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Abstract—Accurate stock price forecasting is difficult
because financial time-series data usually demonstrate
nonlinear  relationships, irregular  fluctuations, and
interdependent temporal patterns. This research investigates
the predictive performance of three neural network models
based on deep learning: Convolutional Neural Network (CNN),

Long Short-Term Memory (LSTM), and a hybrid CNN-LSTM /

architecture for forecasting stock prices of a multi-s?r
holding company. The dataset used in this study contains daily
historical price observations collected from 2015 to 2025¢where
sequential samples are generated using a sliding window
approach. To obtain appropriate mod settings,
hyperparameter optimization is carried out usipg a grid search
procedure. Model performance is assessed using Mean Squared
Error (MSE), Root Mean Squared Eryor (RMSE), Mean
Absolute Error (MAE), and Mean As?olute Percentage Error
(MAPE). Experiments are first pefformed using an 80:20
training-testing split and followed’by a robustness evaluation
using a 70:30 data split. Under the primary evaluation scheme,
the experimental results indjcate that the LSTM model yields
the lowest prediction errpr, reflected by an RMSE value of
77.86, MAE of 58.23, and MAPE of 1.28%. Meanwhile, the
hybrid CNN-LSTW model demonstrates more stab
performance across different data propertions, achieving an
RMSE of 75.71 dnd MAPE of1.23% during the robustness test.
The results ingfate that. LSTM is effective in €apturing
sequential dependencies inherent in financial timg-series data,
integrating convolutional feature extraction with sequential
learning can improves prediction stability” under varying
training conditions. The results provide empirical insights into
the selection of deep learﬁ'ﬁng architeétures for stock price
prediction in the context of multisector holding companies.

Keywords—Stock Price Prediction; Convolutional Neural
Network; Long Short-Term Memory; Hybrid CNN-LSTM;
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I. INTRODUCTION

The capital market serves as an important indicator of
economic activity and investment dynamics within a country.
Stock prices are primarily formed through supply-demand
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interactions ‘that reflect/ various™ €eonomic and corporate
conditiop€, including company performance, macroeconomic
poli? and investorhexpectationS. In recept years, stock
marKets worldwide have, experienced ipcreased volatility
féllowing the COVID-19 pandemic, ris{g global inflation,
and geopolitical ‘tensions{ These copditions have intensified
uncertainty in financial markets and have made the analysis of
stock pricesmovements increasifigly complex [1], [2]. As a
result, predicting stock prigés remains a challenging task,
particularly because finapcial time-series data often exhibit
nonlinear relationships,” non-stationary behavior, and high
levels of noise [3]. /

The complexity of stock price dynamics becomes more
pronounced in 4#«3 case of multi-sector holding companies.
Such firms g@perate across multiple industries, causing their
financial performance to be influenced simultaneously by
differenf sectoral trends. PT Astra International Tbk (ASII)
repgesents one of the largest multi-sector holding companies
in Indonesia, with business activities spanning automotive
heavy equipment, financial services,
agribusiness, infrastructure, and technology sectors. Due to
this diversification, fluctuations in ASII’s stock price are
affected by multiple economic factors across industries.
Consequently, the resulting price patterns are often irregular
and difficult to capture using conventional statistical
forecasting methods [4]. This characteristic makes ASII a
relevant case study for evaluating predictive models based on
historical financial financial time-series data from the
Indonesian stock market.

Financial forecasting has traditionally relied on statistical
approaches such as linear regression, ARIMA, and GARCH
models. Despite their widespread use, these techniques
frequently struggle to capture nonlinear dynamics and long-
range dependencies inherent in stock market data. Early
machine learning models also present limitations in modeling
sequential relationships within time-series datasets [5], [6].
Recent advances in deep learning provide alternative
approaches that are better suited to these characteristics.
Convolutional Neural Networks (CNN) are capable of
extracting short-term local patterns from sequential data,
whereas Long Short-Term Memory (LSTM) networks are
designed to model long-term temporal relationships in
sequential data. Because of these complementary properties,
recent studies have increasingly examined hybrid CNN-
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LSTM architectures for financial time-series forecasting, as
they combine local feature extraction with temporal
dependency learning [7]-[11].

Several recent studies have demonstrated the effectiveness
of deep learning architectures in improving stock price
prediction performance. For instance, Seun et al. [12]
evaluated several deep learning models and reported that
hybrid CNN-LSTM architectures can achieve higher
prediction accuracy compared with standalone CNN or LSTM
models. Similarly, Zhao et al. [13] showed that hybrid CNN-
LSTM models are capable of capturing both spatial and
temporal information from stock price sequences, which leads
to improved forecasting performance. In addition, Wu et al.
[19] proposed a graph-based CNN-LSTM model that
incorporates leading indicators to enhance prediction
capability in financial markets. Zhang et al. [9] also
demonstrated that CNN-LSTM architectures can effectively
model complex nonlinear relationships in stock price data.
These findings highlight the growing interest in hybrid deep
learning models for financial time-series forecasting. Despite
these developments, empirical studies that systematically
compare CNN, LSTM, and hybrid CNN-LSTM architectures
in the context of Indonesian multi-sector holding companies
remain limited. Most existing studies primarily focus on
prediction accuracy without thoroughly examining the

stability and robustness of model performance under different /

experimental settings.

In addition, many previous studies primarily focus”on
prediction accuracy while paying less attention to the gtability
and robustness of model performance under different training
conditions. Financial time-series models may produce
different results depending on the proportion /af the training-
testing data split used in the experiment. Howevergsystematic
robustness evaluations using multiple daﬂé-splitting schemes
are still relatively uncommon in the y}erature. This limitation

indicates the need for further research that not only compares
predictive accuracy across deep learning architectures but also
evaluates the consistency of model performance when
exposed to different data configurations.

Based on these considerations, this study evaluates and
compares the performance of Convolutional Neural Network
(CNN), Long Short-Term Memory (LSTM), and hybrid
CNN-LSTM models for predicting the stock price of PT Astra
International Tbk using adjusted closing price data from 2015
to 2025. Hyperparameter optimization is performed using a
grid search method to determine appropriate model
configurations. Model evaluation is conducted using an 80%-
20% training-testing split and further assessed through a
robustness test with a 70%-30% split to examine prediction
stability. This study contry;ute{ by systematically comparing
CNN, LSTM, and hybrid CNN-LSTM architectures for stock
price prediction in azﬁulti—sector\olding company listed in
the Indonesian ?ock market. This\study contributes by
providing empirical insights into , the impact of
hyperparamejér optimization and the preaibtive capability of
hybrid degp learning architectures in finandjal time-series
forecastié.

/ /

II. PROPOSED METHOD;I

/
A. Research Workflow 7/

Thesverall research workflow employed in this study is
illustrated in Figute 1. The stucg begins with the collection
of-historical daily stock pric€ data of PT Astra International
Tbk. The collected dafa are then processed through a
preprocessing  stage  that includes data cleaning,
normalization usin{ the Min-Max scaling method, and
sequence constpqction using a sliding window method to
prepare the dataset for time-series forecasting models.

3. Robustness
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Figure 1. Research workflow consisting of dataset preparation, model training, hyperparameter tuning, and prediction performance
assessment

As illustrated in Figure 1, the dataset is divided into
training and testing subsets using an 80%-20% split for the
primary experiment. The prepared sequential dataset is then

used to train three deep learning architectures, namely CNN,
LSTM, and a hybrid CNN-LSTM model. Hyperparameter



tuning is carried out through a grid search approach to
identify the most appropriate configuration for each model.
The models are evaluated based on four error metrics,
namely MSE, RMSE, MAE, and MAPE. To further assess
model stability, an additional robustness test is conducted
using a 70%-30% data split. The final stage involves
comparing prediction results across models to identify the
architecture that provides the best forecasting performance.

B. Dataset and Data Source

This study utilizes historical stock price data of PT Astra
International Tbk (ASII) as the case study object. ASII is
selected because it operates as a multi-sector holding company
with a diversified business portfolio spanning automotive,
heavy equipment, financial services, agribusiness,
infrastructure, and technology sectors. Such diversification
causes the company’s stock performance to be influenced by
multiple sectoral dynamics, making it a relevant case study for
evaluating prediction models designed to capture complex
financial time-series patterns [4].

The dataset consists of daily stock price observations using
the adjusted closing price variable. This variable incorporates
corporate actions such as stock splits and dividend
distributions, providing a more consistent representation of
historical stock value compared with the regular closing price.
The use of adjusted closing prices has been widely adopted in
machine learning-based stock price prediction studies beca{se
it reduces bias caused by structural price adjustments J44].

The data used in this study cover the period from January
1, 2015 to September 30, 2025, consisting of 2,668 .daily
trading observations prior to sequence géneration.  The
historical price data were obtained from Yahoo Fifance using
the ticker ASILJK. The relatively long obsetvation ‘petiod
allows the models to learn both short-#rm variations and long-
term temporal dependencies in}yrent in nonlinear financial
time-series data [15].

/7

C. Data Preprocessing

The preprocessing “stage is performed to prepare the
historical stock pricg/data so that they can be effectively used/
as inputs for deep learning models. Financial‘time-seriesdata
often contain nﬁgsing valuesiand varying scales, which may
negatively affeet the training process if not handled’properly

The preprocessing stage begins by sorting the dataset
chronologically to preserve the sequential nature of time-
series observations. Missing values are handled using a
combination of forward filling and the removal of incomplete
records through a dropna procedure. After this step, the
number of usable observations is reduced from 2,668 to 2,647
records.

After the cleaning process, the data are normalized using
the Min-Max scaling technique within the range of [0, 1] to
standardize the data scale and prevent large values from
dominating the training process. This normalization technique
is widely used in neural network-based financial prediction
models because it preserves the original distribution of the
data while improving model convergence during training [9],
[16]. The normalization péce% is defined as:

/ , X — x}n
/ Xmax — xmin\

Where x/denotes the' original steck price value,
Xmax and X, represent the maximum and mjnimum values
within th(?lataset, respectively. The variable x’ indicates the
nonjlylized value after'the scaling’process.

he final stép in_the preprocessing/stage is sequence
ebnstruction using'd sliding window approach with a window
size of 60_trading days<In this preCedure, each sequence
consisting of 60 historical obseyations is used as input to
estimate the stockiprice for the“following trading day. This
sliding window/method is wAdely applied in financial time-
series modeling becausii)enables the model to learn temporal
relationships among corfsecutive observations [17].

D. Model Architeclﬁfe

This study éaluates three deep learning architectures,
namely Cop#olutional Neural Network (CNN), Long Short-
Term Mgmory (LSTM), and a hybrid CNN-LSTM model,
which have been widely applied in time-series forecasting
ang¢/stock price prediction studies [15], [16]. All models

€Y

)eceive sequential input data with a window length of 60

trading days and a single feature representing the adjusted
closing price. The selection of these architectures aims to
compare their capabilities in capturing short-term local
patterns and long-term temporal dependencies in nonlinear
and volatile stock price data.

[8]. / Figure 2 presents the architectures of the CNN, LSTM,
N , and hybrid CNN-LSTM models used in this study.
(a) CNN
Input Block\ Feature Extraction (CNN) Fully C \
l Input Layer ConviD ‘ MaxPooling1D | Flatten ‘ Dense Layer | Dropout Layer Output Layer
(Batch Size, Time Steps, Features) ‘ (Filters, Kernel Size, Activation) (Pool Size) L ‘ (Units, Activation) (Dropout Rate) | (Dense Unit)
(b) LSTM
Input Block\ quential Learning (LSTM)\ Fully Connected\
Input Layer LSTM Layer 1 Dropout Layer | LSTM Layer 2 ‘ ‘ Dropout Layer J Dense Layer ,1 Qutput Layer
(Batch Size, Time Steps, Features) | (Units, Return Sequences) (Dropout Rate) [ (Units, Return Sequences) ‘ | (Dropout Rate) ’} (Units, Activation) ‘ ‘ (Dense Unit)
(c) Hybrid CNN-LSTM
Input Block) Spatial Feature Extraction (CNN)\ Temporal Learning (LSTM)\  (Fully C \
Input Layer ConviD MaxPooling1D ‘ LSTM Layer ‘ | Dropout Layer Output Layer [
(Batch Size, Time Steps, Features) ”| (Filters, Kernel Size, Activation) (Pool Size) | (Units) | | (Dropout Rate) (Dense Unit) |

Figure 2. Architecture diagrams of the deep learning models used in this study: (a) CNN, (b) LSTM, and (c) CNN-LSTM hybrid model



As presented in Figure 2, the CNN model is used to learn
local temporal characteristics from stock price sequences.
The input sequence is first passed through a one-dimensional
convolutional layer (Conv1D) that employs multiple filters to
identify short-term patterns in the time-series data. The
convolution layer uses the ReLU activation function to
capture nonlinear relationships. The resulting feature maps
are then reduced through a MaxPooling 1D layer to emphasize
the most dominant features while reducing dimensionality.
The extracted features are subsequently flattened and passed
to a dense fully connected layer, with a dropout layer
subsequently introduced to minimize overfitting. Finally, a
dense output layer produces the predicted stock price value.
CNN-based architectures have been widely used for
extracting local features from sequential data in financial
time-series prediction tasks [15].

The LSTM architecture is designed to capture long-term
temporal dependencies in sequential data. In this study, a
stacked LSTM structure is employed, consisting of two
LSTM layers that enable the model to learn hierarchical
temporal representations from historical stock price
sequences. To reduce overfitting during the training process,
dropout layers are introduced after each LSTM layer. The
extracted features are subsequently forwarded to a dense

comparison among different model architectures is
performed under consistent experimental conditions,
allowing the observed performance differences to reflect the
intrinsic capabilities of each model.

In this study, a grid search approach is applied to
systematically examine different  hyperparameter
combinations within a predefined search space. This method
is commonly adopted in machine learning and deep learning
research because it offers a clear and reproducible procedure
for determining suitable model configurations. Under this
strategy, multiple combinations of  candidate
hyperparameters are exhaustively explored, and each
configuration is trained using the training dataset. The
predictive performance of each configuration is then
evaluated using the Cdefmed evaluation metrics to
determine the most syitable paranieter settings.

The hyperparameter search spacess defined according to
the architectural €haracteristies,of each model. For the CNN
model, the Aoptimization” focuses on “the number of
convolutign filters and kerflel sizes. Th&e parameters
influenc€ the model’s ability to capture local temporal
patterhs from the tine=series dfiput. A larger fumber of filters
cgn potentially captiite more complef features, while
gfferent kernel‘sizes allow the mode}to detect patterns over

layer that produces the final prediction output. LSTM/ varying teffiporal ranges.

networks are particularly well suited for modeling sequery)al
financial data because they can preserve relevant information
across extended time intervals [8].

The hybrid CNN-LSTM architecture comabines the
capabilities of CNN and LSTM within a single modeling
framework. In the first stage, a @ne-dimensional
convolutional layer is applied to learn logal features from the
input sequence, followed by a anPooling layer that
compresses the feature represéntation and ‘reduces
dimensionality. The resulting fegfure maps are then provided
as input to an LSTM layer,ryﬁch is responsible for learning
long-term temporal relatiorfships within.the sequential data.
To enhance model géneralizationf a dropout layer is
introduced before t
features are subsequentlyfed into a dense layer that prodyces
the predicted st6ck price value. Throughuthe integration of
convolution-based feature extraction and sequentialdémporal
modeling, the hybrid architecture camcapture bogh short-term
price variations and longer-term trends in stock price
movements, which had\peen shown to imgrove forecasting
performance in recent studégs [10]-[12],

To ensure a fair comparison among the three
architectures, all models are thaird using the same input
window length, training procedure, and evaluation metrics.
This standardized experimental setup allows differences in
prediction performance to be attributed primarily to the
intrinsic characteristics of each model architecture rather than
variations in the training configuration.

E. Hyperparameter Optimization

Hyperparameter optimization is conducted to determine
the most suitable configurations for the CNN, LSTM, and
hybrid CNN-LSTM models. The selection of appropriate
hyperparameters is a crucial step in deep learning
experiments because the choice of model parameters can
significantly influence prediction accuracy and training
stability. Proper hyperparameter tuning also ensures that the

final prediction stage. The,processed

For the LSTM.model, the tulﬁlg process concentrates on
the number of LSTM units a}d the dropout rate. The number
of units determines the model’s capacity to learn temporal
relationships from seqfiential data, whereas the dropout
mechanism is appligd to mitigate overfitting by randomly
disabling a portion of neurons during the training phase.
Proper adjustnfent of these parameters helps maintain a
balance be#veen model complexity and its ability to
generalize to unseen data.

The& hybrid CNN-LSTM architecture integrates the main
pagaieters from both CNN and LSTM components. In this

/case, convolution filters and kernel sizes are used for local
f

eature extraction, while the LSTM units are responsible for
capturing long-term temporal dependencies. To maintain
training stability and reduce computational complexity, the
search space for the hybrid architecture is slightly constrained
compared with the individual CNN and LSTM models.

Several training parameters are standardized across all
models to ensure fair performance comparison. The training
parameters considered in this study include batch size,
learning rate, number of epochs, loss function, and optimizer.
All models are trained using the Adam optimizer with a
learning rate of 0.001, which is commonly used in deep
learning because of its adaptive learning mechanism and
stable convergence properties. In addition, Mean Squared
Error (MSE) is adopted as the loss function since it is well
suited for regression tasks such as stock price prediction.

To enhance training efficiency and reduce the risk of
overfitting, an early stopping technique with a patience value
of 10 epochs is implemented during the training process. This
mechanism  continuously — monitors the  validation
performance and stops the training procedure automatically
when no improvement is detected over several consecutive
epochs. Early stopping helps reduce unnecessary training
iterations and ensures that the model does not continue
learning after reaching its optimal performance.



The hyperparameter search spaces for each model are
summarized in Table 1, which presents the parameter ranges
evaluated during the grid search procedure.

Table 1. Hyperparameter search space used for optimizing the
CNN, LSTM, and hybrid CNN-LSTM models

Model
Parameter Hybrid
CNN LSTM CNN-LSTM

Filters 64, 128 - 64,128
Kernel Size 3,5,7 - 3,5,7
Units (LSTM) - 64,128, 256 128,256
Dropout Rate - 02,03 0.2
Batch Size 32 32,64 32
Learning rate 0.001 0.001 0.001
Epochs 50 50 50
Early stopping Patience = 10 Patience = 10 Patience = 10
Loss Function MSE MSE MSE
Optimizer Adam Adam Adam

The optimal hyperparameter configuration for each model
is determined based on the lowest RMSE value obtained on
the testing dataset under the primary evaluation scheme,
which uses an 80% training set and 20% testing set. After the
optimal  configurations are obtained, the same
hyperparameters are reused in the robustness evaluation
using a 70%-30% training-testing split without conducting
additional hyperparameter searches. /7

F. Experimental Setup and Evaluation Metrics /7

The experiments conducted in this study aim tgrassess the
stock price prediction performance of three deep learning
architectures: CNN, LSTM, and the hyblﬁ CNN-LSTM
model under consistent and reprogticiblef evaluation
conditions. All experiments utilize tipne-series data without
shuffling in order to maintain the cI{oIIllological sequencerof
observations. /7

The initial evaluation /scheme adopts an 80%-20%
training-testing data split.” To further investigate model
robustness, an additiona! experiment is eonducted using a

n

1 -
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Mean Absolute Percentage Error (MAPE)

n

100 -

MAPE = —Z |u| 5)
n i=1 i

where y; refers to the actual stock price, ¥, represents the
value predicted by the model, and n indicates the total
number of observations in the testing dataset. The combined
use of these four metrics enables a comprehensive assessment
of prediction errors by c{ptuhlg both the magnitude of the
deviations and the relitive percéntage differences between
the predicted and }ctual values. \

7 11 EXPERIMENTAL RESUNT

This }ection reports the-eValuation results of the CNN,
LSTM, ‘and hybrid,, CNN-LSTM' models ¢n the testing
datasét. The experifents are éarried out undef two evaluation
sgttings: the primarysscheme using an 80%% training set and a
0% testing set, and a robustness f?aluation using a 70%
training s€t and a 30% testing set. Model performance is
assessed using four error metriCs, namely Mean Squared
Error ((MSE), Root Mean $quared Error (RMSE), Mean
Absolute Error (MAE), and Mean Absolute Percentage Error
(MAPE). Employing m{ltiple evaluation metrics enables a
more comprehensiyé analysis of prediction performance
from different p?spectives.

A. Results g Main Experiment

The primary experiment employs an 80% training dataset
and a 20% testing dataset. The predictive performance of the
thrge deep learning architectures CNN, LSTM, and hybrid

NN-LSTM is assessed using the optimal hyperparameter
settings obtained during the optimization stage. Model

70%-30% training-testing split without performing additiona#’ ~ performance is evaluated on the testing dataset using four

hyperparameter se€arches. This| robustness evaluation is
intended to examfine the stability of modelperformance Uinder
different trainin.% data proportions.

Model performance is assessedyusing four W}dely adopted
error metrics: Mean Squared” Error (MSE), Root Mean
Squared Error (RMSE), Mean “Absolute Bftor (MAE), and
Mean Absolute Percentage,grror (MAPJ). These metrics are
chosen because they offer complementary perspectives for
evaluating prediction accuracyﬁnc{lding sensitivity to large
deviations and the average magnitude of prediction errors.
The mathematical expressions of these metrics are presented
as follows.

Mean Squared Error (MSE)
1 oz
MSE = ;Z(n -7) @)
Root Mean Squared Error (RMSE)

RMSE = 3

Mean Absolute Error (MAE)

error metrics: RMSE, MSE, MAE, and MAPE.

Table 2 summarizes the performance comparison of the
three models based on their respective optimal
configurations. In general, all models are able to capture the
overall movement patterns of the stock price series with
relatively low prediction errors.

Table 2. Performance comparison of CNN, LSTM, and hybrid
CNN-LSTM models under the 80%-20% train-test split

Evaluation Metrics
Best

Model Configuration ~ RMSE MSE MAE  MAPE

Filters = 128,
Kernel Size =7,
Batch Size =32,
LR =0.001

CNN 81.97 6,719.04 60.89 1.34%

Units = 256,
Dropout = 0.3,
Batch Size = 32,
LR =0.001

LSTM 77.86 6,062.89 58.23 1.28%

Filters = 128,
Kernel Size =7,
LSTM Units =
256, Dropout =
0.2, Batch Size =
32, LR=0.001

Hybrid 78.43 6,150.89 57.76 1.27%




Based on Table 2, the LSTM model achieves the lowest
RMSE value (77.86) and MSE value (6,062.89), indicating
the best overall predictive performance under the primary
evaluation scheme. This outcome can be explained by the
capability of LSTM networks to learn long-term temporal
relationships in sequential data. Since stock price movements
often contain temporal correlations and sequential structures,
the memory mechanism in LSTM enables the model to
preserve relevant historical information over extended
periods, which contributes to better prediction accuracy.

The hybrid CNN-LSTM model demonstrates competitive
performance, achieving an RMSE of 78.43 and an MSE of
6,150.89, which are close to the values obtained by the LSTM
model. Although its RMSE is slightly higher, the hybrid
architecture achieves the lowest MAE and MAPE values
(57.76 and 1.27%, respectively). These results imply that the
hybrid model achieves smaller average prediction errors
relative to the actual values. The combination of convolution-
based feature extraction and sequential learning allows the

model to capture both short-term local fluctuations and long-
term temporal dependencies, which contributes to stable
prediction performance.

The CNN model records the highest error values among
the three models, with an RMSE of 81.97 and an MSE of
6,719.04. This result is expected because CNN primarily
focuses on extracting local patterns within short temporal
windows and does not explicitly model long-term sequential
dependencies. Consequently, while CNN can detect short-
term price movements, it may struggle to capture longer
temporal relationships present in financial time-series data.

Despite these differences, the relatively small gap among
the error values indicates that all three models achieve
comparable predictive capability under the primary
evaluation scheme. N

A visual comparigén betweerNhe observed stock prices
and the predicted ,values generated le the three models is

presented in Figu(e 3.
/ N\
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Figure 3. Comparison between tléactual stock prices and the predicted V?ues generated by the CNN, LSTM, and hybrid CNN-LSTM
d

/7 models on the testin

As shown in Figure8, the predicted eurves produced by

all models closely follow the overall trend of the‘actual stock”

price movements duringdthe testing period. The LSTM ,and
hybrid CNN-L$TM modelsiappear to captiire trend revérsals
and upward pxice trends mote accurately than #e CNN
model. This visual observation alse correspc?ds with the
quantitative evaluatien results shown in Table 5.

Y

B. Robustness Test Restilts

To further evaluate m(hel stabilit){ a robustness test is
conducted by modifying the prdpor#fon of training and testing
data. In this evaluation scenario, the dataset follows a 70%-
30% training-testing split, while maintaining the same
hyperparameter configurations obtained from the primary
evaluation scheme. Hyperparameter tuning is not repeated in
this stage to examine whether the model performance remains
consistent under different training-testing data proportions.

Table 3 summarizes the performance results of the CNN,
LSTM, and hybrid CNN-LSTM models under the robustness
testing scheme.

ataset

Table 3. Performance comparison of CNN, LSTM, and hybrid
CNN-LSTM models under different train-test split ratios

Evaluation Metrics

Model  Split

RMSE MSE MAE  MAPE
CNN 80:20  81.97  6,719.04  60.89 1.34%
70:30  78.15  6,108.11  59.02 1.27%
80:20 77.86  6,062.89  58.23 1.28%
LSTM
70:30  77.57  6,017.00 58.95 1.27%
. 80:20 7843  6,150.89 57.76 1.27%
Hybrid
70:30 75771 5,732.11  56.99 1.23%

The findings in Table 3 suggest that the prediction
performance of all models remains relatively consistent under
different training-testing data splits. Under the 70%-30%
split, the RMSE values for the CNN, LSTM, and hybrid
CNN-LSTM models are 78.15, 77.57, and 75.71,
respectively. Notably, the hybrid CNN-LSTM model
achieves the lowest RMSE and MSE values in this robustness
testing scheme.

This result indicates that the hybrid architecture
generalizes more effectively across different data
proportions. The convolutional component identifies local
patterns in the data, whereas the LSTM component captures



temporal dependencies over longer time horizons, allowing
the model to maintain stable prediction accuracy even with
reduced training data.

For the MAPE metric, all models maintain relatively low
error levels, with values around 1.23%-1.27%, indicating that
the prediction errors remain small relative to the actual stock
price values. Overall, these findings demonstrate that the
performance of the CNN, LSTM, and hybrid CNN-LSTM
models remains consistent and robust across different data
split configurations, whereas the hybrid CNN-LSTM model
exhibits slightly higher stability with respect to overall
prediction accuracy.

IV. CONCLUSION

This study investigates the effectiveness of three deep
learning architectures, including CNN, LSTM, and hybrid
CNN-LSTM, in predicting stock prices based on historical
time-series data of PT Astra International Tbk. The
experiments are conducted under two evaluation schemes: a
primary evaluation using an 80%-20% training-testing data
split and a robustness evaluation using a 70%-30% split,
based on the optimal hyperparameter configurations obtained
through the grid search optimization process. The

experimental results demonstrate that all models are capable /

of producing stable predictions with relatively low egor
values across multiple evaluation metrics.

Under the primary evaluation scheme, the LSTM/model
achieves the lowest RMSE value (77.86), indicying strong
capability in capturing long-term temporal depéndenciesyin
financial time-series data. Meanwhile, the’” hybrid 'CNN-
LSTM architecture produces the lowestyMAEdand MAPE
values among the evaluated models, suggesting improved
accuracy in terms of average prediction deviation. In the
robustness evaluation, the hybrigglCNN-LSTM model shows
the most stable performance, achieving the lowest RMSE
value of 75.71, which inicates its ability to maintain
prediction accuracy upder different traihing-testing data
proportions. /7

This study cd{tributes by providing a  systematic
comparative andlysis4of CNN, LSTM, and" hybrid -
LSTM architectures for stock price prediction in thg’context
of a multi-sectot holding company listed in the, Indonesian
capital market. Th& results demonstrate that ‘while LSTM
effectively captures temporal dependencieshe hybrid CNN-
LSTM architecture can provide moge stable prediction
performance by combining local feature extraction from
CNN with sequential temporaNearfing from LSTM. These
findings provide empirical insights that may assist
researchers and practitioners in selecting appropriate deep
learning architectures for financial time-series forecasting
tasks.

From a practical perspective, the findings suggest that
hybrid deep learning architectures can serve as a promising
approach for supporting data-driven decision making in stock
market analysis, particularly in complex market
environments where price movements are influenced by
multiple sectoral dynamics.

Despite the encouraging findings, this study has several
limitations that should be acknowledged. First, this study
relies solely on historical adjusted closing price data without
incorporating additional explanatory variables such as
technical indicators, macroeconomic factors, or investor

sentiment. Second, the experiment focuses on a single
company as a case study, which may restrict the
generalizability of the findings across different stocks or
varying market conditions.

Future research may extend this work by incorporating
multi-feature  financial datasets, including technical
indicators, macroeconomic variables, and sentiment-based
features, to improve model predictive capability. In addition,
future studies may explore advanced deep learning
architectures or optimization strategies, such as attention-
based  architectures, transformer-based  forecasting
approaches, or automated hyperparameter optimization
methods, to further improve prediction accuracy and model
generalization. N\
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