
Comparative Study on Stock Movement Prediction Using Hybrid Deep Learning Model 531

ECTI Transactions on Computer and Information Technology
Journal homepage: https://ph01.tci-thaijo.org/index.php/ecticit/

Published by the ECTI Association, Thailand, ISSN: 2286-9131

Comparative Study on Stock Movement Prediction Using
Hybrid Deep Learning Model

Neny Sulistianingsih1 and Galih Hendro Martono2

ABSTRACT Article information:
Applying machine learning techniques in stock market prediction has
evolved signi�cantly, with deep learning methodologies gaining promi-
nence. Conventional algorithms such as Linear Regression and Neural
Networks initially dominated but struggled to capture complex temporal
dependencies in �nancial data. Recent research has explored deep learn-
ing architectures like LSTM and CNN and hybrids such as CNN-LSTM
and LSTM-CNN, showcasing promising results. However, there's a gap in
research comparing these models across di�erent datasets, particularly in
predicting stock movements. This study addresses this gap by conducting
a comparative analysis of deep learning and hybrid models for stock move-
ment prediction in the Indonesian banking sector. The evaluation based on
RMSE and MAE reveals that the LSTM-CNN hybrid consistently outper-
forms other models, showcasing its versatility and accuracy across di�erent
data characteristics. Then, exploration through hyperparameter tuning
demonstrates the criticality of parameter selection in optimizing model
performance. These �ndings contribute to advancing predictive modeling
in �nancial markets, o�ering valuable insights for investors, analysts, and
policymakers. Further research in hyperparameter tuning and model op-
timization holds promise for enhancing accuracy and reliability in stock
price prediction.
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1. INTRODUCTION

Applying machine learning techniques in stock
market prediction has signi�cantly evolved, particu-
larly with deep learning methodologies. Initially, con-
ventional machine learning algorithms such as Linear
Regression, Decision Trees, Support Vector Machines
(SVM), and Neural Networks were predominantly
utilized. These algorithms demonstrated promising
results by capturing linear and non-linear relation-
ships within �nancial data. For instance, [1]�[5] eval-
uated various machine learning algorithms, including
linear regression, decision trees, SVM, and ensemble
methods, highlighting their e�ectiveness in predicting
stock prices. Few researchers speci�cally used ma-
chine learning, such as Random Forest [6] and vector
machine [7]. However, despite their success, these
conventional machine learning methods often strug-
gled to capture complex temporal dependencies and
patterns inherent in �nancial time series data.

In recent years, there has been a growing interest in
leveraging deep learning architectures for stock mar-
ket prediction, which can automatically learn hierar-
chical representations of data. Research conducted
by [8], [9] used ANN [8], DNN and RNN models [4],
[9], [10]. Research by [11] proposed a novel approach
for stock market prediction based on Twitter senti-
ment extraction using a BiLSTM-Attention model,
which outperformed traditional methods in terms of
Root Mean Squared Error (RMSE). Similarly, [12] ex-
plored the use of real-time Twitter data and sentiment
analysis (SA) in predicting stock market movements
using machine learning techniques, underscoring the
potential of social media data in enhancing prediction
accuracy. Furthermore, [13] conducted a compara-
tive analysis of various machine learning algorithms,
including neural networks, SVM, Naive Bayes, CNN,
and deep learning, shedding light on the e�ectiveness
and drawbacks of these methods in forecasting stock
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patterns.

Furthermore, Hybrid deep learning models,
such as Convolutional Neural Network-Long Short-
Term Memory (CNN-LSTM) [14]–[16] and Long
Short-Term Memory-Convolutional Neural Network
(LSTM-CNN) [17], [18], have emerged as powerful
alternatives. These models combine the strengths of
convolutional neural networks (CNNs) for feature ex-
traction and long short-term memory (LSTM) net-
works for sequence modeling.

The application of deep learning and hybrid
deep learning methodologies in various domains has
demonstrated significant success in tasks such as fault
[14] and phishing [17] detection, medical area [15],
[16], and power flow [18] prediction. However, there is
a noticeable gap in the literature concerning their ap-
plication in stock movement prediction, particularly
in financial markets. While there have been stud-
ies focusing on conventional machine learning tech-
niques for stock prediction, such as linear regression
and neural networks, there is a lack of comprehensive
research comparing the efficacy of deep learning and
hybrid deep learning approaches.

Furthermore, the existing literature primarily fo-
cuses on the performance evaluation of individual
models, such as LSTM, CNN, and their hybrids,
in specific domains. Studies that systematically
compare these models’ performance across different
datasets and application scenarios, particularly in
predicting stock movements, are scarce. Addition-
ally, studies address these models’ practical imple-
mentation and scalability, hindering their adoption
in real-world financial applications.

This research seeks to bridge this gap by conduct-
ing a comparative study on stock movement predic-
tion utilizing deep learning and hybrid deep learning
approaches. Specifically, the research aims to achieve
the following objectives:

1. Compare the performance of deep learning models,
including LSTM, CNN, MLP, and their hybrids in
predicting stock movements across multiple bank-
ing stocks in Indonesia.

2. The research searched for the optimal parameters
for the best-performing hybrid method in predic-
tion.

3. Identify the limitations and challenges associated
with each model, such as overfitting, dataset size,
and external factors, and explore opportunities
for improvement and optimization. Additionally,
it provides insights into the strengths and weak-
nesses of different deep learning and hybrid deep
learning approaches for stock movement predic-
tion, aiming to enhance understanding among re-
searchers, practitioners, and stakeholders in the
financial sector.

By fulfilling these objectives, this research aims to
contribute to advancing predictive modeling in fi-
nancial markets and provide valuable insights for in-

vestors, financial analysts, and policymakers.
The remaining part of this paper is organized, such

as the related work (Chapter 2), which reviews prior
studies, emphasizing their relevance to the identi-
fied gap. The proposed research methodology (Chap-
ter 3) is outlined, which involves evaluating various
deep learning models, including LSTM, CNN, and
hybrids like CNN-LSTM and LSTM-CNN, against
conventional machine learning techniques like MLP.
Subsequently, Chapter 4 presents the results and
discussions, analyzing the performance of the pro-
posed models across multiple banking stocks. Finally,
Chapter 5 encapsulates the findings in conclusion,
emphasizing the significance of the research in ad-
vancing predictive modeling in financial markets and
providing actionable insights for investors, financial
analysts, and policymakers.

2. RELATED WORK

The literature review within the publication of-
fers a comprehensive examination of the methodolo-
gies employed in stock market prediction using ma-
chine learning and sentiment analysis techniques. Re-
search conducted by [19] explored the integration
of machine learning and sentiment analysis, mainly
through analyzing tweets related to stocks, identify-
ing the ARIMA model as the most accurate for stock
price prediction. This study underscores the histor-
ical evolution of stock markets and the transition to
Intelligent Trading Systems driven by technological
advancements. Building upon this, [11] proposed a
model incorporating sentiment analysis from financial
tweets for stock price prediction, utilizing a Bidirec-
tional Long Short-Term Memory (BiLSTM) architec-
ture. They emphasized integrating social media data
into stock movement prediction, especially from plat-
forms like Twitter. However, despite these advance-
ments, there remains a gap in understanding these
models’ practical implementation considerations and
scalability assessments.

In parallel, [1] introduced an AI-based stock mar-
ket prediction system utilizing various machine learn-
ing algorithms, challenging the Efficient Market Hy-
pothesis and highlighting the diversity of method-
ologies employed for stock market prediction. Sim-
ilarly, [13] extended sentiment analysis to stock
market-related lexicons with the StockSentiWordNet
(SSWN) model, emphasizing the need for more ro-
bust prediction models to capture market dynamics.
These studies collectively underline the growing im-
portance of incorporating diverse data sources and
advanced algorithms in enhancing predictive accu-
racy. However, gaps persist in addressing the ethical
implications and unintended consequences of deploy-
ing such models in financial markets.

Transitioning to deep learning techniques, [16]
focused on corona fault detection in metal-clad
switchgear, highlighting the need for preventing elec-
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Table 1: State-of-the-art research using Hybrid Deep Learning.

trical stress buildup with the hybrid model demon-
strating superior accuracy. Research conducted by
[14] shifted the focus to predicting electrical machine
failures using a hybrid CNN-LSTM attention-based
model, while [15] concentrated on COVID-19 detec-
tion using acoustic sound data with the CNN-LSTM
approach. Research by [17] proposed a phishing de-
tection system utilizing CNN, LSTM, and LSTM-
CNN, showcasing the efficacy of deep learning across
various domains. Lastly, [18] uses LSTM-CNN and
CNN-LSTM to predict the high-voltage submet of
Northeast Germany. The hybrid method has higher
accuracy than single model algorithms, but it still has
the challenge of finding the optimal configuration for
the structure of the models.

However, despite the advancements in deep learn-
ing methodologies, gaps remain in practical im-
plementation considerations, scalability assessments,
and ethical implications, necessitating further re-
search to address these aspects comprehensively.
Hence, this comparative study aims to bridge these
gaps by evaluating deep learning and hybrid deep
learning approaches in stock movement prediction,
thereby contributing to a deeper understanding of
their effectiveness and applicability in financial mar-
kets. Table 1 shows state-of-the-art research using
hybrid deep learning.

3. METHODOLOGY

The research process in this study consists of sev-
eral stages, including data collection of stock data

Fig.1: Research Methodology.

from multiple banks in Indonesia from Yahoo! Fi-
nance, data preprocessing, and predictive model de-
velopment. The predictive models used in this study
include various hybrid models of deep learning mod-
els such as CNN, LSTM, and Multi-Layer Perceptron
(MLP). Additionally, these deep learning models will
also serve as benchmarks. Evaluation is conducted
on the deep learning and hybrid deep learning mod-
els. Finally, for the best-performing predictive model
based on the evaluation results, a hyperparameter
tuning process will be conducted to find the optimal
parameters for each dataset. Figure 1 illustrates the
research methodology employed in this study.
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3.1 Data Collection

The research utilizes a dataset encompassing
the stock movements of several banks in Indonesia
sourced from Yahoo! Finance. It spans from January
1, 2015, to April 1, 2024. The dataset comprises var-
ious variables: Open, High, Low, Close, Adj Close,
and Volume. These variables depict different aspects
of stock performance. Open refers to the opening
price of a stock on a particular day; High and Low
represent the highest and lowest prices reached dur-
ing the trading day, respectively. Close signifies the
closing price of the stock for the day. Adj Close ad-
justs the closing price for factors such as dividends
and stock splits, providing a more accurate reflection
of the stock’s value. Lastly, Volume denotes the total
number of shares traded on a given day. These vari-
ables collectively offer a comprehensive view of the
stock market dynamics, enabling researchers to ana-
lyze trends, volatility, and other pertinent aspects of
stock behavior over the specified period.

3.2 Data Normalization

In data normalization, several steps are typically
undertaken to prepare the data for modeling. Firstly,
the dataset is often filtered to include only the rele-
vant features or columns. In this research, the Close
variable is selected, as it presumably represents the
closing prices of the stocks. Then, the data undergoes
conversion into a format commonly used for data ma-
nipulation and analysis. This transformation is inte-
gral to preparing the data for further processing and
analysis tasks. Subsequently, the dataset is scaled
using a technique called Min-Max scaling. It trans-
forms the data to a specific range, usually between 0
and 1, making it suitable for various machine-learning
algorithms. This scaling ensures that all features con-
tribute equally to the analysis and prevents features
with larger scales from dominating the model. The
formula for Min-Max scaling is as follows [20].

Xscaled =
X −Xmin

Xmax −Xmin
(1)

In the Eq. 1 variable, X is the original value, while
Xmin is the minimum value of X in the dataset, and
Xmax is the maximum value of X in the dataset. Af-
ter scaling, the data is split into training and test-
ing sets. Finally, the input data for the model is
reshaped into a 3D array, as many machine learning
models, particularly neural networks, require input
data to be in this format, with dimensions represent-
ing samples, time steps, and features, respectively.
This preprocessing ensures the data is appropriately
formatted and scaled to train the machine learning
model effectively.

3.3 Hybrid Deep Learning Model

A. LSTM Model

Long Short-Term Memory (LSTM) is a recurrent
neural network (RNN) architecture type. LSTMs are
particularly suited for sequential data modeling due
to their ability to retain information over long periods
and the highest prediction result compared to other
models [4], [5].

LSTMs are designed to address the vanishing gra-
dient problem in traditional RNNs [10]. It occurs
when the gradients diminish as they propagate back-
ward, challenging learning long-term dependencies.
The critical innovation of LSTMs lies in their gat-
ing mechanisms, including input, forget, and output
gates, which regulate the flow of information within
the network. These gates selectively update and erase
data from the cell state, enabling LSTMs to remem-
ber or forget information over time. Figure 2 shows
the architecture of the LSTM model.

Fig.2: LSTM Architecture [18], [21].

The operations within an LSTM cell can be expressed
as follows: [10], [16], [21].

ft = σg(Wf .[ht−1, xt] + bf (2)

it = σg(Wi.[ht−1, xt] + bi (3)

C̃t = tanh(Wc.[ht−1, xt] + bC (4)

Ct = ft ∗ Ct−1 + it ∗ C̃t (5)

ot = σg(Wo.[ht−1, xt] + bo (6)

ht = ot ∗ tanh(CT ) (7)

Where ft, it, and ot are the forget, input, and out-
put gate vectors, respectively, C̃t is the candidate
cell state, Ct is the cell state, ht is the hidden
state/output, σg is the sigmoid activation function,
Wf , Wi, WC , WO, are weight matrices, bf , bi, bC , bO
are bias vectors and [ht−1, xt] denotes the concate-
nation of the previous hidden state and the current
input.

LSTMs are powerful tools for modeling sequen-
tial data like stock prices because they capture long-
term dependencies and mitigate the vanishing gradi-
ent problem inherent in traditional RNNs. Through
the intricate interplay of their gating mechanisms,
LSTMs can effectively learn and leverage temporal
patterns in the data, making them well-suited for
time series forecasting tasks like stock price predic-
tion.
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B. CNN Model
Convolutional Neural Networks (CNNs) are

renowned for their effectiveness in processing two-
dimensional grid-based data like images and videos
[18], [22], surpassing traditional neural networks in
handling time-delayed data due to shared temporal
weights, reducing computational complexity. The
workflow involves steps such as fetching labeled train-
ing data, splitting it randomly into train and test
sets, constructing the CNN architecture, incorporat-
ing max-pooling layers after each convolution to dis-
till essential features, applying dropout regularization
to prevent overfitting, and using a sigmoid function
for classification [17]. CNNs are versatile, excelling
in image analysis and learning abstract features from
sequence data with multiple variables, making them
suitable for various prediction tasks.

In a typical CNN model, layers like convolutional,
pooling, flattening, and fully connected layers collec-
tively serve crucial functions in processing input data.
The convolutional layer extracts features through
sliding windows and weight sharing, capturing spatial
hierarchies of features. Following this, the pooling
layer reduces dimensionality and selects salient fea-
tures from the feature maps produced. The flattening
layer transforms these multidimensional feature maps
into one-dimensional vectors, maintaining spatial in-
formation for further processing. Finally, the fully
connected layers facilitate inter-layer neuron connec-
tions, integrating extracted features to make final pre-
dictions or classifications. These layers collaborate
to extract meaningful features, reduce dimensional-
ity, and enable adequate information flow within the
CNN model. Figure 3 shows the architecture of the
CNN model.

Fig.3: CNN Architecture [18].

C. CNN-LSTM Hybrid Model
The concept of a hybrid CNN-LSTM model in-

volves combining Convolutional Neural Networks
(CNNs) and Long Short-Term Memory (LSTM) net-
works to leverage the strengths of both architectures
for sequential data analysis. In the provided code,
the CNN layers are utilized initially to extract spatial
features from the input data. The first Conv1D layer
applies 1-dimensional convolution with specific filters
and kernel size, followed by an activation function
to capture essential patterns in the sequential data.
Subsequently, another Conv1D layer with filters and
a similar kernel size further refines the learned fea-
tures. After the convolutional layers, an LSTM layer

is introduced to capture the data’s temporal depen-
dencies and long-term patterns. The LSTM layer op-
erates sequence-to-one, which generates output based
on the entire sequence input. This layer enhances
the model’s ability to understand sequential depen-
dencies and predict future values. Finally, a Dense
layer with one unit is added for regression tasks, pre-
dicting a single output value. The model is compiled
for training. During training, the model is fitted to
the training data, allowing the model to learn the op-
timal parameters to minimize the loss function and
make accurate predictions. Overall, the hybrid CNN-
LSTM model integrates spatial and temporal infor-
mation effectively, making it suitable for sequential
data analysis tasks such as time series forecasting or
natural language processing. The Pseudo code of the
Hybrid CNN-LSTM model is seen below.

D. LSTM-CNN Hybrid Model

The research demonstrates the construction of a
hybrid LSTM-CNN model. The hybrid LSTM-CNN
model combines the strengths of Convolutional Neu-
ral Networks (CNN) and Long Short-Term Mem-
ory (LSTM) networks for sequence data processing.
LSTM layers are strategically positioned in this ar-
chitecture before and after the convolutional layers.
The LSTM layer preceding the convolutional layers
enables the model to capture temporal dependencies
within the input sequence data. Subsequently, the
Convolutional layers extract spatial features from the
temporal data representation produced by the LSTM
layer. By integrating LSTM and CNN layers, the
model can effectively learn temporal and spatial fea-
tures from the input sequence data. Finally, a Dense
layer is employed to perform the output prediction
task. The model is compiled using the Adam opti-
mizer and the mean squared error loss function. Dur-
ing training, the model is fitted to the training data
with a specified batch size and number of epochs,
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allowing it to learn the underlying patterns and re-
lationships within the input sequence data. Through
this hybrid architecture, the model can leverage the
complementary strengths of LSTM and CNN layers
to achieve improved performance in tasks involving
sequential data analysis and prediction—The Pseudo
code of the hybrid LSTM-CNN model is seen below.

3.4 Evaluation

The evaluation metrics utilized in this study are
Root Mean Squared Error (RMSE) and Mean Abso-
lute Error (MAE) to assess the performance model
in this research. RMSE measures the average magni-
tude of the errors between predicted and actual val-
ues, providing insight into the model’s accuracy [19].
It is calculated by taking the square root of the mean
of the squared differences between predicted and ac-
tual values [1], [2]—the formula for RMSE is below
[2], [8], [10].

RMSE =

√√√√ 1

n

n∑
i=1

(yi − ŷi)2 (8)

Where n is the number of observations, yi is the ac-
tual value, and ŷi is the predicted value.

Conversely, MAE measures the average magni-
tude of the errors without considering their direction,
providing a more robust indication of model perfor-
mance. It is calculated by taking the mean of the ab-
solute differences between predicted and actual values
[23]. The formula for MAE is as bellow [10], [18].

MAE =
1

n

n∑
i=1

|yi − ŷi| (9)

A good model is characterized by low values of
RMSE and MAE, indicating minimal error between
predicted and actual values. Lower values of RMSE

and MAE signify higher predictive accuracy and bet-
ter model performance. Therefore, in this study, the
model with the lowest RMSE and MAE values would
be considered the most effective in accurately predict-
ing the target variable.

3.5 Hyperparameter tuning

Hyperparameter tuning is crucial to optimizing
machine learning models to find the best set of hy-
perparameters that maximize performance. Hyper-
parameter tuning aims to explore various combina-
tions of hyperparameters to enhance the model’s pre-
dictive capability. The hyperparameters considered
for tuning include the number of filters in the CNN
layers, kernel size, number of LSTM units, optimizer,
and batch size.

A random search approach is employed to search
for the optimal hyperparameters systematically.
Random search randomly samples from the prede-
fined hyperparameter space, consisting of different
values for each hyperparameter. Each iteration ran-
domly chooses a set of hyperparameters from the pa-
rameter space. Subsequently, the model is built using
the selected hyperparameters, trained on the train-
ing data, and evaluated using a predefined evaluation
metric, which in this case is MAE. MAE measures the
average absolute difference between predicted and ac-
tual values, providing a quantitative measure of pre-
diction accuracy.

The random search continues for a specified num-
ber of iterations, during which the model’s perfor-
mance is evaluated for each set of randomly selected
hyperparameters. The process aims to identify the
hyperparameters that yield the lowest MAE, indica-
tive of the best model performance. Once the spec-
ified number of iterations is completed, the best-
performing set of hyperparameters and the corre-
sponding MAE value are reported. This approach
enables efficient exploration of the hyperparameter
space and facilitates the selection of optimal hyper-
parameters for the best model, ultimately enhancing
its predictive accuracy.

4. RESULT AND DISCUSSION

Analyzing the stock data from eight Indonesian
banks further demonstrates the relevance of applying
predictive models like CNN, LSTM, and their hybrid
combinations to forecast stock prices. The price trend
analysis shows varied patterns across different banks.
For instance, the adjusted closing price exhibits con-
sistent upward movement for some banks, with minor
fluctuations, as seen in the first few charts. In these
cases, the Moving Averages (MA) of 10 and 50 days
provide clear bullish signals, indicating steady market
confidence in those banks. In some cases, there are
observable crossovers between MA 10 and MA 50, sig-
nifying potential shifts in momentum either upwards
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or sideways. The less volatile stock prices correlate
with banks with a relatively stable business environ-
ment and may exhibit more predictable growth pat-
terns.

In contrast, certain banks show more volatility, as
the later charts show. In these cases, the price fluc-
tuations and the frequent crossovers between MA 10
and MA 50 days indicate more unstable market con-
ditions. These stocks have experienced sharp declines
and rapid recoveries, reflecting more complex eco-
nomic factors affecting these banks. Such volatility
would require more sophisticated models to capture
the nuances of stock price movement, which might ex-
plain the efficacy of hybrid models like CNN-LSTM or
LSTM-CNN in predicting such data. Figure 4 shows
stock prices (Adjusted Close) and moving averages

(MA) for the dataset used over different periods.

The data used in this analysis consists of stock
data from 8 banks in Indonesia. For each company,
95% of the data is allocated for training, while the
remaining 5% is used for testing. Although the per-
centage of testing data is relatively low, this decision
was made to maximize the data available for train-
ing, considering the importance of training the model
with a larger dataset to improve prediction accuracy.
However, it is acknowledged that the smaller percent-
age of testing data might not be sufficient to evalu-
ate the model’s robust performance. Therefore, the
model evaluation is conducted by calculating RMSE
and MAE metrics to assess the performance of differ-
ent prediction models. The models utilized include
LSTM, CNN, and MLP, as well as hybrid combina-

Fig.4: Stock Prices (Adjusted Close) along with Moving Averages (MA) over Different Time Periods.
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tions such as CNN-LSTM and LSTM-CNN.

Additionally, other hybrid deep learning models
like CNN-MLP and LSTM-MLP are employed as pre-
diction models to analyze their impact on the pre-
diction process and compare them with other hy-
brid models. The RMSE and MAE values are pre-
sented for each model configuration, including the
standalone LSTM, CNN, and MLP models and the
hybrid models that combine these different architec-
tures. The layer structure of the model used in this
research can be seen in Table 3.

This analysis aims to identify the model configu-
ration that yields the lowest RMSE and MAE val-
ues, indicating superior predictive accuracy. Lower
RMSE and MAE values reflect better model perfor-
mance by demonstrating more minor errors between
predicted and actual values. Consequently, the model
with the lowest RMSE and MAE values is deemed
most effective for accurately forecasting stock prices.
The evaluation of various model configurations facil-
itates the selection of the optimal prediction model
for each company, thereby improving decision-making
and forecasting capabilities in financial markets.

Additionally, it is essential to note that the fore-
casting horizon of the model is designed for single-
day predictions. The statement is evidenced by the
fact that the RMSE and MAE metrics are computed
based on daily stock data, highlighting that the model
is intended for day-to-day forecasting rather than
longer-term projections.

One of the outputs from the prediction model is the
prediction result graph. An example of the predic-
tion result output using the hybrid CNN-LSTM can
be seen in Figure 5. The graph analysis illustrates
predictions for stock prices over the past ten years
(2015-2024) and forecasts for the next year, 2024.
The blue line depicts Historical stock prices, repre-
senting the average stock price over the last decade.
From 2015 to 2020, the stock price exhibited a steady
upward trend. However, in 2020, there was a signifi-
cant decline in stock prices. Subsequently, from 2021
to 2022, the stock prices resumed their upward tra-
jectory. In 2023, there was a slight downturn in stock
prices. The green line represents predictions for fu-
ture stock prices, showing an upward trend over the
next five years. By 2024, the predicted stock price
is expected to reach USD 7,000. This analysis pro-
vides insights into the historical trends and future
projections of stock prices, aiding investors in mak-
ing informed decisions regarding their investments.

In Table 3, the columns represent different types
of hybrid deep learning models used for stock predic-
tion, including LSTM, CNN, MLP (Multi-layer Per-
ceptron), CNN-LSTM, LSTM-CNN, CNN-MLP, and
LSTM-MLP. Each cell in the table corresponds to the
Root Mean Squared Error (RMSE) value obtained for
the respective model in predicting the stock prices
of various banks. In the analysis of experiments 1

through 8, represented by the number of lines (No.),
different hybrid deep learning models were evaluated
for stock price prediction, including LSTM, CNN, and
MLP, and their hybrid combinations in various bank
datasets.

In Table 4, similar to Table 3, the columns rep-
resent different hybrid deep learning models. At
the same time, each cell contains the Mean Abso-
lute Error (MAE) value obtained for the correspond-
ing model in predicting the stock prices of various
banks. The RMSE and MAE values presented in Ta-
bles 4 and 5 are calculated based on the testing period
rather than the training period. The models were
evaluated using the test dataset to provide a realistic
assessment of their predictive performance on unseen
data. The calculations for RMSE and MAE involved
reversing the scaling on the predictions and actual
test data, ensuring that the error metrics reflect the
true differences between predicted and actual stock
prices.

Fig.5: Example of Hybrid CNN-LSTM Prediction
Graph.

The evaluation based on RMSE, detailed in Ta-
ble 3, highlights the performance of various mod-
els across different banks. For instance, in experi-
ment 1, characterized by high volatility, the LSTM-
CNN model outperformed others by capturing intri-
cate patterns effectively. The result demonstrates the
model’s adaptability to data complexities, which is
particularly suited for banks facing similar market
conditions. When considering the characteristics of
the data for each bank, it becomes evident that spe-
cific models exhibit more consistent performance than
others. For instance, banks such as scenarios 1, 2,
and 3, which likely possess more complex and volatile
stock data, consistently benefit from the LSTM-CNN
hybrid model, showcasing its ability to effectively cap-
ture the intricate patterns inherent in such data sets.

Conversely, experiments 5 and 8, which may have
relatively more predictable stock data, also demon-
strate favorable outcomes with the LSTM-CNN hy-
brid model, indicating its versatility across different
data characteristics. Notably, experiment 7, charac-
terized by minimal variability in its data, shows con-
sistent results across models, with the CNN model
standing out in terms of RMSE. The result suggests
simpler models suffice for banks with less volatile
stock data. Overall, the analysis underscores the im-
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portance of tailoring model selection to the specific
characteristics of each bank’s data, ensuring optimal
performance in stock prediction tasks.

Similarly, the evaluation based on MAE presented
in Table 4 offers additional insights into model per-
formance, particularly concerning the absolute errors
in predictions across different banks. When consid-
ering the data characteristics of each bank, a similar
pattern emerges, with the LSTM-CNN hybrid model
consistently outperforming other models in minimiz-
ing absolute errors for banks such as experiments 1, 2,
and 3. The result reaffirms the versatility and effec-
tiveness of the LSTM-CNN architecture in handling
diverse data sets with varying levels of complexity.
Moreover, for banks like experiments 5 and 8, the
LSTM-CNN hybrid model again stands out, indicat-
ing its ability to accurately predict stock prices while
minimizing absolute errors, even in the case of rel-
atively more predictable data. Conversely, simpler
models like the CNN model may suffice for banks with
minimal data variability, such as experiment 7, as re-
flected in their consistent performance across models.
Overall, the analysis emphasizes the importance of
considering the unique characteristics of each bank’s
data when selecting the most suitable model for stock
prediction, ensuring optimal accuracy and reliability
in real-world applications.

Furthermore, after the best hybrid model, LSTM-
CNN was identified in the previous experiment, the
next step to determine the best parameter using hy-
perparameter tuning was conducted. The provided
results, as shown in Table 6, depict the performance
of the LSTM-CNN hybrid model across a range of hy-
perparameter configurations, encompassing the num-
ber of filters, kernel size, LSTM units, optimizer,
and batch size, evaluated through MAE and RMSE.
Upon scrutiny and comparison, several vital insights
emerge.

Based on the analysis of the performance evalua-
tion results measured using RMSE and MAE, both
metrics demonstrate good consistency in evaluating
the performance of various hybrid deep learning mod-
els. In the RMSE table, the LSTM-CNN model
consistently yields lower RMSE values than other
models, especially in experiments 1 through 4 and
7. The results indicate that the models have stable
predictive performance and can predict with mini-
mal error. Conversely, models like CNN, MLP, and
other hybrids such as CNN-LSTM, CNN-MLP, and
LSTM-MLP tend to have high RMSE values (around
1.000) in almost all experiments. The result also sug-
gests that these models are less capable of capturing
data patterns as effectively as the LSTM-CNN hybrid
model.

Table 2: The Prediction Model’s Layer Structure.

Table 3: Performance evaluation based on RMSE using a Hybrid Deep Learning Model.
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Table 4: Performance Evaluation based on MAE using Hybrid Deep Learning Model.

RMSE values vary in experiments 5, 6, and 8,
where models such as CNN-MLP and LSTM-MLP
show slightly lower RMSE values than CNN and
MLP models but still do not perform as reliably as
LSTM-CNN. The result reflects the possibility that
the data characteristics used in these experiments
may be more volatile or difficult to predict.

In the MAE table, a similar pattern is observed.
The LSTM-CNN model again shows lower and con-
sistent MAE values, particularly in experiments 1
through 4 and 7. The result confirms that the model
has a reliable prediction capability with minimal er-
ror. Conversely, CNN, MLP, and other hybrid vari-
ants frequently produce high MAE values (around
1.000), indicating that these models have poor pre-
dictive performance.

The consistency of the LSTM-CNN model in pro-
ducing low RMSE and MAE values suggests that
both metrics are reliable tools for assessing the perfor-
mance of predictive models, especially for more com-
plex models like LSTM-CNN. However, simpler mod-
els like CNN and MLP, RMSE and MAE reveal their
limitations in predicting stock price data, as reflected
in consistently high error values. Overall, RMSE and
MAE can be considered reliable metrics for identi-
fying the best-performing model and highlighting the
weaknesses of less complex models in predicting stock
prices across various financial data sets.

Following identifying the optimal hybrid LSTM-
CNN model in the prior analysis, the next phase in-
volved hyperparameter tuning to pinpoint the most
effective settings. The results in Table 6 illustrate
the model’s performance across various hyperparam-
eter configurations, including the number of filters,
kernel size, LSTM units, optimizer type, and batch
size, evaluated using MAE and RMSE metrics.

The analysis reveals that the choice of hyperpa-
rameters, particularly the number of filters and kernel
size, significantly impacts model performance. No-
tably, variations in MAE are observed with different
kernel sizes while keeping the number of filters con-
stant at 128, highlighting the model’s sensitivity to
these parameters. Additionally, the number of LSTM
units proves to be a crucial determinant of perfor-

mance. For instance, using 128 LSTM units in one
experiment results in a higher MAE than a scenario
with only 64 LSTM units, suggesting that excessive
LSTM units may lead to overfitting rather than im-
proved performance.

Furthermore, the selection of an optimizer plays a
critical role in the outcomes. An RMSprop experi-
ment yields substantially lower MAE than one using
Adam despite similar LSTM units and filter configu-
rations. The result indicates that optimizer choice is
vital for fine-tuning model performance. Lastly, the
impact of batch size on training and convergence is
evident, with larger batch sizes (32) showing signif-
icantly lower MAE values than smaller batch sizes
(16). The result suggests that a larger batch size can
enhance convergence and overall model performance.

In conclusion, hyperparameter tuning plays a vi-
tal role in optimizing the performance of the LSTM-
CNN hybrid model. Critical parameters such as
the number of filters, kernel size, LSTM units, op-
timizer selection, and batch size greatly influence the
model’s accuracy. Adjusting the number of filters
and kernel size leads to significant variations in MAE,
while increasing LSTM units does not constantly im-
prove performance and may cause overfitting. The
RMSprop optimizer outperforms Adam in achieving
lower MAE, and larger batch sizes improve conver-
gence and overall performance. The LSTM-CNN ar-
chitecture effectively combines temporal and spatial
features, enhancing prediction accuracy by leveraging
LSTM and CNN layers.

In contrast, the CNN-LSTM architecture processes
data differently by initially applying CNN layers to
extract spatial features before using LSTM layers to
capture temporal dependencies. While this method
can be helpful in some contexts, it might not fully
harness the temporal dynamics from the start. This
sequential approach could limit its ability to capture
the sequential patterns significantly influencing stock
price movements, potentially impacting its overall ef-
fectiveness in prediction tasks.

The analysis of stock price predictions highlights
significant historical and future trends. Stock prices
exhibited consistent growth from 2015 to 2020, fol-
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Table 5: Hyperparameter tuning for Hybrid LSTM-CNN Model.

lowed by a sharp decline in 2020, likely due to
the COVID-19 pandemic. The subsequent recovery
through 2022 reflects market resilience. The forecast
for 2024, predicting a rise to USD 7,000, suggests op-
timism about future market conditions and potential
growth.

For investors, selecting an appropriate model is
crucial. The LSTM-CNN hybrid model has proven
effective for volatile and stable datasets, emphasizing
the importance of choosing models tailored to spe-
cific data characteristics to improve prediction accu-
racy. While the model’s focus on single-day forecasts
supports short-term trading strategies, long-term in-
vestors should consider additional factors, such as
broader economic conditions and market indicators,
to make well-informed investment decisions. The
LSTM-CNN model’s superior performance, demon-
strated through rigorous hyperparameter tuning and
evaluation, highlights its ability to handle complex
stock price data effectively, making it a valuable tool
for short-term and long-term investment strategies.

5. CONCLUSION

From the evaluation based on RMSE and MAE, it
is evident that the LSTM-CNN hybrid model consis-
tently outperforms other models across various banks,
demonstrating versatility in capturing complex pat-
terns and providing accurate predictions. Tailoring
model selection to the specific characteristics of each
bank’s data is crucial for optimal performance in
stock prediction tasks.

Further research could focus on hyperparameter
tuning to optimize the LSTM-CNN hybrid model’s
performance, considering parameters such as the
number of filters, kernel size, LSTM units, optimizer,
and batch size. By refining parameter configura-
tions and leveraging insights from experimental re-
sults, practitioners can develop more robust and prac-
tical models for real-world applications in stock pre-
diction. Continued research in hyperparameter tun-
ing and model optimization holds promise for achiev-
ing enhanced accuracy and reliability, ensuring better

stock price prediction outcomes.
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