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The study addresses the problem of nonlinear characteristics of common air 
pollutants by proposing a deep learning time-series model based on the long 
short-term memory (LSTM) integrated with a generalized additive model (GAM). 
LSTM model captures both nonlinear relationships and temporal long-term 
dependencies in time-series data, and GAM provides insight into the statistical 
relationship between selected features and the target pollutant. The post-hoc 
eXplainable artificial intelligence (xAI) technique, local interpretable model-agnostic 
explanation (LIME), further explains the nonlinearity. Finally, causal inference was 
determined on the impact of the air pollutants relationship, thereby offering further 
interpretability in which deep learning models are deficient. Meteorological and air 
pollutant statistical records were leveraged from a Hantam (Karoo) air monitoring 
station in South Africa, and through a random sampling approach, synthetic data 
were generated for the city of Kimberley. The model was evaluated with the 
mean squared error (MSE), root mean squared error (RMSE) and mean absolute 
error (MAE) for different time-steps. The proposed referred to as long short-
term memory generalized additive model based post-hoc eXplainable Artificial 
Intelligence (LSTM-GAM_xAI) model with a 10-day time-step and 5-day time-step 
for multiple pollutants prediction guaranteed least MSE. Though the causal effect 
analysis show no p-values (>0.88) for variables, the experiment results show that 
LSTM-GAM-xAI guaranteed the lowest MSE values across different time-steps.
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1 Introduction

The prediction of air pollutant concentration continues to receive attention from the 
research community due to the health risk impact of high levels of air pollutant concentrations. 
Despite the World Health Organization (WHO) standard limits on the allowable air pollutant 
concentration in the environment, the problem of air pollution persists in some countries. 
Some of the sources of these air pollutants include power plants and cement factories, and the 
transport sector, which are known to emit Nitrogen Dioxide (NO2) into the atmosphere (Tu 
et al., 2023).
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Air is a combination of gaseous components, and understanding 
the correlation is key, which can equally be achieved with machine 
learning or deep learning time-series models. Deep learning models 
for time-series analysis find patterns in the air pollutant dataset to help 
understand the nature of correlation through their network 
architecture. For instance, deep learning models such as the long 
short-term memory model (LSTM) use their gated mechanism to 
filter the necessary data inputs to produce refined output. Generally, 
LSTM is one of the commonly used models for time-series analysis, 
which requires training and testing with volumes of data. Other 
variants of deep learning models includes bi-directional LSTM 
(BiLSTM), gated recurrent unit (GRU), bi-gated recurrent unit 
(BiGRU), and one-dimensional convolutional neural network 
(1DCNN). These model, among other time-series models, captures 
complex nonlinear and temporal long-term dependencies in air 
pollutants (Agbehadji and Obagbuwa, 2025a). Mostly, air pollutants 
exhibit dynamic tendencies that make their modeling challenging. In 
this regard, the modeling of air quality tasks is not immune to errors 
that could impact on model’s performance. Several attempts have been 
made by researchers to address the errors from either a data or a 
model structure perspective. For instance, the use of an adaptive 
Kalman filter in an LSTM model to address prediction performance 
and also noise in the dataset (Agbehadji and Obagbuwa, 2025b). 
Again, the ensemble Kalman Filter was integrated with machine 
learning and deep learning models for long-term forecasting to reduce 
the level of uncertainty in data-driven models (Cheng et al., 2023). 
Therefore, hybrid models have contributed greatly to enhancing 
predictive accuracy in most prediction tasks. Wahiduzzaman and 

Yeasmin (2024) enhanced the predictive capability of deep learning 
models by utilizing a generalized additive model (GAM) to smooth 
the transformation of predictors. GAM is a machine learning model 
that helps to capture nonlinearity in data through its smoothing 
function capability (Tyralis and Papacharalampous, 2024). One of the 
potential of GAM is that it help understand problems within relevant 
domains such as air pollution to help stakeholders formulate their 
policies. Again, it help to bridge the gap between traditional statistical 
models and machine learning or deep learning models which make it 
a very valuable tool in xAI. While the role of neural-based GAM has 
been identified to provide interpretable and transparent deep learning 
models (Ortega-Fernandez et al., 2024), understanding the causal 
effect of air pollutants in a predictive task remains a challenge.

To solve the aforementioned challenge, this study attempts to 
develop a novel air predictive model for Kimberley. Kimberley is 
located in the Northern Cape Province of South Africa. The Northern 
Cape covers an area of 372,889km2 with an estimated population of 
1,193,780. The Province is rich in minerals and also has fertile 
agricultural land (Department of Environmental Affairs, 2019). 
Figure 1 shows the map of South Africa with air monitoring stations.

In Kimberley, the leading air pollution sources are diamond 
mining activities, vehicle emissions, and industrial facilities, where 
particulate matter (PM2.5) is a primary concern (Becker et al., 2024). 
Moreover, the annual measure of particulates (PM10) and sulfur 
dioxide (SO2) are the two most prevalent pollutants in South Africa 
(Forestry Fisheries and the Environment, 2024). Furthermore, power 
stations in South Africa emit different kinds of air pollutants, including 
Carbon Monoxide (CO), NO2, and sulfur dioxide (SO2) (Agbehadji 

FIGURE 1

Map of South Africa showing Air quality monitoring stations in South Africa as of January 2023.
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and Obagbuwa, 2025a). Unfortunately, the activities of large-scale 
diamond mining companies in Kimberley impact negatively on the 
environment, leading to land degradation, air pollution and 
biodiversity loss (Charumbira and Ncube, 2022).

This study aims to develop a model for predicting multiple air 
pollutant concentrations including PM2.5, PM10, Ozone (O3), SO2, 
NO2, NO, and NOx. Additionally, meteorological factors such as wind 
speed (WS), ambient temperature (AT), relative humidity (RH) and 
solar radiation (SR) were considered in developing the predictive 
model. The generalized additive model (GAM) and deep learning 
time-series models, such as LSTM, were utilized for nonlinear 
relationship modeling and capturing temporal dependencies in the 
pollutants dataset. A causal inference model is leveraged to establish 
the impact of predicted air pollutants and others. Given that deep 
learning models have complex network structures, hybridizing with 
another model could increase the level of complexity, thus, the 
post-hoc explanation is employed to explain the feature influences on 
target variables and the model complexity. The post-hoc techniques, 
such as LIME, are gaining popularity in providing explanations on the 
relationship between a target and predictors, and provide feature 
importance to help with human understanding. Our study contributes 
toward developing a predictive model for air monitoring stations that 
seek to use an enhanced deep learning model with causal inference 
capability, as an alternative to legacy-based air pollutant concentration 
prediction systems. The sections are section 2 (literature review), 
section 3 (Method and material), section 4 (results), section 5 
(discussion), section 6 (methodological limitations) and section 7 
(conclusion).

2 Literature review

This section presents a review of generalized additive models, 
deep learning time-series models and post-hoc explanation models 
focusing on air pollutant concentration prediction within their air 
quality thresholds. It then presents a summary of models, either single 
or hybrid models, applicable to diverse research domains within the 
context of air pollution predictions and quality indexes.

2.1 Generalized additive model

The GAM is a model that handles the nonlinear relationship 
among features. GAM handle this nonlinearity through the use of link 
functions to map input data to their search space (Nisbet et al., 2009). 
By so doing, it uses probability distributions to achieve the mapping 
to the data distribution. This model incorporates smoothing functions 
(like splines) to model the relationship, thereby allowing the capture 
of the nonlinearity in data variables. By so doing, it offers 
interpretability to models. Additionally, neural networks, when 
deployed on GAM, can estimate the smoothing function to offer 
scalable models. The degree of flexibility of the GAM makes it suitable 
for its incorporation in other models. Jo and Kim (2023) indicated that 
using neural networks on GAM offers good prediction performance 
for multivariate time-series predictions (MTS) and also offers 
interpretability for neural networks (which are black-box in nature). 
Integrating a neural network on GAM helps estimate each feature 
contribution toward an accurate and explainable deep learning model 

(Ortega-Fernandez et al., 2024). Studies such as Lou et al. (2012) and 
Obster et al. (2022) also applied machine learning models to GAM to 
enhance accuracy. Studies have been conducted to compare the 
utilization of interpretability of tools like GAM and Shapley additive 
explanations (SHAP) among scientists and concluded that there is 
over-trust and misuse of these tools (Kaur et al., 2020). Given this, the 
merit and demerits of GAM and machine learning models were 
highlighted, thus discounting the notion that there is no strict 
trade-off between models’ performance and interpretability, thereby 
dispelling the idea that only black box models can achieve high 
performance (Kruschel et al., 2025).

Since deep learning time series models can handle nonlinear 
relationships as well as GAM can also handle nonlinear relationships, 
presenting a common approach for integration. Thus, the two-layer 
approach can help to improve the accuracy of models. Within a search 
space, the GAM can search for nonlinear transformations of both 
target and predictors that can result in additive model. Though GAM 
is a statistical tool, it provides more analytical tools for climate 
modeling than traditional linear models (Ravindra et al., 2019). The 
GAM is also very effective at handling time-series data. GAM provides 
a best fit for non-linear relationships between the independent 
variable and the predictor (Ravindra et al., 2019). However, the ease 
of understanding the output of the model has been a challenge when 
more complex nonlinear models are utilized in the prediction.

Bai et al. (2021) indicated that air quality standards are not static 
and need to be revised after a certain period. For instance, in 2013, 
China developed new air quality standards in which the GAM was 
used to evaluate this new standard on air pollutants such as PM10, SO2, 
and NO2. Their findings suggest that the new standard affected the 
health of the population (Bai et al., 2021). Barbalat et al. (2024) used 
the GAM to aggregate the prediction of three machine learning 
models, such as extreme gradient boosting, random forest and 
categorical boosting, to predict daily NO2 concentration with low 
error levels. In this regard, combining the predictions increases the 
chance of an accurate prediction over time. The GAM has been 
extensively applied to analyze the relationship between air pollutants, 
environmental factors and health-related issues (Gao et al., 2025; Fu 
et al., 2023; Fu et al., 2020; Fang et al., 2021; Fan et al., 2024; Gu et al., 
2020). Common air particles such as PM10 can remain in the 
atmosphere for minutes or hours, whereas PM2.5 can remain for days 
or weeks.

GAM demonstrates optimal performance in capturing the 
nonlinear relationship between concentration O3 and predictor factors 
than the multiple linear regression model for different locations 
(Habeebullah, 2020). GAM is also able to disclose the varying 
dependencies between air pollutants (such as PM10 and NO2) and 
meteorological variables for different locations and seasons (Haddad 
and Vizakos, 2021). Table 1 presents research on the use of GAM in 
different research domains.

Despite the application of generalized additive models (GAMs), it 
lacks structures that offer the needed scalability when large volumes 
of data are required (Chang et al., 2022). GAM is more interpretable 
than models such as post-hoc explanations (SHAP) (Kaur et al., 2020). 
The hybridization of GAM with deep learning models such as GRU, 
BiLSTM, and 1DCNN remains a research domain that needs to 
be explored within the context of air pollution prediction. Therefore, 
applying GAM, this research provides two insights: that is model’s 
interpretability and performance.
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2.2 Time-series deep learning models

Many attempts have been made to improve the interpretability of 
deep learning models, leading to the use of models such as neural-
based GAM and post-hoc models (such as SHAP). The gradient-based 
approach (such as the Adam method) has been used as an approach 
to smooth parameters used in GAM (Dammann et al., 2025). Deep 
learning models have multiple layers to process input data, reveal the 
hidden structures in a large set of data, improve training and model’s 
performance (LeCun et al., 2015). Deep learning also has “Dropout” 
as a way to prevent overfitting in deep learning models (Srivastava 
et al., 2014).

Setianingrum et  al. (2022) suggested the use of the Prophet 
Facebook model and the Bayesian Optimisation as a hyper-parameter 
tuner to effectively predict O3, SO2, and CO. While traditional models 
like autoregressive integrated moving average (ARIMA) are more 
accurate for predicting the parameters of PM10 and NO2. Since model 
performance differs across different air pollutant datasets, there is a 
need to continuously enhance the model’s performance. Eslami et al. 
(2020) indicated that the convolutional neural network (CNN) model 
is faster in predicting hourly O3 concentrations throughout the year 
than both LSTM and deep stacked auto-encoder (SAE). Also, the 
CNN predictions of daytime O3 concentrations were more accurate 
than nighttime. However, the CNN model under-predicted the daily 
maximum ozone concentrations, particularly during the summer, 
because of the non-availability of several meteorological parameters, 

such as cloud fraction and solar radiation, to train their model. The 
complexity of interpreting learning models and generalizing their 
outcomes leads to the use of causal models integrated into complex 
models such as deep learning models (Tejada-Lapuerta et al., 2025).

The literature review highlighted model hybridization for air 
quality prediction. Among such hybrid models include a tree-based 
ensemble deep learning model, where the approach used random 
forest, XGboost, and Light Gradient Boosting Machine (LightGBM) 
to predict O3 concentration independently and then combined the 
predicted result with a linear regression model for further predictions 
(Zang et  al., 2021); the application of Modified Particle Swarm 
Optimization (MPSO) and ANFIS (Adaptive Neuro Fuzzy Inference 
System) to predict SO2 and O3, in which MPSO was used to train 
ANFIS for better prediction of SO2 and O3 (Talati et al., 2023). Also, 
an adaptive filter technique based on ANN has been used to predict 
the daily O3 concentrations using the meteorological dataset 
(Taormina et al., 2011). Again, while Sharma et al. (2024) attempt to 
forecast air quality using machine learning methods, they only focus 
on air pollutants without considering meteorological features in 
testing the effectiveness of air predictive models. Meteorological 
features have useful information on RH, AT and WS, which are 
location or spatial information that can be  useful in air quality 
prediction (Agbehadji and Obagbuwa, 2024). Unfortunately, due to 
data limitations or uncertainties in collecting data from multiple 
sources (Xiong et al., 2024), some researchers may either focus only 
on air pollutants or meteorological data. Therefore, this could impact 

TABLE 1 Generalized additive model in air pollution.

Author Research focus Approach

Zhu et al. (2024) To predict monthly average concentrations of Nitric oxide (NO). Spatio-temporal smoothing models and machine 

learning prediction algorithms.

Bitz et al. (2024) Prediction of urban ultrafine particle emission fluxes. Method of evaluation: R2

Adamkiewicz et al. (2022) The short-term effect of daily PM10, PM2.5 concentration, and meteorological 

variables on hospital data.

GAM and a random-effects meta-analysis.

Cheng et al. (2021) Influence of weather and air pollution on the concentration change of PM2.5 GAM and gradient boosting machine (GBM) 

approaches to analyze the relationship between PM2.5 

concentration and environmental factors.

de Asís López et al. (2024) Location scaling model that finds the means for each variable and a 

correlation matrix.

GAM to scale spatial location data

Hammouda et al. (2021) Quantification of the impact of meteorological conditions and precursor 

concentrations on air pollution (PM10 and O3).

GAMs

He et al. (2023) Estimate the daily ground-level NO2 concentrations. GAM to ensemble machine learning models such as 

random forest and extreme gradient boosting 

(XGBoost).

Huang et al. (2025) To estimate and characterize the spatiotemporal distributions of elemental 

PM2.5 in Taiwan.

An ensemble machine learning approach that combines 

generalized additive model (GAM) with eXtreme 

Gradient Boosting (XGBoost). Use the Shapley additive 

explanations analysis to find the time-invariant features.

Lin et al. (2025) Meteorological and traffic effects on air pollutants such as CO, NO, NO2, and 

Nitrogen oxides (NOx); and O3, PM10, and PM2.5, respectively.

LSTM model incorporate GAM and Bayesian network.

de Foy et al. (2024) Interpretable machine learning tools to analyze PM2.5 sensor network data. Generalized additive models.

Ravindra et al. (2019) GAM to address the non-normal distribution of the environment and the 

meteorological dataset.

Generalized additive models.

Goudet et al. (2018) Cause-effect inference. Use of Causal Generative Neural Network (CGNN).
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how models are developed, in addition to setting hyperparameters 
of models.

Widiputra et al. (2021) indicates that most time-series models use 
univariate approach for prediction, while a multivariate CNN-LSTM 
uses the best features from many time-series models to make 
predictions. Thus, the assumption is that a group of time series data 
from the same source tend to have a relationship and each influences 
the other. By using the multivariate approach on CNN-LSTM model, 
the CNN layer extracts the main features from time-series data, and 
the LSTM layer calculates the final prediction (Widiputra et al., 2021). 
In the multivariate approach, the input data structure accommodates 
multiple parallel time-series data. This model was able to predict the 
value of different targets. Again, a two staged model was proposed to 
predict multivariate time-series data in urban area (Naz et al., 2024).

Tian et al. (2023) indicates that when large volumes of data are fed 
into time-series models for long-term series predictions, their 
performance is challenged. Thus, the parallel model can greatly 
improve the performance of these models.

2.3 Post-hoc explanation

Post-hoc explanation utilized artificial intelligence models such as 
SHAP and local interpretable model-agnostic explanation (LIME) to 
provide explanations on models. Predictive ML models such as 
XGBoost have been noted to provide a robust approach when 
compared with explainable models such as SHAP (Dillon et al., 2025). 
Moreover, it provides some information on the relationship between 
input variables and their predicted variables used in explaining 
ML models.

Compared to existing literature, our study hybridized GAM with 
LSTM and xAI to help fill the gap of interpretable and transparent 
modeling of multiple air pollution. Furthermore, the integration of 
interpretable and causality into time-series model is a relevant 
contribution in the context of explainable AI for environmental data 
monitoring and analysis. In spite of LSTM techniques, GAM provides 
a way forward when interpretability matters as well as accuracy of 
prediction. Furthermore, GAM is less data hungry as compared to 
LSTM, which requires large volumes of data for model training.

3 Materials and methods

3.1 Proposed method

In this study the objective is to propose a model for predicting 
multiple air pollutant concentration. The method is based on 
generalized additive model (GAM) and deep learning time-series 
models. While the time-series deep learning models can capture 
both nonlinear relationships and temporal dependencies, the GAM 
provides an initial layer that captures the nonlinear relationship in 
the features and the target. The aim is to improve the accuracy of 
the predictive model. The proposed method consists of an input 
layer, data preprocessing, and training Deep learning time-series 
model (e.g., Long short-term memory (LSTM)) layer, training a 
GAM layer (using deep learning predictions with features), model 
evaluation, predictions, and post-hoc explanation (using LIME to 
interpret GAM predictions). Figure 2 depicts the proposed method 

for this study. Integrating these approaches helps capture both 
temporal dynamics and their interpretable relationship 
between features.

3.2 Phases of the proposed model

Phases of the proposed model can be expressed as follows:

3.2.1 Dataset
This study leveraged the South African Air Quality Information 

System (SAAQIS) platform for recent air quality data and reports. Air 
pollutant data from the Northern Cape National Air Quality Indicator 
(NAQI) ambient monitoring network from the Hantam (Karoo) 
station was utilized, focusing largely on the February 2024 pollutant 
data, which has statistical information such as average, minimum 
(min) and maximum (max) range for 8-h running average. Statistical 
information on other features was leveraged from the February 2021 
report (that is, CO and WS) and February 2023 (that is, O3) to 
augment the February 2024 statistical information. Based on this 
information, a dataset was synthesized for the city of Kimberley, which 
contained meteorological and air pollutant concentrations, thereby 
addressing the data limitation gap. Figure 3 is a map highlighting the 
location of Hantam and Kimberley, this map was obtained using 
Python library.

3.2.2 Input layer
The synthesized dataset was generated using a random sampling 

method from a normal distribution, which is bounded by the 
statistical information like min/max values for each environmental 
variable and pollutant data from Hantam (Karoo) air monitoring 
station in Northern Cape Province in the Republic of South Africa. 
Data was loaded as input into the model for data preparation. The data 
consists of PM2.5, PM10, CO, O3, SO2, NO2, NOx, NO, WS, AT, 
RH and SR.

Having loaded the data, it is cleansed through data interpolation, 
then it is normalized and the LSTM sequence is created. Afterwards, 
it is split into training and test, then loaded into the LSTM model. 
Data normalization was achieved using the MinMaxScaler method. 
There were 6,210 instances with 12 features. After normalization, the 
time sequence is created using the dataset, target and time-step, which 
is expressed by Equation (1):

 ( )=, , ,sequencex y create dataset target timestep  (1)

Where x represents the features and y is the target pollutant, 
dataset consists of the air pollutants and the target represents what was 
being predicted. In this regard, the time-step and the features are input 
into the deep learning time-series models.

3.2.3 Deep learning time-series models
The deep learning models are used to capture the temporal 

dependencies in the air pollutant concentrations and meteorological 
variables. The time-series deep learning models considered are LSTM, 
BiLSTM, GRU, BiGRU, 1DCNN and Transformer. The input features 
into this layer are of PM2.5, PM10, CO, O3, SO2, NO2, NOx, NO, WS, AT, 
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FIGURE 2

Proposed model.

FIGURE 3

Map of South Africa showing location of Hantam and Kimberley.
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RH and SR. These single models are hybridized with the GAM model 
to provide a hybrid model for the prediction of CO2 concentration. 
These deep learning (DL) models are trained on the original input 
dataset, and the trained model is used for prediction. DL model is 
expressed in Equations (2–4).

 ( )= _ ,modelLSTM Sequential model input parameters  (2)

 ( )= ,model model train trainLSTM LSTM x y  (3)

 ( )=predict model testLSTM LSTM x  (4)

Where modelLSTM  represents the LSTM model and 
_Sequential model () represents a deep learning library with input 

and parameters.

3.2.4 Generalized additive model layer
After training the deep learning model to make the predictions, 

the GAM was used as a post-processing approach to model the 
relationship between the predictions and actual data, thus allowing for 
model interpretability and refinement of the predictions. Thus, the 
generalized additive model is flexible for modeling nonlinear 
relationships between predictors and the target pollutant. The GAM 
could be generally expressed in Equations (5, 6):

 ( ) ( ) ( )β ε= + + +…+ +0 1 1 2 2 n ny f x f x f x  (5)

Thus,

 
( )β ε

=
= + +∑0

1

n

i i i
i

y f x
 

(6)

Where y is the predicted air pollutant, ( )if x  is the nonlinear 
function (f1,…,fn are the smooth functions representing the effect of 
each predictor like x1, x2,…,xn), β0 is the intercept term, and epsilon (ϵ) 
is the error term.

The generalized additive model has a smoothing function that 
explains each feature’s relation with the target pollutant. For instance, 
features such as PM2.5, PM10, SO2, O3, NO2, NOx, WS, AT, RH and SR 
are the independent variables whereas the target pollutant like NO 
concentration is the dependent variable which could be explained 
with GAM in Equation (7).

 

( ) ( ) ( ) ( )
( ) ( ) ( ) ( )
( ) ( )

β

∈

= + + + + +
+ + + +
+ +

0 1 2.5 2 10 3 2 4 3

5 2 6 7 8

9 10

NO f PM f PM f SO f O
f NO f NOx f WS f RH
f AT f SR  (7)

Again, to predict SO2, the GAM is expressed by Equation (8):

 

( ) ( ) ( ) ( )
( ) ( ) ( ) ( )
( ) ( )

β

∈

= + + + + +
+ + + +
+ +

2 0 1 2.5 2 10 3 4 3

5 2 6 7 8

9 10

xSO f PM f PM f NO f O
f NO f NO f WS f RH
f AT f SR  (8)

Furthermore, the remaining air pollutant concentrations (PM2.5, 
PM10, O3, NO2, NOx) are predicted subsequently to understand the 
correlation between air pollutant features and a target pollutant. The 
integration of the LSTM model with GAM was achieved using 
dataframe, expressed as Equation (9):

 ( )= ,datafram test predictGAM y LSTM  (9)

Thus, predictLSTM  represent the predictions from the LSTM 
model and testy  is the test dataset, dataframGAM is the dataframe. 
Generally, the LSTM-GAM model is expressed by Equation (10):

 

( )
( ) ( ) ε

 +
=  +…+ 

1 1

2 2

, (
GLM , )datafram train

LSTM
n n

GAM X f x
GAM

f x f x
 (10)

Where ( )1 1,f x  etc. represent the feature matrix of the training set, 
ε  represents the error term, GLM () is the function to implement the 
generalized additive model which is important from GLM library, and 

dataframGAM  represents the target air pollutant that is the intercept β0. 
Equation (11) was used to fit the model, and Equation (12) was used 
for prediction.

 ( )=_ .GAM predict LSTMy GAM fit  (11)

 ( )= _ .
finalGAM GAM predicty y predict x  (12)

Where 
finalGAMy  represents the final prediction from the LSTM-

GAM. The residual or error term ε  was normally distributed using the 
Gaussian function. The 

finalGAMy model was used by the LIME model 
for interpretation, which is expressed as Equation (13).

 ( )=
finalLIME GAMA f y  (13)

Where LIMEA represents the LIME explainer, ( )finalGAMf y  is the 
function that explains the final predictions to display the output for 
visualization and causal inference analysis.

3.2.5 Model evaluation metrics
The models were evaluated with mean squared error (MSE), root 

mean squared error (RMSE) and mean absolute error (MAE). The 
MSE is expressed in Equation (14).

 
( )

=
= −∑ 2

1

1MSE
N

i
i

y y
N  

(14)

Where y is the predicted value from the model, iy  is the actual 
value of the target pollutant. The interpretation is that a lower MSE 
value means a better model, and a higher MSE suggest the model is 
worse. MSE equal to zero means the model’s prediction is perfect. The 
RMSE is expressed in Equation (15).

 =RMSE MSE  (15)

The MAE is expressed by Equation (16).
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(16)

Where y  is the predicted value of the target pollutant, iy  is the 
actual value of the target pollutant, and N represents the number of 
data points.

One of the key methods to evaluate a model is the differences 
between the actual value and prediction, which should be lower to 
suggest better prediction, that is, the predicted variable has a value 
closer to the observed value (Wattal and Singh, 2021). Tian et al. 
(2023) indicates that when large volumes of data are fed into time-
series models for a long-range prediction, their performance is 
challenged, thus, it is imperative to understand how the model 
performs to suggest future enhancements.

3.2.6 Post-hoc explanation
Post-hoc explanation explains a decision or prediction of a 

model. The goal is to interpret the inner workings or the output of 
a complex model in a simple, human-understandable manner, like 
linear regression. Thus, it explains how to understand the reason 
models make certain decisions using an M-day time-step of 
previous data. These explanations are needed to increase 
transparency, ensure fairness, improve trust, and satisfy regulatory. 
In this study, LIME was used to explain the contribution or 
correlation of each feature in the final prediction. Thus, feature 
importance and their weighted values are displayed for 
interpretation. In this regard, to explain the prediction ( )nf x  to a 
complex model f  at each point nx , the simple linear regression for 
LIME can be mathematically expressed to approximate f  to an 
interpretable model g  within the local neighboring nx  variables by 
Equation (17).

 
( ) ( ) ( )π δ

∈
= +g x argmin , , x

g G
L f g g

 
(17)

Where the components f is the complex model, g  is the 
interpretable model (that is the linear regression); ( )π, , xL f g  
represent the local loss function which measure how well g  can 
approximate f  in the neighboring variables x ; ( )π x z  explains how 
close sampled points z is to the original point x ; and ( )δ g  is the 
complexity penalty weight to ensure a simple model. Equations (18–20) 
represents the mathematical expression.

 ( ) ( )= predictionf x LSTM x  (18)

 
( )

=
= +∑0

1

n

i i
i

g x w w x
 

(19)

 

( )
π

σ

′ 
= −  

 2
,

expx
D x x

 
(20)

Thus, kernel function computes D, which is the distance between 
x and ′x ; variance σ  between x and ′x ; n is the number of features in 
the matrix; 0w is the baseline intercept where the coefficients iw  are the 
relative importance of each feature.

3.2.7 Causal inference analysis
The causal inference model was leveraged to understand the effect 

or impact of target air pollutants on predictor pollutants. In this 
regard, LIME helps to display the features according to their relative 
importance. The most relevant feature has a higher weighted value, 
which is then mapped to the target air pollutant using the causal 
inference model to understand the impact. The other less relevant 
features are included in the causal inference model as confounding 
variables (common causes) for a comprehensive mapping. Thus, the 
causal inference model modelC can be expressed by Equation (21):

 ( )= , , ,model cvC CausalModel d T y C  (21)

Where d represents dataset, T is the treatment (target pollutant, 
e.g., 2SO ), y is the outcome (e.g., xNO ), and cvC  is the common causes, 
where  ∈ cv 2 3 2.5 10C , , , , , , , ,NO NO O PM PM WSpeed AT RH SR .

The causal effect is estimated using Equation (22):

 
µ γ β ∈

=
= + + +∑

1

n

i i
i

Y T X
 

(22)

Where γ  is the approximated or estimated causal effect of T on Y, 
βiis the effect of the confounders iX , ∈  is the noise (that is, random 
error term), µ  is the intercept. The terms are µ  intercept term, causal 

effect treatment term is γT , and β
=
∑
1

n

i i
i

X  is the effect of confounder 

terms, and error term is ∈.  For each observation y and predicted y, 
the error term ∈  is expressed by ∈ = − .i i iy Y

3.3 Model parameter description

Table 2 presents the parameter description of the proposed model. 
The proposed and comparative models were implemented in Python 
3.10 due to its programming flexibility, using an Intel Core i3 
processor. The relevant deep learning libraries were imported to 
develop the model. Dropout and regularization was used to avoid 
overfitting in the deep learning models. Our model training procedure 
focused on 80% data for training and 20% for testing, while the use of 
80% allows sufficient data use for training.

The parameter values followed the study by Zhang et al. (2023) on 
hidden units and epoch, and Hwang et  al. (2024) on batch size. 
Optimizer used is “adam” with relu as the activation function of our 
proposed model. Furthermore, the random seed control strategy 
utilized numpy among others which ensures model’s reproducibility 
during models execution. After completing the 100 epoch, the final 
model was selected based on the best validation performance.

4 Results

4.1 Models’ prediction over M-day 
time-step

During the experiment, M-day time-step was considered where 
M represents the number of previous days data used to train the deep 
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learning time-series models. Table 3 presents the evaluation results of 
the models prediction with 5-day time-step previous data.

Table  3 shows the 5-day time-step previous of the models to 
predict air pollutants such as NOx, PM2.5, PM10, O3, SO2, CO, NO and 
NO2. These predictions help in analyzing the predictive performance 
of each model and comparing it with the proposed model. For 
instance, in predicting the NOx, it was observed that LSTM, BiLSTM, 
BiGRU, IDCNN yielded the following MSE values 0.340, 1.625, 1.487, 
1.402 and 0.990, respectively, for the deep learning time series models. 
It emerged that LSTM generated the lowest MSE value of 0.340, while 
the proposed LSTM-GAM-xAI guaranteed the second least MSE 
value of 0.990. Comparatively, LSTM-GAM-xAI performed better as 
it consistently maintained the lowest MSE value in all the air pollutant 
predictions using the deep learning time-series models.

Again, the two most common machine learning models, such as 
Random Forest (RF) and XGBoost were also compared with the 
comparative models. It can be observed that the MSE value for RF is 
1.394, and XGBoost guaranteed 1.502. Based on these findings, the 
proposed LSTM-GAM-xAI guaranteed the least MSE value than the 
comparative ML models for predicting NO2 concentration. 
Furthermore, the proposed LSTM-GAM-xAI guaranteed the best 
performance across all the air pollutant predictions.

Table 4 shows the statistical information of the LSTM-GAM-xAI 
model on SO2 predictions for 5-day time-step. It can be observed that, 
there were 1,237 observation on features. Again, NO2 had coefficient 
(coef) of 0.0170 with a constant term β0  of 1.3411, standard error (std 
err) of 0.178. Solar radiation had coef of 2.35×10−05 which is the least 
among the coefficient values.

Based on Table 4, it can be observed that in predicting the target 
pollutant (SO2), the constant term =β0 1.3( 411),  NO2 contributed 
coef of −0.0170, NO (0.0002), NOx (0.0133), CO (−0.0925), O3 
(0.0015), PM2.5 (0.0137), PM10 (0.0007), WS (−0.0001), AT (0.0020), 
RH (0.0022) and SR (2.35e-05). Thus, the general expression can 
be deduced within the confidence interval (0.025 and 0.975) as follows:

 ( )

β= − ⋅ + ⋅ + ⋅ −
⋅ + ⋅ + ⋅ +
⋅ − ⋅ + ⋅ +
⋅ + − ⋅

2 0 0.0170 2 0.0002 0.0133
0.0925 0.0015 3 0.0137 2.5
0.0007 10 0.0001 0.0020
0.0022 2.35 05

SO NO NO NOx
CO O PM
PM WS AT
RH e SR

Furthermore, Appendix A1 present the detailed statistical 
information of air pollutants on the 5-day time-step of the previous 
data considered in this study.

Having experimented the 5-day time-step, further experiment was 
conducted using 10-day time-step previous data which aimed to 
further asses the performance of the models. Table 5 shows the 10-day 
time-step prediction of air pollutants.

Based on Table 5, it is generally observed that LSTM-GAM-xAI 
has the best MSE values, in terms of the least MSE value, across the 
entire prediction of air pollutants. These results suggest that the 
proposed model performs well given the 10-day time-step 
previous data.

Table 6 shows the LSTM-GAM-xAI model’s statistical information 
for the 10-day time-step (e.g., for SO2 concentration), whereas further 
statistical information for the remaining air pollutants are shown in 
Appendix A2. The statistical information includes coef, std err, z and 
p-value. Where coef represents the estimated coefficient for the 
predictor pollutants, which is the effect size of how much the outcome 
changes with an increase in a feature when other features are constant; 
whereas std err is the standard error, z-score and p-value.

Based on Table 6, it can be observed that in predicting only SO2 
concentration, NO2 had coef value of −0.0175, NO (14.7095), NOx 
(−0.0441), CO (−0.0197), O3 (0.0250), PM2.5 (−0.0452), PM10 
(−0.0442), WS (−0.0100), AT (−0.0184), RH (0.0317) and SR 
(0.0521). In view of this, a general expression can be deduced within 
the confidence interval (0.025 and 0.975) as follows:

 

β= − ⋅ + ⋅ − ⋅ +
⋅ − ⋅ − ⋅ −
⋅ − ⋅ + ⋅ + ⋅

2 0 2
3 2.5 10

0.0175 14.7095 0.0441
0.0250 0.0452 0.0442
0.0100 0.0184 0.0317 0.0521

xSO NO NO NO
O PM PM
WS AT RH SR

4.2 Explainable AI: LIME analysis on 
LSTM-GAM-xAI model

This section shows the LIME analysis results for only SO2 
concentration within the 5-day time-step and 10-day time-step. While 
the detail LIME analysis results for the remaining air pollutants are 
presented in Appendices A3, A4.

Figure 4 shows the LIME analysis results of LSTM-GAM-xAI 
model focusing on SO2 concentration within the 5-day time-step. It 
can be observed that the predicted value lies between min (1.41) and 
max (1.89) as shown on the horizontal bar, where the intermediate 
value of 1.63 is the predicted value of the LSTM-GAM-xAI model 
for the specific instance being explained. Furthermore, the vertical 
line separates the features into positive and negative ranges. In this 
regard, features that are located on the positive side such as PM2.5, 
CO, AT, and PM10 were the features pushing the prediction toward 
a 1.63 value.

Further LIME results of SO2 concentration in presented in Table 7, 
focusing on 5-day time-step previous using the LSTM-
GAM-xAI model.

From Table 7, it can be observed that some features recorded 
negative importance value, such as NO2, NOx, RH, etc. Other 
pollutants recorded positive importance value, such as PM2.5, CO, AT 
and PM10 in their respective threshold values. “NO2 ≤ 3.84” had an 
importance value of −0.100271, and “PM2.5 > 1.95” had an importance 
value of 0.0233407. Where, “PM2.5 > 1.95” means the PM2.5 had a 
threshold value of 1.95 and it contributes positively, a value of 
0.0233407, to the prediction of SO2. Thus, higher PM2.5 increases the 

TABLE 2 Hyperparameter tuning.

Model Parameter value

LSTM Hidden units = 50

Batch size = 32

Dense 1

Optimizer “adam”

Epoch 100

Activation function “relu”

Error (ε ) Gaussian function

M-day time-step M: 5, 10
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prediction of SO2, and though the effect is positive, it is relatively weak 
compared to NO2 influence on SO2. Thus, it can be indicated that NO2 
contributed negatively in predicting SO2 and therefore contributed to 
pulling down the prediction relative to the local mean. On the other 
hand, PM2.5 had a value of 0.0233407, which suggests that PM2.5 
contribute positively to the prediction and therefore pushes the 
prediction up. Comparatively, PM2.5 contribute a better positive value 

as compared with CO (0.0167), PM10 (0.00188). Thus, the simple 
linear model of LIME can be finally modeled as:

 

( ) ( )
( ) ( )
( ) ( )

= − ≤ − ≤ −
≤ + > +
≤ − < ≤ +…+

2_ 0 2

2.5

3

0.10027 3.84 0.088 4.29
0.060 38.48 0.023 1.95
0.017 0.00 0.012 9.42 20.20

LIME SO xg w NO NO
RH PM
CO O

TABLE 3 Air pollutants predictions with 5-day time-step.

Model Predict NOx Predict CO PredictPM2.5 Predict PM10

MSE RMSE MAE MSE RMSE MAE MSE RMSE MAE MSE RMSE MAE

LSTM 0.340 0.583 0.736 0.0296 0.1722 0.1354 1.152 1.0733 0.923 1.571 1.2534 0.964

BiLSTM 1.625 1.275 0.807 0.0366 0.1914 0.1513 1.441 1.2004 0.123 1.818 1.3483 1.036

BiGRU 1.487 1.219 0.762 0.0372 0.1929 0.1521 1.424 1.1933 1.078 1.923 1.3867 1.073

1DCNN 1.402 1.184 0.694 0.0253 0.1589 0.1287 0.960 0.9798 0.658 1.297 1.1389 0.923

LSTM-

GAM-xAI

0.990 0.995 0.549 0.0184 0.1355 0.1100 0.703

0.8385

0.502 0.954

0.9767

0.794

Random 

Forest

1.394

1.181

0.673 0.1376 0.3,709 0.1130 0.783

0.8849

0.538 1.004

1.0020

0.841

XGBoost 1.502 1.226 0.680 0.0218 0.1477 0.1173 0.910 0.9539 0.603 1.147 1.0710 0.887

Model Predict O3 Predict SO2 Predict NO Predict NO2

MSE RMSE MAE MSE RMSE MAE MSE RMSE MAE MSE RMSE MAE

LSTM 379.349 19.4769 16.632 0.607 0.7791 0.862 1.217 1.1032 0.886 0.886 0.9413 0.732

BiLSTM 420.932 20.5166 18.569 0.806 0.8978 0.965 1.639 1.2802 0.999 0.980 0.9899 0.764

BiGRU 414.866 20.3683 18.231 0.796 0.8922 0.969 1.581 1.2574 1.009 0.999 0.9995 0.770

1DCNN 289.449 17.0132 16.324 0.621 0.7880 0.832 1.101 1.0493 0.8534 1.002 1.0010 0.923

LSTM-

GAM-xAI

198.787

14.0992

12.732 0.416

0.6450

0.501 0.786

0.8866

0.9051 0.658

0.8112

0.432

Random 

Forest

219.103

14.8021

13.342 0.427

0.6535

0.556 0.867

0.9311

0.754 0.653

0.8081

0.489

XGBoost 245.787 15.6776 14.321 0.497 0.7050 0.801 0.990 0.9950 0.8041 0.759 0.8712 0.472

*Bold values indicate the best metric values for the respective model.

TABLE 4 LSTM-GAM-xAI statistical information on SO2 concentration with 5-day time-step.

Variable Coef Std. err. z p > |z| [0.025 0.975]

Const 1.341 0.178 7.519 0.000 0.992 1.691

NO2 0.0170 0.023 0.748 0.455 −0.028 0.062

NO 0.0002 0.021 0.011 0.991 −0.041 0.041

NOx 0.0133 0.019 0.718 0.473 −0.023 0.050

CO −0.0926 0.136 −0.680 0.496 −0.359 0.174

O3 0.0015 0.001 1.155 0.248 −0.001 0.004

PM2.5 0.0137 0.022 0.625 0.532 −0.029 0.057

PM10 0.0007 0.019 0.036 0.971 −0.036 0.038

WS −0.0001 0.002 −0.061 0.951 −0.003 0.003

AT 0.0020 0.004 0.502 0.616 −0.006 0.010

RH 0.0022 0.001 1.770 0.077 −0.000 0.005

SR 2.35×10−05 9.74×10−05 0.241 0.809 −0.00 0.000
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In terms of the 10-day time-step to predict SO2 concentration with 
the LSTM-GAM-xAI model, the LIME analysis result is presented in 
Figure 5. It can be observed that “NOx > 400.71” has a feature value 
approximately −0.07, followed by “O3≤17.11” with a feature value of 
approx. −0.04. These results suggest that while using the 10-day time-
step, previous to predict SO2 concentration NOx with its threshold 
value (>400.71) contributed negatively (−0.07) to the prediction of 
SO2. Similarly, O3 with its threshold (≤17.11) also contributed 
negatively (−0.04) or pulled down the SO2 concentration. On the 

other hand, SR ranged between (“342.90 < SR ≤343.59”) and 
contributed positively (0.02889) to the prediction of SO2 
concentration. Again, SR was the highest positive feature value among 
the features recorded during the LIME explanation. Furthermore, the 
predicted value between the min (−1.06) and max (1.58) is 1.58 as 
indicated on the yellow bar. This suggests that features that contribute 
to pushing up the SO2 are SR, WS, CO, and AT. On the other hand, 
the features that contribute negatively or push down the prediction are 
NOx, O3, NO2, PM10, RH and PM2.5.

TABLE 5 Air pollutants predictions with 10-day time-step.

Model Predict NOx Predict CO PredictPM2.5 Predict PM10

MSE RMSE MAE MSE RMSE MAE MSE RMSE MAE MSE RMSE MAE

LSTM 1.426 1.1942 0.711 0.0303 0.1739 0.1330 0.976 0.988 0.531 1.139 1.0672 0.957

BiLSTM 1.432 1.1967 0.762 0.0341 0.1846 0.1412 1.171 1.082 0.602 1.350 1.1619 1.058

BiGRU 1.493 1.2219 0.782 0.0339 0.1842 0.1419 1.304 1.142 0.621 1.471 1.2128 1.114

1DCNN 1.577 1.2558 0.802 0.0281 0.1677 0.1316 0.964 0.982 0.562 1.039 1.0193 0.980

LSTM-

GAM-xAI

0.960 0.9798 0.509 0.0300 0.1731 0.1350 0.725 0.852 0.421 0.756 0.8695 0.608

Random 

Forest

1.394 1.1807 0.673 0.0189 0.1376 0.1130 0.754 0.868 0.523 0.814 0.9022 0.841

XGBoost 1.502 1.2256 0.680 0.0218 0.1477 0.1173 0.871 0.933 0.612 0.928 0.9633 0.887

Model Predict O3 Predict SO2 Predict NO Predict NO2

MSE RMSE MAE MSE RMSE MAE MSE RMSE MAE MSE RMSE MAE

LSTM 1.314 1.1463 0.716 1.161 1.0775 0.732 1.365 1.168 0.830 0.897 0.947 0.526

BiLSTM 1.630 1.2767 0.796 1.355 1.1640 0.731 1,503 38.769 35.841 0.934 0.966 0.600

BiGRU 1.627 1.2755 0.792 1.485 1.2186 0.801 1.610 1.269 1.002 0.917 0.958 0.600

1DCNN 1.327 1.1520 0.631 1.090 1.0440 0.720 1.252 1.119 0.923 1.031 1.015 0.673

LSTM-

GAM-xAI

0.930 0.9644 0.531 0.782 0.8843 0.602 0.784 0.885 0.632 0.660 0.812 0.377

Random 

Forest

1.032 1.0159 0.732 0.845 0.9192 0.712 0.867 0.931 0.754 0.653 0.808 0.452

XGBoost 1.182 1.0872 0.830 1.003 1.0015 0.753 0.990 0.995 0.789 0.759 0.8712 0.471

*Bold values indicate the best metric values for the respective model.

TABLE 6 LSTM-GAM-xAI statistical information on SO2 concentration with 10-day time-step.

Variable Coef Std. err. z p > |z| [0.025 0.975]

NO2 −0.0178 0.043 −0.408 0.684 −0.101 0.067

NO 14.7005 94.101 0.156 0.876 −169.725 199.144

NOx −0.0441 0.026 −1.694 0.090 −0.095 0.007

CO −0.0197 0.051 −0.387 0.699 −0.120 0.080

O3 0.0250 0.026 0.954 0.340 −0.026 0.076

PM2.5 −0.0452 0.030 −1.522 0.128 −0.103 0.013

PM10 −0.0442 0.029 −1.516 0.129 −0.101 0.013

WS −0.0100 0.025 −0.397 0.691 −0.059 0.039

AT −0.0184 0.025 −0.727 0.467 −0.068 0.031

RH 0.0317 0.025 1.251 0.211 −0.018 0.081

SR 0.0521 0.025 2.060 0.039 −0.003 0.102
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Furthermore, Table 8 shows the LSTM-GAM-xAI aspect of LIME 
explanation showing feature importance values for the air pollutants 
that contributed in SO2 concentration with 10-day time-step.

4.3 Causal inference model

Table 9 presents the causal inference model, which explains the 
effect or impact of the target pollutant on another. These pollutant 
features are the features with high relative importance considered as 
the outcome. Again, other features, with less importance values, were 
considered confounders in the causal inference model. These features 
were obtained from the LIME explanation and mapped to the target 
pollutant. Table 9 presents the causal inference analysis using the 
5-day time-step. The analysis is based on components such as 
estimated effect, new effect and p-value. SO2, NO, PM2.5, PM10, O3 and 

NO2 generated estimated effect as 0.002937, 0.008082, −0.004943, 
−0.003184, −0.003184 and −0.005352, respectively.

5 Discussion

The experiment results demonstrate different results to help 
understand the performance of the models (DL and ML) for the air 
pollutants prediction for the 5-day and 10-day time-steps. Common 
air pollutants considered are NOx, PM2.5, PM10, O3, SO2, NO and NO2 
with meteorological features. The results indicate that the proposed 
model demonstrated good performance using the MSE value for 
5-day and 10-day time steps. For instance, in predicting SO2 for the 
10-day time-step, the performances are LSTM-GAM-xAI (0.782), 
LSTM (1.161), BiLSTM (1.355), BiGRU (1.485), 1DCNN (1.090), 
Random Forest (0.845), and XGBoost (1.003). Again, in predicting 
SO2 for 5-day time-step generated the following LSTM-GAM-xAI 
(0.416), LSTM (0.607), BiLSTM (0.806), BiGRU (0.796), 1DCNN 
(0.621), Random Forest (0.427), and XGBoost (0.497). These findings 
suggest that in predicting the hourly concentration level of the air 
pollutants, the proposed model demonstrated good performance 
against the comparative models. Huang et al. (2025) combine GAM 
with eXtreme Gradient Boosting (XGBoost) to predict PM2.5 
concentration in Taiwan with SHAP explanation. Furthermore, He 
et al. (2023) estimated NO2 concentration with GAM combined with 
XGBoost. Cheng et  al. (2021) also applied GAM combined with 
gradient boosting machine (GBM) to determine the relationship 
between PM2.5 concentration and environmental factors. In view of 
this empirical research, GAM has been applied to a machine learning 
model for air pollutant analysis. Our research also extends the context 
of research by using the GAM with LSTM and post-hoc explainable 
artificial intelligence model to provide more explanation on models 
such as DL and ML models, which are used to predict common air 
pollutants such as PM2.5, PM10, SO2, O3, NO, NOx, NO2 using different 
time-steps.

FIGURE 4

LSTM-GAM-xAI model’s LIME explanation of SO2 concentration with a 5-day time-step.

TABLE 7 LSTM-GAM-xAI model’s LIME explanation for SO2 prediction 
with 5-day time-step.

Features Importance

NO2 ≤3.84 −0.10027

NOx≤4.29 −0.08765

RH ≤38.48 −0.05968

PM2.5 > 1.95 0.02334

CO ≤0.00 0.01678

9.42 < O3 ≤20.20 −0.01244

21.33 < AT ≤24.39 0.00563

206.77 < SR ≤343.39 −0.00426

21.01 < WS ≤28.57 −0.00263

NO ≤0.97 −0.00214

PM10 > 2.32 0.00189
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LIME explanation for SO2 concentration prediction with a 5-day 
time-step generated “NO2 ≤ 3.84” with importance value −0.10027, 
“NOx ≤ 4.29” with importance value −0.08764, “RH ≤ 38.48” with 
importance value −0.05968, etc. (Table 7). Whereas, GAM produced 
NO2 with a coefficient (0.0170) followed by NO (0.0002), NOx 
(0.0133), CO (−0.0925), O3 (0.0015), etc. (Table 4). It can be observed 
that the explanation from GAM and LIME placed NO2 on top of the 
list of contributing factors in the prediction of SO2 concentration. 
These results suggest that on one hand, using LIME, NO2 contributed 
−0.10027 to SO2 prediction. On the other hand, with GAM 
explanations, NO2 contributed 0.0170 to the SO2 prediction. These 
results indicate that NO2 pushed up the SO2 prediction by 
approximately 0.02 in GAM, while NO2 reduced the SO2 prediction 
by approximately 0.10 in LIME explanation.

The LIME explanation provided the relevant features for the 
causal inference analysis. The causal effect generated p-value as SO2 
(0.92), NO (0.90), NOx (0.88), PM2.5 (0.94), PM10 (0.96), O3 (0.89) and 

NO2 (0.98) respectively (Table  9). For instance, in predicting NO 
concentration, the estimated effect was 0.008082, new effect 
(0.0080740), p-value (0.90) and outcome (NOx), having confounders 
as PM2.5, PM10, SO2, O3, NO, NOx, NO2, RH, AT (Table  8). It is 
imperative to note that having two air pollutants moving together does 
not necessarily mean that one variable may have caused another air 
pollutant to occur. Thus, having determined the causal inference of 
the air pollutants (Table  8), it could be  inferred that not every 
correlation implies causation; however, every causation implies 
correlation. Therefore, starting with a correlation analysis involves 
risks in the case of the proposed model. Thus, another explanation 
could be as a result of random chance, as the variables may appear to 
be related, but have no true underlying and clear relationships.

The LSTM-GAM-xAI model produced some detailed statistical 
information such as the coefficient, standard error, z-score, p-value 
and confidence interval. Again, number of observations, residual, 
Pearson Chi-square, etc. (Table 4). The post-hoc explanation model, 
such as LIME, produced information on features within their 
threshold, predicted values within a min and max range, and feature 
values. In view of this, the GAM provides more interpretation than 
the LIME model. Kaur et  al. (2020) indicates that GAM is more 

FIGURE 5

LSTM-GAM-xAI LIME explanation for SO2 concentration prediction with 10-day time-step.

TABLE 8 LSTM-GAM-xAI LIME feature importance for SO2 prediction with 
10-day time-step.

Feature Importance

NOx > 400.71 −0.07384

O3 ≤17.11 −0.04122

342.90 < SR ≤343.59 0.02889

NO2 > 0.75 −0.02486

WS ≤242.06 0.02117

CO ≤0.00 0.02113

1.54 < PM10 ≤2.22 −0.02086

20.75 < AT ≤21.48 0.01126

48.70 < RH ≤49.39 −0.01061

1.28 < PM2.5 ≤1.99 −0.01011

NO ≤0.16 0.00000

TABLE 9 Causal inferences analysis with 5-day time-step.

Target 
pollutant

Estimated 
effect

New 
effect

p-value Outcome

SO2 0.002937 0.0029055 0.92 NO2

NO 0.008082 0.0080740 0.90 NOx

NOx −0.003280 −0.0032964 0.88 NO2

PM2.5 −0.004943 −0.0049681 0.94 NOx

PM10 −0.003184 −0.0031820 0.96 NOx

O3 −0.003184 −0.0031741 0.89 NO2

CO −0.005460 −0.0054680 0.98 NO2

NO2 −0.005352 −0.0053696 0.98 NOx
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interpretable than post-hoc explanation models like SHAP (Kaur 
et al., 2020). Thus, our study also goes further to suggest that GAM 
provides more statistical information compared to LIME. Therefore, 
by proposing and experimenting with the hybrid LSTM-GAM-xAI 
model for pollutant prediction, detailed information is provided for 
human understanding. Thus, irrespective of the M-day time steps, our 
model adapted to the dataset and provided further information on air 
pollutant analysis for Kimberley.

Though the causal inference model was applied with 
methodological rigor, the model’s resulting effect estimates (Table 9) 
produced high p-values (e.g., >0.8) indicating no statistically 
significant relationships, therefore any conclusion drawn must 
be interpreted with caution.

While the performance metrics such as MSE, RMSE and MAE 
provide useful insight, it also emphasizes the baseline to evaluate the 
technical accuracy of the proposed model in decision making. The 
interpretability of the output and feasibility of integrating the model 
in real-world scenarios are essential considerations in assessing 
whether the model can inform timely interventions in the real world. 
Although the proposed model achieved relatively low MSE value 
generally, as compared to the other models, it however shows 
promising performance results in different time-steps.

Our research contributes in the context of air pollution prediction 
a transparent and interpretable model that stakeholders could trust. It 
is worth noting, that researchers have provided several models in 
different context. For example, Zhu et  al. (2024) provided spatio-
temporal model based on machine learning for prediction of NO; Lin 
et al. (2025) incorporated LSTM with GAM and Bayesian model for 
prediction of different air pollutants; while Goudet et  al. (2018) 
focused on cause-effect inference with the causal generative neural 
network. The advantage of our model over the existing models is that, 
ours provide interpretability through the integration of emerging 
explainable AI model such as LIME with existing GAM and LSTM, 
thereby bridging the gap between traditional statistical model and 
deep learning model such as LSTM in a predictive task during 
environmental monitoring of air pollutants. Furthermore, our model 
may serve as the alternative to legacy-based air pollutants prediction 
systems available at air quality monitoring stations in the Northern 
Cape Province of the Republic of South Africa.

Our proposed model improves interpretability compared to other 
deep learning models such as LSTM, because it also considered 
existing statistical models such as GAM, which provides information 
on coefficient (coef), standard error (std err), z-score, p-value and 
confidence interval. This information is used by statisticians to 
understand the behavior of models used in modeling environmental 
data. Typical LIME or SHAP models lack this information which our 
model now provides. Therefore, our model provides added value by 
combining the GAM with post-hoc explanation in terms of 
transparency and actionable insight for practitioners in 
environmental monitoring.

6 Methodological limitation

The use of synthetized data based on the measurements from 
Hantam station for the model evaluation was one of the limitations of 
this study. As this was due to the lack of air pollutants data for 

Kimberley. Thus, our research bridges this gap to help evaluate the 
proposed model’s behavior in a data-scarce context. Again, though 
using data from one source (e.g., Hantam) to another location (that is, 
Kimberley) could introduce a potential bias due to site-specific 
meteorological and geographical differences, this concern was 
addressed by evaluating the models performance against multiple 
air pollutants.

7 Conclusion

Air pollutants emission is a global issue as they contribute to 
global warming and climate-related activities. Human activities like 
burning fossil fuels contribute to air pollution and climate change. 
In this study, a deep learning time-series model was proposed that 
leverages an LSTM model with GAM and offers post-hoc explanation 
with causal inference analysis of common air pollutants such as 
PM2.5, PM10, O3, SO2, NO2, NO, NOx. Meteorological factors were 
also considered as input into the proposed model, in addition to 
these air pollutants. Random sampling method was adopted to 
synthesis dataset for the City of Kimberley. The local interpretable 
model-agnostic explanations, which is an artificial intelligence 
technique, provides a local interpretation of individual predictions. 
Different time-step previous data, such as 5-day and 10-day, were 
considered, and MSE, MAE, RMSE values were used to evaluate the 
predictions. The results indicate better performance value when 
compared with comparative models. Thus, the study is beneficial to 
air monitoring stations as it attempts to present alternate models for 
air pollutant concentration prediction. By conducting this research, 
we provide an effective approach to assist with the hybridization of 
the state-of-the-art deep learning time-series model, which could 
be used as an alternative to a legacy-based air quality prediction 
model for the city of Kimberley in the Province of Northern Cape, 
in the Republic of South Africa. Future research should consider the 
proposed model as one of the emerging models in air pollutant 
concentration prediction to further fine-tune the predictions in 
existing real world models.
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Glossary

xAI - explainable artificial intelligence

LIME - local interpretable model-agnostic explanation

NOx - nitrogen oxides

NO2 - nitrogen dioxide

NO - nitric oxide

CO - carbon monoxide

O3 - ozone

PM10 & PM2.5 - particulate matter

SO2 - sulfur dioxide

LSTM - long short-term memory model

GAM - generalized additive model

SHAP - Shapley additive explanations

1DCNN - one-dimensional convolutional neural network

BiLSTM - Bi-directional long short-term memory

GRU - gated recurrent unit

ARIMA - autoregressive integrated moving average

CNN - convolutional neural network

LightGBM - light gradient boosting machine

SAAQIS - South African Air Quality Information System

NAQI - Northern Cape National Air Quality Indicator
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