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a trading strategy. Thus, this study is purposed to predict stock closing
prices by implementing autoregressive integrated moving average

Keywords (ARIMA) and geometric Brownian motion (GBM) models. Subsequently
Stock Price Prediction, the study is aimed to obtain the highest, average, and lowest closing
Autoregressive Integrated Moving price paths through Monte Carlo simulation (MCS) for each method.
Average, Geometric Brownian The historical daily closing price of three Malaysian plantation
Motion, Monte Carlo Simulation, companies’ stock, including 101 Corporation Berhad, Kuala Lumpur
Mean Forecast Error, Root Mean Kepong Berhad and Sime Darby Plantation Berhad are used to fit the
Square Error, Mean Absolute models. The predictions are evaluated with mean forecast error (MFE),
Percentage Error root mean square error (RMSE) and mean absolute percentage error

(MAPE). Based on the result, 101 is identified as the least risky stock.
ARIMA outperformed GBM, and the combination of each model with
MCS in predicting the average path had errors that closer to zero
compared to each single model for most of the stocks. Hence, it is
concluded that the application of MCS improved accuracy of prediction
for both methods.

1. Introduction

The stock market is a public market to attract stock traders to issue and deal in stocks by offering the probability
of financial earns [1]. A stock traded is known as an equity that represents fractional ownership in corporations
and offered by a publicly traded company in terms of shares. The order flow of stock price moving up and down
depends on buyers demand and sellers supply which is known as bid and offer principle. Besides, the stock market
is critical to society’s functioning as it directs investors investments into profitable business initiative and assists
in capital production and economic growth of the country [2]. In subject to profit promptly from stock trading,
traders familiarly practice a simple procedure of buying undervalued stock followed by selling at inflated prices.
Since the stock market comes with high market risk such as recessions, changes in interest rates, and political
instability that cannot be prevented by diversification, it leads to high volatility in the stock market [3]. Future
stock price movement of a stock, whether the price will rise to a bull market or drop to a bear market is a major
concern for investors. Hence, information about prediction plays a crucial in adopting a trading strategy [4].
There are several studies carried out by academic researchers that apply different models for the aim of
comparing prediction performance. The research by [5] has stated machine learning as a modern method and
superior traditional time series models such as autoregressive integrated moving average (ARIMA) and
generalized autoregressive conditional heteroskedasticity. This is attributed to machine learning providing
incredible improvements in regression and classification, while ARIMA is weak in tackling nonlinear pattern. In

This is an open access article under the CC BY-NC-SA 4.0 license.

E080




Enhanced Knowledge in Sciences and Technology Vol. 4 No. 2 (2024) p. 110-119 111

contrast, results from research published by [6] proven that both ARIMA and geometric Brownian motion (GBM)
models, with relatively lower root mean square error (RMSE) surpassed artificial neural network, especially for
short term daily stock price prediction. GBM also outperformed multilayer perceptron deep learning in Microsoft
stock price forecasting with lower mean absolute percentage error (MAPE) value [7].

Besides, there is growing evidence that a combination of several models increases the accuracy of prediction
in financial industry. [8] conducted stock price prediction using hybrid models. In their study, Markov chain-fuzzy
model had lower MAPEs for more than half of stocks indicating better performance compared to hidden Markov
models (HMM) and HMM-fuzzy. The work done by [9] demonstrated that a hybrid of ARIMA and Holt Winter had
highly effective prediction no matter for long or short period. Furthermore, the combination of the complete
empirical mode decomposition and long short-term memory outperformed other single multi-layer perceptron
and long-short term model in financial time series forecasting [10].

Briefly, ARIMA is a linear model that applied to recognize trends in stock prices and assume stationarity of
data [11] while GBM is a derivative of continuous model from discrete stochastics model that applied to assume
uncertainty in stock returns using Brownian motion [12]. In addition, Monte Carlo simulation (MCS) is generally
applied to consider randomness and various outcomes of predictions produced from the selected models and
operate under assumption to reduce uncertainty [13]. Therefore, this study is purposed to produce stock closing
price predictions using ARIMA and GBM models separately on closing prices of three Malaysian plantation
companies. The predictions from each model are then extended by MCS where the highest, average and lowest
predicted paths are selected. The prediction results of each single model and the hybrid of each model with MCS
are compared in terms of mean forecast error (MFE), RMSE and MAPE to determine the superior model for stock
closing price prediction in Malaysian plantation sector.

2. Methodology

The tool used to implement the prediction models and the process and steps involved in data preparation, ARIMA
model building, GBM model building, the implementation of MCS into the models and measurement of prediction
accuracy are illustrated as following sections below.

2.1 Data Preparation

Spyder which is a free and open-source integrated development environment of Python will be used to perform
all procedures in this study. Spyder is known for its user-friendly interface and powerful scientific computing and
interactive programming [14]. One of its advantages is integrated support for popular scientific libraries, for
example, Pandas and NumPy. Three selected Malaysian plantation companies implemented in this study were [0
Corporation Berhad, Kuala Lumpur Kepong Berhad and Sime Darby Plantation Berhad and represented by stock
symbol of 1961.KL, 2445.KL and 5285.KL respectively. The historical stock closing prices of the stocks are loaded
from Yahoo Finance which is a popular source that enable accessibility in Python. The dataset covered a period of
four year and five months is collected from 1st July 2019 until 30t November 2023. The total of 1083 trading days
of each stock is processed with data replacing from alternative source, Bursa Malaysia if there is missing value,
data cleaning if there is redundant value and data splitting with ratio of 80:20 approximately. The first three and
a half years or 860 observations are partitioned to training set and the data of the last 11 months or 223
observations are partitioned to testing set.

2.2 Autoregressive Integrated Moving Average (ARIMA) Model Building

ARIMA is a time-series forecasting method that integrates Box-Jenkins ARMA model [15]. Auto regressive (AR)
implies the dependent association between an observation and a predetermined number of lagged observations.
Integrated (I) is used to determine the stationary by differencing of raw observations. Moving average (MA) uses
the relation that exists between the residual error and observations. Thus, the parameters involved in the model
were the lag order (p), the degree of differencing (d) and the order of MA (q). ARIMA (p, d, q) model is built using
Bos-Jenkins approach, which included of stationarity identification using Augmented Dickey Fuller (ADF) unit
root test, parameters estimation and fitness checking of the best fitting ARIMA model.

The first phase involved the ADF unit root test which is applied to analyse the stationarity of the time series
data of each stock [16]. This test can be performed using adfuller() function in statsmodels.tsa.stattools from
statsmodel package. The outputs that will be obtained from ADF test included of the values of test statistics, p-
value, considered number of lags and critical value. A time-series data is considered stationary if the value of test
statistics is less than critical value and p-value is less than significance level of 0.05. Otherwise, converting the
data to stationary data is required by subtracting MA from log of the closing price to get stationary data. The
transformed data is evaluated with ADF test again. These steps are repeated until acquiring a stationary series.
Subsequently, the series is partitioned with train-test split ratio as explained in section 2.1.

The determination of the best fitting ARIMA model depends on the number of differencing applied to the data.
In this process, the auto_arima function from pmdarima package in Python is used to disclose an optimal ARIMA
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model order. The value of Akaike’s information criterion (AIC) is considered as it measures the fitness of the data
based on the order number of parameters used in setting up a model and likelihood estimation of the model [17].
The lower the AIC value, the better the fitting of the model. The fitness checking of each model is observed through
standardized residual plot, histogram, normal Q-Q plot and correlogram of Autocorrelation Function (ACF) plot.

2.3 Geometric Brownian Motion (GBM) Model Building

In finance markets, GBM model is called as the log-normal asset return model, thus, only positive values of stock
price are allowed in this model. This model is defined by the stochastic differential equation (SDE) that consists
of Brownian motion (also known as Wiener process, W) that represents random walk, drift coefficient, 4 and
volatility coefficent, 0. This model presupposes that the expected return will cause the price to drift upward. Stock
price drift frequently occurs when the stock price probably incapable to instantly reflect the new information. The
volatility will be shocked by a random shock through multiplication of standard deviation and a random number.
The calculations of stock return [18] is given by

S -S
ro=———% vk, (1)
Skfl
where,
k = time period,
i = stock return value at time k,
Sy = closing price at time k,

Si—1 = closing price at time k — 1.
The drift and volatility components [19] of stock return are computed as follow equations,

1
drift, = u——ao’, (2)
2

volatility, = oW, , (3)

where,
@ =mean of historical daily returns (drift coefficient),
o = standard deviation of historical daily returns (volatility coeffiicient),
o2 = variance of historical daily returns,
W, = array for Brownian path at period.
The GBM equation [18] which involved the drift and volatility components in GBM model building is expressed by

-t

S, =S¢ =7 for k=12,...,N, (4)

where,

S, = starting closing price or the last observation in training data set,

dt = time interval (daily),

T = time frame for prediction (days),

N = amount of time points in the time frame or dividing T by dt,

t = array for time points in the prediction time frame started from one,

b = Brownian increments array where normal random shocks is included.

2.4 Implementation of MCS Into the Models

MCS not only keeps the properties of the original data but also considers randomness, which is similar to the
unexpected movement of order flow of stock price [20]. Due to significantly larger computing power required as
simulation number increases, therefore 1,000 simulations are used in this study [21]. The prediction result from
ARIMA model is simulated using simulate() function with the repetition attribute while that of the GBM model is
looped for the same simulation number as in ARIMA. The highest and lowest predicted paths are defined as the
simulation paths where the last observation of the simulations is the highest and lowest stock price among the
simulations, respectively. The average predicted path is determined as the average of the prices at each
observation after 1000 simulations were produced. The highest, average and lowest paths can be represented as
the optimistic, most likely and pessimistic paths, respectively, and are selected for visualisation and comparison.
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The range between the optimistic and pessimistic paths will be considered to conduct scenario analysis that helps
to compute risk of an investment. The higher the range, the higher the risk.

2.5 Prediction Accuracy Measurement

There are three errors computed which included of a prediction error, MFE, a scale-dependent error, RMSE and a
percentage error, MAPE. A positive MFE implies that the model underestimates the actual data while a negative
MFE indicates that the model overestimates the actual data. The unbiasedness and performance increase as MFE
and RMSE approach to zero. The predicting power is highly accurate if the MAPE is less than 10%. The formulae
of MFE [4], RMSE [22] and MAPE [23] are represented as

-9
MFE = —z‘ﬂ —, (5)
n
13 Y
N
13 -y
MAPE = =" R AT (7)
N Y,
where,
n = the number of sample size,
y, = the actual value in testing set at time t,
9, = the predict value obtained from the data in training set at time {.

3. Result and Discussion

3.1 ARIMA Model Building

Referred to the results of ADF test shown in Table 1, both datasets of 1961.KL and 2445.KL stocks were stationary
except the dataset of 5285.KL. Hence, data transformation is applied on dataset of 5285.KL. The transformed
dataset is evaluated with ADF test again. The stationarity of dataset of all three stocks are identified and supported
by ADF test as their test statistics was less than p-value and critical value was less than significance level of 0.05.

Table 1 ADF unit root test result

Values ADF 1961 KL ADF 2445.KL ADF 5285.KL 2nd ADF 5285.KL
Test statistics -3.0355 -3.5059 -2.7302 -10.1654
p-value 0.0317 0.0078 0.0689 7.3199E-18
No. of lags used 1 10 1 5
Critical value -2.8642 -2.8642 -2.8642 -2.8643
Condition Test statistics <  Test statistics <  Test statistics >  Test statistics <
critical value critical value critical value critical value
and p-value < and p-value < and p-value > and p-value <
significance significance significance significance
level of 0.05 level of 0.05 level of 0.05 level of 0.05
Conclusion Stationary Stationary Non-stationary Stationary

The parameters estimation for the best fitting ARIMA (p, d, q) model is selected from the models with the
smallest AIC value. Thus, the best fitting ARIMA models for 1961.KL, 2445.KL and 5285.KL stocks were ARIMA (1,
0, 1) with AIC value of -2339.881, ARIMA (2, 1, 0) with AIC value of 597.087 and ARIMA (1, 1, 0) with AIC value of
-4146.155 respectively.

Residual is the different between actual and predicted value. The residual with mean zero in (a) of each Fig 1,
Fig. 2 and Fig. 3 indicated the model was fitting well and suitable for prediction. There was only a few of
standardized residuals surpass three standard deviations in size which tend to be outlier. The (b) and (c) of Fig.
1, Fig. 2 and Fig. 3 demonstrated that the normality of residual of each stock was reasonable except some possible
outliers. The (d) of Fig. 1, Fig. 2 and Fig. 3 shown that the residual is uncorrelated as the lags were greater than
zero and there was no apparent move away from the model assumptions.
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Fig. 1 Diagnostics checking for 1961.KL stock: (a) Standardized Residual; (b) Histogram; (c) Normal Q-Q; (d)
Correlogram of ACF
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Fig. 2 Diagnostics checking for 2445.KL stock: (a) Standardized Residual; (b) Histogram; (c) Normal Q-Q; (d)
Correlogram of ACF

Standardized residual - Histogram plus estimated density

05

04

03

Density

02

Standardized Residual

4 01

00
100 200 300 400 500 600 700 800 -3

Time Residual
() (b)

Normal Q-Q Correlogram

Sample Quantiles
Cl
°
s
3
-
N
.

-3 -2 -1 [ 1 2
Theoretical Quantiles Lag
<) (d)

w
o
~
-
e
@
B

Fig. 3 Diagnosis checking for 5285.KL stock: (a) Standardized Residual; (b) Histogram; (c) Normal Q-Q; (d)
Correlogram of ACF
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3.2 GBM Model Building

The parameters used in GBM equation for each stock are calculated and shown in Table 2. The parameters below
are then substituted into equation (4) to obtain prediction for each time point.

Table 2 The values of parameters used in GBM equation

Parameters 1961.KL 2445.KL 5285.KL
So 4.05 22.36 4.65

dt 1 1 1

T 390 390 390

N 390 390 390

U 0.00006310  0.000007811 0.0001824
o 0.01528 0.01539 0.02213
a? 0.0002336 0.0002370 0.0004898

3.3 Comparison of the Predictions of ARIMA Model to That of GBM Model

As demonstrated in Fig. 4 and 5, the future trends of each stock predicted by ARIMA and GBM respectively, were
different. The behaviour of future price movements produced by ARIMA model were constant and linearly with
slightly up trending for all the three stocks. Conversely, the behaviour of future price movements produced by
GBM were volatile as it consisted of random fluctuations by Brownian motion which is also known as Wiener
process. The appearance of GBM predictions was more alike to real stock market. The trending for each stock by
GBM was dissimilar where it was a downward trend for both 1961.KL and 5285.KL, while an upward trend for
2445 KL. The prices of 5285.KL used for ARIMA was lower than that of GBM as log transformation and subtraction
MA took place.

Closing Price Per Share {MYR)

Closing Price (MYR / stock unit)

1951.KL Train

1961.KL Test

= 2445.KL Train

2445 KL Test

5285.KL Train (Log)
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Fig. 4 Closing price prediction of 1961.KL, 2445.KL and 5285.KL by ARIMA model
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Fig. 5 Closing price prediction of 1961.KL, 2445.KL and 5285.KL by GBM model
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3.4 Implementation of MCS to the predictions

The predictions produced by each model are simulated for 1000 times as shown as in Fig. 6 and 8 respectively.
This is an estimation of a variety of possible price movement that considered randomness as a market risk. The
highest, average and lowest predicted paths of ARIMA-MCS and GBM-MCS are evaluated from the 1000
simulations produced and plotted in Fig. 7 and 9 respectively. It can be observed that the range of GBM-MCS for
each stock was greater than ARIMA-MCS. This was the result of underlying characteristics and assumptions of
these two methods. The broader range of GBM-MCS was due to GBM that considered the inherent volatility of
training data and continuous stochastic process that allowed more erratic future price movements, whereas the
more moderate range of ARIMA-MCS was due to ARIMA that exhibited stationary with constant mean and variance
over time, trends and seasonality that were captured from the training data and restriction of upper and lower
bounds. Based on Table 3, 1961.KL had the smallest range among the three selected stocks in both GBM-MCS and

ARIMA-MCS models. Hence, 1961.KL stock can be prioritized for investment as the least risky stock.

Fig. 7 The highest, average and lowest paths of 1961.KL, 2445.KL, and 5285.KL selected from ARIMA-MCS
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Fig. 9 The highest, average and lowest paths of 1961.KL, 2445.KL, and 5285.KL selected from GBM-MCS

Table 3 The range between the highest and lowest paths on 30th June 2024

Models 1961.KL 2445KL 5285.KL

Highest Lowest Range Highest Lowest Range Highest Lowest Range
ARIMA-MCS 5.15 3.24 1.91 46.12 0.10 46.02 2.63 0.34 2.29
GBM-MCS 10.12 1.72 8.40 58.51 8.06 50.45 16.68 1.03 15.65

3.5 Accuracy Comparison

According to the MFE, RMSE and MAPE values of each model shown in Table 3 and 4, most of the models tend to
overestimate the actual price over time as indicated by negative MFE. Additionally, in comparison of ARIMA to
GBM, ARIMA had errors that were closer to zero than that of GBM for two out of three stocks. It can be concluded
that each model had different performance in different stock prediction. For 1961.KL stock, the average path
prediction by GBM-MCS was superior with the MFE, RMSE and MAPE closest to zero which were -0.1603, 0.1881
and 4.35% respectively. For 2445.KL, ARIMA was the best option as the prediction model as it had MFE, RMSE
and MAPE of -0.5473, 0.8750 and 3.52%, respectively, that were the nearest to zero. However, the performance
of ARIMA-MCS and GBM-MCS predictions on average path of 2445.KL were also compatible with slight difference
of errors compared to ARIMA model. Thus, three of these models, ARIMA, ARIMA-MCS and GBM-MCS were reliable
in 2445.KL stock price prediction. For 5285.KL stock, prediction on average path by ARIMA-MCS outperformed
with MFE of -0.0650, RMSE of 0.0686 and MAPE of 4.44%. Overall, ARIMA superior GBM and application of MCS
on each model improved the prediction performance with errors that were nearer to zero in the majority.

Table 3 Error measurement of predictions by ARIMA and ARIMA-MCS

Stocks and Models MFE RMSE MAPE (%)
1961.KL ARIMA -0.2319 0.2541 6.02
1961.KL ARIMA-MCS (Highest) -0.1538 0.2854 5.60
1961.KL ARIMA-MCS (Average) -0.2272 0.2498 5.91
1961.KL ARIMA-MCS (Lowest) -0.2750 0.3195 7.20
2445.KL ARIMA -0.5473 0.8750 3.52
2445.KL ARIMA-MCS (Highest) -8.4175 10.1787 38.40
2445.KL ARIMA-MCS (Average) -0.5675 0.9083 3.70
2445.KL ARIMA-MCS (Lowest) 6.2275 7.9907 28.36
5285.KL ARIMA -0.0673 0.0707 4.60
5285.KL ARIMA-MCS (Highest) -0.3018 0.4052 20.55
5285.KL ARIMA-MCS (Average) -0.0650 0.0686 4.44
5285.KL ARIMA-MCS (Lowest) 0.3758 0.4103 25.57
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Table 4 Error measurement of predictions by GBM and GBM-MCS

Stocks and Models MFE RMSE MAPE (%)
1961.KL GBM 0.6012 0.7300 15.88
1961.KL GBM-MCS (Highest) -1.1343 1.2508 28.98
1961.KL GBM-MCS (Average) -0.1603 0.1881 4.35
1961.KL GBM-MCS (Lowest) 0.7729 0.9310 20.37
2445.KL GBM -4.4565 5.1154 20.38
2445.KL GBM-MCS (Highest) -7.8990 9.9942 36.09
2445.KL GBM-MCS (Average) -0.6679 0.9486 3.88
2445.KL GBM-MCS (Lowest) 4.3309 5.8792 21.82
5285.KL. GBM -0.0717 0.5184 9.94
5285.KL GBM-MCS (Highest) -3.3234 3.8163 76.39
5285.KL GBM-MCS (Average) -0.4063 0.4185 9.39
5285.KL GBM-MCS (Lowest) 1.9169 2.0386 44.22

4. Conclusion

This study implemented two different statistical and mathematical methods, which were ARIMA and GBM models
to predict stock closing price for one-and-a-half-year period on three selected Malaysian plantation companies. It
can be observed obviously that the pattern of prediction result plotted among these two approaches was different.
ARIMA created prediction linearly whereas GBM recognized prediction with fluctuations. Although the upper and
lower confidence intervals of ARIMA prediction are plotted to represent the range of possible price movement,
the result of GBM seem to be more likely to real stock market phenomena where volatile is unavoidable.

In addition, the result from both ARIMA and GBM models is developed with MCS for 1000 times to estimate a
variety of possible outcomes by considering randomness as equivalent to an unknown factor that is affecting the
stock market. The highest, average and lowest predicted paths of each method are demonstrated as two possible
extreme scenarios and a preserve scenario on price movements. The range between the highest and lowest paths
of GBM-MCS was greater than that of ARIMA-MCS due to the underlying assumptions of each GBM and ARIMA
models. By the reason of the compatible range in both ARIMA-MCS and GBM-MCS, therefore 1961.KL stock can be
prioritised for investment as it had the smallest risk.

Furthermore, the error measurement that included of MFE, RMSE and MAPE is evaluated to determine the
superior prediction model. Most of the models tend to overestimate the actual price over time as shown as
negative MFE. ARIMA performed better than GBM for most of the stocks. GBM-MCS on average path prediction,
ARIMA prediction and ARIMA-MCS on average path prediction had MFE, RMSE and MAPE that were the closest to
zero for 1961.KL stock, 2445.KL and 5285.KL respectively. Besides, ARIMA-MCS and GBM-MCS on average path
predictions for 2445.KL were also reliable with slight difference of errors compared to ARIMA. Hence, these three
models, ARIMA, ARIMA-MCS and GBM-MCS can be considered in 2445.KL stock price predictions. As a result, the
application of MCS on each ARIMA and GBM model is supposed to improve the performance in prediction as the
error of prediction result approaches to zero. This study has proven that the claim as the accuracy of average paths
produced from combination of each model with MCS was higher compared to each single model.

Last but not least, there are limits of large range between the highest and lowest path produced from MCS and
the predictive power for each approach. Thus, there are three ways that the study can explore to broaden its
foundation for additional enhancements. Firstly, it is advised to increase the number of observations in both
training and testing dataset to enhance model fitting and achieve more accurate error measurement. Additionally,
it is recommended to amplify the number of Monte Carlo simulation to obtain more accurate average predicted
path by averaging more possible outcomes. It is suggested to implement MCS on other methods such as long short-
term memory, artificial neural networks and other. The predictions produced can be compared to obtain more
appropriate stock price predictions model.
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