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 Stocks are a type of long-term financial instrument found in the capital 

market. However, stock price movements are volatile and influenced by 

various factors such as economic conditions, market sentiment, government 

policies, and global dynamics requiring market participants or investors to 

conduct analysis before entering the market. Analysis generally falls into 

two categories: fundamental and technical; yet, even when employing these 

techniques, investors may still face the risk of failure. To address this issue, 

this study designs and develops a system to predict Indonesian stock 

closing prices using the Long Short-Term Memory (LSTM) model, aiming 

to provide investors with insights for their investment planning. The study 

utilizes OHLC (Open, High, Low, Close) data for the target stocks and the 

closing price of the Jakarta Composite Index (JCI) as supplementary data. 

Evaluation is conducted using RMSE and MAE metrics. The results 

demonstrate that the prediction system is capable of forecasting closing 

prices with a Root Mean Square Error (RMSE) of 280 and a Mean Absolute 

Error (MAE) of 210.55. This model is expected to assist stock market 

participants and investors in making investment decisions. 
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1. Introduction 
Advancements in information technology and artificial intelligence have progressed rapidly in 

recent years. Digital transformation has reshaped various sectors, including the financial industry and the 

stock market. Currently, the capital market plays a vital role in Indonesia's economy [1]. Technological 

progress and the abundance of available information have paved the way for the development of more 

sophisticated and efficient analytical methods. In the context of the stock market, the use of artificial 

intelligence enables the analysis of complex historical stock price patterns, thereby assisting investors in 

making investment decisions. Models such as Long Short-Term Memory (LSTM) have emerged as widely 

used algorithms for processing time-series data [2]. 

The financial world has undergone a major transformation driven by technological advancements, 

particularly in how investors and traders conduct analysis and make decisions [3]. Stocks are long-term 

financial instruments traded in capital markets; they are securities issued by companies to represent 

ownership [1]. Investing in stocks offers two primary types of returns to holders dividends and capital gains. 

Dividends represent a distribution of corporate profits determined at the General Meeting of Shareholders 

https://creativecommons.org/licenses/by-sa/4.0/


Muhammad Zaki Naufal, Sulistyo Dwi Sancoko e-ISSN: 2622-1659 

Jurnal Teknologi dan Open Source, Vol. 9, No. 2, December 2026:  523 - 534 

536 

(GMS), whereas capital gains are profits realized by investors from selling assets at a higher price in the 

secondary market. However, alongside this profit potential, stocks also carry significant risks, such as capital 

losses (losses resulting from a decline in price). Pabrik Kertas Tjiwi Kimia Tbk, traded under the ticker 

symbol TKIM, is one such company and a leading paper manufacturer in Indonesia. However, stock price 

movements are volatile and influenced by various factors, such as macroeconomic conditions, market 

sentiment, government policies, and global dynamics. Consequently, stock price forecasting has become a 

compelling research topic. Stock price forecasting enables the prediction of future prices based on available 

historical data, thereby providing insights to support decision-making. 

One of the primary challenges in stock investment is accurate price prediction, given that stock 

prices can fall at any time due to market fluctuations, shifts in investor sentiment, or external factors such as 

global economic conditions and financial news that influence market sentiment [4]. Without adequate 

analysis, investment decision-making becomes merely speculative, potentially increasing the risk of financial 

loss. Analysis is generally categorized into two types: fundamental analysis and technical analysis [5]. 

Fundamental analysis evaluates a company's financial performance to determine the stock's intrinsic value, 

whereas technical analysis utilizes historical price and volume data to predict future patterns [6]. Given the 

non-linear, volatile, and complex nature of the data, various models often struggle to capture non-linear 

relationships and long-term dependencies within time-series data. Furthermore, low prediction accuracy can 

lead to errors in investment decision-making. Consequently, there is a need for a more adaptive approach 

capable of deeply learning data patterns to enhance prediction performance. 

Various methods exist for processing time-series data and predicting movements in the Jakarta 

Composite Index (IHSG), ranging from traditional statistical approaches to more modern machine learning 

techniques [7]. Machine learning methods are widely employed for stock price prediction [8]. To address this 

task, the present study utilizes the Long Short-Term Memory (LSTM) model. The LSTM algorithm was 

selected due to its ability to handle sequential data while retaining long-term information from the dataset. 

Research [6] indicates that the LSTM model is more effective at modeling complex and dynamic stock price 

movement patterns. As a variant of the Recurrent Neural Network (RNN) designed to overcome the 

vanishing gradient problem, LSTM possesses a unique capability to capture long-term dependency patterns 

in time-series data. Long Short-Term Memory (LSTM) has emerged as one of the most widely adopted 

model architectures for time-series forecasting, owing to its ability to capture long-term dependencies while 

mitigating the vanishing gradient issue common in standard Recurrent Neural Networks (RNNs) [9]. 

Furthermore, the effectiveness of deep learning in supporting data-driven decision-making raises important 

questions regarding scalability and real-world application [10]. Through a gating mechanism comprising 

input, forget, and output gates, LSTM can selectively retain or discard information across long data 

sequences, making it highly effective for analyzing historical data trends such as stock price movements. 

Most existing studies on stock price prediction rely on a univariate approach, in which only a single 

variable typically the closing price serves as the model input. Although computationally simple, this 

approach often fails to capture the complex interactions among various market factors influencing price 

movements, such as opening prices, trading volume, and other technical indicators. Previous research by [6] 

employed an LSTM model to predict the stock prices of BBCA and BBRI using a univariate approach; 

evaluation results showed that the model achieved a training RMSE of 37.037 and a testing RMSE of 80.128 

for BBRI, while for BBCA, it yielded a training RMSE of 36.905 and a testing RMSE of 99.9. These results 

indicate that, while the LSTM model performed reasonably well during the training phase, the higher RMSE 

values during the testing phase suggest that the univariate approach still leaves room for improvement, 

particularly regarding generalization to unseen data. 

Based on these findings, this study develops a standard LSTM model by expanding its input 

structure from a univariate to a multivariate configuration and incorporating additional historical variables 

believed to influence stock price fluctuations. This study utilizes Open, High, Low, and Close (OHLC) data 

from selected listed companies as primary features. These four variables comprehensively capture price 

movements within a single trading period. The "Open" price reflects the initial price established by market 

sentiment prior to the session's start "High" and "Low" indicate the range of price fluctuations (intra-period 

volatility) and "Close" represents the final agreed-upon price, which serves as the standard reference for 

valuation and the target variable for prediction. Compared to relying solely on closing prices, the use of 

OHLC data provides the model with additional information regarding the direction, range, and intensity of 

price movements, enabling the model to learn short-term patterns that would otherwise remain undetected 

when using a single variable. In addition to company-specific data, this study incorporates the closing price 

of the Jakarta Composite Index (JCI) as an external feature, acknowledging that stock price movements are 

influenced not only by internal company factors but also by overall market conditions. 

It is anticipated that enriching the model with more relevant features will mitigate the performance 

gap between training and testing phases observed in previous univariate studies, thereby yielding a model 
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with superior generalization capabilities regarding new data. A primary objective of this research is to 

develop a deep learning-based stock price prediction model using the Long Short-Term Memory (LSTM) 

algorithm within a multivariate framework, capable of delivering higher accuracy and better generalization 

than conventional univariate models [11]. This phenomenon demonstrates that the choice between univariate 

and multivariate approaches depends not merely on the number of features, but on the extent to which those 

features genuinely contribute to the dynamics of stock price movements [12]. Through this approach, the 

study aims to produce a model that effectively leverages diverse historical data sources to identify complex 

and dynamic patterns in stock price movements. Consequently, this prediction model is expected to provide 

reliable predictive insights to investors, supporting more informed investment decision-making, reducing 

uncertainty, and optimizing profit potential in the stock market. 

2. Research Method  
This research is designed to predict stock prices using deep learning techniques, specifically the 

Long Short-Term Memory (LSTM) algorithm with a multivariate approach [13]. The design involves 

collecting historical stock data in Indonesia, processing the data by incorporating relevant variables beyond 

the closing price, training the model using multivariate input structures, and then evaluating the model's 

performance based on the resulting prediction accuracy. 

 

 
Figure 1. Research Methodology Flow 

 

2.1 Data Collection 
Data collection for this study was conducted online, utilizing secondary data sourced from the 

global financial information portal Investing.com. This platform was selected due to the availability, 

accuracy, and completeness of its publicly accessible historical stock movement database. The collected 

historical data utilized a daily timeframe, encompassing attributes such as opening, high, low, and closing 

prices, as well as trading volume. This daily time-series stock data served as input for the Multivariate Long 

Short-Term Memory (LSTM) model [13]. The use of daily data enabled the study to capture the dynamics of 

stock price fluctuations, which are sensitive to daily shifts in market sentiment [14]. 

The information extraction process was carried out manually by accessing the historical stock data 

records of the companies under study. Subsequently, the researcher applied a filter to precisely define the 

observation timeframe, aligning it with the period established within the study's scope. Data collection 

covered the period from January 1 2021 to January 1 2026, resulting in a time-series dataset comprising 

1,205 rows of daily observations. The data were systematically classified into seven key attribute columns 

reflecting market trading activity, including: trading time parameters; closing stock price at the end of the 

session; opening stock price; the day's peak price; the day's lowest price; trading volume (the accumulated 

number of shares traded); and the percentage ratio of price fluctuation relative to the previous trading day. 

2.1.1 Preprocessing 
In the development of predictive models and time-series analysis for capital markets, data quality 

serves as the fundamental basis determining system accuracy and reliability. Analyzing the price movements 

of an individual stock such as PT Pabrik Kertas Tjiwi Kimia Tbk (TKIM) often cannot be done in isolation. 

Such stock price dynamics are strongly linked to macroeconomic market sentiment, which, in the context of 

the Indonesian capital market, is represented by the Jakarta Composite Index (JCI). Integrating these two 

information sources provides a richer data dimension, enabling algorithms to identify historical patterns and 

market correlations. However, raw financial data is characterized by high volatility and inconsistent 
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formatting, and is prone to anomalies; consequently, rigorous preprocessing is required before the data can be 

utilized for modeling. 

 
Figure 2. Preprocessing Flow 

 

The first stage in this information harmonization process is data merging. This step integrates 

historical records of TKIM stock and JCI movements into a cohesive matrix structure based on a time index. 

Timestamp alignment is crucial; discrepancies regarding exchange holidays, trading suspensions, or 

recording differences must be synchronized with precision. Errors during merging can lead to data shifts, 

which would mislead the algorithm when capturing the causal relationship between general market trends 

and specific stock reactions on the same day. 

Once the dataset has been temporally integrated, the next essential step is data cleaning. Historical 

financial data often contains structural flaws such as missing values, duplicate rows, or extreme outliers 

resulting from system glitches [15] [16]. This cleaning process serves to diagnose and rectify such anomalies 

using techniques such as linear interpolation, forward-filling, or the removal of invalid observations [17]. 

These measures are implemented carefully to preserve the integrity of the original price trends, ensuring that 

the resulting model learns from valid market signals rather than computational noise. 

The cleaned dataset is subsequently optimized through a data selection process. Not all attributes 

recorded in raw market data possess high predictive value or analytical relevance [18]. This process filters for 

key features such as closing (Close), opening (Open), and high/low prices (High/Low) which serve as 

primary indicators for interpreting market structure [19]. This dimensionality reduction, or the elimination of 

redundant features, not only significantly alleviates the computational load but also prevents the algorithm 

from overfitting by memorizing non-essential, secondary variables. 

As a final data engineering step prior to consumption by algorithms particularly for machine 

learning and deep learning architectures that are highly sensitive to numerical values normalization is 

performed using the Min-Max Scaling method [20]. In their raw state, the value scales of TKIM stock prices 

and the JCI index points exhibit a significant numerical disparity. This scale imbalance can trigger 

computational bias, wherein variables with larger absolute values erroneously dominate weight calculations 

during the model training phase [21]. Min-Max normalization addresses this issue by compressing all values 

of each variable into a uniform range specifically, between 0 and 1 [6]. This mathematical transformation is 

executed without altering the original distribution shape or the relative distances between historical data 

points. 

 

2.1.2 Data Training 
In machine learning model development, dataset splitting is an essential step that must be performed 

before the algorithm enters the learning phase. This step aims to ensure that the model does not merely 

memorize historical data patterns (overfitting) but possesses robust generalization capabilities when 

encountering new data in the future. Therefore, the data-splitting strategy must be designed to allow for the 

objective measurement and validation of the algorithm's predictive performance. The aggregated data is 

sequentially divided into an 80% training set and a 20% testing set [17]. 

 

2.1.3 Training Model LSTM 
In this study, the training phase employs a sequential Long Short-Term Memory (LSTM) model. To 

maintain evaluation integrity and prevent data leakage, normalization and time steps are employed for feature 

transformation in time-series modeling. Normalization is performed solely on the training data to avoid data 

leakage. The normalized data is restructured into a sequential format by setting the number of time steps to 

15. Historical data (X) spanning 15 days serves as the predictor for the closing price ('Close') on the 16th day 

(y) a process consistently applied to both the training and testing datasets. 
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Accurately predict Indonesian technology sector stocks, noting that hyperparameter tuning is 

required [22]. The model is constructed with multiple LSTM hidden layers, utilizing the tanh activation 

function to process data. The initial LSTM layer is configured to pass the entire sequence of historical data 

(return sequences) to the subsequent layer, thereby preserving continuous temporal context. To prevent 

overfitting where the model essentially memorizes the training data Dropout layers are inserted between the 

LSTM layers. Finally, a Dense layer serves as the output layer, mapping the extracted temporal features to a 

single predicted value. Additionally, the Adam optimizer is employed; these hyperparameters were selected 

following a series of experiments [23]. 

 

2.1.4 Model LSTM 
Long Short-Term Memory (LSTM) is an evolution of the Recurrent Neural Network (RNN) 

designed to address the limitations of conventional RNN models, particularly the vanishing gradient problem 

encountered when processing sequential data [24]. The vanishing gradient is a condition in which the model 

loses information while processing long sequences of data. The LSTM algorithm was first developed by 

Hochreiter and Schmidhuber in 1997 [25]. LSTM models are frequently used for time-related prediction and 

classification tasks. 

LSTMs possess the ability to retain information over the long term (long-term dependencies) 

through a specialized architectural structure comprising three main gates: the forget gate, the input gate, and 

the output gate [24]. The information processing within an LSTM begins with the forget gate, which 

determines which past information is no longer relevant and should be removed from the cell state. Next, the 

input gate is responsible for determining what new information will be stored in the cell state. Finally, the 

output gate decides which part of the cell state will be output as the hidden state for use in the subsequent 

time step. 

 
Figure 3. Architecture LSTM 

 

The LSTM structure illustrates how a cell manages information through three primary gates to 

update the Cell State (  ) and generate the Hidden State (  ). The Forget Gate is the first gate, determining 

which information should be discarded from long-term memory; it receives inputs from the previous hidden 

state (    ) and the current input (  ). Subsequently, the Input Gate  (  ) works in conjunction with the 

Candidate Memory (  ) to determine what new information will be stored.. 

The final stage of this mechanism is generating an output via the Output Gate (  ). This gate 

employs a sigmoid function to determine which parts of the cell state will be passed on as output. Before 

becoming the final result, the updated cell state value is processed through a tanh function to normalize it and 

is then multiplied by the output of the Output Gate. This process produces a new hidden state (  ) that carries 

important information to the next time step. 

During the development of deep learning architectures particularly when implementing algorithms 

for complex time-series forecasting determining hyperparameters is a crucial step that directly impacts 

performance and prediction accuracy. Designing an artificial neural network requires careful testing to strike 

an optimal balance between the model's learning capacity and its ability to generalize to new data. To 

maximize temporal feature extraction while maintaining stability during training, the network structure in this 

study was designed with a specific, multi-layered configuration. The model incorporates key parameters for 

the LSTM architecture, utilizing four LSTM layers, with Dropout layers applied to prevent overfitting. 

 

2.1.5 Evaluation Test 
The evaluation phase serves as the primary parameter for validating the success of the model 

architecture. In the context of time-series models, evaluation is conducted by calculating the errors produced 

by the model [26]. Given the highly volatile and complex nature of stock price movements, it is crucial to 

determine the extent of the deviation between actual market closing prices and the prices predicted by the 

model. To mathematically quantify this error magnitude, this study employs two key performance indicators: 
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Mean Absolute Error (MAE), which represents the overall average absolute error, and Root Mean Squared 

Error (RMSE), which imposes a heavier penalty on predictions that deviate significantly. 

 

 

2.1.5.1 Mean Absolute Error (MAE) 
Mean Absolute Error (MAE) is a metric that calculates the average absolute difference between 

actual values and predicted values [27]. The absolute value of each difference is taken, meaning negative 

values are disregarded. In the evaluation of forecasting models, MAE provides an intuitive measure of the 

average error across the entire dataset. 

 

      
 

 
 ∑     

 

   
  ̂    (1) 

Information : 

  : Number of data points or samples 

   : Actual value 

 ̂  : Predicted value 

 

2.1.5.2 Root Mean Squared Error (RMSE) 
Root Mean Square Error (RMSE) is a metric used to assess the accuracy of an algorithm based on 

the magnitude of prediction error [27]. the lower the RMSE value (closer to 0), the more accurate the 

prediction results. RMSE is more sensitive to large errors because it imposes a higher penalty on them by 

calculating the square of the difference between the predicted and actual values [28]. 
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   (2) 

Information : 

  : Number of data points or samples 

   : Actual value 

 ̂  : Predicted value 

 

2.1.6 Data Visualization 
The model's forecasting results are visualized through a user-friendly, web-based interactive 

dashboard. This dashboard allows users to compare the model's stock price projections against actual prices, 

enabling a direct evaluation of prediction accuracy. Additionally, the information is further illustrated using 

visual aids such as graphs and charts to enhance clarity and understanding. 

 

3. Result and Discussion 
A prediction system based on the Long Short-Term Memory (LSTM) method is used to forecast 

stock closing prices which can be recommended to users as investment references by analyzing historical 

data and market movements. This method operates by processing sequential data and identifying temporal 

dependency patterns within relevant features, such as OHLC data and the JCI (IHSG) index. The process 

entails complex computations, as data is evaluated through gating mechanisms (forget, input, and output 

gates) to retain critical long-term information while discarding irrelevant data. The output from this temporal 

feature extraction is then passed through multiple hidden layers, ultimately determining the predicted future 

stock price. 

In practice, LSTM delivers more objective and adaptive prediction results by simultaneously 

considering multiple variables (multivariate analysis); consequently, the resulting price projections accurately 

reflect actual market dynamics and volatility based on comprehensive data analysis. This method is highly 

effective in helping users and investors optimally forecast stock price trends amidst market uncertainty, 

utilizing an in-depth, fully data-driven approach. 

 

3.1.Data Collection Results 
In this study, data was obtained from a financial information platform that provides specific market 

data. The Investing.com website served as the primary data source, providing historical price and transaction 

volume data for Pabrik Kertas Tjiwi Kimia Tbk (TKIM), as well as closing prices for the Jakarta Composite 

Index (JCI) as supplementary data. Data collection covered the period from January 1, 2021, to January 1, 

2026, resulting in a time-series dataset comprising 1,205 daily observations. 
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Table 1. Dataset 
No. Date Close Opening Highest Lowest 

0 04/01/2021 10.675 10.150 10.725 9.800 

1 05/01/2021 10.700 10.500 11.100 10.375 
2 06/01/2021 10.550 10.800 10.850 10.150 

… … … … … … 

1202 24/12/2025 7.250 7.150 7.250 7.000 
1203 29/12/2025 7.250 7.250 7.325 7.175 

1204 30/12/2025 7.275 7.250 7.400 7.225 

 

The entire dataset is systematically classified into five key attribute columns reflecting exchange 

trading activities, including: trading time parameters, the closing share price at the end of the session (last), 

the share price at the market opening (open), the highest price reached during the day (high), and the base 

price or lowest point (low). 

 

3.2. Model Development 
Preprocessing is employed to prepare the data for the modeling stage. The process begins by 

converting date formats to datetime objects and OHLC (Open, High, Low, Close) values to numeric format, 

alongside checking these features for noise. Next, feature preparation involves renaming the opening, high, 

low, and last price columns to OHLC, while the Jakarta Composite Index (JCI) data is reduced to just the 

closing values, labeled as JCI_Close. Following this renaming, the two datasets are merged into a single 

dataframe and sorted in ascending order. 

After the data undergoes a series of preprocessing stages to prepare it for algorithmic analysis, the 

model training phase begins by splitting the dataset; this ensures the model can distinguish between the 

learning and evaluation phases and maintains computational stability. The entire dataset is divided into two 

primary segments: a training set (allocated 80%) and a testing set (20%). This specific split is performed to 

evaluate the model's ability to generalize patterns from previously unseen data. Subsequently, to prevent 

value dominance arising from the varying ranges of stock data and to accelerate the algorithm's convergence, 

data normalization is applied to all features using the MinMaxScaler method. 

1. Min-Max Normalization 

Min-Max normalization is a data normalization method that aims to transform original data into a 

new value range, thereby establishing a balanced benchmark between the pre- and post-process values. The 

formula for Min-Max normalization is given by the following equation: 

 

    
        

          

 (3) 

 

Information : 

   = Normalization results 

   = I data point  

     = Minimum value data 

     = Maximum value data 

 

The primary objective of this method is to transform original data into a new value range, thereby 

yielding balanced values on a predefined scale. The value $x'$ is calculated by taking the difference between 

the data value to be normalized and the minimum value in the dataset (min), then dividing it by the difference 

between the maximum value (max) and the minimum value (min) of the entire dataset [6]. Applying this 

technique compresses the data range into the interval [0, 1], facilitating data interpretation and analysis. 

Furthermore, this normalization helps mitigate the impact of scale disparities between variables, there by 

enhancing the performance of machine learning algorithms that are sensitive to data scaling. 

The formula will be applied using data from the last five days for a specific issuer, PT Pabrik Kertas 

Tjiwi Kimia Tbk (TKIM). However, the boundary parameters for the variables must be determined first, the 

parameters used for this purpose are based on the training data. 

 

Table 2. Constraint Feature 
Feature           

Open 5.675 16.850 

High 5.775 17.250 
Low 5.600 16.275 
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Close 5.675 16.850 

JCI_CLose 5.760 7.905 

 

In the data transformation process using the Min-Max normalization method, establishing the lower 

and upper bounds for each feature is a mandatory prerequisite before performing the mathematical 

calculations. This study first defines the constraint parameters, which consist of the minimum and maximum 

values for each predictor variable namely Open, High, Low, Close, and JCI_Close. These boundary values 

are derived directly from the range of the collected historical data. The parameters presented in Table 2 will 

subsequently serve as the divisor and constant subtrahend in each iteration of the normalization calculation. 
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          (6) 

             
         

          
 

    

     
          (7) 

                 
               

               
 

    

     
          (8) 

 

This was followed by the creation of time steps with a duration of 15 days equivalent to three work 

weeks. Constructing a deep learning architecture to analyze the complexity of time-series data requires 

precise hyperparameter tuning to ensure prediction accuracy. An optimal balance between the model's ability 

to capture information and its reliability when handling unseen data must be achieved through the systematic 

design of the neural network structure. In this study, this objective was realized through a stacked LSTM 

architecture comprising four hidden layers with unit distributions of 50, 50, 50, and 60, respectively. To 

prevent the model from merely memorizing training data patterns (overfitting), Dropout techniques were 

applied to the network with sequential values of 0.2, 0.1, 0.2, and 0.1. Computationally, the model was 

optimized using the 'Adam' algorithm and trained over 50 epochs, processing 32 data samples per batch. 

 

3.3. Testing and Evaluation 
Once the Long Short-Term Memory (LSTM) architecture has completed its learning iterations on 

the training data, the subsequent critical phase involves testing and evaluation. This testing phase is carried 

out using 20% of the total historical dataset, which was specifically designated as the testing set from the 

outset. Separating the testing data is essential to assess the model's capacity to generalize market fluctuation 

patterns to previously unseen data. To objectively validate the reliability of the projections, the model's 

performance is quantitatively evaluated by calculating the deviation between predicted prices and actual 

closing prices. These error rates are measured using standard statistical metrics Mean Absolute Error (MAE) 

and Root Mean Squared Error (RMSE).  

 

 
Figure 4. Comparison of predicted vs actual 

 

Visually, the LSTM model demonstrates excellent capability in capturing macro-level price 

movement patterns or trends. It is evident that whether the actual price undergoes a sharp downward trend in 

early 2025 or a significant upward rally (uptrend) in mid-2025, the prediction line (red) consistently tracks 

the direction of these movements. 
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Table 3. Evaluation Metrics TKIM (OHLC + IHSG) 
Evaluation Metrics Output 

Mean Absolute Error (MAE) 210.55 

Root Mean Squared Error (RMSE) 280 

 

Based on the conducted tests, the Long Short-Term Memory (LSTM) model demonstrated good 

performance, achieving a Root Mean Square Error (RMSE) of 280 and a Mean Absolute Error (MAE) of 

210.55. Given that the stock price of Pabrik Kertas Tjiwi Kimia Tbk (TKIM) has reached levels as high as 

17,000, an RMSE of 280 along with an MAE of 210.55 indicates strong model performance. Furthermore, 

the prediction model effectively captures the direction of actual price trends, although there are instances of a 

lag where the prediction line trails slightly behind changes in the actual price. 

 

Table 4. Evaluation Metrics TKIM (OHLC) 
Evaluation Metrics Output 

Mean Absolute Error (MAE) 291,68 

Root Mean Squared Error (RMSE) 348,17 

 

A comparison of the two scenarios reveals that incorporating JCI closing data as an external feature 

reduces the model's error rate; the RMSE dropped from 348.17 to 280, while the MAE fell from 291.68 to 

210.55. This reduction indicates that information regarding overall market conditions represented by the JCI 

provides additional context absent in models relying solely on OHLC data, thereby bringing TKIM price 

predictions closer to actual prices. This aligns with the understanding that stock price movements are 

influenced not only by a company's internal factors but also by the direction of the broader market. The fact 

that the reduction in MAE was greater than that in RMSE suggests that the improvement was most 

pronounced regarding routine prediction errors, whereas significant errors associated with sharp price 

fluctuations persisted, keeping the RMSE higher than the MAE. Both scenarios were tested using identical 

data splits, time window lengths, and hyperparameter configurations, ensuring that the differences in results 

could be attributed to the inclusion of the JCI feature. 

Beyond evaluating model performance against historical test data, a practical objective of this study 

is to implement the validated Long Short-Term Memory (LSTM) architecture for out-of-sample forecasting. 

At this stage, the optimized model is utilized to project the closing price movements of Pabrik Kertas Tjiwi 

Kimia Tbk (TKIM) specifically over the next seven trading days. This data extrapolation aims to provide 

investors with anticipatory insights regarding short-term price trends. Detailed projections of daily closing 

prices for the period beginning in early January 2026 are comprehensively summarized in Table 5. 

 
Table 5. Prediction results for the next 7 days 

Day Stock Exchange 

Trading Day 

Predicted Price 

(Closing) 

H+1 Friday, 02 Jan 2026 Rp 7.127 
H+2 Monday, 05 Jan 2026 Rp 7.147 

H+3 Tuesday, 06 Jan 2026 Rp 7.157 

H+4 Wed, 07 Jan 2026 Rp 7.158 
H+5 Thurs, 08 Jan 2026 Rp 7.157 

H+6 Friday, 09 Jan 2026 Rp 7.155 

H+7 Monday, 12 Jan 2026 Rp 7.152 

 

Interpreting out-of-sample forecasts often reveals the inherent characteristics of time-series 

algorithms when they no longer receive fresh data from the exchange. Based on the LSTM model's 

projections for TKIM stock, price movements over the next seven trading days are predicted to remain 

largely stagnant (sideways) with very low volatility. This phenomenon occurs because the model iteratively 

uses the previous day's prediction as the primary input to forecast the subsequent day. Due to the absence of 

actual market fluctuations and sentiment, data variance progressively diminishes, causing the price 

movement pattern in the final stages (Day+5 to Day+7) to mathematically tend toward a flat trajectory 

(flattening). 

 

3.3. Data Visualization 
This system is implemented as a web-based application named StockSight. The platform's 

interactive interface (frontend) is built using the React framework, while computational processes, machine 

learning model (LSTM) inference, and backend management are handled using the Python programming 

language. 
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Figure 5. Input Data 

 

The application's initial interface is intuitively designed using a step-by-step (stepper) approach, 

enabling users to easily input the required parameters. The following image shows the input page where users 

can select the stock ticker symbol to be analyzed such as TKIM and access an integrated interface for 

uploading CSV datasets containing historical stock price data (OHLC) and supporting index data 

(IHSG/JCI). 

 

 
Figure 6. Prediction Result 

 

Once the input dataset is sent to the Python backend for processing and evaluation by the LSTM 

model, the application renders a comprehensive prediction results dashboard. Figure 6 illustrates the 

computation results page, which directly presents model performance evaluation metrics such as RMSE, 

MAE, and MAPE and displays a detailed summary of projected TKIM stock closing prices for the next seven 

trading days. 

 

4. Conclusion  
This study highlights the importance of refining forecasting methods to capture the complex 

dynamics of capital markets. The developed system demonstrates enhanced analytical capabilities through a 

shift in data usage moving from approaches that often relied solely on single time-series (univariate) data to 

multivariate-based modeling. By simultaneously incorporating multiple interrelated variables, the model 

gains a broader learning dimension; it moves beyond dependence on the trends of a single historical value, 

becoming capable instead of understanding the interactions among various market indicators. 

Based on the results of this study, an application implementing the Long Short-Term Memory 

(LSTM) model for predicting Indonesian stock prices has been successfully developed. The system produced 

in this study effectively predicts the closing prices of stocks listed on the Indonesia Stock Exchange by 

utilizing historical OHLC data and the JCI (Jakarta Composite Index) as multivariate input variables. 

Variables such as opening, high, low, and closing prices, along with JCI index data, were successfully 

processed by the model. The LSTM model effectively learned sequential patterns from historical stock price 

data, enabling it to generate price predictions and a seven-day forecast with a Root Mean Square Error 

(RMSE) of 280 and a Mean Absolute Error (MAE) of 210.55. This value is lower than that of the model 

using only OHLC data, which had an RMSE of 348.17 and an MAE of 291.68. These evaluation figures 

represent a high level of forecasting accuracy. Given that the processed stock prices are in the range of 

thousands of rupiah, the MAE value indicates that the system's average deviation or prediction error differs 

from the actual market price by only approximately Rp210. Data for TKIM covering the period from January 
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2021 to December 2025 (1,205 trading days) shows a price range of Rp4,450 to Rp16,850. If the actual price 

is Rp10,000, the model's average prediction falls within the range of Rp9,790 to Rp10,210. Furthermore, the 

RMSE value, being reasonably proportional to the MAE, demonstrates that the model is stable and free from 

significant extreme prediction errors (outliers); consequently, the projected trend direction is highly suitable 

for use as a tool to support investment decision-making. 

However, the application developed in this study still has several shortcomings. The most 

significant limitation lies in the scope of model input features, which do not yet account for external 

macroeconomic factors such as the USD/IDR exchange rate, commodity prices, or benchmark interest rates 

that demonstrably influence stock performance in the Indonesian capital market. Furthermore, the model 

training process relies on static hyperparameter configurations, meaning it may not necessarily yield an 

optimal model architecture for every individual listed company. 
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