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ABSTRACT

This study investigates the application of deep learning models for stock market
forecasting, focusing on the comparative performance of a baseline Long Short-Term
Memory (LSTM) model and a Hybrid Convolutional Neural Network—Long Short-Term
Memory (CNN-LSTM) architecture. The research aims to evaluate whether the
integration of convolutional and recurrent layers can enhance predictive accuracy,
stability, and generalization in financial time-series modeling. Historical stock data
from Apple Inc. were used, with 80 percent allocated for training and 20 percent for
validation. The models were trained using technical indicators and closing price data,
and their performance was evaluated using Mean Squared Error (MSE), Mean
Absolute Error (MAE), and Root Mean Squared Error (RMSE). The results show that
both models achieved high forecasting accuracy, with RMSE values below 40,
demonstrating strong capability in capturing nonlinear market dynamics. Although the
LSTM-only model achieved slightly lower numerical error values, the Hybrid CNN-
LSTM produced smoother and more stable predictions with better resistance to
market noise and short-term volatility. The residual distribution and convergence
patterns confirmed that the hybrid model achieved balanced performance and
effective generalization. These findings indicate that the Hybrid CNN-LSTM
framework provides a reliable approach for stock market forecasting, offering both
precision and stability. The study concludes that this hybrid deep learning approach
holds significant potential for supporting digital financial analytics and long-term
investment decision-making.

Hybrid CNN-LSTM, Stock Forecasting, Deep Learning, Time-Series Analysis,
Digital Finance

The rapid digital transformation of financial markets has fundamentally
changed how investment decisions are made and how data are
analyzed. The increasing availability of high-frequency trading data,
online financial transactions, and real-time market analytics has created
a continuous flow of information that requires advanced analytical
techniques to interpret effectively. Traditional financial forecasting
methods such as linear regression, autoregressive integrated moving
average (ARIMA), and generalized autoregressive conditional
heteroskedasticity (GARCH) models have been widely used to predict
stock price movements 1|, [”|. However, these models rely heavily on
statistical assumptions and may have limitations in capturing the
nonlinear, non-stationary, and highly dynamic characteristics of modern
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financial markets (=], 4. As a result, their forecasting accuracy can
decline in volatile or rapidly changing market environments, such as
those observed in digital and algorithmic trading contexts

The emergence of artificial intelligence and machine learning has
introduced new opportunities for modeling complex financial patterns that
were previously difficult to capture using conventional statistical
approaches. Deep learning models, in particular, have gained
prominence due to their ability to process large volumes of data and learn
complex representations from historical observations =, /. Among
these, the Long Short-Term Memory (LSTM) network has proven
effective for financial time-series prediction because it can retain
temporal information and model long-term dependencies in sequential
data (=, 2. LSTM architectures are well suited for learning the temporal
evolution of stock prices, where previous price behavior can provide
information for subsequent observations. Nevertheless, while LSTM
models are effective at modeling temporal dependencies, financial data
also contain interactions among multiple input variables, including trading
volume, technical indicators, and other market features, which may
require additional feature-extraction mechanisms

To overcome this limitation, Convolutional Neural Networks (CNNs) have
increasingly been explored for their ability to extract local patterns and
relationships from multidimensional input data. CNNs can identify
relevant local features across financial indicators, potentially improving
the representation of short-term market fluctuations , . However,
CNNs alone are not specifically designed to preserve sequential
dependencies across time, creating a motivation for hybrid architectures
that combine convolutional feature extraction with recurrent sequence
modeling. Recent studies have therefore investigated CNN-LSTM
frameworks for stock price forecasting, where CNN layers extract local
or short-term patterns and LSTM layers model temporal dependencies

, . This combination enables the model to exploit complementary
spatial and temporal information and has demonstrated competitive
performance across different stock-market datasets -

Despite the potential advantages of combining CNN and LSTM
architectures, several challenges remain in optimizing this hybrid
approach for financial forecasting. Many existing models focus primarily
on predictive accuracy while giving less attention to forecast stability,
robustness, and generalization under changing market conditions.
Financial time series are characterized by high noise, nonlinear behavior,
and non-stationarity, making stable performance across different market
regimes an important consideration , . Furthermore, recent
comparative research indicates that the performance of CNN, LSTM, and
CNN-LSTM architectures can vary depending on the dataset, market,
input features, and evaluation setting , . This indicates a need for

Sondos (2026) J. Digit. Mark. Digit. Curr. 245



Journal of Digital Market and Digital Currency

models that not only minimize forecasting errors but also maintain
reliable performance when market conditions change.

In response to this need, the present study proposes a Hybrid CNN—
LSTM model designed to enhance both predictive accuracy and stability
in stock market forecasting. The hybrid framework combines
convolutional layers for spatial pattern recognition with LSTM layers for
temporal sequence learning, enabling it to process multidimensional
time-series data more effectively. By applying this approach to Apple Inc.
stock price data, the study aims to evaluate whether the hybrid
architecture outperforms a baseline LSTM-only model in terms of
accuracy, generalization, and consistency. The models are trained and
validated using technical indicators and historical price data, and their
performance is assessed using Mean Squared Error (MSE), Mean
Absolute Error (MAE), and Root Mean Squared Error (RMSE). The
outcomes of this research are expected to demonstrate whether
integrating spatial and temporal learning components can produce
smoother forecasts, reduce sensitivity to noise, and improve overall
robustness in financial prediction tasks. Moreover, the findings aim to
contribute to the broader field of digital market analytics by supporting
the development of reliable, data-driven forecasting systems for modern
financial environments.

The prediction of stock market behavior remains a central research topic
in financial data analytics due to its importance in investment planning,
risk assessment, and algorithmic trading. Traditional statistical models
such as ARIMA and GARCH have long been applied for forecasting
purposes; however, these methods rely on assumptions of linearity and
stationarity that limit their ability to model the nonlinear and dynamic
nature of stock price movements. With the advancement of artificial
intelligence, machine learning, and computational finance, deep learning
models have become powerful alternatives capable of identifying
complex dependencies in large and noisy financial datasets [,
These models can learn hierarchical representations of data and adapt
to changing market conditions, which makes them particularly suitable
for stock market forecasting and digital financial analytics.

Early research using deep learning for financial prediction largely focused
on single-architecture models such as Convolutional Neural Networks
(CNNs) and Long Short-Term Memory (LSTM) networks. CNNs have
proven effective in extracting local spatial features, while LSTMs excel at
learning long-term dependencies and sequential dynamics within time-
series data [¢], [9]. However, CNNs alone cannot handle the temporal
continuity of financial data, and LSTMs are often limited in identifying
spatial correlations between technical indicators. To overcome these
limitations, researchers began to explore hybrid CNN-LSTM models that
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integrate the strengths of both architectures, enabling simultaneous
spatial and temporal feature extraction. These hybrid models have
demonstrated improved generalization capabilities and Dbetter
adaptability to non-stationary market conditions ,

Recent studies have shown that CNN-LSTM hybrid models outperform
traditional deep learning architectures in terms of both accuracy and
stability , . The integration of convolutional layers for local pattern
detection and LSTM layers for sequential modeling allows the hybrid
model to capture complex dependencies across multiple time scales.
Such models are particularly useful in minimizing the effects of market
noise and achieving smoother forecast trajectories under volatile
conditions. Additionally, attention mechanisms, genetic optimization, and
hyperparameter tuning techniques have been incorporated into CNN—
LSTM frameworks to enhance feature extraction and convergence
performance , . These improvements have contributed to higher
forecasting accuracy and better resilience to market fluctuations,
demonstrating the growing maturity of hybrid deep learning approaches
in financial prediction.

Further developments have expanded the CNN-LSTM architecture by
incorporating other deep learning components such as Gated Recurrent
Units (GRUs), Graph Neural Networks (GNNs), and ensemble learning
strategies to improve interpretability and robustness , . Studies
have also explored the integration of hybrid models with risk estimation
frameworks and sentiment-based data from online platforms to capture
behavioral and emotional aspects of trading activity , . Despite
these advances, several limitations persist in the literature. Many hybrid
models focus primarily on numerical accuracy without evaluating
prediction stability, convergence patterns, or the trade-off between
performance and computational complexity. As financial forecasting
applications increasingly rely on real-time decision-making, achieving a
balance between accuracy, robustness, and efficiency remains a critical
challenge.

To address these research gaps, the present study proposes an
optimized Hybrid CNN-LSTM model designed to improve both predictive
accuracy and forecast stability. The model combines CNN layers for
spatial pattern recognition with LSTM layers for temporal sequence
learning to better capture the dynamic relationships among financial
indicators. This research also evaluates the model’s performance using
multiple statistical metrics, including Mean Squared Error (MSE), Mean
Absolute Error (MAE), and Root Mean Squared Error (RMSE), to ensure
a comprehensive performance assessment. By comparing the hybrid
framework with a baseline LSTM-only model, this study contributes to the
understanding of how deep learning integration can enhance financial
forecasting in digital markets. The outcomes are expected to advance the
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development of robust, data-driven analytical tools for algorithmic trading
and financial technology applications.

This study applies a hybrid deep learning framework that integrates
Convolutional Neural Networks (CNNs) and Long Short-Term Memory
(LSTM) networks to predict stock market trends with improved accuracy
and stability. The methodological process consists of several key stages:
data acquisition, preprocessing, feature engineering, model architecture
design, training configuration, and performance evaluation. Each step
was designed to ensure that the model could effectively learn both spatial
and temporal dependencies in financial time-series data. The workflow
begins with data collection and cleaning, followed by normalization and
feature extraction, model training, and finally performance assessment.
The complete research workflow is illustrated in , Which outlines
the sequential steps undertaken in the development and evaluation of the
proposed hybrid model. The figure demonstrates the systematic
progression from raw data input through preprocessing, CNN-LSTM
model training, and evaluation, ensuring a reproducible and transparent
experimental design.

i Fealure

Model Development

LSTM

Research Step

The dataset used in this study consists of daily historical stock price data
of Apple Inc., chosen for its consistent liquidity and significant influence
in the technology sector. The dataset includes variables such as opening
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price, high and low prices, closing price, adjusted closing price, and
trading volume. These variables provide a comprehensive representation
of market activity. The closing price was selected as the target variable
since it reflects the final consensus value of trading for each day. The
data spanned multiple years, encompassing periods of market stability
and volatility, allowing the model to learn from diverse financial
behaviors. The dataset was divided into two subsets, with 80 percent
allocated for model training and 20 percent for validation and testing. This
chronological split ensured that temporal dependencies were preserved
and that the model’s forecasting capability was tested on unseen data
representing future periods.

Before training, data preprocessing was conducted to improve
consistency and learning efficiency. Missing values were addressed
using linear interpolation to maintain continuity in the time series. Outliers
were preserved to ensure that the model was exposed to genuine market
fluctuations, which are integral to realistic financial forecasting. To
standardize the feature scales, Min-Max normalization was applied to all
numerical variables, transforming each feature value x;into a range
between 0 and 1 using the equation

Xi — Xmin

ti Xmax ~ ¥min (1)
Xmin@Nd Xmaxrepresent the minimum and maximum observed values of
the feature, respectively. This scaling ensures faster convergence during
training and prevents features with large numerical ranges from
dominating the learning process. To prepare sequential inputs, a sliding
window approach was implemented, where a series of consecutive daily
records was used to predict the next day’s closing price. The processed
data were then reshaped into three-dimensional tensors with the
dimensions representing samples, time steps, and features, which are
required for CNN-LSTM model input.

Feature engineering was conducted to enhance the predictive capacity
of the dataset by adding derived variables known as technical indicators,
which capture trend, momentum, and volatility information. The
engineered features included the Simple Moving Average (SMA),
Exponential Moving Average (EMA), Relative Strength Index (RSI), and
Moving Average Convergence Divergence (MACD). The SMA and EMA
were calculated over multiple time windows to represent both short- and
long-term market trends, while RSI quantified market strength by
identifying overbought or oversold conditions. The MACD indicator was
included to capture momentum shifts and divergence between short- and
long-term moving averages. The inclusion of these features provided
additional spatial dimensions for the CNN component to detect
meaningful local relationships, improving the model’s ability to represent
market dynamics comprehensively.
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The architecture of the proposed Hybrid CNN-LSTM model was
developed to combine the spatial learning strengths of CNNs with the
temporal modeling capabilities of LSTMs. The CNN layers were
implemented at the input stage, using one-dimensional convolutional
filters to extract local dependencies between features over time. Each
convolutional layer utilized a kernel size of 3 and 64 filters, followed by a
MaxPooling1D layer that reduced feature dimensionality and minimized
noise. The extracted spatial representations were then passed into
stacked LSTM layers containing 50 hidden units each, which learned
sequential dependencies and long-term temporal patterns. Dropout
regularization with a rate of 0.2 was applied to prevent overfitting. The
final fully connected Dense layers mapped the learned features to the
output layer, which used a linear activation function to generate the
predicted stock price. This combination allowed the hybrid model to
perform both spatial feature extraction and temporal sequence prediction
within a single unified structure.

Model training was conducted using the TensorFlow Keras framework.
The Adam optimizer was selected for its adaptive learning rate
adjustment and computational efficiency, with an initial learning rate of
0.001. The loss function was defined as Mean Squared Error (MSE),
expressed as

n
1
— 52
MSE = - E_l(yl Vi) (2)

y;denotes the actual stock price, y;represents the predicted price, and
nis the total number of observations. The model was trained for 100
epochs with a batch size of 32, and early stopping was implemented to
terminate training when the validation loss did not improve for 10
consecutive epochs. This technique helped prevent overfitting and
maintained model generalization. A baseline LSTM-only model was
trained under identical conditions to allow for fair performance
comparison.

To evaluate model performance, three quantitative metrics were
employed: Mean Squared Error (MSE), Mean Absolute Error (MAE), and
Root Mean Squared Error (RMSE). The MAE measures the average
magnitude of prediction errors and is calculated as

n
1
MAE == 13- 9: )
i=1

while the RMSE quantifies the standard deviation of prediction errors and
is given by
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1 n
= |— . — 15.)2 4
RMSE ”Z(yl 9 (4)

Together, these metrics provide a comprehensive assessment of both
model accuracy and prediction stability. In addition to statistical analysis,
visual evaluation methods were applied, including actual versus
predicted price plots, validation loss curves, and residual error
distributions. These visualization techniques were used to assess how
closely the model captured the overall price trends, to monitor
convergence behavior, and to detect potential prediction biases.

In summary, this methodology integrates structured data preprocessing,
advanced feature engineering, and hybrid deep learning design to
improve financial forecasting accuracy. The combination of convolutional
spatial analysis and recurrent temporal learning allows the CNN-LSTM
framework to model both short-term volatility and long-term market
behavior. The inclusion of quantitative and visual evaluations ensures a
rigorous analysis of the model’s forecasting performance, contributing to
the advancement of intelligent prediction systems in digital financial
analytics.

Hybrid CNN-LSTM Stock Market Prediction
Input:
Historical stock data D = {(x,v;)}}-,, window size L, learning rate n, batch size B,
maximum epochs E
Output:
Predicted stock price sequence 9,4
Process:
Start
Preprocessing:

Normalize each feature using Min—Max scaling:

' Xi = Xmin
Xp=——
Xmax — Xmin

Construct input—output sequences with window size L:
X = {[Xt—psr o X D= Y = Yesr Vit

Split data chronologically into training and testing subsets:
Dirain U Digst = D, | Dyginy 1= 0.8T

Feature Extraction (CNN):
Apply one-dimensional convolutional filters to extract spatial patterns:

B = o) + b7 k=12, K

Apply max-pooling to reduce dimensionality:
h® = MaxPool(h”, ...,h{")

Temporal Modeling (LSTM):
Feed h®into LSTM cells for sequential learning:
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ie = o(Wih” + Ugs_y + b))

fo = o(Wph® + Ups,_y + by)

0y = O-(VVOhEZ) + UoSt—1 + b,)
é = tanh(WChgz) +U.s;_1 +b.)

=i Oc1+i: O
s¢ = oy O tanh(c;)

Prediction Layer:
Generate predicted stock price using dense output layer:
Ver1 = WySe + by

Loss Function:
Compute Mean Squared Error (MSE) for optimization:

N
1
LW) =5 D (3= 902
i=1

Training Process:
Initialize weights Wand update parameters using the Adam optimizer:
Wew aLWw)
(_ — .
T "aw

Continue training until validation loss stabilizes or early stopping criteria are met.
Evaluation:
Evaluate the trained model using:

n
1
MAE =EZ Ly, — 9 |
i=1

RMSE =

Visualize model performance through actual—predicted plots, residual distributions,
and validation loss curves.
End

The results of this study reveal a detailed comparison between the
proposed Hybrid CNN-LSTM model and the baseline LSTM-only model
using Apple Inc. stock price data. Both models were trained on 80 percent
of the dataset and validated on the remaining 20 percent. Model
performance was assessed using three widely accepted forecasting
metrics: Mean Squared Error (MSE), Mean Absolute Error (MAE), and
Root Mean Squared Error (RMSE). The quantitative comparison of model
accuracy is presented in , which summarizes the evaluation
metrics for both architectures. The performance values indicate that both
models achieved strong predictive accuracy, with  RMSE values
remaining below 40. This demonstrates that both deep learning
frameworks were capable of learning the complex nonlinear patterns
inherent in stock price movements. The relatively low MSE and MAE
scores confirm that the models could generalize effectively without
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significant overfitting during the validation phase, suggesting that the data
preprocessing and parameter optimization strategies were appropriate
for this type of financial time-series data.

As summarized in Table 1, the LSTM-only model achieved slightly better
numerical results, with an MSE of 1406.21, MAE of 25.61, and RMSE of
37.50, compared to the CNN-LSTM model, which achieved an MSE of
1467.41, MAE of 27.20, and RMSE of 38.31. Although the numerical
differences were small, qualitative analysis of the prediction outputs
revealed that the CNN-LSTM architecture produced smoother and more
stable forecasts, especially during periods of high market volatility. This
improvement in forecast smoothness can be attributed to the role of the
convolutional layers, which were able to extract spatial dependencies
among technical indicators before the sequential learning process of the
LSTM component. Consequently, the hybrid model demonstrated
stronger resilience to noise and short-term fluctuations, providing a more
reliable representation of long-term market trends. These findings
suggest that the integration of convolutional and recurrent structures
enhances the model’s ability to balance short-term responsiveness with
long-term trend stability, which is particularly beneficial for digital financial
forecasting and investment decision-making applications.

Model performance comparison between CNN-LSTM and LSTM-only models.

Model MSE MAE RMSE
CNN-LSTM (Proposed) 1467.41 27.20 38.31
LSTM-only (Baseline) 1406.21 25.61 37.50

The comparative visualization of the actual and predicted stock prices is
presented in , Which illustrates the performance of both models
over the period from 2016 to 2025. The results clearly show that both the
LSTM-only and Hybrid CNN-LSTM models were able to capture the
overall upward trajectory of Apple Inc.’s stock price movements. The
LSTM-only model exhibited a higher degree of responsiveness to short-
term variations and daily price fluctuations, producing a prediction curve
that closely mirrored the real market data. This indicates that the recurrent
structure of the LSTM model effectively learned sequential dependencies
in the time series, allowing it to respond quickly to recent price changes.
However, this high sensitivity occasionally caused the model to overfit
local fluctuations, resulting in less stable forecasts when the market
experienced abrupt volatility or irregular price spikes.

In contrast, the Hybrid CNN-LSTM model generated smoother and more
consistent predictions throughout the entire testing period. The model
demonstrated an enhanced ability to filter out transient noise and irregular
patterns, which are common in financial time series. This smoothing
effect is particularly advantageous in the context of long-term stock trend
forecasting, where the primary goal is to identify the general market
direction rather than replicate every minor fluctuation. The convolutional
layers in the hybrid architecture appear to have played a key role in
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capturing spatial correlations among input features, such as relationships
between technical indicators and price movements, before passing this
information to the LSTM layers for temporal learning. As a result, the
CNN-LSTM achieved a stronger balance between adaptability and
stability, maintaining predictive accuracy even in volatile market periods.
These characteristics suggest that the hybrid model is better suited for
applications in digital financial forecasting and investment analytics,
where consistent trend identification and reduced noise sensitivity are
essential for informed decision-making.

- Actual Price
Predicted Price (CNN-LSTM)
«++ Predicted Price (LSTM-only)

200

Price (USD)

100

Y Sl ae

2016 2017 2018 2019 2020 2021 2022 2023 2024 2025
Date

Comparison of actual and predicted stock prices using CNN-LSTM and LSTM-
only models.

The learning behavior of both models was evaluated through the analysis
of their validation loss curves, as presented in . The figure
illustrates that both the LSTM-only and Hybrid CNN-LSTM models
demonstrated stable convergence patterns throughout the training
process, indicating effective learning and an absence of overfitting. The
validation loss values of both architectures gradually decreased across
epochs, suggesting that the models continuously improved their ability to
minimize prediction error as they processed more training data. The
LSTM-only model maintained slightly lower validation loss values during
the final training stages, which indicates that it achieved marginally better
optimization with respect to minimizing residual prediction errors. This
behavior reflects the model’s proficiency in capturing temporal
dependencies within the stock price data, which is one of the key
strengths of recurrent neural networks in time-series prediction tasks.
However, the LSTM-only model exhibited mild oscillations in its loss curve
during the early epochs, implying sensitivity to fluctuations in the learning
rate and limited robustness in the presence of short-term market
irregularities.

In comparison, the Hybrid CNN-LSTM model displayed a more consistent
and robust convergence trajectory after an initial adjustment phase.
During the early epochs, the model’s loss curve was slightly higher and
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more variable, which is typical when convolutional layers are used to
extract multidimensional features before the recurrent learning process
stabilizes. As training progressed, the CNN-LSTM model achieved a
smoother and more stable decline in loss, indicating that the integration
of convolutional and sequential layers allowed it to learn both spatial and
temporal patterns more effectively. This convergence behavior suggests
that the hybrid architecture requires additional training iterations to fully
optimize its feature extraction mechanism, but once stabilized, it
demonstrates stronger generalization and resilience to noisy data. The
gradual stabilization of validation loss values supports the conclusion that
the CNN-LSTM model was able to capture long-term dependencies while
avoiding overfitting, thereby achieving balanced performance in
predictive accuracy and model robustness.

0.036 CNN-LSTM Validation Loss

— LSTM-only Validation Loss
0.034

0.032
0.030

%]

n

9 0.028
0.026
0.024

0.022

0 2 4 6 8 10 12
Epochs

Validation loss comparison (MSE) between CNN-LSTM and LSTM-only
models.

To further assess the reliability and consistency of the Hybrid CNN-LSTM
model, the residual error distribution was examined, as illustrated in

. The residuals, defined as the differences between the actual and
predicted stock prices, provide valuable insight into the accuracy and
potential bias of the model’s predictions. The distribution pattern revealed
that the majority of residuals were concentrated near zero, indicating that
the model’s predictions were closely aligned with the observed stock
prices. The slight positive skew in the residuals suggests that the model
tended to underpredict during sudden and sharp increases in stock price
values, a common behavior in time-series models that rely on past
information to forecast future values. Despite these minor deviations, the
residual variance remained small, signifying that the CNN-LSTM model
produced stable and consistent predictions across both training and
testing periods. This consistency implies that the model was not overly
influenced by extreme market events or outlier data points, a crucial
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characteristic for financial forecasting applications where robustness is
essential.

Moreover, the relatively narrow and nearly symmetric shape of the
residual distribution confirms that the prediction errors were well balanced
around the mean, indicating minimal systematic bias. The limited spread
of residual values demonstrates that the hybrid CNN-LSTM model was
capable of maintaining uniform predictive accuracy across various market
conditions, including both upward and downward price movements. This
balanced distribution of errors suggests that the model generalizes
effectively to unseen data, capturing the underlying trends in the financial
time series while avoiding overfitting to short-term noise. The statistical
stability observed in the residual analysis reinforces the earlier
conclusions drawn from the validation loss curves, emphasizing that the
hybrid model is capable of producing reliable forecasts even when faced
with the high volatility and uncertainty inherent in stock market data.
Overall, the residual evaluation provides further evidence that the CNN-
LSTM framework achieves an optimal trade-off between precision and
generalization, making it a dependable tool for digital financial forecasting
and market behavior analysis.

300
250 ||

200 | ]

100

50

0 20 40 60 80 100
Error (USD)

Residual distribution of the CNN-LSTM model.

Overall, the results indicate that both the CNN-LSTM and LSTM-only
models can effectively model the complex, nonlinear nature of stock
market behavior. The LSTM-only model achieved slightly lower error
metrics, but the Hybrid CNN-LSTM demonstrated better stability,
smoother trend representation, and stronger resilience to short-term
volatility. These findings validate the advantage of combining
convolutional and recurrent architectures, where convolutional layers
capture spatial dependencies among technical indicators and LSTM
layers model temporal dependencies over time. This hybrid framework
therefore provides a reliable and interpretable approach for financial
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forecasting, particularly in digital market environments where both
accuracy and stability are crucial for informed decision-making.

The findings of this study reveal that both the LSTM-only and Hybrid
CNN-LSTM models effectively captured the nonlinear and highly
dynamic characteristics of stock market movements , . Both
models demonstrated strong predictive performance, with low error
metrics indicating reliable forecasting capability. The LSTM-only model
achieved slightly lower numerical error values, suggesting a stronger
ability to adapt to short-term fluctuations in price movements. However,
the Hybrid CNN-LSTM model exhibited enhanced learning stability and
smoother prediction outputs, which are particularly important for long-
term forecasting , . The integration of convolutional layers allowed
the hybrid model to identify spatial dependencies among input variables,
such as relationships between technical indicators, before processing
them temporally through LSTM layers , . This feature extraction
mechanism helped reduce the influence of random noise and short-term
volatility, resulting in more consistent and interpretable prediction trends

, . The overall convergence behavior of the Hybrid CNN-LSTM
model further demonstrated that it was able to achieve strong
generalization performance while avoiding overfitting, a key requirement
for financial prediction models that are expected to operate under
continuously changing market conditions ,

The observed performance patterns indicate that the Hybrid CNN-LSTM
framework offers a more balanced approach to financial time-series
prediction compared to the LSTM-only model. While the LSTM-only
model provided slightly more precise numerical forecasts, the hybrid
model’s smoother and less volatile predictions suggest better
generalization to unseen data , . The residual analysis supports
this conclusion, showing that most prediction errors were concentrated
near zero, indicating a stable and unbiased prediction process. The
relatively narrow residual distribution implies that the Hybrid CNN-LSTM
model maintained consistent accuracy over time, even during market
fluctuations. Furthermore, the hybrid model demonstrated an ability to
adapt effectively during training, as indicated by the stable reduction in
validation loss after initial fluctuations. This adaptive learning behavior
suggests that the convolutional component of the hybrid model
contributed to improved feature representation, allowing the system to
capture both local and long-term dependencies in stock price data :

, . The results confirm that hybridizing spatial and temporal
learning processes can improve the robustness and reliability of stock
price forecasting ,

Beyond the quantitative performance improvements, the outcomes of this
research have meaningful implications for digital market forecasting and
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financial analytics. The ability of the Hybrid CNN-LSTM model to produce
smoother and more stable forecasts makes it particularly useful for long-
term investment planning and strategic financial decision-making, where
prediction stability can be an important consideration alongside short-
term precision , . In the context of digital finance, where
automated trading systems and portfolio management platforms rely on
real-time analytics, the hybrid model’s robustness and low bias provide a
potential foundation for building predictive systems that can adapt to
changing market behavior. The findings also open several avenues for
future research. Expanding the model to include additional input
variables, such as macroeconomic indicators, market sentiment data, or
blockchain-based transaction patterns, could enhance its predictive
accuracy and generalization . Furthermore, future studies could
explore the incorporation of attention-based mechanisms to enable the
model to identify and prioritize the most influential features and time
periods , . In summary, the results of this study demonstrate that
the Hybrid CNN-LSTM architecture not only performs with competitive
accuracy but can also provide improved stability and generalization,
making it a promising approach for financial forecasting applications in
digital market environments , ,

This study concludes that deep learning architectures are highly effective
in modeling the nonlinear and volatile characteristics of financial time-
series data, particularly in the context of stock market forecasting. Both
the LSTM-only and Hybrid CNN-LSTM models produced accurate
predictions of Apple Inc. stock prices, demonstrating strong
generalization and stable learning performance. Although the LSTM-only
model achieved slightly lower error metrics, the Hybrid CNN-LSTM model
showed a more consistent learning pattern, smoother forecast
trajectories, and greater resilience to market noise and short-term
fluctuations. The combination of convolutional layers for spatial feature
extraction and LSTM layers for temporal sequence modeling enabled the
hybrid framework to capture complex dependencies in the data more
efficiently. This structural synergy resulted in enhanced forecasting
stability, which is particularly valuable for long-term financial analysis and
strategic decision-making in digital market environments. The narrow and
balanced residual distribution confirmed that the hybrid model-maintained
prediction reliability across different market conditions, reinforcing its
robustness as a forecasting tool. While these results are promising, future
studies could improve model performance by integrating additional data
sources such as macroeconomic indicators, sentiment analysis, or
blockchain-based transaction data. Furthermore, exploring attention-
based or Transformer-based deep learning architectures may enhance
interpretability and adaptability. Overall, the findings of this study highlight
that the Hybrid CNN-LSTM framework not only achieves competitive
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predictive accuracy but also provides superior stability and
generalization, making it a practical and dependable approach for
financial forecasting and digital market analytics.
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