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Abstract 
 

This study focuses on air pollution levels in Klang Valley, a region frequently experiencing poor 

air quality due to industrial activity, haze, traffic and urbanization. The performance of Box 

Jenkins (ARIMA) and Artificial Neural Network (ANN) models was compared using data 

collected from Malaysia’s Department of Environment (DOE) over five years (2019-2023). The 

ARIMA model analyzed Air Pollution Index (API) as the variable, while the ANN model utilized 

API as the output variable and six pollutants sulphur dioxide (SO2), particulate matter (PM10), 

(PM2.5), ozone (O3), nitrogen dioxide (NO2) and carbon monoxide (CO) as input variables. 

Under Box Jenkins procedure, six ARIMA models were tested, with ARIMA (4,1,1) selected as 

the best based on AIC and BIC. As an ANN model, networks with varying hidden nodes were 

evaluated, and the model with five hidden nodes was identified as the best, achieving highest 

R² and lowest RMSE. Comparisons between the best ARIMA and ANN models showed that ANN 

outperformed ARIMA, with lower RMSE (5.5502) and MAE (4.1799). In conclusion, both 

ARIMA and ANN models effectively predicted API, however an ANN model offering slightly 

better performance based on the root mean square error. 
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Introduction 
 

Pollution is a major global environmental issue, with air pollution being the leading cause of 

death. It consists of gases and particles, and its sources vary by location and time [1]. Air 

pollution is a growing concern for public health, especially for vulnerable populations such as 

children and the elderly [2]. In China, heavy industry and coal combustion contribute to air 

pollution, while in Australia, emissions from coal power stations exceed health safety standards 

[3,4].  

The World Health Organization (WHO) reports that 92% of the global population faces poor 

air quality, and air pollution related deaths have increased [5]. Studies show that people in more 

polluted areas face higher mortality risks. Air pollution also negatively affects pregnancy and 

child development, leading to issues like low birth weight and neurodevelopmental disorders 

[6].  

In Malaysia, air pollution is caused by rapid urbanization, industrialization and motor vehicle 

emissions [7]. Power plants contribute 85% of the pollution, with transboundary pollution from   

Indonesia’s biomass burning also playing a significant role [8]. The Air Pollution Index (API) 

of Malaysia measures pollution using six pollutants, including sulphur dioxide (SO2), 
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particulate matter (PM10), (PM2.5), ozone (O3), nitrogen dioxide (NO2) and carbon monoxide 

(CO) [9]. 

Klang Valley, a major focus of air pollution research in Malaysia, saw a significant increase 

in unhealthy days from 2022 to 2023 as shown in Figure 1 compared to other regions; Southern 

Regions, East Coast, Sabah, Federal Territory Labuan and Sarawak [9]. The region faces severe 

air quality issues due to industrial activity, traffic congestion and construction along with 

transboundary haze from forest fires in Indonesia [10,11]. This study aims to analyze the API 

trend in Klang Station, which has the worst air quality in Malaysia.  

 

 
 

Figure 1: Number of Unhealthy API Days in Klang Valley in Year 2023 

Sources: DOE, 2024. 

 

Air pollution related deaths are rising annually. According to the Department of Statistics 

Malaysia (DOSM), pneumonia was the second leading cause of death in 2023, accounting for 

13.3% of deaths, with a 2.2% increase from 2022. Pneumonia, an acute lung infection, inflames 

the tiny air sacs in the lungs, making it hard to breathe [12]. Children are particularly vulnerable, 

as they may struggle to fight off infections, leading to long term lung damage and respiratory 

issues [12]. 

In Malaysia, areas like Klang, with high API levels, are especially concerning. Klang’s 

industrial activities, dense urbanization, and traffic emissions contribute to severe air pollution, 

linked to respiratory diseases like pneumonia. Klang’s location is in the Klang Valley, 

surrounded by hills, trapped pollutants, and worsening air quality. Given these concerns, this 

study aims to develop a statistical model using Box Jenkins and ANN methods to identify the 

best-performing parameters and compare their effectiveness.  

 

Methodology 
 

The data used in this research were obtained from Malaysia’s Department of Environment 

(DOE), covering the daily mean API and six major pollutants from 1 January 2019 to 31 

December 2023. For the ARIMA model, API was used as the univariate input. In the ANN 

model, API is the output variable, with inputs including SO2, PM10, PM2.5, O3, NO2 and CO, as 

listed in Table 1. Before undergoing analysis, the dataset underwent a data cleaning  process  

and was then partitioned into  70% estimation and 30% evaluation. ARIMA model uses RStudio 

while ANN model will use JMP PRO17 to perform the result. 
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Table 1: List of Variables. 
 

Variables Unit 

Sulphur Dioxide, SO2 parts per million (ppm) 

Particulate Matter, PM10 microgram per cubic meter (µg/m3) 

Particulate Matter, PM2.5 microgram per cubic meter (µg/m3) 

Ozone, O3 parts per million (ppm) 

Nitrogen Dioxide, NO2 parts per million (ppm) 

Carbon Monoxide, CO parts per million (ppm) 

 

Box Jenkins 
 
The Box Jenkins methodology is a prominent approach for time series analysis, focusing on 

ARIMA models that combine Autoregressive (AR), Integrated (I) and Moving Average (MA) 

components. It includes three stages which are model identification, estimation and validation. 

The process begins with ensuring stationarity, as the Box Jenkins model assumes the data series 

is stationary. If this assumption is not met, steps must be taken to make the series stationary.  

Stationarity is typically checked using the Unit Root Test, with the Augmented Dickey Fuller 

(ADF) Test being the most common due to its stable critical values, consistent performance 

across small and large sample sizes, and reliable power properties. The ADF Test operates under 

the null hypothesis (H0) that the series has a unit root and is nonstationary, while the alternative 

hypothesis (H1) assumes the series is stationary. A p-value less than 0.05 indicates stationarity. 

If the data is not stationary, differencing is applied repeatedly until stationarity is achieved. 

ACF and PACF plots are then used to determine the model order (p, d, q). During estimation, 

models are evaluated for fit using metrics like AIC, BIC, and the Ljung Box test to ensure 

residuals are white noise. The selected model is then analyzed and refined to capture the 

underlying patterns and relationships in the data effectively [13]. 

 

Model Identification 
 

The ACF and PACF plots help determine the Box-Jenkins model. An AR model is suitable when 

the ACF decays exponentially and the PACF has spikes, with the order (p) determined by 

significant PACF spikes. An MA model is preferred when the PACF decays and the ACF has 

spikes, with the order (q) based on notable ACF spikes. For irregular patterns in both plots, an 

ARMA model is used, with the order (p, q) corresponding to the spikes in the PACF and ACF, 

respectively [13]. The ARIMA model is expressed by equation 1 [13].. 

 

1 1 2 2 1 1 2 2− − − − − −=  + + + +  +  + +  + t t t p t p t t q t q tY y y ... y ...            (1) 

 
where 

tY  is Klang daily API, µ is constant term, 1 2  p, ,...,  is an estimated parameters values. 

1 2  p, ,...,  is an estimated moving average parameters values, p  is the autoregressive ordered, 

q  is moving average ordered and t  refers to error term. 
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Model Estimation and Validations 
 

Estimating models and conducting diagnostic tests are crucial for selecting the best forecasting 

model. Key objectives are ensuring the fitted values resemble actual values and using the fewest 

parameters for a good fit. Three common statistical measures for ARIMA models are the Ljung 

Box Test, Akaike’s Information Criteria (AIC), and Bayesian Information Criteria (BIC). 

Firstly, Ljung Box Test checks if residuals are white noise. A p-value of the test less than 0.05 

suggests model misspecification [13]. The null hypothesis of the Ljung Box Test is the errors 

are white noise. 

Secondly, AIC evaluates model fit, with lower values indicating better fit. The model with 

the fewest parameters is preferred [13]. The equation 2 represents the AIC equation where k  is 

the number of parameters in the model. 

 

2
2

1=

 
 
 =
 
 
 


T

k t

tT

e

AIC e
T

 

  

 

         (2) 

 

Thirdly, BIC used to choose models by balancing model complexity and goodness of fit. The 

model with the lowest BIC is preferred, with a stronger penalty for more parameters [13]. The 

equation 3 represents the BIC where k  denotes the number of parameters in the model, T  refers 

to the number of observations. 

 

2

1=

 
 
 =
 
 
 


T

k t

tT

e

BIC T
T

 

  

 

         (3) 

 

Model Application 
 

Once the test criteria are met and the model’s fit is confirmed, it can generate forecast values. 

These forecasts are presented as single values. The model formulation and estimation process 

are repeated, refining it each time, until the best model is identified. The next step is to establish 

a system for monitoring forecasts. If new information shows the model is no longer accurate, it 

must be revised and updated. 

 

Artificial Neural Network 
 

An Artificial Neural Network (ANN) maps input variables (input layer) to output variables 

(output layer) through a learning process. It uses basic processors, called neurons, to identify 

relationships within data. Inspired by the biological structure of the human brain, ANNs are 

designed to learn, generalize, and make decisions [14].  

Mathematics and Statistics Undergraduate Research Proceedings 2025

379



ANNs are feed-forward neural network systems where neurons process inputs, recognize 

patterns, and perform nonlinear classification tasks [15]. Mathematically, an ANN can be 

represented as shown in equation 4 [16].  
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(4) 

 
Where bias, 

kb  , influences the net input of the activation function by either increasing or 

decreasing its value.  The inputs are  
1 2 m, ,x ,x x   and the weights of neuron k  are  

1 2k k km,w ,ww , . The linear combiner output resulting from the input signals is 𝑢𝑘. The activation 

function is denoted by ( )  , and the output signal of the neuron 
ky . 

The ANN used was a multilayer network consisting of an input layer, an output layer, and a 

hidden layer in between. The hidden layer uses a transfer activation function to introduce non-

linearity into the network. The activation of 𝑎𝑗
(𝑙)

 (the 𝑗𝑡ℎ neuron in the 𝑙𝑡ℎ layer) is related to 

the neurons in the (1-1)th layer by the equation 5. The equation 5, where 𝑎𝑗
(𝑙−1)

 is the  𝑘𝑡ℎ neuron 

in the (1-1)th layer, 𝑛𝑙−1 is the total number of neuron in the (1-1)th layer, 𝑤𝑗𝑘
(𝑙)

 is the weight for 

connection from the 𝑘𝑡ℎ neuron in the (1-1)th layer to the 𝑗𝑡ℎ neuron in the 𝑙𝑡ℎ layer 𝑏𝑗
(𝑙)

 is the 

bias of the 𝑗𝑡ℎ neuron in the 𝑙𝑡ℎ, f(*) is the activation function. 
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The input layer defines all the attribute values used as inputs for ANN model. In this study, 

the input values were SO2, PM10, PM2.5, O3, NO2, and CO. The hidden layer consists of neurons 

that process the input data and pass the results to the output layer, with weights assigned to the 

input neurons to influence this process. The output layer contains neurons that represent the 

model’s output, which in this study was the API. 

The effectiveness of a model is evaluated using statistical measures that assess how well the 

observed outcomes are replicated. Two common indicators are the coefficient of determination, 

and the root mean square error [14]. Firstly, the coefficient of determination, R² is a widely used 

measure that indicates how well a model fits the data. An R² value closer to 1 suggests a better 

fit, as it means the model explains a greater proportion of the data’s variability [17]. The 

equation 6 represent R² where 𝑦̂𝑖 is the predicted ith value, yi is the ith actual value, 𝑦̅ is the mean 

of the actual value, m is the total number of observations. 
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Lastly, Root Mean Square Error, RMSE measures how well a model fits the data by 

quantifying the average magnitude of the prediction errors [18]. The equation 7 represents 

RMSE where n is the number of observations, yi represents the actual value, 𝑦̂𝑖 represents the 

predicted value.  
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Best Model Presentation 
 

The performance of a model is evaluated using error measures, with lower values indicating 

better accuracy [13]. This study compared error measures, specifically Root Mean Square Error, 

(RMSE) and Mean Absolute Error (MAE), between the best ARIMA and ANN models. The 

RMSE evaluates performance by measuring the difference between predicted and observed 

values, with larger errors having a greater impact due to squaring [11]. A smaller RMSE 

indicates better model performance. The equation is shown in equation 7.  

While, the MAE is less affected by large errors, making it stable, especially when actual 

values are near zero. A lower MAE indicates better model performance by showing closer 

average predictions to actual values [19]. The equation 8 represent MAE where n is the number 

of observations, yi represents the actual value, 𝑦̂𝑖 represents the predicted value.  
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Result and Analysis 
 

Box Jenkins Methodology 
 

This study models daily API values using the ARIMA method in RStudio. Missing values and 

outliers were imputed. The Augmented Dickey Fuller (ADF) test is applied to ensure the time 

series data is stationary. 

 

  
(a) before differencing (b) first differencing of API 

Figure 2: API in Klang Valey. 

 

Mathematics and Statistics Undergraduate Research Proceedings 2025

381



Figure 2 illustrates the time series plots of API in Klang and the ADF test results. The initial 

plot in Figure 2(a) shows irregular fluctuations with the mean and variance of error values is 

not constant, and the ADF test showing p-value of 0.2276, indicating non-stationarity of the 

API series. After applying first differencing technique, the revised plot in Figure 2(b) displays 

consistent fluctuations with stable mean and variance. The ADF test confirms stationarity with 

a p-value of 0.01, supporting the rejection of the null hypothesis.  

 

  
(a) ACF (b) PACF 

Figure 3: API in Klang Valey. 

 

Based on the ACF and PACF diagrams in Figure 3, significant spikes suggest potential 

ARIMA parameters. The ACF plot (Figure 3(a)) shows one significant spike at lag 2, suggesting 

an AR parameter of 1. Meanwhile, based on the PACF diagram (Figure 3(b)) gives five 

significant spikes (lags 4, 6, 11, 27 and 30), indicating an MA parameter of 5 were resulting in 

a potential ARIMA (5,1,1) model. Though, to identify the best model under ARIMA model [13], 

five other ARIMA models with parameters (p,d,q) = (4,1,1), (6,1,1), (5,1,2), (4,1,2) and (6,1,2) 

are tested. The Ljung Box test is used to assess each model for residual white noise, with the 

null hypothesis indicating no autocorrelation.  
 

Table 2: Result of ARIMA Model. 
 

Model p-value AIC BIC 

ARIMA (5,1,1) 0.2561 8292.351 8328.417 

ARIMA (4,1,1) 0.2409 8290.440 8321.353 

ARIMA (6,1,1) 0.2881 8294.070 8335.288 

ARIMA (5,1,2) 0.2431 8294.387 8335.605 

ARIMA (4,1,2) 0.2736 8292.210 8328.276 

ARIMA (6,1,2) 0.2619 8296.337 8342.707 

 

Table 2 shows the summary of the proposed ARIMA model result, which evaluates whether 

the errors in ARIMA models meet the white noise criteria. The p-values of all ARIMA models 

are greater than 0.05, leading to the rejection of the null hypothesis. Therefore, all six ARIMA 

models are well-specified and adequate, meeting the requirements for optimality. By evaluating 

the AIC and BIC, the ARIMA (4,1,1) model is identified as the best fit, with the lowest AIC and 

BIC values of 8290.44 and 8321.353, respectively. This indicates that the ARIMA (4,1,1) model 

strikes the best balance between model complexity and goodness of fit, outperforming the other 

candidate models. The ARIMA (4,1,1) model can be written as in equation 9. 
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1 2 3 41 2 3 4 1 1− − − − − =   +  +  +  +  + 
t t t t ty y y y y t t

           (9) 

 

In the ARIMA (4,1,1) model, the observed value at time t is denoted as yt, and the first 

difference of yt is ∆yt = yt −yt−1. The model consists of four autoregressive (AR) parameters, ϕ1, 

ϕ2, ϕ3, ϕ4, which represent the influence of the previous four values on the current one. The 

differencing order, d = 1, is applied to make the data stationary by removing trends or patterns. 

The moving average (MA) parameter θ1 accounts for the impact of the previous error term, 

which helps improve predictions by considering past prediction errors. 

 

ANN Methodology 
 

This study uses ANN to model API as the target variable, with SO2, PM10, PM2.5, O3, NO2, and 

CO as inputs. Data screening and normalization were performed in JMP PRO 17 using 

imputation and the scale-and-offset method. 

The ANN model comprises three layers: the input layer (receiving data), the hidden layer 

(assigning weights), and the output layer (target variable). To prevent overfitting, five networks 

with one to first hidden nodes were constructed. Model performance was evaluated using the 

coefficient of determination (R²) and root mean square error (RMSE). The best-fit model had 

the highest R² and lowest RMSE, subject to model parsimony. Table 3 presents the ANN model 

results. 
 

Table 3: R2 and RMSE Result. 
 

Model 
Hidden 

Nodes 
AIC BIC 

1 1 0.6102 5.8829 

2 2 0.6165 5.8347 

3 3 0.6184 5.8209 

4 4 0.6306 5.7269 

5 5 0.6354 5.6894 

 

Model 5, with five hidden nodes, delivers the best performance, achieving the highest R2 

value of 0.6487 and the lowest RMSE of 5.7284 as shown in Table 3. This indicates that the 

model effectively captures relationships in the data, explains variability, and provides accurate 

predictions. The model also shows low error rates on both training and testing datasets, 

indicating a balance between learning from the data and generalizing to unseen data.  

This suggests that Model 5 avoids overfitting, where a model performs well on training data 

but poorly on new data, and underfitting, where it fails to learn the patterns in the training data. 

The five hidden nodes represent processing units in the hidden layer that work together to 

identify patterns and relationships between the input variables and the target, API. These nodes, 

with their respective weights and biases, help the model generalize well, making Model 5 

suitable for forecasting API values in Klang. Figure 4 illustrates the network structure of Model 

5. 
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Figure 4: Model 5 Network. 

 

The Model Performance 
 

Table 4 shows that ANN Model 5, with five hidden nodes, outperforms ARIMA (4,1,1) based 

on error measures. ANN achieves an RMSE of 5.5502 and an MAE of 4.1799, compared to 

ARIMA’s RMSE of 14.35176 and MAE of 11.28785. This demonstrates that ANN provides 

more accurate predictions and is better at capturing patterns in the data. 
 

Table 4: R2 and RMSE Result. 
 

Model RMSE MAE 

ARIMA (4,1,1) 14.35176 11.28785 

ANN Model 5 5.5502 4.1799 

 

Conclusion and Recommendation 
 

The study applied both the Box-Jenkins and ANN methods to forecast API values. The Box-

Jenkins approach identified ARIMA (4,1,1) as the best model based on its ability to balance 

accuracy and model complexity, demonstrated by the lowest AIC and BIC values. On the other 

hand, the ANN method determined that Model 5, with five hidden nodes, provided the best 

performance. This model achieved the highest R2 and the lowest RMSE, indicating its 

effectiveness in capturing data patterns and maintaining low error rates. Overall, the ANN 

method showed superior performance compared to the Box-Jenkins method due to its lower 

error measurements and better adaptability to the data. 

Future research could benefit from exploring additional modeling techniques beyond Box-

Jenkins and ANN, such as linear regression, logistic regression, exponential smoothing, or 

Holt’s method. Incorporating a wider range of methods could uncover unique patterns in the 

data and provide more insights. Additionally, using larger and more recent datasets could 

enhance the model’s reliability and its ability to generalize across various environmental 
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conditions. This would also help researchers evaluate the model’s performance over different 

time periods, improving its effectiveness for forecasting air quality. 

Lastly, future studies should focus on real-time forecasting of API values, which was not part 

of the current research. Utilizing real-time air pollution data could lead to more accurate 

predictions and allow for better monitoring of daily air quality. Providing timely warnings about 

poor air conditions could help mitigate the health risks associated with air pollution and improve 

public health outcomes. 
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