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Abstract  

This study develops an IHSG stock price forecasting model using a hybrid CNN–BiGRU architecture enhanced by an attention 

mechanism. The key novelty lies in combining CNN-based local pattern extraction with BiGRU-based bidirectional temporal 

modeling, while attention selectively emphasizes the most informative time steps, improving representation quality for complex 

and noisy financial series. Historical IHSG data from public sources were preprocessed through feature engineering and 

normalization, followed by XGBoost-based feature selection to retain the most predictive variables. Model robustness was 

assessed in two settings: (i) the full dataset and (ii) a “cleaned” dataset excluding the extreme COVID-19 volatility period. 

The proposed model achieved strong accuracy, with MAE/RMSE of 0.0125/0.02 on the full dataset and 0.0167/0.03 on the 

cleaned dataset, while Pearson correlation remained close to 1 in both scenarios, indicating high alignment with actual IHSG 

movements. A 30-day ahead forecast produced a stable and realistic trend. Overall, the CNN–BiGRU with attention provides 

an effective and robust approach for capturing multi-scale temporal patterns in IHSG forecasting. 
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1. Introduction  

Stock price prediction remains a classical challenge in 

the financial domain and continues to be a significant 

topic among researchers and practitioners [1]. The 

inherent complexity of the stock market, characterized 

by its nonlinear, dynamic nature and susceptibility to 

various economic factors, renders prediction tasks 

highly challenging [2]. With the increasing availability 

of multivariate time series data, encompassing 

historical prices, technical indicators, and trading 

volumes, there is a growing need for models capable of 

capturing not only local patterns but also long-term 

temporal dependencies [3]. 

Various approaches have been employed to address this 

issue. Conventional methods such as Support Vector 

Machines (SVM) [4], Random Forest (RF) [5], and 

Artificial Neural Networks (ANN) [6] have been widely 

implemented. However, these models are less effective 

in capturing the temporal dynamics of financial data. In 

contrast, deep learning models such as Long Short-

Term Memory (LSTM) and Gated Recurrent Unit 

(GRU) have demonstrated superior performance in 

learning sequential patterns from time series data [7], 

[8]. Additionally, Convolutional Neural Networks 

(CNN) have proven effective at efficiently extracting 

local features and have been applied in financial 

contexts to identify price trends [9]. Recent studies have 

combined CNN with recurrent architectures, including 

LSTM and GRU, to create more robust hybrid models 

[10-13]. 

The use of hybrid models is considered effective for 

stock market prediction because they can capture 

temporal patterns (through LSTM) while 

simultaneously extracting local patterns and complex 

features (through CNN). Study [14] using an LSTM–

CNN model produced relatively low prediction errors 

(RMSE 0.1012; MAE 0.0800; MAPE 10.22%) and 

demonstrated a moderate explanatory capability (R² 

0.4199), indicating that the model was able to capture a 

portion of data variability while still leaving room for 

improvement. Meanwhile, another study [15] applied a 
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Hybrid CNN–LSTM model to the META stock dataset 

and achieved a MAPE of 0.17995, further confirming 

that hybrid models can deliver competitive predictive 

performance on real stock market data, although the 

accuracy level may vary depending on dataset 

characteristics, observation periods, and model 

configurations. Overall, these findings reinforce that 

hybrid models represent a promising alternative for 

stock market prediction, particularly when the primary 

objective is to reduce prediction error and improve 

model stability in highly fluctuating time-series data.  

Nevertheless, several limitations remain in prior stock 

forecasting studies. Many hybrid models treat all time 

steps equally and do not include an attention 

mechanism to highlight the most informative temporal 

segments, which is suboptimal for long and noisy 

sequences. In addition, a large portion of existing work 

relies on univariate inputs or fixed sets of handcrafted 

indicators, thus underutilizing multivariate information 

and rarely applying data driven feature selection to 

reduce redundancy and improve generalization. For the 

IHSG context, robustness evaluation under extreme 

volatility regimes such as the COVID 19 shock is also 

seldom reported, even though such periods can 

introduce structural breaks and bias model assessment. 

These gaps motivate an IHSG oriented approach that 

leverages multivariate modeling with feature 

importance-based selection such as XGBoost and 

validates performance under both full data and volatility 

filtered scenarios. 

To address these challenges, this study proposes a 

hybrid deep learning model that integrates one-

dimensional Convolutional Neural Networks (1D-

CNN), Bidirectional GRU (BiGRU), and an attention 

mechanism for multivariate stock price prediction. The 

CNN component extracts local patterns from input 

features [12], while the BiGRU captures bidirectional 

sequential dependencies [16]. The addition of an 

attention mechanism enables the model to assign 

varying weights to each time step based on its 

contribution to the final prediction, thereby enhancing 

both accuracy and interpretability. Dropout is also 

employed to prevent overfitting and improve the 

model’s generalization ability [17]. 

The selection of this architecture is based on the 

complementary strengths of its components: CNN 

excels at efficiently extracting features from 

multivariate inputs, BiGRU comprehensively 

understands temporal contexts, and attention 

mechanisms sharpen the model's focus on relevant 

information. Together, these components form a 

predictive framework that is not only accurate but also 

transparent and adaptable to the complexities of 

financial data. Therefore, the main contribution of this 

study lies in addressing research gaps in Indonesian 

stock market forecasting by developing a hybrid model 

that is more intelligent, interpretable, and relevant to the 

local market dynamics. 

2. Methods 

The complete architecture of the proposed hybrid model 

is illustrated in Figure 1. This model integrates 1D 

Convolutional Neural Networks (Conv1D), 

Bidirectional GRU (BiGRU), and an attention 

mechanism to efficiently capture both spatial and 

temporal information. Each component is designed to 

contribute to the representation of multivariate time 

series data, leading to more accurate and stable stock 

price predictions. The model structure is visualized 

hierarchically, from the input layer to the final 

regression output. 

 

Figure 1. Development Architecture 

The following is an explanation of Figure 1. 

2.1 Dataset Description 

This study utilizes multivariate time series data that 

reflect stock price dynamics. Each data sample consists 

of 10 timesteps, with each timestep having five key 

technical features, namely: open price, high, low, close, 

and trading volume. The data is processed using a 

sliding window technique to produce a three-

dimensional input format of shape (samples, 10, 5). 

All numerical features are normalized using Min-Max 

Scaling to a range of [0, 1] to speed up the training 

process and prevent dominance by extreme values. The 

dataset is split into 80% for training and 20% for testing. 

Missing values have been removed or filled, ensuring 

no null values are present during training 

2.2 Architecture Development 

The model architecture is built using the Keras 

Functional API approach and consists of multiple layers 

designed to capture both spatial (local) and sequential 

(temporal) patterns, while also assigning attention 

weights to the most relevant timesteps. The process 

begins with the InputLayer, which serves as the entry 

point for the data with an input dimension of (10, 5), 

meaning the model receives 10 timesteps with 5 

features each. This layer has no trainable parameters but 

defines the input shape for the entire network. The data 

is then processed by a Conv1D layer with 64 filters, 

which extracts local patterns from the time series data, 

such as short-term trends between features or adjacent 

timesteps [18-20]. The output of Conv1D is a tensor 

with shape (10, 64), indicating that each timestep is now 

represented as a 64-dimensional filtered vector. The 

output of this layer has a shape of (10, 64), indicating 

that each timestep is represented by a 64-dimensional 

filtered vector. 
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Next, the representation is passed to a Bidirectional 

GRU layer consisting of two directions (forward and 

backward), each with 64 units, allowing the model to 

capture long-term dependencies by learning contextual 

information from both past and future simultaneously 

[21-24]. The output of this layer is (10, 128), resulting 

from concatenating both directions (64 + 64). The 

output of this layer is (10, 128), resulting from the 

concatenation of both directions (64 + 64). To 

implement the attention mechanism, the BiGRU output 

is fed into a Dense layer with a single neuron that 

computes attention scores for each timestep [25]. Each 

timestep is assigned an importance value based on the 

context learned by BiGRU. These scores are then 

normalized using a Softmax layer to form a probability 

distribution of shape (10, 1), where the weights sum to 

one [13]. The result is a vector of shape (10, 1) 

representing the attention weight for each timestep, 

summing to 1. The attention weights are applied 

through a Multiply layer, which performs element-wise 

multiplication between the BiGRU output (10, 128) and 

the attention weights (10, 1), producing a weighted 

tensor (10, 128) that emphasizes more relevant 

timesteps while reducing the influence of less important 

ones [26]. 

The sequence is then summarized using a Lambda layer 

that applies sum pooling or average pooling across the 

time dimension [27]. The result is a fixed-dimension 

vector (128,), referred to as the context vector, which 

contains global information from the entire attention-

weighted sequence. resulting in a fixed-length context 

vector of shape (128,) that captures global information 

from the attention-weighted sequence. To reduce 

overfitting, the context vector passes through a Dropout 

layer, which randomly deactivates a portion of neurons 

during training [28], typically with dropout values 

ranging between 0.2 and 0.5. The representation is then 

processed by Dense_1, a fully connected layer with 32 

units and ReLU activation, which transforms the 

contextual representation into a denser form and 

enables the model to learn non-linear relationships 

before the final prediction. Finally, Dense_2 serves as 

the output layer with a single unit and linear activation, 

producing the regression output representing the 

predicted stock price for the next timestep with an 

output shape of (None, 1). 

Overall, the model contains 54,914 trainable 

parameters, with the BiGRU layer accounting for the 

largest portion at 49,920 parameters, indicating that the 

majority of the model’s complexity lies in capturing 

bidirectional sequential representations. 

2.3 Training Configuration 

The model is trained using the Adam optimizer with an 

initial learning rate of 0.001. The Mean Squared Error 

(MSE) is used as the loss function since the task 

involves predicting continuous numerical values. 

Training is conducted for a maximum of 100 epochs 

with a batch size of 32. An early stopping strategy is 

applied, where training stops if the validation loss does 

not improve for 10 consecutive epochs, preventing 

overfitting. 

2.4 Evaluation Metrics 

The model’s performance is evaluated using several 

regression metrics to ensure a comprehensive 

assessment of prediction accuracy. Mean Absolute 

Error (MAE) is used to measure the average magnitude 

of prediction errors by calculating the absolute 

differences between predicted and actual values, 

providing an intuitive understanding of overall error 

levels [29].  

Root Mean Squared Error (RMSE) is also employed, 

which represents the square root of the average squared 

prediction errors and maintains the original unit of the 

target variable, making it particularly useful for 

interpreting the scale of prediction deviations [30]. 

Additionally, R-squared (R²) is used to indicate the 

proportion of variance in the target variable that can be 

explained by the model, reflecting how well the model 

captures the underlying data patterns [31]. 

3. Results and Discussions 

This section presents and analyzes the experimental 

results of the proposed model, namely CNN-BiGRU 

with attention mechanism. Evaluation was conducted 

using several standard regression metrics such as Mean 

Absolute Error (MAE), Root Mean Squared Error 

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

coefficient of determination (R²) and Pearson 

Correlation. The model's performance was compared 

between the training and testing data to observe its 

generalization capability and to detect potential 

overfitting. In addition, graphical visualizations and 

numerical analyses are provided to illustrate the 

effectiveness of the hybrid architecture in capturing 

important patterns from multivariate stock price time 

series data. The discussion is carried out in detail to 

interpret the model's behavior and its relevance in the 

context of real-world stock price forecasting. 

3.1 Data preprocessing 

The data preprocessing step was performed to enhance 

the quality and information available to the prediction 

model [32]. This stage includes feature engineering, 

numerical data transformation, feature selection, and 

normalization. During feature engineering, several 

derived features were added to enrich the data 

representation based on the closing price (Close) and 

opening price (Open). These derived features include 

the five-day moving average (MA_5), which reflects 

short-term trend direction and is commonly used as an 

early momentum indicator, and the ten-day moving 

average (MA_10), which provides a more stable trend 

signal over a longer period. In addition, the percentage 

daily price change (Price_Change) was calculated by 

comparing today’s closing price with the previous day’s 

closing price to capture short-term movement 

dynamics. Volatility was computed as the standard 

deviation of the closing price over the last five days to 
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represent near-term market risk or instability, while 

Daily_Return was calculated as the difference between 

the closing and opening prices on the same day to 

indicate whether a trading session ended with a gain or 

loss. These engineered features were introduced to 

provide additional information that is not explicitly 

available in raw data and to help the model better 

capture short-term patterns, trends, and price 

fluctuations. The results of preprocessing using feature 

engineering are shown in Figure 2. 

 

Figure 2. Preprocessing Results Using Feature Engineering 

The preprocessing stage also involved converting the 

Volume column into numeric values because the 

original dataset contained string representations with 

units such as “M” (million) and “B” (billion), which 

cannot be directly processed by machine learning 

models. Therefore, each value was transformed into its 

full numeric form so that the model could correctly 

interpret trading activity data; for example, a value such 

as “6.09M” was converted into 6,090,000. The results 

of this conversion process are presented in Figure 3. 

 

Figure 3. Preprocessing results using Volume to Numeric Value Conversion 

After all features were prepared, feature selection was 

carried out using the XGBoost Feature Importance 

algorithm to measure the relative contribution of each 

feature to the performance of the initial prediction 

model [33]. Only features with high importance scores 

were retained to reduce the risk of overfitting, speed up 

the training process, and improve the generalization 

capability of the model [34]. The results of feature 

selection are illustrated in Figure 4. 

 

Figure 4. Preprocessing Result using Feature Selection with 

XGBoost 

The final step in preprocessing involved feature 

normalization using the MinMaxScaler technique, 

which transforms all feature values into the range [0, 1], 

preventing the model from being biased toward features 

with large numeric values and accelerating convergence 

during training [35]. This normalization process also 

ensures that the model can handle multivariate data with 

different distributions in a balanced manner. The results 

of the normalization stage are shown in Figure 5. 

 

Figure 5. Preprocessing Result using Normalization with 

MinMaxScaler 

3.2 Evaluation Result with COVID-19 Spike (Full Data) 

The training process of the CNN-BiGRU model with an 

attention mechanism produced strong results for stock 

price prediction using multivariate time series data. The 

evaluation was conducted in several stages, beginning 

with training visualizations, followed by quantitative 
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performance measurement on the test set, and 

concluding with a short-term forecast for the next 30 

days. As shown in Figure 6, the loss and Mean Absolute 

Error (MAE) curves for both training and validation 

decrease sharply within the early epochs and then 

gradually stabilize, indicating that the model reaches 

convergence in a controlled manner. The gap between 

the training and validation curves remains small, which 

suggests that the learning process is stable and that the 

model maintains consistent performance when exposed 

to unseen data. To further reinforce this observation, 

Figure 7 presents a snapshot of the training log near the 

final epochs (epochs 224 to 229), where the validation 

loss and MAE remain consistently low, supporting the 

conclusion that the model training process is steady and 

optimized. 

 

Figure 6. Loss and MAE graphs on training and validation data during the training process 

 

Figure 7. A snapshot of the model training log on the last epoch showing the stability of the loss and MAE values. 

After training, the model was evaluated using 20% of 

the testing data. The evaluation results in Figure 8 show 

that the model achieved a MAE of 0.0125, indicating 

that the predicted values deviate only slightly from the 

actual values on average. The RMSE value of 0.02 

further confirms that the magnitude of prediction errors 

remains low, while an R² value of 0.95 indicates that the 

model explains 95% of the variance in stock price 

movements. In addition, the MAPE of 1.31% shows 

that the relative prediction error is small compared to 

the true values. Collectively, these metrics suggest that 

the model performs with high accuracy and stable 

predictive behavior. The Pearson correlation coefficient 

between predicted and actual values is 0.9770, which 

further indicates a very strong linear alignment between 

model outputs and observed data. 

 

 

Figure 8. Model evaluation results on test data. MAE, RMSE, R2, 

MAPE and Pearson correlation metrics show high and stable 

predictive performance. 

To visually assess whether the model can follow market 

movement patterns, a comparison between actual 

closing prices and predicted prices on the test data is 

provided in Figure 9. The figure shows that the 

prediction curve closely follows the actual price curve 

over time, capturing upward, downward, and sideways 

trends with minimal divergence. Both smaller 

variations and larger fluctuations are reproduced in a 

manner consistent with the real series, suggesting that 

the CNN-BiGRU with attention effectively captures 

market dynamics. The close proximity between both 

curves is consistent with the earlier quantitative results, 

particularly the MAE of 0.0125 and Pearson correlation 

of 0.9770, indicating that prediction errors remain 

limited across the test period. This visualization 

strengthens confidence that the model is not only 

numerically accurate but also capable of visually 

replicating observed market behavior, which is 

important for short-term forecasting. 

As an additional assessment of short-term forecasting 

usefulness, the model was used to predict stock prices 

for the next 30 days using the most recent historical data 

as input. Figure 10 presents the forecasted values in red 

as a continuation of the historical closing prices shown 

in blue. The predicted series exhibits a relatively stable 

trajectory that remains consistent with the latest 

direction of the historical trend, without producing 

unrealistic sharp oscillations. This suggests that the 

model has learned meaningful temporal patterns from 

historical movements rather than amplifying noise. 

Such short-term forecasts can support daily-to-weekly 
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decision making in trading strategies or mid-term 

investment planning, although the predictions should 

still be interpreted cautiously because external factors 

and sudden market events may influence real prices 

beyond what historical patterns can capture. 

 

Figure 9. Comparison graph of actual closing prices and model predictions on the test data 

 

Figure 10. IHSG price prediction for the next 30 days based on historical data

3.3 Evaluation Result without COVID-19 Spike 

A follow-up experiment was conducted to evaluate the 

CNN-BiGRU model with an attention mechanism using 

a dataset that was cleaned by removing the extreme 

period associated with the COVID-19 market spike. 

This additional evaluation aimed to examine whether 

the model behaves more stably and produces more 

reliable predictions when the input series is not heavily 

affected by large-scale global anomalies. The training 

process on the filtered dataset demonstrates stable 

learning behavior, as evidenced by the training log in 

Figure 11, which captures the final training phase 

(epochs 59 to 64) and shows a consistent decrease in 

both training and validation loss as well as MAE. 

Importantly, there are no clear indications of 

overfitting, since the validation curves remain low and 

within a stable range throughout the final epochs. This 

observation is further supported by the full training 

visualization in Figure 12, where loss and MAE drop 

rapidly in the initial epochs and then stabilize, 

suggesting that the model converges efficiently. 

Although minor fluctuations appear in the validation 

MAE, the overall trend remains stable and does not 

show divergence between training and validation 

performance, indicating effective learning under the 

cleaned, more stable market condition. 

 

Figure 11. Model training log snippet from the final epoch 
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After training, the model was evaluated on the test set 

and achieved solid predictive performance under the 

filtered data condition. The evaluation metrics in Figure 

13 report a MAE of 0.0167, which indicates that the 

average absolute deviation between predictions and 

actual values is relatively small. The RMSE of 0.03 

likewise confirms that larger errors are limited in 

magnitude, while the R² value of 0.93 shows that the 

model still explains most of the variance in IHSG price 

movements even after removing the extreme COVID-

19 period. The MAPE result of 1.58% further supports 

that prediction errors remain low in relative terms, and 

the Pearson correlation coefficient of 0.9755 indicates 

that the predicted series maintains a very strong linear 

alignment with the actual data. Together, these results 

suggest that the model continues to perform reliably and 

remains robust even when trained and tested under 

calmer market dynamics. 

 

Figure 12. Loss and MAE graphs during model training without COVID-19 spike data. 

 

 

Figure 13. Model evaluation results: MAE, RMSE, R2, MAPE, and 

Pearson correlation on data without COVID-19 spikes 

To provide a more intuitive assessment of predictive 

behavior, a visualization comparing actual closing 

prices and predicted values is shown in Figure 14. The 

figure indicates that the predicted curve closely tracks 

the actual curve across nearly the full evaluation 

horizon, following both upward and downward 

movements without obvious lag or sharp deviations. 

This close alignment supports the quantitative results, 

particularly the low MAE and high Pearson correlation, 

and suggests that the model can reconstruct historical 

patterns effectively even when market volatility is 

lower. In addition to predictive accuracy, the 

distribution of attention weights was examined to 

improve interpretability. The attention analysis 

indicates that higher weights are frequently assigned to 

recent timesteps, especially those involving the closing 

price (Close) and short-term moving average features 

such as MA5, suggesting that the model emphasizes 

near-term momentum and daily fluctuations as primary 

drivers of prediction. In contrast, trading volume and 

longer time-lagged information tend to receive lower 

attention scores, indicating a smaller contribution to the 

final forecast. This behavior is consistent with common 

financial intuition, where short-term dynamics often 

dominate near-term market direction, and the attention 

visualization helps clarify which inputs contribute most 

strongly to the model’s forecasting decisions. 

Following the satisfactory performance on the cleaned 

dataset, the model was further applied to generate an 

IHSG price forecast for the next 30 days using the latest 

historical inputs in a rolling forecast manner. The 

results are presented in Figure 15, where the forecasted 

values are shown as a red continuation line following 

the blue historical closing-price series. The model 

suggests a moderately increasing trend over the 30-day 

horizon, and the projected trajectory appears consistent 

with the preceding historical trend without producing 

unrealistic sharp oscillations. This outcome indicates 

that the model maintains its generalization capability 

under more stable market conditions and can produce 

short-term forecasts that are potentially useful for 

practical applications such as weekly investment 

strategy planning, technical analysis support, and 

simulation of trend-based price movements grounded in 

historical patterns. 

 

Figure 14. Comparison chart of actual closing prices and model predicted results on test data (without COVID-19 spike) 
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Figure 15. IHSG price prediction for the next 30 days based on historical data without a COVID-19 spike 

3.2 Result Comparison 

Result Comparison explains the impact of extreme 

market conditions on model performance by comparing 

two experimental scenarios: training the model on the 

complete historical IHSG dataset including the 

COVID-19 spike period and training the model on a 

cleaned dataset in which the extreme COVID-19 surge 

was removed. The evaluation uses MAE, RMSE, R², 

MAPE, and Pearson Correlation, and the comparison is 

summarized in Table 1. 

Table 1. Comparison of Model Evaluation Result on Full Data and 

Without COVID-19 Surge 

Dataset MAE RMSE R2 MAPE Pearson 

Correlation 

Full Data 0.0125 

= 0.01 

0.02 0.95 1.31% 0.9770 

Without 

Covid-

19 Surge 

0.0167 

= 0.02 

0.03 0.95 1.58% 0.9755 

Based on Table 1, the model trained on the full dataset 

shows slightly better performance than the model 

trained on the cleaned dataset. The MAE on the full data 

is 0.0125 (approximately 1.25%), which is lower than 

0.0167 (approximately 1.67%) on the dataset without 

the COVID-19 surge, and the RMSE is also lower on 

the full dataset (0.02 versus 0.03). The R² value 

indicates that the model explains 95% of the variance 

when trained on the full dataset, while it explains 93% 

of the variance in the cleaned-data scenario. The MAPE 

values remain low in both cases at 1.31% and 1.58%, 

showing that relative prediction errors are small under 

both conditions. Pearson correlation values are 

consistently high and close to 1 in both scenarios 

(0.9770 and 0.9755), indicating a strong linear 

agreement between predicted and actual values and 

suggesting that the model maintains robust behavior 

across both experimental settings. Overall, although 

including the COVID-19 spike slightly improves the 

numerical metrics, both configurations still demonstrate 

high predictive accuracy and stable performance. 

4. Conclusions 

The proposed CNN-BiGRU hybrid model with 

attention mechanism has been successfully applied for 

predicting IHSG stock prices using multivariate time 

series data. The experimental results under both full and 

cleaned datasets indicate that the model consistently 

achieves strong predictive accuracy, as evidenced by 

low MAE and RMSE values, high R² scores, low 

MAPE, and Pearson correlation coefficients close to 1. 

These metrics confirm the robustness and 

generalization capability of the model across volatile 

and stable market conditions. 

Beyond numerical performance, the interpretability of 

the model was enhanced by the attention mechanism, 

which assigned higher weights to short-term moving 

averages and closing prices, reflecting the model’s 

ability to emphasize meaningful patterns in financial 

data. This not only validates the predictive outcomes 

but also provides insights into which features and 

timesteps most significantly influence stock price 

trends. 

Overall, the CNN-BiGRU with attention mechanism 

demonstrates strong potential as a reliable and 

interpretable forecasting tool for the Indonesian stock 

market. Its ability to capture complex temporal 

dynamics and highlight relevant features makes it 

valuable for supporting investment strategies, short-

term trading decisions, and financial risk management. 

Future research can extend this work by integrating 

sentiment analysis from financial news or 

macroeconomic indicators to further enhance model 

robustness in highly dynamic market environments. 
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