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Comparison of Hybrid CNN-LSTM Models for Stock Price Prediction
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Abstract

This study explores the application of deep learning techniques for stock price prediction by comparing Convolutional Neural
Network (CNN), Long Short-Term Memory (LSTM), and hybrid CNN-LSTM architectures. We propose a hybrid deep learning model
that integrates convolutional layers for local feature extraction with LSTM layers for capturing long-term temporal dependencies in
financial time-series data. Historical stock price data of INDF.JK obtained from Yahoo Finance were used to train and evaluate the
models. The dataset was preprocessed and transformed into sequential input using a sliding window approach to enable effective
time-series learning. Model performance was evaluated using several regression metrics, including Root Mean Squared Error
(RMSE), Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), and the coefficient of determination (R?).
Experimental results demonstrate that the proposed hybrid CNN-LSTM model achieves superior prediction performance compared
with standalone CNN and LSTM models. The hybrid model records an RMSE of 87.77, MAE of 63.97, and MAPE of 1.02%, while
achieving the highest R? score of 0.9759. In comparison, the CNN model produces an RMSE of 96.18 and an R? score of 0.9711,
whereas the LSTM model achieves an RMSE of 89.13 with an R? score of 0.9752. These results indicate that the hybrid architecture
provides more accurate predictions and better captures the complex patterns in stock price movements. The findings confirm that
combining CNN and LSTM architectures enables the model to learn both spatial and temporal representations of financial time-
series data. CNN layers effectively identify local patterns within historical price sequences, while LSTM layers capture long-term
dependencies that influence future stock prices. Consequently, the hybrid CNN-LSTM framework offers a reliable approach for
financial forecasting and has strong potential for practical applications in stock market prediction systems. Future work may
incorporate additional technical indicators, sentiment data, or attention-based mechanisms to further enhance prediction accuracy
and robustness.
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Financial markets generate large volumes of time-series data that reflect complex interactions between
economic factors, investor behavior, and external events. Accurate prediction of stock price movements
remains a challenging task because financial data often exhibit nonlinearity, volatility, and noise. Traditional
statistical approaches such as autoregressive models or support vector machines attempt to capture these
patterns but frequently struggle to represent long-term temporal dependencies in financial datasets. As
financial markets continue to grow in complexity, researchers increasingly explore machine learning and deep
learning techniques to improve forecasting accuracy and capture hidden relationships within time-series data.
Early studies demonstrate that machine learning models can enhance prediction performance compared with
conventional econometric approaches, but they still face limitations in modeling long-term sequential
dependencies and complex feature interactions present in stock market data [7], [8].

Deep learning techniques have recently gained significant attention in financial forecasting because they
can automatically learn hierarchical representations from raw data. Among these techniques, recurrent neural
networks (RNN) have shown promise in modeling sequential patterns. However, standard RNN architectures
suffer from gradient vanishing and exploding problems when learning long-term dependencies. To address this
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issue, Long Short-Term Memory (LSTM) networks introduce memory cells and gating mechanisms that enable
the network to retain relevant information over extended time periods. Researchers demonstrate that LSTM
models successfully capture temporal dependencies in financial time-series data and produce more stable
predictions than traditional neural networks. The ability of LSTM networks to model sequential information
makes them particularly suitable for stock market forecasting applications where historical patterns strongly
influence future price movements [2], [9].

Several studies apply LSTM-based architectures directly to stock price prediction tasks and report
improved forecasting accuracy compared with classical machine learning techniques. Researchers show that
LSTM networks effectively learn nonlinear relationships in financial data and adapt to dynamic market
conditions. For example, empirical studies on financial markets reveal that LSTM-based models outperform
methods such as support vector machines and decision trees in predicting short-term stock price trends.
Despite these advantages, single-layer LSTM architectures often struggle to capture complex hierarchical
patterns that exist in financial time-series data, especially when the data include multiple influencing factors
such as technical indicators, trading volume, and macroeconomic signals [1], [16].

To further improve forecasting performance, researchers investigate deeper neural architectures that
combine multiple deep learning techniques. Convolutional Neural Networks (CNN), originally developed for
image processing tasks, have proven effective for extracting local spatial features from structured datasets. In
the context of financial forecasting, CNN models can automatically learn meaningful patterns from technical
indicators or sliding-window representations of historical price data. By applying convolutional filters to financial
time-series inputs, CNN models identify local correlations and short-term patterns that may influence stock
price movements. Studies demonstrate that CNN-based models provide improved feature extraction
capabilities, which can significantly enhance prediction accuracy when combined with sequential learning
models [5], [14].

Hybrid deep learning models that integrate CNN and LSTM architectures have recently emerged as a
promising approach for financial forecasting. In these models, CNN layers first extract local patterns from
historical stock data, while LSTM layers capture long-term temporal dependencies within the extracted
features. This combination allows the model to simultaneously learn spatial and temporal representations of
financial time-series data. Several studies report that CNN-LSTM hybrid architectures outperform standalone
CNN or LSTM models in stock price prediction tasks. The hybrid approach effectively reduces information loss
during feature extraction and improves the model’s ability to learn complex patterns in highly dynamic financial
markets [4], [6].

Recent research further explores variations of hybrid architectures to enhance prediction robustness and
stability. Some studies introduce attention mechanisms to highlight important temporal features, while others
incorporate multiple input indicators such as technical indicators, trading signals, and sentiment data. These
approaches aim to improve the model's ability to capture market behavior more comprehensively.
Experimental results from these studies indicate that hybrid deep learning frameworks can significantly
improve predictive performance in financial forecasting tasks. However, the increasing complexity of these
architectures also introduces challenges related to computational cost, model interpretability, and parameter
optimization [3], [10].

Despite the promising results of hybrid deep learning models, many existing studies focus on developing a
single architecture without systematically comparing different hybrid configurations. Researchers often
evaluate models using limited datasets or specific financial markets, which makes it difficult to generalize the
findings. In addition, the performance of hybrid CNN-LSTM models can vary depending on architectural
design choices such as convolutional filter sizes, number of LSTM layers, and feature engineering strategies.
As a result, the lack of comparative analysis across multiple hybrid architectures remains a significant research
gap in the field of stock market prediction [11], [12].

Therefore, further investigation is required to systematically evaluate and compare different hybrid CNN—
LSTM configurations for stock price prediction. A comparative analysis can help identify which architectural
design provides the best balance between predictive accuracy, model stability, and computational efficiency.
Understanding the strengths and limitations of different hybrid models is essential for developing more reliable
financial forecasting systems. This study addresses this gap by comparing multiple CNN-LSTM architectures
and evaluating their effectiveness in predicting stock price movements using historical financial data. The
results of this research are expected to contribute to the development of more accurate and robust deep
learning models for financial market forecasting [13], [15].



2. Related Works

This section reviews several previous studies related to stock price prediction using machine learning and
deep learning approaches. Researchers have explored various techniques to improve forecasting accuracy in
financial time-series data. Early studies primarily relied on traditional machine learning algorithms such as
support vector machines and regression models. For instance, Kim investigated the use of support vector
machines for financial time-series forecasting and demonstrated that machine learning techniques could
capture nonlinear relationships in stock market data. Similarly, Patel et al. combined multiple machine learning
techniques to predict stock market index movements and reported improved performance compared with
single-model approaches. Although these methods provided useful insights into stock price prediction, they
often struggled to capture complex temporal dependencies present in financial time-series datasets [7], [8].

To address the limitations of traditional machine learning methods, researchers began adopting deep
learning models capable of learning sequential dependencies. Fischer and Krauss applied Long Short-Term
Memory (LSTM) networks to financial market prediction and demonstrated that LSTM-based models
significantly outperformed traditional statistical models in predicting stock returns. Their findings confirmed that
LSTM networks effectively captured temporal relationships within financial time-series data. Similarly, Nelson
et al. implemented LSTM models for stock price movement prediction and reported promising results in terms
of prediction accuracy and stability. These studies highlighted the advantages of recurrent neural networks in
modeling sequential financial data but also revealed limitations in capturing complex feature hierarchies [1],
[16].

Several studies further investigated variations of recurrent neural network architectures to improve financial
forecasting performance. Bao et al. proposed a deep learning framework combining stacked autoencoders and
LSTM networks for financial time-series prediction. Their model demonstrated strong predictive performance
by extracting high-level features before performing temporal learning. Qin et al. introduced an attention-based
recurrent neural network for time-series prediction that allowed the model to focus on relevant temporal
features during forecasting. These approaches improved prediction capability by enhancing feature
representation and temporal learning mechanisms. However, the models still relied primarily on sequential
processing without explicitly capturing local spatial patterns in financial data [12], [13].

To overcome these limitations, researchers introduced Convolutional Neural Networks (CNN) into financial
time-series prediction. CNN models have the ability to automatically extract meaningful spatial patterns from
structured data. Selvin et al. compared several deep learning approaches including CNN, LSTM, and hybrid
models for stock price prediction and reported that CNN-based feature extraction significantly improved
forecasting performance. Their study demonstrated that convolutional layers effectively captured local trends
within historical stock data. Nevertheless, standalone CNN models lacked the capability to model long-term
temporal dependencies, which limited their effectiveness in sequential forecasting tasks [5].

Hybrid deep learning architectures combining CNN and LSTM models have therefore attracted
considerable research attention. In these models, CNN layers are used to extract spatial features from input
data, while LSTM layers capture temporal dependencies across time sequences. Zhang et al. developed a
CNN-LSTM model for stock price prediction and demonstrated that the hybrid approach improved forecasting
accuracy compared with single-model architectures. The combination of convolutional feature extraction and
sequential learning enabled the model to better represent complex financial patterns and dynamic market
behavior [9].

Recent studies have further enhanced hybrid architectures by incorporating additional learning
mechanisms. Wu et al. proposed a graph-based CNN-LSTM model that integrated leading indicators into the
forecasting framework. Their approach improved prediction performance by capturing relationships among
multiple market variables. Similarly, Bhanujyothi and Jacob introduced a CNN-LSTM model with an attention
mechanism to improve stock price prediction using technical indicators. Their findings indicated that attention-
based hybrid models could better identify important temporal patterns and improve prediction accuracy in
volatile financial environments [3], [6].

Other studies also explored the use of hybrid CNN-LSTM models in different financial forecasting
scenarios. Gao developed a hybrid deep learning model for industry-level stock price prediction and
demonstrated that integrating convolutional and recurrent layers improved forecasting stability. Lan proposed a
CNN-LSTM framework that effectively captured spatial and temporal dependencies in financial time-series
data. These studies consistently showed that hybrid architectures outperform conventional deep learning



models in complex forecasting tasks. However, differences in architectural design and dataset characteristics
often produced varying performance outcomes [4], [10].

Despite the growing number of studies on hybrid CNN-LSTM models, limited research systematically
compares multiple hybrid configurations to identify the most effective architecture for stock price prediction.
Many studies focus on proposing a single model without evaluating alternative structural designs or analyzing
their comparative performance. Consequently, the lack of comprehensive comparative studies creates
uncertainty regarding which hybrid architecture offers the best predictive capability and computational
efficiency. Therefore, this study aims to address this research gap by conducting a comparative analysis of
several hybrid CNN-LSTM models for stock price prediction using historical financial datasets. The results are
expected to provide deeper insights into the effectiveness of different hybrid deep learning architectures for
financial forecasting applications [2], [11].

3. Proposed Method

Several processing stages are arranged sequentially in the CNN-LSTM model development stages
employed in this study, with the input layer serving as the input and the dense layer serving as the output.
The following is an explanation of each model layer based on the architecture shown in the diagram.
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Fig. 1 Block Diagram

This study adopts historical stock price data of INDF.JK obtained from Yahoo Finance as the primary
dataset. We use this platform because it provides reliable financial time-series data widely used in financial
forecasting research. The collected dataset includes several attributes such as opening price, closing price,
high, low, and trading volume. During the initial stage, the downloaded dataset contains a Multilndex column
structure that complicates further data processing. Therefore, this study performs a preprocessing step to
simplify the column format by converting the Multiindex structure into single column labels, such as
Close INDF.JK. This transformation ensures data consistency and facilitates subsequent analytical
procedures. Through this preprocessing stage, the dataset becomes more structured and suitable for feature
engineering and deep learning model development.

To enhance the dataset representation and capture market trends more effectively, this study
incorporates two widely used technical indicators: the 30-day Simple Moving Average (SMA) and the 30-day
Exponential Moving Average (EMA). We calculate both indicators based on the historical closing prices of



the stock. The SMA represents the average closing price within a fixed 30-day window, while the EMA
assigns greater weight to recent prices, making it more responsive to short-term market changes. After
calculating these indicators, this study selects three key features for model input: Close INDF.JK, EMA_30,
and SMA_30. Rows containing missing values (NaN), which typically appear at the beginning of the dataset
due to moving average calculations, are removed to ensure data quality. The resulting cleaned dataset
contains 2446 records with three selected features. To ensure stable training of the deep learning model, we
apply MinMaxScaler to normalize the feature values into a consistent range.

After preprocessing and normalization, this study divides the dataset into training and testing subsets
using an 80:20 ratio while preserving the chronological order of the data. Maintaining the temporal structure
is important in time-series forecasting to prevent data leakage from future observations. We then transform
the dataset into sequence format suitable for deep learning models by applying a sliding window technique
with 30 timesteps. Each input sequence consists of 30 historical observations and three features, producing
an input shape of (number_of _samples, 30, 3), while the prediction target corresponds to the closing price at
the next timestep. This study adopts a hybrid CNN-LSTM architecture to model the sequential stock data.
The convolutional layer (Conv1D) extracts local temporal patterns from the input sequences by applying
convolutional filters across the time dimension. These extracted feature maps are then processed by LSTM
layers, which learn long-term temporal dependencies within the financial time-series data to improve stock
price prediction performance.

This study adopts a hybrid CNN-LSTM architecture to model and predict stock price movements from
time-series data. The model begins with a one-dimensional convolutional layer (Conv1D) that extracts local
temporal patterns from the input sequence. In time-series forecasting, the convolution operation scans the
sequence using a sliding kernel to identify short-term patterns among neighboring data points. Each neuron
in the convolution layer connects only to a local region of the previous layer, forming a locally connected
structure that efficiently captures nearby dependencies in financial signals. The convolution operation can be
formulated as:

M-1

y(n) = (z*w)(n) = Y (m) - w(n —m) (1)

m=0

where x(m) represents the input signal at position m, w denotes the convolution kernel weight, M is the
kernel size, and y(n) is the resulting feature map. After convolution, a MaxPooling1D layer performs
dimensionality reduction while preserving the most informative features. This pooling process selects the
maximum activation value within each pooling window and can be expressed as:

(I+1) -
i) = a4 () @

where ql.(l)(t) denotes the activation value at position t of feature map i in layer [, and W represents the
pooling window size. This operation reduces computational complexity and highlights dominant local patterns
extracted from the time-series data.

The temporal dependencies within the extracted features are then modeled using a Long Short-Term
Memory (LSTM) layer consisting of 96 hidden units. LSTM networks are designed to capture long-term
relationships in sequential data through gated memory mechanisms. The forget gate determines which
information from the previous hidden state should be discarded:

fe= O-(Wf[ht—l'xt] + bf) 3)

where f; is the forget gate output, h,_; is the previous hidden state, x; is the current input, and ¢ denotes the
sigmoid activation function. The input gate regulates how new information is stored in the cell state:

ir = o(Wilhe—q, xc] + by) 4)



A candidate cell state is then computed as:

C, = tan h(W,[hy_y, %] + be) (5)

The updated cell state is obtained by combining the previous memory and the new candidate information:

Ct:ft'ct—1+it'5t (6)

where C; represents the updated cell memory at time step t. In this study, the LSTM layer outputs only the
final hidden state of the sequence, which summarizes the temporal information extracted from the entire time
window.

To improve model generalization and reduce overfitting, a dropout layer with a rate of 0.3 is applied after the
LSTM layer. This mechanism randomly deactivates a subset of neurons during training, preventing the
network from relying excessively on specific connections. The extracted representation is then processed by
a fully connected dense layer with 48 neurons using the ReLU activation function:

z =ReLU(Wx + b) (7)

Where W and b represent the trainable weights and bias parameters. L2 kernel regularization with coefficient
A =0.001is applied to penalize large weights and stabilize the learning process. Finally, the output layer
consists of a single neuron without an activation function to perform regression and generate continuous
stock price predictions:

y=Wzx+b (8)

This hybrid CNN-LSTM architecture enables the model to capture both spatial and temporal characteristics
of financial time-series data. The convolution layer extracts local trend patterns, while the LSTM layer models
long-term dependencies, resulting in improved predictive capability for stock price forecasting.

4. Result and Analysis

This section presents the experimental results of stock price forecasting for INDF.JK using three deep
learning models: CNN, LSTM, and the proposed hybrid CNN-LSTM architecture. We evaluate the predictive
performance of these models using four widely used regression metrics: Root Mean Squared Error (RMSE),
Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), and the coefficient of determination
(R?). These metrics measure the magnitude of prediction errors and the ability of the model to explain the
variability of stock price movements. Lower RMSE, MAE, and MAPE values indicate better prediction
accuracy, while a higher R? score reflects stronger explanatory power of the model. Table 1 summarizes the
performance comparison among the three evaluated models. The results show that all models achieve
relatively high prediction accuracy, indicating that deep learning techniques are effective for stock price
forecasting. However, the performance varies depending on the model architecture used.

Table 1. Model Performance Evaluation

Model RMSE MAE MAPE R?
CNN 96.18 71.16 1.12% 0.9711
LSTM 89.13 66.99 1.07% 0.9752

CNN-LSTM 87.77 63.97 1.02% 0.9759

Based on the evaluation results, the hybrid CNN-LSTM model demonstrates the best predictive
performance compared with the standalone CNN and LSTM models. The hybrid architecture achieves the



lowest RMSE (87.77), MAE (63.97), and MAPE (1.02%), indicating more accurate predictions with smaller
error margins. In addition, the CNN-LSTM model obtains the highest R? score of 0.9759, which means that
the model explains approximately 97.6% of the variance in the stock price data. These findings confirm that
combining convolutional feature extraction with sequential learning enables the model to capture both local
patterns and long-term temporal dependencies in financial time-series data, leading to improved forecasting
accuracy. To visually demonstrate the model's performance, Fig. 2 shows a comparison between
the actual closing price and the price predicted by the CNN-LSTM combined model on the test
data.
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Fig. 2 Comparison between the actual closing price and the price predicted by the CNN-LSTM

Fig. 2 depicts the hybrid CNN-LSTM model's prediction line closely resembles the real price movements.
Therefore, the model can accurately represent stock price patterns and swings, despite a few slight
discrepancies at specific periods. This confirms the evaluation measures that demonstrate better
performance.

5. Conclusion

This study explores the application of deep learning techniques for stock price forecasting by comparing
CNN, LSTM, and hybrid CNN-LSTM architectures. We propose a hybrid model that integrates convolutional
feature extraction with sequential learning to capture both short-term patterns and long-term dependencies in
financial time-series data. The model was trained and evaluated using historical INDF.JK stock price data,
and its performance was assessed using standard regression metrics including RMSE, MAE, MAPE, and the
coefficient of determination (R?). The experimental results demonstrate that deep learning models are
capable of effectively modeling complex and nonlinear patterns in stock market data.

The empirical evaluation shows that the proposed hybrid CNN-LSTM model achieves the best predictive
performance among the evaluated models. The model records an RMSE of 87.77, MAE of 63.97, MAPE of
1.02%, and an R? score of 0.9759, indicating strong predictive capability and high accuracy in explaining
stock price variability. In comparison, the standalone CNN model produces an RMSE of 96.18, MAE of
71.16, MAPE of 1.12%, and an R? of 0.9711, while the LSTM model achieves an RMSE of 89.13, MAE of
66.99, MAPE of 1.07%, and an R? of 0.9752. These results confirm that the integration of CNN and LSTM
architectures provides improved performance over single-model approaches.

The improved results indicate that the CNN component effectively extracts local temporal patterns from
stock price sequences, while the LSTM layer captures long-term dependencies within the financial time
series. This complementary learning mechanism enables the hybrid model to better represent the complex
dynamics and volatility of stock market data. Therefore, the proposed CNN-LSTM framework demonstrates
strong potential for financial forecasting applications. Future research may extend this work by incorporating
additional financial indicators, sentiment analysis data, or attention mechanisms to further enhance prediction

accuracy and robustness in real-world stock market environments.
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