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Abstract

Stock price forecasting in the pharmaceutical sector is challenging due to high volatility and nonlinear temporal
patterns. Conventional statistical models often fail to capture long-term dependencies in financial time series. This
study proposes an optimized Long Short-Term Memory (LSTM) architecture to forecast the closing stock prices
of PT Kalbe Farma Tbk (KLBF.JK). Historical daily stock data from 2020 to 2024 were collected from Yahoo
Finance and preprocessed using Min—Max normalization. In this study, we evaluate several LSTMs by varying
epochs and batch sizes to identify the optimal model. Experimental results show that the proposed LSTM model
achieved the lowest Root Mean Square Error (RMSE) of 25.1406 using 100 epochs and a batch size of 5. The
configured LSTM demonstrates superior predictive performance in capturing stock price dynamics. The findings
confirm that the optimized LSTM architecture is effective for pharmaceutical stock forecasting and can support
data-driven investment decision-making.
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1. Introduction

Stock market forecasting is a crucial area in financial data analytics because it helps
investors and analysts anticipate market fluctuations and optimize investment strategies.
In recent years, stock prices have exhibited increasing volatility due to various internal and
external factors, including company performance, macroeconomic conditions, global
economic uncertainty, and investor sentiment [1], [3]. This high volatility introduces
significant uncertainty and risk, thereby motivating the need for accurate and reliable
prediction models that can support effective decision-making in financial markets.

Traditional forecasting methods such as Multiple Linear Regression (MLR) and
Ordinary Least Squares (OLS) have long been utilized to estimate stock price trends due
to their mathematical simplicity and ease of interpretation [2], [5], [7]. However, these
models generally assume linear relationships among variables and therefore fail to capture
the nonlinear and time-dependent patterns commonly observed in financial time-series
data [4], [8]. As a result, their predictive performance tends to deteriorate when applied to
highly volatile and complex stock market environments. This limitation has encouraged
researchers to explore more advanced approaches.
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Consequently, recent studies have increasingly focused on machine learning (ML) and
deep learning (DL) techniques that are capable of modeling complex nonlinear
relationships and temporal dependencies in financial data [9], [10], [13]. Among these
approaches, deep learning models have demonstrated superior performance in learning
patterns from large-scale and sequential datasets. In particular, comparative studies have
shown that LSTM and GRU networks outperform conventional regression-based models
when dealing with time-dependent financial data due to their ability to retain historical
information over long sequences [14], [17].

Among various deep learning architectures, the LSTM network, a variant of the RNN,
has demonstrated strong performance in sequential data prediction tasks [6], [12], [14].
LSTM incorporates memory cells and gating mechanisms that enable the model to retain
long-term dependencies while mitigating the vanishing gradient problem commonly
encountered in traditional RNNs [17]. Previous research comparing regression-based
models with deep learning approaches has consistently shown that LSTM achieves
superior predictive accuracy in stock price forecasting by effectively capturing temporal
dynamics and nonlinear relationships [11], [13], [19].

Unlike traditional regression-based and feed-forward neural network models, LSTM is
specifically designed to handle sequential data with long-term dependencies. Stock price
movements are strongly influenced by historical patterns over extended periods, making
memory-based architectures more suitable for financial time-series forecasting. The gating
mechanisms in LSTM allow the model to selectively retain relevant information and discard
irrelevant noise, enabling it to capture complex temporal relationships and nonlinear
dynamics that conventional machine learning models fail to model effectively. These
characteristics make LSTM particularly appropriate for modeling volatile stock price
behavior.

This study aims to apply and optimize an LSTM-based deep learning model to forecast
the closing stock prices of PT Kalbe Farma Tbk (KLBF.JK), one of Indonesia’s largest
pharmaceutical companies. The pharmaceutical industry remains a promising investment
sector due to its consistent market demand and continuous innovation in healthcare
products [18]. However, stock prices in this sector are still subject to significant volatility
driven by global market conditions, regulatory changes, supply chain variations, and
production cost fluctuations. Using historical daily stock data from 2020 to 2024 obtained
from Yahoo Finance, this research seeks to evaluate the effectiveness of an optimized
LSTM model in learning temporal dependencies and predicting stock price trends in the
pharmaceutical sector.

The novelty of this research lies in its focused and systematic approach to
pharmaceutical stock price forecasting in the Indonesian market, using PT Kalbe Farma
Tbk (KLBF.JK), a sector that remains underexplored compared to technology and banking
stocks in existing literature. This study advances prior work by moving beyond fixed LSTM
configurations and implementing a structured hyperparameter tuning strategy to examine
the effects of varying epochs and batch sizes on predictive performance. In addition, it
provides an explicit mathematical formulation of the LSTM architecture, thereby enhancing
model transparency, interpretability, and reproducibility in financial time-series analysis.
Finally, the study employs a comprehensive evaluation framework that integrates RMSE-
based quantitative assessment with visual trend analysis, demonstrating the capability of
LSTM to effectively model nonlinear patterns and temporal dependencies in stock price
movements.

2. Related Works



Recent developments in stock price prediction have shown a growing shift from
traditional regression models to advanced deep learning architectures. Previous research
has widely explored Multiple Linear Regression (MLR) and Ordinary Least Squares (OLS)
for financial forecasting due to their interpretability and efficiency in modeling
straightforward linear relationships [1], [5]. For instance, Wang et al. [7] applied MLR to
forecast the price trends of several major technology companies, achieving moderate
predictive accuracy. Similarly, Rusu et al. [4] compared various regression models,
including Ridge and LASSO, in predicting Apple Inc.’s stock prices and concluded that
while linear regression performs adequately for short-term predictions, it struggles to
capture nonlinear trends inherent in financial data.

The limitations of linear models have driven researchers toward machine learning (ML)
and deep learning (DL) approaches capable of capturing complex nonlinear relationships.
Jin and Yi [3] compared regression models and ML scenarios, showing that tree-based
algorithms such as XGBoost and Random Forest yielded better generalization in highly
volatile datasets. Li [13] and Zhou [8] emphasized that integrating regression with nonlinear
ML techniques significantly improves prediction stability. Recent studies have also
proposed LSTM-based stock prediction models and reported improved forecasting
accuracy by effectively modeling temporal dependencies in financial time-series data [20].
Other comparative studies, such as those by Yin [14] and Xia [17], demonstrated that LSTM
and GRU networks outperform regression-based models when dealing with time-
dependent data due to their ability to retain temporal information over long sequences.

Specifically, Zhou [12] and Bhatta et al. [9] highlighted that LSTM is particularly
effective in modeling stock price data containing long-term dependencies and irregular
fluctuations. Their experiments on companies such as Netflix and General Motors showed
that LSTM could capture complex sequential patterns, resulting in lower RMSE compared
to regression or feed-forward neural networks. More recent research has explored hybrid
deep learning architectures, such as Convi1D-LSTM, for stock price forecasting in the
Indonesian market and demonstrated enhanced predictive performance compared to
standalone models [21]. Similarly, Rusu et al. [19] conducted a comparative analysis of
several models, including SVR, Polynomial Regression, and LSTM, and found that LSTM
consistently provided better forecasting accuracy in datasets with nonlinear characteristics.

From a pharmaceutical industry perspective, Xia [6] compared Linear Regression,
Recurrent Neural Networks (RNN), and LSTM for predicting Johnson & Johnson’s stock
price, concluding that LSTM achieved the most stable performance when tested across
multiple time intervals. Their study confirms that deep learning methods provide superior
adaptability for industries like pharmaceuticals, where stock behavior is influenced by both
internal production cycles and external health-related factors.

In the Indonesian context, previous studies primarily focused on regression-based
approaches for predicting KLBF’s stock prices [3]. Other studies have investigated stock
price prediction using technical indicator-based approaches, such as the Moving Average
Convergence Divergence (MACD) method, showing that feature engineering and domain-
specific indicators can influence forecasting performance [22]. These studies demonstrated
the model’s potential but revealed limited capability in handling sequential dependencies
within time series data. Therefore, this research extends prior works by implementing and
optimizing an LSTM deep learning model to forecast PT Kalbe Farma Tbk (KLBF.JK) stock
prices, addressing the nonlinear and temporal complexities that earlier regression-based
models could not fully capture.



3. Proposed Method

This research applies an LSTM deep learning model to predict the stock prices of PT
Kalbe Farma Tbk (KLBF.JK). The proposed method consists of four primary stages: data
collection, preprocessing, model development, and model evaluation. The methodological

flow is shown in Fig. 1.
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Figure 1. The methodological flow

3.1 Data Collection

The dataset was obtained from the Yahoo Finance website, containing daily historical stock
data of PT Kalbe Farma Tbk (ticker symbol: KLBF.JK) from January 1, 2020, to December
30, 2024. The collected attributes include the opening price, high, low, closing price,
adjusted close, and trading volume. For this study, the closing price (Close) was selected
as the primary target variable since it represents the actual stock price at the end of each
trading day and is widely used in financial forecasting models.

3.2 Data Preprocessing

Data preprocessing was performed to ensure data consistency and to improve model
performance. Data preprocessing was conducted to ensure data consistency and enhance
the predictive performance of the model. Missing values were first examined and removed
to preserve the continuity of the time-series sequence. Subsequently, Min—Max
normalization was applied to rescale all values into the range [0, 1], as defined in Equation

(1).

LT — Tmin

Lmaz — LTmin



(1)

This normalization process enables stable neural network training by preventing
domination from features with larger numerical scales and improving convergence
behavior. After normalization, the dataset was split sequentially into 80% training data and
20% testing data to maintain the temporal order inherent in stock price movements. Finally,
the data were reshaped into a three-dimensional array format compatible with the LSTM
input structure, where each sample represents a time window of historical stock prices,
allowing the model to effectively learn temporal dependencies.

3.3 Model Development

LSTM is designed to overcome the vanishing gradient problem when processing long-term
sequential data [17]. The model consists of three main gates, including the Forget Gate,
Input Gate, and Output Gate, that regulate the flow of information. The LSTM model
operates based on the following key components and formulas:

1. Forget Gate: Determines which information from the previous state should be
forgotten. Table 1 summarizes the mathematics of the forget gate in LSTM.

fe = o(Wr.[he—y, %] + by 2)
Table 1. The Mathematical Notation of the Forget Gate
Notation Description
fi forget gate output
o Sigmoid activation fuction
Wy Weights for the forget gate
hi_q1 Previous hidden state
X input at the current timestep
by Bias for the forget gate

2. Input Gate: Decides which new information to store in the cell state.
ip = oc(Wi.[heoy, x] + b))
~ C ;= tanh (W, [he—y, %] + b.) 3)
Ct= fe.-Cooq +ir.~Cy

Table 2. The Mathematical Notation of the Input Gate

Notation Description
i input gate output
~C; Candidate cell state
C, Update cell state
w;, W, Weights for input gate and candidate state
b;, b, Bias terms

3. Output Gate: Determines the next hidden state based on the updated cell
memory.

o = o(Wolhi—1, 2] + by)

hy = oy X tanh(C}) @



Table 3. The Mathematical Notation of the Output Gate

Notation Description
0, Output gate result
h; Current hidden state (LSTM output)
w, Weights for output gate
b, Bias term
C; Current cell state

In this research, the LSTM mechanism was implemented to model the sequential
behavior of PT Kalbe Farma Tbk (KLBF.JK) stock prices. The network learns to retain
relevant long-term dependencies while filtering out noise, enabling more accurate
forecasting of stock trends over time.

4.4 Model Evaluation
The model’s performance was evaluated using the Root Mean Square Error (RMSE) metric
as expressed in Equation (4):

n

1 .
RMSE = \J =~ (i — ) (5)

i=1

Where y;represents the actual stock price, and Y; denotes the predicted value. A lower
RMSE value indicates better predictive accuracy. Additionally, the predicted results were
visualized alongside actual prices to observe how closely the model followed the stock’s
temporal trend.

4. Experimental Setup

4.1 Experimental Environment

The experiment was conducted to evaluate the predictive performance of the LSTM model
for forecasting the closing stock prices of PT Kalbe Farma Tbk (KLBF.JK). The
implementation was performed using the Python programming language with the
TensorFlow and Keras libraries. The experiment ran on a computer with Windows 1an 1,
Intel Core i7 processor, and 16 GB of RAM.

4.2 Dataset Description

The dataset was collected from the Yahoo Finance platform, consisting of daily historical
stock data for PT Kalbe Farma Tbk (KLBF.JK) spanning from January 1, 2020, to
December 30, 2024. The attributes include: Open, High, Low, Close, Adjusted Close, and
Volume. The closing price (Close) was selected as the target variable since it reflects the
most representative daily market value and is commonly used for financial forecasting
models.

4.3 Parameter Configuration

During the training phase, the dataset was divided into 80% training data and 20% testing
data. The LSTM model was configured with multiple layers and trained using the Adam
optimizer with Mean Squared Error (MSE) as the loss function. To find the most effective



combination of parameters, several hyperparameter tuning experiments were conducted
with variations in epochs and batch sizes. The Root Mean Square Error (RMSE) was used
as the main evaluation metric, as defined in Equation (2).

Table 4. LSTM Model Parameters

No Parameter Description / Value

1 Model Type LSTM (Sequential Neural Network)

2 | Optimizer Adam

3 | Loss Function Mean Squared Error (MSE)

4 | Activation Function ReLU (hidden layers), Linear (output)
5 | Normalization Min—Max (0—1 range)

6 | Evaluation Metric Root Mean Square Error (RMSE)

7 | Data Split 80% Training, 20% Testing

8 | Epoch 100, 200, 300

9 Batch Sizes 5,10,15

5. Result and Analysis

5.1 Hyperparameter Tuning Results

The experimental results demonstrate that the LSTM model’s performance is highly
influenced by hyperparameter selection. As shown in Table 5, smaller batch sizes
consistently produced lower RMSE values, indicating smoother gradient updates and
better generalization.

Table 5. RMSE Results for Various Hyperparameter Combinations

Epochs Batch Size RMSE
100 5 25.1406
200 5 26.4602
300 5 27.0091
100 10 27.5447
200 10 28.5071
300 10 26.1276
100 15 25.5206
200 15 25.4391
300 15 25.4008

The optimal configuration was achieved with 100 epochs and a batch size of 5, resulting in
the lowest RMSE value of 25.1406, which outperformed other tested combinations.

The forecasting accuracy achieved in this study is comparable to results reported in
previous LSTM-based stock price forecasting studies. Several earlier works applying
standard LSTM architectures reported RMSE values within a similar range when modeling
stock price movements in different sectors. In this research, the optimized LSTM
configuration achieved an RMSE of 25.1406, indicating that systematic hyperparameter
tuning contributes significantly to improving prediction performance. Unlike prior studies
that employed fixed model configurations, this study demonstrates that appropriate
selection of epochs and batch sizes enhances model stability and generalization,
particularly for volatile pharmaceutical stock data.



5.2 Visualization of Predicted vs Actual Prices

Figure 2 illustrates the comparison between actual and predicted stock prices, where
the LSTM model closely follows the overall price trend of KLBF JK. Although minor
deviations appear during periods of high volatility, the model successfully captures the
general movement and turning points of the stock price. Such deviations are common in
financial time-series forecasting and indicate the inherent uncertainty of stock market

dynamics.
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Figure 2. Actual vs Predicted Stock Price of KLBF.JK using LSTM

5.3 Analysis of Final Predictions

2025-01

Table 6 highlights the differences between actual and predicted closing prices for
the last ten trading days, providing insight into the model’s predictive accuracy under

recent market conditions.

Table 6. Comparison of Actual and Predicted Prices (Last 10 Records)

Date Actual Predicted Difference
2024-12-12 1421.21 1465.27 44.06
2024-12-13 1411.44 1432.01 20.57
2024-12-16 1406.55 1423.59 17.03
2024-12-17 1367.48 1412.99 45.51
2024-12-18 1347.95 1381.20 33.25
2024-12-19 1289.34 1363.04 73.70
2024-12-20 1245.39 1314.00 68.61
2024-12-23 1299.11 1275.23 23.88
2024-12-24 1367.48 1302.99 64.50
2024-12-27 1323.53 1348.44 24.91




The comparison demonstrates that the proposed LSTM model is able to capture the
general movement of stock prices with reasonable accuracy. Larger prediction differences
occur during periods of high market volatility, suggesting that model performance could be
further improved by incorporating external indicators such as trading volume or market
sentiment.

6. Conclusion

This study proposed an optimized LSTM model to forecast the closing stock prices of
PT Kalbe Farma Tbk (KLBF.JK) using daily historical data from 2020 to 2024. Experimental
results demonstrated that the LSTM model effectively captured nonlinear and temporal
patterns in stock price movements, achieving the best RMSE value of 25.1406 with 100
epochs and a batch size of 5. These results confirm that the optimized LSTM architecture
provides superior predictive capability compared to traditional regression-based models,
particularly for volatile financial time-series data in the pharmaceutical sector.

Future research can extend this work by integrating external factors such as
macroeconomic indicators, trading volume, and sentiment analysis from financial news or
social media. Additionally, hybrid deep learning architectures such as CNN-LSTM or
attention-based models may further improve forecasting accuracy and robustness in highly
volatile market conditions.
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