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Abstract  

The fluctuating price of Bitcoin is widely used as a means of generating profit. The instability of Bitcoin 

price movements causes fluctuations, which traders utilize as a trading strategy. The purpose of this 

research is to analyze and predict Bitcoin prices to determine buying and selling strategies. The Random 

Forest algorithm is a machine learning method that combines multiple decision trees for classification and 

prediction with high accuracy. The classified data consists of Bitcoin price data from January 2024 to 

November 2024. The results of this study show that the accuracy level of the Random Forest algorithm 

using a 60:40 and 80:20 data split achieves an accuracy of 50.75% and 47.76%, respectively. The most 

suitable data split for Bitcoin price prediction is 60:40 and 80:20. This is because a balanced data split can 

influence the Random Forest algorithm’s calculations, maintaining accuracy in predicting Bitcoin prices, 

thereby helping investors predict Bitcoin prices for buying and selling strategies. 
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1.0 INTRODUCTION 
 

The development of information technology today significantly influences the world of investment. 
Information Technology is a technology used to process data, including processing, obtaining, organizing, storing, 
and manipulating data in various ways to produce high-quality information, i.e., information that is relevant, 
accurate, and timely, used for personal, business, and government purposes, and is strategic for decision-making 
(Cecep Abdul Cholik, 2021). The development of information technology has led to many changes, not only for 
individuals but also for companies, which are required to adapt to the ongoing technological advancements 
(Bangun Pasaribu & Wilda Susanti, 2021). 

According to Pramita & Hendrayana (2021), investment is an activity that companies use to grow wealth 
(acceleration of wealth) through the distribution of investment returns (such as interest, royalties, dividends, and 
rent), for the appreciation of investment value, or for other benefits for the investing company, such as benefits 
obtained through trade relationships. As more knowledge is gained about investment, whether through learning 
or capital market socialization, individuals are increasingly motivated to invest in the capital market (Nadila et al., 
2023). 

The emergence of new companies can be one of the driving factors for the growing number of investors, 
especially in cryptocurrency stock investments. Investment is an effort made by an individual or business entity to 
gain profit from the money they have (Naufal Hasani, 2022). According to Aulia (2019), Bitcoin prices fluctuate 
rapidly each year, with a significant decline in 2018, where the Bitcoin price dropped by USD 6,955.27 compared 
to the 2017 price of USD 19,497.40. According to Putra & Robiyanto, (2021), cryptocurrency has experienced 
significant growth in recent years. For example, the price of Bitcoin at the end of 2017 was around IDR 
180,386,628, and by the end of 2020, Bitcoin's price increased to IDR 403,315,071. 
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The high frequency of the crypto market is likely influenced by the active transactions of Bitcoin's price, as 
there is considerable interest from investors in Bitcoin. In general, changes in investor interest in a digital asset 
are reflected in Bitcoin price fluctuations in the crypto market. In Indonesia, cryptocurrency has gained 
government attention and has become subject to regulations. For the government, the main challenge in this 
policy is to create adequate and harmonious regulations that can guide economic activities (Rohman, 2021). 

The cryptocurrency system has attracted the attention of various investors, one of which is Bitcoin. Bitcoin 
is a form of payment that uses cryptography or special encryption algorithms to control the management and 
creation of Bitcoin itself (Purnomo et al., 2022). Bitcoin is also one of the most famous and widely traded 
cryptocurrencies in the world. It was created in 2009 by an anonymous individual or group using the name Satoshi 
Nakamoto. Since its launch, Bitcoin's price has been highly volatile and difficult to predict, but the price of Bitcoin 
tends to rise frequently. In one day, the price of Bitcoin can rise dramatically or fall, although not as much as it 
increases. Bitcoin was initially launched with no value at all (Gaol Lumban Humphrey, 2022). Bitcoin is favored 
because of its transparent system, where transactions can be viewed by anyone, making Bitcoin a promising 
investment opportunity for investors (Aulia, 2019). This opportunity for significant price changes often becomes 
the main focus in market analysis due to price fluctuations that reflect market sentiment and quick changes in 
investor interest. 

Bitcoin's volatile price makes it widely used as a means to seek profit. This price instability is leveraged by 
traders to engage in trading strategies focused on price speculation for both short-term and long-term profits. 
Therefore, analysis and prediction are needed to understand these price movements, supported by scientific 
methods to increase accuracy in predicting future price movements (Al Fajri, 2023). Bitcoin price prediction can 
be done through various methods, as seen in previous research on Bitcoin price prediction (Indriyanti et al., 2022). 

In the study by Saadah & Salsabila, (2021) titled "Bitcoin Price Prediction Using the Random Forest Method," 
the goal was to analyze Bitcoin price fluctuations during the Covid-19 pandemic. The method used was Random 
Forest, beginning with data preprocessing on Bitcoin and selecting three attributes: Low, High, and Open, followed 
by the prediction of Bitcoin prices during the Covid-19 pandemic from January 1, 2019, to October 13, 2019. The 
study found that the Random Forest algorithm, using the Low, High, and Price attributes, successfully predicted 
Bitcoin prices with good performance, achieving a MAPE of 1.50%, or an accuracy of around 98% using random 
data. 

Sujjada et al., (2024) conducted a study titled "Bitcoin Price Prediction Using Long Short-Term Memory 
Algorithm." This study aimed to address the issue of long-term dependencies in price movements that cannot be 
handled by traditional RNN models. It used the Long Short-Term Memory (LSTM) algorithm, which has the ability 
to "remember" information over a long period, thus recognizing patterns and trends. The dataset used was Bitcoin 
data from December 12, 2020, to April 14, 2024. The study found that the RMSE value for training data was 
17,318.40 and for test data was 27,921.84, while the MAPE value for training data was 3.24% and for test data 
was 5.36%. This indicates that the RMSE and MAPE values for the training data were relatively small due to 
Bitcoin's wide price range. 

Based on previous research, the fluctuating price movements of Bitcoin make predicting Bitcoin's price a 
challenge for investors and market analysts. To predict Bitcoin's volatile price, analysis and prediction using data 
mining learning algorithms, such as the Random Forest algorithm, which has proven effective in classifying and 
predicting complex data, is necessary. 
Thus, individuals who invest in Bitcoin at market prices can easily predict the potential future price movements. 
In this study, the author aims to develop the Random Forest algorithm, which can accurately predict the possible 
future prices of Bitcoin. The main objective of the proposed method is to classify predictions using the Random 
Forest algorithm for cryptocurrencies, including Bitcoin, with high accuracy. 
 

2.0 LITERATURE REVIEW  
 
Bitcoin Price Movement 
Bitcoin is a form of payment that uses cryptography or special encryption algorithms to control the management 
and creation of Bitcoin itself (Purnomo et al., 2022). Bitcoin is also one of the most famous and widely traded 
cryptocurrencies in the world. Bitcoin was created in 2009 by an anonymous individual or group using the name 
Satoshi Nakamoto. Since its launch, Bitcoin's price has been highly volatile and difficult to predict, although its 
price tends to increase frequently. In a single day, Bitcoin's price can rise dramatically or fall, although not as much 
as its rise. When Bitcoin was first launched, it had no value at all (Gaol Lumban Humphrey, 2022). 
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Decision Tree 
A decision tree is a classification method that uses a tree structure representation, where each node represents 
an attribute, each branch represents the value of that attribute, and the leaves represent the class (Partogi & 
Pasaribu, 2021). This algorithm consists of a collection of decision nodes connected by branches, moving 
downward from the root node until ending at a leaf node. In a decision tree, there are three types of nodes: Root 
Node, Internal Node, and Leaf Node (Dewi et al., 2021). According to Permana et al. (2021), one advantage of the 
decision tree is its flexibility, which can enhance the quality of the decisions made. However, a drawback of this 
algorithm is the potential for overlap when working with data that has a large number of classes and criteria. 
 
Random Forest 
Random Forest is an extension of the Decision Tree method that utilizes multiple Decision Trees, where each tree 
is trained using individual samples and each attribute is split based on a randomly selected subset of attributes 
(Supriyadi et al., 2020). Each decision tree is trained using a subset of data selected randomly through Bootstrap 
Sampling. Bootstrap Sampling is a method of random sampling from the original dataset with replacement. In 
Bootstrap Sampling, random samples are taken from the source dataset using a rough sampling method, which 
involves selecting random samples followed by resampling using the bagging technique. These results are then 
averaged to produce a stronger overall outcome. This is the primary goal of Random Forest (Jollyta et al., 2023). 
Bagging helps improve unstable classification algorithms such as Decision Trees, which can experience significant 
changes in prediction, by stabilizing them through aggregation (Saputri et al., 2022). 

 
3.0 METHODOLOGY 
 

In this study, the research method used is the Random Forest algorithm. The workflow of the research 
process is illustrated in Figure 1 below. 

 

 
 

Figure 1.  Research Methodology 
 

The stages of the research methodology begin with collecting the Bitcoin dataset, which will serve as the 
input data for processing. This is followed by the data preprocessing stage, which includes Data Exploration, Data 
Reduction, and Label Encoding. Afterward, the data is split into training and testing datasets, after which the 
Random Forest model is built by determining the number of decision trees to be created. Once the desired number 
of decision trees is determined, bootstrapping is performed, which involves randomly sampling subsets from the 
dataset over multiple iterations and with a certain number of variables. Then, feature selection is done by choosing 
the variables suitable for forming a decision tree, calculating Entropy and Information Gain as criteria for selecting 
the variables that will form the decision tree according to the specified number of trees. Afterward, all the decision 
trees formed based on the predetermined number of trees are aggregated by counting the number of correct 
predictions according to the defined classification goal. Finally, model evaluation and comparison are conducted 
using a confusion matrix that includes Accuracy, Recall, Precision, and F1-Score to test the performance of the 
built Random Forest model. 
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4.0 RESULTS AND DISCUSSION 
 

This research was conducted using a Bitcoin dataset obtained from the website investing.com. The data 
covers the period from January 2024 to November 2024 and consists of 335 records. The prediction process will 
be carried out using Visual Studio Code for programming. 
 

 
 

Figure 2. Bitcoin Dataset 
  

Figures 3 and 4 show the results of data pre-processing on the Bitcoin dataset, where no missing values or 
duplicate values were found—indicating that there are no empty entries and no duplicate records. After checking 
for missing values, the dataset was split into variable X and variable Y with ratios of 60:40, 70:30, and 80:20. The 
pre-processing stage involved data transformation to clean combinations of letters and numbers, feature 
engineering by categorizing data into Low, Medium, and High, and label encoding to convert categorical values 
into numerical format for further analysis. The resulting pre-processed data is then used to evaluate model 
performance. The following table presents the accuracy, precision, recall, and F1-score results of the Random 
Forest algorithm across the three data split ratios: 60:40, 70:30, and 80:20. 
 

 
 

 
 

Figure 3. Preprocessing Results of Variable X Figure 4. Preprocessing Results of Variable y 
 

 
 

Figure 5. Testing Results for Each Data Split Ratio 
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Table 1. Accuracy, Precision, Recall, and F1-Score Results 

Comparison Accuracy Precision Recall F1-Score 

60:40 50,75% 55,56% 60,00% 57,69% 
70:30 48,51% 57,69% 26,79% 36,59% 
80:20 47,76% 55,81% 60,00% 57,83% 

Source: Steven owen (2025) 
 

Figure 5 and Table 1 present the results of the evaluation matrix used to assess the performance of the 
developed model. As shown, the 60:40 data split achieved an accuracy of 50.75%, precision of 55.56%, recall of 
60.00%, and F1-score of 57.69%. The 80:20 split achieved an accuracy of 47.76%, precision of 55.81%, recall of 
60.00%, and F1-score of 57.83%, making it highly suitable for predicting Bitcoin prices compared to the 70:30 split, 
which resulted in an accuracy of 48.51%, precision of 57.69%, recall of 26.79%, and F1-score of 36.59%. 

 
Table 2. Comparison of Accuracy Results with Other Algorithms 

Algorithms Accuracy 

Random Forest (Classification) 50,75% 
Long ShortTerm Memory 5,36% 
Moving Average 25% 
Recurrect Neural Network 0,11% 
Random Forest (Regression) 98,50% 

Source: Steven owen (2025) 
 

Based on Table 2, it is shown that the Random Forest (Classification) algorithm achieved an accuracy of 
50.75%, the Long Short-Term Memory algorithm achieved 5.36%, the Moving Average algorithm achieved 25%, 
the Recurrent Neural Network algorithm achieved 0.11%, and the Random Forest (Regression) achieved 98.50%. 
These accuracy results indicate that the Random Forest algorithm provides better accuracy compared to Long 
Short-Term Memory, Moving Average, and Recurrent Neural Network algorithms. This is because the Random 
Forest algorithm combines multiple decision trees, which enhances overall accuracy, and it is also capable of 
handling overfitting issues effectively. 
 

5.0 CONCLUSION 
 
Based on the test results using the historical Bitcoin dataset, the key elements that significantly influence Bitcoin 
value prediction in this model are the opening and closing prices, followed by the highest and lowest prices, trading 
volume, while news and market sentiment also play a major role, ranking second in importance. This results in 
more accurate Bitcoin value predictions. When compared to the Moving Average, Long Short-Term Memory 
(LSTM), and Recurrent Neural Network (RNN) algorithms, the Random Forest algorithm has proven to be more 
accurate, offering more stable accuracy values. The strength of the Random Forest algorithm in predicting Bitcoin 
trading values is supported by the use of training/testing data ratios of 60:40 and 80:20, which yield balanced 
precision, accuracy, recall, and F1-score values. 
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