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Abstract – The rapid expansion of the cryptocurrency market has created significant interest in developing intelligent 

forecasting models capable of predicting future price movements with improved accuracy. Among various digital assets, Bitcoin 

exhibits substantial price volatility because of its decentralized nature, market sentiment, macroeconomic conditions, trading 

activity, and blockchain-related indicators. These highly dynamic characteristics make cryptocurrency price prediction a 

challenging task for conventional statistical techniques. This paper presents a machine learning-based framework for 

forecasting Bitcoin prices by integrating Random Forest Regression, Long Short-Term Memory (LSTM) networks, and a 

Bagging technique to capture both nonlinear relationships and temporal dependencies within historical market data. The 

proposed methodology utilizes a comprehensive dataset covering the period from March 31, 2015, to April 1, 2023, consisting of 

47 explanatory variables categorized into multiple market-related groups. Before model development, extensive data 

preprocessing, feature preparation, and normalization are performed to improve learning efficiency and prediction reliability. 

Model performance is evaluated using standard regression metrics, including Mean Squared Error (MSE), Root Mean Squared 

Error (RMSE), Mean Absolute Percentage Error (MAPE), and Directional Accuracy (DA). Experimental analysis 

demonstrates that the proposed machine learning framework effectively captures complex cryptocurrency market behavior and 

provides reliable forecasting performance for Bitcoin price prediction. The study highlights the potential of combining 

ensemble learning and deep learning techniques to support intelligent financial decision-making, cryptocurrency market 

analysis, investment planning, and risk management applications. 
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I. INTRODUCTION  
 

The rapid advancement of digital financial technologies 

has transformed the global financial ecosystem by 

introducing decentralized payment systems that operate 

independently of traditional banking institutions. Among 

these innovations, cryptocurrencies have emerged as one 

of the most influential developments, enabling secure peer-

to-peer financial transactions through blockchain 

technology. Unlike conventional fiat currencies, 

cryptocurrencies function without centralized regulatory 

authorities, relying instead on distributed ledger systems to 

validate and record transactions. Since the introduction of 

Bitcoin in 2009, the cryptocurrency market has 

experienced remarkable growth in terms of market 

capitalization, trading volume, investor participation, and 

technological innovation. Bitcoin has established itself as 

the most widely recognized and actively traded digital 

asset, attracting individual investors, institutional 

organizations, financial analysts, and researchers seeking 

to understand and forecast its highly dynamic market 

behavior.  

 

Despite its widespread adoption, Bitcoin exhibits 

exceptionally high price volatility, making accurate price 

prediction a significant challenge. Unlike traditional 

financial assets whose prices are largely influenced by 

company performance or government monetary policies, 

Bitcoin prices fluctuate because of numerous interacting 

factors, including market demand, trading volume, investor 

sentiment, macroeconomic conditions, blockchain network 

activity, mining difficulty, regulatory announcements, and 

global financial events. These complex nonlinear 

relationships often produce rapid price fluctuations that are 

difficult to capture using conventional statistical 

forecasting techniques. Consequently, reliable 

cryptocurrency price prediction has become an important 

research topic for both academia and the financial 

industry. 

 

Accurate forecasting of cryptocurrency prices provides 

valuable support for a wide range of financial activities. 

Investors utilize predictive models to optimize portfolio 

management and reduce investment risks, while traders 

depend on forecasting systems to identify profitable 

trading opportunities within rapidly changing markets. 

Financial institutions and market analysts employ 

predictive analytics to understand market dynamics, 

evaluate investment strategies, and improve decision-

making processes. Furthermore, reliable forecasting 

contributes to risk management, algorithmic trading, 

cryptocurrency exchange operations, and financial 

planning by providing early insights into future market 

trends. Therefore, developing intelligent computational 

models capable of accurately predicting cryptocurrency 

prices represents an important objective within financial 

data analytics. 
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Traditional forecasting approaches have primarily relied 

on statistical time-series models such as autoregressive and 

moving average techniques. Although these methods 

perform reasonably well for stable financial time series, 

they frequently struggle to model the highly nonlinear and 

rapidly changing characteristics of cryptocurrency markets. 

Bitcoin prices are influenced by numerous interdependent 

variables whose relationships continuously evolve over 

time, reducing the effectiveness of linear statistical 

assumptions. These limitations have motivated researchers 

to investigate Machine Learning (ML) and Deep Learning 

(DL) techniques capable of learning complex patterns 

directly from historical market data without requiring 

explicit mathematical assumptions. 

 

Recent advances in Machine Learning have significantly 

improved predictive analytics across financial applications. 

Ensemble learning algorithms such as Random Forest 

Regression effectively model nonlinear relationships by 

constructing multiple decision trees and aggregating their 

predictions to improve forecasting accuracy and reduce 

overfitting. Random Forest is particularly suitable for 

financial prediction because it can process high-

dimensional datasets containing numerous explanatory 

variables while remaining robust to noisy and incomplete 

data. Its capability to estimate feature importance also 

enables researchers to identify influential market indicators 

affecting Bitcoin price movements. 

 

Similarly, Deep Learning has emerged as a powerful 

approach for modeling sequential financial data. Among 

various neural network architectures, Long Short-Term 

Memory (LSTM) networks have demonstrated exceptional 

performance for time-series forecasting because of their 

ability to capture long-term temporal dependencies within 

sequential datasets. Unlike conventional neural networks, 

LSTM incorporates memory cells and gating mechanisms 

that retain relevant historical information while discarding 

less useful observations. This capability enables LSTM to 

effectively model evolving cryptocurrency price patterns 

influenced by historical market behavior. Consequently, 

LSTM has become one of the most widely adopted deep 

learning models for financial forecasting applications. 

 

To further improve prediction reliability, ensemble 

learning strategies such as Bagging (Bootstrap 

Aggregating) have been introduced to reduce prediction 

variance and improve model stability. Bagging generates 

multiple training subsets through random sampling and 

combines predictions from several independently trained 

models to produce more robust forecasting results. 

Integrating bagging with machine learning and deep 

learning algorithms enhances generalization capability 

while reducing sensitivity to variations within financial 

datasets. Such hybrid learning strategies have 

demonstrated promising performance for complex 

prediction tasks involving highly volatile markets such as 

cryptocurrencies. 

Another critical factor influencing prediction accuracy is 

the selection of appropriate explanatory variables. 

Cryptocurrency prices are affected by numerous market 

indicators rather than historical prices alone. To capture 

these multidimensional relationships, the proposed study 

utilizes a comprehensive dataset covering the period from 

March 31, 2015, to April 1, 2023, containing 47 

explanatory variables organized into multiple categories, 

including blockchain indicators, market trading 

information, technical indicators, macroeconomic 

variables, and financial market characteristics. The 

availability of diverse explanatory variables enables the 

predictive models to learn richer market representations 

and improves their ability to capture complex interactions 

influencing Bitcoin price movements.  

 

Before model training, extensive data preprocessing is 

performed to improve dataset quality and learning 

efficiency. Missing values are appropriately handled, 

numerical features are normalized, and relevant 

explanatory variables are prepared for machine learning 

and deep learning analysis. These preprocessing operations 

ensure consistent feature representation while reducing 

computational complexity and improving convergence 

during model training. Proper preprocessing is particularly 

important for financial datasets because inconsistent scales 

and incomplete observations can significantly affect 

predictive performance. 

 

Motivated by these challenges, this study proposes an 

intelligent machine learning-based framework for 

forecasting Bitcoin prices through the integration of 

Random Forest Regression, Long Short-Term Memory 

(LSTM), and a Bagging technique. The proposed 

methodology performs comprehensive preprocessing, 

feature preparation, predictive modeling, and comparative 

performance evaluation using multiple regression metrics, 

including Mean Squared Error (MSE), Root Mean Squared 

Error (RMSE), Mean Absolute Percentage Error (MAPE), 

and Directional Accuracy (DA). By combining ensemble 

learning with deep learning, the framework aims to 

improve forecasting accuracy while effectively modeling 

the nonlinear and temporal characteristics of 

cryptocurrency markets. 

 

The primary objective of this research is to develop a 

reliable, scalable, and data-driven prediction framework 

capable of supporting intelligent cryptocurrency market 

analysis. Through the integration of advanced machine 

learning algorithms, deep learning models, comprehensive 

financial indicators, and robust evaluation techniques, the 

proposed framework contributes toward improving Bitcoin 

price forecasting while providing valuable decision 

support for investors, financial analysts, researchers, and 

cryptocurrency trading platforms. Furthermore, the study 

demonstrates the growing importance of artificial 

intelligence in modern financial analytics and highlights its 

potential for addressing increasingly complex prediction 

problems within rapidly evolving digital asset markets.  
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II. LITERATURE SURVEY 
 

The rapid growth of cryptocurrency markets has attracted 

considerable attention from researchers seeking to develop 

reliable computational models for forecasting digital asset 

prices. Among various cryptocurrencies, Bitcoin has 

become the primary focus of financial prediction research 

because of its dominant market capitalization, extensive 

trading volume, and highly volatile price behavior. Unlike 

conventional financial assets, Bitcoin prices are influenced 

by a combination of blockchain activities, investor 

sentiment, macroeconomic conditions, market liquidity, 

trading behavior, and global financial events. The 

nonlinear and dynamic interactions among these factors 

make cryptocurrency price prediction a complex research 

problem that cannot be effectively addressed using 

traditional statistical forecasting techniques alone. 

Consequently, researchers have increasingly adopted 

Machine Learning (ML) and Deep Learning (DL) 

approaches to improve prediction accuracy and better 

capture the complex behavior of cryptocurrency markets.  

 

Early studies on cryptocurrency price prediction primarily 

employed statistical time-series forecasting models, 

including autoregressive and moving average techniques. 

These methods attempted to estimate future prices using 

historical market observations under assumptions of linear 

relationships and stationary data distributions. Although 

statistical forecasting methods provided acceptable 

performance for relatively stable financial markets, they 

exhibited significant limitations when applied to 

cryptocurrency markets characterized by rapid price 

fluctuations, nonlinear dependencies, and continuously 

evolving market conditions. The inability of traditional 

statistical models to represent complex interactions among 

multiple market variables motivated researchers to 

investigate more sophisticated artificial intelligence 

techniques. 

 

The emergence of Machine Learning significantly 

improved financial prediction by enabling computational 

models to automatically learn complex nonlinear 

relationships directly from historical market data. Several 

studies demonstrated that supervised learning algorithms 

outperform traditional statistical methods when analyzing 

volatile financial markets because machine learning 

models effectively capture hidden patterns among 

numerous explanatory variables. Ensemble learning 

techniques have become particularly attractive due to their 

ability to improve prediction robustness while reducing 

overfitting through the combination of multiple predictive 

models. These advantages have encouraged widespread 

adoption of machine learning within cryptocurrency 

forecasting research.  

 

Among ensemble learning algorithms, Random Forest 

Regression has received considerable attention for 

financial prediction applications. Random Forest 

constructs multiple decision trees using randomly selected 

subsets of training data and predictor variables before 

aggregating their outputs to generate the final prediction. 

This ensemble strategy improves forecasting stability 

while reducing prediction variance compared with 

individual decision trees. Previous investigations have 

demonstrated that Random Forest effectively handles high-

dimensional financial datasets containing numerous 

correlated explanatory variables and exhibits strong 

resistance to noisy observations frequently encountered 

within cryptocurrency markets. Furthermore, Random 

Forest provides estimates of feature importance, enabling 

researchers to identify influential variables contributing to 

Bitcoin price fluctuations. 

 

Recent advances in Deep Learning have further enhanced 

cryptocurrency forecasting by introducing neural network 

architectures capable of learning temporal dependencies 

from sequential financial data. Among various deep 

learning models, Long Short-Term Memory (LSTM) 

networks have become one of the most widely adopted 

techniques for financial time-series prediction. Unlike 

conventional feedforward neural networks, LSTM 

incorporates memory cells together with input, output, and 

forget gates that enable long-term retention of important 

historical information while discarding irrelevant 

observations. This capability allows LSTM to model 

complex sequential dependencies that characterize 

cryptocurrency price movements more effectively than 

traditional machine learning algorithms. Consequently, 

numerous studies have reported improved forecasting 

accuracy using LSTM for Bitcoin price prediction. 

 

Researchers have also explored ensemble learning 

strategies to further improve prediction reliability. Bagging 

(Bootstrap Aggregating) has been widely employed to 

reduce prediction variance by generating multiple 

bootstrap samples from the original dataset and combining 

predictions produced by independently trained models. 

The ensemble averaging process increases model stability 

while improving generalization capability under unseen 

financial data. Several investigations have demonstrated 

that integrating bagging with regression models 

significantly enhances prediction robustness, particularly 

for highly volatile financial datasets where individual 

predictive models may exhibit unstable behavior. 

 

An important area of cryptocurrency prediction research 

involves the selection of appropriate input variables. 

Earlier forecasting studies primarily relied on historical 

closing prices as predictive features. However, subsequent 

research demonstrated that Bitcoin prices are influenced 

by a much broader collection of variables, including 

blockchain network activity, transaction volume, hash rate, 

mining difficulty, technical indicators, trading volume, 

macroeconomic variables, and financial market indices. 

The incorporation of multiple explanatory variables 

enables predictive models to learn richer representations of 

cryptocurrency market behavior while improving 
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forecasting accuracy through multidimensional feature 

analysis.  

 

Recent research has additionally emphasized the 

importance of data preprocessing for improving predictive 

performance. Financial datasets frequently contain missing 

observations, inconsistent feature scales, redundant 

variables, and outliers that negatively affect model 

learning. Therefore, preprocessing operations including 

missing value treatment, normalization, feature scaling, 

and feature selection have become standard components of 

modern cryptocurrency forecasting frameworks. 

Appropriate preprocessing not only improves 

computational efficiency but also enables machine learning 

and deep learning algorithms to converge more effectively 

during training, thereby enhancing overall prediction 

reliability. 

 

The evaluation of cryptocurrency forecasting models has 

likewise evolved considerably. Instead of relying 

exclusively on prediction accuracy, researchers now 

employ multiple regression evaluation metrics to provide 

comprehensive assessment of forecasting performance. 

Widely adopted performance measures include Mean 

Squared Error (MSE), Root Mean Squared Error (RMSE), 

Mean Absolute Percentage Error (MAPE), and Directional 

Accuracy (DA). These complementary evaluation criteria 

measure different aspects of prediction quality, including 

numerical forecasting error, percentage deviation, and the 

ability to correctly predict market direction. 

Comprehensive performance evaluation enables objective 

comparison among competing prediction models while 

improving the reliability of experimental conclusions. 

 

Despite significant progress achieved through machine 

learning and deep learning techniques, several challenges 

continue to limit cryptocurrency price forecasting. The 

cryptocurrency market remains highly volatile because of 

continuously changing investor behavior, regulatory 

announcements, technological developments, and global 

economic conditions. Furthermore, many existing studies 

rely on relatively limited feature sets or evaluate only a 

single predictive model without investigating 

complementary ensemble learning strategies. 

Consequently, developing forecasting frameworks capable 

of integrating multiple predictive techniques together with 

diverse market variables remains an active area of 

financial artificial intelligence research.  

 

Motivated by these research challenges, the present study 

proposes a comprehensive machine learning-based 

cryptocurrency forecasting framework that integrates 

Random Forest Regression, Long Short-Term Memory 

(LSTM), and a Bagging technique using a dataset 

collected between March 31, 2015, and April 1, 2023. The 

proposed methodology analyzes 47 explanatory variables 

grouped into multiple market-related categories, performs 

extensive preprocessing, and evaluates predictive 

performance using MSE, RMSE, MAPE, and Directional 

Accuracy (DA). By combining ensemble learning, deep 

learning, comprehensive financial indicators, and rigorous 

performance evaluation within a unified framework, the 

proposed research aims to improve Bitcoin price 

prediction while providing valuable decision support for 

cryptocurrency investors, financial analysts, and intelligent 

trading systems.  

 

III. PROPOSED METHODOLOGY 
 

The proposed framework presents an intelligent machine 

learning-based cryptocurrency price prediction system 

designed to forecast the future value of Bitcoin by 

analyzing historical market behavior together with multiple 

financial and blockchain-related indicators. The 

methodology integrates Random Forest Regression, Long 

Short-Term Memory (LSTM), and a Bagging technique to 

exploit the strengths of both ensemble learning and deep 

learning for time-series forecasting. Unlike conventional 

forecasting approaches that depend solely on historical 

prices, the proposed framework incorporates a diverse 

collection of explanatory variables representing market 

activity, blockchain information, technical indicators, 

macroeconomic factors, and public interest. Through 

comprehensive preprocessing, feature engineering, 

predictive modeling, and comparative performance 

evaluation, the proposed methodology aims to improve 

forecasting accuracy while effectively modeling the highly 

nonlinear and volatile characteristics of cryptocurrency 

markets.  

 

The methodology begins with the data acquisition stage, 

where historical Bitcoin market data are collected from 

multiple publicly available financial and blockchain 

sources. The dataset covers the period from March 31, 

2015, to April 1, 2023, providing a comprehensive 

historical record of Bitcoin market behavior across 

different market conditions. Instead of relying exclusively 

on closing prices, the proposed framework utilizes 47 

explanatory variables grouped into eight categories, 

including Bitcoin market characteristics, blockchain 

technical indicators, commodity prices, alternative 

cryptocurrencies, foreign exchange variables, stock market 

indices, public attention indicators, and weekly dummy 

variables. This multidimensional representation enables 

the predictive models to capture a broader range of market 

influences affecting Bitcoin price movements.  

 

Following data collection, the proposed framework 

performs extensive data preprocessing to improve dataset 

quality before model development. Financial datasets 

frequently contain inconsistent feature scales, missing 

observations, redundant information, and noisy records 

that negatively influence predictive performance. 

Therefore, missing values are handled appropriately, 

numerical attributes are normalized, and all explanatory 

variables are prepared for machine learning analysis. To 

account for significant changes in Bitcoin market behavior 

over time, the collected dataset is divided into two 
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independent historical periods before model training. This 

partitioning strategy allows the predictive models to learn 

market characteristics associated with different phases of 

Bitcoin evolution while improving forecasting reliability 

under changing market conditions. 

 

Once preprocessing is completed, the prepared dataset is 

divided into training, validation, and testing subsets. The 

majority of the observations are utilized for model 

training, while a validation subset is employed for 

parameter optimization. The remaining testing data are 

reserved for objective performance evaluation using 

previously unseen market observations. This data 

separation strategy minimizes overfitting while ensuring 

reliable estimation of model generalization capability 

during experimental analysis. 

 

The first prediction model implemented within the 

proposed framework is Random Forest Regression. 

Random Forest is an ensemble learning algorithm that 

constructs multiple regression trees using randomly 

selected subsets of both observations and explanatory 

variables. Each regression tree independently predicts 

future Bitcoin prices, after which the individual predictions 

are aggregated to produce the final forecasting result. The 

ensemble averaging process significantly reduces 

prediction variance while improving robustness against 

noisy financial data. Furthermore, Random Forest 

effectively models nonlinear relationships among the large 

collection of explanatory variables without requiring 

explicit mathematical assumptions regarding market 

behavior. According to the experimental parameter 

configuration, the Random Forest model utilizes 500 

regression trees with an optimized tree depth selected 

through extensive empirical evaluation to balance 

prediction accuracy and computational complexity.  

 

The second predictive model employed by the framework 

is the Long Short-Term Memory (LSTM) network. Since 

cryptocurrency prices exhibit strong temporal 

dependencies, LSTM is particularly suitable for sequential 

financial forecasting. Unlike conventional recurrent neural 

networks, LSTM incorporates specialized memory cells 

together with input gates, forget gates, and output gates 

that regulate information flow throughout the learning 

process. These gating mechanisms enable the network to 

preserve relevant historical information while eliminating 

less useful observations, thereby improving long-term 

sequence learning. The proposed LSTM architecture 

consists of multiple hidden layers combined with dropout 

regularization to reduce overfitting and improve 

generalization capability. Rectified Linear Unit (ReLU) 

activation functions are employed throughout the network 

to improve learning efficiency and computational 

performance.  

 

To further enhance prediction reliability, the proposed 

methodology incorporates a Bagging (Bootstrap 

Aggregating) technique. Bagging improves forecasting 

performance by generating multiple bootstrap training 

subsets from the original dataset and independently 

training predictive models on these randomly sampled 

datasets. The individual model predictions are 

subsequently combined to produce a more stable final 

forecast. This ensemble strategy reduces prediction 

variance, improves robustness against noisy market 

observations, and enhances generalization performance 

when forecasting highly volatile cryptocurrency prices. 

Within the proposed framework, Bagging complements 

both Random Forest Regression and LSTM by improving 

prediction stability across different market conditions. 

 

An important aspect of the proposed methodology involves 

hyperparameter optimization for both predictive models. 

The Random Forest model is optimized by selecting the 

appropriate number of regression trees and tree depth 

through repeated experimentation. Similarly, the LSTM 

architecture undergoes extensive parameter tuning 

involving the number of hidden layers, dropout rates, 

hidden units, activation functions, and network 

configuration. These optimization procedures improve 

convergence during training while maximizing forecasting 

accuracy without unnecessarily increasing computational 

complexity. 

 

Following model training, the framework performs Bitcoin 

price prediction using both the Random Forest Regression 

model and the LSTM network independently. Each model 

receives the prepared explanatory variables as input and 

estimates the Bitcoin price for the subsequent trading 

period. The prediction outputs generated by the two 

models are then comparatively analyzed to evaluate their 

forecasting capability under identical experimental 

conditions. This comparative evaluation provides valuable 

insight into the relative strengths of ensemble learning and 

deep learning approaches for cryptocurrency forecasting. 

 

The predictive performance of both models is 

quantitatively evaluated using multiple regression 

evaluation metrics, including Mean Squared Error (MSE), 

Root Mean Squared Error (RMSE), Mean Absolute 

Percentage Error (MAPE), and Directional Accuracy 

(DA). MSE and RMSE measure numerical prediction 

error, MAPE evaluates percentage forecasting deviation, 

while Directional Accuracy assesses the ability of the 

models to correctly predict the direction of future Bitcoin 

price movements. Utilizing multiple complementary 

evaluation metrics enables comprehensive assessment of 

forecasting performance while facilitating objective 

comparison between Random Forest Regression and 

LSTM. 

 

Overall, the proposed methodology establishes a 

comprehensive cryptocurrency forecasting framework by 

integrating historical Bitcoin market data, 47 explanatory 

variables, data preprocessing, Random Forest Regression, 

Long Short-Term Memory (LSTM), Bagging, 

hyperparameter optimization, and multiple regression 
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evaluation metrics within a unified predictive architecture. 

The combination of ensemble learning and deep learning 

enables the framework to effectively model nonlinear 

market behavior and temporal dependencies while 

providing reliable Bitcoin price forecasts. Consequently, 

the proposed methodology offers a practical and scalable 

solution for intelligent cryptocurrency market analysis, 

investment decision support, financial forecasting, and risk 

management applications.  

 

IV. SYSTEM ARCHITECTURE 
 

The proposed system architecture is designed as an 

integrated machine learning-based forecasting framework 

for predicting future Bitcoin prices by combining data 

acquisition, preprocessing, feature engineering, ensemble 

learning, deep learning, and performance evaluation within 

a unified analytical pipeline. The architecture processes 

historical cryptocurrency data collected from multiple 

financial and blockchain sources before applying 

predictive algorithms to estimate future market prices. 

Unlike conventional forecasting systems that rely on a 

single prediction model, the proposed architecture 

performs comparative analysis using both Random Forest 

Regression and Long Short-Term Memory (LSTM) while 

incorporating a Bagging technique to improve prediction 

robustness. This modular architecture enables accurate 

financial forecasting while maintaining flexibility for 

future expansion and integration of additional predictive 

models.  

 

The architecture begins with the Data Acquisition Module, 

where historical Bitcoin market information is collected 

from multiple reliable online financial and blockchain 

platforms. The dataset spans the period from March 31, 

2015, to April 1, 2023, providing extensive historical 

observations covering different cryptocurrency market 

conditions. Instead of relying solely on historical Bitcoin 

prices, the proposed framework collects 47 explanatory 

variables organized into multiple categories, including 

Bitcoin market indicators, blockchain technical 

characteristics, commodities, alternative cryptocurrencies, 

foreign exchange markets, stock indices, public attention 

indicators, and weekly variables. This comprehensive 

dataset enables the predictive models to capture complex 

interactions influencing Bitcoin price fluctuations. 

 

Following data acquisition, the collected information is 

transferred to the Data Preprocessing Module, where 

several preprocessing operations are performed to improve 

dataset quality before model training. Financial datasets 

frequently contain missing observations, inconsistent 

feature scales, redundant information, and noisy values 

that negatively influence forecasting performance. 

Therefore, missing values are handled appropriately, 

duplicate records are eliminated where necessary, and 

numerical features are normalized to maintain consistent 

scales across all explanatory variables. These 

preprocessing operations improve learning efficiency 

while reducing computational complexity during model 

development.  

 

After preprocessing, the cleaned dataset enters the Feature 

Engineering Module, where explanatory variables are 

organized into structured numerical representations 

suitable for machine learning and deep learning analysis. 

The prepared dataset contains market indicators 

representing multiple dimensions of cryptocurrency 

behavior rather than historical prices alone. These 

multidimensional features enable the prediction models to 

learn nonlinear relationships among diverse financial 

variables while improving forecasting capability under 

varying market conditions. The processed dataset is 

subsequently divided into training, validation, and testing 

subsets to ensure objective evaluation of predictive 

performance and minimize overfitting during model 

development. 

 

The prepared training dataset is simultaneously forwarded 

to the Random Forest Regression Module. Random Forest 

constructs multiple regression trees using randomly 

selected subsets of both observations and explanatory 

variables. Each regression tree independently estimates the 

future Bitcoin price, after which the outputs from all trees 

are aggregated to generate the final prediction. The 

ensemble learning strategy significantly reduces prediction 

variance while improving forecasting stability. The 

optimized Random Forest configuration utilizes 

approximately 500 regression trees together with an 

experimentally selected tree depth to balance 

computational efficiency and prediction accuracy. This 

model is particularly effective for handling high-

dimensional financial datasets characterized by nonlinear 

relationships and noisy observations.  

 

Parallel to the Random Forest pipeline, the architecture 

incorporates an LSTM Prediction Module for sequential 

time-series forecasting. The LSTM network receives the 

prepared historical financial data and processes the 

observations sequentially using memory cells capable of 

preserving long-term temporal dependencies. Unlike 

conventional recurrent neural networks, the LSTM 

architecture employs input gates, forget gates, and output 

gates that regulate information flow throughout the 

learning process. These gating mechanisms enable the 

network to retain relevant historical market information 

while filtering irrelevant observations. Multiple hidden 

layers together with dropout regularization improve 

generalization capability and reduce overfitting during 

network training. 

 

To further improve prediction reliability, the proposed 

architecture incorporates a dedicated Bagging Module. 

The Bagging technique generates multiple bootstrap 

training subsets and independently trains predictive models 

using randomly sampled observations. The predictions 

generated by these individual models are subsequently 

combined to produce a more stable final forecast. 
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Ensemble aggregation minimizes prediction variance and 

improves robustness against fluctuations commonly 

observed within cryptocurrency markets. The integration 

of bagging therefore strengthens the overall forecasting 

capability of both Random Forest Regression and LSTM 

models under highly volatile market conditions. 

 

Following model training, prediction outputs generated by 

both Random Forest Regression and LSTM are transferred 

to the Prediction Analysis Module, where future Bitcoin 

prices are estimated independently by each model. The 

predicted values are then comparatively analyzed to 

evaluate their forecasting behavior across different market 

periods. This comparative architecture enables objective 

assessment of ensemble learning and deep learning 

approaches while providing insight into their respective 

strengths for cryptocurrency forecasting. 

 

The generated prediction outputs subsequently enter the 

Performance Evaluation Module, where forecasting 

accuracy is quantitatively assessed using multiple 

regression evaluation metrics. The proposed framework 

utilizes Mean Squared Error (MSE), Root Mean Squared 

Error (RMSE), Mean Absolute Percentage Error (MAPE), 

and Directional Accuracy (DA) to evaluate predictive 

performance. MSE and RMSE measure numerical 

prediction errors, MAPE evaluates percentage forecasting 

deviation, and Directional Accuracy measures the ability 

of the predictive models to correctly estimate future 

market direction. Using multiple evaluation criteria 

provides a comprehensive assessment of forecasting 

quality while supporting objective comparison between 

Random Forest Regression and LSTM.  

 

The architecture additionally incorporates a Result 

Visualization Module, where predicted Bitcoin prices are 

compared with actual market values through graphical 

representations. Line charts and comparative plots 

illustrate the relationship between actual and predicted 

price movements, allowing visual assessment of 

forecasting performance during different market periods. 

These visual analyses complement the numerical 

evaluation metrics by providing intuitive interpretation of 

model behavior and prediction accuracy. 

 

Overall, the proposed system architecture successfully 

integrates historical cryptocurrency data acquisition, data 

preprocessing, feature engineering, Random Forest 

Regression, Long Short-Term Memory (LSTM), Bagging, 

performance evaluation, and visual result analysis into a 

comprehensive intelligent forecasting framework. The 

coordinated interaction among these modules enables 

reliable Bitcoin price prediction by effectively modeling 

nonlinear financial relationships and temporal market 

dynamics. Consequently, the proposed architecture 

provides a scalable, efficient, and practical solution for 

cryptocurrency forecasting, financial decision support, 

investment analysis, and intelligent market prediction 

applications.  

 
Fig.1 System architecture 

 

V. FEATURE ENHANCEMENT 
 

The proposed cryptocurrency price prediction framework 

incorporates several enhancements that improve the 

accuracy, robustness, computational efficiency, and 

practical applicability of Bitcoin price forecasting. By 

integrating Random Forest Regression, Long Short-Term 

Memory (LSTM), and the Bagging technique, the 

framework effectively captures both nonlinear market 

relationships and temporal dependencies that characterize 

cryptocurrency markets. Unlike conventional statistical 

forecasting approaches that rely primarily on historical 

price movements, the proposed framework utilizes 

multiple financial, blockchain, and market-related 

indicators to generate more reliable predictions under 

highly volatile trading conditions. These enhancements 

collectively improve forecasting capability while 

supporting intelligent investment analysis and financial 

decision-making.  

 

One of the major enhancements introduced by the 

proposed framework is the utilization of a comprehensive 

multidimensional dataset instead of relying exclusively on 

historical Bitcoin prices. The proposed methodology 

analyzes 47 explanatory variables grouped into multiple 

categories, including Bitcoin market indicators, blockchain 

technical information, commodity prices, alternative 

cryptocurrencies, foreign exchange variables, stock market 

indices, public attention indicators, and weekly market 

variables. The incorporation of diverse financial indicators 

enables the prediction models to capture complex market 

interactions more effectively than traditional single-

variable forecasting approaches, thereby improving overall 

prediction accuracy. 

 

Another significant enhancement involves the 

implementation of comprehensive data preprocessing 

before model development. Financial datasets frequently 

contain missing observations, inconsistent feature scales, 

redundant records, and noisy market values that negatively 

influence prediction performance. The proposed 

framework performs systematic preprocessing operations 

including data cleaning, normalization, feature preparation, 

and appropriate dataset partitioning. These preprocessing 

techniques improve learning efficiency, reduce 

computational complexity, and enhance model 

convergence during training while ensuring consistent 

feature representation across all explanatory variables.  

 

A key enhancement of the framework is the integration of 

Random Forest Regression for nonlinear financial 

prediction. Random Forest employs an ensemble of 
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multiple regression trees that collectively estimate future 

Bitcoin prices through aggregation of independent 

predictions. Unlike individual regression trees, the 

ensemble learning strategy significantly reduces prediction 

variance while improving robustness against noisy 

financial observations. The optimized configuration 

containing approximately 500 regression trees further 

enhances forecasting stability by balancing computational 

complexity with prediction accuracy. The ability of 

Random Forest to effectively process high-dimensional 

financial datasets makes it particularly suitable for 

modeling the complex relationships present within 

cryptocurrency markets. 

 

The proposed methodology further strengthens prediction 

capability through the incorporation of Long Short-Term 

Memory (LSTM) networks. Cryptocurrency prices exhibit 

strong temporal dependencies in which previous market 

behavior significantly influences future price movements. 

LSTM effectively models these sequential relationships 

through specialized memory cells and gating mechanisms 

consisting of input gates, forget gates, and output gates. 

These components enable the network to preserve relevant 

historical information while eliminating less useful 

observations, thereby improving long-term forecasting 

capability. Compared with conventional recurrent neural 

networks, LSTM provides more stable learning behavior 

and better prediction performance for highly dynamic 

financial time-series data.  

 

An important enhancement introduced by the proposed 

framework is the integration of the Bagging (Bootstrap 

Aggregating) technique. Bagging improves prediction 

reliability by generating multiple bootstrap training 

datasets through random sampling and independently 

training predictive models on these subsets. The individual 

forecasting outputs are subsequently combined to produce 

a more stable final prediction. This ensemble aggregation 

strategy reduces overfitting, minimizes prediction 

variance, and improves model generalization across unseen 

cryptocurrency market conditions. The integration of 

bagging therefore significantly enhances forecasting 

robustness compared with individual predictive models 

operating independently. 

 

The proposed framework additionally emphasizes 

hyperparameter optimization for both Random Forest 

Regression and LSTM. Model parameters including the 

number of regression trees, tree depth, hidden layer 

configuration, dropout rates, activation functions, and 

network architecture are systematically optimized through 

repeated experimentation. Hyperparameter optimization 

enables each predictive model to achieve improved 

convergence and forecasting accuracy while maintaining 

computational efficiency. Careful parameter tuning also 

reduces the risk of overfitting, thereby improving the 

reliability of future Bitcoin price predictions under varying 

market conditions. 

Another important enhancement is the implementation of 

comparative predictive analysis. Rather than relying on a 

single forecasting model, the proposed methodology 

independently evaluates both Random Forest Regression 

and LSTM using identical datasets and evaluation 

procedures. Comparative analysis enables objective 

assessment of the strengths and limitations associated with 

ensemble learning and deep learning approaches. Such 

comparison assists researchers and financial analysts in 

selecting the most appropriate prediction model according 

to market characteristics, computational requirements, and 

forecasting objectives. 

 

The proposed framework also improves forecast 

evaluation reliability through the utilization of multiple 

regression performance metrics. Instead of depending on a 

single evaluation criterion, forecasting accuracy is assessed 

using Mean Squared Error (MSE), Root Mean Squared 

Error (RMSE), Mean Absolute Percentage Error (MAPE), 

and Directional Accuracy (DA). Each metric evaluates a 

different aspect of prediction quality, enabling 

comprehensive assessment of numerical forecasting error, 

percentage deviation, and market direction prediction 

capability. The use of multiple evaluation metrics provides 

more reliable validation of model performance than relying 

solely on a single statistical measure.  

 

The framework further enhances practical usability 

through graphical visualization of prediction results. 

Predicted Bitcoin prices are compared with actual market 

values using visual plots that illustrate forecasting behavior 

across different historical periods. Visualization enables 

financial analysts to observe prediction trends, identify 

forecasting deviations, and evaluate model performance 

intuitively. Such graphical analysis complements 

numerical evaluation while supporting practical 

interpretation of prediction outcomes for investment 

planning and market analysis. 

 

Another enhancement is the framework's scalable modular 

architecture, which enables straightforward integration of 

additional predictive algorithms and financial indicators in 

future implementations. Since each processing stage—

including data acquisition, preprocessing, Random Forest 

Regression, LSTM, Bagging, prediction analysis, and 

performance evaluation—operates as an independent 

module, the architecture can easily incorporate newer deep 

learning models, transformer-based forecasting techniques, 

reinforcement learning, or additional blockchain indicators 

without major structural modifications. This modular 

design improves system flexibility while supporting 

continuous enhancement of forecasting performance. 

 

Overall, the proposed feature enhancements establish a 

comprehensive intelligent forecasting framework capable 

of accurately modeling the complex behavior of 

cryptocurrency markets. By integrating 47 explanatory 

variables, data preprocessing, Random Forest Regression, 

Long Short-Term Memory (LSTM), Bagging, 
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hyperparameter optimization, comparative model 

evaluation, and multiple regression performance metrics, 

the proposed methodology significantly improves Bitcoin 

price prediction accuracy, forecasting stability, 

computational robustness, and practical applicability. 

These enhancements provide valuable support for 

cryptocurrency investment analysis, financial forecasting, 

algorithmic trading, portfolio management, and intelligent 

decision-support systems operating within rapidly evolving 

digital financial markets.  

 

VI. RESULTS AND DISCUSSION 
 

The proposed cryptocurrency price prediction framework 

was experimentally evaluated to assess the effectiveness of 

Random Forest Regression, Long Short-Term Memory 

(LSTM), and the Bagging technique for forecasting 

Bitcoin prices under highly volatile market conditions. The 

evaluation was performed using historical cryptocurrency 

data collected between March 31, 2015, and April 1, 2023, 

together with 47 explanatory variables representing 

multiple financial, blockchain, macroeconomic, and 

market-related factors. The primary objective of the 

experimental analysis was to investigate the ability of the 

proposed models to accurately predict future Bitcoin 

prices while effectively capturing nonlinear market 

relationships and temporal dependencies. Performance 

evaluation was conducted using standard regression 

metrics including Mean Squared Error (MSE), Root Mean 

Squared Error (RMSE), Mean Absolute Percentage Error 

(MAPE), and Directional Accuracy (DA).  

 

Prior to model development, the collected cryptocurrency 

dataset underwent comprehensive preprocessing to 

improve data quality and ensure reliable model learning. 

Missing observations were appropriately treated, 

redundant information was removed where necessary, and 

all numerical features were normalized to maintain 

consistent scales across the dataset. Since cryptocurrency 

markets exhibit significant structural changes over time, 

the historical dataset was divided into multiple time 

periods before model training. This strategy enabled the 

prediction models to learn representative market behavior 

across different phases of Bitcoin evolution while 

improving forecasting robustness under varying market 

conditions. The processed dataset was subsequently 

divided into training, validation, and testing subsets to 

ensure objective evaluation of model generalization. 

 

The first stage of experimentation evaluated the Random 

Forest Regression model. During training, multiple 

regression trees were constructed using randomly selected 

subsets of observations and explanatory variables. The 

aggregation of predictions from approximately 500 

decision trees enabled the model to effectively capture 

nonlinear relationships between Bitcoin prices and the 

selected financial indicators. Experimental observations 

indicated that Random Forest consistently produced stable 

forecasting performance while demonstrating strong 

resistance to noisy market data. The ensemble learning 

strategy successfully minimized prediction variance and 

improved generalization capability compared with 

individual decision tree models. Furthermore, Random 

Forest effectively processed the high-dimensional dataset 

containing 47 explanatory variables, confirming its 

suitability for cryptocurrency forecasting applications.  

 

The second stage of experimentation focused on evaluating 

the Long Short-Term Memory (LSTM) network for 

sequential Bitcoin price prediction. Unlike Random Forest, 

which primarily models nonlinear feature relationships, 

LSTM exploits temporal dependencies present within 

historical cryptocurrency prices through memory cells and 

gating mechanisms. During model training, the network 

successfully learned long-term market behavior while 

retaining important historical information required for 

future prediction. The incorporation of dropout 

regularization and optimized hyperparameter settings 

improved convergence while reducing overfitting 

throughout the training process. Experimental observations 

demonstrated that LSTM effectively captured sequential 

price dynamics associated with cryptocurrency markets, 

making it particularly suitable for time-series financial 

forecasting. 

 

To further improve prediction reliability, the proposed 

framework integrated the Bagging (Bootstrap 

Aggregating) technique. Multiple bootstrap datasets were 

generated from the original training data, and predictive 

models were independently trained on these randomly 

sampled datasets. The ensemble aggregation of individual 

predictions significantly improved forecasting stability 

while reducing prediction variance caused by fluctuations 

within highly volatile cryptocurrency markets. 

Comparative analysis demonstrated that Bagging enhanced 

the robustness of both Random Forest Regression and 

LSTM, producing more consistent forecasting behavior 

across different testing periods. The ensemble strategy 

therefore contributed substantially to improving the overall 

reliability of the proposed forecasting framework. 

 

The experimental evaluation further investigated the 

influence of hyperparameter optimization on prediction 

performance. Various Random Forest parameters 

including the number of regression trees and tree depth 

were systematically adjusted to identify the optimal model 

configuration. Similarly, the LSTM architecture underwent 

extensive tuning involving hidden layers, hidden units, 

dropout rates, activation functions, and training epochs. 

Experimental observations indicated that appropriate 

hyperparameter selection significantly improved 

convergence speed while reducing forecasting error. These 

optimization procedures enabled both predictive models to 

achieve stable learning behavior and improved forecasting 

accuracy without substantially increasing computational 

complexity.  
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Model performance was quantitatively evaluated using 

multiple regression evaluation metrics. Mean Squared 

Error (MSE) measured the average squared difference 

between predicted and actual Bitcoin prices, while Root 

Mean Squared Error (RMSE) provided interpretable error 

estimates expressed in the original price units. Mean 

Absolute Percentage Error (MAPE) evaluated percentage 

forecasting deviation, enabling comparison across different 

market periods irrespective of price magnitude. 

Additionally, Directional Accuracy (DA) assessed the 

ability of the predictive models to correctly estimate the 

direction of future Bitcoin price movements, an important 

consideration for practical investment decision-making and 

algorithmic trading applications. The combined use of 

these complementary evaluation metrics enabled 

comprehensive assessment of forecasting quality while 

facilitating objective comparison between Random Forest 

Regression and LSTM. 

 

Comparative analysis of the experimental results 

demonstrated that both predictive models effectively 

captured Bitcoin market dynamics while exhibiting 

different forecasting characteristics. Random Forest 

Regression provided highly stable prediction performance 

because of its ensemble learning strategy and effective 

handling of nonlinear relationships among numerous 

explanatory variables. In contrast, the LSTM network 

demonstrated superior capability for modeling long-term 

sequential dependencies embedded within historical 

cryptocurrency prices. The complementary strengths of 

these predictive models confirm the value of integrating 

both ensemble learning and deep learning approaches for 

intelligent cryptocurrency forecasting. 

 

The graphical comparison between actual Bitcoin prices 

and predicted values further validated the effectiveness of 

the proposed framework. The prediction curves closely 

followed the observed market trends throughout the testing 

period, indicating that the developed models successfully 

learned the underlying structure of cryptocurrency price 

movements. Although small forecasting deviations were 

observed during periods of extreme market volatility, both 

predictive models maintained consistent forecasting 

behavior and accurately captured the general direction of 

Bitcoin price fluctuations. These findings demonstrate the 

ability of the proposed framework to provide meaningful 

price forecasts under practical cryptocurrency trading 

conditions.  

 

VII. CONCLUSION 
 

This study presents a hybrid machine learning approach 

for forecasting cryptocurrency market prices by integrating 

multiple predictive techniques to improve accuracy and 

reliability. The proposed framework leverages the 

strengths of different machine learning models to capture 

complex patterns, market trends, and nonlinear 

relationships within cryptocurrency price data. By 

combining advanced feature analysis with predictive 

modelling, the approach provides a more effective solution 

for handling the high volatility and uncertainty associated 

with digital asset markets. 
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