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Abstract - Forecasting RON97 fuel prices is essential for economic planning and policy-

making, as they influence transportation costs and the inflation rate. This study uses the Box-

Jenkins method to develop a forecasting model for Malaysia's future four-week RON97 fuel 

price. The data was collected from Malaysia's official open data portal, covering the weekly 

period from March 30, 2017, to July 25, 2024. The R programming language was used for in-

depth data analysis and model development. Using an 80:20 training–testing split, with 

residual adequacy assessed through the Ljung–Box test and forecasting accuracy evaluated 

using the Mean Absolute Percentage Error (MAPE), the ARIMA (2,1,0) model was identified 

as the most appropriate forecasting model. The model achieved an MAPE of 0.13%, 

indicating excellent predictive accuracy. The findings indicate that RON97 prices are forecast 

to remain relatively stable over the next four weeks. The findings provide valuable insights 

for policymakers and stakeholders in the energy sector, enabling more informed decision-

making and strategic planning.  
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1. Introduction 

In Malaysia, there are two types of petrol: Research Octane Number 95 (RON95) and Research Octane Number 97 

(RON97). RON95 remains the most commonly used petrol in Malaysia due to its lower retail price, particularly among 

private vehicle users [1]. RON97 is a higher-grade fuel that comes at a higher price but can enhance the performance of 

certain vehicles [2]. The price of RON97 fuel in Malaysia has significant economic implications, directly affecting 

transportation costs, inflation, and overall financial stability [3]. Due to global crude oil prices surging, Malaysia's petrol 

prices have significantly increased, with RON95 and RON97 experiencing price hikes of 16% and 42%, respectively, 

since 2009 [4]. The volatility in fuel prices after the transition 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 [5].Recent studies   

demonstrated the efficacy of time series models in predicting fuel prices. For instance, [6] utilised the ARIMA model to 

forecast RON97 prices in Malaysia. Univariate and multivariate time series models have been applied to forecast gasoline 

prices in the U.S.[7]. A comparison between the ARIMA and SARIMA models has been conducted to predict petrol and 

diesel prices in Ghana [8]. These studies underscore the relevance and importance of employing advanced statistical 

techniques for fuel price forecasting. 

This study aims to analyse the price of RON97 fuel in Malaysia and develop a forecasting model using the Box-

Jenkins methodology. The Box-Jenkins methodology, specifically the Autoregressive Integrated Moving Average 

(ARIMA) model, has been widely recognised as a robust approach for time series forecasting [9]. This methodology is 

particularly suitable for analysing and predicting economic and financial time series data due to its flexibility and 

effectiveness in capturing various temporal patterns. The ARIMA model's ability to handle non-stationary data through 

differencing, along with its reliance on past values and error terms, makes it a powerful tool for forecasting fuel prices 

[10]. 

2. Methodology  

This study uses a comprehensive historical weekly dataset of RON97 fuel prices in Malaysian Ringgit, obtained from 

Malaysia’s Official Open Data Portal website, covering the period from 30 March 2017 to 25 July 2024, and analysed 

using R software. The dataset provides sufficient observations to capture price movements, short-term fluctuations, and 

underlying trends over time. Such an extended time horizon is essential for developing a reliable forecasting model and 

improving the accuracy of future price predictions. The research framework for this study is shown in Figure 1. 
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Figure 1. Research framework 

2.1 Box-Jenkins model 

Introduced by Box and Jenkins in 1968, the Box-Jenkins model is a highly effective approach to predictive analysis in 

time series research [11]. It is widely recognised for its systematic procedure in modelling historical data and producing 

accurate forecasts. The method is particularly suitable for analysing data that exhibit dependence over time and changing 

patterns. The methodology includes identifying the model, estimating parameters, diagnostic checking, and forecasting, 

as depicted in Figure 2.  

 

Figure 2. Box-Jenkins research framework 

In model identification, the appropriate order of potential models is determined by visually inspecting the 

autocorrelation function (ACF) and partial autocorrelation function (PACF) plots. Additionally, tests such as the 

Augmented Dickey-Fuller (ADF) are used to assess the stationarity of the time series data. In the parameter estimation 

stage, the parameters of the selected ARIMA model are estimated using Maximum Likelihood Estimation (MLE) and 

AIC, and the model selection criteria. The null hypothesis indicates that parameters in the ARIMA model are equal to 

zero. A p-value below 0.05 suggests rejecting the null hypothesis, signifying the parameter's significance in the ARIMA 

model. The third stage, diagnostic checking, involves testing the residuals of the selected model against model 



Suhaila Bahrom et al. │ Data Analytics and Applied Mathematics │ Vol. 7, Issue 2 (2026) 

journal.ump.edu.my/daam   10 

assumptions after fitting. The residuals of the fitted model are analysed to ensure they resemble white noise. The Ljung-

Box test is used to check for autocorrelation. The final stage in the Box-Jenkins approach is forecasting. The best model 

was selected based on the lowest forecast errors and evaluated using the mean absolute percentage error (MAPE). For 

validation purposes, the data is split into training and testing sets using an 80:20 ratio. Then, the fitted ARIMA model 

forecasts RON97 fuel prices for the next four weeks. 

2.2 ARIMA model 

In general, the Box-Jenkins model consists of five models: AR(p), MA(q). and ARMA(p,q) for the stationary models 

together with ARIMA(p,d,q) and SARIMA(p,d,q)(P,D,Q) for non-stationary models. Hence, in this study, ARIMA(p,d,q) 

model was selected due to the presence of a trend in the fuel price data. The general form of the ARIMA(p,d,q) model is 

presented in Eq. (1). 

( ) ( )d

p t q tB y c B a  = +
 

(1) 

 In Eq. (1), p  represents the order of the autoregressive (AR) model, indicating the number of lagged observations 

included in the model, q  denotes the order of the moving average (MA) model, specifying the number of lagged forecast 

errors incorporated in the prediction equation. The order of differencing indicated by d is the number of times the data 

have been differenced to achieve stationarity. The backshift operator, denoted by B shifts the data back by k periods, such 

that 
k

t t k
B y y

−
= . The white noise error term at the time 𝑡 represent by 

t
a . Finally, the difference operator, represented 

by ∇, is defined as ( )1 ,
dd B = −  and it indicates the differencing needed to transform the time series into a stationary 

one. 

3. Results and Discussion 

This section presents and discusses all analyses and results obtained from the development of the ARIMA model. Before 

model development, the weekly RON97 fuel price series from 30 March 2017 to 25 July 2024 was plotted to examine its 

overall pattern, as shown in Figure 3. The series exhibited moderate fluctuations between 2017 and 2019, followed by a 

sharp decline in early 2020. Thereafter, prices recovered gradually during 2020–2021 and increased substantially to reach 

a peak in 2022. Following this surge, prices declined and remained relatively stable from late 2022 to July 2024. These 

changes in level and trend suggest that the original series is non-stationary. 

 

Figure 3. Time series plot of weekly RON97 fuel prices in Malaysia 

Next, the dataset was split into two parts: training and testing using an 80:20 ratio, with the first 304 data points from 

30 March 2017 to 16 February 2023 used for training purposes, whereas the remaining 76 observations from 23 February 

2023 to 25 July 2024 were reserved for testing. The Box-Cox transformation and differencing were applied to the training 

dataset to satisfy the stationarity assumption. The estimated Box–Cox lambda value was 0.3681. As this value is close to 

0.5, a square root transformation was applied to stabilise the variance of the series. The ADF test was applied to the 

transformed training series and yielded a test statistic of −1.7786 (p = 0.6694), indicating that the series was non-

stationary. After first differencing, the ADF statistic was −5.5273 (p < 0.01), confirming that the differenced series was 

stationary and appropriate for ARIMA modelling. Figure 4 presents the ACF and PACF plots of the transformed non-

stationary training series. The ACF plot on the left shows a slow decay in autocorrelation values, indicating that the 

dataset is non-stationary. Meanwhile, the PACF plot on the right displays a significant spike at lag 1, with most subsequent 

lags falling within the significance bands. 
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Figure 4. ACF (left) and PACF (right) for the non-stationary training dataset 

First-order differencing was applied to stabilise the mean of the RON97 fuel price series by removing the trend present 

in the data. ARIMA model identification was then carried out using the autocorrelation function (ACF) and partial 

autocorrelation function (PACF) plots. Figure 5 shows the ACF and PACF plots after first differencing. The ACF displays 

significant spikes up to lag 2 followed by a gradual decay, suggesting a moving average component of order 2. The PACF 

shows significant spikes at lags 1 and 2, with the remaining lags within the confidence limits, indicating a possible 

autoregressive component of order 2. Based on these patterns, several ARIMA model specifications were identified for 

further evaluation. 

 
Figure 5. ACF and PACF plot training dataset after first differencing 

The most suitable model was determined based on the forecasting accuracy and model selection criteria, namely the 

Mean Absolute Percentage Error (MAPE), Akaike Information Criterion (AIC), and Bayesian Information Criterion 

(BIC). In general, lower AIC and BIC values indicate a better-fitting and more parsimonious model, as these criteria 

evaluate model adequacy while penalizing unnecessary model complexity [12]. As shown in Table 1, the ARIMA(2,1,0) 

model recorded the lowest AIC (-1124.80) and BIC (-1113.66) values among the candidate models, suggesting that it 

provided the best overall fit to the data. In terms of forecasting performance, both ARIMA(2,1,0)  and ARIMA(2,1,2) 

achieved the lowest MAPE value of 0.13% while ARIMA(1,1,1) and ARIMA(0,1,2) produced slightly higher MAPE 

values of 0.14%. Although the difference in forecasting accuracy was relatively small, the ARIMA(2,1,2) model 

contained several parameters that were not statistically significant, indicating that the model may be more complex than 

necessary. Therefore, ARIMA(2,1,0) was selected as the preferred forecasting model as it combined high accuracy with 

lower information criterion values and a more parsimonious model structure. The summary of parameter estimation and 

diagnostic checking results for the ARIMA model is presented in Table 1.       

Table 1. Summary of parameter estimation and diagnostic checking of ARIMA models 

Box-Jenkins 

Model 

Parameter Estimation 
AIC BIC 

p-value of Ljung-

Box Statistics 

MAPE in The 

Testing Set Coefficient p-value 

ARIMA 

(2,1,0) 

𝜑1 = 0.1928 

𝜑2 = 0.1714 

0.0001 

0.0007 
-1124.80 -1113.66 0.9408 0.13% 

ARIMA 

(1,1,1) 

𝜑1 = 0.7160 

𝜃1 = −0.5133 

0.0000 

0.0000 
-1123.49 -1112.35 0.8634 0.14% 

ARIMA 

(0,1,2) 

𝜃1 = 0.2009 

𝜃2 = 0.1919 

0.0000 

0.0000 
-1123.36 -1112.22 0.7343 0.14% 

ARIMA 

(2,1,2) 

𝜑1 = 0.8597 

𝜑2 = 0.1047 

𝜃1 = 0.4198 

𝜃2 = 0.4248 

0.8466 

0.0683 

0.3725 

0.3631 

-1121.60 -1103.06 0.8748 0.13% 
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Table 1 shows that both ARIMA(2,1,0) and ARIMA(1,1,1) models have statistically significant estimated parameters, 

as all p-values are below the 0.05 significance level. Furthermore, the Ljung–Box test p-values exceed 0.05, indicating 

that residual autocorrelation is not statistically significant and that both models are adequate. However, ARIMA(2,1,0) 

achieved lower AIC, BIC, and MAPE values than ARIMA(1,1,1), suggesting superior model fit, parsimony, and 

forecasting accuracy. To further assess predictive performance, the forecasted values from the testing period were 

compared with the corresponding observed values, as illustrated in Figure 6.  

 

Figure 6. Comparison of actual vs predicted RON97 fuel prices in Malaysia 

Figure 6 shows that the predicted RON97 fuel prices closely followed the actual prices, throughout the study period, 

indicating that the model performed well in capturing the overall movement of the data. Although slight delays can be 

observed during periods of price changes, the model was still able to reflect the general trend and short-term stability of 

the fuel prices. Based on the MAPE values in Table 1, the ARIMA(2,1,0) model achieved the lowest MAPE of 0.13%, 

making it the most suitable model for forecasting RON97 fuel prices. The ARIMA(2,1,0) model can be expressed as:  

1 2 3
1.1928 0.0214 0.1714

t t t t t
y y y y a

− − −
= − − +  (2) 

where 
ta  represents the random error term. The coefficient values were obtain from the estimated ARIMA(2,1,0) model 

using the R statistical software. After selecting the most suitable forecasting model, diagnostic checking was carried out 

to evaluate the adequacy of the residuals. Figure 7 presents the diagnostic plots for the residuals of the ARIMA(2,1,0) 

model. 

 

Figure 7. Diagnostic plots for the residuals from the ARIMA(2,1,0) model 
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The residual time series plot shows the residuals fluctuating randomly around zero, indicating no clear patterns or 

trends. The ACF plot and the histogram confirm the model's adequacy by showing no significant autocorrelations and a 

roughly normal distribution of the residuals, respectively. Since the model is adequate for time series forecasting, the next 

stage involved forecasting future RON97 fuel prices. In this study, a four-step ahead forecast after 25 July 2024 was 

generated using the ARIMA(2,1,0) model. Figure 8 illustrates the four-step ahead forecast results for RON97 fuel prices. 

The forecasted prices for the next four weeks were estimated to be approximately RM3.47, suggesting a relatively stable 

price trend throughout the forecast period.  

 

Figure 8. historical fuel prices and forecasted value plots for the ARIMA(2,1,0) model 

Based on Figure 8, the solid line represents historical fuel prices, while the blue point and the shaded area represent the 

forecasted value and its corresponding confidence interval, respectively. The narrow confidence intervals suggest a 

relatively high level of confidence in the model’s forecasts.  

4. Conclusions 

The findings showed that the ARIMA(2,1,0) model produced better forecasting performance than the ARIMA(1,1,0) 

model, as indicated by the lower MAPE value of 0.13%. Therefore, ARIMA(2,1,0) was selected as the most suitable 

model for forecasting weekly RON97 fuel prices in Malaysia. Since RON97 fuel prices in Malaysia are revised weekly, 

a four-week forecasting horizon was considered appropriate for short-term monitoring and planning. The forecasting 

results suggested that RON97 fuel prices would remain relatively stable throughout the forecast period. These findings 

may help policymakers, businesses, and consumers better understand short-term fuel price movements and support 

planning and decision-making activities. Overall, the study demonstrates that the Box-Jenkins approach can be effectively 

applied to forecasting fuel prices. Further studies may explore the incorporation of external factors or alternative 

forecasting approaches to improve accuracy.  
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