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ABSTRACT  
 
The outbreak of COVID-19 sent shockwaves through global markets, where the commodity markets were significantly affected. 
The main issue of the study highlights the scarcity of past studies on the link between COVID-19 and the volatility of crude palm 
oil futures (FCPO), intensified by Malaysia's rigorous lockdowns that disrupted supply networks and market sentiments, resulting 
in significant price changes throughout the pandemic. This study aims to fill this research gap by using the GARCH method to 
investigate the volatility of FCPO market during the COVID-19 pandemic. Daily time series data of FCPO from 1st March 2019 
to 31st December 2020 were used as the sample and divided into two subsample periods covering before and during COVID-19. 
This research displays unanticipated fluctuations in commodity market prices during crises, emphasizing volatility dynamics 
amidst external shocks. The results indicated that the GARCH (3,1) model effectively captured the volatility dynamics observed 
within the full sample period, while the GARCH (1,1) was the best model to explain FCPO volatility during pre- and post-COVID-
19. Further, COVID-19 had a positive and significant impact on the volatility of FCPO returns, implying that COVID-19 increased 
the volatility of the FCPO returns during the pandemic. 
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1 INTRODUCTION 
 
Volatility on a futures contract is a measure of how much the price of a futures contract fluctuates over time. In simple terms, it 
represents the extent of unpredictability to the future worth of the underlying asset (De Silva et al., 2017). Increased volatility 
implies a greater chance of rapid fluctuations in the futures contract prices, thereby increasing both risk and potential profitability 
for traders. On the other hand, lower volatility implies that the futures contract remains stable, making it less risky and potentially 
less profitable. Traders commonly use volatility estimates to determine optimal trading strategies and prudent risk management 
(Abdullah et al., 2023; Wan Suhaimi and Abdul Wahab, 2024). 

Crude Palm Oil Futures (FCPO) is a futures contract allowing investors to speculate or hedge on the expected future 
price of crude palm oil. FCPO serves as an essential commodity in Malaysia's economy. The price of FCPO traded on Bursa 
Malaysia Derivatives is determined by global demand and supply factors, including weather conditions, changes in consumer 
preferences, and global economic conditions (Isa et al., 2020). Rosemarie Khoo (2023) asserts that the FCPO market is crucial to 
Malaysia's economy, as the nation emerged as the second-largest global producer and exporter of palm oil in 2021. Malaysia 
generated roughly 20.1 million tonnes of palm oil, representing about one-third of global palm oil .  

Since its initial confirmed case in January 2020, Malaysia faced substantial impacts from the COVID-19 pandemic. This 
pandemic led the government to enforce various stringent measures such as lockdowns, travel limitations, and the compulsory use 
of face masks in public, all aimed at curbing the virus's transmission (Hashim et al., 2021). Malaysia's economy has been greatly 
affected by the pandemic, resulting in numerous businesses facing challenges in surviving due to decreased demand and disruptions 
in supply chains. Further, the global commodity markets, including the FCPO markets were not immune from the adverse impact 
of the COVID-19 pandemic (Sharif et al., 2020).  

Paolella (2019) stated that volatility clustering can be estimated using the Generalized Autoregressive Conditional 
Heteroscedasticity (GARCH) in time series observations. The persistence in the movement of FCPO prices during COVID-19 
remains an important issue, especially for stakeholders directly engaging with FCPO contracts. The reason behind this is 
attributable to the interconnectedness in the prices of commodities such as gold, oil, and wheat with significant events like financial 
crises, conflicts, and unfavorable weather circumstances (Siddiqui and Siddiqui, 2015). Looking at how volatility is measured can 
also help us to understand how markets interact with each other and how they affect each other (Abdullah et al., 2022).  
 fluctuations would remain within a reasonable range, and market participants would possess a clear expectation of the 
potential risks and uncertainties linked to the FCPO market. The incident of COVID-19 created an unanticipated impact on global 
financial markets and the commodity market. To date, there is a lack of empirical evidence investigating the effects of COVID-19 
on the FCPO movements in Malaysia. Most studies examined the volatility of stock markets using the GARCH approach (Ahmad 
et al., 2014; Haron and Ayojimi, 2015; Siddiqui and Siddiqui, 2015) while the least studies concentrated on commodity markets 
like FCPO (Khan et al., 2023; Rao, 2022; Yong et al., 2021). Given this limitation, the study is motivated to fill this research gap. 
During the pandemic, financial markets, including commodity markets like FCPO, could experience increased volatility due to 
market uncertainty, supply chain disruptions, demand shifts, and investor sentiment changes. The effectiveness of the GARCH 
method in modeling and forecasting the volatility of FCPO during the COVID-19 pandemic is very much needed by market 
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participants. Thus, this study aims to investigate the relationship between COVID-19 and FCPO volatility by achieving the 
following objectives:  
 

i. To measure the volatility of the FCPO in Malaysia using GARCH method for the overall period 
ii. To analyze the impact of the COVID-19 outbreak on the FCPO volatility. 

 
The first objective centers on quantifying the fluctuations in FCPO prices, which is essential for comprehending market stability. 
The Generalised Autoregressive Conditional Heteroskedasticity (GARCH) model is well-suited for this application as it adeptly 
captures time-varying volatility and volatility clustering that is commonly observed in financial markets. The study used the 
GARCH model to discern patterns, trends, and the extent of FCPO price volatility, thereby elucidating the fundamental market 
dynamics. The second objective examines the impact of the pandemic on FCPO price fluctuations. The second objective is achieved 
by employing a COVID-19 dummy variable and conducting a sub-period analysis, wherein the study sample is divided into two 
phases: pre-COVID-19 and post-COVID-19 periods. The COVID-19 pandemic introduced unparalleled hurdles, including supply 
chain delays and diminished demand resulting from strict lockdowns in Malaysia, coupled with increased market uncertainties. 
This study seeks to evaluate the degree to which the inclusion of COVID-19-related factors into the volatility model has intensified 
FCPO volatility. This analysis distinguishes pandemic-related impacts from typical market variations, providing essential insights 
for crisis management and improving market resilience. Collectively, these objectives enhance the understanding of FCPO 
volatility, particularly during exceptional events such as a worldwide pandemic. 
 
2 LITERATURE REVIEW 
 
2.1 VOLATILITY MODELLING 
 
The ARCH model was the first volatility model developed by Engle (1982). Later, the author identified a problem with the ARCH 
specification, highlighting the resemblance to a moving average model rather than an autoregressive specification. This insight led 
to the development of the inclusion of lags of conditional variance terms. To address the issue of higher-order ARCH, Bollerslev 
(1986) developed a revised model namely the generalized autoregressive conditional heteroskedasticity (GARCH model). The 
GARCH model expands the ARCH model by combining the prior squared errors and past variances to calculate the conditional 
variance. 

The GARCH model was further expanded by Engle et al. (1987) who created the risk-incorporating GARCH-in-mean 
(GARCH-M) model. This model effectively addressed heteroscedasticity in time series data by considering non-stationary 
variance. The model also effectively captured leptokurtosis (fat-tailed distributions) and volatility clustering, which refers to the 
pattern of alternating high and low volatility between periods. This model, however, could not account for the leverage effect, 
causing the return and volatility of a stock market to be negatively correlated (Ugurlu et al., 2014).  

GARCH models are extensively employed to assess volatility across various financial datasets. Khindanova et al. (2004) 
emphasized the importance of GARCH models in modeling volatility in financial data. Arouri et al. (2012) evaluated the efficacy 
of many GARCH models, including linear GARCH, GARCH with structural breaks, and FIGARCH, in modeling and predicting 
the conditional volatility of crude oil prices. The results indicate that the predicted outcomes do not robustly corroborate the 
existence of long memory identified during the in-sample period. The GARCH methodology demonstrates considerable efficacy 
in volatility estimation. Wang & Wu (2012) recognized the significance of the GARCH (1, 1) model despite rapid development in 
alternative models. This is due to the model's rapid convergence to a local maximum in quasi-maximum likelihood estimation, 
which is comparable to other multivariate approaches in terms of forecasting accuracy. Abdul Wahab and Mohd. Arif (2020) 
analyzed gold price volatility in Malaysia utilizing daily data from 2005 to 2008. The study examined the correlation between the 
2008 global financial crisis and gold volatility, revealing that the financial crisis had a positive impact on gold's volatility. These 
findings suggest that global crises may exert both positive and negative significant effects on the observed volatility. 

The study highlights the use of GARCH for FCPO modeling as a risk assessment tool relatives to other conventional 
methods such as standard deviation and value at risk (VaR), due to several reasons. First, GARCH measures the dynamic in time-
varying volatility (Bollerslev,1986) while the conventional standard deviation method measures static volatility. Second, GARCH 
method covers volatility clustering, an event where volatility tends to be elevated or diminished together at a specific time interval. 
This volatility clustering phenomenon is widespread in financial time series data. Its characteristics suit well with FCPO behavior 
since the series is very sensitive to financial shocks, political shifts, market sentiments, and specific events like COVID-19 (Haron 
and Ayojimi, 2015). Third, GARCH method can capture the endogeneity effect in the FCPO series, where current volatility is 
subjected to the interdependence in historical volatilities and residuals. In comparison, standard deviation measure ignores the 
historical interdependencies and neglects the weights to past volatilities and errors. Fourth, given the weights given to past 
observations in the GARCH model, it can calculate predictions for the future volatility value (Faldzinski et al., 2021). The 
forecasting ability in GARCH provides important inputs for proactive risk management and risk evaluation compared to the 
retrospective measure of standard deviation. Fifth, the GARCH method allows customization in the model, by integrating 
exogenous variables such as COVID-19 into the model and this kind of flexibility is not available in the standard deviation 
approach. Next, in terms of comparison between GARCH and value at risk (VaR), GARCH offers a relative advantage in 
addressing fat tail risk modeling which is evident during extreme price fluctuations. In contrast, the VaR method assumes normality 
in return distribution and tends to produce a biased estimation of extreme events, leading to inaccuracy in risk assessment. In 
summary, it can be concluded that GARCH method offers methodological advantages in FCPO volatility modeling since it can 
capture time-varying volatility, volatility clustering, and enhanced flexibility in allowing exogenous variables (i.e., COVID-19) in 
the estimation which is essential for addressing the objectives of the study. 
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2.2 COVID-19 AND MARKET’S VOLATILITY 
 
Ashaari et al. (2022) used multiple reports and findings during COVID-19 that highlighted the impact of the pandemic on palm oil 
sales, including sales figures, changes in demand, and the significant effects on the palm oil production industry. Due to the heavy 
reliance of the palm oil industry on the production and extraction of raw materials, maintaining its usual workflow became 
challenging during the pandemic. According to the analysis, they discovered that the COVID-19 outbreak significantly impacted 
Malaysia's palm oil plantations, resulting in the closure of some plants and labor shortages. These labor shortages, in turn, 
contributed to increased commodity prices. Consequently, the reduced stock levels led to higher prices for crude palm oil (CPO). 
Yong et al. (2021) investigated the relationship between COVID-19 and the volatility of the main stock market FBMKLCI using 
various GARCH models. The study revealed that Malaysian stock returns exhibited positive risk premiums calculated using 
GARCH-M (1,1), with a decrease in persistence for stock market returns during the pandemic. Additionally, Md Amir et al. (2022) 
also focusing on the FBMKLCI dataset where the study employed a paired t-test and found significant negative impacts from the 
emergence of COVID-19 on FBM-KLCI index prices.  

Zhang and Hamori (2021) examined the effects of the COVID-19 pandemic on crude oil markets and stock market 
returns and volatility in the United States, Japan, and Germany, utilizing data spanning from 2006 to 2020. Their findings indicated 
unpredictable effects on financial markets both in the short and long terms, highlighting the complex relationships between crude 
oil markets and stock markets during the pandemic. In the same vein, Shehzad et al. (2020) adopted the Asymmetric Power 
GARCH model to analyze stock market data from several countries, including the US and Japan, during the same period, and 
found significant adverse effects on market returns in these countries. The study also indicated that the pandemic affected the 
volatility of stock markets in Germany, the United States, and Italy, suggesting a significant link between COVID-19 and the 
financial crisis.  
 
2.3 FCPO VOLATILITY  
 
From January 1999 to May 2014, Ahmad et al. (2014) conducted a study using the monthly prices of Malaysian CPOs. The study 
used the ARIMA and GARCH models to analyze the time series data and model volatility. The study focused on several models 
and discovered that the hybrid ARIMA (2, 1, 0)-GARCH (3, 1) model fit Malaysian CPO prices. The model's residuals showed 
independence, zero mean, and were normally distributed. 

Megat Muainuddin & Abu (2021) used daily data on Malaysian CPO prices from March 2020 until May 2021. 
Forecasting commodity prices becomes a crucial aspect of the commodities industry, as it helps individuals, companies, and 
governments make informed investment decisions. In the context of this study, exponential smoothing models were utilized to 
analyze and forecast the price of CPO in Malaysia, specifically during the COVID-19 pandemic. The application of exponential 
smoothing models and numerical calculations yielded effective results in forecasting the CPO prices. Among the various models 
considered, the single exponential smoothing model demonstrated superior performance based on forecast evaluation measures. 
Considering this, it can be said that, among various exponential smoothing models, the single exponential model stands out as the 
most effective model for predicting CPO prices compared to others. 

Ahmed et al. (2019) used an unobserved components model instead of traditional ARCH and GARCH models. The study 
analyzed monthly data from January 1999 to December 2015, excluding the Asian financial crisis in 1997-1998 to ensure a more 
stable and representative timeframe. The findings suggest that FCPO exhibits a permanent behavior with a long-term trend, while 
the transitory component shows persistence and a yearly periodicity. The model effectively captured hidden patterns in FCPO's 
price time series, fitting the data satisfactorily for the sample period.  

Dutta et al. (2021) utilized data from the Oil Volatility Index (OVX) to assess the volatility of palm oil from May 10, 
2007, to December 31, 2018. The research employed the GARCH-jump model. This study examined the impact of fluctuations in 
the oil market on the Malaysian palm oil industry, a crucial sector for biodiesel production. The findings indicated that increased 
volatility in the oil market negatively impacted palm oil prices. The detrimental effects were particularly pronounced during the 
COVID-19 pandemic and the decline in oil prices in 2014. The study revealed that the relationship between oil market volatility 
and palm oil prices differed in upward and downward shifts, indicating that fluctuations in oil prices exerted distinct effects on 
palm oil prices.  

The study by Haron and Ayojimi (2015) aimed to analyze the volatility of Malaysian Crude Palm Oil (CPO) markets, 
highlighting its important implications for business sectors and policymakers. This research employed monthly data from 1995 to 
2014 on CPO and FCPO, utilizing the GARCH (1,1) model. The study revealed that Malaysian CPO commodity markets 
demonstrated consistent volatility, particularly notable during the Asian financial crisis (1997-1998) and the global financial crisis 
(2007-2008).  

In summary, FCPO has demonstrated an enhanced level of volatility persistency due to abrupt changes in the market 
driven by financial crises or market disturbances from pandemics, market speculation, supply-demand shifts, and many more. The 
market’s reaction to these changes has sparked heightened uncertainties in the market including commodity markets like FCPO. 
The information on the association between COVID-19 and FCPO movements provides informed decisions to business 
communities to take appropriate steps in mitigating losses in a volatile market.  
 
3 METHODOLOGY 
 
3.1 DATA COLLECTION 
 
The study utilized daily closing prices of FCPO futures contracts, sourced from investing.com. It involved an analysis of two 
distinct periods: a pre-pandemic period spanning from March 1, 2019, to January 31, 2020, and a during-pandemic period covering 
February 1, 2020, to December 31, 2020. Following to Haron and Ayojimi (2015), the daily indices were transformed into 
logarithmic differences, as shown in Table 1. The impact of COVID-19 on the volatility of FCPO was assessed using a dummy 
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variable where the dummy value was assigned as ‘1’ during the COVID-19 period and a ‘0’ value was assigned for the period 
before the COVID-19 event. 
 

Table 1 
 

Name of Variable Explanation 
Returns of FCPO The daily percentage change in FCPO prices is calculated as:  

𝑟𝑟𝑡𝑡 = 100 ∗ 𝑙𝑙𝑙𝑙 � 𝑆𝑆𝑡𝑡
𝑆𝑆𝑡𝑡−1

�, where St is the closing price at t. 
COVID-19 COVID-19 event is represented as a dummy variable. 

Dummy = �1,𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
0, 𝑜𝑜𝑜𝑜ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒  

 
3.2 DATA ANALYSIS 
 
3.2.1 STATIONARY TESTS 
 
Ensuring stationarity in the mean series is crucial for accurate ARIMA modeling of FCPO returns, as it ensures a constant average 
behavior. The Augmented Dickey-Fuller (ADF) test is a stationary statistical tool used in this study to determine whether the FCPO 
return exhibits a unit root. The equation for ADF is given as below;  
 
                                                                                     ∆𝑌𝑌𝑡𝑡 = 𝛼𝛼 + 𝛾𝛾𝑌𝑌𝑡𝑡−1 + ∑ 𝐵𝐵𝑖𝑖∆𝑦𝑦𝑡𝑡−1

𝑝𝑝
𝑖𝑖=1 + 𝑒𝑒𝑡𝑡                                             (1) 

 
Table 2 

 
Variable  Description 

𝛼𝛼 The intercept term as the ADF test includes the intercept term based on the return 
graph. 

𝛾𝛾 The coefficient associated with the lag FCPO return (𝑌𝑌𝑡𝑡−1 ), captures any 
autoregressive behavior. 

�𝐵𝐵𝑖𝑖∆𝑦𝑦𝑡𝑡−1

𝑝𝑝

𝑖𝑖=1

 
The sum of first difference lags of the FCPO return series, capturing the presence 
of any autoregressive components. The number of lags p is determined by 
Aikake’s information criterion (AIC) and Schwarz information criterion (SIC). 

𝑒𝑒𝑡𝑡 The residual term represents the error or noise in the model. 
 
The series is stationary if the ADF test shows statistical rejection of the null hypothesis at a 5% significance level. The hypotheses 
are as follows; 
 
𝐻𝐻0: 𝛾𝛾 = 0  (There is a unit root, non-stationary)  
𝐻𝐻𝑎𝑎: 𝛾𝛾 < 0  (There is no unit root, stationary) 
 
To select the number of lags to be included in the ADF test, information criteria such as SIC and AIC are used and presented as 
follows: 
                                                                                  𝑆𝑆𝑆𝑆𝑆𝑆 = 𝑘𝑘

𝑛𝑛
ln(𝑛𝑛) + ln �𝑆𝑆𝑆𝑆𝑆𝑆

𝑛𝑛
�                                              (2) 

                                                                                     𝐴𝐴𝐴𝐴𝐴𝐴 = 2𝑘𝑘
𝑛𝑛

+ ln �𝑆𝑆𝑆𝑆𝑆𝑆
𝑛𝑛
�                               (3) 

 
where SSE denotes the sum of squared errors, n is the number of observations in the time series, and k is the number of parameters 
in the ADF test equation (including the lag order). The AIC and SIC results guide the selection of the appropriate lag order for the 
ADF test. 
 
3.2.2 MEAN EQUATION MODELING 

Before the GARCH estimation, it is necessary to determine a mean equation for the series so that the residual series can be 
generated as an input for the GARCH estimation (Ahmad et al. 2014; Abdul Wahab and Mohd Arif, 2020; Haron and Ayojimi 
(2015)). To estimate the mean series of FCPO returns, an ARIMA model was applied to the daily return data. The ARIMA (p, d, 
q) model is specified as below; 
 

• p represents the autoregressive order, representing the number of lags of the variable 
• d stands for the differencing order to achieve stationary series,  
• q denotes the moving average order, representing the number of lags of the error term 

 
 
 
 
 



South East Asia Journal of Contemporary Business, Economics and Law, Vol. 33, Issue 1 (Dec)                                                                               
ISSN 2289-1560  2024 

 

 67 

 
 

AR(p) can be expressed as 
                                                              𝑦𝑦𝑡𝑡 =  𝛿𝛿 + Φ1𝑦𝑦𝑡𝑡−1 + Φ2𝑦𝑦𝑡𝑡−2+. . +Φ𝑝𝑝𝑦𝑦𝑡𝑡−𝑝𝑝 + 𝜇𝜇𝑡𝑡                (4) 

MA(q) can be expressed as 
                                                              𝑦𝑦𝑡𝑡 = 𝛿𝛿 + 𝜇𝜇𝑡𝑡 −  𝜃𝜃1𝜇𝜇𝑡𝑡−1 − 𝜃𝜃2𝜇𝜇𝑡𝑡−2−. .−𝜃𝜃𝑞𝑞𝜇𝜇𝑡𝑡−𝑞𝑞                (5) 

A combination of AR and MA as ARMA (Mixed autoregressive-moving average of order (p, q) can be expressed as 
                                                            𝑦𝑦𝑡𝑡 = 𝛿𝛿 + 𝜇𝜇𝑡𝑡 + ∑ 𝛷𝛷𝑖𝑖𝑦𝑦𝑡𝑡−𝑖𝑖

𝑝𝑝
𝑖𝑖=1 − ∑ 𝜃𝜃𝑗𝑗𝜇𝜇𝑡𝑡−𝑗𝑗

𝑞𝑞
𝑗𝑗=1                                  (6) 

 
where  
 
yt =  The differenced time series at time t  
δ = constant term,  
Φi = autoregressive parameter of order i,  
θj = moving average parameter of order j, 
 μt = residual at time t.   
 
3.2.3 VOLATILITY MODELING 
 
For objective 1, ARCH-GARCH modeling enables us to capture the evolving volatility dynamics, including volatility clustering, 
effectively. Several ARCH-GARCH family models were used to capture the volatility properties in FCPO returns comprising 
ARCH(q), GARCH(p,q), TGARCH, and EGARCH. The properties of each model will be explained accordingly. 
 
3.2.3.1 ARCH(Q) USING ARCH(LM) TEST 

Prior to GARCH model estimation, it is essential to have a stationary return for the FCPO. The heteroscedasticity test is used to 
identify the ARCH effects in the data. The ARCH-LM test statistic follows a chi-squared distribution with q degrees of freedom. 
If the ARCH-LM test statistic is significant, it means that ARCH effects are present in the residuals. This means that disturbances 
are having non-constant variances and ARCH and GARCH models can be used in pricing volatility (Yong et al., 2021; Ahmad et 
al., 2014). The ARCH is explained as follows; 

 
𝑦𝑦𝑡𝑡 = 𝛿𝛿 + 𝜇𝜇𝑡𝑡 + ∑ 𝛷𝛷𝑖𝑖𝑦𝑦𝑡𝑡−𝑖𝑖

𝑝𝑝
𝑖𝑖=1 − ∑ 𝜃𝜃𝑗𝑗𝜇𝜇𝑡𝑡−𝑗𝑗

𝑞𝑞
𝑗𝑗=1   (mean equation)    (7)         

             
𝜇𝜇𝑡𝑡 |Ω𝑡𝑡 − iid N(0, ℎ𝑡𝑡) 

 
       ℎ𝑡𝑡 = 𝛾𝛾0 + 𝛾𝛾1µ𝑡𝑡−12 +. . +𝛾𝛾𝑞𝑞𝜇𝜇𝑡𝑡−𝑞𝑞2 + 𝑒𝑒𝑡𝑡         (8) 

where 
ht = conditional variance 
μt−12 = squared errod term at time − 1 
 
The hypotheses to test the presence of the ARCH effect are as follows; 
 
H0: FCPO returns do not exhibit ARCH effect  
Ha: FCPO returns exhibit ARCH effect   
 
3.2.3.2 GARCH (p,q) 
 
The GARCH (p,q) model captures both the lag of ARCH component and the lag of the conditional variance component (GARCH) 
(Haron and Ayojimi, 2015; Abdul Wahab and Mohd. Arif, 2020). The general specification for GARCH (p,q) model is as follows: 
 

                                                𝑦𝑦𝑡𝑡 = 𝛿𝛿 + 𝜇𝜇𝑡𝑡 + ∑ 𝛷𝛷𝑖𝑖𝑦𝑦𝑡𝑡−𝑖𝑖
𝑝𝑝
𝑖𝑖=1 − ∑ 𝜃𝜃𝑗𝑗𝜇𝜇𝑡𝑡−𝑗𝑗

𝑞𝑞
𝑗𝑗=1   (Mean equation)                           (9) 

 
𝜇𝜇𝑡𝑡 |Ω𝑡𝑡 − iid N(0, ℎ𝑡𝑡) 

 
                                                             ℎ𝑡𝑡 = 𝛾𝛾0 + ∑ 𝛾𝛾𝑖𝑖𝜇𝜇𝑡𝑡−𝑖𝑖2𝑝𝑝

𝑖𝑖=1 + ∑ 𝛿𝛿𝑗𝑗𝜎𝜎𝑡𝑡−𝑗𝑗2𝑞𝑞
𝑗𝑗=1             (10) 

 
where 
μt−i2 = squared errod term from previous time up to lag p. 
σt−j2 = conditional variance term from previous time up to lag q. 
 
3.2.3.3 TGARCH 

The threshold model introduces a threshold parameter that captures the asymmetric effect of positive (good news) and negative 
(bad news) shocks on volatility. An interactive dummy variable is introduced to examine if there is a significant variation in 
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volatility during periods of negative shocks, specifically in the context of the COVID-19 period (Yong et al., 2021). TGARCH 
model is presented as follows;  

                                                                           ℎ𝑡𝑡 = 𝛾𝛾0 + 𝛾𝛾𝜇𝜇𝑡𝑡−12 + 𝜃𝜃𝜇𝜇𝑡𝑡−12 𝑑𝑑𝑡𝑡−1 + 𝛿𝛿ℎ𝑡𝑡−1                                            (11) 
 
The dummy variable, (𝑑𝑑𝑡𝑡) is defined as 1 when 𝜇𝜇𝑡𝑡 (the shock) is less than 0, representing 'bad news', and 0 otherwise, representing 
'good news'. This allows us to examine the varied impacts of 'good news' and 'bad news'. Specifically, 'good news' is captured 
through coefficient γ, while the impact of 'bad news' is measured through γ + θ. If the value of θ is significant, it indicates 
asymmetry, meaning that the effect of 'bad news' is different from that of 'good news'. On the other hand, if θ is insignificant, it 
suggests that the news impact is symmetric (both good and bad news have identical effects) (Yong et al., 2021; Abdul Wahab and 
Mohd. Arif, 2020). 
 
3.2.3.4 EGARCH 
 
The exponential GARCH (EGARCH) model is formulated to account for the leverage effect, signifying that negative returns 
cause a greater influence on volatility than positive returns (Yong et al., 2021; Abdul Wahab and Mohd. Arif, 2020). The 
EGARCH specification is defined as; 
 

                                          log(ℎ𝑡𝑡) = 𝛾𝛾 + ∑ 𝜍𝜍𝑗𝑗 �
𝜇𝜇𝑡𝑡−𝑗𝑗
�ℎ𝑡𝑡−𝑗𝑗

� + ∑ 𝜉𝜉𝑗𝑗
𝜇𝜇𝑡𝑡−𝑗𝑗
�ℎ𝑡𝑡−𝑗𝑗

+ ∑ 𝛿𝛿𝑖𝑖 log(ℎ𝑡𝑡−𝑖𝑖)
𝑝𝑝
𝑖𝑖=1

𝑞𝑞
𝑗𝑗=1

𝑞𝑞
𝑗𝑗=1                          (12) 

 
where γ, the ζ s, ξ s, and δs are parameters to be estimated.  If ξ1 = ξ2 = ··· = 0, then there is no asymmetric effect. When ξj < 0, 
positive shocks (good news) produce less volatility than negative shocks (bad news). 
 
 
3.2.4 IMPACT OF COVID-19 OUTBREAK ON THE VOLATILITY OF THE FCPO 

For objective 2, the study incorporated a dummy variable into the GARCH(1,1) model. The adoption of a dummy variable in the 
GARCH model to effectively capture the effect of a specific event has been widely used in past studies (Abdul Wahab and Mohd. 
Arif, 2020). The COVID-19 dummy was used to evaluate whether there was a statistically significant difference in FCPO volatility 
between the COVID-19 period and other periods. The specification is presented as below; 

 
                                                                ℎ𝑡𝑡 = 𝛾𝛾0 + 𝛾𝛾1𝜇𝜇𝑡𝑡−12 + 𝛿𝛿1𝜎𝜎𝑡𝑡−12 +  𝛽𝛽𝐷𝐷𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐                             (13) 
 

                                                                                               𝐷𝐷𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 �
1,𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐

0, 𝑜𝑜𝑜𝑜ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒  

 
The hypotheses to determine the statistical significance of the relationship between COVID-19 and the FCPO volatility are as 
follows; 
 
H0: 𝛽𝛽 = 0 (The COVID-19 dummy variable has no significant effect on the volatility of FCPO returns). 
Ha: 𝛽𝛽 ≠ 0 (The COVID-19 dummy variable has a significant effect on the volatility of FCPO returns). 
 
In addition to the dummy variable, the study also conducted a sub-period analysis, where the whole sample was split into pre-
pandemic and post-pandemic periods where volatility analysis of FCPO was conducted independently. This method provides 
valuable information on the behavior of FCPO where GARCH parameters might vary between the two periods. For the robustness 
check, the GARCH models' performance was assessed using goodness-of-fit statistics such as AIC, SIC, Hannan-Quinn 
Information Criterion (HQC), and Sum Square Error (SSE) (Abdul Wahab and Mohd. Arif, 2020). 
 
4 RESULTS AND DISCUSSION 
 
4.1 DESCRIPTIVE STATISTIC 
 
Figure 1 illustrates that there was a linear positive trend in the FCPO price data. The FCPO index experienced a sharp decline in 
May 2020, coinciding with the onset of the COVID-19 pandemic, which was subsequently followed by a price rebound. Descriptive 
statistics in Table 3 show a positive mean for FCPO returns across all periods, with the lowest before the pandemic. Notably, 
during the pandemic, there's an elevated standard deviation, indicating that the fluctuations increased during the COVID-19 
pandemic. Negative skewness decreases, suggesting a shift from frequent small gains to significant losses, resembling a market in 
financial distress. The statistically significant Jarque–Bera statistic indicates that the returns deviate from a normal distribution in 
terms of kurtosis and skewness. This signifies the presence of volatility clustering and leptokurtic (kurtosis above 3), and GARCH 
modeling can handle both of these properties in the series. The finding is consistent with Haron and Ayojimi (2015). 
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Figure 1: Daily Malaysia FCPO Prices from March 2019 to December 2020 
 

 
 

Table 3: Descriptive statistics of FCPO return 
  

Descriptive statistics Before COVID During COVID Full Sample 
 Mean 0.142063 0.171632 0.156847 
 Median 0.078947 0.334277 0.173896 
 Maximum 5.177861 5.090157 5.177861 
 Minimum -10.25156 -8.044308 -10.25156 
 Std. Dev. 1.632432 2.046666 1.849178 
 Skewness -0.699955 -0.453029 -0.540729 
 Kurtosis 10.06175 3.620044 5.744281 
 Jarque-Bera 488.0478 11.35082 163.8619 
 Probability 0 0.003429 0 
 Observations 226 226 452 

 
4.2 UNIT ROOT TEST 
 
We used the Augmented Dickey-Fuller test to examine the stationary features of FCPO returns before COVID-19 and throughout 
the entire sample period. Table 4 displays the results. The test showed statistically significant results at the 5% level, which means 
that the returns for all FCPO periods during the COVID-19 pandemic were stable, which means there were no issues with the first-
order autocorrelation problem. Consequently, the ADF test rejected the null hypotheses, confirming the stationary nature of the 
return series data. The finding corresponds with Haron and Ayojimi (2015). 
 

Table 4: Augmented Dickey-Fuller Unit Root Test on the Return of the FCPO 
 

FCPO  
Augmented Dickey-Fuller Test (ADF) Level with Intercept 

𝛾𝛾 T-Statistics Prob. Value 

Period before COVID -0.9976 -15.0123 0.0000 

Period during COVID -0.9370 -14.0270 0.0000 

Full sample period -0.9617 -20.4733 0.0000 
 
4.3 ARCH AND ARCH-LM TEST 
 

Table 5: Testing for ARCH effects 
 

ARCH-LM STATISTIC FCPO RETURN 
Period before COVID Period during COVID Full sample 

ARCH (1) 7.426242 (0.0064) * 0.88115 (0.3479) 3.630137 (0.0567)     
ARCH (2) 8.720498 (0.0128) * 1.88669 (0.3893) 4.364227 (0.1128)     
ARCH (6) 9.2841 (0.1582) 14.45465 (0.0249)* 18.60972 (0.0049)* 
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Table 5 displays the ARCH-LM test results for ARCH (1), ARCH (2), and ARCH (6). The null hypothesis that ARCH (6) has a 
consistent variance was ruled out with p-values of 0.0249 and 0.0049, which were less than 5% significance level. This was true 
for both during and in full sample statistics. Before COVID-19, the null hypothesis was rejected only at ARCH (1) and ARCH (2) 
with p-values of 0.0064 and 0.0128, respectively, at a 5% significance level. Consequently, all periods of FCPO returns displayed 
heteroscedasticity (non-constant variance problem). This result conforms with other studies on the stock and commodity markets 
where these studies exhibited ARCH effects in three sub-sample periods during COVID-19 or other global financial crises (Abdul 
Wahab and Mohd. Arif 2020; Khan et al., 2023; Rao, 2022; Yong et al., 2021). 
 
4.4 GARCH ANALYSIS (FULL SAMPLE) 
 
Based on the performance indicators in Table 6, GARCH (3,1) emerges as the preferred model for the full sample, compared to 
GARCH (1,1) and GARCH (3,3). GARCH(3,1) demonstrated the lowest AIC and SIC values along with the SSE value, indicating 
a superior balance between model fit and simplicity. Hence, GARCH (3,1) serves as the GARCH base model. Previous findings 
(Ahmad et al., 2014) support this, concluding that the GARCH (3,1) model best suited Malaysian FCPO prices. This base 
GARCH(3,1) was used as the benchmark for the asymmetric GARCH model and COVID-19 analysis. We used unobserved spikes 
in SAC and SPAC at a 5% significance level to find the mean equations for all three samples (before, during, and full samples). 
Thus, ARIMA models for all three scenarios were ARIMA (0,0,0). 
 

Table 6: Performance Indicator for GARCH (p,q) on full sample period 
 

 Performance indicator 
 Akaike info criterion Schwarz criterion Hannan-Quinn criter. SSE 
GARCH (1,1) 4.0192 4.0556 4.0335 1.8511 
GARCH (1,2) 4.0233 4.0688 4.0412 1.8510 
GARCH (1,3) 4.0276 4.0822 4.0491 1.8509 
GARCH (2,1) 4.0232 4.0687 4.0411 1.8510 
GARCH (2,2) 4.0276 4.0822 4.0491 1.8510 
GARCH (2,3) 4.0091 4.0728 4.0342 1.8500 
GARCH (3,1) 4.0029 4.0545 4.0544 1.8494 
GARCH (3,2) 4.0349 4.0986 4.0600 1.8495 
GARCH (3,3) 4.0247 4.0975 4.0534 1.8505 

 
4.5 GARCH VARIATION 
 
According to the results in Table 7, all of the ARCH and GARCH coefficients of GARCH (3,1) were significant at a 5% level. 
The sum of the Gamma + Delta coefficient recorded 0.6317, indicating a moderate level of persistence in volatility. The summation 
of the Gamma plus Delta coefficient was less than zero, indicating that it does not violate the stationary properties, where the sum 
of the ARCH and GARCH coefficients must be less than one (Paolella, 2019; Ahmad et al., 2015). 

After running the asymmetric regression test (TGARCH (3,1)), the θ coefficient returned as 0.1483. This was statistically 
significant, with a p-value of 0.0229, which was less than the 5% level. The positive value of the coefficient could indicate that a 
1% increase in bad news would increase the volatility of the return by 14.83%. Since this model is significant, it does show the 
presence of an asymmetric effect in the volatility dynamics suggesting that bad news has a stronger effect than good news for the 
full sample period. In the case of EGARCH (3,1) the ζ coefficient was negative -0.05984 and significant at a 5% level which means 
that the one percent increase in good news coefficient will reduce the volatility return by 5.98%. However, the summation of the 
Gamma and Delta coefficients exceeds 1 and violates the stationary condition. Thus, the EGARCH result is not suitable for the 
comparison between the symmetric and asymmetric GARCH models. 
 

Table 7: Symmetric and Asymmetric GARCH variation 
 

Full Sample       
Variance models GARCH (3,1) T-GARCH (3,1) E-GARCH (3,1) 
Mean equation                                            Coefficient  p-value  Coefficient  p-value  Coefficient  p-value 

C 0.1832 0.0212 0.1637 0.0525 0.2348 0.0057 
Variance equation           

C 1.3195 0.0001 1.0764 0.0076 -0.0504 0.1348 
ARCH(-1) (γ-1) 0.0247 0.0364 -0.0768 0.0694 0.0057 0.9457 
θ   0.1483 0.0229   
ARCH(-2) (γ-2) 0.0322 0.0095 0.0446 0.5547 0.2511 0.115835 
ARCH(-3) (γ-3) 0.2506 0.0001 0.1804 0.0178 -0.1209 0.3951 
ζ   -0.05984 0.019942 
GARCH(-1) (δ-1) 0.3242 0.0133 0.4337 0.0069   
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LOG (GARCH(–1))     0.9509 0.0000 
GAMMA (γ) + DELTA (δ) coefficients 0.6317  0.5819  1.0868  

Performance indicator           
AIC 4.0029 4.02512  4.0119 
SIC 4.0545 4.08883 4.0756 
HQC 4.0544 4.05022 4.0370 
SSE 1.8494 1.84919 1.8508 

 
4.6 IMPACT OF COVID-19 ON THE FCPO VOLATILITY 
 
This section addresses the findings for the second research objective of the study. One should note that objective 2 involved two 
types of analysis, where the first one involved the use of a dummy variable in the GARCH specification while the second one 
involved the sub-period analysis. Table 8 shows that the dummy variable coefficient for COVID-19 was positive (i.e., 1.11805), 
which means that the COVID-19 variable is linked to FCPO volatility. The p-value of 0.0283, which is less than 0.05, suggests 
that the dummy variable significantly influences the volatility of FCPO returns. This aligns with the observation that the pandemic 
caused significant disruptions across global markets, supported by research that COVID-19 has a positively significant impact on 
stock market return volatility (Yong et al., 2021) 
 

Table 8: COVID-19 as a dummy variable on the best GARCH model on the full sample period 
 

Variance models    

Mean equation   Coefficient p-value    

C 0.1900 0.0163   

Variance equation GARCH(3,1)    Performance indicator   
C 1.5949 0.0000 Akaike’s info criterion 4.023234382 
ARCH(-1) (γ-1) 0.0221 0.4043 Schwarz criterion 4.086941849 
ARCH(-2) (γ-2) 0.0569 0.4514 Hannan-Quinn criter. 4.04833927 
ARCH(-3) (γ-3) 0.2722 0.0000 SSE 1.849476533 
GARCH(-1) (δ-1) 0.0541 0.7159   

DUMMY 1.1181 0.0283   
 
4.7 ARCH GARCH RESULTS AND DISCUSSION (BEFORE AND DURING COVID-19 SAMPLE) 
 
Table 9 provides the sub-period analysis for volatility models of FCPO returns covering pre-COVID-19 and middle COVID-19 
periods. Both periods demonstrated significant ARCH and GARCH parameters, with p-values less than 0.05. However, the ARCH 
coefficient turned negative (-0.0659) during the COVID-19 period, which might suggest a different response to past shocks. This 
phenomenon is associated with the findings of Yong et. al. (2021). The GARCH coefficient, on the other hand, also remains 
significant during the pandemic but with a reduced magnitude, indicating a weaker persistence in volatility. Then the sum of the 
GAMMA plus DELTA coefficient for all GARCH models across two periods is lower than one, which satisfies the stationary 
conditions. 

Moving onwards to the asymmetric GARCH model, both TGARCH and EGARCH parameter coefficients in both 
periods were statistically significant except for the during sample period of the TGARCH (1,1) result, which means that FCPO 
returns still exhibited a leverage effect. Both before and during the pandemic, there were positive θ coefficients (θpre-COVID-

19=0.7094; θpost-COVID-19=0.048), indicating that bad news generated more volatility than good news, which shows the presence of 
the asymmetry effect. This is clear from the EGARCH (1,1) cases, where both times had negative ζ coefficients. This is because 
good news had a smaller impact on the volatility of FCPO returns than bad news. This interpretation reflects that higher market 
stress and greater unpredictability of volatility patterns during the COVID-19 sample which conforms with the previous paper by 
Rao (2022) that the pandemic increases the volatility of some stock market indices. Similarly, Haron and Ayojimi (2015) 
demonstrated that Malaysian CPO commodity markets had persistent volatility, particularly heightened during the Asian financial 
crisis (1997-1998) and the global financial crisis (2007-2008). In the Malaysian context, studies indicate that the volatility of Crude 
Palm Oil (CPO) prices during the COVID-19 pandemic was influenced by both domestic and international factors. Increased 
uncertainty, supply chain disruptions, and fluctuating demand for edible oils, particularly from key importers like China and 
Europe, drove market instability. Additionally, pandemic-induced lockdowns and production challenges further exacerbated price 
volatility. Specific to the FCPO market, the high sensitivity of CPO prices to global market conditions such as changes in soybean 
oil prices and export demand amplified volatility during the pandemic. For instance, Malaysian palm oil exports rose significantly 
to meet rising global demand, but this did little to stabilize prices due to underlying uncertainties tied to COVID-19. Research on 
the broader Malaysian market has also highlighted how pandemic-related interventions, such as movement control orders (MCOs), 
had a pronounced impact on financial market volatility. These measures disrupted both consumption and production patterns, 
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influencing key export commodities, including palm oil. Our finding aligns with these observations, as the pandemic heightened 
uncertainties that likely translated into greater price volatility for Malaysia's key commodities, including FCPO. 

 
Table 9: GARCH variation across two different periods 

 

Before Sample       
Variance models GARCH (1,1) T-GARCH (1,1) E-GARCH (1,1) 
Mean equation              

C 0.2881 0.0082 0.2750 0.0072 0.2222 0.0349 
Variance equation             

C 0.1681 0.2760 0.8837 0.0058 0.2653 0.2282 
ARCH(-1) (γ-1) 0.1180 0.0018 -0.0584 0.0000 0.1720 0.1539 
θ   0.7094 0.0000   
ζ   -0.31519 0.003864 
GARCH(-1) (δ-1) 0.8382 0.0000 0.4417 0.0084   
LOG (GARCH(–1))     0.52735 0.039138 
GAMMA (γ) + DELTA (δ) coefficients 0.9562 0.3833 0.6994        
Performance indicator             

AIC 3.7873 3.75937515 3.738085077 
SIC 3.8228 3.835050703 3.81376063 
HQC. 3.8117 3.78991473 3.768624658 
SSE 1.6390 1.637860486 1.634409036 
During Sample       
Variance models GARCH (1,1) T-GARCH (1,1) E-GARCH (1,1) 
Mean equation              
C 0.3301 0.0239 0.1505 0.2766 0.1834 0.1961 
Variance equation             

C 1.9631 0.0851 2.5126 0.2038 1.7280 0.0999 
ARCH(-1) (γ-1) -0.0659 0.0000 -0.1166 0.0000 -0.2196 0.0114 
θ   0.0480 0.4508   
ζ   -0.10464 0.030118 
GARCH(-1) (δ-1) 0.5955 0.0377 0.4783 0.3119   
LOG (GARCH(–1))     -0.0989 0.0489 
GAMMA (γ) + DELTA (δ) coefficients 0.5296 0.3618 -0.3185        
Performance indicator             

AIC 4.2490 4.289685459 4.298278524 
SIC 4.3095 4.365361012 4.373954077 
HQC 4.2734 4.320225039 4.328818105 
SSE 2.0528 2.046774906 2.046699805 

 
 
5 CONCLUSIONS 
 
By utilizing the FCPO sample data from 1st March 2019 until 31st December 2020, the study provides several important findings. 
Based on the first objective, this study found that GARCH (3,1) was the best model for FCPO volatility over the whole sample 
period. This finding was supported by the lowest information criterion and sum square error values. This suggests persistent 
volatility patterns influenced by COVID-19 throughout the period. Next, to meet the second research goal, adding a dummy 
variable for COVID-19 showed a statistically significant increase in volatility. This proved that the pandemic had a significant 
effect on FCPO price changes. Finally, further investigation into before and during the COVID-19 periods revealed distinct 
volatility patterns. Having GARCH (1,1) as the most appropriate model, both T-GARCH (1,1) and E-GARCH (1,1) suggest 
asymmetric and leverage effects. This implies negative news disruptions had a different impact on volatility than positive shocks. 

The study made significant contributions in various aspects. First, using GARCH(3,1) as the best model, the finding 
showed how FCPO volatility remained persistent over the whole sample period and this finding is in line with Ahmad et al. (2014). 
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This adds to earlier research that mostly used simpler GARCH variations by showing how well higher-order GARCH models can 
capture complex market dynamics. Second, the study demonstrated that COVID-19 significantly and positively affects FCPO 
volatility, underscoring the pandemic's significance as a principal source of market instability. The results showed that volatility 
levels were much higher during the pandemic than before COVID-19. This supports and builds on earlier research, such as Rao 
(2022) and Haron and Ayojimi (2015), by giving tailored evidence in the FCPO market setting. Third, the sub-period analysis 
identified GARCH(1,1) as the optimal model for both pre-COVID-19 and post-COVID-19 periods. Further, TGARCH and 
EGARCH reported the presence of asymmetry and leverage effects, thereby offering insights into the behavior of FCPO volatility 
under differing market situations. This enhances volatility modeling by reflecting the market's responsiveness to shocks and its 
varied reactions to good and bad news. Fourth, the data revealed increased volatility during the epidemic and the existence of 
asymmetric and leverage effects, providing practical implications for policymakers, traders, and risk managers. These insights can 
assist for better formulation of hedging strategies and risk mitigation measures, especially during times of increased uncertainty, 
such as global crises. The research addresses a notable gap in the Malaysian context by examining FCPO volatility during the 
COVID-19 period, a subject that has received insufficient attention. The findings enhance the comprehension of how external 
shocks, such as a worldwide pandemic, affect commodity markets, serving as a reference for future research in emerging markets. 

In terms of study limitation, this study solely focuses on the impact of COVID-19 on FCPO volatility but may not account 
for other external factors that could influence volatility during the same period. Other economic, political, or environmental factors 
might interact with the pandemic's effects, potentially confounding the analysis. Future studies should consider adding other factors 
that might interact with the COVID-19 effect to better explain the pattern of FCPO volatility in comprehensive manner. 
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