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yw square errors. The first-order necessary conditions are derived, and
Stock Price, Linear Dynamic Model, recursion equations are obtained. The least squares optimization
Parameter Estimation problem is solved using the gradient method, where the model

parameters are optimally estimated, giving an updating solution for the
linear model iteratively. Once the convergence is achieved, the optimal
solution of the linear model approximates the stock prices closely with a
small mean square error value. For illustration, two linear difference
equations are considered as the initial models; the first is exponential,
and the second is decay. Simulation results show that these initial
models provide a satisfactory prediction solution with a small mean
square error value. Thus, the predictive model for using different initial
models is expressed. In addition, some trial models are examined to
provide a better simulation result in fewer iterations and lesser elapsed
time in the calculation for the stock price prediction. In conclusion, the
first-order linear difference equation model efficiently predicts the
retailer's stock prices.

1. Introduction

The retail sector involves selling goods and providing services to consumers. There are many different retail
sales and store types worldwide, such as supermarkets, hypermarkets, convenience stores, speciality shops, and
online platforms [1]. The Malaysian retail market includes food and beverages, personal and household, apparel,
footwear, accessories and electronics. As of March 2021, approximately 15 per cent of retail shops in Malaysia
have closed due to declining revenues, and brick-and-mortar retail formats such as supermarkets and
department stores have experienced negative growth. However, online retailing continues to strengthen.
Malaysia's retail sector contributes nearly 45 per cent of GDP [2-3], with the retail trade GDP reaching RM155
billion in 2023 [4]. The market size was US$84.63 billion in 2023, with a projected compound annual growth
rate (CAGR) of 5.94% to reach US$119.64 billion by 2029 [1].

Because of the nonlinear fluctuation behaviour of the stock price movement and the uncertain volatility, the
stock price movement prediction will not be as accurate as desired [5]. Various computational and technical
methods have been developed to forecast the movement of stock prices, such as the time series method,
machine learning and deep learning approaches [6-7]. Support vector machine (SVM) is a machine learning
method that learns from a training dataset and aims to summarize its knowledge to predict accurately the
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outcome of new data [8]. The long short-term memory (LSTM) model is also a stock price prediction method,
where the LSTM algorithm provided a low error rate in predicting the stock price [9].

Economic growth depends on two main factors: the efficiency of capital in generating output and the level of
investment in capital in the economy. The Harrod-Domar One Sector Model, a linear difference equation, is an
essential tool in economic analysis using the theory of linear difference equations [10]. The trajectory modelling
of quadcopters in the presence of crosswind disturbance was investigated [11], where the study used a linear
difference equation to model the wind-induced trajectory deviations and concluded that the linear approach
would be insufficient if there were more complex controllers.

This paper studies the stock price prediction for the retail industry in Malaysia using a first-order linear
difference equation model. The historical data on stock prices, which are the daily closed prices, are collected
from the Yahoo Finance website. A least squares optimization problem, which minimizes the differences
between the stock prices and the linear model solution, is introduced for prediction. The necessary conditions
are derived to obtain the recursion equations. The gradient method is applied to solve the least squares
optimization problem and, in turn, estimate the model parameters optimally and update the linear model
solution iteratively. At the end of the convergence, the iterative solution approximates the stock prices closely
with a small mean square error value. For illustration, two linear difference equation models are demonstrated
to predict the stock prices.

Using the first-order linear difference equation model will contribute to the computational tool in the stock
price prediction. The proposed computational algorithm only estimates two model parameters during the
parameter estimation procedure. Moreover, the model solution is updated iteratively by observing the historical
stock prices and closely approximates the stock prices once convergence is achieved. Hence, the algorithm
calculation is tractable. In contrast, machine learning approaches, such as the LSTM method, involve estimating
many unknown parameters, and the calculation requires a longer time and large iteration numbers.

2. Materials and Methods

Consider a minimization problem [12],
N-1
Minimize ~J =%Z(yk -%)%, (1)
k=0

where J is the objective function represented the sum of squared errors, Y, is the historical data of stock

prices at the time step k in year for a retailer, and N is the number of stock prices. While, X, is the solution
sequence to a first-order linear difference equation [13],
X, =ax +b, (2)

where a and b are the model parameters given the initial solution Xo. Therefore, this problem, which is also
known as a least squares optimization problem, is the stock price prediction problem using a linear difference
equation.

In this prediction problem, a set of historical data on stock prices is used to estimate the model parameters
and the solution sequences of the model are updated when the objective function is evaluated. During the
iterative procedure, the solution sequences of the model shall move toward the stock prices provided
convergence occurs. Thus, the accuracy of the prediction is expressed by a mean square error metric.

The gradients of the objective function (1) with respect to the model parameters a and b are defined by

a 1
=5 2 D@ =%)0%), (3)
k=0
aa 18
= =5 2. (DO -%)W). 4)
k=0
By using the gradient method [14], the model parameters are estimated from the following recursion
equations,
_ _ 0
al™ =a(')—al(%j : (5)
: : 0
b+ =p® —az(g—i)J : (6)

with the initial values a(® and b(©® are required to start the iteration, where o1 and o are the step sizes
ranging from O to 1, whereas i is the iteration number starting from 0, 1, 2 until the stopping criteria

(i+1) (i)
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|6 —b® || < & (8)
for small tolerance values &1 and &, are met. Moreover, the first-order necessary conditions [15]
0J oJ
—=0and —=0 9)
oa ob
are satisfied to give the optimal parameter estimates
a" ~a" and b™ ~b?, (10)

We denote the optimal parameter estimates as a4 and b, respectively. Then, the linear dynamic model (2) is
written by
X, =ax +b, (1D
with
X, =% +a,(y-%) (12)
is a line search equation that satisfies the first-order necessary conditions. Thus, the solution sequences of
the difference equation (11) approximate closely the retailer's stock prices. These solution sequences are
regarded as the prediction solution to the stock prices.
For convenience, we assign the solution sequences of the difference equation (11) to the output
measurement,
¥ =%, (13)
where &, is the solution to the linear dynamic model (11). Then, the prediction accuracy is determined by a
mean square error (MSE) [17, 18],

18 .
MSE =" (¥ = Ji)*. (14)
k=0

Here, we remark that a small MSE value expresses a high accuracy of the prediction solution in the study.
In summary, we express the calculation procedure as an iterative algorithm given below.

Data Given the retail’s stock closing prices, the model initial values a(® and b(©.

Step 1 Solve the linear difference equation from (2) for the initial solution curve x(9. Set i = 0.
Step 2 Evaluate the objective function from (1).

Step 3 Compute the gradients of the objective function from (3) and (4).

Step 4 Estimate the model parameters from (5) and (6).

Step 5 Update the model solution from (11) and (12).

Step 6 Calculate the mean squares error from (14) using the prediction solution (13).

Step 7 Check the convergence. If the model parameters in (10) are satisfied, stop the iteration.

Otherwise, seti=1i+ 1, repeat from Step 2.

There are many types of prediction suited for stock price forecasting. Still, each type of prediction has
advantages and disadvantages, and their performance depends on the specific characteristics of the data. Other
previous studies were done in using forecasting method with the mathematics technique in worldwide
according to various fields of studies [19-21].

3. Result and Discussion

Consider the retail’s stock closing prices [16], as shown in Fig. 1. The stock prices fluctuated significantly with
high volatility in the year from 01 April 2023 to 01 April 2024, ranging from RM1.37 to RM1.65. The highest
stock price lay on 3 April 2023 at RM1.65, and starting from 3 July 2023, there was a significant drop from
RM1.62 to RM1.37 within a month, which recorded the lowest stock price of the year. However, the stock price
spiked drastically to RM1.57 a week later. The stock price was inconsistent and changing rapidly. At the end of
January 2024, the stock price came to another low point, which was RM1.38, and then the stock price increased
steeply to around RM1.60 at the end of February 2024.
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Fig. 1 Actual data curve

3.1 Initial Solution of Linear Dynamic Model

In this study, we consider two initial models, exponential growth and decay, to generate the appropriate
predictive model for stock price prediction. These models are examples of the first-order linear difference
equation. We select the model parameters a = 0.38 and b = 0.95 for a growth model after doing the numerical
experiments for a nice-to-see curve, and the model is given by

X, = 0.38x, +0.95, (15)
while the model parameters a = 0.77 and b = 0.35 are chosen for the decay model,
X, = 0.77x +0.35, (16)

with xo = 1.53, k= 0, 1, .., 245. The solution curves for these two models are shown in Fig. 2 and Fig. 3,
respectively. The growth model presents that the solution curve increases from the initial value of 1.53 and stays
along the value of 1.581 after three days. From the decay model, the solution curve decreases from the initial
value of 1.53 toward the steady state of 1.522 five days later and remains at this value until the end. In reality,
these stock price trends are impossible to happen. We only use them as the initial solution curve to begin the
calculation procedure in prediction.
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Fig. 2 Growth model solution curve
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Fig. 3 Decay model solution curve

3.2 Prediction Solution of Stock Prices

To start the iteration procedure, we assign the tolerance of 1xand the maximum iteration number of 50,000,
while the values of step size are set at a1= 0.0001, oz = 0.001 and a3 = 0.8. We use these step size values to
ensure the algorithm can converge within the maximum iteration for a desired result. Table 1 shows the
simulation results when the initial models (15) and (16) are applied. The initial model (15) takes 20,385
iterations to converge in the elapsed time of 45.46 seconds, and the initial model (16) takes 12,471 iterations to
reach the convergence in 24.44 seconds elapsed time. These two different models express the same mean square
error value of 3.394 x10~* and the final model for prediction is given by

X,., = 0.9308x, +0.1054. (17)

The solution curve for the final model (17) is shown in Fig. 4, which approximates closely to the actual stock
prices. The prediction error, ranging from -0.07 to 0.12, is shown in Fig. 5.

Table 1 Simulation results for using different initial models

Model Iteration Number  Mean Square Error  Elapsed Time(seconds)
Grwoth 20,385 3.3941x10# 45.4559
Decay 12,471 3.3941x10# 24.4377
1.65

actual
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Fig. 4 Prediction solution curve
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Fig. 5 Prediction error

The model parameters a and b for initial models (15) and (16) are estimated from the computation
algorithm by observing the stock prices. At the end of the iteration, they reach the respective equilibrium points
at a = 0.9308 and b = 0.1954, as given in the final model (17). Fig. 6 shows that for the model (15), the model
parameter a increases slowly from the initial value of 0.38 and stays at the value of 0.9308, and the parameter b
decreases gradually to 0.1054 after 15,000 iterations during the calculation procedure. On the other hand, Fig. 7
show the parameters a and b for the model (16), where the parameter a increases to 0.9308 and the parameter b
reduces to 0.1054 after 8,000 iterations.
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Fig. 7 Parameter estimates in decay model

3.3 Testing Results of Trial Models

In this section, we test different values of the model parameters used in the first-order linear difference equation
model to predict stock prices. Referring to the simulation results in Table 1, the initial model in decay expressed
a better iteration number than the initial model in growth. Thus, we shall examine the performance of trial
models with different values of the model parameters for a better simulation result. The testing values for the
model parameters are divided as follows,

(@ a=0.17,0.27,0.37,0.47,0.57,0.67,0.77,0.87, 0.97 with b = 0.35.
(b) b=0.15,0.25,0.35, 0.45, 0.55, 0.65, 0.75, 0.85, 0.95 with a = 0.77.

Table 2 shows the simulation results for nine different values of the model parameter a, which range from
0.17 to 0.97, and the value of the model parameter b is fixed at 0.35. The trial models with a = 0.17 to a = 0.77
are decay models, where the related iteration numbers decrease from 18,302 to 12,471. The trial models with a
= 0.87 and a = 0.97 are growth models, where the trial model with the parameter a = 0.87 takes 17,572
iterations to converge. Still, the divergence happened for the trial model with the parameter a = 0.97. These trial
models have the mean square error value of 3.39x107% and provide a satisfactory prediction solution in the
study. Therefore, the final model (17) can be obtained after 12,471 iterations when using the initial model (16).

Table 2 Simulation results for trial models with a different values and b=0.35

Model Model Type [teration number  Mean Square Error  Elapsed Time(seconds)

0.17 Decay 18,302 3.3941x10™* 36.1303
0.27 Decay 17,410 3.3941x10™ 35.7508
0.37 Decay 16,546 3.3941x10™* 43.6998
0.47 Decay 15,665 3.3941x107* 35.6888
0.57 Decay 14,716 3.3941x107* 30.8313
0.67 Decay 13,625 3.3941x107* 31.1163
0.77 Decay 12,471 3.3941x10™* 24.4377
0.87 Growth 17,572 3.3941x10™* 31.2801
0.97 Growth - - -

Table 3 shows the simulation results for a fixed value of the model parameter a = 0.77 and different values
of the model parameter b, ranging from 0.15 to 0.95. The first three trial models are decay models, where the
iteration numbers increase from 11,480 to 12,471. The rest of the trial models express growth solution curves,
with the iteration numbers rising from 14,062 to 22,197. These trial models can give the prediction solution

Penerbit
UTHM



Enhanced Knowledge in Sciences and Technology Vol. 5 No. 1 (2025) p. 66-74 73

with the mean square error value of 3.39x107%. However, the trial models with the model parameter b values of
0.75, 0.85 and 0.95 are not converged and cannot present the prediction solution. Hence, the initial model
Xipq = 0.77x, +0.15, (18)

can produce the final model (17) after 11,480 iterations.

Table 3 Simulation results for trial models with a = 0.77 and b different values

Model Model Type Iteration number  Mean Square Error  Elapsed Time(seconds)

0.15 Decay 11,480 3.3941x10* 23.0130
0.25 Decay 11,596 3.3941x10* 23.4774
0.35 Decay 12,471 3.3941x10* 24.4377
0.45 Growth 14,062 3.3941x10* 27.5238
0.55 Growth 16,644 3.3941x107* 35.5473
0.65 Growth 22,197 3.3941x10* 54.6990
0.75 Growth - - -

0.85 Growth - - -

0.95 Growth - - -

Overall, we can use various trial models as the initial model for applying the proposed algorithm in the
prediction of stock prices. These trial models perform satisfactorily with different iteration numbers to converge
and give the same small mean square error value. Moreover, the predictive model appropriately predicts retail
stock prices, demonstrating the accuracy of the proposed algorithm to predict stock prices.

4. Conclusion

This paper discussed using a first-order linear difference equation model to predict stock prices in the Malaysian
retail industry. The historical data on stock prices from April 2023 to April 2024 were considered in the study. A
least squares optimization problem was introduced to minimize the differences between the stock prices and
the model used. For this goal, we used the gradient method to solve the least squares optimization problem and
to estimate the model parameters. In this way, the computational algorithm updated the linear model solution
iteratively. At the end of convergence, the iterative solution approximated the stock prices closely with a small
mean square error value. The simulation results showed the accuracy of the prediction solution. Hence, the
study achieved the research objective successfully. In conclusion, the first-order linear difference equation
model is an efficient model that effectively reflects the evaluation of stock prices and proves to be a reliable tool
for short-term forecasting.

This study was limited to the prediction of stock price trends. The critical factors such as economic growth,
inflation and interest rates, which significantly impact stock prices and have unpredictable effects on stock price
value, were not considered in the study. For future research, we recommend applying a polynomial with a
higher order to capture the complexity and dynamics of stock price movements. In addition, a comparative study
between the linear difference equation and neural network model shall be conducted to show the accuracy and
efficiency of the computation methods in the prediction of stock prices. This comparison will contribute to the
computational tool applications in stock investment.
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