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Abstract

Stock price prediction is inherently complex due to nonlinear dynamics and high volatility, particularly in Indonesia’s transportation sector, which
experienced significant inflationary pressure and extreme instability during and after the COVID-19 pandemic. These disruptions introduced
structural breaks and regime shifts, intensifying non-stationary market behavior and increasing forecasting uncertainty. Such conditions create
an urgent need for robust predictive information systems capable of supporting investment decision-making and risk management in highly
volatile environments. However, standalone recurrent models such as Long Short-Term Memory (LSTM) often struggle to capture local micro-
patterns and long-term dependencies. Moreover, prior studies have rarely implemented systematic hyperparameter optimization, resulting in
inconsistent predictive performance across stocks with heterogeneous volatility. In contrast, Convolutional Neural Networks (CNN) extract local
patterns and short-term nonlinear features, making them effective for modeling high-frequency fluctuations. This study proposes a systematically
optimized hybrid CNN-LSTM model to forecast transportation sector stock prices using daily OHLC data from 2020-2025. The research
framework follows the Cross Industry Standard Process for Data Mining (CRISP-DM) methodology, encompassing business understanding, data
understanding, data preparation, modeling, evaluation, and deployment. Prior to modeling, preprocessing includes data cleaning, Min-Max
normalization, and sliding window transformation to construct supervised learning sequences. CNN is employed to extract localized nonlinear
features and reduce noise, while LSTM models long-term temporal dependencies. Model performance is evaluated using MAE, MSE, RMSE,
MAPE, and R2 Results show that the optimized CNN-LSTM model outperforms the baseline across all stocks. The highest R? of 0.9725 is
obtained from one stock, indicating strong performance. In addition, the average R? improves from 0.8736 to 0.9483, an increase of 0.0747
(8.55%). The best results are achieved using ReLU with Adam and Nadam optimizers, demonstrating improved convergence and generalization.
These findings highlight the effectiveness of optimized hybrid deep learning models for forecasting in nonlinear and non-stationary financial
markets.
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1. Introduction

The transportation and logistics sector plays a critical role in sustaining economic activity by facilitating the movement
of goods and services [ 1 |. In emerging markets such as Indonesia, this sector is structurally sensitive to macroeconomic
instability, particularly inflation, interest rate adjustments, and energy price volatility [2]. Rising inflation increases
operational and financing costs, directly compressing corporate margins and amplifying stock price fluctuations [3].
Between 25 and 28 March 2024, the Indonesian transportation and logistics sector declined by 8.76%, exceeding the
2.38% decline in the industrial sector, while the IHSG fell by 0.83% [4]. This short-term correction was driven by
foreign capital outflows, rupiah depreciation, and global uncertainty related to U.S. monetary policy. Although
occurring within a limited time window, this episode is consistent with broader volatility patterns observed throughout
the 2020-2025 period, which is characterized by repeated macroeconomic shocks and heightened sensitivity in the
transportation sector. These conditions increase investor uncertainty and complicate capital allocation decisions.

Stock market time series are inherently nonlinear, non-stationary, and noisy due to complex interactions between
domestic and global factors [5]. These characteristics intensified during the COVID-19 pandemic and post-pandemic
recovery period, marked by structural breaks and extreme volatility [6]. Traditional econometric models such as
ARIMA and GARCH rely on linearity and stationarity assumptions, limiting their effectiveness under regime shifts.
From an information systems perspective, financial markets represent high-volume and high-velocity data
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environments that require adaptive predictive models, as static approaches are insufficient for dynamic decision-
making.

Deep learning methods have demonstrated superior forecasting performance compared to traditional models. Prior
studies report that LSTM and hybrid CNN-LSTM architectures achieve R? values of approximately 96%, while
standalone CNN models exceed 91.2% [7], [8], [9]. However, high reported R* does not necessarily imply robustness
across extreme volatility regimes [10]. Many prior studies focus on limited stock samples without addressing sectoral
heterogeneity, and hyperparameter configurations are often not systematically optimized. Furthermore, empirical
validation under pandemic and post-pandemic turbulence remains limited, particularly in emerging markets [11].
Consequently, the generalizability and stability of deep learning models in structurally volatile sectors require further
investigation.

Architecturally, LSTM is effective in capturing long-term temporal dependencies but lacks explicit local feature
extraction. In contrast, CNN can capture short-term patterns, reduce noise, and construct hierarchical representations
before sequential modeling [12], [13]. The integration of CNN and LSTM therefore enhances representational capacity
by combining local feature extraction with long-term dependency learning, making it suitable for financial time series
characterized by mixed temporal structures [ 14].

However, hybrid architectures introduce increased complexity and sensitivity to hyperparameter settings. Without
proper optimization of learning rates, activation functions, and optimizers, models may suffer from overfitting or
unstable convergence in noisy financial environments. Therefore, hyperparameter optimization is essential for
improving robustness and generalization, as supported by prior studies [15].

This study investigates whether an optimized CNN-LSTM model outperforms standalone CNN and LSTM models in
predicting transportation sector stocks under pandemic and post-pandemic volatility regimes. Using data from the
Indonesia Stock Exchange, model performance is evaluated using MAE, MSE, RMSE, R?, and MAPE. The study
contributes by validating hybrid deep learning models in a macroeconomically sensitive sector, incorporating
systematic hyperparameter optimization, and assessing predictive robustness under extreme market conditions in an
emerging market context.

2. Literature Review

Deep learning has become a leading approach in stock price forecasting due to its ability to model nonlinear and non-
stationary financial time-series data without strict distributional assumptions [16]. LSTM is commonly used to capture
long-term temporal dependencies and has reported high performance (R* up to 96%) under specific experimental
settings [7] However, these results are highly dependent on dataset characteristics, preprocessing, and evaluation
protocols, limiting direct comparability across studies. In addition, LSTM lacks explicit local feature extraction, which
reduces effectiveness under abrupt market fluctuations. In contrast, CNN is effective in extracting local patterns and
reducing noise, with reported performance up to R? 91.2% in financial forecasting [8]. However, CNN cannot capture
long-term temporal dependencies, which are essential in financial time-series modeling.

To overcome these limitations, hybrid CNN-LSTM models combine CNN for local feature extraction and LSTM for
temporal dependency learning [17]. However, performance is not guaranteed, as it is influenced by dataset
characteristics, hyperparameter settings, and training strategies. Moreover, many studies focus mainly on R? without
sufficiently addressing robustness, generalization, and performance under volatile market conditions [ 18]. Differences
in datasets and evaluation protocols further limit fair comparison across studies. Therefore, there remains a research
gap in developing hybrid deep learning models that achieve high predictive performance while maintaining robustness
and stability under volatile financial conditions, particularly in emerging markets.

3. Methodology

This study adopts the CRISP-DM (Cross Industry Standard Process for Data Mining) framework as a systematic and
iterative approach for developing the stock price prediction model [19], [20]. Each phase is implemented to ensure a
structured workflow from data preparation to model evaluation. The overall research workflow is presented in figure
1.
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Figure 1. CNN-LSTM Model Workflow

Figure 1 illustrates the interconnections among the CRISP-DM phases, emphasizing their iterative nature. This iterative
structure enables model improvement through repeated validation and adjustment, ensuring alignment between
research objectives, data characteristics, and modeling outcomes. The overall workflow consists of data preprocessing,
normalization, sequence construction using a sliding window approach, feature extraction using CNN, temporal
modeling using LSTM, prediction using a Dense layer, and performance evaluation.

3.1. Business Understanding

The primary problem addressed is the high volatility of transportation sector stock prices, particularly during pandemic
and post-pandemic periods marked by inflation and structural market shifts. These nonlinear dynamics limit the
effectiveness of conventional statistical models. Therefore, this study aims to develop a hybrid CNN-LSTM model to
enhance prediction R? and robustness, while also analyzing the impact of different activation functions and optimizers
on model performance.

3.2. Data Understanding

This study utilizes daily historical stock price data of transportation sector companies listed on the Indonesia Stock
Exchange for the 2020-2025 period, obtained from Yahoo Finance. The dataset consists of six features: Open, High,
Low, Close, Adjusted Close, and Volume, which are used as input variables for model training. Daily data are selected
to capture market volatility and regime transitions more effectively. Prior to modeling, exploratory data analysis is
conducted to examine the data structure, distribution, and potential anomalies.

3.3. Data Preparation

Before modeling, the stock price data undergo preprocessing, including completeness checking, removal of invalid
values, and normalization to ensure data quality for optimal model training. Normalization standardizes variable scales
using min-max scaling Equation (1) [21]. The min-max normalization method is chosen due to its effectiveness in
preserving the original data distribution while scaling values into a fixed range.
X' = X — Xmin ( 1)
Xmax — Xmin

Where x is the original value, xi, and X, are the minimum and maximum values, and x’ is the normalized value
in the range of 0 to 1. This transformation ensures that all feature values are within the same scale, facilitating stable
gradient updates and faster convergence during model training. The normalization is applied to each ticker across six
features: Open, High, Low, Close, Adjusted Close, and Volume. After normalization, the data are transformed into a
supervised time-series format using a sliding window approach. A window size of 60 is used, corresponding to
approximately 2-3 months of daily trading data [22]. A stride of 1 is applied to generate overlapping sequences,
enabling full utilization of temporal information while effectively capturing short- to medium-term patterns.
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3.4. Modeling

At this stage, four models are developed: CNN, LSTM, Hybrid CNN-LSTM, and Optimized Hybrid CNN-LSTM.
Each model is designed to learn different characteristics of stock price time-series data. Specifically, the architectures
aim to capture both short-term local fluctuations and long-term temporal dependencies.

3.4.1. Convolutional Neural Network (CNN)

In this study, a one-dimensional Convolutional Neural Network (1D CNN) is implemented to extract short-term local
patterns from stock price time-series data, particularly to capture price fluctuations across adjacent time steps [23]. The
model processes input sequences with a shape of (60,6), representing 60 time steps and six features (Open, High, Low,
Close, Adjusted Close, and Volume). The convolution operation captures local temporal dependencies, as formulated
in Equation (2) [24].

k
hi=o0 ZWi-Xt—i"‘b 2)
i=1

Based on Equation (2), x;_; represents the input value at time step ¢ — i, w; denotes the convolution kernel weights,
b is the bias term, k is the kernel size. The function o (-) represents the activation function. The output h; corresponds
to the extracted feature at time step t. The CNN component is implemented using a Conv1D layer with 64 filters and
a kernel size of 3, as defined in the model configuration. The activation function is treated as a variable and determined
during the hyperparameter tuning process. This layer applies convolutional filters across the input sequence to extract
short-term features representing local price movements.

3.4.2. Long Short-Term Memory (LSTM)

LSTM is an extension of the Recurrent Neural Network (RNN) designed to model long-term dependencies in sequential
data [25]. In this study, LSTM is utilized to model long-term dependencies in stock price time-series data by processing
sequential input with a shape of (60,6), consistent with the input configuration used in the CNN model. The LSTM
operations are defined in Equations (3)-(8), which govern how information is updated and propagated across time steps.

iy = o(Wilhe—y,x¢] + by) 3)
ft=o0 (Wf[ht—l'xt] + bf) 4)
Ce = tanh(W[he_y, X¢] + bc) (5)
Ce=fOCq+i: O Ct (6)
ot = o(W,[h¢—1,%¢] + by) (7
hy = 0, © tanh (C;) (3)

In Equation (3), i; represents the input gate, which determines how much new information (x;) is allowed to enter the
cell state. In Equation (4), f;denotes the forget gate, which controls the extent to which previous information (C;_;)is
retained or discarded. In Equation (5), C; is the candidate cell state, representing new information that may be added
to the memory. In Equation (6), C; is the updated cell state, obtained by combining retained past information and new
candidate values. In Equation (7), o, represents the output gate, which determines which parts of the cell state are
exposed as output. Finally, in Equation (8), h; denotes the hidden state, which serves as the final output of the LSTM
at time step t. In this study, the LSTM layer is implemented with 50 units, followed by a Dense layer with a single
neuron to generate the predicted stock price. The activation function is treated as a variable and determined during the
hyperparameter tuning process. This configuration enables the model to selectively retain relevant historical
information and capture long-term temporal dependencies in nonlinear and non-stationary financial time-series data.

3.4.3. Hybrid CNN-LSTM

Figure 2 illustrates the architecture of the hybrid CNN-LSTM model used in this study. The model follows a sequential
structure consisting of an input sequence, a Conv1D layer, an LSTM layer, and a Dense output layer. This architecture
is implemented to enable a seamless combination of local feature extraction and sequential dependency learning within
a unified deep learning framework [26]. The CNN and LSTM components described in the previous sections are
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integrated sequentially in this architecture to form a unified prediction model capable of capturing both spatial (local)
and temporal features from stock price time-series data.

Convolution 1D Layer LSTM Layer L) Dense (Output)

Input Sequence —>»
ConviD 64 filters, kemel size 3 LSTM 50 units 1 neuron (Regresi)

Figure 2. llustration of the Hybrid Model Workflow

As shown in figure 2, the Conv1D layer applies 64 filters with a kernel size of 3 to extract local features from the input
sequence. This process enables the model to capture short-term patterns and price fluctuations across consecutive time
steps. The extracted features are then passed to an LSTM layer with 50 units, which models long-term dependencies
by learning temporal relationships and retaining relevant historical information. Finally, a Dense layer with a single
neuron produces the predicted stock price as the regression output. The CNN and LSTM components described in the
previous sections are integrated sequentially in this hybrid architecture to form a unified prediction model. The model
is implemented using a Sequential architecture, where the activation function is treated as a variable and determined
during the experimental phase. The model is compiled using the Mean Squared Error (MSE) loss function. The
implementation steps of this hybrid CNN-LSTM model are summarized in table 1.

Table 1. Hybrid CNN-LSTM Pseudocode [27]

Step Description

1 Initialize the model using the Sequential architecture.

2 Add a Conv1D layer with the activation function specified in the experiment to extract local features from the time-
series data.

Add an LSTM layer with the activation function specified in the experiment to model long-term temporal relationships.
Add a Dense layer with a single neuron as the regression output to generate stock price predictions.
Compile the model using the Mean Squared Error (MSE) loss function and the Adam optimizer.

Train the model using the training data and perform predictions on the testing data.

~N N W

Evaluate the prediction results to assess model performance.

3.4.4. Training Configuration of the Optimized Hybrid CNN-LSTM Model

The training process is conducted using a systematic hyperparameter tuning strategy based on a grid search approach,
where all combinations of activation functions and optimization algorithms are evaluated. This hyperparameter tuning
process is applied to the hybrid CNN-LSTM model to identify the optimal configuration. A total of 168 configurations
are tested under consistent experimental conditions. The activation functions include Linear, ReLU, Tanh, and
Sigmoid, while the optimizers include AdaDelta, AdaGrad, Adam, AdaMax, Nadam, RMSProp, and SGD, enabling a
comprehensive evaluation of optimization performance. Each configuration is trained for 50 epochs with a batch size
of 32 to ensure stable convergence while maintaining computational efficiency. All experiments are conducted using
the same dataset and preprocessing pipeline to ensure fairness and consistency in performance comparison [28].

3.5. Model Evaluation

The performance of the CNN-LSTM model is evaluated using MAE, MSE, RMSE, MAPE, and R? to capture error
characteristics in volatile financial time-series data. MAE quantifies the average magnitude of prediction errors without
considering direction, as shown in Equation (9). MSE and RMSE penalize large deviations more heavily, making them
suitable for financial forecasting under extreme fluctuations, as presented in Equations (11) and (12), while RMSE also
improves interpretability due to its original data scale. MAPE provides scale-independent percentage error for cross-
stock comparison but is sensitive to near-zero actual values, as defined in Equation (10). R* measures the proportion
of variance explained by the model, indicating the alignment between predicted and actual market movements, as
shown in Equation (13). In Equations (9)-(13), y;(or r,) denotes the actual value, ¥;(or 7;,) represents the predicted
value, and nor Nis the total number of observations. In Equation (9), | #;; — 15, | represents the absolute error between

predicted and actual values. In Equation (10), |yl;—y‘| denotes the relative error expressed as a percentage. In Equation
i

(11), (y;—9;)?represents the squared error, emphasizing larger deviations. In Equation (12), the square root of the
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average squared error is taken to obtain RMSE in the original data scale. In Equation (13), ¥ (y; — 9;)?represents the
residual sum of squares, while Y:(v; — ¥)?denotes the total sum of squares, where yis the mean of the actual values.
Overall, these metrics jointly capture absolute error (MAE), variance-sensitive error (MSE/RMSE), relative error
(MAPE), and explanatory power (R?), ensuring a comprehensive and robust evaluation of model performance under
highly volatile financial conditions [7].

=il — 1l

MAE = ="+~ — 9
N )
100 < yi — i
L=V
MAPE = Z |y J | (10)
n 4 yi
i=1
n
1 N
MSE = EZ(yl — 9i)? (11)
i=1

n
1
RMSE = ;Z(yi — i)? (12)
i=1

Bk =10i = 9i)’
X =1 (i —y0)?

RZ=1 (13)

3.6. Deployment

The trained hybrid CNN-LSTM model is deployed as an interactive web application using Streamlit (version 1.52.0).
The system allows users to select stock tickers, data periods, prediction horizons, and model configurations, while
providing visual outputs of historical data and forecasted stock prices. The deployment pipeline consists of four main
stages: data acquisition, data preprocessing, model inference, and result visualization. Overall, the system is
implemented through model preparation, application development, local validation, and web-based deployment to
ensure a robust and accessible real-time stock price prediction framework. To enhance usability, the system is designed
with a simple and responsive interface that enables efficient interaction for non-technical users.

4. Results and Discussion

4.1. Comparative R-squared of CNN, LSTM, CNN-LSTM, and Optimized CNN-LSTM Models

Before evaluating the hybrid architecture in detail, this study compares the predictive performance of four models:
CNN, LSTM, CNN-LSTM, and the optimized CNN-LSTM. As shown in figure 3, the results indicate clear
performance differences across all architectures. The CNN model achieves an R? of 75.50%, reflecting its ability to
extract local features from financial time-series data, although it remains limited in capturing long-term temporal
dependencies. In contrast, the LSTM model produces a lower R? of 36.52%, indicating difficulty in learning complex
nonlinear patterns in highly volatile stock price movements.

Comparison of R-squared Between CNN, LSTM, CNN-LSTM, and Optimize: d CNN-LSTM
94.83%

100 1

36.52%

CNN LSTM CNN-LSTM CNN-LSTM + Optimization
Mode!

Figure 3. Comparison of R> of All Models
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The CNN-LSTM hybrid model significantly improves performance, achieving an R? of 87.36%, demonstrating that
combining convolutional feature extraction with recurrent temporal modeling enhances predictive capability. The
optimized CNN-LSTM further improves performance, reaching the highest R?> of 94.83%, confirming that
hyperparameter optimization, including activation functions and optimizers, plays a crucial role in improving model
stability and generalization. Overall, the results indicate that standalone LSTM is insufficient for volatile financial
time-series forecasting. Incorporating convolutional layers improves feature representation by reducing noise and
capturing local patterns, while the hybrid architecture enhances temporal learning. The optimized CNN-LSTM
therefore provides the most robust and accurate forecasting performance.

4.2. Baseline Model Performance

The initial testing was conducted using the CNN-LSTM model with a standard (baseline) configuration and 50 training
epochs. The prediction results indicate that the model effectively tracks the actual stock price movement patterns across
all tested transportation sector stocks, as illustrated in figure 4, demonstrating its ability to capture underlying trend
dynamics. Figure 4 presents a multi-dimensional visualization of the baseline model performance, comprising bar
charts of elapsed time, MAE, MAPE, RMSE, and R-squared values for each stock, along with a pie chart illustrating
the proportional distribution of MSE. This visual representation enables a comparative assessment of prediction R?,
error magnitude, computational efficiency, and explanatory power across transportation sector stocks. The evaluation
of baseline performance is primarily based on quantitative metrics rather than visual inspection. While the model
appears to follow actual price movements, its performance varies significantly across stocks with different volatility
le. Stocks such as BPTR.JK, GIAA.JK, BIRD.JK, and PURA.JK exhibit relatively low MAE and RMSE values along
with high R-squared scores, indicating stable and accurate predictive performance. In contrast, LRNA.JK and TAXIL.JK
demonstrate larger prediction errors, which are associated with higher price volatility and more irregular market
behavior. This variation indicates that model performance is sensitive to volatility characteristics, where highly
fluctuating stocks tend to generate larger prediction deviations and reduced explanatory pow. The MAPE values and
MSE distribution further suggest that stocks with extreme fluctuations contribute more significantly to overall
prediction error. Overall, these results indicate that the baseline CNN-LSTM model provides satisfactory initial
performance; however, further optimization is required to improve prediction R? and stability, particularly for high-
volatility stocks.

Elapsed Time by Transportation Stock Mean Absolute Error by Transportation Stock R-Squared by Transportation Stock

032 0.062
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Figure 4. Performance of the Baseline CNN-LSTM Model on Transportation Sector Stocks

The quantitative evaluation demonstrates that the baseline CNN-LSTM model achieves an average R-squared value of
0.8736, indicating that approximately 87.36% of the variance in transportation sector stock prices can be explained by
the model. The average MAE 0.020782 and RMSE 0.028322 reflect relatively low and stable prediction errors across
most stocks. In addition, the average MSE of 0.001453 confirms that the squared deviation between predicted and
actual values remains minimal. The average MAPE of 11.47%, excluding GIAA.JK due to zero actual values during
certain periods, suggests that overall forecasting errors remain within an acceptable range for financial time-series
prediction under volatile market conditions. As presented in table 2, the detailed performance metrics for each stock
are summarized below.
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Table 2. Baseline CNN-LSTM

Stock Elapsed Time (min) MAE MAPE (%) MSE R-Squared RMSE
BIRD.JK 0.313586 0.018095 3.258978 0.000510 0.940755 0.022587
BPTR.JK 0.278153 0.005557 4.412538 0.000055 0.932529 0.007442
GIAAJK 0.324130 0.007510 inf* 0.000127 0.965608 0.011277
LRNA.JK 0.276895 0.026052 9.470308 0.001809 0.901341 0.042527
PURA.JK 0.289499 0.005559 11.841306 0.000058 0.963363 0.007626
TAXIJK 0.282006 0.061919 28.383594 0.006158 0.537937 0.078474

As summarized in table 2, the evaluation is not solely based on visual alignment but is supported by quantitative
performance metrics. The model demonstrates stronger performance on stocks with relatively stable price movements,
such as BIRD.JK, BPTR.JK, and PURA.JK, as indicated by lower MAE and RMSE values and higher R-squared
scores. In contrast, stocks exhibiting higher fluctuation intensity, such as TAXLJK (R* = 0.537937), show larger
prediction errors and reduced explanatory power. This trend aligns with the greater magnitude of price oscillations
observed in these stocks, indicating that sharper fluctuations are associated with increased prediction deviations. From
a theoretical perspective, such behavior is consistent with the non-stationary nature of financial time series, where
abrupt regime shifts and structural breaks introduce distributional changes that challenge deep learning models trained
under relatively stable patterns. These results suggest that while the CNN-LSTM architecture effectively integrates
local feature extraction and long-term temporal modeling, its predictive R> may decrease under conditions characterized
by extreme volatility and sudden market shocks.

4.3. Optimized Model Performance

Following baseline evaluation, the CNN-LSTM model was further optimized by exploring various combinations of
activation functions (Linear, ReLU, Sigmoid, and Tanh) and optimization algorithms (AdaDelta, AdaGrad, Adam,
AdaMax, Nadam, RMSProp, and SGD). A total of 168 model configurations were executed to systematically evaluate
the interaction between activation functions and optimizers, and the best-performing configuration for each stock was
selected based on the highest R-squared value and the lowest MAE and RMSE scores. The experimental results indicate
that model performance is highly sensitive to the selection of activation functions and optimizers. In several cases,
certain configurations produced negative R-squared values, indicating that the model failed to capture underlying data
patterns and performed worse than a naive mean-based predictor. Negative R-squared values indicate performance
deterioration below a naive mean-based predictor, reflecting instability caused by suboptimal hyperparameter
combinations when modeling highly volatile and non-stationary financial time-series data.

Overall, the optimized CNN-LSTM model achieves strong predictive performance across all datasets. The average R-
squared value of 0.9483 indicates that the model explains approximately 94.83% of the variance in transportation sector
stock prices. In addition, the average MAE and RMSE values of 0.011867 and 0.018751, respectively, demonstrate a
substantial reduction in prediction error compared to the baseline model. The average MSE of 0.000516 further
confirms reduced deviation between predicted and actual values, indicating improved model fitting after optimization.
A summary of the optimized CNN-LSTM model performance is presented in table 3.

Table 3. Optimized CNN-LSTM Performance

Metric Value
MAE (avg) 0.011867
RMSE (avg) 0.018751
MSE (avg) 0.000516
MAPE (avg) 6.261 %*

R-Squared (avg) 0.9483

MAPE is sensitive to near-zero actual values, particularly in certain periods of the GIAA.JK dataset; hence, it is
included only as a supplementary interpretability metric. MAE, RMSE, and R? are adopted as primary evaluation
metrics due to their numerical stability and robustness for financial time-series forecasting. A paired t-test on MAE
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across identical forecasting tasks per stock, treated as independent experimental units under consistent conditions,
shows a significant improvement in predictive performance (t = 3.21, df =27, p < 0.05) with a 95% confidence interval
excluding zero, confirming that the reduction in MAE is statistically significant and not due to random variation, as
summarized in table 4.

Table 4. Paired t-test Results

Statistic Value
t-statistic 3.21
degrees of freedom (df) 27
p-value <0.05
Mean difference (MAE) -0.00518
95% CI Lower -0.00890
95% CI Upper -0.00142
Alpha 0.05

4.4. Best Model for Each Stock

The experimental results reveal that the optimal combination of activation function and optimizer varies across stocks,
depending on their volatility characteristics and price movement patterns. This indicates that no single hyperparameter
configuration is universally optimal for all transportation sector stocks. As summarized in table 5, PURA.JK
demonstrates the best performance, with an R-squared value of 0.972540 and very low error levels (MAE = 0.004470;
RMSE = 0.006602). Comparable performance is observed for GIAA.JK (R-squared = 0.971203) and BIRD.JK (R-
squared = 0.961772), which also exhibit relatively small errors. BPTR.JK (R-squared = 0.952556) and TAXI.JK (R-
squared = 0.928492) perform well, although prediction errors for TAXI.JK are relatively higher compared to the other
stocks. In contrast, LRNA.JK shows the lowest R-squared value (0.911273) with the highest MAE (0.021760) and
RMSE (0.040329), making it the stock with the poorest model performance in this study. These performance
differences across stocks indicate that volatility levels affect the model’s ability to learn stock price patterns. Stocks
with relatively stable price movements tend to yield more accurate predictions, whereas highly fluctuating stocks are
more challenging to model precisely. This comparison highlights the variability of model performance across different
stocks under their respective optimal configurations.

Table 5. Best Model Configuration for Each Stock

Stock Activation Optimizer MAE RMSE R-Squared
BIRD.JK Linear Nadam 0.012949 0.018144 0.961772
BPTR.JK Linear Adam 0.004402 0.006241 0.952556
GIAAJK ReLU Nadam 0.006546 0.010319 0.971203
LRNA.JK Tanh Adam 0.021760 0.040329 0.911273
PURA.JK Linear Nadam 0.004470 0.006602 0.972540
TAXILJK Tanh Adam 0.021078 0.030871 0.928492

As a complement to the numerical analysis, figure 5 presents a comparison between the actual stock prices and the
predictions generated by the best CNN-LSTM configuration for each stock. The visual comparison confirms that the
proposed CNN-LSTM model closely follows the actual price trajectories, particularly for stocks with lower volatility.
However, deviations become more pronounced in highly volatile stocks, reflecting the inherent difficulty of capturing
abrupt market fluctuations. As part of the deployment stage, figures 6 and 7 present the web-based implementation of
the optimized hybrid CNN-LSTM model, including the user interface for parameter configuration and the visualization
of historical and forecasted prices along with evaluation metrics.
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Figure 6. Implementation Interface of the Optimized Figure 7. Historical and Forecasted Stock Prices with
Hybrid CNN-LSTM Stock Prediction System Performance Evaluation Metric

The stock price prediction results indicate that the CNN-LSTM model can effectively capture price movement patterns
across all analyzed transportation sector stocks. The best performance is observed in PURA.JK and BPTR.JK, where
predictions closely follow actual trends with relatively low deviation. BIRD.JK also shows strong alignment,
particularly during stable market conditions. For GIAA.JK, the model captures overall trend direction but exhibits
higher deviation during sharp price fluctuations. In contrast, for highly volatile stocks such as LRNA.JK and TAXIL.JK,
prediction errors increase due to rapid and abrupt price changes that are difficult to model. Overall, the results indicate
that the CNN-LSTM model is effective in learning medium-term trends but remains limited in handling extreme
volatility.

4.5. Discussion

The findings of this study demonstrate that the hybrid CNN-LSTM model delivers strong predictive performance in
modeling stock price movements within the transportation sector of the Indonesia Stock Exchange. The consistently
high R-squared values across most stocks indicate that the model effectively captures nonlinear relationships and
temporal dependencies inherent in financial time-series data. In particular, the model shows strong alignment with
actual price trajectories for stocks characterized by low to medium volatility. However, predictive R varies across
stocks, with higher fluctuation intensity generally associated with larger prediction errors, highlighting the influence
of volatility on model performance.

The hyperparameter optimization process further enhances model effectiveness compared to the baseline configuration.
This improvement is evidenced by reduced prediction errors and increased R-squared values across all examined
stocks. Following optimization, PURA.JK achieves the highest predictive performance (R? = 0.972540), followed by
GIAA.JK (0.971203), BIRD.JK (0.961772), BPTR.JK (0.952556), and TAXIL.JK (0.928492). In contrast, LRNA.JK
records the lowest R-squared value (0.911273), reflecting greater modeling difficulty in the presence of relatively
higher volatility. These results confirm that systematic hyperparameter optimization significantly enhances
convergence stability and generalization capability. As shown in table 6, the comparative predictive performance
between the proposed model and previous studies is summarized below.
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Table 6. Comparative Predictive Performance

Model R-squared
Previous Study LSTM 96.39% [7]
This Study CNN-LSTM 97.25%

Table 6 presents a comparison between the proposed CNN-LSTM model and prior LSTM-based studies. Although the
results indicate improved predictive performance, the comparison should be interpreted with caution due to differences
in datasets, particularly in time periods and sample composition, despite both studies focusing on the transportation
sector. While the comparison remains relevant due to shared sector characteristics and market volatility, differences in
data distribution, time horizon, and experimental settings may still influence the results. Therefore, the observed
improvement reflects not only model superiority but also dataset heterogeneity. Overall, the proposed CNN-LSTM
model, combined with systematic hyperparameter optimization, demonstrates strong potential for improving stock
price forecasting in the transportation sector under varying market conditions.

The variation in performance across stocks indicates that no single hyperparameter configuration is universally optimal.
Instead, stock-specific characteristics, particularly volatility and price dynamics, play a key role in model effectiveness.
The CNN-LSTM model performs well during relatively stable market conditions, but prediction errors increase during
periods of sharp fluctuations. This behavior is consistent with the non-stationary nature of financial time series, where
regime shifts and structural breaks introduce sudden distributional changes that challenge forecasting models. Overall,
the hybrid architecture is effective in capturing medium-term nonlinear patterns but shows reduced accuracy under
extreme volatility driven by external shocks.

Empirical Contributions in this study demonstrate that the optimized CNN-LSTM model significantly improves
predictive performance compared to both the baseline configuration and prior LSTM-based studies. The model
achieves higher R-squared values and lower prediction errors across multiple transportation sector stocks. Additionally,
the results indicate that model performance varies depending on stock volatility, where highly fluctuating stocks tend
to produce larger prediction errors.

Theoretical and Methodological Contributions from a theoretical perspective, the findings reinforce the complementary
roles of CNN and LSTM architectures in modeling nonlinear and non-stationary financial time-series data, where
convolutional layers capture local patterns while recurrent layers model long-term temporal dependencies. From a
methodological perspective, the study highlights that systematic hyperparameter optimization is a critical factor in
improving model robustness and convergence stability. Furthermore, the heterogeneity in optimal configurations across
stocks suggests that volatility-aware parameter selection should be considered an integral component in designing
adaptive deep learning models for financial forecasting.

5. Conclusion

This study evaluates the effectiveness of a hybrid CNN-LSTM architecture in predicting stock prices of transportation
sector companies listed on the Indonesia Stock Exchange. The results show that integrating convolution-based feature
extraction with long-term temporal dependency modeling demonstrates improved performance compared to standalone
deep learning models, with the optimized CNN-LSTM achieving an R? of 94.83%. This improvement indicates that
combining spatial feature extraction and sequential learning enhances the model’s ability to capture complex market
dynamics. At the individual stock level, PURA.JK achieves the highest R? of 97.25%, while GIAA.JK and BIRD.JK
also demonstrate strong predictive performance, indicating that stock price volatility significantly affects model
outcomes, where more stable stocks tend to yield better results than highly volatile ones. These findings further suggest
that market stability plays a crucial role in model accuracy. However, several limitations should be considered in
interpreting the results.

However, several limitations should be considered when interpreting the results. First, the study is limited to the
transportation sector within the Indonesian stock market, which restricts the generalizability of the proposed model.
Second, the evaluation is conducted solely on historical data, meaning that the model has not been tested in real-time
or live trading environments; therefore, its performance under real-world streaming conditions remains uncertain. In
addition, although the model has been deployed as an interactive web application using the Streamlit framework, the
implementation is still based on historical data and is not integrated with real-time data sources. Consequently, the
current system remains a simulation-based (offline deployment) framework rather than a fully operational real-time
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prediction system. Third, the experimental results indicate that model performance is sensitive to hyperparameter
configurations, including the number of epochs, learning rate, batch size, and network architecture, suggesting that
different datasets and stock characteristics require tailored parameter optimization. Moreover, although the model
achieves strong performance in terms of R?, the Mean Absolute Percentage Error (MAPE) remains relatively high in
certain cases, indicating difficulties in capturing extreme price fluctuations and sudden market volatility. For future
work, the model should be evaluated on a broader range of financial instruments, including commodities,
cryptocurrencies, and multi-sector equities, and further enhanced through external validation, volatility-aware
mechanisms, ensemble learning strategies, macroeconomic variables, and sentiment analysis to improve robustness
and generalization. To address the MAPE limitation, future studies may incorporate volatility-aware loss functions,
robust scaling techniques, or attention-based hybrid architectures. Furthermore, the development of a real-time
prediction system is strongly recommended by integrating streaming data pipelines (e.g., market data APIs),
implementing online learning mechanisms, and deploying the model as a scalable web service or interactive dashboard
to enable real-time and adaptive forecasting under dynamic market conditions. Additionally, adaptive hyperparameter
optimization techniques such as Bayesian optimization or evolutionary algorithms may further improve model stability
across diverse datasets and market regimes.
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