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ABSTRACT

This paper aims to forecast the performance of crude palm oil price (CPO) in Malaysia by comparing several econometric 
forecasting techniques, namely Autoregressive Distributed Lag (ARDL), Autoregressive Integrated Moving Average 
(ARIMA) and Autoregressive Integrated Moving Average with exogenous inputs (ARIMAX). Using monthly time series 
data spanning from 2008 to 2017, the main results revealed that ARIMAX model is the most accurate and the most 
efficient model as compared to ARDL and ARIMA in forecasting the crude palm oil price. The results also show that the 
spot price of palm oil is highly influenced by stock of palm oil, crude petroleum oil price and soybean oil price. The 
empirical findings provide some insights for decision making and policy implementations, including the formulation 
of strategies to help the industry in dealing with the price changes and thus enable the Malaysian palm oil industry to 
continue dominating the international market.
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ABSTRAK

Kertas ini bertujuan untuk meramal prestasi harga minyak sawit mentah di Malaysia dengan membandingkan beberapa 
teknik peramalan ekonometrik seperti kaedah auto regresif lat tertabur (ARDL), auto regresif purata bergerak (ARIMA) 
dan auto regresif purata bergerak berintegrasi dengan input eksogenous (ARIMAX). Dengan menggunakan data siri masa 
bulanan yang meliputi tahun 2008 hingga 2017, hasil kajian mendapati bahawa model ARIMAX adalah model yang paling 
tepat dan paling berkesan dalam meramalkan prestasi harga minyak sawit mentah di Malaysia berbanding dengan 
model ARDL dan ARIMA. Hasil kajian juga menunjukkan harga minyak sawit mentah dipengaruhi oleh stok minyak sawit, 
harga minyak petroleum mentah dan harga minyak kacang soya. Dapatan kajian ini memberikan beberapa implikasi 
penting kepada penggubalan dasar baharu bagi membantu industri sawit Malaysia untuk berdepan dengan kesan 
daripada perubahan harga minyak sawit mentah supaya industri ini terus teguh menguasai pasaran antarabangsa.

Kata Kunci: ARDL; ARIMA; ARIMA; peramalan; harga minyak sawit mentah

INTRODUCTION

The Malaysian palm oil industry plays an important role 
in the economic development as well as enhancing the 
country’s socioeconomic level. This has been proven by 
the contributions of Malaysian palm oil industry where, 
for example in 2015, it is the fourth largest contributor 
to the national income, accounting for RM63 billion 
of Malaysia’s Gross National Income (GNI). With the 
experience in the palm oil industry for over 100 years, 
Malaysia has a comparative advantage in the international 
market and thus becomes the market leader in terms 
of productivity and research and development (R&D). 

The government has planned and carried out various 
initiatives and frameworks in order to increase the 
domination of the Malaysian palm oil industry in the 
international market and therefore indirectly increase the 
country’s income. Besides being a vital income source, 
Malaysia Palm Oil Council (MPOC) also reported that the 
Malaysia palm oil industry provides major employment 
opportunity for 650,000 smallholders and labor, and a 
further 3 million people in Malaysia whose livelihood is 
dependent upon this industry.

In order to heighten the contribution of this industry, 
there are few fundamental factors that need to be 
managed. One of the factors is the price of crude palm 
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oil. This is important because price plays a major role in 
export activities where the revenues of the export will 
contribute to the national economic growth. Figure 1 
shows that the price of CPO fl uctuates over period. For 
example, in 1983, the price marks at RM2000/tonne, 
then it falls down to RM500/tonne in 1986. This scenario 
repeatedly happens along the time period and the gap 
of the price falls is quite big. Starting in 2008, the price 
trend shows a high volatility in which indicates the 
sensitiveness of palm oil prices to market changes. This 
fl uctuation trend also raises concern for those that dealing 
with risks and uncertainties in the oil palm business and 
may harm the income of smallholders and will further 
affect the country’s revenue. Therefore, it is crucial to 
understand the crude palm oil price behavior and its 
affecting factors. 

Therefore, understanding the theory of price is 
relevance in which it stated that price for any specifi c good 
or service is based on the relationship between supply and 
demand (Friedman 1962). The main goal of this theory is 
to achieve equilibrium in which the quantities of goods 
or services provided match the corresponding market 
desire and ability to acquire the good or service. Hence, 
the fl uctuations trend of Malaysian crude palm oil prices 
are due to the supply and demand factors. This is in line 
with the fi ndings by Abdullah and Wahid (2010) and Ab 
Rahman (2012) in which both studies found that supply 
and demand factors are crucial in understanding the 
fl uctuations of crude palm oil price. 

Past literature have identifi ed two main factors 
namely demand and supply side that affects the 
movement of crude palm oil price. Specifi cally, factors 
from demand side are, fi rst, price of other vegetable oils 
(Amiruddin et al. 2005; Kumar et al. 2014; Sehgal et al.
2013), second, the economic growth (Amiruddin et al. 
2005; Rosa & Vasciaveo 2008; Nazlioglu & Soytas 
2012), third, the exchange rates (Bui & Pippenger 1990; 
John 2007; Rosa & Vasciaveo 2008; Headey & Fan 

2008; Cespedes & Velasco 2012) and lastly, the price of 
crude petroleum oil (Abdullah & Wahid 2010; Nazlioglu 
& Soytas 2011). Interestingly, exchange rate is proved to 
be an important factor affecting the crude palm oil price. 
It is said that different regime of exchange rates gives 
different impact on the commodity prices. For instance, 
under the fl exible exchange rate regime, the nominal 
exchange rate is allowed to move freely in response to 
supply and demand conditions in the foreign exchange 
market thus the CPO also behaves accordingly. 

Meanwhile, the factors from the supply side are, 
fi rst, trade barriers (Hasan et al. 2001; Obado et. al. 2009; 
Kelly et al. 2014; Abdulla et al. 2014), second, weather 
or climate change (John 2007; Rosa & Vasciaveo 2008; 
Headey & Fan 2008; Ong 2017) and third, production 
of palm oil (Rahman 2012 & 2013). It is found that the 
trade barrier such as the implementation of export tax 
may have a negative effect to the price competitiveness 
in the global market. Therefore, it is crucial to handle 
the export tax efficiently in order to guarantee the 
stabilization of the price while ensuring the future 
profi tability. In terms of weather and climate change, 
the production of commodities could decline due to 
the adverse weather such as drought or fl ood in major 
producing and exporting countries. In some tropical 
climate countries like Malaysia and Indonesia, El Nino 
and La Nina phenomenon have possibly crippled the 
production of palm oil hence the price will be eventually 
increased due to adverse supply shock.

Furthermore, price forecasting is also important in 
order to ensure a stable future price and to help making 
wise decisions, therefore it is imperative to examine 
the determinants of price change, thus the fl uctuations 
in the price over time could be properly anticipated. 
However, looking at the forecasting techniques which 
have been used in the past studies, most researchers were 
still using the conventional forecasting techniques like 
exponential smoothing and Box-Jenkins method (Arshad 

FIGURE 1. Trend of Malaysia CPO Price
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& Ghaffar 1986; Shamsudin & Arshad 1991; Ab Rahman 
2012). Nevertheless, recent studies have used different 
forecasting techniques in which it yields more reliable 
findings. For example, Pektas and Cigizoglu (2013) 
and Catalano et al. (2016) has used multivariate ARIMA 
(ARIMAX) and Artificial Neural Networks (ANN) models 
in their forecasting studies. 

However, studies that focus on the behavior of palm 
oil price is quite limited in the case of Malaysia. Existing 
studies only consider a few variables in their research 
without considering other important variables that may 
have a big impact on palm oil price. Therefore, this 
present study tries to fill the gap by including relevant 
determinants such as total demand of palm oil, stock of 
palm oil, exchange rate as well as other substitution’s 
price oils such as price of soybean oil and crude petroleum 
oil price in order to understand the Malaysian crude 
palm oil price movement. Hence, in contrast to most 
of previous literatures that used univariate approach in 
forecasting palm oil price, this study uses multivariate 
approach in which several new explanatory variables 
are included in forecasting the movement of CPO. 
Furthermore, in order to forecast the crude palm oil price 
in the future, both conventional and new techniques are 
utilised. Results from each method are then compared to 
identify the best model in forecasting the crude palm oil 
price. This study is important since Malaysia is one of 
the major exporting country for palm oil, and therefore 
the result may provide some insight in ensuring the 
competitiveness of Malaysia’s palm oil sector in the 
global market. Relevant policy recommendations are 
then proposed based on the results to enhance export 
performance of Malaysian palm oil.

LITERATURE REVIEW

Time series forecasting is a major challenge in many 
real world applications especially in agricultural 
commodities. Numerous studies have been carried out 
in agricultural commodities based on forecasting such 
as on cocoa bean (Assis et al. 2010; Fatimah & Roslan 
1986), soybean oil (Gallagher 1987; Johnson 2014; 
Kenyon et al. 1993; Kumar et al. 2017), corn (Darekar 
& Reddy 2017a; Johnson 2014; Kenyon et al. 1993), 
grains (Darekar & Reddy 2017b; Marchezan & Souza 
2010) and cottons (Darekar & Reddy 2017c). According 
to Zabid and Abidin (2015), in the world’s oil and fats 
market, palm oil is one of the important agricultural 
commodities where both Indonesia and Malaysia are 
the top producing countries. However, the price of palm 
oil keeps fluctuating all over the time. Therefore, the 
accuracy of forecasting CPO is an important insight for 
the investors and government agencies in dealing with the 
associated risks and uncertainties (Arasim & Karia 2015; 
Karia et al. 2013). Hence, an appropriate model should 
be implemented in order to generate a reliable forecast 

for CPO which can be a direction for policy makers. 
Many aspects should be taken into consideration for 
selection of the methods which includes the availability 
of data, financial support for software, expertise, and 
accuracy of the model as well as the significance level 
(Dewi et al. 2011; Md Nor et al. 2014). There are various 
and different forecasting techniques that have been 
introduced to analyze the time series prediction. The 
forecasting approach can be divided into two categories 
which are statistical and artificial intelligence (AI) 
based techniques. Karia et al. (2013) use an Artificial 
Intelligence (AI) approach to forecast the CPO prices. This 
study also suggests that the utilization of the Artificial 
Neural Network (ANN) and Autoregressive Fractionally 
Integrated Moving Average (ARFIMA) models to predict 
the aforementioned parameter with increased accuracy. 
The study shows that the ANN gives out accurate result 
compared to ARFIMA’s. However, according to Karia and 
Bujang (2011), both models possess weakness where they 
require larger amounts of data. This issue is supported by 
Rahim et al. (2018) who state that excessive problems 
occur more frequently in neural network models compare 
to other traditional statistical models. 

Due to that, many researchers opt to employ the 
traditional statistical models to forecast the CPO price 
(Abdul Hamid & Shabri 2016; Ahmad et al. 2014; Dewi 
et al. 2011; Karia et al. 2013; Karia & Bujang 2011; Khin 
et al. 2013; Rahim et al. 2018; Zhang et al. 1999). Ahmad 
et al. (2014) use the traditional Box-Jenkins approach to 
forecast monthly CPO prices. Then, the Autoregressive 
Integrated Moving Average (ARIMA) is applied in finding 
the suitable time series to its past values but the results 
of the residuals are orthogonal and not normal. Also, it 
is found that there are serial correlations in the series 
and there are also problems in deciding the proper 
order of model identification stage of ARIMA, such as 
parameters and residuals from the fitted model. Thus, 
re-identification of a model becomes necessary because 
an incorrectly identified model gives rise to inaccurate 
estimations. Khin et al. (2013) attempt to explore which 
is the best comparative forecasting model between the 
VECM, MARMA and ARIMA based on the RMSE, MAE, 
RMPE and U-Theil criteria for the Malaysian monthly 
spot oil palm price. The result reveals that the MARMA 
is the most accurate and efficient model in forecasting 
the spot oil palm price. Besides that Abdul Hamid and 
Shabri (2016), use the ARDL model to compare it with 
ARIMA model. The data structure is modified to enable 
to compare the result from this experiment to an ARIMA 
model and found out that this model outperforms ARIMA 
model in term of forecasting accuracy. 

Furthermore, most of the previous studies focus on 
the factors affecting the palm oil prices (Ab Rahman 
et al. 2012; Asari et al. 2011; Hassan & Balu 2016; 
Mohammadi et al. 2015;). According to Ab Rahman et 
al. (2012), the error-correction model result shows that 
the changes in the lagged crude palm oil future prices 
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do effectively influence the changes in the spot price. 
Whereas, Hassan and Balu (2016) revealed that an 
increase in palm oil price will produce negative responses 
in soybean oil price, total export and production in the 
short-term. This study also suggests that the information 
on the trends of total production and total export of palm 
should be included in determining the palm oil price. 
This is in line with the study done by Asari et al. (2011) 
where the result shows that the production of palm oil in 
Malaysia can influence its price level. Besides that, the 
simulation result by Mohammadi et al. (2015) indicates 
that the Malaysian CPO price is significantly affected 
by the local CPO production as well as the soybean oil 
prices. It is also proven that an increase in the soybean 
price will push the CPO price further as the demand for 
CPO increases. Therefore, this study suggests that the 
need for forecasting the CPO prices will significantly 
facilitate the efficient decisions by the investors  
and policy makers.

RESEARCH METHODOLOGY

DATA AND VARIABLES

In order to forecast the prices for the Malaysian palm 
oil industry, a time series data are being employed in 
this study. In line with past studies such as Amiruddin 
et al. (2005), Rosa and Vasciaveo (2008), Abdullah and 
Wahid (2010), Nazlioglu and Soytas (2011) and Kumar 
et al. (2014), this present study include the following 
variables (see Table 1) that are expected to highly 
influenced the spot price of palm oil. The frequency of 
data set are monthly time series spanning from 2008 to 
2017 in which are collected from the Bloomberg database. 
All the variables are then expressed in terms of natural 
logarithms.

Autoregressive Distributed Lag (ARDL) Model

The ARDL model was developed by Pesaran and Shin 
(1995, 1999), Pesaran et al. (1996) and Pesaran (1997). 
Basically, an ARDL model is given as follows;

∆LSPPOt = ∝0 + 
p

Σ
i=1

ϕi∆LSPPOt–i + 
q

Σ
i=0

θi∆LTDPOt–i 

+ 
r

Σ
i=0

λi∆LSTPOt–i + 
s

Σ
i=0

γi∆LCPOt–i 

+ 
t

Σ
i=0
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u

Σ
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	 + δ4LCPOt–1 +δ5LREERt–1 + δ6LPSBOt–1 

+ υt 		  (1)

where, ∆ is first-difference operator and p, q, r, s, t, u are 
the optimal lag length. Then, the first step is to estimate 
the existence of a long-run relationship (cointegration) 
among the variables. The null hypothesis for no 
cointegration among variables in the equation (1) is H0: 
δ1 = δ2 = δ3 = δ4 = δ5 = δ6 = 0, against the alternative 
hypothesis H1: δ1 ≠ δ2 ≠ δ3 ≠ δ4 ≠ δ5 ≠ δ6 ≠ 0. If the 
estimated F-statistic value is found to exceed the upper 
limit critical value, the null hypothesis is rejected, in 
which a long-term relationship (cointegration) among 
the time series variables is established. On the other 
hand, if F-statistics is less than the lower bound critical 
value, this indicates the null hypothesis is failed to 
be rejected. In addition, if the value of the estimated 
F-statistic is between the lower limit and the upper limit, 
then it cannot be identified (inconclusive) whether there 
is a cointegration or not because the integral degree of 
integration of the variable is unknown.

If there is an evidence of a long-run relationship 
(cointegration) of the variables, then the long-run model 
is estimated as follows;

LSPPOt = ∝1 + 
p
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u
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For the last step, an ARDL specification of the short-
run dynamics will be derived by constructing an error 
correction model (ECM) of the following form:

∆LSPPOt = ∝2 + 
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Σ
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i=0
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+ ψECMt–1 + ϑt 	 (3)

TABLE 1.  Description of data

Variables Description
SPPO Spot Price of Palm Oil (MYR/Ton)
TDPO Total Demand of Palm Oil (‘000 Ton)
STPO Stock of Palm Oil (‘000 Ton)
CPO Crude Petroleum Oil Price (USD/Barrel)
REER Real Effective Exchange Rate (RM/USD)
PSBO Price of Soybean Oil (MYR/Ton)

ECONOMETRIC SPECIFICATION

In terms of methodology, this study uses three different 
methods to analyze the determinants of palm oil spot price 
and to forecast the spot price in the future. The details of 
each method are discussed as follows;
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where ECMt–1 is an error correction model that measures 
the speed of adjustment (ψ) in the direction of long-term 
equilibrium, which is the time taken by the dependent 
variable to converge to long-run equilibrium. In 
addition, ECMt-1 can also explain the long run causality 
between all explanatory variables on spot price of  
palm oil.

Autoregressive Integrated Moving Average (ARIMA) 
Model

Autoregressive Integrated Moving Average (ARIMA) 
model has been used extensively in time series analysis. 
The model has also been proven to be the most prominent 
method in financial forecasting, where it has efficient 
capability to generate the short-term forecast (Meyler 
et al., 1998; Pai and Lin, 2005; Merh et al., 2010). It 
has constantly outperformed other complex structural 
models with regards to the short-term prediction. In 
ARIMA model, the future value of a variable is a linear 
combination of past values and past errors. The ARIMA 
(p, q) model is expressed as follows;

Yt =	δ + α1Yt–1 + α2Yt–2 + ... + αpYt–p + εt – β2εt–1

	 + β2εt–2  + ... +βqεt–q	 (4)

where, Yt is the actual value, εt is the random error at 
time t, αt and βt are the coefficients, p and q are integers 
that are often referred to as autoregressive and moving 
average, respectively. 

Autoregressive Integrated Moving Average with 
exogenous input (ARIMAX) Model

An ARIMAX model is generalized from univariate 
Autoregressive Integrated Moving Average (ARIMA) 
model. The notation is given as ARIMAX (p, q, b), in which 
p are autoregressive terms, q are moving average terms 
and b are exogenous input terms. In the other words, an 
ARIMAX model is a linear regression model that includes 
exogenous or independent variable in the ARIMA type 
model for residuals. The model can be expressed as 
follows;

	 Yt = α0 + 
p

Σ
i=1

δiYt–i + 
q

Σ
i=1

θiεt–i + 
b

Σ
i=1

σiXt–i + εt 	 (5)

where, p, q and b are integer or autoregressive, moving 
average and exogenous variable respectively. Four main 
statistics can be derived from equation (5) namely Root 
Mean Squared Error (RMSE), Mean Absolute Error (MAE), 
Mean Absolute Percent Error (MAPE) and Theil inequality 
coefficients. These statistics are used to test the accuracy 
of the forecasting models.

The best forecasting model are chosen based on the 
smallest values of RMSE, MAE, MAPE and Theil coefficient. 
All four statistics are calculated as follows;

	 RMSE = √1
–
T

 ΣT
t=1(yt – ŷt)2	 (6)

	 MAE = 
1
–
T

 ΣT
t=1|yt – ŷt|	 (7)

	 MAPE = 
1
–
T

 ΣT
t | yt – ŷt–––––

yt
|	 (8)

	 Theil = 
[ΣT

t=1(ŷt – yt)2]1/2

–––––––––––––
[ΣT

t=1yt
2]1/2 	 (9)

where ŷ is the forecast value, y is the actual value in  
time t.

EMPIRICAL RESULT

DETERMINANTS OF PALM OIL PRICES

All variables are tested for their order of integration using 
Augmented Dickey-Fuller (ADF) and non-parametric 
Phillips-Perron (PP) test. The unit-root properties of 
the series are crucial for the cointegration and causality 
analysis. The results of unit-root tests are presented in 
Table 2. It is clear that the null hypothesis of a unit roots 
for LSPPO, LCPO, LREER and LPSBO at log-level based 
are failed to be rejected since the statistic values are 
all insignificant. However, at their first differences, the 
null hypothesis can be rejected as the statistic values are 
all significant at 1% significance level. This indicates 
that LSPPO, LCPO, LREER and LPSBO are stationary and 
integrated of order 1, or I(1). In the case of LTDPO, the 
null hypothesis of a unit roots at log-level base is rejected 
at the 1% significance level for both tests, in which 
indicates that the series of LTDPO is stationary at level 
or integrated of order 0, I(0). Therefore, it is found that 
all the variables tested is a mixture of I(0) and I(1) and 
consequently, the ARDL model can be used in estimating 
the baseline model.

Table 3 reports the results of cointegration test 
(long-run relationship) using the bound test. The choice 
of optimum lagged that used in the estimation model 
is determined by minimizing the Akaike Information 
Criterion (AIC). As can be seen in in Table 3, the calculated 
F-statistics is 3.92 which is higher than the upper bound 
critical value 3.79 at 5% significance level. This implies 
that the null hypothesis of no cointegration among the 
variables is rejected and thus, the existence of a long 
run relationship among the variables are confirmed. In 
the other words, these variables are moving together and 
would not move too far from each other in the long run. 
Moreover, it also shows that each independent variable 
plays a significant role in influencing the movement of 
palm oil spot price.

Table 4 shows the empirical result of the long run 
model in which obtained by normalizing on the spot price 
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of palm oil. The most significant variables that affect the 
price of palm oil (SPPO) are stock of palm oil (STPO) and 
crude petroleum oil (CPO). These are the two common 
factors that affecting the price of palm oil (Abdullah & 
Wahid 2010). The negative relationship between stock 
of palm oil and its price indicates that when the stock of 
palm oil is increasing, it will push down the prices of the 
palm oil. Moreover, the development in the petroleum 
sector and its impact on the environment has caused 
many countries to consider using alternative renewable 
energy, for example vegetable oils. Consequently, this 
created additional demand for vegetable oils, including 
palm oil. Therefore, if the price of petroleum decrease, 
it may discourage the government from implementing 

biodiesel using palm oil, in which will affect the demand 
and the prices in the market.

The result of the error correction model for price of 
palm oil is presented in Table 5. The error correction term 
(ECTt–1) for SPPO is found to be negative and statistically 
significant at 1% significance level, in which indicates 
the existence of the stable long-run equilibrium. The 
value of ECTt-1 (–0.192554) indicates that a deviation 
from the equilibrium level of palm oil price during the 
current period will be corrected by 19% in the next 
period and it takes about five years and two months to 
stabilize and to achieve the equilibrium when there is a 
shock. Diagnostic tests are also carried out and there are 
no evidence of serial correlation and heteroscedasticity 
effect in the disturbance terms. The model also passes 
the Jarque-Bera normality test in which suggests that 
the errors are identically and normally distributed (iid). 
In terms of stability, CUSUM and CUSUM square tests 
have been performed and the graphs plotted as shown 
in Figure 2 and Figure 3, in which indicate that the 
proposed model using ARDL(1,0,2,0,1,2) is stable.

FORECASTING THE FUTURE PRICES OF PALM OIL

The model specification was determined by looking 
at the autocorrelation function (ACF) and partial 
autocorrelation function (PACF) behavior as shown in 

TABLE 2.  Unit root test

Variables
ADF PP

Test Equation
I(0) I(1) I(0) I(1)

LSPPO
-2.3527 -7.9074*** -2.8926** -7.9378*** Constant
-2.2912 -2.8459 Constant with Trend

LTDPO
-5.9509*** -11.8119*** -4.4163*** -16.1745*** Constant
-5.9807*** -4.3755*** Constant with Trend

LSTPO
-3.4798** -8.0012*** -2.4727 -7.7969*** Constant
-3.4773** -2.4309 Constant with Trend

LCPO
-1.7969 -6.9362*** -1.5577 -6.8967*** Constant
-1.3739 -1.8943 Constant with Trend

LREER
-1.1368 -8.7282*** -0.9179 -8.5752*** Constant
-1.9547 -1.7621 Constant with Trend

LPSBO
-1.9889 -8.2103*** -2.3867 -8.2103*** Constant
-1.9243 -2.3884 Constant with Trend

 
Note: *, ** and *** indicates a significance at 10%, 5% and 1% respectively.

TABLE 3.  Bound cointegration test

F-statistics  Lag Significance 
Level

Bound 
Critical 
values

I(0) I(1)

3.92 
1% 3.41 4.68

(1,0,2,0,1,2) 5% 2.62 3.79
10% 2.26 3.35

Note: Bound critical values are based on Pesaran et al. (2001)

TABLE 4.  Long-run model

Dependent variables
Independent variables

LTDPO LSTPO LCPO LREER LPSBO

LSPPO –0.1738 –0.2938* 0.2609** –0.9024 0.2402

Note: *, ** and *** indicates a significance at 10%, 5% and 1% respectively.
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Table 6. Both ACF and PACF did not show any clear 
pattern, whether it is tails off or cuts off, so several 
simplest model using ARIMA(1,1,0) and ARIMA(0,1,1) 
are tested. Although both models are significant, the 
residuals are not white noise. The Q-statistics test for 
serial correlation and Q-squared statistic test for the 

presence of heteroscedasticity are both significant, in 
which indicates that the residual of the estimated model 
suffers from autocorrelation and heteroscedasticity 
problem. This result suggests that an ARIMA(1,1,0) 
and ARIMA(0,1,1) are inappropriate model to forecast 
the palm oil price. Then, various possible models are 
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TABLE 5.  ECM-ARDL cointegration

ECT(t-1) LM ARCH Jarque-Bera CUSUM

∆LSPPO
–0.1926 
(0.0001)

0.4326
(0.7847)

0.7212
(0.5796)

0.0012
 (0.9993) Stable 

Note:	 Value in the parenthesis indicates the p-values. ECT(t-1) is an error-correction term which measure the long-run relationship. LM is Lagrange 
multiplier for serial correlation test, ARCH is for heteroscedasticity test and JB is Jarque-Bera normality test. Null hypothesis for LM, ARCH 
and JB are the residuals are not serially correlated, residuals are homocedastic and residuals are normally distributed respectively. 
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estimated by increasing the lags and using an ARMA 
model. However, the AR and MA parameters are not 
signifi cant and the residuals are also found do not follow 
white noise behavior.

Then, an ARIMA (||1,5,6||,1,0) model as ACF is 
estimated and PACF is signifi cant at lag 1, 5 and 6. 
The coeffi cients of ARIMA (||1,5,6||, 1,0) model are 
all signifi cant and the value of log-likelihood is also 
higher than AR(1) model and MA(1) model, in which 
indicates that ARIMA (||1,5,6||,1,0) model may be an 
adequate model. To make sure that the model fi ts the 
data well, its adequacy is checked using the the residual 
diagnostic tests. Both Q-statistics and Q-squared 
statistics are insignifi cant, in which imply that the 
residuals of ARIMA (||1,5,6||,1,0) model are free from 
autocorrelation and heteroscedasticity problems. In 
other words, the residuals of ARIMA (||1,5,6||,1,0) 
model is white noise. Therefore, it is confi rmed that 
ARIMA (||1,5,6||,1,0) model is an appropriate model 
to forecast the spot price of palm oil. The ARIMA 
(||1,5,6||,1,0) model can be mathematically written 
as follows:

D(LSPPO)t = –0.003170
(0.6266)

 – 0.244461D(LSPPO)t–1
(0.0043)

 – 0.240360D(LSPPO)t–5
(0.0119)

 – 0.189751D(LSPPO)t–6
(0.0477)

 (10)

Note: value in parenthesis ( ) indicates a p-value.

For ARIMAX model, ARIMAX (||2||,1,||2||) is found 
to be the best model as the AR and MA parameters are 
statistically signifi cant and the residuals follow a white 
noise. Equation (11) represents ARMAX (||2||,1,||2||) 
model mathematically. Based on the equation (11), 
the price of soybean oil (LPSBO) is the most important 
variables in forecasting the spot price of palm oil as 
it is statistically signifi cant at 1% signifi cance level. 
According to Prasetyo et al. (2017), the soybean oil price 
reveals a strong infl uence towards crude palm oil exports 
as it holds the position as substitute of crude palm oil. 
This fi nding is in line with Prasetyo et al. (2017), where 
crude palm oil price is found to be strongly infl uenced 
by soybean oil price as both commodities are substitutes 
for each other. The high demand of soybean oil will be 
reduced if its price increases, leading to consumption 
switching to palm oil. Hence the import demand of 
palm oil will rise, causing the exporting countries such 
as Indonesia and Malaysia to increase their palm oil 
production. This shows that soybean oil is a long term 
competitor of palm oil. There are a few number of 
studies in which have highlights the issue of CPO price 
and soybean price. For example, study by Chuangchid et 
al. (2012), Kochaphum et al. (2013), and Talib & Darawi 
(2002) have found that there is a positive relationship 
between palm oil and soybean oil price.

D(LSPPO)t = –0.161259
(0.6110)

 – 0.022607LTDPOt
(0.6125)

 – 0.117215LSTPOt
(0.2016)

 + 0.028528LCPOt
(0.5795)

  + 0.335418LREERt
(0.3793)

 + 1.086882LPSBOt
(0.0000)

 – 0.894850D(LSPPO)t–2
(0.0015)

 + 0.845420εt–2
(0.0142)

 (11)

Note: value in parenthesis ( ) indicates a p-value.

To double check the compatibility and stability of 
the models chosen, an AR/MA roots graph have been 
plotted. The graphs are shown in Figure 4 and Figure 5 
. It could be concluded that the ARIMA (||1,5,6||,1,0) and 
ARIMAX (||2||,1,||2||) models are stable since the roots lies 
within a unit circle.

 In order to identify the best forecasting model among 
these three models, the forecasting accuracy needs to be 
performed. This study utilizes the value of Root Mean 
Squared Error (RMSE), Mean Absolute Error (MAE), Mean 
Absolute Percent Error (MAPE) and Theil inequality 
coeffi cient to test the accuracy of the forecasting model. 
The results are shown in Table 7. The model that has 
the lowest error value is said to be the best model for 
forecasting. Thus, based on the result in Table 7, ARIMAX 
model shows a smallest error value as compared to ARIMA 
and ARDL models. Finally, in order to confi rm our results, 
a graph using the three forecasting models is plotted 
against the actual values. Figure 6 shows that ARIMAX 
forecast value falls closer to the actual values as compared 
to ARIMA and ARDL models. Therefore, it is confi rmed 
that ARIMAX (||2||,1,||2||) is the most accurate and effi cient 
to forecast the spot price of palm oil.

SUMMARY AND CONCLUSIONS

This study has utilized three different methods in 
investigating the determinants of crude palm oil price 

TABLE 6. ACF & PACF
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and to forecast the crude palm oil price in future. Based 
on the result using ARDL model, the long run relationship 
among the variables is confirmed, in which revealed 
that all independent variables play a significant role in 

determining the movement or behavior of crude palm oil 
price. Interestingly, the result also shows that the most 
significant variables that affect the crude palm oil price 
are the stock of palm oil and the crude petroleum oil 
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FIGURE 4.  AR/MA roots graph for ARIMA (||1,5,6||,1,0)

FIGURE 5.  AR/MA roots graph for ARIMAX (||2||,1,||2||)
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price. This finding shows that palm oil has an advantage 
to be used in biodiesel production and has a potential 
to attract more consumers in the future. Therefore, the 
government and policy makers may use this information 
in order to enhance the growth of palm oil industry in 
the future.

For forecasting, ARIMAX model seems to be the 
best model to forecast the Malaysian palm oil price. The 
fluctuations of crude oil price may lead policy makers 
to alter their budgetary plans for more investment grants 
and incentives in the palm oil market. The ARIMAX results 
also indicate that the spot price of palm oil (SPPO) is 
highly influenced by the soybean oil price (PSBO). Thus, 
it is important to consider the relationship between palm 
oil and soybean oil market in order to design a prudent 
strategy to stabilize the palm oil price due to movement 
of soybean price.

Finally, the need for increasing research and 
development (R&D) and commercialization prospects 
of the palm oil industry in Malaysia is crucial due to the 
immense biotechnological advancement in the competing 

crops such as soybeans, and the subsidies provided by 
some of soybeans producing country have deteriorated 
the palm oil competitiveness in Malaysia. The problems 
that arise within the industry need to be resolved promptly 
so that the industry will continue to develop orderly. 
These actions are much needed by the oil palm industry 
to boost their productivity and efficiency as well as 
competitiveness.
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APPENDIX

TABLE 8.  Comparison of the performance of forecasting techniques

Value Error Test ARDL ARIMA ARMAX

RMSE 0.0635 0.2292 0.0411
MAE 0.0564 0.2099 0.0321

MAPE 0.7069 2.6268 0.4021
Theil’s 0.0040 0.0146 0.0026




