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The World Health Organization (WHO) defines air pollution as any
chemical, physical, or biological agent that tampers with the
atmosphere's natural characteristics and contaminates either the
indoor or outdoor environment. The evaluation of air pollution can be
done by using air pollution prediction. When air pollution levels are
high, it can notify and warn the public while assisting the management
of many different chemical compounds through policy. The objective
of this study is to find the best forecasting model for the air pollution
index (API). This study also attempts to predict the monthly mean
concentration of the API in Shah Alam for 2023 by using the time
series model. To achieve the objectives, the Box-Jenkins Methodology
and Univariate Techniques were used. This study examines the API
using Holt’'s Method, Double Exponential Smoothing Technique, and
ARIMA models. Based on the smallest value of root mean squared
error (RMSE) and mean absolute error (MAE), it shows that the most
adequate model for the API for this period is the ARIMA model. Air
quality forecasting is reliable and effective in controlling the
composition of air pollution. With the ability to forecast the mean
concentration of the Air Pollution Index, these findings could aid the
Department of Environment in analyzing the substances that
contribute to air pollution. Additionally, this information could help
reduce the incidence of air pollution-related diseases among
Malaysians.
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1. Introduction

The Air Pollution Index (API) is employed in Malaysia to assess air quality. The API system
indicated that air pollution consists of five main elements, which are ozone (03), carbon dioxide
(C0O2), nitrogen dioxide (NO2), sulphur dioxide (SO2), and particulate matter (PM10). Malaysia was
expected to become an industrialized nation in 2020, highlighting the urgent need to address the air
quality issue that has been found to exacerbate existing respiratory health conditions [1]. Both natural
and human activities contribute to air pollution in the country. Some of the natural causes of air
pollution include soil dust, forests, and sea surface emissions. Commonly, these sources contribute
to the level of air pollution. However, man-made sources such as the burning of fossil fuels,
transportation emissions, and deforestation also contribute significantly to air pollution, apart from
causing global climate change [2]. The air quality tended to be worsened due to the high level of
man-made sources.

The Malaysian Department of the Environment (DOE) set up the Recommended Malaysian
Air Quality Guidelines (RMG) in 1989 to control air pollutants. Subsequently, in 1993 the Malaysian
Air Quality Index (MAQI) was introduced to inform the public about air quality conditions. In 1996,
they revamped the system and adopted the air pollution index (API), which is modelled after the
United States pollutant standard index (PSI) [3]. The API serves as an effective tool for assessing air
quality. The API status indicator is categorized into five levels, including good, moderate, unhealthy,
very unhealthy, and hazardous, as outlined in Table 1. These categories serve as benchmarks for
air quality management and aid in interpreting data for decision-making processes.

Table 1. API Status

API Value Status
0-50 Good
51-100 Moderate
101-200 Unhealthy
201-300 Very Unhealthy
>300 Hazardous

In this study, the APl was utilized to determine the best model for forecasting the API from
January 2023 to December 2023. Numerous studies showed major cities with high seasonal heating
demands, heavy industry, and high vehicular traffic volumes, or with all these three, as the worst air
pollution [4].

In 2022, 7.9 million people were living in Selangor. According to the Selangor State Structure
Plan 2020, the state’s population was anticipated to grow to 9 million people by the year 2035. Around
36,592.52 hectares of land had been designated for development, representing 80% of the total area.
This indicates that the state struggled with air quality issues over the years due to population growth
and development. Shah Alam is particularly susceptible to air pollution because of its densely
populated surrounding areas, significant industrial and commercial developments, and heavy traffic
[5]. These features make Shah Alam more vulnerable to air pollution [6]. Therefore, this study aims
to identify the best forecasting model for the API and predict the API's monthly mean concentration
in Shah Alam for 2023.

2. Literature Review

Air pollution is the presence of harmful substances in the atmosphere that exceed a certain
concentration and cause negative effects on both, the ecological system and human life. With the
growing concern for the environment, many researchers have conducted numerous studies, with air
pollution forecasting being of utmost importance [7]. An accurate forecasting is a foundation for taking
any effective pollution control measures, making it a crucial task.

Accurate AQI forecasting is crucial for safeguarding human health, protecting the
environment, and supporting economic stability. It enables authorities to make decisions, facilitates
sustainable urban planning, and aids in the management of pollution control strategies [8].
Recognizing the significance of the Air Pollution Index (API) and air quality forecasting, this study
aims to predict the monthly mean API by using a time series model.



One of the most effective statistical techniques for forecasting from time-series data is the
Autoregressive Integrated Moving Average (ARIMA) model, and often referred to as the Box-Jenkins
model. ARIMA models are employed to identify the model that best fits the historical data in a time
series. This forecasting model has been extensively used across various sectors without limitation
to air pollutant time series [9]. Another type of time series model is univariate time series analysis,
where a single variable varies over equal time increments in the data. The time increments can be
daily, hourly, monthly, or yearly. Univariate modelling, known as a projective approach to forecasting,
generates predicted values based on data from previous observations [10]. Like the Box-Jenkins
methodology, univariate modelling has been widely used for forecasting in various industries, not just
limited to air pollution time series.

In a study which focused on the Thiruvananthapuram District of Kerala, India, the ARIMA
and Seasonal Auto-Regressive Integrated Moving Average (SARIMA) methods were employed to
forecast air quality indices [11]. The study utilized monthly air quality data from 2012 to 2015 for
nitrogen dioxide (NO2), sulphur dioxide (SO2), suspended particulate matter (SPM), and respirable
particulate matter (RSPM), collected at four sites in Thiruvananthapuram District. The result indicated
that all stations’ air quality index readings between 2012 and 2015 fell within the satisfactory (51-
100) AQI range. The researchers found that the ARIMA models outperformed SARIMA models in
terms of forecasting accuracy.

Another study aimed to compare the performance of artificial neural networks (ANN) and
Arima models for a better forecasting the air pollution data in Malaysia [12]. The outcomes highlight
the fact that compared to ARIMA, the ANN provided the lowest forecasting error to predict API in
Klang. As such, the ANN may be regarded as a reliable predictive method to generate data for the
general public regarding the status of air quality at a particular time.

Additionally, a study utilized a time series technique with autoregressive integrated moving
average (ARIMA) modelling to predict the maximum daily surface ozone (O3) concentration [13]. The
study focused on surface O3 data that was collected at the airport in Brunei Darussalam between
July 1998 and March 1999. The fitted ARIMA model had an order of (1,0,1), and it was found that
the maximum O3 concentrations predicted by the model closely matched the observed values. The
model's effectiveness was evaluated with several widely used statistical metrics.

In a study conducted by [14], it was about the air quality index (AQI) in Miyun County, Beijing,
China. The original AQI data were found to be non-stationary during the model construction process.
However, the first-order differencing data of the original AQI data were stationary. After comparing
various models, the ARIMA (3,1,3) model was selected as the final model for fitting the ARIMA model.
The least squares approach was used to represent the data in the Holt exponential smoothing model
fitting. In terms of capturing trends and minimizing mean squared error (MSE), Holt modelling
outperformed ARIMA modelling in these two model fittings. Therefore, based on this data, the Holt
model is preferred for predicting future AQI values.

Air pollution levels reflect the environment's health, and declining air quality immediately
affects public health. Air quality forecasting, monitoring, and early warning systems are essential
preventive measures for sustainable smart cities, environmental sustainability, and pollution control
management [2]. Forecasting air quality is effective in protecting public health by giving early
warnings about dangerous air pollutants [7]. Moreover, it aids the Department of Environment (DOE)
in planning future monitoring programs and identifying significant air quality changes that could harm
the environment and human health. API forecasting enables real-time processing and analysis of air
quality data at the network's edge, providing decision-makers with timely and accurate information
to address air pollution effectively [15].

Hence, it is clear that modelling and forecasting the Air Pollution Index (API) can be beneficial
for various organizations. Therefore, the objective of this research is to develop a model using API
time series data from Shah Alam, Selangor. This model aims to provide estimation of future API
values, which can be valuable for understanding and managing air quality in the city.

3. Methodology

3.1 Description of Data

This study used secondary data that was extracted from Malaysia’s Department of
Environment (DOE). The monthly mean concentration of Air Pollution Index (API) of all five main
elements which were the particulate matter with a diameter of 10 micrometres or less (PMuo), 0zone
(O3), nitrogen dioxide (NO3), sulphur dioxide (SO2), and carbon dioxide (CO2) from January 2012
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until December 2022 was obtained from Malaysia’s Department of Environment (DOE) website. A
total of 132 months of data on the API value in Shah Alam from January 2012 to December 2022
was applied to forecast the future of Shah Alam’s API value.

3.2 Box-Jenkins Methodology

To achieve the objectives of this study, Box-Jenkins were used. The Box-Jenkins method
comprises three primary models: autoregressive (AR), integrated (1), and moving average (MA). The
AR and MA models are appropriate for analyzing stationary time series patterns. The combination of
AR and MA models results in ARMA models. In cases where the data is non-stationary, the | model
is used to transform the dataset into a stationary form, allowing for the creation of ARIMA models
[16].

i. Autoregressive Integrated Moving Average (ARIMA) Model

To better comprehend or predict future values of time series, one could utilize an
autoregressive integrated moving average model, or ARIMA model. The Box-Jenkins (1970) ARIMA
model was a type of regression analysis that was capable in evaluating the strength of the dependent
variable to its independent variable. It had three major processes which were an autoregressive (AR)
of order p, differencing of degree d to render the time-series stationary, and moving average (MA) of
order g. It was abbreviated as ARIMA (p,d,q) [17]. A simple model case ARIMA (1,1,1) was as shown
below,

W =+ @we g — 0184+ & 1)

where w, = y, — y serves the first difference of the series and was considered to be stationary. In
this scenario, the values of p=1, d=1 and g=1. The equation could also be written as,

1-0,B)w, =pu+ (1—-6,B)e, (2

The ARIMA model was applied by using the Box-Jenkins framework, which assumes
stationarity in the data series. Stationarity means that the statistical properties of the data, such as
the mean and variance, remain constant over time. This assumption implies that all instances of the
process, regardless of when they occur, exhibit the same statistical characteristics [18].

Differentiation is a method used to transform non-stationary time series data into stationary
form. This process involves some calculations of the differences between consecutive observations,
which helps stabilize the mean of the series by removing trends and seasonality. Specifically, the

first difference is computed asw, =Yy, —VY, ,, where W, represents the difference between the
current API value, y, and the previous API value, Y,_,. If the first difference indicates that the data
series is non-stationary, thus, this transformation is applied to achieve stationarity.

ii. Stages in ARIMA Model Development
The Box-Jenkins modelling approach had four main stages: Model Identification, Model
Estimation and Validation, and Model Application as presented in Figure 1.
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Figure 1. The Stages in ARIMA Model Development

In the Box-Jenkins technique, model identification is the initial step, which involves
determining the most suitable class of models for the dataset. Once the data is made stationary, the
parameters of the ARIMA model need to be determined. The ARIMA model employed three
coefficients, p, d, and q, where p was the number of autoregressive terms, q denoted the number of
moving average terms, and d specifies the order of differencing needed for stability. To find the
autoregressive (p) and moving average (q) parameters, the autocorrelation function (ACF) and partial
autocorrelation function (PACF) are used. The number of spikes in the PACF indicates p, whereas
the number of spikes in the ACF determines q [19].

The next step is model estimation and validation. The ARIMA model was implemented using
R-software, which was also employed for forecasting the monthly mean concentration of the Air
Pollution Index (API) in Shah Alam, Malaysia. To validate the ARIMA models, statistical
measurements such as the Ljung-Box Statistic, Akaike's Information Criteria (AIC), and Bayesian
Information Criterion (BIC) were utilized.

The serial correlation of the residuals was assessed by using the Ljung-Box statistic, which
helps in determining the adequacy of the model and the randomness of the residuals [20]. The
hypothesis of the test is as follows:

H, :The errors are random (errors are white noise)
H, :The errors are non-random (errors are not white noise)

If the probability value is less than 0.05, the null hypothesis would be rejected, indicating that
the model is mis-specified or inadequate. Conversely, if the probability value is more than 0.05,
suggesting that the model is adequate.

The AIC and BIC are commonly used to evaluate the fithess of ARIMA. AIC is utilized to
analyze various potential models and determine the one that best fits the data. On the other hand,
BIC aims to balance model complexity and goodness of fit to produce the most accurate out-of-
sample forecast. When both values are low, both criteria show that a model is the best ARIMA model.
One similarity between the AIC and BIC was that the model was considered as the best ARIMA
model when both values were low [21]. The formula of AIC and BIC are as follows:

2k vT 2
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where T is the number of observations and k is the estimated model’s total number of parameters,
including the constant.



Once all test conditions are met and the model's fithess is confirmed, it can be applied to
obtain forecast values. These values can be represented using confidence intervals or single-value
estimates. Confidence interval estimation provides a valuable stochastic measure of the certainty
and uncertainty associated with the forecasted values. However, if the test conditions are not
satisfied, the model needs to be revised.

3.3 Univariate Techniques

The term univariate solely refers to the forecasts that relies on a sample of time series data
for the air pollution index, without any consideration about the influences of other variables such as
air temperature and wind direction. In this section, the application of Holt's method and Double
Exponential Smoothing method was explained in this study. Consequently, the notations which are
utilized in this research are denoted by y, and t, representing the APl and month, respectively.

i. Holt’s Method

This technique is commonly used to handle data with linear trends because it offers more
flexibility in tracking trends and slopes at different rates, besides smoothing them directly using
multiple constants. In Holt's method, a final forecast was created by combining three primary
equations: an exponential smoothing equation, a trend smoothing equation, and a forecast equation.

The exponentially smoothed series,
Se=ay) + (1 —a)( Sy + Tio1) (5)

The trend estimate,
T, = .B(St - 5t—1) + (1 - ,B)Tt—l (6)

Forecasts m period into the future,
Foom=S+T, xm (7)

where, S, = smoothed value, S;_, = the smoothed value for the previous period, y, = smoothed
constant for trend estimate ranges from 0 to 1, T, = trend estimate, T;_, = the trend estimated for
the previous period, m = period to be forecast into future, which is 12 months, F;,,, = the forecast
for the m periods into the future.

ii. Double Exponential Smoothing

Double exponential smoothing is also known as Brown’s method. It is useful for a series that
has many traits of a linear trend. The primary benefit of double exponential smoothing utilization over
single exponential smoothing is the ability to produce multiple forecasts for the future. Generally, four
main equations were involved. The notations are used to illustrate this technique as follows:

Let S, represent the exponentially smoothed value of y, at time t, and S{ denote the double
exponentially smoothed value of y, at time t.

The single exponentially smoothed of API,
Ss=ay) + (1 —a)S_4 (8)

The double exponentially smoothed value of API,
S{i=a(S)+ (1 —a)Si_, 9)

The difference between both of exponentially smoothed values,
a, =25, — S| (10)

The adjustment factor which was forecast for one-year steps ahead,

Fiym = a; +bym (11)

where F,,,, forecast the API at period m made in period t, form = 1,2,3,...,12and t = 1,2,3, ...,132.

The accuracy prediction of the model, which was provided by most statistical software, has
been compared using Root Mean Squared Error (RMSE) and Mean Absolute Error (MAE).
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which e, = y, — J, where y, is the actual value at time ¢t and y, was the fitted value at time t.

4. Results and Discussion

4.1 Trend of Air Pollution Index (API)

As illustrated in Figure 2, a drawing of time series plot is the initial stage in time series analysis and
gives a rough knowledge of the time behaviour of the series. The original series trend seems to have
slightly decreased. However, this needs to be verified and proven by using descriptive analysis and
trend modelling.

350
300
250
200

150

API Value

100

50

T=-0.0093t +498.12

Jan-12 Jan-14 Jan-16 Jan-18 Jan-20 Jan-22
Year

Figure 2. Air Pollution Index (API) Trend Line Graph

Figure 2 illustrates the monthly time series of the Air Pollution Index (API) in Shah Alam,
Malaysia, from January 2012 to December 2022. The monthly API fluctuates throughout 132 months
with the trend line, T = -0.0093t + 498.12. This equation indicates that as time increases, the API
trend decreases by 0.0093. Analysis indicates that the air monitoring station at TTDI Shah Alam in
Selangor recorded the highest API reading of 302 in June 2013. API levels exceeding 300 are
considered hazardous. In that month also, the monitoring station at Muar experienced its worst, with
663 (emergency level) air quality readings due to haze episodes. Additionally, other locations
recorded unhealthy, very unhealthy, and hazardous API levels, indicating widespread poor air quality
[22].

Air pollution is expected to be worse during the dry season (June-September) than the wet
season (November-March) because there is less rain. More rain during the wet season is expected
to improve air quality, as it washes out and reduces the concentration of air pollutants in the
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atmosphere [23]. However, in 2015 the highest peak in API records was observed in October, with
a hazardous reading of 307. The trend of APl good days showed a peak during November—
December, which was during the wet season (Figure 2). Meanwhile, the average trend of API
unhealthy days also showed the peak during the wet season, which was in February. A downtrend
component is evident from the end of 2019 to the end of 2022, likely due to the temporary closure of
factories in Shah Alam during the COVID-19 pandemic. Additionally, a turning point occurs from the
middle of 2015 to the beginning of 2016, where the API value transitions from a downward trend to
an upward trend.

4.2 Box-Jenkins Methodology

In the Box-Jenkins methodology, it is assumed that the characteristics of the initial data
series are known. The fundamental assumption is that the data series is stationary. If the series is
not stationary, differentiation is necessary to achieve stationarity before proceeding to the next
stages.

Figure 3 revealed a stationary and a constant mean in the series. The fluctuation of the line
around zero demonstrates its stationary nature. Since the probability value was less than 0.05, the
Augmented Dickey-Fuller Test (ADF) revealed that the series was stationary (ADF test statistic = -
4.3392, p-value = 0.01). Thus, the series does not require in differencing, and it is said to be

integrated of order zero [I(0)]. The model obtained is represented in general term as ARIMA (p,d,q)
with d=0.
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Figure 3. ACF and PACF of Air Pollution Index (API)
Significant spikes were observed respectively in the Autocorrelation Function (ACF) and
Partial Autocorrelation Function (PACF) for the parameters g and p. The confidence limits in this

study were determined to be (-0.174078, +0.174078), although these limits can be varied based on
the parameters of the ARIMA models. Identifying the right model formulation was rather difficult



because of the nature of the economic or business data series. Hence, several models to be the best
possible formulations were identified and estimated.

In Figure 3 (ACF), two significant spikes were observed at lag 1 and 9 that determine
MA(g=2). Meanwhile, Figure 5 (PACF), showed only one significant spike at lag 1, indicating
AR(p=1). However, these observations do not guarantee the correct values of p and q for the model.
Hence, several model formulations would be estimated in ensuring that a well-specified model was
not missed out. The five specified models were ARIMA (2,0,2), ARIMA (1,0,2), ARIMA (1,0,1), ARIMA
(2,0,3) and ARIMA (0,1,2).

AIC and BIC were used to assess and select the best ARIMA models, with the lowest values
indicating the preferred models. To determine whether a serial autocorrelation occurs in a time series
or vice versa, the value of the p-value for each model for the Ljung-Box test statistic was examined.
The null hypothesis of the Ljung-Box Test assumes that the results exhibit white noise properties,
which indicate no significant serial autocorrelation and satisfy the stationary condition. A model was
considered to have no serial autocorrelation if the p-value of the Ljung-Box Test was greater than
0.05. The best model was selected by considering the absence of serial autocorrelation along with
other relevant factors. Table 2 displays the AIC, BIC, and p-value of the Ljung-Box test for the
selected model.

Table 2. Summary of the Estimated Model

Models AIC BIC Box-Ljung (p-value)
ARIMA (2,0,2) 1032.819 1048.390 0.9980
ARIMA (1,0,2) 1030.926 1043.902 0.9978
ARIMA (1,0,1) 1029.539 1039.920 0.9558
ARIMA (1,0,3) 1032.858 1048.429 0.9983
ARIMA (0,1,2) 1331.503 1340.128 0.9370

Based on the results in Table 2, the p-values of the Ljung-Box test for the selected models
were all above 0.05. This indicates that the errors for each model can be adequately represented by
white noise, leading to the acceptance of the null hypothesis and suggesting no serial correlation in
the model. The best model, ARIMA (1,0,1), was determined from Table 2 as it exhibited respectively
the lowest AIC and BIC values of 1029.539 and 1039.920. Additionally, as the Principle of Parsimony
favors choosing the simplest model, thus, ARIMA (1,0,1) was deemed the most appropriate
selection. Therefore, ARIMA (1,0,1) is recommended as the most accurate model for predicting the
Air Pollution Index (API) in Shah Alam for 2023.

4.3 Univariate Techniques

The API data was analyzed using univariate techniques, specifically Holt's method and the
double exponential smoothing technique. The goal was to determine the best model, and the results
were compared, as shown in Table 3.

Table 3. Error Measure of Holt's Method and Double Exponential Smoothing

Model / Error Measures RMSE MAE
Holt's Method 9.9964 8.2513
Double Exponential Smoothing 10.4605 8.2588

The optimal parameters for both models were determined using Excel software. In Holt’s
method, the parameter values for alpha and beta were respectively found to be 0.5237 and 0.01.
Meanwhile, the optimal parameter for alpha was determined to be 0.2473 in the double exponential
smoothing technique.

Based on the error measures using these parameter values, Holt's method was deemed
more effective for forecasting the API compared to the double exponential smoothing technique. This
conclusion was reached by comparing the evaluation components of RMSE and MAE, as shown in
Table 3. Therefore, Holt's method is recommended as the best model among the univariate
techniques for forecasting the API.



4.4 Determining the Best Model

The reliability of a model is not determined by the existence of a single good forecast. A good
forecast model consistently produces good forecast values. Forecasters commonly assess a series
of errors that have been produced over time or across time series before making a judgement about
the model’s quality. A model is therefore deemed superior to others if it meets a set of criteria. It is
more customary to measure the error with the smallest magnitude. To determine the most effective
method for forecasting the API, the performance of the Box-Jenkins model and univariate techniques
were compared, as detailed in Table 4.

Table 4. Best Model Selection

Model RMSE MAE
ARIMA (1,0,1) 8.3481 6.7439
Holt's Method 9.9964 8.2513

The evaluated final models were ARIMA (1,0,1) and Holt's method. The error measures for
ARIMA (1,0,1) were lower than those for Holt’'s method, as indicated in Table 4. Specifically, an
analysis between the RMSE and MAE values from the evaluation section showed that ARIMA (1,0,1)
had much lower values, with 8.3481 and 6.7439, respectively. Therefore, ARIMA (1,0,1) was
selected as the best model for forecasting the APl in Shah Alam.

4.5 Forecast the Air Pollution Index (API) in Shah Alam

Since ARIMA (1,0,1) model was chosen as the best model for forecasting the API in Shah
Alam, it was used to forecast the data for the next 12 months. The future trend forecast is depicted
in Figure 4, which appears to be satisfactory at 95 percent confidence interval.

Lt g

2015 2020
Time

Figure 4. Forecast of APl in Shah Alam from January 2023 to December 2023 with ARIMA(1,0,1)
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Table 5. Forecasts of API Values for 2023 using ARIMA (1,0,1)

Month Forecast 95% Confidence Interval
January 82.5010 (43.0386, 121.9634)
February 81.7968 (40.5118, 123.0818)

March 81.6648 (40.0629, 123.2667)

April 81.6400 (39.9345, 123.3454)
May 81.6354 (39.8692, 123.4016)
June 81.6345 (39.8171, 123.4519)
July 81.6344 (39.7680, 123.5008)
August 81.6343 (39.7195, 123.5491)
September 81.6343 (39.6713, 123.5973)
October 81.6343 (39.6231, 123.6455)
November 81.6343 (39.5750, 123.6936)
December 81.6343 (39.5269, 123.7416)

Figure 4 depicts an indication of graph in which the positive outcomes will be under control
for the next 12 months or until December 2023. The horizontal axis stands for the number of months
from January 2012 onward. The graph also showcases the forecasted monthly Air Pollution Index
(API) based on evaluated data up to December 2022. Table 5 displays the specific forecasted values
derived from ARIMA (1,0,1). The trend line indicates a consistent decrease, averaging 0.025 percent,
suggesting a progressive decline in the API value each month until December 2023. The results
imply that the API readings from January to December 2023 will fall within the moderate (51-100) air
quality index range by referring to Table 1. Furthermore, all forecasted API values are within 95%
confidence intervals.

5. Conclusion

Five ARIMA models were proposed based on the simplest model by estimation value:
ARIMA (2,0,2), ARIMA (1,0,2), ARIMA (1,0,1), ARIMA (1,0,3), and ARIMA (0,1,2). Through
observation, ARIMA (1,0,1) was found to have the smallest values of AIC and BIC, making it the best
model for the Box-Jenkins Methodology. Additionally, Holt’'s method was identified as the best model
for Univariate Techniques, as it exhibited the lowest evaluation values of RMSE and MAE compared
to Double Exponential Smoothing. The first goal of the study was to evaluate the best model among
the Box-Jenkins Methodology and Univariate Techniques. The results showed that ARIMA (1,0,1)
had the lowest value across all error measurements.

The second goal of this study was to forecast the Air Pollution Index in Shah Alam one year
ahead, from January 2023 to December 2023 by using the best model. The forecasting was done by
using ARIMA (1,0,1) model, and the results revealed that the trend line of anticipated values
remained constant at a range of 81.63 and 82.50, which indicates a satisfactory category because
the readings fell within the moderate reading (51-100) of API status (Table 1).

For future research, it is recommended to examine how deep learning, or the combination
of neural networks and data mining approaches, could enhance the effectiveness of forecasting
models. Creating hybrid models that integrate the strengths of different approaches could lead to
more accurate forecasts of the air quality index in Shah Alam [24].
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