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Abstract: 
Introduction: Accurate stock price forecasting is important for investors and financial institutions because stock 

movements reflect dynamic market conditions and influence investment decision-making. This study compares CNN-

LSTM and XGBoost-LSTM models for predicting stock prices in the Indonesian banking sector. Method: Historical daily 

closing prices of PT Bank Central Asia Tbk (BBCA), PT Bank Rakyat Indonesia (Persero) Tbk (BBRI), and PT Bank 
Mandiri (Persero) Tbk (BMRI) were collected from Yahoo Finance, with 1,000 observations for each stock. Data were 

normalized using Min-Max scaling, transformed using a four-day sliding window to predict the following day, and 

chronologically divided into 80% training and 20% testing sets. Both models were evaluated using RMSE, MAE, R², and 

MAPE, with each experiment repeated ten times. Results and Discussion: CNN-LSTM consistently outperformed 
XGBoost-LSTM on all three test datasets. For BBCA, BBRI, and BMRI, CNN-LSTM achieved R² values of 0.8589, 

0.7746, and 0.7409, respectively, compared with 0.8048, 0.7509, and 0.6260 for XGBoost-LSTM. CNN-LSTM also 

produced lower RMSE, MAE, and MAPE values across all test sets, indicating stronger and more stable generalization. 

Conclusion: CNN-LSTM provides more reliable predictive performance than XGBoost-LSTM for the evaluated 
Indonesian banking stocks, demonstrating the effectiveness of combining local feature extraction with temporal 

dependency learning for stock price forecasting. 

Keywords: Prediction Stock; XGBoost; CNN; LSTM. 

 

1. Introduction 

The stock market is one of the key indicators reflecting a country’s economic conditions, as it reflects investors’ 

expectations regarding companies’ prospects and future economic growth [1]. Changes in share prices are influenced 

by various factors, such as a company’s fundamentals, market sentiment, economic policies, and global economic 

dynamics, which make price movements dynamic and difficult to predict [1], [2]. The accuracy of share price forecasts 

is a crucial aspect, as the results of these forecasts are used as the basis for investment decision-making, the formulation 

of corporate business strategies, and financial risk analysis [3]. In Indonesia, the banking sector is one of the sectors 

with the largest market capitalisation [4]; consequently, the ability to predict share price movements in this sector 

holds strategic value for investors, financial institutions and regulators in supporting more informed decision-making. 

Various approaches have been developed to improve the accuracy of share price predictions. Conventional 

approaches, such as technical analysis, utilise historical price patterns to forecast price movements in subsequent 

periods [5]. With the advancement of computing technology, methods based on machine learning and deep learning 
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are increasingly being used as they are capable of learning non-linear relationships and complex temporal 

characteristics in time series data [6]. Various algorithms, such as Artificial Neural Networks (ANNs), Support Vector 

Machines (SVMs), Long Short-Term Memory (LSTMs), Convolutional Neural Networks (CNNs), and even hybrid 

models combining several algorithms, have demonstrated improved performance compared to conventional 

approaches in various stock price forecasting scenarios. 

However, there is as yet no consensus on which deep learning architecture delivers the best performance across 

all characteristics of stock data [7]. Previous research conducted by [5] showed that LSTM models are effective at 

learning long-term temporal dependencies, but still have limitations in capturing local patterns that emerge in time-

series data [8]. On the other hand, CNN-LSTM models are able to enhance feature extraction capabilities through 

convolutional layers prior to the temporal learning process carried out by the LSTM [9]. Other studies, such as [10], 

have also developed the XGBoost-LSTM model by utilising the XGBoost algorithm for feature extraction prior to 

modelling with LSTM. However, the majority of studies have focused solely on developing a specific model or have 

used different datasets; consequently, the results obtained are difficult to use as a basis for determining the most 

suitable model for the characteristics of the Indonesian stock market, particularly the banking sector. 

Given these circumstances, there is a need for research that conducts a direct comparison between the CNN-

LSTM and XGBoost-LSTM models using the same dataset, pre-processing scheme, training procedures, and 

evaluation metrics. This approach allows for a more objective evaluation process, ensuring that any differences in 

performance are genuinely attributable to the characteristics of each model architecture, rather than to differences in 

the dataset or experimental procedures. Furthermore, the use of historical share price data from the banking companies 

with the largest market capitalisation in Indonesia is expected to provide a more representative picture of the two 

models’ ability to learn share price movement patterns under domestic market conditions. 

Based on the above, this study aims to analyse and compare the performance of the CNN-LSTM and XGBoost-

LSTM models in predicting share prices in the Indonesian banking sector. The comparison was carried out using 

closing price data from PT Bank Central Asia Tbk, PT Bank Rakyat Indonesia (Persero) Tbk, and PT Bank Mandiri 

(Persero) Tbk, applying the same pre-processing steps to both models. Performance evaluation was carried out using 

the Root Mean Square Error (RMSE), Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), and 

coefficient of determination (R²) metrics. The main contribution of this study is to provide a comprehensive analysis 

of the generalisation ability of both models on the Indonesian banking sector stock dataset, thereby serving as a 

reference for the development of more accurate and reliable stock price prediction models. 

2. Method 

The research methodology employed in this study was designed to develop and evaluate a stock price prediction 

model using two deep learning approaches, namely CNN-LSTM and XGBoost-LSTM. The overall research workflow 

is presented in Figure 1, which comprises four main stages: data collection, data pre-processing, model development, 

and performance evaluation. 

. 

Figure 1. Research Flow 
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During the model development stage, both approaches were applied to the same dataset, thereby enabling an 

objective comparison of performance based on evaluation metrics including Root Mean Square Error (RMSE), Mean 

Absolute Error (MAE), Coefficient of Determination (R²), and Mean Absolute Percentage Error (MAPE). This 

approach is designed to identify the model that offers the best accuracy and generalisation ability in predicting share 

prices in the banking sector in Indonesia. 

Data Collection 

This study utilises historical daily share price data for the banking sector obtained via the Yahoo Finance API, 

using the yfinance library in the Python programming language [11]. The three listed companies selected as the 

subjects of this study are PT Bank Central Asia Tbk (BBCA.JK), PT Bank Rakyat Indonesia (Persero) Tbk (BBRI.JK), 

and PT Bank Mandiri (Persero) Tbk (BMRI.JK). These three listed companies were chosen because they are classified 

as large-cap stocks (blue-chip stocks) with high liquidity and consistently represent the banking sector on the Indonesia 

Stock Exchange (IDX) [12]. The selection of these three stocks also aims to evaluate the performance of the prediction 

model across different data characteristics, whilst remaining within the same industry sector. 

The data used consists of closing share prices at daily intervals over the period from 7 October 2021 to 2 December 

2025. Each dataset comprises 1,000 observations, bringing the total number of observations used in this study to 3,000. 

All data is stored in Comma-Separated Values (CSV) format to facilitate processing during the data pre-processing 

and model development stages. This study uses only the ‘Closing Price’ attribute, as the closing price is considered to 

represent the final trading value for each day and is the most commonly used variable in time-series-based stock price 

prediction research. Furthermore, the closing price reflects the final outcome of daily trading activity and thus provides 

a more stable representation of share price trends compared to intraday prices. 

By way of illustration, Table 1 presents an example of the structure of the daily share price dataset used in this 

study. The dataset consists of two main attributes: the ‘Date’ attribute, which represents the trading date, and the 

‘Closing Price’ attribute, which indicates the closing price of the shares on each trading day. The table displays only 

a few rows of data as an example of the dataset structure, whilst the full dataset is used in the model training and 

testing processes. 

Table 1. Sample Dataset For Pt Bank Central Asia 

Date Closing Price 

2021-10-07 6445.874023 

2021-10-08 6562.907715 

2021-10-11 6531.397949 

2021-10-12 6589.916016 

2021-10-13 6774.469238 

… … 

2025-12-2 … 

Based on Table 1, each observation is arranged chronologically by trading date, thereby forming a time series. It 

is important to preserve this characteristic, as the temporal relationships between periods form the basis for the learning 

process of predictive models [13]. The dataset is subsequently used as input during the data pre-processing stage, for 

creating data sequences using the sliding window technique, and for the training and testing processes of the CNN-

LSTM and XGBoost-LSTM models proposed in this study. 

Data Preprocessing 

The data pre-processing stage is carried out to prepare the data before it is used in the model training process. This 

stage aims to improve data quality so that it is suitable for deep learning-based prediction models [14]. In this study, 

the data pre-processing consists of three main stages, namely data normalisation using the Min-Max Normalisation 

method, data sequencing (sliding window), and the division of the dataset into training and testing data. 
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The first stage in data pre-processing is data normalisation. Normalisation is carried out to convert the range of 

attribute values to a uniform scale so that the model learning process becomes more stable and efficient [15]. If the 

ranges of values between features differ significantly, the model optimisation process may become less effective, as 

the model tends to be more influenced by attributes with larger values [16]. Therefore, this study applies the Min-Max 

Normalisation method, which transforms all data values into a range of 0 to 1. 

The normalisation equation used is expressed as follows. 

  𝑥′ =
𝑥−𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥−𝑥𝑚𝑖𝑛
                (1) 

where: 

𝑥 = the original data value, 

𝑥𝑚𝑖𝑛 = the minimum value in the dataset, 

𝑥𝑚𝑎𝑥 = the maximum value in the dataset, 

𝑥1 = the result of normalisation. 

Through this process, all data are scaled uniformly, thereby accelerating the model convergence process and 

reducing the dominance of values with a wider range. An example of the data normalisation results is shown in Table 

2. 

Table 2.  Data Normalization Results 

Closing Price (Actual) Closing Price (Normalized) 

6445.874023 0.006262 

6562.907715 0.034459 

6531.397949 0.026868 

6589.916016 0.040966 

6774.469238 0.085431 

Table 2 shows an example of the results of normalisation using the Min-Max Normalisation method. It can be 

seen that all Closing Price values have been successfully mapped to the range 0 to 1 without altering the order or 

temporal characteristics of the data. This normalisation process aims to standardise the scale of all observations so 

that the CNN-LSTM and XGBoost-LSTM models can learn price change patterns more effectively. The normalised 

data is then used as input in the data sequencing (sliding window) stage prior to model training and testing. 

Once the normalisation process is complete, the data is then organised into sequences using the sliding window 

technique. This technique aims to convert time series data into pairs of input and output data [17], so that it can be 

processed by both the CNN-LSTM and XGBoost-LSTM models. 

In this study, a time step size of 4 was used, meaning that the four previous closing prices were used to predict the 

closing price for the next period. The selection of this time step value was based on research [18], which showed that 

this size provides a balance between the historical information used and the model’s complexity. 

By way of illustration, if the following data sequence is available: 

[𝑥1, 𝑥2, 𝑥4, 𝑥4, 𝑥5]       (2) 

The data pairs formed are therefore: 

Input: 

[𝑥1, 𝑥2, 𝑥4, 𝑥4]        (3) 

Target: 
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𝑥5         (4) 

This process is repeated until all historical data has been successfully converted into a time-series training dataset. 

Once the data preparation process using time steps has been completed, the next stage is to split the dataset into a 

training set and a testing set. The division of the dataset aims to evaluate the model’s ability to learn historical patterns 

whilst also measuring the model’s generalisation ability on data that has not been used during the training process 

[19]. With this separation of data, the model’s performance is assessed not only based on its ability to fit the training 

data, but also on its ability to produce accurate predictions on new data. 

In this study, the dataset was split into 80 per cent for the training set and 20 per cent for the testing set. This 

proportion was chosen as it provides a balance between a sufficient amount of data for the model’s learning process 

and an adequate amount of data for evaluating performance. The training data was used to analyse the temporal 

relationships between share prices, adjust the model parameters, and optimise the learning process [13]. Meanwhile, 

the test data was only used after the training process was complete to evaluate the model’s ability to make predictions 

on data it had never seen before. 

Unlike tabular data in general, the division of the dataset in this study is carried out chronologically without 

shuffling [20]. This approach is applied to preserve the temporal order of the time-series data so that historical 

information is maintained and data leakage is prevented—a condition where information from future data is indirectly 

used during the training process [21]. Consequently, 80 per cent of the data from the initial period was used as training 

data, whilst 20 per cent of the data from the final period was used as test data. This approach reflects real-world 

forecasting conditions, where models always utilise historical information to estimate values for the next period. 

Model Development 

The model development stage aims to build and implement two deep learning-based stock price prediction 

approaches, namely Convolutional Neural Network–Long Short-Term Memory (CNN-LSTM) and XGBoost–Long 

Short-Term Memory (XGBoost-LSTM), using a dataset that has undergone pre-processing. Historical closing price 

data, which has been normalised, is then transformed into sequence data using the sliding window technique, so that 

it can represent the temporal relationships between periods and is consistent with the characteristics of time series 

data. Both models were developed to evaluate the effectiveness of each approach in analysing stock price movement 

patterns and to compare their predictive capabilities on data with temporal characteristics. 

The CNN-LSTM model was developed by integrating the ability of a Convolutional Neural Network (CNN) to 

extract local patterns in time series data with the ability of Long Short-Term Memory (LSTM) to model both short-

term and long-term temporal dependencies [22]. Meanwhile, the XGBoost-LSTM model was constructed using a 

hybrid approach, in which the XGBoost algorithm is used to extract key information and patterns from historical data 

before the extracted results are processed by the LSTM network to analyse the temporal relationships underlying 

changes in share prices [23]. Both models were implemented using the Python programming language, utilising the 

TensorFlow and Keras libraries for the development of the LSTM networks, as well as the XGBoost library for the 

implementation of the gradient boosting algorithm. 

The first model, CNN-LSTM, was developed by combining the ability of a Convolutional Neural Network (CNN) 

to extract local patterns from time-series data with that of a Long Short-Term Memory (LSTM) network to learn long-

term temporal dependencies [22], [24]. The combination of these two architectures enables the model to capture 

relationships between share prices over adjacent periods whilst retaining relevant historical information to generate 

price predictions for the subsequent period [25]. This approach has been widely used in time series forecasting research 

as it improves feature representation compared to the use of LSTM alone. 

In this study, the first layer, Conv1D, is used to extract local patterns from stock price data that has undergone 

normalisation [24]. The convolutional layer utilises 64 filters with a kernel size of 3 and the Rectified Linear Unit 

(ReLU) activation function. The ReLU activation function was chosen as it accelerates the convergence process and 

is effective when applied to data normalised to the range 0–1 [26]. The model’s input takes the form of a time series 

with four days of observations (time step = 4), which is used to predict the share price for the following day. 
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Next, the feature extraction results from the convolutional layer are processed using 1D MaxPooling with a pool 

size of 2 to reduce the feature dimension whilst retaining the most representative information characteristics [27]. This 

process aims to reduce computational complexity whilst minimising information redundancy before the data is passed 

to the LSTM layers. 

The subsequent stage utilises two LSTM layers, each comprising 100 neural units. The first LSTM layer produces 

sequential outputs (return_sequences=True) so that temporal information can still be processed by the subsequent 

LSTM layer, whilst the second layer produces a final representation (return_sequences=False) which is used as the 

basis for the prediction process. To improve the model’s generalisation ability and reduce the risk of overfitting, 

Dropout with a value of 0.2 is applied after each LSTM layer. 

In the final stage, the feature representation is passed to a Dense layer comprising 25 neurons with a ReLU 

activation function, followed by a Dense layer containing a single neuron as the final output in the form of a predicted 

share price. The complete configuration of the CNN-LSTM model is presented in Table 3. 

Table 3. CNN-LSTM Model 

Layer Parameters 

Conv1D 
filters=64, kernel_size=3, activation='relu', 

input_shape=(4, 1) 

MaxPooling1D pool_size=2 

LSTM units=100, return_sequences=True 

Dropout 0.2 

LSTM (2) units=100, return_sequences=False 

Dropout (2) 0.2 

Dense units=25, activation='relu' 

Dense (2) units=1 

The architectural configuration in Table 3 shows that the CNN-LSTM model is constructed in stages, starting with 

feature extraction using Conv1D, dimensionality reduction via MaxPooling1D, learning of temporal dependencies 

using two LSTM layers, and finally generating predicted values via a Dense layer. This configuration is designed to 

strike a balance between the model’s ability to capture historical share price patterns and its ability to generalise to 

previously unobserved data. 

The second model, XGBoost-LSTM, is a hybrid architecture that combines the ability of Extreme Gradient 

Boosting (XGBoost) to extract non-linear characteristics from data with the ability of Long Short-Term Memory 

(LSTM) to model temporal dependencies in time-series data [28]. In this study, XGBoost is not used as the final 

predictive model, but rather as a feature extractor that generates an additional representation of historical share price 

patterns before they are processed by the LSTM network. 

The first stage involved building an XGBoost model using the pre-processed data. The XGBoost parameters were 

based on a study [29], which demonstrated optimal performance in stock price prediction using the XGBoost-LSTM 

approach. The parameter configuration used in this study is shown in Table 4. 

Table 4. XGBoost Algorithm Parameters 

Parameters Value 

n_estimators 300 

learning_rate 0.03 

max_depth 4 

random_state 42 

The XGBoost model generates predicted values based on historical data patterns, which are then used as additional 

features. These features are combined with normalised closing price data, so that each input sample has two attributes: 
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the actual normalised value and the predicted value from XGBoost. Consequently, the input provided to the LSTM 

has a dimension of (4,2), comprising four-time steps with two features at each time step. This approach aims to enrich 

the data representation learnt by the LSTM so that the spatial information obtained via XGBoost can be utilised 

alongside the temporal relationships learnt by the LSTM. 

Subsequently, the data is processed using two LSTM layers accompanied by a dropout layer to reduce the risk of 

overfitting. The final part of the model consists of a fully connected layer that maps the feature representation to the 

predicted stock price for the next period. To maintain consistency across experiments and ensure that any differences 

in performance stem from the use of XGBoost as a feature extractor, the LSTM configuration used was made identical 

to that of the CNN-LSTM model. The complete structure of the LSTM network is shown in Table 5. 

Table 5. LSTM Algorithm 

Layer Parameters 

LSTM 
units=100, activation='relu', return_sequences=True, 

input_shape=(4, 2) 

Dropout 0.2 

LSTM (2) units=100, return_sequences=False 

Dropout (2) 0.2 

Dense units=25, activation='relu' 

Dense (2) units=1 

Based on this configuration, the first LSTM layer is responsible for learning the temporal patterns of the two input 

features at each time step, whilst the second LSTM layer generates the final representation used as input for the dense 

layer. The use of two LSTM layers enables the model to capture more complex temporal relationships, whilst dropout 

with a value of 0.2 is applied to improve the model’s generalisation ability to previously unobserved data. 

Subsequently, a dense layer with 25 neurons integrates the feature representations before producing a single output 

value in the form of a stock price prediction for the following day. 

Model Evaluation 

Model evaluation was carried out to measure the accuracy of the predictions generated by the CNN-LSTM and 

XGBoost-LSTM models on the test data. The evaluation process utilised four metrics commonly applied in time series 

forecasting research, namely Root Mean Square Error (RMSE), Mean Absolute Error (MAE), Coefficient of 

Determination (R²), and Mean Absolute Percentage Error (MAPE) [30]. The use of multiple evaluation metrics aims 

to provide a more comprehensive assessment, as each metric has distinct characteristics in measuring the quality of 

the forecast results. Smaller values of RMSE, MAE and MAPE indicate that the forecast results are closer to the actual 

values, whilst an R² value closer to one indicates that the model is better able to explain the variation in the data. 

Root Mean Square Error (RMSE) is used to measure the average magnitude of prediction errors by imposing a 

greater penalty on errors with high values [31]. Consequently, this metric is highly sensitive to outliers and is 

frequently used to evaluate regression prediction models. 

       (5) 

where: 

𝑦𝑖: Actual value at the i-th observation 

𝑛 = Number of observations 

A smaller RMSE value indicates that the predicted results are closer to the actual values. 



325  Indonesian Journal of Data and Science 

 

 

Furthermore, the Mean Absolute Error (MAE) is used to calculate the average absolute error between the actual 

value and the predicted value without imposing an additional penalty on large errors [31]. Therefore, the MAE is 

easier to interpret as the average difference between the prediction and the actual data. 

        (6) 

Where: 

𝑦𝑖: Actual value at the i-th observation 

𝑛 = Number of observations 

A smaller MAE value indicates a lower level of prediction error in the model. 

Furthermore, the Coefficient of Determination (R²) is used to measure the model’s ability to explain the variation 

in the actual data [32]. The R² value ranges from 0 to 1, where a value closer to 1 indicates that the model is better 

able to represent the patterns in the historical data. 

       (7) 

where: 

𝑦𝑖 = Actual value at the i-th observation 

ŷᵢ = Predicted value at the i-th observation 

ȳ = Mean of the actual values 

𝑛 = Number of observations 

A higher R² value indicates that the model is better able to explain the variation in the actual data. 

Mean Absolute Percentage Error (MAPE) is used to measure the average percentage error between the actual 

and predicted values [33]. As it is expressed as a percentage, this metric facilitates the interpretation of the model’s 

accuracy and allows for the comparison of performance across datasets on different scales. 

       (8) 

Where: 

𝑦𝑖 = Actual value at the i-th observation 

ŷᵢ = Predicted value at the i-th observation 

𝑛 = Number of observations 

The smaller the MAPE value, the lower the percentage of prediction error, indicating that the model has a higher 

level of accuracy. 

3. Result and Discussion 

A performance evaluation was carried out to compare the predictive capabilities of the CNN-LSTM and XGBoost-

LSTM models on three Indonesian banking sector share price datasets, namely BBCA, BBRI and BMRI. The 

performance of both models was measured using four regression evaluation metrics: Root Mean Square Error 

(RMSE), Mean Absolute Error (MAE), Coefficient of Determination (R²), and Mean Absolute Percentage Error 
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(MAPE) [31]. Lower values of RMSE, MAE and MAPE indicate a lower level of prediction error, whilst an R² value 

closer to one indicates the model’s greater ability to explain the variation in the actual data. 

To obtain more representative evaluation results and reduce the influence of variations caused by random weight 

initialisation, each model was trained 10 times with the same parameter configuration. The reported evaluation values 

are the average of all these training runs, thereby providing a more stable estimate of model performance compared 

to using a single training run. The evaluation results for the training set are presented in Table 6, whilst the evaluation 

results for the testing set are presented in Table 6. 

  Table 6. Comparison Of Cnn-Lstm And Xgboost-Lstm Performance On The Training Dataset 

Model Stock RMSE ↓ MAE ↓ R² ↑ MAPE ↓ 

 

CNN-LSTM 

BBCA 0.012273 0.009458 0.9868 0.0116 

BBRI 0.007313 0.005501 0.9836 0.0137 

BMRI 0.012103 0.008754 0.9857 0.0209 

 

XGBoost-LSTM 

BBCA 0.013679 0.010716 0.9835 0.0131 

BBRI 0.007146 0.005430 0.9843 0.0136 

BMRI 0.013036 0.009772 0.9849 0.0230 

Table 6 shows that both the CNN-LSTM and XGBoost-LSTM models demonstrate excellent ability to learn 

historical share price patterns during the training process. This is evidenced by R² values that consistently exceed 0.98 

across the entire dataset, indicating that both models are capable of explaining the majority of the variation in the 

training data. Furthermore, the relatively low RMSE, MAE and MAPE values indicate that both models produce a 

low level of prediction error during the learning process. 

Although both models demonstrate high training performance, CNN-LSTM shows more consistent performance 

across most datasets. This model produced lower RMSE, MAE and MAPE values, as well as a higher R² value, on 

the BBCA and BMRI datasets, thus demonstrating a better ability to represent the historical patterns of these two 

shares. Conversely, on the BBRI dataset, XGBoost-LSTM achieved slightly better results than CNN-LSTM across all 

evaluation metrics. However, the difference in performance between the two models is relatively small, so both can 

still be said to have comparable learning capabilities on that dataset. 

These findings indicate that both models are equally capable of learning the characteristics of historical data with 

a high degree of accuracy; however, the CNN-LSTM demonstrates greater consistency in performance as it delivers 

the best results on two out of the three datasets used. The variation in performance observed on the BBRI dataset also 

indicates that the characteristics of individual shares may influence the models’ effectiveness during the training 

process. 

Table 7. Comparison Of SNN-LSTM And XGBoost-LSTM Performance on the Test Dataset 

Model Stock RMSE ↓ MAE ↓ R² ↑ MAPE ↓ 

 

CNN-LSTM 

BBCA 0.018442 0.013796 0.8589 0.0165 

BBRI 0.010064 0.007449 0.7746 0.0203 

BMRI 0.015825 0.011839 0.7409 0.0259 

 

XGBoost-LSTM 

BBCA 0.021582 0.016518 0.8048 0.0198 

BBRI 0.010649 0.007842 0.7509 0.0213 

BMRI 0.018668 0.014093 0.6260 0.0309 

Table 7 presents the evaluation results of the two models on the test data, which was used to assess their 

generalisation ability to data not involved in the training process. Unlike the training data, which only demonstrates 

the models’ ability to learn historical patterns, the test data provides a more representative picture of the models’ 
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ability to generate predictions on new data. Therefore, the evaluation results on the test data serve as the primary 

indicator in determining which model has the best predictive performance. 

In contrast to the results on the training data, the CNN-LSTM consistently outperformed the XGBoost-LSTM 

across the entire test dataset. This model produced lower RMSE, MAE and MAPE values, alongside higher R² values 

for the BBCA, BBRI and BMRI shares. This consistency demonstrates that the CNN-LSTM is capable of producing 

more accurate predictions whilst maintaining a better relationship between predicted values and actual data compared 

to the XGBoost-LSTM. 

The difference in performance between the two models is particularly evident in the BMRI dataset, where the 

CNN-LSTM achieved a significant improvement in the R² value compared to the XGBoost-LSTM, alongside 

reductions in the RMSE, MAE and MAPE values. Meanwhile, on the BBRI dataset, although the performance gap 

between the two models was relatively small, CNN-LSTM still maintained its advantage across all evaluation metrics. 

These findings indicate that the superiority of CNN-LSTM is not limited to specific datasets but is also maintained 

across the various datasets used in this study. 

To complement the quantitative evaluation results presented in Tables 6 and 7, a visual analysis was carried out 

on the prediction results of both models using the BBCA share test data. The selection of the test data aims to evaluate 

the models’ generalisation ability in predicting data that was not used during the training process, whilst BBCA shares 

were chosen as a representative sample because they demonstrate good predictive performance and have the widest 

price range amongst the datasets used. Through this visualisation, the degree of alignment between actual share prices 

and the prediction results from both the CNN-LSTM and XGBoost-LSTM models can be observed directly, making 

it easier to analyse the differences in the predictive characteristics of the two models. 

 

Figure 2. Visualisation of the CNN-LSTM results on the BBCA test data 

Figure 2 shows a comparison between actual share prices and the predictions generated using the CNN-LSTM 

model on the BBCA share test data. Visually, the predicted curve is able to follow the pattern of actual share price 

movements with a good degree of accuracy throughout the observation period. The model successfully represents the 

main trends, both during phases of price decline and rise, thereby demonstrating its ability to retain the temporal 

patterns learnt from the training data when faced with data not previously used during the learning process. 

Nevertheless, in certain segments characterised by rapid price changes, deviations were observed between the 

predicted curve and the actual data. These deviations primarily occurred around turning points, where the predicted 

curve tended to be smoother than the actual curve. This suggests that the model still has limitations in capturing very 

rapid price changes, but overall it remains capable of maintaining the direction and pattern of price movements 

effectively. 
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Overall, the visualisation results indicate that the CNN-LSTM demonstrates good generalisation ability on the 

BBCA test data. The closeness between the predicted curve and the actual curve indicates that the model is not only 

capable of learning the characteristics of the training data, but can also produce consistent predictions on data not used 

during the training process. This visual observation is consistent with the quantitative evaluation results in Table 6, 

which show relatively low RMSE and MAE values, as well as a high coefficient of determination (R²) on the test data. 

 

Figure 3. Visualisation of XGBoost-LSTM Results on the BBCA Test Data 

Figure 3 shows a comparison between actual share prices and the predicted results using the XGBoost-LSTM 

model on the BBCA share test data. Visually, the predicted curve is able to follow the pattern of actual share price 

movements with a good degree of accuracy throughout the observation period. The model successfully captures the 

main trends, both during phases of rising and falling prices, thereby demonstrating its ability to retain the temporal 

patterns learnt from the training data when applied to the test data. 

In certain segments experiencing rapid price changes, deviations between the predicted curve and the actual curve 

are evident. These deviations primarily occur around turning points, where the predicted curve tends to be smoother 

than the actual curve. Consequently, some price peaks and troughs are not fully represented by the model, although 

the general direction of price movement is still well captured. This characteristic indicates that XGBoost-LSTM is 

capable of capturing the main trends in the data, but has limitations in tracking more dynamic price fluctuations.  

When compared with the CNN-LSTM prediction results in Figure 3, the XGBoost-LSTM prediction curve shows 

slightly greater deviations during certain periods with relatively sharp price changes. This visual observation is 

consistent with the quantitative evaluation results in Table 6, where XGBoost-LSTM produces slightly higher RMSE 

and MAE values, as well as a slightly lower coefficient of determination (R²), compared to CNN-LSTM on the BBCA 

share test data. Nevertheless, the degree of alignment between the predicted and actual curves still indicates that the 

model possesses good generalisation ability in predicting BBCA share price movements. 

Discussion 

Comparative Analysis of the Performance of CNN-LSTM and XGBoost-LSTM 

Based on the results of the quantitative evaluation of the training and test data, the CNN-LSTM model generally 

demonstrated better predictive performance than XGBoost-LSTM in the majority of test scenarios. This advantage is 

reflected in the lower RMSE, MAE and MAPE values, as well as the higher coefficient of determination (R²) values 

across most datasets. These results indicate that the CNN-LSTM is capable of producing more accurate predictions 

whilst maintaining its ability to represent variations in share price movements during both the training and testing 

processes. 

These findings are further supported by the visualisation results for the BBCA share test data, which show that the 

CNN-LSTM prediction curve follows the pattern of actual price movements more consistently than XGBoost-LSTM, 



329  Indonesian Journal of Data and Science 

 

 

particularly during periods characterised by trend reversals or relatively sharp price fluctuations. The alignment 

between the quantitative evaluation results and visual observations indicates that the CNN-LSTM model is not only 

capable of minimising prediction errors numerically but also of better preserving the dynamic characteristics of the 

time-series data. 

Nevertheless, the research results also reveal an exception in the BBRI share training data, where XGBoost-LSTM 

performed slightly better than CNN-LSTM across all evaluation metrics. However, this advantage was not replicated 

in the test data, where the CNN-LSTM once again delivered superior performance. This discrepancy suggests that 

excellent performance on training data does not necessarily reflect a model’s ability to make predictions on previously 

unobserved data. 

Overall, the research results show that the CNN-LSTM exhibits more stable performance across various data 

conditions compared to the XGBoost-LSTM. This stability suggests that the combination of local feature extraction 

by the CNN and temporal dependency modelling by the LSTM is capable of producing a more effective data 

representation for capturing stock price movement patterns. A further discussion of the factors underlying the 

performance differences between the two models will be provided in the following subsection. 

CNN-LSTM Excels in Predictive Performance 

The advantages of the CNN-LSTM in this study can be explained by the characteristics of the model’s architecture, 

which integrates the ability of Convolutional Neural Networks (CNNs) to extract local patterns with the ability of 

Long Short-Term Memory (LSTM) networks to model long-term temporal dependencies. In the initial stage, the 

convolutional layer performs feature extraction on stock price movement patterns within a narrow time window, 

enabling it to identify local characteristics such as short-term trends, changes in the direction of movement, and 

recurring price fluctuations. These extracted features are then passed to the LSTM layer to analyse more complex 

temporal relationships, ensuring the model considers not only price changes within a specific period but also their 

connection to historical patterns over a longer timeframe. 

The combination of these two mechanisms enables the CNN-LSTM to construct a more comprehensive data 

representation compared to the XGBoost-LSTM approach. The feature extraction process by the CNN helps to reduce 

less relevant information before the data is processed by the LSTM, allowing the LSTM layer to focus more on 

learning temporal dependencies that genuinely contribute to the prediction process. With a more informative feature 

representation, the model becomes more adaptive in tracking dynamic changes in share price patterns. This aligns 

with the evaluation results of this study, in which the CNN-LSTM generally produced lower prediction error rates and 

better modelling performance on most datasets compared to the XGBoost-LSTM. 

Conversely, in the XGBoost-LSTM model, the learning process begins with the XGBoost algorithm, which 

constructs a data representation using a gradient boosting decision tree approach. This approach is highly effective at 

capturing non-linear relationships and minimising errors in the training data through a step-by-step optimisation 

process applied to each decision tree [18]. However, these characteristics also make the model more sensitive to 

specific patterns present in the training data [3]. In time-series problems with high dynamics, such as share prices, 

decision-tree-based representations may not necessarily be able to preserve temporal information optimally before it 

is processed by the LSTM. Consequently, the model’s ability to generalise to new data may be less stable compared 

to the CNN-LSTM. 

The results of this study are consistent with various previous studies which state that the integration of CNNs and 

LSTMs can improve prediction accuracy on time series data because CNNs act as automatic feature extractors, whilst 

LSTMs are effective at learning long-term temporal relationships. The synergy between these two components 

produces a richer feature representation, enabling the model to adapt to complex changes in data patterns. Therefore, 

the superior performance of the CNN-LSTM in this study demonstrates that the combination of local-spatial feature 

extraction and temporal dependency learning is an effective approach for improving the accuracy of share price 

predictions. 

Analysis of the Model’s Generalisability, the BBRI Case Study, and the Limitations of the Research 
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Based on the research findings, the CNN-LSTM model demonstrated better generalisation ability than XGBoost-

LSTM. This is evident from the performance of the CNN-LSTM, which consistently produced lower RMSE, MAE 

and MAPE values, as well as a higher R² value, across all test datasets, namely BBCA, BBRI and BMRI. This 

consistency indicates that the CNN-LSTM is not only capable of learning historical patterns during the training process 

but is also able to maintain accuracy when faced with new data patterns. Consequently, the CNN-LSTM strikes a 

better balance between learning from historical data and adapting to previously unobserved data. 

Nevertheless, this study identified one interesting case in the BBRI share training data, where the XGBoost-

LSTM model outperformed the CNN-LSTM model slightly across all evaluation metrics. These results suggest that 

the gradient boosting mechanism in XGBoost is highly effective at adapting to the characteristics of the training data 

through an iterative optimisation process that minimises prediction errors [28]. However, this advantage did not carry 

over to the test data, where the CNN-LSTM once again delivered the best performance. This suggests that excellent 

performance on the training data does not necessarily reflect the model’s ability to make predictions on new data. 

The difference in performance between the training and test data for XGBoost-LSTM indicates a tendency 

towards overfitting, a condition where the model adapts too closely to the characteristics of the training data, thereby 

reducing its generalisation ability [13]. Conversely, CNN-LSTM demonstrates more stable performance across both 

training and test data. These findings suggest that the evaluation of stock price prediction models should not only 

consider the error rate on the training data, but also the model’s ability to maintain performance on previously 

unobserved data. 

In the context of share price prediction, generalisation ability is a crucial aspect because price movements are 

influenced by various dynamic factors, such as economic conditions, market sentiment, government policy, and 

company fundamentals [18]. Consequently, historical share price patterns do not always repeat identically in 

subsequent periods. Consequently, models capable of maintaining accuracy on new data offer a higher level of 

reliability for application in forecasting processes and as a tool to support investment decision-making. Based on the 

results of this study, the CNN-LSTM demonstrates greater potential for use as a stock price forecasting model, as it is 

capable of delivering more consistent performance across various testing scenarios. 

Nevertheless, this study still has several limitations. Firstly, the model evaluation was only conducted on three 

banking sector shares on the Indonesia Stock Exchange, namely BBCA, BBRI and BMRI; consequently, the study’s 

results cannot yet be directly generalised to other industrial sectors or different market conditions. Secondly, this study 

utilised only historical closing price data as input variables without considering other information, such as opening 

prices, high and low prices, trading volume, technical indicators, or external factors such as macroeconomic 

conditions, market sentiment, and company fundamental information, which may also influence share price 

movements. Thirdly, this study only compares two hybrid architectures, namely CNN-LSTM and XGBoost-LSTM, 

and therefore has not explored other deep learning models that might deliver better performance. 

Given these limitations, future research could expand the scope of the dataset by including more industrial sectors 

and different stock indices, integrate technical, fundamental and external factors as additional features, and evaluate 

more advanced deep learning architectures, such as Transformers, Temporal Fusion Transformers (TFTs) or attention-

based models. It is hoped that these approaches will improve both the accuracy and the generalisation ability of the 

model in predicting share price movements under various market conditions. 

4. Conclusion 

The comparison carried out in this study utilised share price data for Indonesia’s three largest banks: PT Bank 

Central Asia Tbk, PT Bank Rakyat Indonesia (Persero) Tbk, and PT Bank Mandiri (Persero) Tbk. In this comparison, 

the CNN-LSTM model generally outperformed the others across all evaluation metrics used, as the CNN algorithm is 

capable of learning short-term patterns, thereby complementing the strengths of the LSTM algorithm, which is capable 

of learning long-term patterns. However, the XGBoost-LSTM model demonstrated an advantage in one specific test: 

the test on the training data for PT Bank Rakyat Indonesia (Persero) Tbk shares. This occurred due to overfitting in 

the model. 
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The XGBoost-LSTM model exhibits a significant disparity in performance between the training and test data. 

Another factor contributing to the XGBoost-LSTM model’s superior performance is the low volatility characteristic 

of the share price data for PT Bank Rakyat Indonesia (Persero) Tbk. The XGBoost algorithm, which performs iterative 

optimisation, is prone to overfitting and yields more stable results when prices do not exhibit high volatility. When 

predicting share prices, the CNN-LSTM model outperforms the XGBoost-LSTM model, owing to its higher accuracy 

and more stable generalisation ability on new data. 
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