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Abstract 

The high volatility of banking sector stocks (BBCA, BBRI, BMRI) and the limitations of conventional forecasting 

methods in handling non-linear data necessitate robust and adaptive predictive models. This study aims to develop 

an integrated stock price prediction system utilizing a Stacked Long Short-Term Memory (LSTM) architecture 

embedded within a Flask-based interactive web dashboard. Adopting the CRISP-DM framework, the model was 

trained using daily and hourly historical data from Yahoo Finance to accommodate both short-term and medium-

term forecasting. Backtesting evaluation demonstrated that the LSTM model achieved Mean Absolute Percentage 

Error (MAPE) values below 2% for daily single-step predictions and below 0.5% for hourly intraday predictions. 

Furthermore, in a 7-period recursive projection, the proposed LSTM proved highly robust in mitigating error 

accumulation compared to Linear Regression and Support Vector Regression (SVR), successfully maintaining 

MAPE values below 5% for all issuers. The implementation of this dashboard system provides a significant impact 

on financial informatics by bridging advanced deep learning predictive algorithms into a practical, real-time decision 

support system for investment analysis. 
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1. INTRODUCTION 

Stock investment is growing rapidly in Indonesia, marked by a significant growth in investor 

participation. According to 2024 data from KSEI (Indonesian Central Securities Depository), the 

number of capital market investors reached 14.8 million, a 22.22% increase from 12.1 million in 2023 

[1]. In domestic portfolios, banking sector stocks such as BBCA, BBRI, and BMRI serve as the primary 

drivers of the index due to their high market capitalization and liquidity. However, this potential for 

profit goes hand in hand with risks stemming from dynamic and complex price volatility. 

Banking stock prices are influenced by various factors that cause non-linear and unpredictable 

movements. Although fundamental analysis involving financial ratios such as CR (Current Ratio) and 

ROA (Return on Assets) is frequently used, previous findings show inconsistencies. Elfira & Yudiantoro 

(2024) found that CR and ROA have a significant effect [2], whereas Simanjuntak (2024) concluded 

that CR has no effect and ROA should be excluded from the model [3]. This empirical contradiction 

underscores that the causal relationship between fundamental indicators and stock prices is uncertain. 

Furthermore, fundamental data tends to be static because it is released only quarterly, making it less 

responsive to short-term decision-making. Therefore, a time-series-based approach is needed to capture 

price movement patterns directly and adaptively. 

Conventional methods such as classical technical analysis and ARIMA have limitations in 

capturing nonlinear patterns in time series data because they require the assumption of stationarity and 

are less effective for highly volatile data [4]. Therefore, deep learning techniques, specifically Long 
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Short-Term Memory (LSTM), offer a relevant alternative. LSTM is an extension of the Recurrent Neural 

Network (RNN) designed to address the vanishing gradient problem through gate mechanisms (forget, 

input, and output gates) [5], enabling it to handle long-term dependencies [6] and making it effective for 

stock price forecasting [7]. 

The implementation of LSTM on Indonesian banking stocks has shown good performance. 

Hanafiah et al. (2023) achieved a MAPE of 0.0257 for BBNI stock [8], while Wathani et al. (2023) 

achieved a RMSE of 127.22 for BBCA stock [9]. Santosa et al. (2024) applied LSTM to predict the 

stock prices of BBCA, BBRI, and BMRI, achieving an RMSE of 128.02 and a MAPE of 0.99% for 

BBCA [10]. Bagastio et al. (2023) reported a MAPE below 10% for the five largest-cap banks [11], and 

another study showed a MAPE of 1.05%–2.59% for sharia stocks using LSTM and BiLSTM [12]. These 

findings reinforce that LSTM has a high level of accuracy in the context of the Indonesian capital market. 

Despite these promising results, previous research predominantly remains confined to isolated 

experimental environments, presenting a significant research gap. A critical review of these studies 

reveals a distinct lack of deployment, generalization, and real-time usability in practical scenarios. Most 

existing literature evaluates model performance exclusively on static historical datasets, failing to 

address how these models perform and generalize when confronted with dynamic, continuous data 

streaming. Scientifically, addressing this deployment gap through an interactive dashboard is not merely 

a practical enhancement but a critical methodological necessity. It provides a testable framework to 

evaluate algorithmic interpretability and real-world robustness, allowing for the empirical observation 

of how predictive systems maintain accuracy outside of controlled laboratory conditions. 

Unlike previous studies, this research explicitly bridges the gap between algorithmic validation 

and operational utility by integrating the LSTM model into a web-based interactive dashboard using 

Flask as a solution for deploying the model to a production environment [13]. The developed system 

advances previous architectures by providing dual prediction horizons (hourly/intraday and 7 trading 

days ahead) and integrating live market news for comprehensive sentiment analysis. Furthermore, this 

dashboard scientifically evaluates the model in a simulated production environment by transparently 

rendering real-time evaluation metrics (RMSE, MAPE, and MAE) a vital validation feature that was not 

optimized in the Streamlit-based dashboard in previous research [14]. Thus, this study aims to build a 

novel, scientifically grounded framework for transforming complex predictive algorithms into 

transparent, testable, and accessible investment decision tools. 

2. METHOD 

This section outlines the comprehensive steps and methodology used to design, train, and 

implement a stock price prediction model. The method follows a structured data mining lifecycle 

framework methodology, which encompasses historical data collection, data preprocessing, modeling 

using a Stacked LSTM architecture, performance evaluation, and model deployment into an interactive 

dashboard. The entire research process is systematically organized to guarantee consistency of findings 

and the functionality of the developed system. 

2.1. Data Sources and Characteristics 

This study uses secondary data in the form of historical daily and hourly stock prices from three 

banking issuers (BBCA, BBRI, BMRI). The data is sourced from Yahoo Finance and is accessed using 

the yfinance library [15]. These three issuers are selected because they have the largest market 

capitalization and are the main drivers of the LQ-45 index. 

Data was collected over two periods to accommodate short- and medium-term predictions. Daily 

data consisting of closing prices (Close Price) from January 1, 2020, to January 31, 2026, was used for 

the medium-term model, while hourly data from the last 730 days was used for the intraday model. The 
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attribute used focuses on closing prices as they are viewed as an indicator of market conditions 

consensus value; the higher frequency of hourly data allows the model to capture daily volatility. 

2.2. Research Phases 

The method used in this study follows the Cross-Industry Standard Process for Data Mining 

(CRISP-DM) framework, which is a widely adopted standard methodology for data mining and data 

analysis projects across various fields [16], [17]. This framework consists of six structured, sequential 

phases, as shown in Figure 1. 

 

 
Figure 1. CRISP-DM Cycle [18] 

 

To provide a clear technical roadmap of how this framework is implemented in this specific study, 

a detailed research pipeline was developed. As illustrated in Figure 2, the pipeline covers the end-to-end 

process starting from API data fetching, preprocessing, Stacked LSTM training, evaluation, until the 

final deployment using Flask. 

 

 
Figure 2. Detailed Research Pipeline Diagram 

2.2.1. Business Understanding 

The main purpose of this research is to deliver a decision-making tool for stock investors facing 

high volatility risks in the banking sector. The business focus is on developing a predictive model 

capable of forecasting stock prices for daily (medium-term) and hourly (short-term) periods, and 

presenting the results in an easy-to-understand dashboard format. This dashboard is intended to connect 

advanced prediction results with real-world application investment decisions. By offering both short-

term and medium-term predictions, the system addresses the needs of different investment strategies, 

from intraday trading to swing trading. 
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2.2.2. Data Understanding 

This phase involves collecting and conducting an initial exploration of stock price data for BBCA, 

BBRI, and BMRI directly from the Yahoo Finance API. The historical data collection covers the period 

from January 1, 2020, to January 31, 2026, yielding a total of 1,467 valid records per issuer after initial 

cleaning, or 4,401 historical records in total. Additionally, for intraday (hourly) prediction purposes, 730 

hourly price records per issuer were collected from the last two years. Exploratory Data Analysis (EDA) 

was performed to understand volatility characteristics and trends (uptrends/downtrends), and initial 

visualizations were created using Matplotlib to identify patterns in historical price movements. 

 

 
Figure 3. Comparison of Stock Price Trends of BBCA, BBRI, and BMRI (2020-2026) 

 

From the results of the visual exploration in Figure 3, it was found that all three stocks exhibit 

fluctuating patterns with a tendency toward high volatility. BBCA consistently remains at the highest 

price level with a significant upward trend through 2025, while BBRI and BMRI show similar 

movements but within a lower price range. The non-linear patterns visible in the graphs confirm the 

need for a deep learning approach, such as LSTM, to accurately capture the dynamics of these price 

movements. 

2.2.3. Data Preparation 

The raw data was processed to match the input format required by the LSTM neural network. 

This stage began with data cleaning to handle missing values, followed by normalization using the 

MinMaxScaler from scikit‑learn to scale all stock prices into the range [0, 1]. To ensure a robust 

evaluation and prevent data leakage, the dataset was explicitly divided into 80% training set and 20% 

testing set; the split was performed sequentially without shuffling so that the temporal order of the 

time‑series data was strictly preserved. Finally, a sliding window approach was applied. The daily model 

used the previous 60 days of data (𝑋𝑡−60, … . , 𝑋𝑡−1) to predict the price one day ahead, while the hourly 

model used the previous 12 hours of data (𝑋𝑡−12, … . , 𝑋𝑡−1) to predict the price one hour ahead. 

2.2.4. Modeling 

2.2.4.1. Long Short-Term Memory (LSTM) Architecture 

The algorithm used is Long Short-Term Memory (LSTM), which is designed to address the 

vanishing gradient problem in sequential data. The strength of LSTM lies in its memory cell with three 

gate mechanisms: the forget gate (𝑓𝑡), which discards irrelevant information; the input gate (𝑖𝑡), which 

adds new information; and the output gate (𝑜𝑡), which controls the output of the hidden state [19]. These 

mechanisms enable LSTM to effectively manage long-term dependencies, as illustrated in Figure 4. 
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Figure 4. LSTM Cell Architecture [19] 

 

Mathematically, the process within the LSTM cell is formulated as [19]: 

𝑓𝑡 = 𝜎(𝑊𝑓𝑥𝑡 + 𝑈𝑓ℎ𝑡−1 + 𝑏𝑓) (1) 

𝑖𝑡 = 𝜎(𝑊𝑖𝑥𝑡 +  𝑈𝑖ℎ𝑡−1 + 𝑏𝑖) (2) 

𝑜𝑡 = 𝜎(𝑊𝑜𝑥𝑡 +  𝑈𝑜ℎ𝑡−1 + 𝑏𝑜) (3) 

𝑐̃𝑡 = 𝑡𝑎𝑛ℎ(𝑊𝑐𝑥𝑡 + 𝑈𝑐ℎ𝑡−1 + 𝑏𝑐) (4) 

𝑐𝑡 = 𝑓𝑡 ⨀ 𝑐𝑡−1 + 𝑖𝑡  ⨀ 𝑐̃𝑡 (5) 

ℎ𝑡 = 𝑜𝑡  ⨀ 𝑡𝑎𝑛ℎ (𝑐𝑡) (6) 

where 𝜎 is the sigmoid function, ⨀ is the Hadamard product, 𝑊 and 𝑈 are weight matrices, and 

𝑏 is the bias vector. The complexity of LSTM is relatively high because it has four separate sets of 

weights for the input [𝑊𝑓 , 𝑊𝑖, 𝑊𝑜, 𝑊𝑐] and hidden state [𝑈𝑓 , 𝑈𝑖 , 𝑈𝑜, 𝑈𝑐] [19]. For a network with m inputs 

and n outputs, the memory complexity is (𝑛𝑚 + 𝑛2 + 𝑛) and the time complexity is 4𝑘 (𝑛2𝑚 + 𝑛𝑚2 −

𝑛𝑚) for k steps [20]. 

2.2.4.2. Stacked LSTM Architecture 

This study implemented a Stacked LSTM architecture with three stacked layers, each consisting 

of 100 neurons. This structure is developed to extract layered representations of temporal data, with the 

initial layer identifying immediate patterns while the layers above it capture longer and more complex 

dependencies [21]. In the implementation using TensorFlow/Keras, the first LSTM layer was set to 

return the full sequence (return_sequences=True) to provide a three-dimensional output to the next 

LSTM layer. 

Mathematically, the working principle of Stacked LSTM can be described using two layers. The 

first layer receives input 𝓍𝑡 and generates a hidden state ℎ
1

𝑡
 through a series of gate operations as 

formulated in Equations (1)-(6). The second layer then takes ℎ
1

𝑡
 as input and processes it using a similar 

mechanism to generate the hidden state ℎ
1

𝑡
  [21]. In other words, the output of one LSTM layer serves 

as the input for the LSTM layer above it, creating a hierarchical representation of the time series data. 

A dropout layer with a value of 0.1 was applied after each LSTM layer. In addition to preventing 

overfitting, this mechanism provides an implicit regularization effect that promotes the formation of 
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solutions with lower complexity and facilitates weight condensation [22]. In the final stage, a single 

dense layer converted the output from the last LSTM layer into a single price prediction value. 

2.2.4.3. Compilation and Training Strategy 

The model was compiled with the Adam optimizer, which combines the advantages of RMSProp 

and momentum. Adam adjusts the learning rate adaptively using an exponential moving average of the 

gradient [23]: 

𝑚𝑡 = 𝛽1𝑚𝑡−1 + (1 − 𝛽1)𝑔𝑡, 𝑣𝑡 = 𝛽2𝑣𝑡−1 + (1 − 𝛽2)𝑔𝑡
2 (7) 

𝑚̂𝑡 =
𝑚𝑡

1−𝛽1
𝑡 , 𝑣𝑡 =

𝑣𝑡

1−𝛽2
𝑡 , 𝜃𝑡+1 = 𝜃𝑡 −

𝜂

√𝑣̂𝑡+𝜖
𝑚̂𝑡   (8) 

The loss function used was Mean Squared Error (MSE) [24]: 

𝑀𝑆𝐸 =
1

𝑛
∑ (𝑦𝑖 − 𝑦̂𝑖)2𝑛

𝑖=1  (9) 

The training strategy employed several callbacks, including ModelCheckpoint (to save the best 

model), EarlyStopping (with patience of 30 epochs), and ReduceLROnPlateau (for adaptive learning 

rate). The daily model was optimized across 150 learning cycles (batch size 16), while the hourly variant 

completed 100 learning repetitions (with a batch size of 32) using Google Colab GPU. 

2.2.5. Evaluation 

Model performance was measured using a test set, which consisted of the last 20% of the total 

dataset. Assessment was conducted based on three key indicators: 

1. Root Mean Squared Error (RMSE) 

Quantifies mean deviation between estimated and actual values in Rupiah, placing greater weight 

on larger errors. The RMSE formula is as follows [25]: 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑ (𝑦𝑡 − ŷ𝑡)2𝑛

𝑡=1  (10) 

2. Mean Absolute Error (MAE) 

Measures the average absolute value of prediction errors [26]. MAE is calculated using the 

formula [27]: 

𝑀𝐴𝐸 =
1

𝑛
∑ |𝑦𝑡 − ŷ𝑡|𝑛

𝑡=1  (11) 

3. Mean Absolute Percentage Error (MAPE) 

Measures the average relative error as a percentage to assess how far the prediction deviates from 

the actual price. MAPE can be calculated using the formula [27]: 

𝑀𝐴𝑃𝐸 =
1

𝑛
∑ |

𝑦𝑡−ŷ𝑡

𝑦𝑡
|𝑛

𝑡=1 × 100% (12) 

2.2.6. Deployment 

The best LSTM model was integrated into the web application using Flask as the backend to 

handle data requests and execute the prediction logic. The Predictor module implemented recursive 

forecasting to generate price projections up to 7 periods (trading days) ahead, with interactive 

https://jutif.if.unsoed.ac.id/


Jurnal Teknik Informatika (JUTIF)  Vol. 7, No. 2, April 2026, Page. 2008-2022 
P-ISSN: 2723-3863   https://jutif.if.unsoed.ac.id                                       

E-ISSN: 2723-3871  DOI: https://doi.org/10.52436/1.jutif.2026.7.2.5802 

 

 

2014 

visualizations using Bokeh and a responsive HTML/CSS-based interface. The system also featured 

integration of the latest market news via Google News RSS feeds to support users’ fundamental analysis. 

2.3. Research Tools 

This study used Python as the primary programming language. LSTM model training was 

performed on Google Colab with GPU acceleration, while web application development was carried out 

using Visual Studio Code. The system implementation utilized TensorFlow/Keras to build the Stacked 

LSTM architecture, yfinance for stock data retrieval, scikit-learn for normalization and evaluation, and 

Pandas and NumPy for data manipulation. For the interactive dashboard, Flask was used as the backend, 

Bokeh for visualization, and feedparser for RSS news integration. 

3. RESULT 

This part outlines the outcomes generated by the LSTM approach training experiments and the 

implementation of the model into a web-based dashboard system. The analysis was conducted 

quantitatively based on evaluation metrics, as well as through visual analysis of prediction performance 

graphs and functional testing of the system interface. The findings are displayed through training graphs, 

comparative metric charts, forecasting visuals, and dashboard interface screenshots. 

3.1. Model Training Results 

Model training was conducted using two dataset scenarios: daily data and hourly data. The 

stability of the learning process can be observed through the loss curve, which compares the training 

loss and validation loss values per epoch, as shown in Figure 5 and Figure 6 for the BBCA stock model. 

A similar convergence pattern was also observed in the training of models for the BBRI and BMRI 

stocks. 

 
Figure 5. Learning Curve of BBCA Stock Model (Daily Scenario) 

 

 
Figure 6. Learning Curve of BBCA Stock Model (Hourly Scenario) 

 

Based on Figure 5 and Figure 6, in the daily scenario, the validation loss appears more volatile in 

the early epochs but stabilizes by the end of training due to Dropout regularization (0.1). Meanwhile, in 

the hourly scenario, the loss curve decreases sharply and steadily from the start because intraday data 

exhibits more consistent short-term momentum. Thus, the model demonstrates good convergence in 

both scenarios. 

3.2. Quantitative Evaluation 

The performance of the Stacked LSTM architecture was compared against two baseline 

algorithms: Linear Regression (LR) and Support Vector Regression (SVR). The LSTM model 

https://jutif.if.unsoed.ac.id/
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architecture trained on daily data served as the core model, designed to predict one step ahead. The 

evaluation was conducted across three scenarios: single-step daily forecasting, intraday (hourly) 

forecasting, and 7-period recursive forecasting. For the recursive scenario, the daily model was executed 

repeatedly over 7 iterations to generate a complete 7-period (trading day) forecast. RMSE, MAE, and 

MAPE indicators are utilized as accuracy measurements in all tests. 

3.2.1. Intraday (Hourly) Scenario Evaluation 

This scenario evaluates the model’s ability to capture stock price fluctuations over a very short 

time frame (hourly). The evaluation results for the three models in this scenario are summarized in Table 

1. The LSTM’s average MAPE of less than 0,5% indicates highly accurate performance. 

 

Table 1. Performance Comparison of Models in Intraday (Hourly) Scenario 

Emiten Model RMSE (Rp) MAE (Rp) MAPE (%) 

BBCA Linear Regression 55.54 33.91 0.4297  
SVR 756.40 463.84 6.2414  

LSTM 59.18 38.50 0.4912 

BBRI Linear Regression 30.68 17.03 0.4451 

 SVR 72.46 54.32 1.4122 

 LSTM 30.90 17.61 0.4598 

BMRI Linear Regression 37.06 22.36 0.4706 

 SVR 238.62 178.75 3.9452 

 LSTM 37.48 24.49 0.5184 

 

In the intraday scenario, the LSTM model achieved a MAPE of 0.49% for BBCA, 0.46% for 

BBRI, and 0.52% for BMRI. These values are very close to those of Linear Regression (0.43–0.47%) 

and significantly lower than those of SVR (1.41–6.24%). Compared to SVR, LSTM improved MAPE 

by an average of 91.2% for BBCA (from 6.24% to 0.49%), 67.4% for BBRI, and 86.9% for BMRI. 

Although Linear Regression performed slightly better on BBCA (0.43% vs 0.49%), LSTM remained 

highly competitive with an average MAPE below 0.5%, confirming its precision in high-frequency 

intraday forecasting. With an average MAPE below 0.5%, the LSTM’s performance is considered 

highly precise and competitive. 

3.2.2. Evaluation of the 7-Period Recursive Forecast 

The second scenario tests the model's stability against error accumulation when projecting trends 

7 periods (trading days) ahead recursively. This test demonstrates the core capability of the 

EchelonStock dashboard to present price projections for the next 7 trading periods. The evaluation 

results for the three models in this scenario are summarized in Table 2. 

 

Table 2. Performance Comparison of Models in 7-Period Recursive Scenario 

Emiten Model RMSE (Rp) MAE (Rp) MAPE (%) 

BBCA Linear Regression 439.63 366.82 5.0380  
SVR 728.24 689.76 9.3796  

LSTM 400.44 333.33 4.5790 

BBRI Linear Regression 88.22 51.44 1.3999 

 SVR 173.64 164.75 4.3199 

 LSTM 88.41 48.57 1.3255 

BMRI Linear Regression 224.98 172.30 3.6801 

 SVR 206.40 156.61 3.3462 

 LSTM 175.36 124.85 2.6775 
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In the 7-period recursive scenario, LSTM achieved the best MAPE for all issuers: BBCA 4.58%, 

BBRI 1.33%, and BMRI 2.68%. These values are lower than those of LR (5.04%; 1.40%; 3.68%) and 

SVR (9.38%; 4.32%; 3.35%). Thus, LSTM proved to be superior in medium-term chain forecasting. 

Quantitatively, LSTM improved MAPE over LR by 9.1% for BBCA, 5.2% for BBRI, and 27.2% 

for BMRI. Compared to SVR, the improvements were even more substantial: 51.2% for BBCA, 69.3% 

for BBRI, and 20.0% for BMRI. These improvements highlight LSTM’s robustness against error 

accumulation in recursive multi-step forecasting, a known weakness of baseline models like LR and 

SVR. Upon further comparison, LSTM's superiority is also evident in the RMSE and MAE metrics, 

particularly for highly volatile stocks like BBCA and BMRI. For instance, in the 7-period recursive 

scenario, LSTM's RMSE for BBCA (400.44) is significantly lower than that of LR (439.63) and SVR 

(728.24). This confirms that LSTM's ability to retain historical context through its memory cells is 

highly effective for medium-term forecasting, where error accumulation poses a major challenge for 

baseline models. Furthermore, LSTM's MAE for BMRI (124.85) is also better than that of LR (172.30) 

and SVR (156.61), indicating that LSTM outperforms not only in percentage error but also in absolute 

error. 

3.2.3. Evaluation of the Daily (Single-Step) Scenario 

In addition to the two scenarios described above, the LSTM model was also evaluated in a single-

step daily forecast scenario using the same test data. The evaluation results for the three issuers are 

summarized in Table 3. Based on Table 3, the LSTM model achieved a MAPE below 2% for all issuers, 

with an average of 1.80%. This value confirms that the model performs very well in single-step daily 

predictions, complementing the evaluation results for the intraday and recursive scenarios. Notably, the 

daily single-step MAPE (1.80% on average) is higher than the intraday MAPE (0.48% on average) but 

lower than the recursive 7-period MAPE (2.86% on average), as expected due to the absence of error 

accumulation in single-step forecasting. This consistency across scenarios further validates the LSTM 

architecture’s reliability. 

 

Table 3. Performance of LSTM Model in Daily (Single-Step) Scenario 

Emiten RMSE (Rp) MAE (Rp) MAPE (%) 

BBCA 173.63 126.70 1.5267 

BBRI 99.23 71.67 1.9506 

BMRI 122.55 88.90 1.9318 

3.3. Visual Prediction Analysis 

A visual analysis was conducted to validate the LSTM model's ability to track stock price trends 

in the test data. This validation is important to complement the quantitative evaluation performed in the 

previous subsection. Figure 7 illustrates a contrast between real closing values and predicted outputs for 

the daily price movements of BBCA stock, serving as a visual representation of the entire experiment. 

 

 
Figure 7. Comparison of Actual vs Predicted Stock Price of BBCA (Daily Scenario) 
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The prediction line (red) in Figure 7 closely tracks the actual price movements (blue), both during 

uptrends and downtrends. Similar performance was also observed for BBRI and BMRI stocks, where 

the model consistently captured price momentum without significant lag. Thus, the LSTM architecture 

used proved efficient in capturing extended temporal relationships within financial stock sequences. 

This visual alignment corroborates the low MAPE values reported in Table 3 (1.53–1.95%), confirming 

that the model not only achieves low numerical error but also accurately follows directional price 

changes. 

3.4. Dashboard Interface Implementation 

The dashboard system, named EchelonStock, was built using the Flask framework. After 

processing the input, the system feeds historical data through the LSTM model and displays the results 

in three complementary tabs. The Charts & Accuracy tab presents evaluation metrics (RMSE, MAPE, 

MAE) along with an interactive Bokeh visualization that distinguishes between actual prices (blue), 

training predictions (yellow), and test predictions and future forecasts (red), as shown in Figure 8. The 

Forecast Results tab displays a table of predictions for the next 7 periods (trading days), as shown in 

Figure 9, while the Raw Data tab provides the latest historical data for transparency and user reference. 

All these features are designed to facilitate financial decision-making based on model predictions, 

integrating graphical visuals, numerical data, and market news into a single dashboard. 

 

 
Figure 8. Visualization of Prediction Graph and Evaluation Metrics 

 

 
Figure 9. Forecast Results Table for Hourly Scenario 

4. DISCUSSIONS 

This part elaborates on the principal outcomes obtained from the training and testing of the LSTM 

model. The discussion focuses on interpreting the system's capability in managing short-term market 

fluctuations and the stability of recursive forecasts, as well as comparing these results with previous 

research. Additionally, this section outlines the practical implications of integrating the model into the 
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EchelonStock interactive dashboard, identifies the limitations of the current study, and provides 

recommendations for future research directions. 

4.1. Interpretation of Training Results and Quantitative Evaluation 

In the daily training scenario, fluctuations in validation loss in the early epochs reflect high inter-

day price volatility, but stabilization toward the end of training demonstrates the effectiveness of 

Dropout regularization (0.1) in preventing overfitting. Meanwhile, the loss curve in the hourly scenario, 

which declined smoothly from the start, indicates that intraday data exhibits more regular short-term 

momentum, allowing the model to converge more quickly. A similar convergence pattern also occurred 

in the training of models for BBRI and BMRI, confirming that the Stacked LSTM architecture used is 

stable across various scenarios. 

In the intraday evaluation, although Linear Regression holds a slight numerical advantage (MAPE 

difference 0.01–0.06%), the LSTM's performance, with an average error below 0.5%, is deemed highly 

superior and meets deployment standards for guiding short-term trading decisions. The near‑identical 

performance between LSTM and Linear Regression in one‑step‑ahead forecasting reveals an important 

theoretical insight: for very short horizons, simple linear models can be competitive with deep learning, 

but their advantage disappears when predictions require understanding longer temporal dependencies. 

LR's slight advantage stems from its tendency to perform naive forecasting (using the previous value as 

the prediction), which is effective for one-step-ahead predictions. However, this approach does not fully 

represent the model's generalization capabilities, particularly when faced with data exhibiting more 

complex patterns. 

In the 7-period recursive scenario, the fundamental superiority of LSTM becomes evident. The 

consistent performance decline of the baseline model in multi-step predictions demonstrates that simple 

extrapolation approaches fail to preserve price trend structures. This confirms a key theoretical 

advantage of LSTM: its memory cells actively maintain historical context across multiple time steps, 

effectively mitigating error accumulation a known limitation of recursive forecasting. Linear Regression 

experiences exponential error accumulation as the prediction horizon increases, while SVR, although 

capable of mapping non-linear spaces, still fails to identify medium-term sequential patterns. The 

success of LSTM can be attributed to the role of memory cells that actively maintain the historical 

context of the data, and the effectiveness of the EarlyStopping and Dropout mechanisms in preventing 

overfitting. 

These results are consistent with the findings of Hanafiah et al. (2023), who obtained a MAPE of 

0.0257 for BBNI stock [8] and Wathani et al. (2023), who obtained an RMSE of 127.22 for BBCA stock 

[9], which also demonstrate the high accuracy of LSTM for Indonesian banking stocks. A comparison 

with the baseline model in the 7-period recursive forecast confirms the results of Bagastio et al. (2023), 

who reported a MAPE below 10% for the five largest banks by market capitalization [11]. However, 

unlike those studies, which are generally only experimental in nature, this research goes a step further 

by integrating the model into an interactive dashboard that is practical and directly accessible to 

investors [14]. From a theoretical perspective, this study contributes to the field of computational finance 

by demonstrating that a univariate LSTM with appropriate regularization can achieve 

near‑state‑of‑the‑art performance on high‑frequency banking stock data, while also providing a 

replicable framework for deploying such models in real‑world web applications. 

Furthermore, the results of this study indicate that Dropout regularization with a value of 0.1 

applied to each LSTM layer not only successfully prevents overfitting but also contributes to the model's 

stability when faced with highly volatile data. The small gap between training and validation loss in 

both scenarios confirms strong generalization capability, reinforcing the theoretical claim that Stacked 
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LSTM with appropriate regularization is a reliable architecture for time series prediction in dynamic 

capital markets. 

4.2. Practical Implications, Theoretical Contribution and Limitations 

This section discusses the practical value of integrating the predictive model into the 

EchelonStock dashboard, followed by a specific elaboration on the theoretical contributions of this study 

to the field of computer science. Finally, the limitations of the current research are acknowledged to 

provide a balanced perspective and to identify opportunities for future improvement. 

4.2.1. Contribution to Computer Science (Theoretical Impact) 

This research makes several contributions to the field of computer science, particularly in the 

areas of time series forecasting and applied deep learning. First, it provides empirical evidence that a 

univariate Stacked LSTM with Dropout regularization (0.1) can achieve highly accurate predictions 

(MAPE <2%) on real‑world, high‑volatility financial data without requiring exogenous variables. This 

demonstrates that LSTM’s internal memory mechanism is sufficient to capture complex temporal 

dependencies in banking stock prices, reinforcing the theoretical understanding of how recurrent 

architectures handle long‑range patterns in noisy, non‑stationary sequences. 

Second, the comparative analysis between one‑step‑ahead and recursive multi‑step forecasting 

quantifies how error accumulation affects different model families (linear regression, kernel‑based SVR, 

and recurrent neural networks). The finding that LSTM significantly outperforms baseline models in the 

7‑period recursive scenario provides practical guidance for model selection in multi‑horizon forecasting 

tasks, a common challenge in time series research. 

Third, the study validates that dynamic scaling (re‑initializing MinMaxScaler per prediction 

request) is a viable alternative to static scaler files for real‑time deployment. This addresses a known 

engineering challenge in production‑ready forecasting systems and contributes to the growing body of 

knowledge on deploying deep learning models in low‑latency web environments. Collectively, these 

findings extend the existing body of knowledge on LSTM architectures for financial time series and 

provide a reproducible benchmark for future research on Indonesian banking stocks. 

4.2.2. Practical Implications and Limitations 

The strength of this research is grounded in the incorporation of a predictive model into an 

interactive dashboard that presents backtesting graphs, recursive forecast tables, and real-time market 

news within a single system. This approach addresses the gap in previous research, which generally 

focused only on experimental evaluation without providing an applicable system directly accessible to 

investors. Thus, this study provides investors with a tangible tool for investment decision-making. 

However, the developed model remains univariate as it uses only historical price data, by 

excluding external influencing factors such as macroeconomic indicators or market sentiment. 

Additionally, the dashboard system is currently run locally and has not yet been deployed to a cloud-

based production environment, thus limiting its accessibility. These limitations present opportunities for 

improvement in future research. 

4.3. Future Research Directions 

For future development, it is recommended to explore hybrid models such as CNN-LSTM or 

incorporate exogenous features to improve prediction accuracy. Additionally, cloud-based deployment 

should be implemented to make the system more widely accessible to the public. Further development 

could also include the integration of corporate fundamental data and social media sentiment to enrich 

the model's input features. 
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5. CONCLUSION 

This research effectively applied the LSTM computational model for stock price prediction of 

three Indonesian banking companies (BBCA, BBRI, BMRI), integrated into a web-based interactive 

dashboard called EchelonStock using the Flask framework and the CRISP-DM approach. The Stacked 

LSTM model, trained on daily and hourly historical data, demonstrated high accuracy in backtesting 

evaluations (daily MAPE <2%, hourly MAPE <1%), and outperformed Linear Regression and SVR in 

7-period recursive forecasting with a MAPE below 5%.  

The main scientific contribution of this study is twofold. First, it introduces a novel integration of 

a univariate Stacked LSTM forecasting engine into a fully functional interactive dashboard that 

simultaneously provides backtesting charts, recursive forecast tables, and real‑time market news – a 

combination that has not been widely implemented in previous experimental studies. Second, it 

systematically evaluates model performance across three complementary scenarios (intraday, daily 

single‑step, and 7‑period recursive forecasting), thereby offering a more comprehensive assessment of 

LSTM’s capabilities in handling both short‑term volatility and medium‑term error accumulation. This 

multi‑scenario evaluation represents a methodological novelty in the context of Indonesian banking 

stock prediction. 

The impact of this research on the field of computer science lies in its demonstration that a 

properly regularized Stacked LSTM can achieve highly accurate, production‑ready forecasts on 

real‑world financial time series without requiring exogenous variables, while also providing a replicable 

software architecture (Flask, dynamic scaling, and Bokeh) for deploying deep learning models in 

low‑latency web environments. Furthermore, the comparative analysis with baseline models under 

different forecasting horizons offers practical insights for algorithm selection in multi‑step prediction 

tasks. 

The integration of the model into an interactive dashboard that presents backtesting charts, 

recursive forecast tables, and real-time market news distinguishes this research from previous studies 

that were generally purely experimental. However, the developed model remains univariate, and the 

system still runs locally. For future research, it is recommended to: incorporate exogenous variables 

such as macroeconomic indicators (e.g., interest rates, inflation) or market sentiment from social media 

to enrich the input features; deploy the dashboard system to a cloud‑based production environment (e.g., 

using AWS, Google Cloud, or Heroku) to enable broader public access; explore hybrid architectures 

such as CNN‑LSTM or attention‑based models to further improve accuracy and reduce error 

accumulation in multi‑step forecasting; and extend the dataset to include stocks from other sectors (e.g., 

technology, consumer goods) to test the generalizability of the proposed model. 
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