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 Due to high volatility, non-linearity, and complex dynamics, stock price 

forecasting remains a challenging task in financial time-series analysis. This 

study quantitatively compares the forecasting performance of six methods: 

Moving Average (MA), Linear Regression (LR), Support Vector Regression 

(SVR), Random Forest (RF), Gaussian Process Regression (GPR), and Long 

Short-Term Memory (LSTM), utilizing daily BBCA stock data from May 

2011 to April 2026. Preprocessing encompassed data validation, chronological 

ordering, Min-Max normalization, and feature engineering via lagged price 

values, MA, and the Relative Strength Index (RSI). Model evaluation relied 

on Mean Absolute Error (MAE), Mean Squared Error (MSE), Root Mean 

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

supplemented by historical visualization and a 30-trading-day future 

projection. Experimental results indicate that GPR achieved superior 

performance (MAE: 58.68, MSE: 8,940.29, RMSE: 94.55, MAPE: 1.12%). 

RF yielded competitive results (MAE: 113.36, MSE: 86,609.19, RMSE: 

294.29, MAPE: 1.54%), followed by LSTM (MAE: 88.75, MSE: 16,269.79, 

RMSE: 127.55, MAPE: 1.92%). Conversely, LR and SVR exhibited higher 

prediction errors, failing to capture complex price movements. Visualizations 

confirm that GPR, RF, and LSTM closely mirrored actual price trends, with 

GPR and LSTM generating more stable 30-day trajectories than linear or 

conventional statistical approaches. Overall, non-linear learning-based 

models, particularly GPR, offer reliable alternatives for short-term stock 

forecasting. 
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1. INTRODUCTION 

Stock markets exhibit highly volatile, non-linear, and stochastic characteristics influenced by various 

factors, including economic conditions, geopolitical events, investor sentiment, and market dynamics. Such 

characteristics make stock price forecasting a challenging task in financial time-series analysis. Accurate 

prediction of stock price movements plays an important role in investment decision-making, portfolio 

optimization, and financial risk management. However, stock price data frequently contain noise, structural 

changes, and temporal dependencies that complicate forecasting processes and reduce prediction reliability [1], 

[2], [3]. 

In the context of the Indonesian capital market, BBCA stock represents one of the blue-chip stocks 

with long historical trading records and is widely considered relevant for stock price forecasting analysis. Based 

on the historical BBCA stock data used in this study from May 2011 to April 2026, the closing price exhibited 

substantial movement over the observation period. The initial closing price was IDR 1,500, while the final 

closing price in April 2026 was approximately IDR 5,850. This indicates an increase of approximately 290% 
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from the initial closing price. During the observation period, the maximum closing price reached approximately 

IDR 10,800. This wide price range indicates that BBCA stock contains long-term trend patterns, short-term 

fluctuations, and dynamic price behavior. Therefore, BBCA stock is considered relevant for evaluating 

forecasting models that are expected to capture both linear and non-linear patterns in financial time-series data. 

Traditional forecasting approaches initially dominated stock market prediction studies due to their 

relatively simple implementation and low computational cost. However, increasing market complexity has 

accelerated the development of advanced approaches capable of modeling dynamic and non-linear 

relationships within financial datasets. Machine learning and deep learning techniques have gained significant 

attention because of their ability to improve forecasting performance and capture complex market patterns [4], 

[5], [6]. 

Recent studies have explored hybrid forecasting architectures integrating Long Short-Term Memory 

(LSTM), attention mechanisms, and hybrid deep learning frameworks to improve forecasting accuracy and 

model robustness [7], [8], [9], [10], [11]. Furthermore, comparative studies involving Bidirectional Long Short-

Term Memory (BiLSTM) and temporal forecasting models have demonstrated improvements in learning 

sequential patterns and long-term dependencies within financial datasets [12], [13]. 

Despite substantial progress in stock market forecasting research, many previous studies primarily 

focus on improving individual forecasting architectures rather than systematically comparing traditional 

statistical, machine learning, and deep learning approaches under identical experimental settings. Furthermore, 

studies involving Indonesian blue-chip stocks, particularly BBCA, remain relatively limited despite their 

importance in the Indonesian capital market. Consequently, identifying forecasting approaches capable of 

providing robust and reliable performance for practical investment applications remains challenging. 

This study aims to quantitatively compare the forecasting performance of six stock price prediction 

methods, namely Moving Average, Linear Regression, Support Vector Regression, Random Forest, Gaussian 

Process Regression, and Long Short-Term Memory, using BBCA historical stock price data. The comparison 

is conducted based on four error metrics: MAE, MSE, RMSE, and MAPE. In addition, this study incorporates 

lagged price features, Moving Average, and Relative Strength Index to represent temporal price behavior, trend 

information, and market momentum in short-term BBCA stock price forecasting. 

The contribution of this study lies in providing a comparative evaluation of statistical, machine 

learning, and deep learning approaches under identical dataset, preprocessing, feature engineering, and 

evaluation settings for BBCA stock forecasting. Additionally, this study applies technical indicator-enhanced 

feature representation and evaluates not only historical prediction accuracy but also future forecasting behavior 

through a 30-trading-day projection analysis. 

 

1.1 Traditional Statistical Methods 

Moving Average (MA) is a statistical indicator used to calculate average stock prices over a specified 

time window. The primary purpose of MA is to smooth short-term fluctuations and identify market trends. 

Although MA is computationally efficient and easy to interpret, its lagging nature limits its capability to capture 

complex non-linear relationships in stock price movements. 

Linear Regression (LR) is a statistical method employed to model linear relationships between 

dependent and independent variables. Due to its simplicity and interpretability, LR has been widely adopted in 

forecasting studies. However, the assumption of linearity often limits its effectiveness in highly volatile 

financial environments because stock market behavior typically exhibits dynamic and non-linear 

characteristics [1], [4]. 

 

1.2 Machine Learning Methods 

Support Vector Regression (SVR) is a regression-based extension of Support Vector Machines 

designed to minimize prediction errors while preserving model generalization capability. Through kernel 

functions, SVR can model non-linear relationships in financial time-series data and is commonly applied in 

stock price prediction studies [4]. 

Random Forest (RF) is an ensemble learning approach that combines multiple decision trees to 

improve predictive accuracy and model robustness. Random Forest uses bagging and aggregation mechanisms 

to reduce prediction variance and is recognized for its capability to model complex interactions among 

variables while maintaining robustness against noisy data [14]. 

Gaussian Process Regression (GPR) is a probabilistic non-parametric regression approach that models 

a distribution over possible prediction functions. GPR provides flexibility in representing non-linear 

relationships and enables uncertainty estimation [15], making it relevant for financial forecasting applications 

involving dynamic market behavior and risk considerations. Machine learning-based approaches have also 

been shown to be effective in empirical asset pricing and financial prediction tasks [6]. 
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1.3 Deep Learning Methods 

Long Short-Term Memory (LSTM) is a variant of Recurrent Neural Networks designed to overcome 

vanishing gradient problems in sequence learning tasks. LSTM employs memory cells and gating mechanisms 

that enable efficient learning of long-term temporal dependencies [5], [16], [17]. 

Previous studies reported that BiLSTM and transformer-based architectures demonstrated 

improvements in modeling long-term dependencies and contextual information in financial time-series 

forecasting tasks [7], [12]. Hybrid approaches integrating convolutional neural networks and attention 

mechanisms further improved feature extraction and forecasting stability in stock price prediction tasks [8]. 

In addition to predictive architectures, incorporating technical indicators such as Relative Strength 

Index (RSI) and Moving Average has become a common strategy for improving feature representation in stock 

forecasting. These indicators enrich the input features by providing additional information regarding market 

momentum and trend behavior, which may contribute to better prediction performance in financial time-series 

forecasting [18], [19]. 

 

2. METHOD 

This study employed a quantitative approach with a comparative experimental design to evaluate the 

performance of various stock price forecasting models. The research framework consisted of data acquisition, 

data preprocessing, feature engineering, model development and training, performance evaluation, and future 

stock price forecasting. Historical data acquisition and preprocessing were performed using Python, while 

predictive modeling and experimental analysis were conducted using MATLAB. 

 

2.1 Data Acquisition 

The dataset utilized in this study consisted of historical daily stock data of BBCA (PT Bank Central 

Asia Tbk). Historical stock data were automatically collected from Yahoo Finance using the yfinance library 

in Python. The dataset covered approximately fifteen years, spanning from May 2011 to April 2026. Daily 

observations were selected to capture both short-term fluctuations and long-term stock price movements. The 

acquired dataset included several stock attributes, namely opening price, highest price, lowest price, closing 

price, adjusted closing price, and trading volume. The collected data were stored in CSV format for subsequent 

preprocessing, feature engineering, model training, and performance evaluation. 

Before preprocessing, the dataset still retained its original structure as obtained from Yahoo Finance. 

The raw data consisted of daily trading records arranged chronologically based on trading dates. A sample of 

the raw BBCA historical stock data before preprocessing is presented in Table 1. The table shows several 

observations from the early period, middle period, and final period of the dataset to illustrate the variation of 

stock price movement over time.  

Table 1. Sample of Raw BBCA Historical Stock Data Before Preprocessing 

No. Period Date Open High Low Close Volume 

1 02-May-2011 1,500 1,500 1,480 1,500 11,520,000 

2 03-May-2011 1,450 1,500 1,450 1,450 29,397,500 

3 04-May-2011 1,470 1,470 1,420 1,470 66,220,000 

4 05-May-2011 1,430 1,450 1,430 1,430 48,987,500 

5 06-May-2011 1,460 1,460 1,410 1,460 39,665,000 

6 09-May-2011 1,440 1,460 1,440 1,440 17,860,000 

7 10-May-2011 1,460 1,470 1,440 1,460 8,327,500 

8 11-May-2011 1,470 1,470 1,440 1,470 32,395,000 

9 12-May-2011 1,440 1,460 1,440 1,440 21,392,500 

10 13-May-2011 1,460 1,470 1,430 1,460 56,490,000 

11 16-May-2011 1,420 1,440 1,410 1,420 61,670,000 

12 18-May-2011 1,430 1,460 1,420 1,430 93,630,000 

13 19-May-2011 1,450 1,480 1,440 1,450 45,402,500 

14 20-May-2011 1,460 1,480 1,440 1,460 50,617,500 

15 23-May-2011 1,430 1,450 1,410 1,430 57,972,500 

As shown in Table 1, the raw dataset contained numerical stock price attributes and trading volume 

before any preprocessing procedures were applied. The selected sample illustrates the structure of the original 

dataset and the variation in BBCA stock prices across the observation period. These data were then processed 
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through several stages, including chronological validation, missing value handling, normalization, and feature 

construction. The preprocessing stage was required to ensure data consistency and to transform the original 

stock data into a suitable input format for the forecasting models. 

 

2.2 Data Preprocessing 

The acquired historical data underwent preprocessing procedures before model development. These 

procedures included data validation, chronological ordering of observations, normalization, denormalization 

preparation, and training-testing data splitting. Data validation was conducted to ensure that each observation 

contained valid trading date information and closing price values. Observations with invalid dates or missing 

closing price values were excluded from the dataset to maintain data consistency and reliability. The data 

validation process is expressed as follows: 

 𝐼𝑖 = {
1, 𝑖𝑓 𝑡𝑖 ≠ 𝑁𝑎𝑇 𝑎𝑛𝑑 𝑦𝑖 ≠ 𝑁𝑎𝑁
0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 

where (𝐼𝑖) denotes the validity index of the (𝑖)-th observation, (𝑡𝑖) represents the trading date, and (𝑦𝑖) 

represents the closing price. Only observations with (𝐼𝑖 = 1) were retained for further processing. 

After data validation, the observations were arranged chronologically based on trading dates to 

preserve the temporal structure of the stock price data. Chronological ordering was required because time-

series forecasting depends on the sequence of historical observations. Subsequently, stock price values were 

normalized into the range of ([0,1]) using the Min-Max normalization method to improve model convergence 

and prevent scale dominance during model training [16]. The Min-Max normalization equation is defined as 

follows: 

𝑥′ =
𝑥 − 𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛

 

where (𝑥′) denotes the normalized value, (𝑥) denotes the original stock price value, (𝑥𝑚𝑖𝑛) denotes the 

minimum value, and (𝑥𝑚𝑎𝑥}) denotes the maximum value in the dataset. 

The normalization parameters were retained and later applied during the denormalization process for 

prediction analysis. Denormalization was performed to transform normalized prediction values back into the 

original stock price scale. The denormalization equation is defined as follows: 

𝑥 = 𝑥′(𝑥𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛) + 𝑥𝑚𝑖𝑛  

where (𝑥) denotes the denormalized value and (x') denotes the normalized prediction value. 

The dataset was then divided into training and testing data using a time-based splitting strategy. The 

first 80% of the observations were used as training data, while the remaining 20% were used as testing data. 

The number of training observations is expressed as follows: 

𝑁𝑡𝑟𝑎𝑖𝑛 = ⌊0.8 × 𝑁⌋ 
where (𝑁) denotes the total number of observations and (𝑁𝑡𝑟𝑎𝑖𝑛) denotes the number of training observations. 

This splitting strategy was applied to preserve the chronological order of stock price data and to simulate 

realistic forecasting conditions. 

 

2.3 Feature Engineering 

Feature engineering was performed specifically for machine learning and deep learning models, 

including LSTM, SVR, Random Forest, and GPR. The extracted features consisted of lagged values, Moving 

Average, and Relative Strength Index. These features were used to capture temporal dependencies, trend 

characteristics, and momentum information in stock price movements. The extracted features consisted of: 

a. Lagged values were constructed from previous normalized closing prices to represent sequential 

relationships within the stock price series [20]. In this study, five lagged values were used as input features. 

The lag feature is expressed as follows: 

𝑋𝑡 = [𝑦𝑡−5
′ , 𝑦𝑡−4

′ , 𝑦𝑡−3
′ , 𝑦𝑡−2

′ , 𝑦𝑡−1
′ ] 

where (𝑋𝑡) denotes the lag feature vector at time (𝑡), and (𝑦𝑡−𝑘
′ ) denotes the normalized closing price from 

the previous (𝑘)-th observation. 

b. Moving Average was calculated to represent trend characteristics and smooth short-term price fluctuations. 

In this study, a 30-day Moving Average window was used. The Moving Average equation is defined as 

follows: 

𝑀𝐴𝑡 =
1

30
∑ 𝑦𝑡−𝑖

′

30

𝑖=1

 

where (𝑀𝐴𝑡) denotes the Moving Average value at time (𝑡), and (𝑦𝑡−𝑖
′ ) denotes the normalized closing price 

from previous observations. 
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c. Relative Strength Index was utilized as a momentum indicator to identify the strength of stock price 

movements and represent overbought or oversold market conditions [1]. RSI was calculated using a 14-day 

period. The price change is defined as follows: 

Δ𝑦𝑡 = 𝑦𝑡 − 𝑦{𝑡−1} 

The gain and loss values are calculated as follows: 

𝐺𝑎𝑖𝑛𝑡 = 𝑚𝑎𝑥(Δ 𝑦𝑡 , 0) 

𝐿𝑜𝑠𝑠𝑡 = |𝑚𝑖𝑛(Δ 𝑦𝑡 , 0)| 

The average gain and average loss over a 14-day period are expressed as follows: 

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝐺𝑎𝑖𝑛𝑡 =
1

14
∑ 𝐺𝑎𝑖𝑛𝑡−𝑖

14

𝑖=1
 

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝐿𝑜𝑠𝑠𝑡 =
1

14
∑ 𝐿𝑜𝑠𝑠𝑡−𝑖

14

𝑖=1
 

The relative strength value is calculated as follows: 

𝑅𝑆𝑡 =
𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝐺𝑎𝑖𝑛𝑡

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝐿𝑜𝑠𝑠𝑡 + 𝜖
 

where (𝜖) is a very small value used to avoid division by zero. The RSI value is then calculated using the 

following equation: 

𝑅𝑆𝐼𝑡 = 100 −
100

1 + 𝑅𝑆𝑡

 

The RSI value was normalized into the range of ([0,1]) using the following equation: 

𝑅𝑆𝐼𝑡 =
𝑅𝑆𝐼𝑡

100
 

For SVR, Random Forest, and GPR, the final input feature vector consisted of five lagged normalized 

closing prices, one Moving Average feature, and one normalized RSI feature. The machine learning feature 

vector is expressed as follows: 

𝑋𝑡 = [𝑦𝑡−5
′ , 𝑦𝑡−4

′ , 𝑦𝑡−3
′ , 𝑦𝑡−2

′ , 𝑦𝑡−1
′ , 𝑀𝐴𝑡 , 𝑅𝑆𝐼𝑡−1 ] 

while the prediction target is defined as follows: 

𝑌𝑡 = 𝑦𝑡
′ 

For the LSTM model, the input sequence consisted of normalized closing price and normalized RSI values 

over the previous 10 trading days. The LSTM input sequence is expressed as follows: 

𝑋𝑡
𝐿𝑆𝑇𝑀 = [

𝑦𝑡−10
′ 𝑦𝑡−9

′

𝑅𝑆𝐼𝑡−10 𝑅𝑆𝐼𝑡−9 
⋯ 𝑦𝑡−1

′

… 𝑅𝑆𝐼𝑡−1 
] 

and the target output is expressed as follows: 

𝑌𝑡
𝐿𝑆𝑇𝑀 = 𝑦𝑡

′ 

All extracted features were normalized to maintain uniform scaling across variables. The Linear 

Regression model utilized time index values as predictor variables, whereas the Moving Average model 

operated directly on historical stock prices without additional features. Previous studies suggested that 

technical indicators such as RSI and moving averages can significantly improve predictive performance by 

enriching market trend and momentum information [18], [19]. 

 

2.4 Model Development and Training 

The dataset was divided into training and testing datasets using a time-based splitting strategy, where 

earlier observations were allocated for model training and later observations for model evaluation. This 

approach was employed to replicate realistic financial forecasting scenarios and preserve temporal 

relationships within stock market data. 

The forecasting models developed in this study consisted of: 

a. Moving Average (MA): implemented as a baseline statistical approach using average stock prices within 

a predefined window. The Moving Average model generated predictions by calculating the average of 

normalized closing prices from the previous 30 trading days. 

𝑦̂𝑡 =
1

30
∑ 𝑦𝑡−𝑖

′

30

𝑖=1

 

b. Linear Regression (LR): modelled the relationship between the time index and normalized stock prices 

using a linear function. 

𝑦̂𝑡 = 𝛽0 + 𝛽1𝑥𝑡 + 𝜀𝑡 
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c. Long Short-Term Memory (LSTM): implemented using a recurrent neural network architecture consist-

ing of sequence input, LSTM, fully connected, and regression layers. Model training employed the Adam 

optimization algorithm. 

𝑓𝑡 = 𝜎(𝑊𝑓[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓) 

𝑖𝑡 = 𝜎(𝑊𝑖[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖) 

𝐶̃𝑡 = tanh(𝑊𝐶[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝐶) 

𝐶𝑡 = 𝑓𝑡𝐶𝑡−1 + 𝑖𝑡𝐶̃𝑡 

𝑜𝑡 = 𝜎(𝑊𝑜[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜) 

ℎ𝑡 = 𝑜𝑡 tanh(𝐶𝑡) 

𝑦̂𝑡 = 𝑊𝑦ℎ𝑡 + 𝑏𝑦 

d. Support Vector Regression (SVR): implemented using a Radial Basis Function (RBF) kernel. Hyperpa-

rameter tuning was performed to minimize forecasting errors and improve prediction accuracy [4]. Sup-

port Vector Regression was implemented using a Gaussian Kernel to capture non-linear relationship be-

tween input features and target values. 

𝑦̂𝑡 = ∑(𝛼𝑖 − 𝛼𝑖
∗)𝐾(𝑥𝑖 , 𝑥𝑡) + 𝑏

𝑛

𝑖=1

 

𝐾(𝑥𝑖 , 𝑥𝑡) = exp(−𝛾‖𝑥𝑖 − 𝑥𝑡‖2) 

e. Random Forest (RF): developed using an ensemble learning approach combining multiple decision trees 

through bagging techniques to improve predictive robustness. Random Forest generated predictions by av-

eraging the outputs of 100 regression trees. 

𝑦̂𝑡 =
1

100
∑ 𝑇𝑏(𝑥𝑡)

100

𝑏=1

 

f. Gaussian Process Regression (GPR): implemented using a squared exponential kernel function to model 

complex non-linear stock price patterns. Gaussian Process Regression models stock price movement prob-

abilistically using a squared exponential kernel. 

𝑓(𝑥)~𝐺𝑃(𝑚(𝑥), 𝑘(𝑥, 𝑥′)) 

𝑘(𝑥, 𝑥′) = 𝜎𝑓
2 exp (−

‖𝑥 − 𝑥′‖2

2𝑙2
) 

 

2.5 Model Performance Evaluation 

Model performance was evaluated using four forecasting error metrics, namely Mean Absolute Error 

(MAE), Mean Squared Error (MSE), Root Mean Squared Error (RMSE), and Mean Absolute Percentage Error 

(MAPE). These evaluation metrics were computed by comparing the actual closing price values with the 

predicted values generated by each forecasting model. Only valid prediction values were used in the evaluation 

process to ensure that the error calculation was performed consistently across all models. 

a. Mean Absolute Error (MAE) 

𝑀𝐴𝐸 =
1

𝑛
∑|𝑦𝑖 − 𝑦̂𝑖  |

𝑛

𝑖=1

 

b. Mean Squared Error (MSE) 

𝑀𝑆𝐸 =
1

𝑛
∑(𝑦𝑖 − 𝑦̂𝑖)

2

𝑛

𝑖=1

 

c. Root Mean Squared Error (RMSE) 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(𝑦𝑖 − 𝑦̂𝑖)

2

𝑛

𝑖=1

 

d. Mean Absolute Percentage Error (MAPE) 

𝑀𝐴𝑃𝐸 =
100

𝑛
∑ |

𝑦𝑖 − 𝑦̂𝑖

𝑦𝑖

|

𝑛

𝑖=1
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Where (𝑦𝑖) denotes the actual closing price value, (𝑦̂𝑖) denotes the predicted closing price value, and (𝑛) denotes 

the number of valid observations used in the evaluation. Lower MAE, MSE, RMSE, and MAPE values indicate 

better forecasting performance. 

These evaluation metrics were computed using testing datasets to objectively compare prediction 

performance among the developed forecasting models. 

 

2.6 Future Stock Price Forecasting 

In addition to historical prediction evaluation, future BBCA stock prices were projected for the 

subsequent 30 trading days. Forecasting was conducted using an iterative multi-step forecasting strategy, where 

prediction outputs generated at previous steps were recursively utilized as input variables for subsequent 

forecasting periods. 

The forecasting process considered trading-day observations only to reflect realistic stock market 

conditions. Predicted values were transformed back to their original scale using the denormalization process 

based on previously stored normalization parameters. 

 

2.7 Implementation Environment 

The modeling, evaluation, visualization, and future forecasting processes were conducted using 

MATLAB R2022a. The implementation was supported by Deep Learning Toolbox for LSTM model 

development, Statistics and Machine Learning Toolbox for Linear Regression, Support Vector Regression, 

Random Forest, and Gaussian Process Regression, and Financial Toolbox for financial time-series analysis 

support. Historical BBCA stock data were obtained from Yahoo Finance and stored in CSV format. Python 

with the yfinance and pandas libraries was used to support historical data acquisition and preliminary data 

preparation, while the main preprocessing, feature engineering, model training, performance evaluation, and 

forecasting analysis were conducted in MATLAB to ensure consistency across all evaluated models. 

 

3. RESULTS AND DISCUSSION 

This section presents the experimental results of BBCA stock price forecasting using six forecasting 

methods, namely Moving Average, Linear Regression, Support Vector Regression, Random Forest, Gaussian 

Process Regression, and Long Short-Term Memory. The results are presented according to the research stages 

described in the method section, including dataset description, preprocessing results, feature engineering 

results, model evaluation, historical prediction analysis, and future stock price forecasting. 

 

3.1 Dataset and Preprocessing Results 

The dataset used in this study consisted of daily BBCA stock data collected from Yahoo Finance for 

the period of May 2011 to April 2026. The raw dataset contained daily trading attributes, including opening 

price, highest price, lowest price, closing price, and trading volume. Before model development, the dataset 

was validated to remove invalid observations and arranged chronologically to preserve the temporal structure 

of the stock price series. 

The closing price was used as the main target variable in the forecasting process. Based on the raw 

data sample presented in Table 1, BBCA stock price exhibited daily variations in open, high, low, close, and 

volume values. These variations indicate that stock price movement contains temporal patterns that need to be 

represented properly before model training. 

After validation and chronological ordering, the closing price values were normalized using Min-Max 

normalization into the range of [0,1]. This normalization process was applied to improve model convergence 

and prevent scale dominance during model training. The normalization parameters were stored and later used 

to transform predicted values back into the original stock price scale through denormalization. The dataset was 

then divided into training and testing data using an 80:20 time-based splitting strategy, where the earlier 

observations were used for training and the later observations were used for model evaluation. 

 

 

 

3.2 Feature Engineering Results 

Feature engineering was conducted to improve the representation of temporal patterns, trend 

characteristics, and momentum information in BBCA stock price movements. The constructed features 

consisted of lagged closing prices, Moving Average, and Relative Strength Index. 

Five lagged normalized closing prices were used to represent short-term temporal dependencies in the 

stock price series. A 30-day Moving Average was used to capture trend characteristics and smooth short-term 

fluctuations. Meanwhile, a 14-day RSI was used to represent price momentum and market movement strength. 
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For SVR, Random Forest, and GPR, the input feature vector consisted of five lagged normalized 

closing prices, one Moving Average feature, and one normalized RSI feature. For LSTM, the input sequence 

consisted of normalized closing price and normalized RSI values over the previous 10 trading days. This feature 

construction enabled the forecasting models to learn historical price behavior not only from previous prices but 

also from trend and momentum indicators. 

 

3.3 Historical Analysis and Model Performance Comparison 

 Table 2 presents the comparative forecasting error metrics obtained from the six evaluated models. 

Model performance was evaluated using MAE, MSE, RMSE, and MAPE. These metrics were computed by 

comparing actual closing price values and predicted values generated by each model. 

Table 2. Predictive Error Comparison for BBCA Historical Analysis 
Method MAE MSE RMSE MAPE (%) 

Moving Average 157.0094 52,846.01 229.8826 3.1082 
Linear Regression 602.2523 611,527.96 782.0025 14.4214 

Support Vector Regression 535.8636 1,743,372.44 1320.3700 7.7478 

Random Forest 113.3626 86,609.19 294.2944 1.5414 
Gaussian Process Regression 58.6839 8,940.29 94.5531 1.1187 

Long Short-Term Memory 88.7468 16,269.79 127.5531 1.9169 

 

Based on the results presented in Table 2 and Figure 1, machine learning and deep learning approaches 

generally achieved lower prediction errors than traditional statistical methods. This observation indicates that 

learning-based approaches possess stronger capabilities for modeling non-linear and dynamic characteristics 

of stock market data. Similar findings have been reported by Patel [4], Sezer [2], Jiang [3] and Nti [1], which 

suggested that machine learning techniques frequently outperform conventional statistical methods in financial 

forecasting applications. 

 

 
Figure 1. Prediction Error Comparison for BBCA Historical Analysis 

Among the evaluated forecasting methods, Gaussian Process Regression (GPR) achieved the best 

predictive performance by obtaining the lowest error values across most evaluation metrics, particularly MAE 

(58.68), RMSE (94.55), and MAPE (1.12%). Random Forest achieved the second-best performance with a 

MAPE value of 1.54%, followed by Long Short-Term Memory (LSTM) at 1.92%. 

In contrast, Linear Regression and Support Vector Regression generated significantly larger 

prediction errors. Linear Regression produced the highest MAPE value of 14.42%, indicating poor capability 

in modeling complex stock market behavior. The relatively weak performance of Linear Regression can be 

attributed to its assumption of linear relationships between predictor variables and stock prices, whereas stock 

market data typically exhibit non-linear, dynamic, and volatile characteristics. 

The superior performance of Gaussian Process Regression may be attributed to its probabilistic non-

parametric learning capability, which enables flexible modeling of non-linear relationships within stock market 

data [6]. Additionally, GPR effectively captures local variations and uncertainty characteristics commonly 
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present in financial time-series data. Previous studies also demonstrated that probabilistic regression 

approaches can achieve strong predictive performance when applied to noisy financial datasets. 

Furthermore, incorporating technical indicators such as Moving Average and Relative Strength Index 

(RSI) contributed positively to prediction performance by enriching feature representation with trend and 

momentum information. Feature engineering has been widely recognized as an important factor for improving 

forecasting quality in financial time-series applications [19]. 

 

3.4 LSTM Training Behavior 

The LSTM learning curve shown in Figure 2 demonstrates a stable learning process during model 

training. Initially, both loss and RMSE values rapidly decreased, indicating that the network successfully 

adapted to learning stock market patterns during the early training stage. 

As the training process progressed, both RMSE and loss values gradually stabilized and converged 

toward small values without significant oscillation. Minor fluctuations remained visible throughout the training 

iterations; however, no severe divergence was observed. This behavior indicates that the model maintained 

stable convergence characteristics and learned temporal dependencies embedded within historical stock price 

sequences effectively. 

The training process reached the maximum epoch configuration with a relatively smooth convergence 

trend, suggesting that the selected learning parameters contributed positively to training stability. Similar 

findings have been reported in previous LSTM-based financial forecasting studies, where appropriate 

optimization strategies and network configurations improved learning stability and forecasting performance 

[13], [16]. 

 

 
Figure 2. LSTM Learning Curve 

3.5 Historical Prediction Visualization 

Figure 3 illustrates historical prediction results generated by each forecasting model. The visual 

analysis supports the quantitative findings obtained from the error metrics discussed previously. 

The historical prediction results reveal distinct forecasting behaviors among the evaluated methods. 

The Moving Average model generated relatively smooth prediction trajectories and generally followed the 

long-term movement of stock prices. However, prediction outputs tended to lag behind rapid price fluctuations 

due to the averaging mechanism used by the method. 

Linear Regression primarily captured long-term trends but showed limitations in following short-term 

price dynamics. The prediction line exhibited a relatively linear pattern and gradually deviated from actual 

stock price movements, particularly during periods of increased volatility. This limitation is likely caused by 

the assumption of linear relationships between predictor variables and stock prices. 

Support Vector Regression showed relatively unstable behavior in later periods of the historical data. 

Significant deviations between predicted and actual values were observed, especially during highly volatile 

market conditions. This instability may indicate sensitivity to parameter configuration and challenges in 

representing complex market patterns within the selected feature space. 
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Figure 3. Historical Stock Price Prediction Results Using Six Forecasting Methods 

Random Forest, Gaussian Process Regression, and Long Short-Term Memory produced predictions 

that closely followed actual stock price trajectories. Among these approaches, Gaussian Process Regression 

demonstrated the closest overlap with historical price movements, visually confirming its superior quantitative 

performance previously reported via MAE, RMSE, and MAPE. 

LSTM also exhibited strong prediction capability by successfully learning temporal dependencies and 

sequential information contained within stock price movements. However, slight deviations remained visible 

during periods with abrupt market changes. 

Overall, the visual results shown in Figure 3 support the quantitative findings that learning-based 

approaches generally outperform traditional statistical methods for stock price forecasting. 

 

3.6 Future Stock Price Forecasting 

 In addition to historical prediction evaluation, this study also conducted 30-trading-day future 

forecasting. The future forecasting results are presented in Table 3 and Figure 4. The forecasting process was 

performed using an iterative multi-step strategy, where predicted values from previous steps were recursively 

used as input for subsequent prediction periods. 

Table 3. Selected Future BBCA Stock Price Forecast Results for 30 Trading Days 

Trading Day Date MA LR LSTM SVR RF GPR 

Day 1 2026-05-01 6506.70 9623.60 6015.40 5824.20 5904.40 5887.10 

Day 5 2026-05-07 6461.80 9633.50 5996.50 5234.50 5823.20 6024.50 

Day 10 2026-05-14 6422.20 9645.90 6034.80 5105.10 5778.00 6077.20 

Day 15 2026-05-21 6397.30 9658.30 6249.90 5039.00 5721.50 6090.10 

Day 20 2026-05-28 6359.60 9670.60 6431.90 5019.40 5561.30 6156.50 

Day 25 2026-06-04 6339.00 9683.00 6527.50 4947.40 5468.80 6180.90 

Day 30 2026-06-11 6345.70 9689.00 6572.90 4932.00 5409.30 6233.00 

 

The future forecasting results show different prediction behaviors among the evaluated models. Linear 

Regression generated a strong upward projection, with predicted values approaching approximately IDR 9,700. 

This result indicates a tendency toward overestimation caused by long-term linear extrapolation. 

Support Vector Regression produced a downward prediction pattern, indicating instability when 

applied to recursive future forecasting. Random Forest also showed a moderate downward trend, while Moving 

Average generated relatively stable forecasts due to its smoothing mechanism. 

Gaussian Process Regression generated stable future predictions around the latest historical price 

level, whereas LSTM produced a moderate upward trend over the 30-trading-day forecasting period. These 

results indicate that GPR and LSTM produced more reasonable future forecasting trajectories compared with 

Linear Regression and SVR. However, future stock price projections should be interpreted as decision-support 

information rather than deterministic outcomes because stock prices are affected by external factors that are 

not fully represented by historical price data. 
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These findings suggest that future stock price forecasting remains highly dependent on model 

characteristics and underlying assumptions. Different learning mechanisms may produce substantially different 

future projections even when trained using identical historical data. 

 

 
Figure 4. BBCA Stock Price Projection for the Next 30 Trading Days 

Therefore, model selection should not rely solely on prediction accuracy but should also consider 

interpretability, generalization capability, and robustness under uncertain market conditions. Moreover, stock 

forecasting results should be interpreted as decision-support information rather than deterministic future 

outcomes because stock prices remain affected by external economic conditions, market sentiment, geopolitical 

events, and other factors that cannot be fully represented by historical data alone. 

 

4. CLOSING 

This study conducted a comparative analysis of six BBCA stock price forecasting methods, namely 

Moving Average (MA), Linear Regression (LR), Support Vector Regression (SVR), Random Forest (RF), 

Gaussian Process Regression (GPR), and Long Short-Term Memory (LSTM). The experiment used historical 

daily BBCA stock price data from May 2011 to April 2026. Model performance was evaluated using four error 

metrics, namely Mean Absolute Error (MAE), Mean Squared Error (MSE), Root Mean Squared Error (RMSE), 

and Mean Absolute Percentage Error (MAPE), supported by historical prediction visualization and 30-trading-

day future forecasting analysis. 

The experimental results show that learning-based models generally achieved better forecasting 

performance than conventional statistical approaches. Among the evaluated methods, Gaussian Process 

Regression achieved the best predictive performance, with MAE of 58.68, MSE of 8,940.29, RMSE of 94.55, 

and MAPE of 1.12%. Random Forest also produced competitive results with MAPE of 1.54%, followed by 

LSTM with MAPE of 1.92%. These findings indicate that non-linear learning-based models are more suitable 

for capturing dynamic and non-linear patterns in BBCA stock price movements than purely linear or 

conventional statistical models. 

The historical prediction visualization further supports the quantitative evaluation results. GPR, 

Random Forest, and LSTM produced prediction patterns that were closer to the actual stock price movement, 

while Linear Regression and Support Vector Regression showed larger deviations in several periods. Moving 

Average was able to capture the general trend direction but tended to lag behind rapid price changes due to its 

smoothing mechanism. 

The use of lagged price values, Moving Average, and Relative Strength Index provided additional 

feature representation related to temporal dependency, trend behavior, and price momentum. However, the 

findings should be interpreted within the scope of the experimental setting because this study did not separately 

evaluate the individual contribution of each technical indicator through feature ablation analysis. Therefore, 

the results demonstrate the effectiveness of the complete feature-based forecasting framework rather than the 

isolated effect of each feature. 

Despite the promising results, this study has several limitations. The forecasting process primarily 

relied on historical price data and technical indicators, while external variables such as market sentiment, 

macroeconomic indicators, company fundamentals, trading volume-based indicators, and financial news 
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events were not incorporated into the model. As a result, several market behaviors influenced by external 

factors may not be fully captured by the forecasting models. 

Future studies are recommended to integrate additional data sources, apply advanced hyperparameter 

optimization techniques, evaluate feature contribution through ablation testing, and explore hybrid forecasting 

architectures. Furthermore, the implementation of Explainable Artificial Intelligence (XAI) methods may 

improve model interpretability, while real-time trading simulation and multi-stock evaluation across different 

sectors may enhance the generalizability and practical relevance of the forecasting framework. 
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