizes the reported O3 metrics. Test RMSE and MAE were lower at L
C than at DP.
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Fig. 13 O; concentration prediction performance of the model (a, DP; b, LC)

Differences in concentration distributions, monitoring conditions and temporal compo
sition can affect comparisons between stations. The present analysis does not isolate t
he contributions of local emissions or microclimate.
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3.3 Model-specific feature attribution

The SHAP plots summarize feature contributions within the fitted models. Lagged co
ncentrations received substantial importance for both pollutants. Rankings are interpre

ted as model-specific descriptions because the inputs share correlated information.

Recent PM2.5 observations were important at both stations (Fig. 14). CO, PM10 and
nitrogen-related features also contributed to predictions. These contributions describe
shared predictive information among pollutants, without distinguishing accumulation,

transport and chemical production.
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Fig. 14 SHAP feature attribution for PM2.5 predictions (a, DP; b, LC)

ntify station-specific emission sources or secondary aerosol pathways.

Feature rankings differed between DP and LC. Attribution magnitudes can depend on
feature distributions, correlations and background selection. These rankings do not ide
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For O3, lagged O3, humidity and temperature contributed to predictions at both statio
ns (Fig. 15). Higher humidity values generally had negative contributions in the displa
yed summaries. The sign describes an association within the fitted model, rather than
a direct humidity effect on ambient O3.
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Fig. 15 SHAP feature attribution for O3 predictions (a, DP; b, LC)
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Some nitrogen-related features and PM2.5 had smaller contributions, while pressure-r
elated contributions were near zero in the displayed summaries. Small attribution valu
es do not establish small physical or chemical effects. Correlated features can share in
formation or substitute for one another within a fitted model.

The available predictor information does not establish VOC reactivity, solar radiation
or photolysis rates. The attribution analysis therefore cannot identify a VOC-limited o
r NOx-limited chemical regime.

Overall, the available attribution plots indicate model reliance on recent pollutant obse
rvations and selected meteorological inputs. This is an exploratory description of pred
iction behavior. Chemical mechanisms would require independent observations or pro
cess-based analyses.

4 Discussion

4.1 Interpretation of prediction agreement

The reported metrics describe close prediction—observation agreement in the evaluate
d samples. Substantial attribution to recent concentrations suggests that temporal persi
stence may explain part of this agreement. Differences between training and validatio
n R? values alone establish neither leakage nor its absence.

4.2 Scope and limitations

The two nearby stations provide a local application of an established architecture. The
ir proximity limits geographic conclusions, and the results do not demonstrate transfer
ability to other cities or chemical environments. Correlated inputs also constrain the in
terpretation of SHAP rankings. Temporal evaluation and reproducible input constructi
on are necessary for distinguishing model-specific forecasting skill from persistence.

The present evaluation does not establish that future-information use was excluded fro
m preprocessing or input construction. The exact forecast horizon, subset boundaries

and preprocessing endpoints are not sufficiently documented to reconstruct the tempor
al evaluation. The reported metrics therefore should not be interpreted as independentl
y validated operational forecasting skill. Matched persistence baselines, an attention-f
ree LSTM comparison and uncertainty estimates are needed to quantify any increment
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al benefit. The SHAP input mapping, output scale and waterfall additivity also require
reproducibility checks before quantitative attribution magnitudes can be interpreted.
These limitations restrict the conclusions to a descriptive analysis of the reported pred
ictions and feature-attribution plots.

5 Conclusions

This study examined short-term PM2.5 and O3 prediction and model-specific feature
attribution at two urban stations in Heyuan. Reported test R? values were 0.9796—-0.98
77 for PM2.5 and 0.9921-0.9975 for O3. Prediction errors varied with pollutant, stati

on and concentration interval.

SHAP highlighted recent pollutant concentrations and selected meteorological inputs
as contributors to the fitted predictions. These attributions describe statistical model b
ehavior and do not establish pollutant formation mechanisms or emission-control resp

0onsces.

The analysis characterizes local prediction behavior and highlights the contribution of
recent pollutant observations. Its scope is limited to the evaluated stations and concen
tration targets. The findings do not establish multi-day forecasting or regional operatio

nal performance.
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