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1. Introduction
Stock price prediction has long been a challenging task 

due to the inherent volatility, non-linearity, and noise in fi-
nancial time series data. Traditional statistical models, 
such as ARIMA, often struggle to capture the complex dy-
namics of stock markets due to their linear assumptions 
[1]. In recent years, deep learning models, particularly 
those combining Convolutional Neural Networks (CNNs) 
and Long Short-Term Memory (LSTM) networks, have 
shown significant promise in addressing these challenges 
[2]. CNNs excel at extracting spatial features from data, 
while LSTMs are well-suited for modeling temporal depen-

dencies, making their combination a powerful tool for stock 
prediction [3]. 

Attention mechanisms, originally developed for natural 
language processing, have been increasingly applied to 
time-series tasks to improve model performance by focus-
ing on the most relevant parts of the input sequence [4]. In 
the context of stock prediction, attention mechanisms have 
been integrated into hybrid CNN-LSTM models to enhance 
their ability to identify critical patterns in volatile and non-
linear data [5]. However, existing attention mechanisms 
often rely on static weighting schemes, which may not fully 
adapt to the dynamic nature of financial time series. 
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We propose a novel GRU-enhanced attention mechanism integrated into 
LSTM layers to improve stock prediction accuracy in hybrid CNN-LSTM 
models. The proposed method dynamically adjusts the importance of differ-
ent time steps by combining the strengths of GRUs and attention mecha-
nisms, thereby capturing temporal dependencies more effectively in volatile 
financial time series. The GRU processes the input sequence to generate 
hidden states, which are then weighted by an attention mechanism to com-
pute a context vector. This context vector is fed into the LSTM layer, en-
abling the model to focus on the most relevant time steps and enhance its 
ability to handle non-stationarity and noise. The integration of GRU-en-
hanced attention into LSTM allows the model to better capture long-term 
dependencies and temporal patterns, which are critical for accurate stock 
prediction. Experimental results demonstrate that the proposed approach 
outperforms traditional methods in terms of prediction accuracy and robust-
ness, particularly in scenarios with high market volatility. Furthermore, the 
model’s adaptability to varying time scales and its ability to filter out irrele-
vant information make it a promising tool for financial time series analysis. 
The proposed method not only advances the state-of-the-art in stock predic-
tion but also provides a framework for integrating attention mechanisms into 
other sequential data tasks. 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To address this limitation, we propose a novel approach 
that integrates a Gated Recurrent Unit (GRU) with an at-
tention mechanism into the LSTM layer of a hybrid CNN-
LSTM model. GRUs, a simplified variant of LSTMs, reduce 
computational complexity while maintaining competitive 
performance in sequential data modeling [6]. By dynami-
cally adjusting the attention weights based on the input 
sequence, the proposed GRU-enhanced attention mecha-
nism allows the model to better adapt to the volatility and 
non-linearity of stock data. This approach not only im-
proves the model’s ability to capture long-term dependen-
cies but also enhances its robustness to noise and non-
stationarity. 

The key contribution of this work is the development of 
a GRU-enhanced attention mechanism that dynamically 
fine-tunes attention weights in real-time, enabling the mod-
el to focus on the most relevant time steps in the input se-
quence. This innovation builds on the strengths of GRUs 
and attention mechanisms, offering a more adaptive and 
effective solution for stock prediction. Furthermore, the 
proposed method is integrated into a hybrid CNN-LSTM 
framework, leveraging the complementary strengths of 
CNNs and LSTMs to achieve superior performance. 

The remainder of this paper is organized as follows: 
Section 2 reviews related work on hybrid CNN-LSTM mod-
els and attention mechanisms in stock prediction. Section 
3 provides background and preliminaries on GRUs, 
LSTMs, and attention mechanisms. Section 4 introduces 
the proposed GRU-enhanced attention mechanism and its 
integration into the hybrid CNN-LSTM model. Section 5 
describes the experimental setup and methodology, while 
Section 6 presents the results and analysis. Section 7 dis-
cusses the implications of the findings and outlines future 
research directions. Finally, Section 8 concludes the paper. 

2. Related Work  
2.1. Hybrid CNN-LSTM Models for Stock 

Prediction
Hybrid models combining CNNs and LSTMs have 

gained significant attention in stock prediction due to their 
ability to capture both spatial and temporal features in fi-
nancial time series. CNNs are effective in extracting local 
patterns and features from data, while LSTMs excel at 
modeling long-term dependencies in sequential data [7]. 
For instance, [8] demonstrated that a CNN-LSTM hybrid 
model outperformed traditional ARIMA models in predicting 
stock prices, particularly in capturing non-linear trends. 
Similarly, [9] proposed a hybrid LSTM-CNN model that 
leverages temporal and spatial features to improve predic-
tion accuracy. These studies highlight the potential of hy-
brid models in handling the complexity of financial data. 

2.2. Attention Mechanisms in Stock Prediction
Attention mechanisms have been increasingly integrat-

ed into deep learning models for stock prediction to en-
hance their ability to focus on the most relevant parts of the 
input sequence. For example, [10] introduced an attention-
based LSTM model that dynamically weights different time 
steps, improving the model’s ability to capture critical pat-
terns in volatile data. Similarly, [11] proposed an evolution-
ary attention-based LSTM (EA-LSTM) that adapts attention 
weights over time, achieving superior performance in pre-
dicting stock trends. These studies demonstrate the effec-

tiveness of attention mechanisms in improving the inter-
pretability and accuracy of stock prediction models. 

2.3. GRUs in Sequential Data Modeling
GRUs, a variant of LSTMs, have been widely used in 

sequential data modeling due to their reduced computa-
tional complexity and competitive performance. GRUs 
simplify the gating mechanism of LSTMs by combining the 
forget and input gates into a single update gate, making 
them more efficient for certain tasks [12]. For instance, [13] 
compared the performance of LSTM and GRU models in 
stock prediction and found that GRUs achieved compara-
ble accuracy with fewer parameters. This efficiency makes 
GRUs particularly suitable for integrating into complex 
models, such as those combining CNNs and LSTMs. 

2.4. Integration of GRUs and Attention 
Mechanisms

The integration of GRUs and attention mechanisms has 
been explored in various domains, including natural lan-
guage processing and time-series analysis. For example, 
[14] proposed a CNN-GRU-attention model for stock pre-
diction, where the GRU processes the input sequence and 
the attention mechanism dynamically weights the hidden 
states. This approach demonstrated improved prediction 
accuracy by focusing on the most relevant time steps. Sim-
ilarly, [15] explored the combination of GRUs and attention 
mechanisms in an ensemble model, achieving promising 
results in stock market prediction. These studies highlight 
the potential of integrating GRUs and attention mecha-
nisms to enhance model performance. 

2.5. Comparison With Existing Methods
The proposed GRU-enhanced attention mechanism for 

LSTM in hybrid CNN-LSTM models builds on the strengths 
of existing methods while addressing their limitations. Un-
like traditional attention mechanisms that rely on static 
weighting schemes, the proposed approach dynamically 
adjusts attention weights based on the input sequence, 
making it more adaptive to the volatility and non-linearity of 
stock data. Furthermore, the integration of GRUs reduces 
computational complexity while maintaining competitive 
performance, making the model more efficient for real-time 
applications. Compared to existing hybrid models, the pro-
posed method offers a more robust and interpretable solu-
tion for stock prediction, particularly in scenarios with high 
market volatility. 

3. Background and Preliminaries  
3.1. Financial Time Series and Their Challenges

Financial time series data, such as stock prices, exhibit 
unique characteristics that make them challenging to mod-
el. These include non-stationarity, high volatility, and noise. 
A financial time series  can be decomposed into a deter-
ministic component  and a stochastic component , as 
shown in Equation 1: 

yt
μt ϵt

(1)yt = μt + ϵt
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The deterministic component  represents the underly-
ing trend or pattern, while  captures the random fluctua-
tions. Traditional models often assume stationarity, which 
is rarely true for financial data. This non-stationarity, com-
bined with the presence of noise, makes it difficult to ex-
tract meaningful patterns and predict future values accu-
rately [1]. 

3.2. Recurrent Neural Networks (RNNs) and Their 
Variants

Recurrent Neural Networks (RNNs) are a class of neur-
al networks designed to handle sequential data by main-
taining a hidden state that captures information from previ-
ous time steps. The hidden state  at time  is computed 
as: 

where  is the input at time ,  and  are weight 
matrices,  is the bias term, and  is the activation func-
tion. However, standard RNNs suffer from the vanishing 
gradient problem, which limits their ability to capture long-
term dependencies [2]. 

To address this, Long Short-Term Memory (LSTM) net-
works and Gated Recurrent Units (GRUs) were introduced. 
LSTMs use a gating mechanism to control the flow of in-
formation, while GRUs simplify this mechanism by combin-
ing the forget and input gates into a single update gate. 
This makes GRUs computationally more efficient while 
maintaining competitive performance 3. 

3.3. Attention Mechanisms in Sequence Modeling
Attention mechanisms were originally developed for 

natural language processing but have since been applied 
to various sequential data tasks, including stock prediction. 
The core idea is to assign different weights to different 
parts of the input sequence, allowing the model to focus on 
the most relevant information. The attention weight  for 
time step  is computed as: 

where  is a score function that measures the rele-
vance of the input at time . These weights are then used 
to compute a context vector, which summarizes the input 
sequence based on the attention weights [4]. This ap-
proach has been shown to improve the interpretability and 
accuracy of models by allowing them to focus on critical 
patterns in the data [5]. 

4. Hybrid GRU-Attention Model for Stock 
Prediction

4.1. Integration of GRU With Attention Mechanism
The proposed hybrid model integrates a GRU with an 

attention mechanism into the LSTM layer to enhance its 

ability to capture temporal dependencies in stock data. The 
GRU processes the input sequence  
to generate hidden states  at each time step . The hid-
den state  is computed as: 

Here,  and  are the update and reset gates, respec-
tively,  is the candidate hidden state, and  denotes 
element-wise multiplication. The GRU’s hidden states are 
then used to compute attention weights  as shown in 
Equation 3, where the score function  is defined as: 

The attention weights  dynamically adjust the impor-
tance of each time step based on the GRU’s hidden states, 
allowing the model to focus on the most relevant parts of 
the input sequence. 

4.2. Dynamic Adjustment of Attention Weights
The dynamic adjustment of attention weights is a key 

innovation of the proposed model. Unlike traditional atten-
tion mechanisms that compute weights directly from the 
LSTM’s hidden states, the GRU-based approach allows 
the weights to adapt to the input sequence in real-time. 
This is particularly beneficial for stock data, where the im-
portance of different time steps can vary significantly due 
to market volatility. The attention weights  are normalized 
using a softmax function to ensure they sum to one: 

These weights are then used to compute a context vec-
tor , which summarizes the input sequence based on the 
attention weights: 

The context vector  captures the most relevant infor-
mation from the input sequence, enabling the model to fo-
cus on critical patterns in the data. 
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4.3. Context Vector Integration Into LSTM
The context vector  is integrated into the LSTM layer 

to enhance its ability to capture long-term dependencies. 
The LSTM processes the input sequence  and the con-
text vector  to generate its own hidden states . The 
LSTM’s hidden state  is computed as: 

Here, , , and  are the input, forget, and output 
gates, respectively, and  is the candidate cell state. The 
integration of the context vector  into the LSTM allows the 
model to incorporate dynamically adjusted attention infor-
mation, enhancing its ability to capture long-term depen-
dencies in the data. 

4.4. Hybrid Architecture Design
The proposed hybrid architecture combines the 

strengths of CNNs, GRUs, and LSTMs to achieve superior 
performance in stock prediction. The CNN extracts spatial 
features from the input data, which are then processed by 
the GRU to generate hidden states. The attention mecha-
nism dynamically adjusts the importance of each time step 
based on the GRU’s hidden states, and the context vector 
is integrated into the LSTM to capture long-term depen-
dencies. This hybrid approach leverages the complemen-
tary strengths of each component, making the model more 
robust to noise and non-stationarity in financial time series. 
The final output of the model is computed as: 

where  is the predicted stock price at time , and  
and  are learnable parameters. The proposed architec-
ture is illustrated in Figure 1. 

The hybrid GRU-attention model provides a flexible and 
adaptive framework for stock prediction, capable of han-
dling the complexities of financial time series data. By dy-
namically adjusting attention weights and integrating them 
into the LSTM, the model achieves improved accuracy and 

robustness, particularly in scenarios with high market 
volatility. 

5. Experimental Setup and Methodology
5.1. Dataset Description

To evaluate the proposed GRU-enhanced attention 
mechanism in hybrid CNN-LSTM models, we utilize the 
S&P 500 Index dataset, a widely used benchmark in finan-
cial time series analysis [16]. The dataset comprises daily 
stock prices, including open, close, high, low, and volume 
data, spanning from 2010 to 2023. This dataset is chosen 
for its comprehensive coverage of market trends and its 
suitability for evaluating models in volatile and non-linear 
environments. Additionally, we include the NASDAQ Com-
posite Index dataset [17] to assess the generalizability of 
the proposed model across different market conditions. 

1.Preprocessing and Feature Engineering 
The raw stock data is preprocessed to ensure consis-

tency and remove noise. Missing values are imputed using 
linear interpolation, and the data is normalized to a range 
of [0, 1] to facilitate model training. Feature engineering is 
performed to extract relevant indicators, including moving 
averages, relative strength index (RSI), and Bollinger 
Bands, which are commonly used in financial analysis [18]. 
These features are concatenated with the raw data to pro-
vide the model with additional context for prediction. 

5.2. Model Implementation
The proposed hybrid GRU-attention model is imple-

mented using TensorFlow and Keras. The architecture 
consists of the following components: 

CNN Layer: A 1D convolutional layer with 64 filters and 
a kernel size of 3 is used to extract spatial features from 
the input sequence. This is followed by a max-pooling layer 
to reduce dimensionality. 

GRU Layer: A GRU layer with 128 units processes the 
output of the CNN to generate hidden states. The GRU’s 
hidden states are used to compute attention weights dy-
namically. 

Attention Mechanism: The attention mechanism as-
signs weights to each time step based on the GRU’s hid-
den states, as described in Equations 8 and 9. The context 
vector is computed as a weighted sum of the hidden 
states. 

LSTM Layer: An LSTM layer with 128 units integrates 
the context vector to capture long-term dependencies. The 
LSTM’s hidden states are used for final prediction. 

Output Layer: A fully connected layer with a single out-
put unit predicts the stock price at the next time step. 

5.3. Training and Optimization
The model is trained using the Adam optimizer with a 

learning rate of 0.001. Mean Squared Error (MSE) is used 
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Figure 1 | Hybrid GRU-Attention Model Architecture
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as the loss function to minimize prediction errors. Early 
stopping is employed to prevent overfitting, with a patience 
of 10 epochs. The training process is conducted on a 
70-20-10 split of the dataset, with 70% used for training, 
20% for validation, and 10% for testing. 

5.4. Baseline Models
To evaluate the performance of the proposed model, we 

compare it against the following baseline methods: 
LSTM Model: A standard LSTM model with 128 units, 

trained on the same dataset and preprocessing pipeline 
[19]. 

CNN-LSTM Model: A hybrid CNN-LSTM model without 
the attention mechanism, using the same architecture as 
the proposed model but excluding the GRU and attention 
components [20]. 

Attention-Based LSTM Model: An LSTM model with a 
traditional attention mechanism, where attention weights 
are computed directly from the LSTM’s hidden states [21]. 

GRU Model: A standard GRU model with 128 units, 
trained on the same dataset and preprocessing pipeline 
[22]. 

5.5. Evaluation Metrics
The performance of the models is evaluated using the 

following metrics: 
Mean Absolute Error (MAE): Measures the average 

absolute difference between predicted and actual stock 
prices. 

Root Mean Squared Error (RMSE): Provides a mea-
sure of the magnitude of prediction errors, with higher 
weights given to larger errors. 

R² Score: Indicates the proportion of variance in the 
stock prices that is explained by the model. 

Directional Accuracy (DA): Measures the percentage of 
correct predictions in terms of the direction of price move-
ment (up or down). 

5.6. Experimental Design
The experiments are designed to evaluate the pro-

posed model’s performance under different market condi-
tions, including periods of high volatility and stability. The 
models are trained and tested on both the S&P 500 and 
NASDAQ datasets to assess their generalizability. Addi-
tionally, ablation studies are conducted to analyze the con-
tribution of each component (CNN, GRU, attention mecha-
nism, and LSTM) to the overall performance. 

5.7. Computational Resources
All experiments are conducted on a high-performance 

computing cluster with NVIDIA Tesla V100 GPUs. The 

training process is parallelized across multiple GPUs to 
reduce computation time. The code and dataset are made 
publicly available to ensure reproducibility and facilitate 
further research.�

6. Experimental Results and Analysis
6.1. Performance Comparison With Baseline 

Models
To evaluate the effectiveness of the proposed GRU-en-

hanced attention mechanism, we compare its performance 
against the baseline models on both the S&P 500 and 
NASDAQ datasets. Table 1 summarizes the results in 
terms of MAE, RMSE, R², and DA. 

The proposed GRU-attention model achieves the low-
est MAE (0.009) and RMSE (0.015), indicating superior 
prediction accuracy. It also attains the highest R² score 
(0.902) and directional accuracy (77.4%), demonstrating its 
ability to capture the underlying patterns in stock data more 
effectively than the baseline models. The attention-based 
LSTM model performs well but falls short of the proposed 
model, highlighting the benefits of integrating GRUs for 
dynamic attention weight adjustment. 

6.2. Analysis of Model Robustness
To assess the robustness of the proposed model, we 

evaluate its performance during periods of high market 
volatility. Figure 2 illustrates the prediction errors of the 

Table 1 | Performance Comparison of Proposed Model and Baseline Models

Model MAE RMSE R² DA (%)

LSTM 0.012 0.018 0.876 72.3

CNN-LSTM 0.011 0.017 0.882 73.8

Attention-Based LSTM 0.010 0.016 0.891 75.1

GRU 0.011 0.017 0.880 73.5

Proposed GRU-Attention 0.009 0.015 0.902 77.4

Figure 2 | Prediction errors of the proposed model 
and baseline models during high market volatility
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proposed model and the baseline models during volatile 
market conditions. 

The proposed model exhibits consistently lower predic-
tion errors compared to the baseline models, even during 
periods of extreme volatility. This robustness is attributed to 
the GRU-enhanced attention mechanism, which dynami-
cally adjusts the importance of different time steps based 
on the input sequence. In contrast, the baseline models 
struggle to adapt to sudden market changes, resulting in 
higher errors. 

6.3. Ablation Study
To analyze the contribution of each component in the 

proposed model, we conduct an ablation study by remov-
ing one component at a time and evaluating the perfor-
mance. Table 2 presents the results of the ablation study. 

The results show that removing any component leads 
to a degradation in performance, highlighting the impor-
tance of each element in the proposed architecture. The 
CNN contributes to feature extraction, the GRU enables 
dynamic attention weight adjustment, the attention mecha-
nism focuses on relevant time steps, and the LSTM cap-
tures long-term dependencies. The full proposed model 
achieves the best performance, demonstrating the syner-
gistic effect of integrating these components. 

6.4. Generalizability Across Datasets
To evaluate the generalizability of the proposed model, 

we test its performance on the NASDAQ dataset. Table 3 
compares the results of the proposed model and the base-
line models on this dataset. 

The proposed model maintains its superior perfor-
mance on the NASDAQ dataset, achieving the lowest MAE 
(0.010) and RMSE (0.016) and the highest R² score 
(0.890) and directional accuracy (76.1%). This demon-
strates the model’s ability to generalize across different 
market conditions and datasets. 

6.5. Computational Efficiency
We also evaluate the computational efficiency of the 

proposed model by comparing its training time and memo-
ry usage with the baseline models. Table 4 presents the 
results. 

The proposed model achieves a balance between 
computational efficiency and performance. While it re-
quires slightly more training time and memory than the 
GRU model, it outperforms all baseline models in terms of 
prediction accuracy. The integration of GRUs reduces the 
computational complexity compared to traditional attention 
mechanisms, making the proposed model suitable for real-
time applications. 

7. Further Discussions and Future Work
The experimental results demonstrate the effectiveness 

of the proposed GRU-enhanced attention mechanism in 
improving stock prediction accuracy and robustness. How-
ever, several aspects warrant further discussion and explo-
ration. 

Interpretability of Attention Weights: While the atten-
tion mechanism enhances the model’s ability to focus on 
relevant time steps, interpreting these weights in the con-
text of financial data remains challenging. Future work 
could explore methods to visualize and explain the atten-
tion weights, providing insights into the model’s decision-
making process. For instance, integrating domain-specific 
knowledge or using post-hoc interpretability techniques 
could help bridge the gap between model predictions and 
financial reasoning. 

Scalability to High-Frequency Data: The current 
model is evaluated on daily stock data, but financial mar-
kets often operate at much higher frequencies, such as 
minute-level or tick-level data. Extending the proposed 
model to handle high-frequency data requires addressing 

Table 2 | Ablation Study Results

Model Configuration MAE RMSE R² DA (%)

Without CNN 0.011 0.017 0.880 73.6

Without GRU 0.010 0.016 0.890 75.0

Without Attention 0.011 0.017 0.881 73.7

Without LSTM 0.012 0.018 0.875 72.2

Full Proposed Model 0.009 0.015 0.902 77.4

Table 3 | Performance Comparison on NASDAQ Dataset

Model MAE RMSE R² DA (%)

LSTM 0.013 0.019 0.865 71.5

CNN-LSTM 0.012 0.018 0.870 72.8

Attention-Based LSTM 0.011 0.017 0.880 74.2

GRU 0.012 0.018 0.868 72.6

Proposed GRU-Attention 0.010 0.016 0.890 76.1

Table 4 | Computational Efficiency Comparison

Model Training Time (s/epoch) Memory Usage (GB)

LSTM 12.3 1.8

CNN-LSTM 14.5 2.1

Attention-Based LSTM 15.2 2.3

GRU 11.8 1.7

Proposed GRU-Attention 13.6 2.0
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additional challenges, including increased computational 
complexity and the need for more granular feature engi-
neering. Future research could investigate efficient archi-
tectures and preprocessing techniques tailored to high-fre-
quency trading scenarios. 

Incorporation of External Factors: Stock prices are 
influenced by a wide range of external factors, such as 
macroeconomic indicators, news sentiment, and geopoliti-
cal events. While the proposed model focuses on historical 
price data, integrating these external factors could further 
enhance its predictive power. Future work could explore 
multimodal approaches that combine numerical data with 
textual or categorical information, leveraging techniques 
such as natural language processing or graph neural net-
works. 

Adaptation to Non-Stationary Environments: Finan-
cial markets are inherently non-stationary, with patterns 
and trends evolving over time. Although the GRU-en-
hanced attention mechanism provides some adaptability, 
more robust methods for handling non-stationarity could be 
explored.  For example, incorporating online learning tech-
niques or adaptive regularization strategies could enable 
the model to continuously update its parameters in re-
sponse to changing market conditions. 

Generalization to Other Financial Tasks: While the 
proposed model is designed for stock price prediction, its 
underlying principles could be applied to other financial 
tasks, such as portfolio optimization, risk management, or 
fraud detection. Future research could investigate the 
transferability of the GRU-attention mechanism to these 
domains, potentially leading to more versatile and widely 
applicable financial models. 

Ethical Considerations and Fairness: As machine 
learning models become increasingly influential in financial 
decision-making, ethical considerations and fairness must 
be addressed. The proposed model, like any predictive 
tool, could inadvertently perpetuate biases or contribute to 
market manipulation if not carefully monitored. Future work 
should explore methods to ensure transparency, fairness, 
and accountability in the deployment of such models, par-
ticularly in high-stakes financial applications. 

Integration with Reinforcement Learning: Combining 
the proposed model with reinforcement learning tech-
niques could enable the development of autonomous trad-
ing systems. By framing stock prediction as a sequential 
decision-making problem, reinforcement learning could 
optimize trading strategies based on the model’s predic-
tions. Future research could investigate hybrid approaches 
that integrate the strengths of supervised learning and rein-
forcement learning for financial applications. 

Exploration of Alternative Architectures: While the 
proposed model leverages GRUs and LSTMs, other archi-
tectures, such as Transformers or Temporal Convolutional 
Networks (TCNs), could offer complementary advantages. 
Future work could explore the integration of these architec-
tures with attention mechanisms, potentially leading to 
even more powerful models for financial time series analy-
sis. 

8. Conclusion
The proposed GRU-enhanced attention mechanism 

integrated into LSTM layers within a hybrid CNN-LSTM 
model represents a significant advancement in stock price 
prediction. By dynamically adjusting attention weights 

through the GRU, the model effectively captures temporal 
dependencies and adapts to the inherent volatility and non-
linearity of financial time series. The experimental results 
demonstrate that the proposed model outperforms tradi-
tional methods, achieving superior prediction accuracy, 
robustness, and generalizability across different market 
conditions and datasets. The integration of GRUs reduces 
computational complexity while maintaining competitive 
performance, making the model suitable for real-time ap-
plications. Furthermore, the ablation study highlights the 
importance of each component in the proposed architec-
ture, emphasizing the synergistic effect of combining 
CNNs, GRUs, attention mechanisms, and LSTMs. The 
model’s ability to focus on relevant time steps and filter out 
noise enhances its interpretability and reliability, providing 
valuable insights for financial decision-making. Future re-
search directions, such as improving interpretability, han-
dling high-frequency data, and incorporating external fac-
tors, offer promising avenues for further enhancing the 
model’s capabilities. Overall, the proposed GRU-enhanced 
attention mechanism provides a robust and adaptive 
framework for stock prediction, advancing the state-of-the-
art in financial time series analysis. 
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