
Jurnal Teknik Informatika (JUTIF)   Vol. 7, No. 3, June 2026, Page. 2340-2349 
P-ISSN: 2723-3863   https://jutif.if.unsoed.ac.id                                       

E-ISSN: 2723-3871   DOI: https://doi.org/10.52436/1.jutif.2026. 7.3.5355 

 

 

2340 

Comparative Analysis of Hyperparameter Optimization Methods for 

LSTM in Cryptocurrency Price Prediction: An Application to TRX–USD 

Dasril Aldo*1,  Muhammad Raafi'u Firmansyah2, Muhammad Afrizal Amrustian3 

1,2Informatics Engineering Study Program, Telkom University, Purwokerto 53147, Jawa Tengah, 

Indonesia 
3Department of Information and Computer Science, King Fahd University of Petroleum and Minerals, 

Dhahran 31261, Saudi Arabia   

 

Email: 1dasrilaldo@telkomuniversityl.ac.id   

Received : Sep 29, 2025; Revised : Dec 4, 2025; Accepted : Jan 19, 2026; Published : Jun 15, 2026  

Abstract 

The rapid growth of cryptocurrencies increases the demand for accurate forecasting models to support investment 

decisions and automated trading systems. This study analyzes and compares the performance of several 

hyperparameter optimization methods applied to a Long Short-Term Memory (LSTM) model for predicting the price 

of TRX–USD. The dataset consists of 2,096 daily historical records obtained from the Binance platform, including 

open, high, low, close, volume, and percentage change, with the closing price selected as the forecasting target. A 

baseline LSTM model was evaluated against six optimization techniques: Grid Search, Random Search, Bayesian 

Optimization (Hyperopt), Optuna, Particle Swarm Optimization (PSO), and Genetic Algorithm (GA). Experimental 

results show that GA provides the best performance with an R² score of 0.88, MAE of 0.0123, RMSE of 0.0189, and 

a validation loss of 0.069. In contrast, Random Search yields the lowest performance, achieving an R² of only 0.2979. 

These findings highlight significant performance gaps among optimization strategies and demonstrate the superiority 

of metaheuristic-based approaches over conventional tuning methods. This research contributes to the advancement 

of computational intelligence by providing empirical evidence on the effectiveness of hyperparameter optimization 

techniques for deep learning–based time series forecasting, particularly in high-volatility financial environments.   
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1. INTRODUCTION 

The rapid growth of the cryptocurrency market has attracted great attention from researchers, 

investors, to policymakers. Unlike traditional financial assets, the price of cryptocurrencies is influenced 

by a variety of complex factors such as market sentiment, trading volume, as well as macroeconomic 

indicators, which makes the price forecasting process very challenging [1], [2], [3]. Among the different 

types of cryptocurrencies, TRON (TRX) has emerged as one of the most traded digital assets as well as 

has a significant role in the ecosystem of decentralized applications and blockchain-based financial 

services [4], [5], [6]. Based on data from TradingView, TRX is among the top 10 crypto assets with the 

most transaction activity in the world, occupying the 9th position. This fact shows that TRX is a very 

active, liquid, and relevant digital asset to be used as a case study. The high frequency of such 

transactions reinforces the reason for choosing TRX/USD in this study because the price prediction 

results of high-volume assets will have significant practical implications for trading strategies and risk 

management. 

In the realm of machine learning, Long Short-Term Memory (LSTM) has proven to be superior 

in handling time series data that has long-term dependency [7], [8]. This model is widely used in stock 

price forecasting, energy, and digital currencies because of its ability to capture complex historical 
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patterns [9], [10]. However, LSTM performance is greatly influenced by the selection of 

hyperparameters such as the number of neuron units, dropout rate, and learning rate [11]. Improper 

selection of hyperparameters can cause the model to underfit or overfit, thereby degrading the 

generalization ability of new data [12], [13]. 

Most previous research has focused on the use of LSTMs for cryptocurrency price prediction, but 

few have provided a comprehensive analysis of how hyperparameter optimization methods affect the 

model's performance [14], [15], [16], [17]. Conventional methods such as Grid Search and Random 

Search are often used, but they have limitations in terms of efficiency and exploration of a wide 

parameter space [18], [19]. In contrast, metaheuristic-based optimization approaches and modern 

algorithms such as Bayesian Optimization, Optuna, Particle Swarm Optimization (PSO), and Genetic 

Algorithm (GA) offer better potential in finding optimal hyperparameter combinations with more 

efficient computational time [20], [21], [22]. 

Based on this background, this study aims to conduct a comparative analysis of various 

hyperparameter optimization methods on the LSTM model in predicting the price of TRX/USD. This 

study specifically compares the performance of Grid Search, Random Search, Bayesian Optimization, 

Optuna, PSO, and GA by considering evaluation metrics such as Mean Absolute Error (MAE), Root 

Mean Squared Error (RMSE), and R² Score. 

The main contribution of this study is to provide an in-depth understanding of the effectiveness 

of various hyperparameter optimization methods on the performance of LSTMs in the context of 

cryptocurrency price prediction. In addition, this research is expected to be a reference for artificial 

intelligence-based trading system developers and academics who focus on the topic of time series 

forecasting and financial technology. 

2. METHOD 

The methodology of this research is systematically designed to ensure that the analysis process 

runs in accordance with the set objectives. The research stage starts from dataset processing and 

preprocessing, followed by the construction of the LSTM baseline model, then hyperparameter 

optimization is carried out using various approaches, until the final stage in the form of model 

performance evaluation with predetermined metrics. Figure 1 below shows the flow of the research 

methodology used. 

 

 
Figure 1. Research Methodology 

 

Dataset and Preprocessing 

The dataset used in this study consists of 2096 daily historical TRX/USD price data from the 

Binance platform. The available attributes include the transaction date, the opening price, the high price, 

the low price, the closing price/close, the trading volume (vol), and the percentage of daily price change 

(change). Out of all these attributes, the closing price is chosen as the target variable because it is widely 

considered to be the most relevant price representation in technical analysis, while the other attributes 

are used as supporting input variables. Statistical analysis shows that the price of TRX/USD has a 

minimum value of 0.00843 USD, a maximum of 0.4336 USD, with an average of 0.1036 USD and a 

standard deviation of 0.0814, which confirms a fairly high level of price volatility throughout the data 

period. Trading volumes recorded in units of million (M) or billion (B) as well as percentage price 

changes in percentage format require a pre-processing stage before they can be used further in the model. 
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Overall, this dataset is considered representative for investigating the performance of LSTM models 

with various hyperparameter optimization methods in predicting TRX/USD price movements. 

 

 
Figure 2. TRX/USD Closing Price Movement from 2019 to 2025 

 

The pre-processing stage is carried out to ensure the quality of the data before use. This process 

includes cleaning of missing or anomalous values, normalization using the Min-Max Scaler so that all 

features are in the range [0,1], and the formation of a sliding window to produce a sequence of time 

series that corresponds to the characteristics of the LSTM. The dataset is then divided into three parts, 

namely 70% for training, 15% for validation, and 15% for testing. 

 

 
Figure 3. Splitting Data 

 

LSTM Baseline Model 

As a first step, a baseline model was built with the standard LSTM architecture consisting of a 

single LSTM layer, a dropout layer, and  a dense layer  to generate price predictions. This model was 

trained using an Adam optimizer with  an initial learning rate of 0.001 and Mean Squared Error (MSE) 

as a loss function. The baseline results were used as a comparison in evaluating the effectiveness of the 

hyperparameter optimization method.  

 

https://jutif.if.unsoed.ac.id/


Jurnal Teknik Informatika (JUTIF)   Vol. 7, No. 3, June 2026, Page. 2340-2349 
P-ISSN: 2723-3863   https://jutif.if.unsoed.ac.id                                       

E-ISSN: 2723-3871   DOI: https://doi.org/10.52436/1.jutif.2026. 7.3.5355 

 

 

2343 

Hyperparameter Optimization Methods.  

Six hyperparameter optimization approaches were compared in this study, namely [22], [23], [24], [25], 

[26], [27]: 

1. Grid Search – explores all predefined hyperparameter combinations. 

2. Random Search – selects a combination of hyperparameters randomly in the search space. 

3. Bayesian Optimization (Hyperopt) – uses  the Tree-structured Parzen Estimator approach  for 

adaptive exploration. 

4. Optuna – a modern optimization library with  a flexible define-by-run interface. 

5. Particle Swarm Optimization (PSO) – a metaheuristic algorithm that mimics the behavior of a 

particle swarm. 

6. Genetic Algorithm (GA) – an evolutionary algorithm based on natural selection, mutation, and 

crossover. Optimized hyperparameters include the number of LSTM units, dropout rate, and 

learning rate. 

Evaluation Metrics 

Model performance evaluation is carried out using several key metrics, namely [28], [29], [30], [31]: 

1. Mean Absolute Error (MAE) to measure the mean of absolute error. 

2. Root Mean Squared Error (RMSE) to calculate the average square root of the error. 

3. R² Score to assess the degree of variation in data that the model can explain. 

4. In addition, validation loss is also used as an indicator of performance during training. 

The entire experiment was conducted using Python with the TensorFlow/Keras library  for 

LSTM implementation. The hyperparameter optimization process is carried out using scikit-learn (Grid 

Search, Random Search), Hyperopt, Optuna, and pymoo for PSO and GA.  

3. RESULT 

The results of this study present the performance of the LSTM model in predicting the price of 

TRX/USD using various hyperparameter optimization methods. Evaluation was carried out using MAE, 

RMSE, R², and validation loss metrics. The baseline model was compared with six optimization 

methods, namely Grid Search, Random Search, Bayesian Optimization, Optuna, PSO, and GA. A 

summary of the results of the evaluation of all models is shown in Table 1 as the basis for comparing 

the effectiveness of each method. 

 

Table 1. Evaluation Results 

Method Validation Loss (MSE) IT IS RMSE R² 

Baseline 0.000136 0.0232 0.0283 0.5714 

Grid Search 0.000138 0.0311 0.0340 0.3800 

Random Search 0.000093 0.0320 0.0363 0.2979 

Bayesian Opt. 0.000075 0.0240 0.0278 0.2656 

Optuna 0.000066 0.0135 0.0195 0.7956 

PSO 0.000070 0.0147 0.0203 0.7725 

GA 0.000069 0.0123 0.0189 0.8088 

Based on Table 1, it can be seen that there is a significant variation in performance between 

hyperparameter optimization methods. The baseline model showed a MAE value of 0.0232 and an 

RMSE of 0.0283 with an R² of 0.5714. This shows that LSTM is able to model TRX/USD price 

movement patterns, but its accuracy is still limited. 

Conventional methods such as Grid Search and Random Search actually produce performance 

that is less good than the baseline. Grid Search only reaches R² at 0.3800, while Random Search is even 
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lower at R² 0.2979. This can be explained by the fact that the vast hyperparameter search space cannot 

be explored efficiently with brute force or random sampling approaches. 

In contrast, adaptive and metaheuristic-based methods show much better results. Bayesian 

Optimization results in  relatively low validation loss, but the R² value in the test data is only 0.2656, 

indicating an overfitting of the validation data. Optuna managed to significantly improve its performance 

with MAE 0.0135, RMSE 0.0195, and R² reaching 0.7956. PSO also showed a competitive result with 

R² 0.7725. However, the best performance is shown by the Genetic Algorithm (GA), which reached a 

high R² of 0.8088 with an MAE of 0.0123 and an RMSE of 0.0189, making it the most effective method 

in optimizing the LSTM hyperparameter for TRX/USD price prediction. 

Overall, these results confirm that metaheuristic approaches such as GA and PSO are able to 

provide better generalizations than conventional methods. Meanwhile, Optuna is emerging as an 

efficient modern alternative with performance close to GA. To provide a clearer picture of the 

predictability of each model, the results of the comparison between the actual value and the predicted 

value are shown in Figure 3, which shows how tight the prediction curve of the best model follows the 

actual price pattern of TRX/USD. 

 

 
Figure 3. Comparison Chart Results 

 

Figure 3 shows a comparison between the actual value of TRX/USD with the predicted results 

from the baseline LSTM model and six hyperparameter optimization methods. The black line represents 

actual data, while the colored line shows the predicted results of each model. From the visualization, it 

can be seen that most models manage to follow the general pattern of price movements, but there are 

differences in accuracy between methods. 

Metaheuristic optimization-based models such as GA (magenta) and PSO (cyan), as well as 

modern approaches such as Optuna (purple) show prediction curves that are closest to the actual line. In 

contrast, conventional methods such as Grid Search (blue) and Random Search (green) result in greater 

deviations, especially during periods of sharp price fluctuations. This confirms the results of the 

quantitative evaluation in Table 1, where GA obtained the highest R² value, followed by Optuna and 

PSO. 

To emphasize the best performance, Figure 4 shows the results of  the Genetic Algorithm (GA) 

prediction  compared to the actual value of TRX/USD. It can be seen that GA's prediction line is able to 

follow the actual price pattern very well, including sharp upward and downward trends. This shows that 
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GA managed to find the optimal combination of hyperparameters, thereby improving the 

generalizability of the LSTM model in predicting cryptocurrency price movements. 

 

 
Figure 4. GA Results 

 

Figure 4 shows a comparison between the actual price of TRX/USD and the prediction results 

generated by the LSTM model optimized using Genetic Algorithm (GA). It can be seen that the GA 

prediction line (green) is able to follow the actual price pattern (black) very well, both in the upward 

and downtrend phases. This degree of proximity confirms the results of previous quantitative 

evaluations (Table 1), in which GA obtained the highest R² score (0.8088) and the lowest prediction 

error. This confirms that GA is able to find optimal hyperparameter combinations, thus providing 

superior generalizations over other methods. 

In contrast, to highlight the performance contrast, Figure 5 shows the predicted results of Random 

Search, which is the worst-performing method. From the graph it can be seen that although the Random 

Search prediction line (red) still follows the general direction of price movement, there is a considerable 

deviation from the actual line especially during periods of sharp fluctuations. This is consistent with the 

evaluation values in Table 1, where Random Search yields the lowest R² score (0.2979), indicating the 

limitations of this approach in exploring hyperparameter spaces effectively. 

Figure 5 shows the results of a comparison between the actual price of TRX/USD and the LSTM 

model predictions optimized using Random Search. The dotted red line depicts the predicted outcome, 

while the black line indicates the actual price. It is seen that although Random Search is able to follow 

the general direction of price movements, considerable deviations occur especially in the phase of sharp 

fluctuations. This suggests that this method is less effective in finding optimal hyperparameter 

combinations, resulting in performance that is far below the best models such as GA. These findings are 

also in line with the quantitative evaluation in Table 1, where Random Search obtained the lowest R² 

score (0.2979) and relatively high prediction errors. 

Overall, the results of this study show that the selection of hyperparameter optimization methods has a 

significant effect on the performance of LSTMs in predicting cryptocurrency prices. Conventional 

approaches such as Grid Search and Random Search have proven to be less efficient, while modern 

metaheuristic-based and optimization methods such as Genetic Algorithm (GA), Optuna, and PSO show 

substantial improvements in accuracy. 

GA proved to be the best method with the highest evaluation value and prediction visualization that 

comes closest to actual data, while Random Search was the method with the lowest performance. These 

https://jutif.if.unsoed.ac.id/
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results provide empirical evidence that adaptive optimization strategies are superior in addressing the 

complexity of the LSTM hyperparameter space for TRX/USD price prediction. 

 

 
Figure 5. Random Search Results  

4. DISCUSSIONS 

The results of this study show that the selection of hyperparameter optimization methods has a 

significant effect on the performance of the LSTM model in predicting cryptocurrency prices. The 

evaluation in Table 1 shows that the Genetic Algorithm (GA) gives the best results with an R² of 0.8088 

and the lowest prediction error value, while Random Search shows the worst performance with an R² of 

only 0.2979. This difference confirms that adaptive and metaheuristic optimization methods are superior 

to conventional approaches, especially in complex and high-dimensional hyperparameter spaces. 

These findings are consistent with several studies emphasizing that hyperparameter optimization 

significantly enhances deep learning performance for financial time series forecasting. Kervanci et al. 

(2023) showed that tuning LSTM, GRU, and hybrid architectures using Bayesian Optimization, Random 

Search, and Grid Search improves prediction accuracy in Bitcoin price forecasting [23]. Similarly, Ulum 

and Girsang (2022) demonstrated that metaheuristic approaches such as the Symbiotic Organism Search 

algorithm can effectively optimize LSTM hyperparameters and reduce prediction errors in stock market 

forecasting [32]. Furthermore, Yildirim and Taskiran (2024) reported that modern optimization 

frameworks like Optuna enable deep learning models to better capture cryptocurrency price patterns, 

outperforming manually tuned configurations [33]. These studies reinforce the evidence observed in this 

research that adaptive and metaheuristic-based optimization methods generally achieve superior 

generalization compared to conventional tuning strategies in highly volatile financial environments. 

From a practical perspective, the results of this study provide important implications for the digital 

finance industry. By utilizing the right optimization methods, the LSTM model can generate more 

reliable trading signals, support investment decision-making, and improve risk management in high-

volatility assets such as TRX/USD. In particular, GA, Optuna, and PSO can be considered as promising 

optimization strategies in building artificial intelligence-based trading systems. 

However, there are some limitations that need to be considered. This research dataset only focuses 

on historical data from one exchange (Binance), so the generalization of results still needs to be tested 

on cross-exchange data. In addition, the study only explored LSTMs, while other models such as the 

GRU or Transformer have the potential to provide better performance in certain scenarios. Therefore, 

further research can be directed towards testing more diverse models as well as a combination of multi-

algorithm optimization to improve prediction robustness. 
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Overall, these results reinforce the view that the integration of adaptive hyperparameter 

optimization methods into deep learning models is able to improve the performance of cryptocurrency 

price predictions. These findings not only support the current academic literature, but also open up wider 

practical implementation opportunities in the context of dynamic digital asset trading. 

5. CONCLUSIONS 

This study confirms that the selection of hyperparameter optimization methods plays an important 

role in improving the performance of the LSTM model for cryptocurrency price prediction. The case 

study on TRX/USD shows that modern metaheuristic-based methods and optimizations consistently 

outperform conventional approaches. Genetic Algorithm (GA) proved to be the best method with the 

highest accuracy and strong generalization, followed by Optuna and PSO, while Random Search was 

the method with the lowest performance. These results provide an empirical contribution that enriches 

the literature on the application of hyperparameter optimization in deep learning models for digital asset 

price forecasting. 

In addition to making academic contributions, this research also has significant practical 

implications. Prediction models with optimal hyperparameters can support investors, trading system 

developers, and financial institutions in making more informed decisions and reducing risks in the highly 

volatile crypto market. However, there is still room for development, especially in the expansion of 

cross-exchange data and comparison with other architectures such as GRU or Transformer. Thus, further 

research is expected to expand the scope of experiments while testing the integration of various 

optimization methods to obtain more robust and applicable results in the context of dynamic digital 

financial markets. 

This study shows the effectiveness of the hyperparameter optimization method in improving the 

performance of LSTM for cryptocurrency price prediction, specifically TRX/USD. However, there are 

several directions for further research that can be carried out. First, future research could expand the 

dataset to include more types of cryptocurrencies as well as a longer time span so that the predictive 

results have better generalizations. Second, alternative deep learning architectures such as GRU, 

Transformer, or hybrid models that combine CNN-LSTM can be explored to capture more complex 

temporal patterns. Third, the addition of external features such as macroeconomic indicators, investor 

sentiment, and blockchain network metrics has the potential to increase the accuracy of predictions. 

Finally, further experiments on the application of distributed training systems and real-time predictions 

can also be conducted to provide insights into the practical implementation of optimized LSTM models 

in real trading environments. 

CONFLICT OF INTEREST 

The authors declare that there is no conflict of interest regarding the publication of this paper. No 

financial or non-financial relationships exist between the authors and any parties that could have 

influenced the results or interpretation of this research. 

ACKNOWLEDGEMENT 

The authors would like to express their sincere gratitude to Telkom University for the support, 

facilities, and academic environment that made this research possible. 

REFERENCES 

[1] D. L. John, S. Binnewies, and B. Stantic, “Cryptocurrency Price Prediction Algorithms: A 

Survey and Future Directions,” Forecasting, 2024, doi: 10.3390/forecast6030034. 

https://jutif.if.unsoed.ac.id/


Jurnal Teknik Informatika (JUTIF)   Vol. 7, No. 3, June 2026, Page. 2340-2349 
P-ISSN: 2723-3863   https://jutif.if.unsoed.ac.id                                       

E-ISSN: 2723-3871   DOI: https://doi.org/10.52436/1.jutif.2026. 7.3.5355 

 

 

2348 

[2] R. Abraham, “A Formulation of Investor Sentiment of Cryptocurrencies and Cryptocurrency 

Futures and Options,” Theoretical Economics Letters, 2024, doi: 10.4236/tel.2024.142032. 

[3] M. G. Ghouri and M. Ashraf, “The Prediction of Cryptocurrency Prices Using Neural 

Architectures and Sentiment Analysis,” VFAST Transactions on Software Engineering, 2022, 

doi: 10.21015/vtse.v10i4.1155. 

[4] J. M. Low, Z. J. Tan, T. Y. Tang, and N. M. Salleh, “Deep Learning and Sentiment Analysis-

Based Cryptocurrency Price Prediction,” pp. 40–51, 2023, doi: 10.1007/978-981-99-7339-2_4. 

[5] I. G. Kabo, G. N. Obunadike, and N. A. Samaila, “Sentiment-Driven and Economic Indicators 

for Bitcoin Price Forecasting: A Hybrid Time Series Model,” Journal of Science Research and 

Reviews, 2025, doi: 10.70882/josrar.2025.v2i1.34. 

[6] C.-C. Hsu, P.-H. Lu, J.-S. Chu, and Y.-N. Chang, “Sentiment-Driven LSTM Analysis of Bitcoin 

Price: Uncovering Insights from Tweets and Macroeconomics Data,” 2024 IEEE 48th Annual 

Computers, Software, and Applications Conference (COMPSAC), pp. 285–290, 2024, doi: 

10.1109/COMPSAC61105.2024.00047. 

[7] D. R. Sanjaya, B. Surarso, and T. Tarno, “Stock Price Forecasting on Time Series Data Using 

the Long Short-Term Memory (LSTM) Model,” International Journal of Current Science 

Research and Review, 2024, doi: 10.47191/ijcsrr/v7-i12-26. 

[8] D. David, W. Praveenraj, M. Pandey, and M. Victor, “Time Series Forecasting of Stock Market 

Volatility Using LSTM Networks,” 2023 4th International Conference on Computation, 

Automation and Knowledge Management (ICCAKM), pp. 1–8, 2023, doi: 

10.1109/ICCAKM58659.2023.10449596. 

[9] Z. Xu, X. Zhang, and Z. Zhou, “Cryptocurrency Portfolio Optimisation Based on LSTM Time 

Series Forecasting,” Applied and Computational Engineering, 2025, doi: 10.54254/2755-

2721/2025.22255. 

[10] N. Shakhovska, V. Shymanskyi, and M. Prymachenko, “FractalNet-LSTM Model for Time 

Series Forecasting,” Computers, Materials &amp; Continua, 2025, doi: 

10.32604/cmc.2025.062675. 

[11] T. Hao, G. Song, and H. Du, “APSO-TA-LSTM: a long and short term memory model 

combining time attention and adaptive particle swarm optimization for stock forecasting,” 

International Journal of General Systems, vol. 52, pp. 876–893, 2023, doi: 

10.1080/03081079.2023.2222888. 

[12] K. Gajamannage, Y. Park, and D. Jayathilake, “Real-time forecasting of time series in financial 

markets using sequentially trained dual-LSTMs,” Expert Syst. Appl., vol. 223, 2023, doi: 

10.1016/j.eswa.2023.119879. 

[13] P. H. Vuong, T. T. Dat, T. K. Mai, P. H. Uyen, and P. Bao, “Stock-Price Forecasting Based on 

XGBoost and LSTM,” Comput. Syst. Sci. Eng., vol. 40, pp. 237–246, 2022, doi: 

10.32604/csse.2022.017685. 

[14] N. Hafidi, Z. Khoudi, M. Nachaoui, and S. Lyaqini, “Cryptocurrency Price Prediction with 

Genetic Algorithm-based Hyperparameter Optimization,” Statistics, Optimization &amp; 

Information Computing, 2025, doi: 10.19139/soic-2310-5070-2035. 

[15] J.-H. Kim and H. Sung, “Understanding Bitcoin Price Prediction Trends under Various 

Hyperparameter Configurations,” Comput., vol. 11, 2022, doi: 10.3390/computers11110167. 

[16] I. sibel Kervanci and F. Akay, “LSTM Hyperparameters optimization with Hparam parameters 

for Bitcoin Price Prediction,” Sakarya University Journal of Computer and Information 

Sciences, vol. 6, no. 1, pp. 1–9, Apr. 2023, doi: 10.35377/saucis...1172027. 

[17] H. Shamshad, F. Ullah, S. A. A. Shah, M. Faheem, and B. Shamshad, “OPTICALS: A Novel 

Framework for Optimizing Predictive Trading Indicators in Cryptocurrency Using Advanced 

Learning Simulations,” IEEE Access, vol. 13, pp. 61078–61090, 2025, doi: 

10.1109/ACCESS.2025.3556881. 

[18] Y. Rimal, N. Sharma, and A. Alsadoon, “The accuracy of machine learning models relies on 

hyperparameter tuning: student result classification using random forest, randomized search, 

grid search, bayesian, genetic, and optuna algorithms,” Multim. Tools Appl., vol. 83, pp. 74349–

74364, 2024, doi: 10.1007/s11042-024-18426-2. 

https://jutif.if.unsoed.ac.id/


Jurnal Teknik Informatika (JUTIF)   Vol. 7, No. 3, June 2026, Page. 2340-2349 
P-ISSN: 2723-3863   https://jutif.if.unsoed.ac.id                                       

E-ISSN: 2723-3871   DOI: https://doi.org/10.52436/1.jutif.2026. 7.3.5355 

 

 

2349 

[19] R. Muzayanah, D. A. A. Pertiwi, M. Ali, and M. A. Muslim, “Comparison of gridsearchcv and 

bayesian hyperparameter optimization in random forest algorithm for diabetes prediction,” 

Journal of Soft Computing Exploration, 2024, doi: 10.52465/joscex.v5i1.308. 

[20] A. A. S. Hameed and C. Ravi, “Bitcoin price prediction using optimized multiplicative long 

short term memory with attention mechanism using modified cuckoo search optimization,” 

Concurrency and Computation: Practice and Experience, vol. 34, 2022, doi: 10.1002/cpe.7384. 

[21] D. Tiwari, B. Bhati, B. Nagpal, A. Al-Rasheed, M. Getahun, and B. O. Soufiene, “A swarm-

optimization based fusion model of sentiment analysis for cryptocurrency price prediction,” 

Scientific Reports, vol. 15, 2025, doi: 10.1038/s41598-025-92563-y. 

[22] P. Pravin, J. Zhi, M. Tan, and Z. Wu, “Performance evaluation of various hyperparameter tuning 

strategies for forecasting uncertain parameters used in solving stochastic optimization 

problems,” 2022 IEEE International Symposium on Advanced Control of Industrial Processes 

(AdCONIP), pp. 301–306, 2022, doi: 10.1109/AdCONIP55568.2022.9894224. 

[23] I. Kervanci, M. Akay, and E. Özceylan, “Bitcoin price prediction using LSTM, GRU and hybrid 

LSTM-GRU with bayesian optimization, random search, and grid search for the next days,” 

Journal of Industrial and Management Optimization, 2023, doi: 10.3934/jimo.2023091. 

[24] K. G. Kumar, T. S. Kumar, B. M. Reddy, A. C. Sai, and S. R. N. Reddy, “Bitcoin Price Trends: 

A Neural Network Approach with RNN & LSTM,” 2025 International Conference on 

Intelligent Computing and Control Systems (ICICCS), pp. 1207–1213, 2025, doi: 

10.1109/ICICCS65191.2025.10984756. 

[25] B. Yildirim and M. Taskiran, “Optuna Based Optimized Transformer Model Approach in 

Bitcoin Time Series Analysis,” 2024 26th International Conference on Digital Signal 

Processing and its Applications (DSPA), pp. 1–6, 2024, doi: 

10.1109/DSPA60853.2024.10510091. 

[26] D. S. N. Ulum and A. S. Girsang, “Hyperparameter Optimization of Long-Short Term Memory 

using Symbiotic Organism Search for Stock Prediction,” International Journal of Innovative 

Research and Scientific Studies, 2022, doi: 10.53894/ijirss.v5i2.415. 

[27] I. A. Ibrahim, “Improved Grid Search Algorithm for Optimal LSTM Performance: A Case Study 

on Australian Electricity Price Forecasting,” 2024 IEEE Power & Energy Society General 

Meeting (PESGM), pp. 1–5, 2024, doi: 10.1109/PESGM51994.2024.10688849. 

[28] S. Syed, A. Iqbal, W. Mehmood, Z. Syed, M. Khan, and G. Pau, “Split-Second Cryptocurrency 

Forecast Using Prognostic Deep Learning Algorithms: Data Curation by Deephaven,” IEEE 

Access, vol. 11, pp. 128644–128654, 2023, doi: 10.1109/ACCESS.2023.3331652. 

[29] N. Ibrahim, N. Ahmad, N. Amalina Mat Jan, Z. Zainudin, N. Syafidah Jamil, and A. Azlan, 

“Comparative Analysis of ARIMA and LSTM Approaches for Monthly River Flow Forecasting 

in Terengganu,” in 2024 5th International Conference on Artificial Intelligence and Data 

Sciences (AiDAS), Bangkok, Thailand: IEEE, Sept. 2024, pp. 1–6. doi: 

10.1109/AiDAS63860.2024.10730554. 

[30] N. S. Wen and L. S. Ling, “Evaluation of Cryptocurrency Price Prediction Using LSTM and 

CNNs Models,” JOIV : International Journal on Informatics Visualization, 2023, doi: 

10.30630/joiv.7.3-2.2344. 

[31] H. Harbaoui and E. A. Elhadjamor, “Enhancing Stock Price Prediction: LSTM-RNN Fusion 

Model,” pp. 920–929, 2024, doi: 10.1016/j.procs.2024.09.511. 

[32] D. S. N. Ulum and A. S. Girsang, “Hyperparameter Optimization of Long-Short Term Memory 

using Symbiotic Organism Search for Stock Prediction,” ijirss, vol. 5, no. 2, pp. 121–133, Apr. 

2022, doi: 10.53894/ijirss.v5i2.415. 

[33] B. Yildirim and M. Taskiran, “Optuna Based Optimized Transformer Model Approach in 

Bitcoin Time Series Analysis,” in 2024 26th International Conference on Digital Signal 

Processing and its Applications (DSPA), Moscow, Russian Federation: IEEE, Mar. 2024, pp. 

1–6. doi: 10.1109/DSPA60853.2024.10510091. 

 

https://jutif.if.unsoed.ac.id/

