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Abstract 

The Indonesian capital market has experienced rapid development in the last two decades, with the banking sector as one of the 

main drivers. Stock price prediction is a crucial aspect for investors and market players to minimize risk and optimize investment 

strategies. Price fluctuations influenced by fundamental factors, market sentiment, and external conditions make prediction a 

complex challenge. This study aims to compare the performance of four activation functions: Rectified Linear Unit (ReLU), 

hyperbolic tangent (Tanh), Sigmoid, and Softplus, in the Long Short-Term Memory (LSTM) model in predicting the stock price of 

Bank Negara Indonesia (BNI). The method used is a quantitative approach with experiments, using historical data of BNI's closing 

stock prices for the period May 1, 2020, to April 30, 2025, obtained from Yahoo Finance. The data is processed through cleaning, 

normalization, transformation into a supervised learning format, and division into training data (80%) and test data (20%). 

Performance evaluation is carried out using RMSE, MAE, MAPE, and R² metrics. The results showed that the Softplus activation 

function produced the best performance with RMSE 128.714, MAE 101.815, MAPE 2.358%, and R² 0.924, followed by ReLU 

which had competitive performance and more efficient training time. The Tanh activation function was in the middle position, while 

Sigmoid showed the lowest performance. These findings indicate that Softplus and ReLU are optimal choices for BNI stock price 

prediction using LSTM, with Softplus excelling in accuracy and ReLU providing a balance between performance and efficiency. 
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1. Introduction 

Indonesia's capital markets have experienced rapid development over the past two decades, driven by increased 

participation from both domestic and foreign investors. As a key pillar of the national economy, the capital market plays 

a crucial role in providing companies with access to funding and providing an investment platform for the public 

(Syazali et al., 2024). Among the various sectors listed on the Indonesia Stock Exchange (IDX), the banking sector 

plays a particularly dominant role, driving economic activity through its financial intermediation, fundraising, and credit 

distribution functions (Felle & Santioso 2024).  

Stock price prediction analysis is crucial for investors, traders, and financial managers in formulating appropriate 

investment strategies. Information about potential future price movements allows market participants to minimize risk, 

optimize portfolio allocation, and maximize profit opportunities (Sebastian & Tantita, 2024). For long-term investors, 

stock price predictions can help determine the right moment to buy or sell assets, while for traders, this analysis provides 

the basis for quick and accurate short-term decision-making (Shaban et al., 2024). 

Stock price movements are determined not only by a company's fundamental performance but also by market 

sentiment, global economic conditions, government policies, exchange rate fluctuations, and political and social events 

(Raza et al., 2023). This combination of factors creates high uncertainty, making price movement patterns often difficult 

to accurately predict. The rapidly changing nature of the market requires predictive models to adapt to the latest data 

and capture non-linear relationships (Darwish et al., 2025). This requires the use of more sophisticated analytical 
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                Azahra et al. / International Journal of Global Operations Research, Vol. 6, No. 3, pp. 220-226, 2025                                 221 

 
approaches than traditional statistical methods, including the use of machine learning and deep learning models to 

improve prediction accuracy. 

The use of deep learning methods to model time series data has been widely used by previous researchers. One 

prominent architecture is Long Short-Term Memory (LSTM), a variant of Recurrent Neural Network (RNN) designed 

to address the vanishing gradient problem and capture long-term dependency patterns in historical data (Malashin et al., 

2024). LSTM's superiority in processing sequential data makes it widely used in stock price prediction. Selecting the 

right activation function can be a determining factor in the model's success in generating accurate predictions on volatile 

stock market data. 

Common activation functions used in LSTM modeling include Rectified Linear Unit (ReLU), hyperbolic tangent 

(tanh), sigmoid, and softplus, each with distinct advantages in managing the flow of information within a neural 

network. The primary challenge lies in determining which activation function is most suitable for predicting banking 

stock price movements, given the dynamic nature of market data and its sensitivity to changes in external factors. The 

goal of this approach is to find the activation function that produces the most accurate predictions, thus supporting more 

informed, empirically-based investment decision-making. 

2. Methodology 

2.2. Research Design 

This study uses a quantitative approach with experimental methods to test and compare the performance of various 

activation functions in the Long Short-Term Memory (LSTM) model in predicting stock price movements of Bank 

Negara Indonesia (BNI). The approach used is a deep learning model focused on time series forecasting. The 

experimental process involves designing an LSTM model using various activation functions, then evaluating the 

prediction performance based on relevant accuracy and error metrics to determine the most appropriate activation 

function for the characteristics of banking stock data. 

2.2 Data Collection 

Data collection in this study was conducted using data mining techniques using the yfinance library to obtain 

historical stock price data from the Yahoo Finance platform. The data used covered the period from May 1, 2020, to 

April 30, 2025, with a total of 1,200 daily data points. The closing price (close) was chosen as the target variable because 

it represents the final trading value, which is often used as a reference in stock price analysis and forecasting. The 

closing price of the stock will be shown in figure 1. 

 
Figure 1: BNI stock closing price chart 

2.3 Data Preprocessing 

Preprocessing is carried out to ensure the data is ready for use in LSTM model training. The steps include: 

1) Data Cleaning 

Removing missing values from data to maintain data quality and prevent biased predictions from the model. 

 

2) Data Normalization 

Using StandardScaler to standardize all features to the same scale, thereby speeding up the training process and 

improving model performance (Raju et al., 2020). 
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3) Data Transformation 

Transforming time series data into a supervised learning format by adding a lag variable as input to the LSTM 

model. 

4) Data Splitting 

Splitting the data into a training set (80%) and a testing set (20%) of the total data. 

2.4 Model Development 

Long Short-Term Memory (LSTM) is a Recurrent Neural Network (RNN)-based artificial neural network 

architecture designed to learn long-term dependencies in sequential data. LSTM uses a gating mechanism that allows 

important information to be retained over long periods of time while discarding irrelevant information (Le et al., 2019). 

The main structure of an LSTM consists of an Input Gate, a Forget Gate, a Cell State, a New Candidate, an Output Gate, 

and a Hidden State. Its mathematical formulation is as follows: 

1) Input Gate 

𝑖𝑡 = 𝜎 (𝑊𝑖 × 𝑋𝑖 + 𝑈𝑖 × ℎ𝑡−1 + 𝑏𝑖 (1) 

2) Forgate Gate 

𝑓𝑡 = 𝜎 (𝑊𝑓 × 𝑋𝑡 + 𝑈𝑓 × ℎ𝑡−1 + 𝑏𝑓 (2) 

3) Cell State 

𝑐𝑡 = 𝑓𝑡 ⊚ 𝑐𝑡−1 + 𝑖𝑡 +⊚ 𝑐́𝑡 (3) 

4) New Candidate 

𝑐́𝑡 = 𝑡𝑎𝑛ℎ(𝑊𝑐 × 𝑋𝑐 + 𝑈𝑐 × ℎ𝑡−1 + 𝑏𝑐 (4) 

5) Output gate 

𝑜𝑡 = 𝜎(𝑊0 × 𝑋𝑖 + 𝑈𝑜 × ℎ𝑡−1 + 𝑏𝑜 (5) 

6) Hiddent State 

ℎ𝑡 = 𝑜𝑡 ⊚  𝜎(𝑐𝑡) (6) 

 

where 

𝑋𝑡 is the input at time t 

ℎ𝑡−1 is the previous hidden state 

𝑐𝑡 is the cell state at time t 

𝜎 is the sigmoid activation function 

⊚ is the element-by-element multiplication (Hadamard product) 

𝑊 and 𝑈 are weight matrices, 𝑏 is the bias vector 

 

The LSTM model was trained using the Adam optimizer with 100 epochs. To prevent overfitting, early stopping 

was used with validation loss monitoring. Training was performed using a loop to compare the performance of four 

activation functions: 

1. Sigmoid converts input values into probabilities between 0 and 1. Large positive values approach 1, large negative 

values approach 0 (Montesinos López et al., 2022). 

𝑓(𝑥) =
1

1 + 𝑒−1
 

(7) 

2. Tanh is similar to Sigmoid but is centered at 0, making positive and negative outputs balanced. 

𝑓(𝑥) =
1 − 𝑒2𝑥

1 + 𝑒2𝑥
 

(8) 

3. Relu works If the input is positive, the function returns its value immediately; if negative, it returns 0. 

𝑓(𝑥) = max (0, 𝑥) (9) 
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4. Softplus is a smoother version of ReLU. Instead of clipping negatives to zero, it provides a smooth transition from 

negative to positive values (Hammad, 2024). 

𝑓(𝑥) = 𝐼𝑛 (1 + 𝑒𝑥) (10) 

2.5 Model Evaluation 

Model evaluation aims to measure the accuracy and reliability of prediction results relative to actual data. In this 

study, model performance was measured using four evaluation metrics: Mean Absolute Error (MAE), Root Mean 

Squared Error (RMSE), Mean Absolute Percentage Error (MAPE), and Coefficient of Determination (R²). 

 

𝑀𝐴𝐸 =
1

𝑛
∑|𝑓𝑡 − 𝑦𝑡|

𝑛

𝑡=1

 
(11) 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(𝑦𝑖 − 𝑦̃𝑖)2

𝑛

𝑖=1

 

(12) 

𝑀𝐴𝑃𝐸 =
1

𝑛
∑ |

𝑦𝑖 − 𝑦̃𝑖

𝑦𝑖
|

𝑛

𝑖=1

× 100% 
(13) 

𝑅2 = 1 −
∑ (𝑦𝑖 − 𝑦̂𝑖)𝑛

𝑖=1
2

∑ (𝑦𝑖 − 𝑦̅𝑖)2𝑛
𝑖=1

 
(14) 

3. Results and Discussion 

3.1. Evaluation of activation function performance 

Table 1: Activation Function Performance 

Activation RMSE MAE MAPE 

(%) 

R² Train Time 

(ms) 

Pred Time 

(ms) 

relu 128.519 103.363 2.407 0.924 105,496,150 438,836 

tanh 129.692 102.146 2.387 0.923 104,498,321 713,850 

sigmoid 147.220 117.302 2.739 0.900 46,113,803 686,981 

softplus 128.714 101.815 2.358 0.924 113,633,627 429,862 

 

The results in table 1 show that the softplus activation function produces the best overall prediction performance 

with an RMSE of 128.714, MAE of 101.815, and MAPE of 2.358%, accompanied by an R² value of 0.924, which 

indicates the model's ability to explain variations in actual data is quite high. ReLU activation also shows competitive 

performance with an RMSE of 128.519, MAE of 103.363, MAPE of 2.407%, and R² of 0.924, although it is slightly 

inferior in absolute error compared to softplus. Meanwhile, tanh activation produces an RMSE of 129.692, MAE of 

102.146, and MAPE of 2.387% with an R² of 0.923, which is in the middle of ReLU and softplus in terms of 

performance.  

The sigmoid activation function showed the lowest performance with the highest RMSE of 147.220, MAE of 

117.302, MAPE of 2.739%, and R² of 0.900, indicating a relatively lower accuracy level compared to other activation 

functions. In terms of training time, sigmoid required the shortest time (46,113 ms) while softplus required the longest 

time (113,634 ms). For prediction time, softplus also excelled with the fastest prediction (429,862 ms) compared to tanh 

which required the longest prediction time (713,850 ms). These findings indicate that softplus and ReLU are more 

optimal choices for BNI stock price prediction using LSTM in the context of this study. 

 

 

3.2. Comparison of activation functions during training 
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Figure 2: Comparison graph during the training process 

 

Loss decreases rapidly in the ReLU and tanh graphs at the beginning of training, then stabilizes after about 10 

epochs. Validation loss values tend to follow training loss consistently, indicating that these two activation functions are 

able to maintain model generalization well and do not show significant indications of overfitting. In the sigmoid graph, 

validation loss decreases more slowly than the other activation functions, with a relatively high initial loss. This is 

consistent with the results of the quantitative evaluation where sigmoid provides the lowest performance. The softplus 

graph shows a rapid convergence process in the first 10 epochs with a stable loss in the subsequent stages. The 

consistency between training loss and validation loss in softplus indicates the stability of the model in predicting unseen 

data, and also explains why softplus produces the best prediction performance among all activation functions. This 

training and validation curve analysis confirms that softplus and ReLU have good convergence and stability 

characteristics, while sigmoid tends to be less optimal for forecasting BNI stock prices in this study. 

3.3. Comparison of Predictions and Actuals 

 
Figure 3: Comparison graph of prediction and actual 

In the ReLU and Tanh activation functions, the prediction curves (dotted lines) are almost always parallel and close 

to the actual curve (solid line), indicating high accuracy and relatively small prediction errors across most timescales. 

This is consistent with the high R² values for both functions. The Sigmoid activation function shows a slight lag in 

predictions at some price peaks and troughs, although the overall trend follows the actual data. This difference indicates 
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a slight limitation of the sigmoid in capturing the dynamics of extreme price changes. For the Softplus activation 

function, the prediction results are also quite close to the actual values, although there are slight deviations during 

periods of sharp fluctuations. This model remains capable of predicting trend direction well, reflecting its ability to 

represent long-term data patterns. 

 
Figure 4: Comparison of actual and predicted prices 

 

Based on Figure 4, the four models with the ReLU, Tanh, Sigmoid, and Softplus activation functions were able to 

produce predictions very close to the actual data. The difference between the actual price and the predicted results was 

generally in the tens of points range, indicating a relatively low error rate. At the beginning of the period, all models 

provided predictions that differed only slightly from the actual value (approximately ±30 points), with a similar pattern 

across subsequent dates. The Tanh and ReLU activation functions consistently provided predictions closest to the actual 

data at almost all time points, particularly during periods of gradual downtrends or uptrends. The model with the 

Sigmoid activation function tended to provide slightly higher predictions at some peaks, while the Softplus model 

sometimes produced larger deviations, especially during sharp price fluctuations. 

4. Conclusion 

Based on the evaluation results using RMSE, MAE, MAPE, and R² metrics, it was found that Softplus provided the 

best overall performance with an RMSE of 128.714, MAE of 101.815, MAPE of 2.358%, and R² of 0.924, indicating 

high accuracy and good stability during the training process, although it required the longest training time. ReLU 

occupies a competitive position with performance close to Softplus, having fast convergence and good generalization 

capabilities, but slightly inferior in MAE value. The Tanh activation function is in an intermediate position with stable 

results but slightly lower accuracy than Softplus and ReLU. Meanwhile, Sigmoid shows the lowest performance with 

the largest error value (RMSE of 147.220) and the lowest R² (0.900), making it less than optimal for BNI stock price 

prediction. Overall, the results of this study conclude that Softplus and ReLU are the most optimal activation function 

choices for modeling and predicting BNI stock price movements using LSTM, where Softplus excels in terms of 

accuracy, while ReLU offers a balance between performance and training time efficiency. 
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