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Abstract 

[bookmark: _Hlk149122187]Forecasting stock price movement is a complex task due to nonlinear patterns, market volatility, and the influence of various technical and fundamental factors. This study proposes a hybrid forecasting framework that integrates the sequential learning capability of the Gated Recurrent Unit (GRU) with the nonlinear regression strength of Extreme Gradient Boosting (XGBoost) to predict the daily closing price of Bank Central Asia Tbk (BBCA). The dataset consists of historical BBCA prices from 2017 to 2025 and includes technical indicators such as moving averages, RSI, MACD, and Bollinger Bands. An 80:20 chronological split was used to evaluate model generalization through MAE, RMSE, MAPE, and R² metrics. Experimental results show that the hybrid GRU–XGBoost model outperforms both standalone GRU and XGBoost models, achieving the best performance with MAE of 229.09, RMSE of 312.26, and R² of 0.874. Furthermore, SHAP-based explainability analysis highlights that price-based features and trend–momentum indicators contribute most significantly to the prediction output, while the GRU-derived sequential feature enhances temporal pattern recognition. These findings demonstrate that combining deep learning and boosting techniques produces a more accurate and interpretable forecasting model suitable for financial decision-making and risk analysis.. 
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INTRODUCTION 
[bookmark: _Hlk149122251]The stock market plays a crucial role in supporting national economic growth, where price movements of blue-chip stocks often become indicators of market stability. One of the most influential stocks in the Indonesian capital market is Bank Central Asia Tbk (BBCA), which is known for its high liquidity and relatively stable long-term performance [1],[2],[3]. Despite its stability, BBCA’s price remains highly dynamic due to macroeconomic conditions, investor sentiment, and global market volatility. These dynamics make accurate stock price forecasting an important aspect for investors, analysts, and financial institutions.
[bookmark: _GoBack]Traditional time series forecasting approaches such as the Autoregressive Integrated Moving Average (ARIMA) model have been widely used in financial analysis due to their mathematical simplicity and interpretability. However, these linear models struggle to capture nonlinear and complex patterns commonly found in stock market movements [4],[5]. In recent years, machine learning and deep learning techniques have gained significant attention for financial forecasting tasks, with models such as Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU) demonstrating strong capabilities in learning temporal dependencies [6], [5]. Despite these strengths, deep learning models often behave as black boxes, making it difficult to interpret their internal mechanisms and limiting their practical use in decision-critical domains such as finance [7],[8].

Tree-based ensemble methods, particularly Extreme Gradient Boosting (XGBoost), have shown strong predictive performance on structured financial datasets due to their ability to model nonlinear relationships and handle complex feature interactions efficiently [9],[10]. Another advantage of XGBoost is its compatibility with Explainable Artificial Intelligence (XAI) tools such as SHapley Additive exPlanations (SHAP), enabling transparent interpretation of model predictions [11],[12],[13]. Prior studies have explored hybrid approaches combining sequence-based models with gradient boosting techniques, reporting improved accuracy compared to single-model approaches [14],[15],[16]. However, research focusing on hybrid GRU-XGBoost architectures for Indonesian stock data, especially BBCA, remains limited.
To address this gap, this study proposes a hybrid deep learning and tree boosting framework for predicting BBCA stock prices. The GRU model is utilized to extract sequential temporal information, while XGBoost serves as a meta-regressor to enhance predictive performance. Furthermore, SHAP-based XAI is integrated to provide interpretability by identifying the most influential technical indicators contributing to the model’s predictions. This approach aims to combine predictive accuracy with interpretability, ensuring applicability in real-world financial decision support systems.
The objectives of this study are threefold: (1) to build GRU, XGBoost, and hybrid GRU-XGBoost models for stock price prediction; (2) to compare their predictive performance based on MAE, RMSE, and R² metrics; and (3) to analyze feature importance using SHAP to provide model transparency. The findings of this study are expected to contribute to the development of interpretable machine learning solutions for the Indonesian stock market, particularly in modeling the price movement of BBCA stock..
RESEARCH METHOD
1. [bookmark: _Hlk67818308]2. RESEARCH METHOD 
This study implements a multi-stage workflow consisting of Data Collection, Data Preprocessing, Feature Engineering, Modeling, and Evaluation. The overall research workflow is illustrated in Fig. 1 and each stage is described in detail in the following subsections.
 [image: ]
Fig. 1. Hybrid GRU-XGBoost Research Workflow
2.1 Data Collection
The dataset used in this research consists of historical daily stock prices of Bank Central Asia Tbk (BBCA) from January 2017 to January 2025. The data includes Open, High, Low, Close, and Volume attributes, obtained from publicly accessible financial data sources. Daily closing prices were selected as the target variable because of their relevance in stock forecasting tasks. All records were inspected to ensure consistency and completeness before further processing.

2.2 Data Preprocessing
Preprocessing was performed to ensure that the dataset is clean, consistent, and suitable for the modeling stage. The following steps were applied:
2. Date Formatting - Converting the date attribute into a uniform datetime format and sorting the records chronologically.
3. Numeric Cleaning - Removing comma delimiters and converting all price and volume fields into numeric values.
4. Target Generation - Creating the prediction target by shifting the closing price by one day.
5. Missing Value Handling - Removing rows affected by undefined technical indicators and the final row with an undefined target.
6. Scaling for GRU - Applying MinMaxScaler to normalize features for GRU input, using only the training portion of the dataset to avoid data leakage.
7. Sequence Construction - Transforming the normalized dataset into sequential windows (20-60 timesteps) required for GRU-based time series modeling.

2.3 Feature Engineering
Technical indicators commonly used in financial analysis were generated to enhance predictive capability. The indicators computed in this study include:
· Moving Average (MA5, MA10, MA20)
· Exponential Moving Average (EMA10)
· Relative Strength Index (RSI14)
· MACD and Signal Line
· Bollinger Bands (Upper, Middle, Lower)
· Daily Return
These features were selected to provide trend, momentum, and volatility information, offering complementary perspectives to the raw price data.

2.4 Modeling Framework
Three predictive models were developed and compared: a GRU model, an XGBoost model, and a hybrid GRU-XGBoost model.

2.4.1 GRU Model
The GRU model was built to capture temporal dependencies in the sequential stock data. The architecture consists of:
· A GRU layer with 64 units
· A second GRU layer with 32 units
· Dropout regularization
· Dense layers for regression output
The model was trained using the Adam optimizer and mean squared error (MSE) loss function. Early stopping was applied to prevent overfitting by monitoring validation loss.
2.4.2 XGBoost Model
XGBoost was implemented as a tabular-based baseline model. It was trained using all engineered technical features and lagged values. The key hyperparameters used include:
· n_estimators = 500
· max_depth = 6
· learning_rate = 0.05
· subsample = 0.8
· colsample_bytree = 0.8
The model was optimized to capture nonlinear interactions and complex feature relationships.

2.4.3 Hybrid GRU-XGBoost Model
The hybrid model integrates sequential learning from the GRU model with the nonlinear tabular modeling capability of XGBoost. The GRU predictions are appended to the original feature set and used as additional inputs for an XGBoost meta-regressor. This stacked ensemble approach enables the hybrid model to utilize both temporal patterns and engineered feature interactions.

2.5 Evaluation Metrics
Model performance was measured using several regression metrics:
· Mean Absolute Error (MAE)
· Root Mean Squared Error (RMSE)
· Mean Absolute Percentage Error (MAPE)
· Coefficient of Determination (R²)
The dataset was split chronologically into 80% for training and 20% for testing to simulate real-world forecasting conditions. The evaluation compares the GRU, XGBoost, and hybrid models using identical train-test partitions. In addition, SHAP-based Explainable AI analysis was applied to the hybrid model to identify dominant features contributing to stock price predictions.
RESULT AND DISCUSSION
[bookmark: _Hlk67818393]This section presents the experimental results and discusses the performance of the GRU, XGBoost, and Hybrid GRU-XGBoost models in predicting the BBCA stock closing price. The evaluation focuses on accuracy, generalization ability, and interpretability, followed by feature importance analysis using SHAP.
3. 1 Data Overview
The final dataset consisted of daily BBCA stock prices from 2017 to 2025 after preprocessing and feature construction. Several technical indicators-such as MA, EMA, RSI, MACD, and Bollinger Bands-were successfully computed and aligned with the raw OHLCV features. The data distribution showed stable long-term growth with occasional volatility spikes, reflecting macroeconomic fluctuations affecting the Indonesian banking sector.
3. 2 Model Performance Evaluation
Three models were evaluated: GRU, XGBoost, and the Hybrid GRU-XGBoost model. Performance was measured using MAE, RMSE, MAPE, and R² on the test set. Table 1 summarizes the results.
Table 1. Model Performance Comparison on Test Data
	Model
	Test MAE
	Test RMSE
	Test MAPE
	Test R²

	GRU
	1243.01
	1469.28
	12.69%
	-1.78

	XGBoost
	238.18
	325.87
	2.46%
	0.862

	Hybrid GRU+XGBoost
	229.09
	312.26
	2.37%
	0.874



The GRU model produced the lowest performance, indicating difficulty in generalizing temporal patterns over long horizons. This is consistent with the behavior of recurrent neural networks when trained on volatile financial data with nonlinear fluctuations.
In contrast, XGBoost achieved substantially lower MAE and RMSE, making it the strongest standalone baseline. Its ability to model nonlinear interactions among engineered technical indicators contributed to its predictive stability.
The Hybrid GRU-XGBoost model outperformed both individual models across all evaluation metrics on the test set. Although the improvement over XGBoost is modest (MAE reduced by 3.81%, RMSE reduced by 4.18%), the hybrid strategy shows consistent enhancement and maintains the highest R² value (0.874). This indicates that incorporating sequential information from GRU predictions helped XGBoost refine the regression output.
These results are similar to patterns observed in ensemble-based predictive studies where hybrid models outperform single architectures by combining complementary strengths.
3. 3 Actual vs Predicted Visualization
Figure 2 illustrates a comparison between actual BBCA closing prices and model predictions on the test set. XGBoost and the hybrid model show close alignment with real price movements, while the GRU model exhibits larger deviations.
[image: ]
Figure 2. Actual vs Predicted Stock Prices on Test Data
The hybrid model not only tracks the directional movement more closely but also reduces error during volatility peaks, demonstrating improved robustness.
3. 4 SHAP-Based Explainability Analysis
Explainability is critical in financial forecasting, where model transparency aids investor trust and ensures that predictions align with logical market behavior. SHAP analysis was applied to the hybrid model to identify key contributing features.
[image: D:\DISERTASI\dataset\bbca\download.png]
Figure 3 presents the SHAP summary plot showing the most influential features.
[image: D:\DISERTASI\dataset\bbca\download (1).png]
Figure 4. SHAP Summary Plot of Feature Contributions
Figure 3 presents the SHAP dependence analysis for the MA20 feature, illustrating its marginal effect on the hybrid model’s output. The plot reveals a strong positive monotonic relationship, where higher MA20 values correspond to increasingly positive SHAP contributions, indicating upward pressure on the predicted closing price. The color gradient representing pred_gru highlights the interaction between medium-term trend signals and sequence-derived information. Observations with higher GRU-based predictions consistently exhibit larger SHAP values, confirming that the hybrid model leverages temporal dynamics to refine trend-based forecasting behavior
Figure 4 displays the global SHAP summary plot, ranking all input features by their overall contribution to the hybrid GRU-XGBoost model. Price-based variables (Close, High, Low) dominate the importance spectrum, reflecting their central role in capturing short-term market movements. Technical indicators such as MA5, RSI14, MACD, and Bollinger Bands provide additional nonlinear signals related to momentum and volatility. The pred_gru feature exhibits meaningful positive impact, demonstrating that sequential representations extracted by the GRU module enhance the model’s regression capability. The SHAP value dispersion across features indicates stable and interpretable model behavior, with feature contributions aligning with established financial reasoning.
The top features influencing predictions include:
1. MA20 and MA10 - Medium-term trend indicators significantly shaped the stock price estimation.
2. RSI14 - Momentum changes and overbought/oversold signals impacted predicted movements.
3. MACD and MACD Signal - Captured trend reversals and momentum divergence.
4. GRU Prediction Feature - Contributed positively by providing sequence-aware information.
5. Bollinger Bands - Reflected volatility levels and relative price positioning.
The presence of both GRU-based and technical indicators in the top contributors supports the effectiveness of hybrid modeling. SHAP dependence plots further show how increases or decreases in specific indicators correlate with predicted price movement direction.
3. 5 Discussion
The results demonstrate that the hybrid GRU-XGBoost architecture offers meaningful advantages over individual models. The GRU model alone was insufficient due to difficulty in capturing nonlinear temporal patterns, while XGBoost provided strong tabular modeling capabilities but lacked sequential context. Combining both produced improved accuracy while maintaining interpretability.

The SHAP analysis confirmed that the hybrid model relies on economically meaningful indicators, aligning with real-world financial reasoning. This enhances the model’s credibility for practical forecasting applications.
[bookmark: _Hlk123027755]CONCLUSION
[bookmark: _Hlk149122333]This study proposed a hybrid forecasting framework integrating GRU-based sequential learning with XGBoost regression to predict the daily closing price of BBCA stock. Three models—GRU, XGBoost, and the hybrid GRU–XGBoost—were evaluated using MAE, RMSE, MAPE, and R² metrics on an 80:20 chronological split. The results demonstrate that the standalone GRU model struggled to generalize on volatile financial time series, while XGBoost delivered substantially stronger predictive performance on engineered technical indicators. The hybrid model achieved the best overall results, yielding improvements over XGBoost across all evaluation metrics and exhibiting enhanced robustness in capturing trend and momentum fluctuations.
The SHAP-based explainability analysis further revealed that both price-based features (Close, High, Low) and technical indicators (MA5, RSI14, MACD, and Bollinger Bands) play significant roles in shaping model predictions. The GRU-derived sequential feature also contributed meaningfully to the hybrid model’s performance, indicating the effectiveness of combining temporal and nonlinear tabular representations. These findings confirm that the proposed hybrid approach provides a balanced integration of accuracy and interpretability, making it suitable for practical financial forecasting applications.
Future work may extend this study by incorporating additional data sources such as macroeconomic indicators, multi-stock relationships, or sentiment features derived from financial news and social media. Exploring alternative deep learning architectures or transformer-based sequence models may also enhance predictive stability under high-volatility market conditions..
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