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Abstract. Humans have a limit to their physical ability to work, so investment is needed to meet their needs and other 

goals according to their wants and needs. Investment has many types and risks according to the portion of the return 

value, such as mutual funds, bonds and stocks. Stocks are a form of investment that has a high risk because of the rapid 

fluctuations in stock values. Prediction of stock movements is usually assisted by indicators, but predictions using 

indicators require complex analysis because of the diverse periods and different movements in each stock data case.   

Purpose: To predict the closing price of BBCA and BBRI shares in the next 10 days by considering the count of 

technical indicators in the form of Moving average (MA), Exponential moving average (EMA), Rate Of Change (ROC), 

Price Momentum, Relative Strength Index (RSI), Stochastic Oscillator in periods 21, 63 and 252. 

Methods/Study design/approach: This research was conducted by comparing the accuracy of Random Forest, 

Decision Tree, KNN, SVM using K-fold Cross Validation then the method with the best accuracy was used to find out 

how much velue from the trading indicators used and predict the closing price of shares per day at BBRI and BBCA 

companies for the next 10 day period using the LSTM algorithm. 

Result/Findings: The best accuracy in the k-fold cross validation process is random forest. random forest is used to 

train indicator data in determining 5 indicators along with the period that has the highest value, in this test it produces 

values on BBCA data in order, namely ROC63, RSI63, MOM63, MA252, EMA21 while on BBRI data in order, namely 

ROC63, MOM63, RSI63, MA252, MA21. This indicator is used in the price forecasting process with the LSTM method 

to determine the closing price in the next 10 days. The LSTM method in this study resulted in 96.8% accuracy for 

BBCA and 96.4% accuracy for BBRI. 

Novelty/Originality/Value: The forecasting accuracy on BBCA is 96.8% and the forecasting accuracy on BBRI is 

96.4%. This shows that the accuracy results are classified as good because the prediction results are close to the actual 

results. The data training process is expected to help traders in making stock buying and selling decisions that are 

adjusted to the fundamental aspects of the company. 
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INTRODUCTION 
People around the world have started to realize the importance of investment [1] [2]. This investment can 

be in the form of stocks, deposits, property and gold. Shares are a form of proof of ownership of a company 

that is invested in. Stocks are an invested form of ownership of a company. There are many factors that 
affect stock prices [3]. Rational factors and various irrational factors determine the purchase of shares [4]. 

Rational factors are based on calculations that have a fundamental basis, while irrational factors are usually 

formed based on market trends so that the share price of a particular company soars even though in reality 

the company does not necessarily have a value that matches the price. Nowadays, media factors such as 

news articles, social media can also influence the decisions of investors [5].  

 

Indonesia has huge potential in the stock market. But keep in mind that stocks also have the risk of loss. 

This is influenced by many factors such as weak company fundamentals, market volatility, government 

policies, rumors and market sentiment [6]. This makes the capital market very dynamic and constantly 
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moving. In this condition, it still brings people to invest [7]. Both by making long-term investments and 

short-term investments or commonly referred to as trading [8]. 

 

In predicting stock price trends, there is a level of vulnerability due to many factors that already exist so 

that more measurement tools are needed in maximizing profits and minimizing capital losses. Among the 

methodologies for predicting stock trend movements, the things that need to be considered are Engineering 

Analysis [9], Time Series Forcasting [10], Machine learning and Data Mining [11], and Modeling and 

predicting stock volatility using differential equations [12]. 

 

Stocks are influenced by Fundamental Analysis which focuses on the economic and financial factors of a 

company, and Technical Analysis which focuses on stock price movements through historical data on 

securities [13]. This technical analysis has many types and will continue to evolve and come up with new 

ways of calculation. Widely recognized technical analysis such as Moving Average (MA), Rate Of Change 

(ROC), Price Momentum, Relative Strength Index (RSI) and Stochastic Oscillator [14]. 

 

Machine learning method is a type of algorithm method that is included in the Artificial Neural Network 

(ANN). This network is a network formed from neurons in which there are three layers: input layer, hidden 

layer, output layer [15].  However, the problem experienced by ANN is that it is less effective when neural 

networks that have many hidden layers experience vanishing gradients so that ANN is unable to capture 

sequential information on the required input data. Recurrent Neural Network (RNN) overcomes the 

problem with the ability to store more and longer networks, resulting in more optimal output [16]. One 

RNN method that is often used to predict a sequence of numbers and time-based data information is the 

Long Short Term Memory (LSTM) method. The LSTM algorithm is designed to fulfill the shortcomings 

of ANN while still maintaining the advantages of predicting more accurate information [17]. 

 

METHODS 

In this study, the calculation of trading indicators with periods of 21, 63 and 252 then selected the KNN, 

SVM, Decision Tree and Random forest methods with K-Fold Cross Validation. The highest method 

accuracy is used to process 5 indicators with the highest velue importance. The selected indicators are used 

to forecast the closing prices of shares in BBCA and BBRI for the next 10 days using the LSTM method. 

This research is divided into four main steps, as described below. 

 

Data Research 

stocks of PT Bank Rakyat Indonesia (Persero) Tbk and PT Bank Central Asia Tbk with a data period of 

January 2019 - January 2024 and not suspended. Data obtained from Yahoo Finance contains historical 

data per day. Predictions from the stock price chart are carried out only for the next 10 days, this prediction 

has 3 possibilities, namely an increase in price, the price will remain, or there will be a price decline. Trials 

were conducted with 3 data divisions, namely 70% train data - 30% test data, 80% train data - 20% test 

data, and 90% train data - 10% test data. The amount of data can be summarized in table 1. 

  

Table 1. Data sharing 
Data Train - Data Test BBCA and BBRI data 

70% - 30% 853 - 366 data 

80% - 20% 975 – 244 data 

90% - 10% 1097 – 122 data 

 

Pre-processing 

In this stage, the dataset is checked if there are missing values and data that are repeated or irrelevant to 

use. This process is carried out twice, namely at the beginning of calling the data and when the data has 

been calculated for the indicator results. This is done to make efficiency so as to reduce computation time. 

The data cleaning process is depicted in Figure 1. 
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Figure 1. Pre-processing data 

Train data 

The model produced in this stage will be used to conduct trials at the Testing Data stage. Where all 

information or data from training results are collected in 1file called lstm_weights.h5. The flowchart of our 

proposed method is shown in Figure 2. 

 
Figure 2. Research stages 
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Model Evaluation 

In testing the effectiveness and accuracy of a prediction result obtained from a machine learning model, it 

is tested through an evaluation matrix. The evaluation matrix is used as a benchmark for the accuracy of a 

prediction result with actual results [18]. Commonly used evaluation matrices include Root Mean Squared 

Error (RMSE), and Mean Absolute Percentage Error (MAPE).  

 

RMSE 

RMSE is the square root of the average squared difference between the actual value and the resulting 

predicted value [19]. The smaller the RMSE value, the better the quality of the resulting prediction. The 

calculation of RMSE can be calculated through Equation 1 [20]. 

 

𝑅𝑀𝑆𝐸 =  √∑
(𝑌′ − 𝑌)2

𝑛
 

(1) 

 

MAPE 

MAPE is a very commonly used evaluation method, this is because the results of MAPE are in the form of 

percentages so it is easier to understand and compare [21]. MAPE is calculated by calculating the average 

of the percentage difference between predicted and actual values [22]. MAPE is a calculation of the 
percentage error of a prediction result compared to the actual value, so the smaller the MAPE value, the 

better the quality of the resulting prediction data. The MAPE calculation can be defined by Equation 2 [23]. 

 

𝑀𝐴𝑃𝐸 =  
∑ |(

𝐴𝑡 − 𝐹𝑡
𝐴𝑡 ) 100|𝑛

𝑡=1

𝑛
 

(2) 

 

RESULT AND DISCUSSION 

Pre-processing Process 

At this stage, it is done to call the data and select the data needed. The preprocessing stage is used to 

eliminate data that has missing values. Data checking is also carried out on data types such as in the date 

column detected to have the data type "object" as in Figure 1 changed to "datetime" as in Figure 2 this stage 

is carried out to facilitate the next process. 

 

 
Figure 3. Date column with object datatype 
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Figure 4. Date column with datetime datatype 

Data Retrieval 

K-Fold Cross Validation 

The k-fold cross validation process is used in determining the accuracy of each data division on BBCA and 

BBRI data which can be seen in the table 2 and table 3. 

 

Table 2. BBCA K-Fold Cross Validation accuracy results 
Data train – data test KNN Decision tree SVM Random forest 

70% - 30%  0.952157 0.932392 0.940196 0.972118 

80% - 20%  0.956473 0.928675 0.949456 0.979099 

90% - 10% 0.951899 0.941202 0.951899 0.978365 

 

Table 3. BBRI K-Fold Cross Validation accuracy results 
Data train – data test KNN Decision tree SVM Random forest 

70% - 30%  0.968078 0.970078 0.964118 0.976978 

80% - 20%  0.966818 0.966788 0.968542 0.979008 

90% - 10% 0.978293 0.973630 0.970529 0.986058 

 
Indicator Accuracy 

Random forest shows the highest accuracy results from other methods. Random forest is used to determine 

the velue importance of indicators with each period. The velue importance results can be seen in Figure 3 

and Figure 4. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 5. BBCA Indicator accuracy results 
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Figure 6. BBRI Indicator accuracy results 

Model Evaluation 

The actual data starts with the closing price data on January 4, 2024 until 10 days in the future when the 

capital market is active. Each table consists of observation values or actual values that occur which are 

compared with the predicted values generated according to the calculation method.  Each table is divided 

into 3 data model divisions, each of which is 70% data train 30% data test (70%-30%), 80% data train 20% 

data test (80%-20%), and 90% data train 10% data test (90%-10%). The results of the RMSE and MAPE 

evaluation matrices are shown in Table 4. 

 

Table 4. Accuracy result 
Pembagian data RMSE MAPE - Accuracy 

BBCA 70% - 30% 418,2 4,3% - 95,7% 
BBCA 80% - 20% 305,6 3,2% - 96,8% 

BBCA 90% - 10% 518,2 5,4% - 94,6% 

BBRI 70% - 30% 349,4 5,9% - 94,1% 

BBRI 80% – 20% 219 3,6% - 96,4% 

BBRI 90% - 10% 407 6,9% - 93,1% 

 

Discussion 

This research uses historical price datasets on the stock prices of BBCA and BBRI Companies with data 

periods January 2019 - January 2024. This data consists of date, open, high, low, close, adj close, volume. 

This dataset can be accessed openly on the Yahoo Finannce platform which provides a variety of historical 

stock price data around the world. The writing of this research was inspired by personal anxiety about future 

financial needs and simplifying the concept of old prediction methods that are still calculated manually 

modified into machine learning. This concept can be used for various transaction service providers on 

stocks as a predictive analysis.  

 

The dataset used in this research contains information about prices in detail which is classified per day on 

each existing data. In implementing machine learning, it is necessary to check the data to be used, so data 

preprocessing is carried out to check the data and change the type of data accordingly so that it can be 

processed.  Data checking is done to look for data that is NaN or missing value then the data is deleted so 

that all data can be completely processed. Changing the data type is done on the date data which is defined 

as an object then changed in the form of a datetime. Data that has gone through the preprocessing stage is 

used to calculate technical indicators in the form of MA, EMA, ROC, price momentum, RSI and Stochastic 

Oscillator with the periods used are 21, 63, 252 respectively. This period serves as a grouping of the data 

used which is useful in finding results according to the calculation equation for each indicator.  

 

This research applies filtration to several types of machine learning methods such as decision tree, random 

forest, KNN, and SVM with K-Fold Cross Validation so that it will produce the accuracy level of each 
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method for training technical indicator data previously calculated by data division trials of 70% train data 

- 30% test data, 80% train data - 20% test data, 90% train data - 10% test data which results in random 

forest as a method that has the highest accuracy in each data division. Random forest is used to train 

technical indicator data so as to produce signals to determine prices. This data is then used to train data 

using LSTM to predict the closing price in the next 10 days. The application of LSTM is also done by 

dividing the data with a proportion of 70% train data - 30% test data, 80% train data - 20% test data, 90% 

train data - 10% test data. Data evaluation is carried out with the RMSE and MAPE evaluation matrices. A 

recap of the results of the evaluation matrix can be seen in Table 4. 

 

The accuracy value of the RMSE and MAPE evaluation matrix on the 80% - 20% data division shows 

better results than other data division experiments. The results of this evaluation matrix show relatively 

good results because the predicted value produces a stock closing price that is not far from the actual price. 

Manuscripts can be presented with the support of tables, graphs or images which needed to clarify the 

results of presentation verbally. Results and discussion is shown clearly and concisely.  

 

CONCLUSION 

In this study it can be concluded that in the machine learning selection process using the K-Fold Cross 

Validation method, the highest value result is the random forest method. The random forest algorithm has 

the highest accuracy and value when compared to the decision tree algorithm, KNN, and SVM on the two 

data tested. random forest is used to train indicator data in determining 5 indicators along with the period 

that has the highest value, in this test it produces values on BBCA data in order, namely ROC63, RSI63, 

MOM63, MA252, EMA21 while on BBRI data in order, namely ROC63, MOM63, RSI63, MA252, MA21. 

Each period indicator has relatively the same results, it's just different in the 5th order on BBCA resulting 

in EMA21 while on BBRI MA21. This indicator is used in the price forecasting process with the LSTM 

method to determine the closing price for the next 10 days. The LSTM method in this study resulted in an 

accuracy value of 96.8% for BBCA and 96.4% accuracy for BBRI. With this research, it is hoped that it 

can be developed by using data on company shares and other sectors and deepening indicators and more 

periods so that it can be explored more deeply in the algorithms used and allow maximum accuracy results. 
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