International Journal of Accounting, Management and Economics Research

Volume.2, No.1, 2024, pp. 111-125
E-ISSN: 2988-64.06, P-ISSN: 2988-6392
https://ijamer.feb.dinus.ac.id/index.php/ijamer/

Optimizing Banking Stock Price Prediction: Deep Learning Based
Approach

Dicky Setiawan %, Tito Wira Eka Suryawijaya 2, Muhammad Ikhsan Anugrah 3, Judea
Pearl 4, Amalia Nur Chasanah °

13 Department of Informatics, Universitas Dian Nuswantoro, INDONESIA

25 Department of Management, Universitas Dian Nuswantoro, INDONESIA
4 Computer Science Department, University of California-Los Angeles, US

"Corresponding Author: 111202013089 @mhs.dinus.ac.id

Received: January 2024; Revised: April 2024; Published: June 2024

Abstract :Recently, the stock market has experienced significant instability, especially during the global pandemic
which resulted in unprecedented economic impact. The main focus of this research is to develop an optimal
prediction model using deep learning techniques for the projection of closing prices of bank stocks during the
pandemic period. This study evaluates the performance of banking stocks, specifically ARTO, BRIS, BBNI, and
BMRI in the Jakarta Composite Index (JCI). Data was extracted from Yahoo Finance and processed through
LSTM and GRU algorithms, including data cleaning, normalisation, and descriptive statistical analysis. Scoring
metrics such as MSE, RMSE, and MAPE are used to measure the effectiveness of the predictive models. The
results show that the LSTM and GRU maodels can predict stock prices well. These findings provide a basis for
trading strategies and improved decision-making in the stock market. Recent research confirms the importance
of integrating deep learning methods such as LSTM and GRU in stock price prediction, helping to understand
complex financial market fluctuations and improve prediction accuracy.
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INTRODUCTION

In recent years, the stock market has witnessed extraordinary financial turmoil, especially
during the pandemic that hit the world. The global pandemic has triggered an unprecedented
global economic response, affecting various sectors, including the banking sector. As a crucial
element in the economic structure, the banking sector is at the center of attention in facing a
significant decline in the value of its shares (Agustina et al., 2022). This condition not only
reflects uncertainty but also poses a serious challenge to the sustainability and stability of the
global economy.

The regulatory and supervisory authority in the financial sector, known as the Financial
Services Authority (OJK), indicated that the impact of the COVID-19 pandemic on the
financial sector, especially on the Composite Stock Price Index (IHSG), was very significant.
At the beginning of 2020 until March 20 2020, which only covers three months, the IHSG
experienced a drastic decline from the level of 6,300 to 3,900. Along with the decline in the
JCI, transaction volume also experienced a marked decline. If in 2019, transaction volume
reached 36,534,971,048, in 2020 it decreased to 27,495,947,445. This phenomenon reflects the
"wait and see" attitude of most investors who are worried about future market conditions. At
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that time, investor panic was further exacerbated by the emergence of new variants of the
COVID-19 virus, such as Delta which was first discovered in mid-2021, followed by the
Omicron variant at the end of 2021 to early 2022. The question is, what factors have a
significant impact on the capital market, especially during the COVID-19 pandemic period?
Several studies have investigated the dynamics of the relationship between the COVID-19
virus and capital markets in various countries. The data show us that ARTO, BRIS, BBNI, and
BMRI as the top two highest and lowest stocks.

Apart from the study Phan & Narayan (2020) regarding the response of capital markets
and countries to COVID-19, they present the argument that every time an unexpected event is
announced, the market will provide an observable reaction. This is in line with the
government's response to the global pandemic. Then, the study carried out by Haldar & Sethi
(2021) state that market speculation has an impact on capital market fluctuations. Their
findings show that news related to COVID-19 also plays a significant role in capital market
dynamics. Furthermore, research by Rizvi et al. (2021) explore the market response to
monetary and fiscal stimulus in four ASEAN member countries, namely Indonesia, Malaysia,
Singapore and Thailand, as a result of the impact of the COVID-19 pandemic. They conclude
that monetary policy takes time to have an impact on stock market conditions, while fiscal
policy can act as a cushion to reduce the adverse impact of the pandemic on capital markets.

From this description, three key factors can be seen that influence the capital market.
First, the policy stimulus implemented by the government and central bank. In the realm of
monetary policy, the central bank implements quantitative easing by purchasing government
securities, which has the potential to affect the performance of the country's capital markets.
Meanwhile, the government's fiscal stimulus policy, in the form of assistance to businesses,
also played a significant role. Second, speculation and news related to COVID-19 which affects
the capital market. The uncertainty of the pandemic conditions encourages investors to
speculate on the Indonesian capital market. Apart from that, news related to COVID-19 also
contributes to shaping current and future market movements. Third, the government's response
to the pandemic situation. Government actions regarding the pandemic also play a crucial role
in influencing the condition of a country's capital markets, considering that the government's
response will influence the prospects for economic recovery in the future.

Although there has generally been a decline in the banking stock market during the
pandemic, this research notes a unique phenomenon. Two bank stocks recorded performance
that was still burning at the peak, while two other stocks experienced severe declines (Permana
et al., 2022). This raises in-depth questions about the factors that might influence the
performance of certain bank shares in crisis conditions such as a pandemic. By exploring this
phenomenon comprehensively, this research aims to develop an optimal predictive model to
project closing stock prices, especially for two prominent bank stocks and two stocks that
experienced significant declines during the pandemic. The deep learning approach used in this
research seeks to increase the accuracy of stock market predictions, thereby providing a more
solid basis for future investment decisions (Liu et al., 2022). Effective implementation of
predictive models can provide significant benefits in managing risk and optimizing potential
profits in banking stock investments. It is hoped that the results of this research will provide
investors, financial analysts and strategic decision makers with a sharper view in understanding
stock market dynamics during the global economic crisis. Determining share prices depends
on the balance between supply and demand, so it is normal for there to be upward or downward
fluctuations in share value.

Predictive analysis from financial experts provides an overview of future developments,
including information related to stock prices (Prayogi, 2021). Before making an investment,
investors have the opportunity to utilize the guidance provided by predictive analysis. If the
information conveyed by predictive analysis reflects the company's economic conditions
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positively, this can attract investors' interest in investing, which then has an impact on
increasing share value. On the other hand, if analyst predictions show signs of a recession in
the company, investors tend to sell their shares, so that share prices will decline (Maghriby &
Irawan, 2023). The link between analyst predictions and stock value is strengthened by
studies(Yahaya, 2021), which highlights the impact of institutional trading and predictive
analysis on stock market dynamics. Research results obtained by (Niederhoffer & Regan, 2018)
shows that share values are strongly affected by changes in earnings, both absolutely and
relative to analyst predictions (Suzuki et al., 2022). The findings indicate that there is a strong
and significant relationship between errors in predictions and subsequent movements in stock
prices. Based on the literature review above, it is hoped that this research can fill the knowledge
gap by providing new insights into the factors that influence bank stock performance during
the pandemic. By using a deep learning approach, this research goes further than commonly
used analytical methods, with the hope of making a significant contribution to the literature on
financial management and stock market prediction, especially in situations of global economic
uncertainty.

LITERATURE REVIEW

Previous research conducted in deep learning with LSTM and GRU modeling includes
(Nilsen, 2022). In that research, a comparison was made between the use of LSTM (Long
Short-Term Memory), GRU (Gated Recurrent Unit), and RNN (Recurrent Neural Network)
models in predicting stock prices in the LQ45 index. The comparison resulted in the best
modeling being done by GRU with the highest accuracy value of 52% and an RMSE value of
202.3475, MSE value of 120380.1, and MAE value of 146.0420626. In a study by (Khalis Sofi
etal., 2021), the Linear Regression, LSTM, and GRU algorithms were compared in predicting
the stock prices of KEJU, and the GRU algorithm was found to be the best with an RMSE
value of 0.034, MSE value of 0.001, and MAE value of 0.024. Another study conducted by
(Sethia & Raut, 2019) compared the Supper Support Vector Machines (SVM), Multiple Layer
Perceptron (MLP), GRU, and LSTM models in predicting stock prices. In this comparison, the
LSTM model had the highest accuracy among the other models with an R2 score of 0.9486.
There was also a study by (Idham et al., 2022) that developed a method for predicting prices
using transformers in LSTM and GRU, resulting in an accuracy value of 0.394 for LSTM and
0.216 for GRU. Furthermore, in a study by (Meriani & Rahmatulloh, 2024), a comparison was
made between the GRU and LSTM models in predicting the movement of gold prices. In this
model, GRU proved to be more accurate than LSTM, although LSTM had lower error
evaluation metric values with an MAE value of 0.0389, RMSE value of 0.0475, and MAPE
value of 5.2047%, while the GRU model had an MAE value of 0.0447, RMSE value of 0.0545,
and MAPE value of 6.0688%. Various studies have shown that in predicting time series data,
LSTM (Long Short-Term Memory) and GRU (Gated Recurrent Unit) models have
demonstrated high accuracy values. With the capabilities of LSTM and GRU, it is proven that
both models can be used in this research to predict stock prices in the banking world.

RESEARCH METHODS

The first approach in this research involves a comprehensive selection of subjects and
objects, namely banking shares listed in the Composite Stock Price Index (IHSG). With full
consideration of the context of the ongoing phenomenon, the stocks selected as research
samples were ARTO, BRIS, BBNI, and BMRI, respectively are the top and bottom two stocks
in the global pandemic period. This sample selection was carried out carefully through a
purposive sampling method, aiming to formulate a focused model design focus in the context
of this research (Robinson, 2022).
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Data collection was carried out through a reliable source, namely Yahoo Finance, with
reference to the stock market closing time range from the date December 31, 2018 until date
December 29, 2023. The data analysis technique applied involves the concept of deep learning,
it is hoped that it can produce data that is not only valid and reliable, but also able to create an
adequate predictive model in predicting banking stock market movements (Sonkavde et al.,
2023). In addition, this research strictly follows the applicable research ethics code, ensuring
the integrity and credibility of the entire research process.
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Figure 1. Research Methodology
Source: Authors, 2024

In this research, data analysis is a very important first step. This stage prepares the data
before proceeding to the next stage. A share data ARTO, BRIS, BBNI, and BMRI used in this
research is tabular data in numeric form with float (decimal) data type. Data that has been
successfully loaded will be processed with descriptive statistical analysis to show the mean and
standard deviation of each data. The mean, or average, is one of the main indicators used in
this analysis (Syahfitri et al., 2023). By involving the mean in descriptive statistical analysis,
this research can provide a better understanding of the characteristics of ARTO, BRIS, BBNI
and BMRI stock data. Additionally, averages can also be used as a means of comparison
between two or more data sets, allowing researchers to evaluate differences and similarities
among observed variables.

n
Information: X = Mean; x1, x2, ..., xn = 1st, 2nd, ..., nth Data, n = Total Data

Standard deviation also plays a role in doing so by analyzing descriptive statistics to
show how far the data is spread from the average value (mean). It is important to note that
standard deviation not only provides information about the distribution of data, but can also be
used to assess whether the data distribution is normal or not.(Pradana, 2017). In the context of
ARTO, BRIS, BBNI, and BMRI stock predictions, standard deviation analysis can provide
insight into the rate of change in stock prices over time. This can be an important consideration
for investors or analysts in measuring the level of risk associated with investing in these shares.

T = AE(X = )2/ oot 2
Information: ¢ = Population standard deviation; X = Middle value; p = Average value; n =

Number of data
Data that has undergone descriptive analysis is continued into the data cleaning process
to identify and correct incomplete and less relevant data from several existing data sets. In the
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data cleaning process carried out in this research, outlier detection and missing value handling
were implemented. Outliers are data values that experience deviations from another set of data.
Outliers can influence the modeling that will be carried out and can influence the data analysis
process(Nirad & Surendro, 2018). Therefore, it is necessary to detect outliers and remove
outliers in order to get more accurate predictions. Several existing methods for detecting
outliers in this research use methodsIQR (Interquartile Range) by finding the first and third
quartiles (Q1 & Q3) then calculating the IQR value by subtracting Q1 and Q3(Sihombing et
al., 2023). Study(Siringoringo et al., 2022) carrying out the IQR method to handle outliers
produces outlier values that experience shrinkage.

TOR = 03 = QL ettt ettt ettt ettt ee et ee et ee et en et ener s 3

Not only outliers can influence data analysis but also missing values. Missing value is
a collection of data that is incomplete and missing (Herliani & Kudus, n.d.). The approach that
can be used to deal with missing values is data imputation. This imputation approach is used
by filling in data that has missing values (Ilham, 2020). The imputation carried out in this study
used mean imputation (average). This method was carried out by filling in the missing values
using the average value of the variable. This is done because the data used to predict ARTO,
BRIS, BBNI and BMRI share prices are numbers. With a small amount of missing data,
imputation of the mean becomes an option in dealing with missing values in the data (Wilsen
etal., 2018).

Data that has gone through the data cleaning process will enter the preprocessing stage,
which is the step of changing raw data into data that is easy to understand and process by
computers. The preprocessing step in this research is data normalization using Min-Max Scaler,
this aims to carry out linear transformations using minimum and maximum values (Pratama et
al., 2022). On research (Suryanegara & Purbolaksono, 2021) using the Min-Max Scaler in the
normalization stage by getting the highest accuracy value in the modeling carried out at
95.45%, this has become a reference for researchers in using the Min-Max Scaler in
preprocessing data normalization.

Xsc — X—Xmin.
Xmax — Xmin

In predicting these stocks, a deep learning approach is used which utilizes a layered
artificial neural network for multiple non-linear transformations (Nugroho et al., 2020). Deep
learning can be said to be a combination of machine learning and artificial neural networks.
LSTM (Long Short-term Memory) and GRU (Gated Recurrent Unit) is the modeling used in
the deep learning approach in predicting stock prices. LSTM is a modification in the recurrent
neural network section with the addition of memory cells to store information (Fadli & Km,
n.d.). LSTM has three gates, namely input gate, forget and output gate.

X

Figure 2. LSTM Architecture
Source: Karyadi, 2022
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One type of well-known LSTM derivative algorithm is GRU. GRU has the advantage of
being computationally simpler than LSTM, but has an equivalent level of accuracy (Karno et
al., 2020)

(", =tanh (W.-[C, ,.x,] +b.)

u, =oW, - [C, ,.x]+b,)

C, :111*(,'1 +(1-u)*C,_,

Figure 3. GRU Architecture
Source: Karyadi, 2022

Previous research that used the LSTM and GRU algorithms in developing stock
predictions and determining the best performance included (Khalis Sofi et al., 2021) managing
public data in the form of generating time series mark RMSE, MSE, and MAE are 0.034 for
RMSE, 0.001 for MSE and MAE is 0.024. Meanwhile, the RMSE, MSE, and MAE values
using LSTM are 0.048, 0.002, and 0.038. The lower the RMSE, MSE, and MAE values, the
higher the level of algorithm performance. In research (Idham et al., 2022), the accuracy level
of the LSTM algorithm is 0.394 and GRU is 0.216. This makes the use of the LSTM and GRU
algorithms in predicting stock prices have a high level of performance.

In the final stage of stock prediction, you need to go through the evaluation stage. The
evaluation stage is used to measure the performance of the models used, namely LSTM and
GRU using the MSE, RMSE and MAPE evaluation matrices. The smaller the MSE (Mean
Squared Error) value, the better the model performance.

R Rl S O B 5

n

RMSE (Root Mean Squared Error) is the square root of MSE also used for predictions in
the same units as the target variable (Maulana et al., 2024).

1 .
RMSE = \/; (VT = P12 e 6

MAPE (Mean Absolute Percentage Error) is the average value of the absolute value and
predicted value. Using MAPE you can see the evaluation value of the predictions that have
been made (Nabillah & Ranggadara, 2020). Likewise with MSE and RMSE, the smaller the
MAPE value will be produce modeling which has a high level of accuracy.

MAPE = 2 3 22 510006ttt 7

RESULTS AND DISCUSSION

The population in this study focuses on data on two bank stocks that have increased,
namely PT Bank Jago Tbk (ARTO) and PT Bank Syariah Indonesia (BRIS) and two bank
stocks that have decreased, namely PT Bank Negara Indonesia (Persero) Tbk (BBNI) and PT
Bank Mandiri (Persero) Thk (BMRI). The four populations used in this study are types of
banking stocks that are listed on the Indonesia Stock Exchange (IDX) and the data used is also
public data with several attributes/variables it has. The focus of the research on this data is to
predict the value of the closing stock price (close) in the last five years (31 December 2018 to
29 December 2023) with data that has been collected from the Yahoo Finance page.

116


https://www.zotero.org/google-docs/?WXi8rC
https://www.zotero.org/google-docs/?WXi8rC
https://www.zotero.org/google-docs/?xIcgeN
https://www.zotero.org/google-docs/?ICe7vZ
https://www.zotero.org/google-docs/?fBGmbz
https://www.zotero.org/google-docs/?sqF38h

Dicky Setiawan 1", Tito Wira Eka Suryawijaya 2, Muhammad Ikhsan Anugrah 3, Judea Pearl 4,
Amalia Nur Chasanah 5 :
Optimizing Banking Stock Price Prediction: Deep Learning Based Approach

Table 1. Close Price at Each Bank

Date Close Price

ARTO BRIS BBNI BMRI
2018-12-31 184.0 525.0 4400.0 3687.5
2019-01-01 184.0 525.0 4400.0 3687.5
2019-01-02 188.0 520.0 4362.5 3662.5
2023-12-27 2970.0 1695.0 5275.0 6000.0
2023-12-28 2940.0 1740.0 5350.0 6125.0
2023-12-29 2900.0 1740.0 5375.0 6050.0

Source: Yahoo Finance (2024)
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Figure 6. BBNI Close Price Figure 7. BMRI Close Price
Source: Authors Data, 2024

From Table 1, it can be seen that the existing data shows an increase from the beginning
to the end of the data collected. However, when looking at the visualization of some of the
figures above, the fact is that not all existing data shows an increase during the pandemic (end
of 2019 to 2020). In Figure 4 and Figure 5 are graphs of the closing prices of ARTO and BRIS
bank shares where indeed during this period there was an increase in stock prices. However,
something different happened to the shares of BBNI and BMRI banks as shown in Figure 6
and Figure 7 where during this period they experienced a decline. Some of these things make
this research try to present a prediction model with a deep learning approach to anticipate and
preventive action in providing accurate prediction results. This is also certainly in line with
research (Widiputra & Juwono, 2024) that a successful approach to forecasting time series
involves the utilization of deep learning models, which prove their effectiveness with the ability
to automatically understand complex patterns in data, something that may be difficult to
identify using traditional statistical methods.
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Descriptive statistical analysis on the closing price variable of bank stock data for
ARTO, BRIS, BBNI, and BMRI is based on the minimum, maximum, average, and standard
deviation values described in Table 2 below.

Table 2. Statistical Descriptive Analysis

Indicator Close Price
ARTO BRIS BBNI BMRI
Minimum 145.0 135.0 1580.0 1860.0
Maximum 18950.0 3190.0 5375.0 6125.0
Mean 5413.831 | 1200.18211 | 3750.439984 | 3904.502841
Standard Deviation | 5250.811871 | 675.61032 | 904.456984 | 978.628033

Source: Authors Data (2024)

The results of the descriptive statistical analysis as contained in Table 2, show that there
is a significant value between the minimum and maximum value differences. It also appears
that there is a minimum or maximum value that is far from the average value and standard
deviation. Of course, this further strengthens that at this time, the data related to bank shares
experienced a very drastic decline or increase and needed the right approach.

Initially, bank stock data, be it ARTO, BRIS, BBNI, or BMRI, have problems that need
to be overcome to ensure that the data is completely clean before modelling to make
predictions. Among them, there are several treatments in data cleaning such as outlier detection
and handling missing values. Outlier detection is done to check the distribution of existing data
in terms of the gap between existing values. Then in dealing with empty/missing values, the
data imputation method is carried out with the average value, this was chosen based on the
existing data being numerical data. The problems in this data have been overcome and resolved
with these steps, so then the data has been declared feasible for further modelling to make
predictive results.

Based on the graph visualization in Figures 4, 5, 6, and 7, it shows that the bank stock
data has a significant gap or a considerable difference between one value and another. In this
regard, deep learning models usually need to normalize data to produce accurate predictions
and minimize errors. MinMax Scaler is one of the normalization methods that will be used in
this research. The following table illustrates the data before and after normalization.

Table 3. Data Before and After Normalization
Date Close Price

ARTO BRIS BBNI BMRI
Before After Before After Before After Before After
2018-12-31 | 184.0 |0.00207392 | 525.0 |0.12765957 | 4400.0| 0.743083 |3687.5|0.42848769
2019-01-01 | 184.0 |0.00207392| 525.0 |0.12765957 | 4400.0| 0.743083 |3687.5|0.42848769
2019-01-02 | 188.0 [0.00228663 | 520.0 |0.12602291|4362.5|0.73320158 | 3662.5 | 0.42262603

2023-12-27 |2970.0| 0.150226 |1695.0| 0.5106383 |5275.0|0.97364954 |6000.0 |0.97069168

2023-12-28 |2940.0|0.14863068 | 1740.0|0.52536825 | 5350.0 |0.99341238 | 6125.0 1

2023-12-29 |2900.0]0.14650359|1740.0]0.52536825 | 5375.0 1 6050.0 |0.98241501
Source: Authors Data (2024)

It can be seen that in Table 3, the existing data has been normalized by making the values
in the data in the range of 0 (zero) to 1 (one) according to the existing calculation method. The
normalized data will then be used as training data in modelling using the deep learning
approach.

118



Dicky Setiawan 1", Tito Wira Eka Suryawijaya 2, Muhammad Ikhsan Anugrah 3, Judea Pearl 4,
Amalia Nur Chasanah 5 :
Optimizing Banking Stock Price Prediction: Deep Learning Based Approach

The next stage is modelling using deep learning approach. There are two models or
algorithms that will be used in predicting stock prices based on bank stock price data that has
been processed previously. The two models that will be used include Long Short Term Memory
(LSTM) and Gated Recurrent Unit (GRU). The selection of these two models is based on the
suitability and accuracy of their performance in handling data with time series properties,
especially in the context of stock price prediction. Then from the data, it is determined how the
parameter settings must be prepared. The following are the parameters required in the LSTM
and GRU models. Parameter initialization in the LSTM and GRU models consists of several
layers as summarized in Figure 8 and Figure 9 below.

Model: “sequential” Model: "sequential_1"

Layer (type) Output Shape Param # Layer (type) Output Shape Param #

1stm (LSTM) (Mone, 1, 64) 16896 gru (GRU) (None, 1, 64) 12254
dropout (Dropout) (None, 1, 64) a dropout_4 (Dropout) (None, 1, &64) =]
1stm_1 (LSTM) (Mone, 1, 64) 33024 gru_1 (GRU) (None, 1, 64) 24960
dropout_1 (Dropout) (None, 1, 64) a dropout_5 (Dropout) (None, 1, &64) =]
1stm_2 (LSTM) (Mone, 1, 64) 22024 gru_2 (GRU) (None, 1, 64) 24960
dropout_2 (Dropout) (None, 1, 64) a dropout_& (Dropout) (None, 1, &64) =]
Istm_3 (LSTM) (None, 64) 33024 gru_3 (GRU) (None, 64) 24868
dropout_3 (Dropout) (None, &4) a dropout_7 (Dropout) (None, 64) =]

dense (Dense) (None, 1) 3 dense_1 (Dense) (None, 1) 65

Figure 8. LSTM Modelling Figure 9. GRU Modelling
Source: Authors Data, 2024

After building the architecture in both types of models, LSTM and GRU, then training
data will be carried out using an epoch value of 100. In line with the results of research
conducted in (Rasyid et al., 2021), the epoch value of 100 is considered to provide the smallest
or most effective MSE value in testing model performance.

After making the model architecture and training data, the next step is testing the model
by displaying the predicted bank stock prices from ARTO, BRIS, BBNI, and BMRI which will
be compared with the actual data. The results regarding predicted data and actual data from the
LSTM model can be seen in the following table.

Table 4. Prediction Results of the LSTM Model
Date Close Price
ARTO BRIS BBNI BMRI
Actual| Predict |Actual| Predict | Actual | Predict |Actual| Predict
2018-12-31| 184.0 |457.46112| 525.0 | 546.1174 | 4400.0 | 4387.818 |3687.5 | 3634.3857
2019-01-01| 184.0 |457.46112| 525.0 | 546.1174 | 4400.0 | 4387.818 | 3687.5 | 3634.3857

2019-01-02 | 188.0 |460.60822 | 520.0 | 541.7547 | 4362.5 |4350.1147 | 3662.5 | 3609.4321

2023-12-27 | 2970.0 | 2830.969 | 1695.0 | 1699.165 | 5275.0 |5114.3853 |6000.0 | 5793.628

2023-12-28 | 2940.0 | 2803.508 | 1740.0 | 1745.5552| 5350.0 | 5157.683 |6125.0 | 5869.659

2023-12-29]2900.0 | 2766.9556 | 1740.0 | 1745.5552 | 5375.0 |5171.2856 | 6050.0 | 5824.941
Source: Authors Data (2024)

Based on the prediction results using the LSTM model as shown in Table 4, it appears
that some predicted data have higher values than actual data or vice versa. The value of the
prediction results can also be said to be almost close to the actual data. Then also to see an
overview of the comparison of actual data and stock prediction data for the four banks using
the LSTM model, there is the following figure.
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Figure 13. LSTM Prediction (BMRI)

Source: Authors Data, 2024

At a glance at Figures 10, 11, 12, and 13 above, it can be seen that the predicted value
symbolized by the red line can be said to be almost close to the actual value of the data
symbolized by the blue line, and there is still a slight gap between the two. This proves that the
LSTM model is one of the deep learning models that is quite feasible in helping to provide

predictive results on stock prices.

Then the second model tried in this study is the GRU model. The results of the predicted

value compared to the actual value in the data are in the table below.

Table 5. Prediction Results of the GRU Model

Date Close Price
ARTO BRIS BBNI BMRI
Actual | Predict | Actual | Predict | Actual | Predict | Actual | Predict
2018-12-31 | 184.0 | 323.07608 | 525.0 | 543.8785 | 4400.0 | 4430.03 | 3687.5| 3705.777
2019-01-01 | 184.0 | 323.07608 | 525.0 | 543.8785 | 4400.0 | 4430.03 | 3687.5| 3705.777
2019-01-02 | 188.0 | 326.29858 | 520.0 | 538.87213 | 4362.5 | 4392.6187 | 3662.5 | 3681.0754
2023-12-27 | 2970.0 | 2756.8528 | 1695.0 | 1751.3053 | 5275.0 | 5280.2256 | 6000.0 | 5845.1694
2023-12-28 | 2940.0 | 2728.6567 | 1740.0 | 1797.67 | 5350.0 | 5350.609 | 6125.0 | 5920.1265
2023-12-29 | 2900.0 | 2691.1274 | 1740.0 | 1797.67 | 5375.0 | 5373.9683 | 6050.0 | 5876.061

Source: Authors Data (2024)

Based on the prediction results in Table 5 above using the GRU model, it appears that
there are some predicted data that the majority have higher values than actual data, but there
are also lower predicted values. The value of the prediction results can also be said to be almost
close to the actual data. An overview of the comparison of actual data and stock prediction data

for the four banks using the GRU model, can be seen in the following figure.
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In looking at Figures 14 to 17 above, it can be seen that the predicted value shown by the red line is almost
close to the actual value in the data shown by the blue line. Although there is a slight difference between the two,
this indicates that the GRU model can also be considered a viable deep learning model in providing good
predictions for stock price prediction.

To test the extent of the effectiveness of the two deep learning models used, a model evaluation will be
conducted next. The model is evaluated using several indicators ranging from MSE, RMSE, and MAPE according
to the existing calculation method. The smaller the MSE, RMSE, and MAPE values, the better and more accurate
the model will be in producing predictive values. The results of the model evaluation on the use of both models
and from four types of bank stocks are in the following table.

Table 6. LSTM Model Evaluation

Indicator LSTM Model Evaluation
ARTO BRIS BBNI BMRI
MSE 0.000185 0.000108 0.000193 0.000276
RMSE 0.013615 0.010404 0.013898 0.016614
MAPE 2.584471e+07 3.173783e+07 2.844525e+07 3.755514e+07
Source: Authors Data (2024)
Table 7. GRU Model Evaluation
Indicator GRU Model Evaluation
ARTO BRIS BBNI BMRI
MSE 0.000147 0.000200 0.000037 0.000250
RMSE 0.012110 0.014127 0.006102 0.015823
MAPE 1.345329e+07 9.259082e+06 9.192906e+06 5.527444e+07

Source: Authors Data (2024)

Several things can be highlighted from the model evaluation results of both LSTM in
Table 6 and GRU in Table 7. The first is in ARTO bank shares where the MSE, RMSE, and
MAPE values in the GRU model are lower so that for ARTO bank stock data it can be said that
it is more effective to use the GRU model than LSTM. Then if in BRIS bank shares the MSE
and MSE values in the LSTM model are smaller while the MAPE value in the GRU model is
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smaller so that in this BRIS bank stock data both are also considered feasible. Furthermore, in
BBNI bank stocks it appears that the MSE, RMSE, and MAPE values in the GRU model are
smaller than LSTM so that the GRU model is also considered more effective. Similar to other
bank stocks, BMRI bank stocks also have lower MSE and RMSE values in the GRU model
but have a higher RMSE, this also proves that both models are also said to be feasible in
predicting stock prices.

From the prediction results that have been carried out using a deep learning approach in
this study, it proves that from the results of the evaluation of the LSTM and GRU models on
the prediction of bank stock prices ARTO, BRIS, BBNI, and BMRI show variations in the
effectiveness of both. Even the same thing has also been proven through research Alzaman,
(2024) that the results show promising portfolio returns 20% better than the market in general.
Research by Beniwal et al., (2024) also shows the potential of deep learning models for long-
term stock price forecasting and can help in building trading and risk management decision-
making systems. This further indicates that both deep learning models used in this study can
be considered feasible and effective in predicting stock prices, although their relative
effectiveness may depend on the bank stocks evaluated. The use of deep learning models, such
as LSTM and GRU, in stock price prediction has the potential to make an important
contribution to investment decision-making in the banking sector, helping investors and
financial practitioners to anticipate market changes and optimized their investment strategies.

CONCLUSION

The limitation of this study is the reliance on graphical data trends for model analysis.
Not all individuals possess the skills to interpret graphic data effectively, highlighting a
practical challenge. Additionally, the model's performance is influenced by specific
characteristics of the stock price data, emphasizing the importance of tailoring the model to the
unique features of the data. Besides that, the data for analyzing just using four stocks in
banking. So, this will be cannot generalize for data analysis in the banking sector.

The findings suggest that both LSTM and GRU models offer potential benefits in
improving stock price predictions for banks like ARTO, BRIS, BBNI, and BMRI. The GRU
model, in particular, demonstrates a capacity for understanding intricate patterns in historical
stock price data, as reflected in lower error rates. The application of these models in the
economic and banking sectors has the potential to enhance the quality of stock price
predictions, facilitating more informed investment decisions and contributing to intelligent
decision-making within the financial industry. It is crucial to consider the specific
characteristics of individual banks and market conditions, continuing to refine evaluation
methods for the effective implementation of these models amidst dynamic challenges in the
economic landscape.

LIMITATIONS AND RECOMMENDATION

Limitations of this study include the dependency on specific characteristics of stock
price data, as the effectiveness of the model may vary with different data sets. The complex
structure of LSTM compared to GRU adds a layer of consideration in evaluating model
performance. In predicting stock prices for ARTO, BRIS, BBNI, and BMRI banks, both LSTM
and GRU models exhibit variations in predictive outcomes. Generally, the results indicate that
the GRU model demonstrates a potential for lower error rates in MSE, RMSE, and MAPE
indicators, suggesting its proficiency in deciphering intricate patterns in historical stock price
data. Implications of these models in economics and banking lie in their potential to enhance
stock price predictions, facilitate more informed investment decisions, and contribute to
intelligent decision-making in the financial sector. However, it is crucial to account for the
distinct characteristics of individual banks, market conditions, and continuously develop
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comprehensive evaluation methods to ensure the models' effective application amidst the
dynamic challenges in the economic landscape.
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