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Air pollution, characterized by elevated concentrations of Particulate Matter (PM10), is a
major environmental and health concern in urban- industrial regions of Malaysia. This
study specifically investigates the predictive performance and stability of an Artificial
Neural Network (ANN) model for PM10 concentrations in Seberang Perai, Penang, when
its input features are selected using the Granger Causality variable selection method.
Granger Causality focuses on temporal precedence by assessing whether past values of one
variable improve the prediction of another. Model performance was assessed using the
Root Mean Square Error (RMSE), Mean Absolute Error (MAE), Normalised Absolute
Error (NAE), and the coefficient of determination (R2). Results indicated that the ANN
model with Granger Causality input selection yielded poor and unstable performance
(RMSE = 8.897, NAE = 0.962, R2 = 0.226). Critically, the MAE produced an inconsistent
negative value (MAE = -1.9628), suggesting instability in the ANN predictions under this
input selection method. These findings demonstrate that, for this specific urban-industrial
context, Granger Causality is not a suitable variable selection technique for leveraging the

non-linear predictive capabilities of an ANN for PM10 forecasting.

1. INTRODUCTION

Malaysia's rapid urban and industrial development has
intensified air quality challenges, particularly concerning
particulate matter with an aerodynamic diameter of less
than 10 pum (PM10) [1]. The PM10 has been linked to
respiratory illnesses, cardiovascular diseases, and broader
environmental degradation, making its accurate
forecasting essential for safeguarding public health, guiding
policy-making, and supporting effective urban planning.
Understanding the relationship between meteorological
parameters and pollutant concentrations is a key step
toward reliable prediction. The statistical tool Granger
causality is often used in this context, as it focuses on
temporal precedence, assessing whether past values of one
variable can improve the prediction of another's future
values [2]. However, Granger causality is limited by its
linearity assumption, which can overlook the non-linear
dynamics often found in atmospheric systems. Artificial
Neural Networks (ANN), conversely, can model non-
linear and high- dimensional interactions, potentially
capturing associations invisible to purely linear techniques
[3]. This study's objective is to specifically evaluate the
predictive performance and stability of an ANN model for
PM10 concentrations in Seberang Perai, Penang, when its
input features are selected exclusively using the Granger
Causality variable selection technique. Seberang Perai, a
mixed urban- industrial area in the northern region,
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provides a meaningful basis for analysis due to its unique
environmental and emission profiles [4].

2. METHODOLOGY

2.1 Site Description

The study focused on the air quality monitoring station in
Seberang Perai, Penang. Seberang Perai is a mixed urban-
industrial area. The station details are summarised in

Table 1:

Table 1 Monitoring station’s location

Station ID CAO07P
State Seberang Perai, Pulang
Pinang
Location Sek. Keb. Cenderawasih,
Taman Inderawasih, Perai
Coordinate NO05°23.470°, E100° 23.213”
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2.2 Modelling
Networks (ANN)

Approach:  Artificial  Neural

The predictive model employed was the Artificial
Neural Network (ANN). ANN is a non-linear machine
learning technique inspired by biological neural networks,
consisting of interconnected layers of processing nodes
capable of learning complex patterns [3]. The model was
chosen to exploit its ability to capture intricate, non-linear
interactions between pollutants and meteorological
parameters influencing PM10 formation and dispersion
[5], [6]. Specifically, the ANN's flexibility allows it to
handle high-dimensional datasets and capture subtle
dependencies that linear models typically miss.

2.3 Variable Selection Technique: Granger Causality

The input features for the ANN model were chosen
exclusively using the Granger Causality analysis. This
method was applied to capture predictors with significant
temporal precedence influencing PM10 concentrations
[2]. Unlike correlation, Granger causality examines
whether past values of one variable can improve the
forecast of another, which is particularly valuable for
time-series data to reveal lagged relationships between
atmospheric variables and PM10 levels [7]. By using this
method, the study aims to assess how incorporating the
temporal dimension, despite the linearity assumption of
the test, impacts the performance of the non-linear ANN
model [8], [9].

2.4 Performance Metrics

The reliability and accuracy of the ANN model were
quantified using four standard statistical performance
indicators: Root Mean Square Error (RMSE), Mean
Absolute Error (MAE), Normalised Absolute Error
(NAE), and the Coefficient of Determination (R?) [10].
RMSE measures the square root of the average squared
differences, heavily penalizing large deviations, which is
important for capturing extreme pollution events [11],
[12]. MAE calculates the average of the absolute
differences, providing a straightforward interpretation of
the average prediction error. NAE, obtained by
normalizing the MAE by the mean of the observed values,
provides a dimensionless indicator for cross- comparison
[13]. Finally, R? measures the proportion of variance in
observed PMI10 concentrations that the model's
predictions can explain, suggesting the overall fit of the
model. These four metrics provided a robust evaluation
framework.

3. RESULTS AND DISCUSSION

31 Predictive Performance of ANN with Granger
Causality

The predictive performance of the Artificial Neural
Network (ANN) model, specifically when using the
Granger Causality variable selection method for PM10
concentrations in Seberang Perai, Penang, is summarised
in Table 2:

Table 2 PM10 concentrations in Seberang Perai, Penang

RMSE MAE NAE

R2
0.226

8.897 1.9628 0.962

The ANN model, when input variables were selected via
Granger Causality, yielded the poorest and most unstable
performance in Seberang Perai. Specifically, the model
achieved a high RMSE of 8.897 and a minimal
explanatory power with R? = 0.226. Critically, the model
produced inconsistent outcomes, including an unphysical
negative Mean Absolute Error (MAE) of -1.9628, which
suggests significant instability in the predictions under this
input configuration. This result clearly indicates that
Granger causality is not a suitable variable selection
method for the ANN model in this specific urban-
industrial context as shown in Figure 1.

PREDICTED
(Granger Causality)

Figure 1. Scatter plot with regression lines showing the PMio
concentrations in Seberang Perai, Penang, using Artificial
Neural Network (ANN) models.

3.2 Discussion of Model Instability and Performance

The results clearly demonstrate that the ANN model with
the Granger Causality input selection yielded poor and
unstable performance in predicting PM10 concentrations
in Seberang Perai [3], [8]. The model recorded an of, and
a very low coefficient of determination (R?) of 0.226,
indicating that it explained only a minimal fraction of the
total PM10 variance. The large Normalised Absolute
Error (NAE) of 0.962 further confirms the low predictive
accuracy of this configuration. Most critically, the Mean
Absolute Error (MAE) produced an inconsistent negative
value (MAE = -1.9628). As MAE is derived from the
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average of absolute differences, it must mathematically be
non-negative. This inconsistent result strongly suggests
significant instability and unreliability in the ANN
predictions when the input features are determined
exclusively by Granger causality analysis. This weak
performance suggests that the temporal relationships
captured by Granger causality alone cannot sufficiently
explain PM10 variability in Seberang Perai, despite the
region's complex coastal and urban factors [1], [14]. The
overall failure of this configuration implies that the non-
linear dynamics of PMI10 concentrations are not
adequately isolated by a purely temporal and linear-
assumed variable selection method [2], [15].

4. CONCLUSION

This focused evaluation demonstrated that the Artificial
Neural Network (ANN) model, when combined with
Granger Causality for variable selection, is unsuitable for
PM10 prediction in Seberang Perai, Penang [9], [16]. The
model exhibited poor predictive capability (RMSE =
8.897, R? = 0.226) and, most critically, produced an
inconsistent negative Mean Absolute Error (MAE = -
1.9628), highlighting significant model instability under
this specific input configuration. The findings imply that
for this wurban-industrial context, the non-linear
capabilities of ANN are not effectively leveraged by a
purely temporal, linear-assumed variable selection
method like Granger Causality [17]. The pollutant—
meteorology relationships are likely governed by more
simultaneous and consistent sources, which favour
alternative feature selection methods [18]. Future research
should explore non-temporal variable selection methods
or expand datasets with additional nonlinear predictors
to test whether ANN can achieve stronger performance.
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