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Abstract

Malaysia is well-known as one of the world’s leading exports of its crude palm oil. Thus, palm
oil industry is one of the main contributors in Malaysia economic growth. The volatility of
crude palm oil (CPO) prices is directly being affected by the demand from its primary
importing countries such as European Union, Pakistan, China, US and India. Due to
uncertainty in palm oil market prices, therefore it is crucial for this industry to measure and
forecast the risk efficiently. The objectives of this study are to forecast the oil prices using
Monte Carlo simulation and to compute future Value at Risk (VaR). The result obtained
indicate that Monte Carlo provides a flexible and accurate approach for forecasting VaR.
Hence, by analyzing the VaR of this volatile oil price environment has very important
implications to any market participants especially risk managers and financial institutions
when designing risk management strategies within this palm oil industry.

Keywords: Value at Risk, Monte Carlo Simulation, Qil Price Volatility, Forecasting.

Introduction

Currently, Malaysia is second top producer of palm oil in the world after Indonesia. As of 2016,
the country’s total palm oil production amounted to 2.1 million metric tons with its overall
global production accounting for 39% (Sawe, 2018’ Madrid, Ahmed, & Kumar, 2019). As this
crude palm oil industry grows, the palm oil prices is directly affected by the demand from its
largest importing countries such as European Union, Pakistan, China, US and India. In addition,
the competition between the demands from other vegetables oils, for examples soybean oil,
sunflower oil, corn oil also has a significant impact on the fluctuation of palm oil prices. There
are significant evidences that oil price volatility have symmetric effects not only to oil market
participants but also to governments and society (Sadorsky, 1999; Faff & Brailsford, 1999;
Khalid, Pahi, & Ahmed, 2016).

Previously, Cabedo and Moya (2003) proposed to estimate Value at Risk for Brent oil
prices from January, 1992 to December, 1999 using three approaches: the historical standard
approach, the historical simulation with ARMA forecast (HSAF) and variance-covariance based
on ARCH models approach. However, this study proposes to forecast VaR for domestic palm
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oil prices by adapting Monte Carlo approach, a simulation technique that will give accurate
result if the model is correct and the number of replications is sufficiently large (Seila, Ceric &
Tadikamalla, 2003).

By definition, Value at Risk is a statistical risk measurement method that estimates
potential maximum losses in certain periods with certain confidence levels and in a normal
market conditions (Best, 1998; Butler, 1999). Hence, VaR is calculated by the following
formula

VaR = aGPO
(1)

where « is the level of significance in standard normal curve that corresponds to (1-c) if ¢
is the selected confidence level, o denotes the standard deviation and P, denotes the total

investment (Jorion, 2001).

Alternatively, VaR can also be obtained directly from the empirical probability
distribution functions of profits and losses. VaR can be found by focussing on the left side of
the tail end from the probability distribution. Observed that, to determine VaR correspond to
95% confidence level, the focus will be on the left tail which is the lowest 5% percentiles in
the distribution. The advantages of VaR are this method focuses on the downside risk and
independent assumption of the return distribution.

Thus, VaR is a numerical value on the x-axis (rate on return) that corresponds to the
appropriate value on the y-axis (distribution). Figure 1 below illustrates the VaR for two
confidence levels when asset returns are normally distributed.

Distribution of Portfolio Returns

Figure 1. The VaR for 95% and 99% confidence level when returns
are normally distributed.
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Methodology
Monte Carlo simulation also known as Monte Carlo sampling technique is a semi-parametric
approach. Computing VaR with Monte Carlo Simulation is very similar to Historical Simulation
since it makes no specific assumption on the return of the asset. This approach uses the
identified distribution pattern of historical data of returns to generate random numbers that
will be used to estimate the return of the asset at the end of the analysis horizon
(Purwaningsih, Arief, Handayani, Rahmawati & Mustikasari, 2018).

The following are the steps used to estimate daily Value at Risk (VaR) at 99%
confidence level for palm oil by using Monte Carlo simulation:

Step 1: Data collection

Step 2: Calculate the rate of return

Step 3: BestFit test

0]

€

Sten 4: Run the Monte Carlo simulation

Step 5: Forecast VaR at 99% confidence level

Q

2

Figure 2. The flowchart to obtain VaR using Monte Carlo simulation.

Step 1:Data Collection.

The historical data of Malaysia prices for Crude Palm Qil (CPO) was obtained from the official
website of Malaysian Palm Oil Board at www.mpob.gov.my. The daily prices was collected for
8 years from January, 2010 until December, 2017. RM is the notation for the Malaysian
Ringgit. Observed that, from 2010 to 2012 was considered ‘in the sample period’ (used to
estimate the model parameters) and from 2013 to 2017 was ‘out of the sample period’ for
forecasting purposes.

Step 2: Calculate the Rate of Return
According to Gruber, Elton, Brown and Goetzmann (1991), the historical return at time-t, R,

are calculated using the logarithmic approximation given by the following formula:
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Pi_1

where P, denotes the oil price at time-t and P,_; denotes the oil price at time t-1.

(2)

Step 3:Best Fit Test.

In this step, the function BestFit test in the @RISK software is performed to the historical
return ‘in the sample period’ to identified distribution pattern that best fit the data. Before
the simulation, there are two input parameters: mean (1) and standard deviation (o) need to
be determine since BestFit test identified that the past data follows normal distribution.

Step 3: Run the Monte Carlo Simulation

The simulation is performed using @RISK add-in software in Microsoft Excel. As an example,
Figure 3 below illustrates a Monte Carlo simulation with 10,000 observations for future palm
oil prices returns in 2016. With the future value of palm oil prices, this study is able to
determine the future value of VaR for the ‘out of the sample period’ (2013-2017).

At Comparison for QUTPUT
RskNormal(-0.0144175.0. 03200

Return

VaR

Figure 3. Histogram using Monte Carlo simulation in 2016

Observed that, the histogram using 10,000 random outcomes resembles the normal
distribution with mean -0.01642 and standard deviation 0.002895. Note also, the result of
VaR using Monte Carlo is different each time you run the simulation. This is because Monte
Carlo simulation is a stochastic process that generate random numbers based on the input
data. Hence, it produces distribution that have similar characteristics for the estimations of
VaR (Abad, Benito & Lopez, 2014).

Step 4: Forecast VaR at 99% confidence level

VaR is the percentiles obtained from the statistical distribution of simulated future values of
oil price returns associated with the desired likelihood level. Thus, VaR is the statistical value
observed on the x-axis for a given probability on the y-axis. Observed that, to determine VaR
correspond to 99% confidence level, the focus will be on the left tail which is the lowest 1%
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percentiles in the distribution. For example in Figure 3, VaR at the 99% confidence level is
0.0232. Notice that, we drop the minus sign because VaR is referred to as a loss.

Validation

The accuracy of VaR estimates using Monte Carlo simulation approach is then being verified
using Mean Absolute Percentage Error (MAPE). MAPE usually express accuracy as a
percentage and is calculated as follows:

n
1 |ai - pi|
MAPE =| = E X100 (3)
[n = B ]

where n equal to the total number of unit trust fund involved, a; and p; are actual and
predicted values, respectively.

The scale of the judgement of forecasting the accuracy by using MAPE is illustrated in
Table 2 below. The approach with a lower MAPE is expected to produce better results.

Table 1. Scale of Accuracy using MAPE
MAPE Accuracy
<10% Highly accurate

11%-20%  Good forecast

21%-50%  Reasonable forecast
>51% Inaccurate forecast

Results and Discussions
Figures 4 below shows a graphical summary of future VaR using Monte Carlo simulation and
the actual VaR for each consecutive year from 2013 until 2017.

0.03
0 R e T T L Ty —
‘= 0.02
3 0.015
OrCU 2013 2014 2015 2016 2017
>

Year
Monte Carlo 99%  ====- Actual VaR

Figure 4. Comparison between Historical Simulation and actual VaR

As shown, future VaR using Monte Carlo simulation is slightly higher than actual VaR
for the five-year observed in the ‘out of sample period’. However, we observed the same
trends between future oil price returns and actual VaR where the lowest observation and the
highest VaR was on 2014 and 2015, respectively. These numbers provide risk managers with
reliable information about the expected losses that will occur in the near future under normal
market condition. To further evaluate the performances of Monte Carlo simulation and verify
the accuracy of these estimates, the Mean Absolute Percentage Error (MAPE) is calculated
using Equation (3). Comparatively, although it looks like Monte Carlo simulation
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overestimates market risk, result found that the average MAPE for the proposed approach is
5.23% only. Hence, Monte Carlo simulation approach is considered highly accurate in
forecasting VaR for palm oil prices between 2013 until 2017 since the average MAPE value
are less than 10% using Table 1 above.

Conclusion

In this study, Value at Risk concept has successfully been apply to summarize the worst loss
over a target horizon with a given level of confidence for Malaysia's crude palm oil prices.
Apart from being able to measure the market risk efficiently, the other advantages found in
this study are VaR using Monte Carlo simulation approach has also successfully estimate the
future downside risk within this palm oil industry. Results of this study revealed that Monte
Carlo simulation is highly accurate method to forecast daily VaR at 99% confidence level
during the five-year period observed. Note that, the greater the VaR consequently indicate
the greater the risk anticipated and vice versa. Hence, by observing the future trend of this
oil prices movement will certainly assist any market participants especially investors or
decision-makers when designing risk management strategies.
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