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Abstract: Forecasting the prices of RON97 fuel is crucial for economic planning and policy-
making due to its impact on transportation costs and inflation. This study aims to analyse the
RON97 fuel prices and develop a forecasting model using Box-Jenkins modelling. The study
employs a comprehensive historical weekly dataset of RON97 fuel prices in Malaysia from
30th March 2017 to 18th April 2024 obtained from Malaysia’s Olfficial Open Data Portal. This
research focuses on Stage | and Stage Il of the Box-Jenkins approach. Stage | involves model
identification, including a preliminary assessment of the data's stationarity through
differencing and unit root tests. In Stage 11, model estimation is applied to identify the most
significant Box-Jenkins model to forecast the fuel price. This stage also includes identifying
potential Box-Jenkins models based on autocorrelation functions (ACF) and partial
autocorrelation functions (PACF). In this study, the analysis is done with the aid of R software,
where the potential of this software in forecasting weekly RON97 fuel prices time series data
is explored. The result from the analysis revealed that ARIMA (0,1,2) is the best model for
forecasting RON97 fuel prices in Malaysia. Box-Jenkins modelling effectively captures the
underlying patterns and trends in RON97 fuel prices, highlighting its applicability in economic
and financial time series forecasting.

Keywords: ARIMA, RON97, Box-Jenkins, Time Series Analysis

1. Introduction

Research Octane Number 95 (RON95) and Research Octane Number 97 (RON97) are the two
types of petrol in Malaysia. RON95 is a widely used type of petrol in Malaysia, known for its
affordability and popularity among private car owners. On the other hand, RON97 is
considered a premium-grade fuel, offering higher octane and potentially better performance for
certain vehicles (Mohamad & How, 2014). The increase in fuel prices in Malaysia is causing
concern as it indicates higher grocery and living costs, with minorities feeling the most
burdened (Rohani & Pahazri, 2018)Fluctuations in fuel prices significantly impact various
sectors, including transportation, manufacturing, healthcare, entertainment, agriculture,
construction, business, and the overall economy (Akhmad et al., 2019). Expenditure for private
car owners will increase as fuel prices increase. The fluctuation in fuel prices in Malaysia is
influenced by global crude oil prices and foreign exchange volatility, resulting in unpredictable
price changes (Majuca, 2020) Crude oil prices are influenced by various factors, including
geopolitical tensions, supply-demand imbalances, natural disasters, and economic fluctuations
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(Zhang et al., 2024). The instability in fuel prices since the switch to a managed float system
(MFS) in 2016 is primarily due to fluctuations in international crude oil prices, foreign
exchange rates, and the reduction of subsidies (Sarpong-Streetor et al., 2021). As the price of
crude oil increases, the expense of refining and manufacturing RON97 also increases.

Conversely, when crude oil prices drop, production costs usually decrease. While RON97 fuel
is not as commonly used as RON95 fuel in the country, forecasting price changes for RON97
fuel is crucial as it is often used by owners of higher-end vehicles and luxury cars (Yunus et
al., 2019). The ability to predict future fuel price patterns can impact vehicle decision (Santini
et al., 2000). People considering purchasing a new car are more likely to choose a more fuel-
efficient vehicle if they expect fuel prices to stay high when they plan to own the new vehicle.
It also plays a role in decisions about long-term maintenance and usage plans. Understanding
fuel price trends is essential for market analysis and strategic planning, especially for business
owners and fleet managers. Assisting in making well-informed choices related to logistics,
expenses for transportation, and general financial strategising. Moreover, the rise in oil prices
will directly affect consumer goods and services, posing unpredictability in the future (Ahmad
etal., 2022).

Previously, the Malaysian government used this mechanism to balance global market
fluctuations and local economic conditions, ensuring that fuel prices remain manageable for
consumers while maintaining market integrity (Tan, 2009). Forecasting fuel prices in Malaysia
has been challenging due to the structural model's reliance on the inaccessible input variable,
Mean of Platts Singapore (MOPS). The shift from the Automatic Price Mechanism (APM) to
MFS in 2016 did not stabilise prices, leading to uncertainty in predictions (Sokkalingam et al.,
2021). The need for an alternative forecasting method arises due to the constraints of the current
structural model. Hence, this research aims to analyse the RON97 fuel prices in Malaysia and
develop a forecasting model using the Box-Jenkins modelling. This study focuses on model
identification and parameter estimation, which are Stage | and Stage Il of the Box Jenkins
methodology.

Autoregressive integrated moving average (ARIMA) models are among the most common
univariate time series models used when the time series data is non-stationary. The
autocorrelation function (ACF) and partial autocorrelation function (PACF) are used to identify
the parameters of the autoregressive and moving average parameters (Snyder et al., 2017).
Once the parameter has been identified, a possible model can be developed to find a significant
model according to the parsimony principle using the Box-Jenkins methodology. In the next
section, we will discuss methodology, describing the fuel price data used for analysis. The Box-
Jenkins modelling approach is employed, starting with the model identification phase, where
the Box-Jenkins model is selected as the framework for analysis. A stationary test follows this
to ensure the time series data meets the necessary assumptions for modelling. The model is
further refined through the parameter estimation stage. The results and discussion section
presents the findings from the analysis, the list of possible models from ACF and PACF plots,
and the equation for the best model. Finally, the conclusion summarises the key points of the
study and suggests areas for future research in modelling RON97 fuel prices in Malaysia.

2. Methodology
Data Description

This research employs a comprehensive historical weekly dataset of RON97 fuel prices in
Malaysia, obtained from Malaysia’s Official Open Data Portal website. The data consists of
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352 weekly observations from 30 March 2017 to 18 April 2024. The price of the RON97 fuel
in the dataset is in Ringgit Malaysia (RM). R software was utilized to analyse the data as a time
series. The possible models identified from the ACF and PACF are then compared with the
main modeling automation algorithm, autoarima (Hyndman & Khandakar, 2008).

Box-Jenkins Modelling

The Box-Jenkins model, introduced by Box and Jenkins in 1968, is one of the most powerful
forecasting methods available for time series analysis in research practice (Box & Jenkins,
1968). The methodology consists of four stages: model identification, parameter estimation,
diagnostic checking, and forecasting. Figure 1 illustrates a summary of the stages in Box-
Jenkins. Stage | of Box-Jenkins model identification consists of data screening and model
identification, while Stage Il involves model estimation. The time series data must be stationary
to proceed with the second stage, known as parameter estimation. Stationarity in time series
can be classified into stationary in variance and stationary in mean. The Box-Cox
transformation is used when time series data is not stationary in variance. Table 1 presents
commonly used values and their associated transformations (Box & Cox, 1964). The
differencing, difference is often used to make series stationary in mean. In model identification,
the autocorrelation function (ACF) and partial autocorrelation function (PACF) plots were used
to check the stationarity of the data. In addition to the ACF and PACF plot, the unit root test,
known as the Augmented Dickey-Fuller test (ADF-test), was used to confirm stationarity.
Stage | and Il Box-Jenkins modelling typically provide a robust model that fits the data well
and captures the essential dynamics of the time series. By stopping at Stage Il, the research
avoids the potential overfitting and complexity that might arise in Stage Ill (diagnostic
checking) and Stage IV (forecasting). The models developed in Stages | and Il were suitable
for the intended purpose, ensuring simplicity and interpretability without compromising
forecast accuracy.

Stage | Choose one or more ARIMA model(s)
Model Identification candidates

Stage Il Estimation the parameters of the model(s)
Parameter Estimation chosen at Stage |

Stage Il .
Diagnostic Checking Check candidate model(s) for adequacy

/\HKR‘L
Stage IV Yes :—"/ Ismodel T No

Forecasting satisfactory?

Figure 1: General Box-Jenkin's Framework

Table 1: Box-Cox Transformation

Values of 1 -1.0 -0.5 0 0.5 1.0
1 1
Transformation — - log, N
| Y, [yt Je Y Yi Yi

Adopted from (Box & Cox, 1964)
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Model Identification: Box-Jenkins Model

The Box-Jenkins model consists of five models based on linear stationary and nonstationary
assumptions. Three models under linear stationary assumptions are Autoregressive (AR),
Moving Average (MA), and Autoregressive Moving Average (ARMA). The AR, MA, and
ARMA models are based on the stationary assumption; the series has constant variance and
constant mean, and autocovariance depends only on the time lag. Two models under linear
nonstationary are ARIMA (Autoregressive Integrated Moving Average) and Seasonal ARIMA
(SARIMA). In order to identify the model, the ACF and PACF were used to analyse the RON97
fuel price over time and determine if the data was stationary. A very slow linear decay pattern
can be corrected by first-degree differentiation order. The Autoregressive Integrated Moving
Average (ARIMA) is a Box-Jenkins method widely used in time series modelling and
forecasting. The three components encompassing the general term for ARIMA (p,d, q)are
autoregressive (AR), integrated (Differencing), and moving average (MA), which are used in
the respective order of p, d, q. When the original time series is stationary in mean, differencing
is not required. In this case, the ARIMA model simplifies to an ARMA model. The general
form of the ARIMA model, using a backshift operator and difference form, is provided in
Equation 1.

2 (B)V'y, =c+6,(B)a (1)

the order of AR model

the order of MA model

the order of differencing
backshift operator, B*y, =vy,

difference operator, v =(1- B)d

< mae 2o

ARIMA modeling methods were used in this study based on a common method available for
modeling and forecasting time series data. If the time series data pass all the preliminary tests
in Stage | of Box-Jenkins modelling, then Stage Il, which is parameter estimation, can be
employed.

Stationarity Test

In Box-Jenkins modelling, the time series data must be stationary. If a time series is non-
stationary, it means that the statistical properties of the data, such as the mean and variance,
change over time. In order to apply the Box-Jenkins modelling, it is compulsory to make the
time series stationary. One common method to accomplish this is by differencing the time
series data, which entails calculating the variance between consecutive observations. This
process aids in eliminating trends and seasonality, resulting in more consistent data that is
suitable for analysis using the Box-Jenkins approach. There are several methods to detect non-
stationarity, with common tests such as unit root and trend tests. In this study, the Augmented
Dickey-Fuller (ADF) test was used to test for the stationarity of the dataset.

Parameter Estimation

Model or parameter estimation is applied to identify the best significant Box-Jenkins model.
There are 2 approaches which are Maximum Likelihood Estimation (MLE) and Least Squares
Estimates (OLS). This study uses Maximum Likelihood Estimation (MLE) to estimate the
model's parameters. After identifying the possible model, the next step involved finding precise
estimates of the model parameters. This study employs two different methods for parameter
estimation: ACF and PACF analysis, as well as using the auto.arima function in R software.
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The main modelling automation algorithm has been implemented in the auto.arima function.
The summary of Stage | and Stage Il of the Box-Jenkins procedure for forecasting the RON97
fuel prices is depicted in Figure 2.

RON97 Fuel Price . . Step 2: Data Descriptive
Time Series Data Step 1: Data Plotting Statistics

Stationary in
Variance?

Stationary in
Mean?

Data Transformation
Method: Box Cox
Transformation

Step 3: Data Stationarity

Data Differenced
Method: 1) ACF and PACF
2) ADF Test

Yes

Step 4: Pass the Portmanteau Test?
Method: Ljung-Box Portmanteau Test

Step 5: Box-Jenkins Model Identification

l

Estimate the models and examine the
parameters.

Select a model that is both Using the Akaike Information
stationary and parsimonious, Criteria (AIC) to assess goodness
and has significant coefficients of fit.

Figure 2: Stage | and Stage 11 Box-Jenkins Modelling

3. Results and Discussion

Malaysia's Official Open Data Portal recorded 352 weekly RON97 fuel prices from 30 March
2017 until 18 April 2024. Table 2 presents the descriptive statistics of the time series data. The
mean price of RON97 fuel over this period is RM2.85, with the prices ranging from a minimum
of 1.55 to a maximum of 4.84. The standard deviation, which measures the variability or
dispersion of the prices, is 0.69, indicating moderate variation around the mean. The skewness
value of 0.72 suggests a positive skew, while the kurtosis value of 0.23 indicates that the
distribution is slightly platykurtic. The histogram in Figure 3 represents the distribution of the
data.

Table 2: Descriptive Statistics
Mean Maximum Minimum  Standard deviation Skewness Kurtosis Observation
2.85 4.84 1.55 0.69 0.72 0.23 352
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Figure 3: Histogram of RON97 Weekly Prices from 30th March 2017 to 18th April 2024

The data are split into train-test datasets based on a ratio of 90:10. Training data are used to
estimate the model and test data are used to forecast RON97 fuel price purposes. The first part
of the sample period varies from 30" April 2017 to 10" August 2023. This data will be used to
estimate the models. Meanwhile, the second part, which is called an out-of-sample period,
varies from 17" August 2023 to 18" April 2024. Figure 4 illustrates the data plot for RON97
weekly prices in Malaysia from March 30, 2017, to April 18, 2024. The data plot in Figure 4
reveals fluctuations in RON97 fuel prices from 2017 to 2020. There is an increasing trend from
2020 to 2022. The data price is slowly consistent from 2023 until the first quarter of 2024. This
indicates that the data is not stationary. A stationary time series is defined as its means and
variance are constant over time. The auto-correlation Function (ACF) and partial correlation
function (PACF) plots are used to identify initial autoregressive (AR) and moving average
(MA) model parameters. Using autocorrelation functions in a linear time series model can
capture the linear dynamics of the data (Tsay, n.d.). The model coefficients are estimated
recursively using maximum likelihood estimation (MLE), where the number of parameters is
regularised using the Akaike Information Criterion (AIC). The ACF plot in Figures 5(a) and
5(b) shows that the value of the auto-correlation coefficient is large, and the ACF plot or ACF
value decreases slowly. This plot supports the initial finding from data plotting. The
correlogram reporting the ACF and PACF showed that seasonality does not influence the
prevalence and incidence of RON97 fuel prices. Using the raw training data from March 30,
2017, to August 10, 2023, the data was transformed to stabilise the variance using Box-Cox
transformation, and a first-order difference (d = 1) was applied to make the data stationary in
mean. The augmented Dickey-Fuller (ADF) test was used to determine whether the sequence
was stationary, and the result supported that the data was a stationary time series

(p—value=0.01).

Price RM/litre

15 20 25 30 35 40 45

I I I I
2018 2020 2022 2024

Figure 4: RON97 weekly prices in Malaysia from 30th March 2017 to 18th April 2024

262
Copyright © 2025 ASIAN SCHOLARS NETWORK - All rights reserved


https://asianscholarsnetwork.com/asnet-journals

Asian
Scholars
Network

Lag

Figure 5(a): ACF plot of the in-sample data

Asian Journal of Research in Education and Social Sciences
e-ISSN: 2682-8502 | Vol. 7, No. 2, 257-265, 2025
https://asianscholarsnetwork.com/asnet-journals

SPECIAL ISSUE: International Conference on Future and Sustainable Education (ICFSE) 2024

1.00-

Lag
Figure 5(b): PACF plot for in-sample data

The ACF and PACF plots for the stationary in-sample data are presented in Figures 6(a) and
6(b). The significant spikes drop to near zero after lag 2, indicating a rapid decay characteristic
of a moving average process of order 2, as shown in Figure 6(a). Hence the possible values for
the MA component are 0,1 and 2 (q=0,12). In the PACF plot depicted in Figure 6(b), there
are significant spikes at lag 1 and lag 2, with the rest of the lags dropping to near zero,
suggesting an autoregressive process of order 2. Therefore, the possible AR components are
0,1 and 2(p=0,1,2). Table 2 lists possible models derived from the ACF and PACF plots of

stationary in-sample data or training datasets.

............................................ L Lolbdbccocbocooooodooocoososdccooooockocoosded
B 0.1 g 0.1+
) ‘ ‘ | |l | * i
1 e L B
0.1 - CEErrEEEE T EEE T FEEE L EEE R SEEEEEEEE -0.1 - e T EEE FE EE M e SEEEE T
0 5 10 15 20 25 0 5 1IL'] 15 2I0 2|5
Lag Lag
Figure 6(a): ACF plot of stationary data Figure 6(b): PACF plot of stationary data
Table 3: List of Possible Models
No Model AlC Model Significance No. of Parameter(s)
1 ARIMA (0,1,0) with drift 2103.06 Significant 0
2 ARIMA (0,1,1) with drift -2116.33 Significant 1
3 ARIMA (0,1, 2) with drift -2134.67 Significant 2
4 ARIMA (1,1,0) with drift -2123.69 Significant 1
5 ARIMA (1,1,1) with drift -2131.50 Significant 2
6 ARIMA (11,2) with drift - - 3
7 ARIMA (2,1,0) -2136.53 Significant 2
8 ARIMA(2,1,1) - - 3
9 ARIMA (2,1,2) with drift - - 4
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Based on the results of the goodness-of-fit test statistics presented in Table 4, ARIMA(0,1,2)
model with drift was identified as the optimal model due to its lowest AIC value. This model
also passed the Ljung—-Box Q Test (z =25.607, p =0.060), and all the parameter estimates

were significant. The ARIMA model is implemented using a forecast package from R studio.
The equation for the ARIMA(0,1,2) is represented as Equation 2.

y, =0.2055a, , +0.2448a, , + &, (2)

4. Conclusion

The historical weekly RON97 fuel prices have been analysed to identify trends and patterns.
By utilising the ACF and PACF, we can systematically identify and evaluate potential ARIMA
models based on the observed ACF and PACF patterns. Our findings indicate that the ARIMA
model is suitable for forecasting RON97 fuel prices due to its nonstationary and non-seasonal
patterns, and this paper proposes ARIMA as the best model. Future research should proceed
with Stage 11l and Stage IV of the Box-Jenkins methodology. In Stage Ill, diagnostic checks
are conducted to ensure the model's adequacy and identify potential inadequacies or
improvement areas. By addressing any residual issues or model misspecifications, the accuracy
and reliability of the model can be further enhanced. Stage IV focuses on generating and
evaluating forecasts, allowing for a comprehensive assessment of the model's predictive
performance. The continuation will confirm the initial findings and establish a robust model
for accurate predictions of RON97 fuel prices. This can be valuable for policymakers, energy
analysts, market participants, stakeholders, and consumers. Consumers can utilise these
predictions to prepare for future fuel expenses, manage their budgets effectively, and make
well-informed transportation and household spending decisions.
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