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Abstract−This study aims to determine how accurate machine learning predictions are for predicting Bitcoin prices using the 

SVR With RBF Kernel and Random Forest methods. This study was conducted because Bitcoin’s volatility is so high that it is 

difficult to predict. Therefore, this study uses two different methods to allow for a more objective evaluation of model 

characteristics on volatile data. The dataset was obtained through Kaggle  with a Bitcoin price dataset from 2018 to October 2025, 

totaling 2,856 datasets in CSV format. After training both methods on the same dataset, price prediction results were obtained. 

Support Vector Regression (SVR) With RBF Kernel achieved a relatively  high data evaluation result with an MAE of 

10866.882878735294, MSE of 204836847.5591309, and RMSE of 14312.12239883138, while the Random Forest method 

achieved a low data evaluation result with an MAE of 19342.47, MSE of 659671833.13, and RMSE of 25684.08.  The result of 

these two methods show a significant difference, with Random Forest more closely aligning with the acual data, with a lower 

evaluation value and producing values closer to the actual data. This research was conducted to determine the accuracy of the 

Support Vector Regression (SVR) with RBF Kernel and Random Forest algorithms. It is concluded that both methods make good 

predictions, only the Random Forest method is closer to the actual Bitcoin price. 
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1. INTRODUCTION 

The cryptocurrency Bitcoin (BTC) was created to function as money and as a form of payment without being owned 

by a single person, group, or entity. This eliminates the need for a reliable third party (such as a bank or money printing 

company) to participate in financial transactions [1]. Machine learning is well suited to predicting Bitcoin prices 

because it can handle complex, non-linear, and highly volatile data patterns. Many factors, such as market demand, 

investor sentiment, global news, and trading activity, rapidly affect Bitcoin prices, and its movement patterns are 

difficult to predict using traditional machine learning methods [2]. Machine learning can study complex historical 

patterns and discover hidden relationships in data that conventional statistical approaches cannot capture. Furthermore, 

it can adapt to changing market characteristics over time [3].  

Machine learning has become an effective, flexible, and more accurate method for predicting Bitcoin prices 

compared to traditional methods due to its ability to handle large-scale data and high volatility. Models such as neural 

networks, LSTMs, and modern regression algorithms have the ability to process large amounts of data, recognise 

long-term and short-term trends, and automatically adjust parameters to improve prediction accuracy [4]. Since each 

algorithm has different features, advantages, and disadvantages, no single method works universally well for all types 

of problems or data sets. The main reasons for this comparative analysis are to find the most accurate model, 

understand data characteristics, identify overfitting and underfitting, resource efficiency, decision-making based on 

characteristics, and decision-making based on information [5]. Based on specific evaluation metrics, such as MAE, 

MSE, RMSE, or prediction accuracy, research can determine which algorithm performs best by comparing various 

methods [4]. Furthermore, this comparative analysis enhances understanding of model stability, parameter sensitivity, 

generation capability, and computational time efficiency. Therefore, the comparison of machine learning methods 

provides a better basis for selecting the most ideal Bitcoin price prediction model more accurately and can be used as 

a reference for further research or investment decision-making [6]. 

 Previous research has used various algorithms and has not comprehensively compared Support Vector 

Regression (SVR) with RBF Kernel and Random Forest. However, although both algorithms have different features 

in capturing non-linear Bitcoin price patterns, using SVR with RBF Kernel offers significant advantages because RBF 

Kernel can map the data to a larger space. The combination and comparison of these two methods provides new 

perspectives on which algorithm is superior in the context of current Bitcoin data [7]. 

In most cases, more robust algorithms, such as LSTM, GRU, or Ensemble Models, are better at learning long-

term patterns and non-linear relationships in time series data. Meanwhile, simpler methods, such as linear regression 

or decision trees, can only find basic patterns and will not be robust enough to handle rapid changes in the crypto 

market. Furthermore, certain methods may be superior in specific situations due to differences in noise handling, 

generalisation, and sensitivity to parameters [8].  

Although deep learning-based models such as LSTM and GRU have proven superior in learning long-tail 

dependencies in time series data, their implementation requires large datasets, complex hyperparameter tuning, and 

higher computational resources. In the context of this study, the Support Vector Regression (SVR) with RBF Kernel 

and Random Forest methods were chosen because both are capable of handling non-linear data patterns and high 
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volatility with more efficient computational requirements. Support Vector Regression (SVR) is effective in mapping 

data to a high-dimensional space so it can capture non-linear patterns without requiring too much data, while Random 

Forest excels in reducing overfitting through ensemble learning mechanisms. In addition, these two methods are easier 

to implement, more stable on medium-sized datasets, and provide better interpretability compared to deep learning 

models. Therefore, the use of Support Vector Regression (SVR) and Random Forest in this study is a rational choice 

to provide a robust performance evaluation, efficiency, and relevance before considering more complex deep learning 

models. 

Although extensive research on Bitcoin price prediction has been conducted, several questions remain 

unanswered. Most studies focus on deep learning models, while comprehensive comparisons between SVR with RBF 

Kernel and Random Forest are still rare, even though both algorithms have potential for non-linear and volatile data. 

In addition, many previous studies used datasets with shorter time spans and without uniform preprocessing standards, 

resulting in inconsistent algorithm comparison results. This study contributes by conducting a comprehensive 

comparison between Support Vector Regression (SVR) with RBF Kernel and Random Forest using Bitcoin datasets 

from 2018 to 2025 that include high volatility phases, sharp uptrends and downtrends, and complex non-linear 

patterns. Furthermore, this study shows that although deep learning models require large datasets and high 

computational requirements, SVR and Random Forest methods are still able to provide competitive predictions with 

better computational efficiency and a higher level of interpretability.  

2. RESEARCH METHODOLOGY 

2.1 Research Stages  

This method has research stages that show how the Bitcoin price prediction process using the SVR method with RBF 

Kernel and Random Forest works. Figure 1 below illustrates this: 

 

Figure 1. Research Stages 

Figure 1 presents the research flowchart, outlining the steps in predicting Bitcoin prices using SVR with the 

RBF kernel and Random Forest. The process begins with collecting Bitcoin price data from Kaggle (2018–2025), 

followed by data preprocessing, including cleaning invalid entries, standardizing formats, converting dates into time 

series, and generating features such as lag. After preprocessing, the dataset is evaluated to identify patterns, trends, 

and volatility. The modeling stage then trains both SVR and Random Forest using the same dataset, and their 

performances are assessed using MAE, MSE, and RMSE. The results are compared to determine which model best 

approximates the actual data. Finally, the prediction outputs are visualized through graphs of 30-day forecasts and 

comparisons between actual and predicted values, concluding with an analysis of model performance and the 

recommendation of the most suitable model for Bitcoin price prediction. 

2.2 Data Collection  

The Bitcoin dataset from 2018–2025 includes attributes such as open time, open, high, low, close, volume, quote asset 

volume, number of transactions, and taker buy base asset volume. All attributes were used because each contributes 

to describing crypto market dynamics, such as daily volatility (high–low), market sentiment through trading activity 

(volume and number of transactions), and buying pressure through taker buy volume. To prevent bias due to 

relationships between variables, researchers conducted a correlation analysis on all features. Although some features 

showed high correlation, this was not a significant problem because the SVR and Random Forest models are relatively 

tolerant of multicollinearity. Furthermore, all features were normalized to the same scale, allowing the models to 

process the data more stably. Thus, using all attributes provides more comprehensive information without 

compromising the quality of predictions. This dataset was taken from Kaggle, where the dataset is updated daily. Here 

is the link to the dataset from Kaggle that was taken from: https://www.kaggle.com/datasets/novandraanugrah/bitcoin-

historical-datasets-2018-2024 

2.3 Data preprocessing 

Preprocessing data is an important process that aims to clean, reformat, and prepare data so that it is easier and more 

accurate to analyse [9]. The initial data consisted of 2,856 datasets with attributes such as opening time, closing time, 
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high, low, closing time, volume, closing time, asset price, number of trades, and number of assets purchased by buyers. 

This data will be sorted to improve data quality for more accurate analysis and decision making. During pre-

processing, data with missing values and duplicate values were removed from the dataset. This process involved 

checking the number of rows, columns, data types, and finding the location of missing values and duplicate values in 

the initial data before performing missing value imputation, which amounted to 2,856, and the result after performing 

missing value imputation amounted to 2,856 datasets. In this study, missing and duplicate values were removed from 

the dataset to ensure consistent data quality before entering the model training stage. In time series research, 

imputation methods such as Linear Interpolation are often recommended because they maintain the continuity of data 

patterns through a straight-line approximation between two observation points. However, this method was not applied 

in this study because after the cleaning process, there were no missing values in the dataset, making imputation 

unnecessary. In this study, MAE, MSE, and MAPE serve as evaluation metrics to measure model performance. 

Preprocessing is performed to clean and prepare the data, including primary type extraction, label encoding, 

feature selection, and feature standardization [10]. Since data quality greatly affects the performance and accuracy of 

machine learning models, data must undergo pre-processing before being used in Bitcoin price prediction models. 

Bitcoin price data typically contains unstructured data patterns, noise, missing values, scale differences, and outliers 

[8]. Models can produce biased, unstable, or inaccurate predictions if these conditions are not corrected first. Models 

can better understand patterns through preprocessing processes such as normalization, data cleaning, outlier removal, 

missing value interpolation, and time series data transformation. Preprocessing is also necessary to improve 

computational efficiency, simplify the training process, and help the algorithm better capture relationships between 

variables [2]. 

In this study, the data were split using the Temporal Split method to prevent data leakage. Unlike random splits, 

this approach ensures the model learns only from past data. Bitcoin price data from January 2018 to September 2025 

served as training data, while the last 30 days of October 2025 were used for testing. This setup aligns with the goal 

of forecasting the next 30 days based on long-term historical patterns. It also ensures that the testing data represents 

unseen future conditions, allowing for a more reliable model evaluation and realistic forecasting performance. 

2.4  Data Evaluation 

Data evaluation was conducted to measure the performance of the model in predicting Bitcoin prices using the SVR 

with RBF Kernel and Random Forest methods. At this stage, the model is tested using three main evaluation metrics, 

namely Mean Absolute Error (MAE), Mean Squared Error (MSE), and Root Mean Squared Error (RMSE). These 

three metrics are widely used in machine learning research because they are able to comprehensively describe the 

level of prediction error [11]. 

The MAE metric is used to average the absolute value of the difference between the actual value (𝑦𝑖) and the 

predicted value (𝑦̂𝑖). This metric provides a direct indication of the magnitude of the error without considering the 

direction of the error.The MAE formula is as follows: 

MAE = 
1

𝑛
 ∑ |𝑦𝑖 − 𝑦̂𝑖|

𝑛
𝑖=1  (1) 

Furthermore, MSE is used to measure the mean square error between actual values (𝑦𝑖) and predicted values 

(𝑦̂𝑖). MSE imposes a greater penalty on errors with large differences, making it effective in detecting extreme 

prediction deviations [11]. The MSE formula is written as follows: 

MSE = 
1

𝑛
 ∑ (𝑦𝑖 − 𝑦̂𝑖))

2𝑛
𝑖=1  (2) 

The third metric, RMSE, is the square root of the MSE. RMSE provides evaluation results in the same units as 

the original data, making it easier to interpret in the context of price values. By taking the square root of the MSE 

value, RMSE provides easier interpretation than MSE, as its value returns to the same units as the target data. This 

metric describes the overall error of the model. The RMSE formula is: 

RMSE = √𝑀𝑆𝐸  (3) 

Overall, the evaluation using MAE, MSE, and RMSE provides a clear picture of the strengths and weaknesses 

of each model, and serves as the main basis for the performance comparison process in this study. 

3. RESULT AND DISCUSSION 

3.1 Method SVR With RBF Kernel 

SVR with RBF Kernel is an SVM component used for classification. This component is highly sought after for various 

applications due to its ability to handle non-linear data and control overfitting [11]. However, with fluctuating and 

non-stationary Bitcoin price data, SVR often struggles to produce accurate predictions. One of the main reasons is the 

characteristics of the RBF kernel, which is heavily influenced by the C, epsilon, and gamma parameters. If these 
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parameters are not optimal, the model can experience overfitting or underfitting. In addition, the highly volatile nature 

of Bitcoin data and its lack of consistent patterns make it difficult for SVR to establish a stable margin. SVR is more 

suitable for data with relatively stable patterns that do not experience extreme changes in a short period of time. In 

this case, the non-stationary nature of Bitcoin makes it difficult for the model to find the optimal prediction hyperplane 

[12]. 

The SVR method has been widely used in previous studies. The Grid Search algorithm using a linear kernel 

showed an accuracy of 92.47% for training data and 83.39% for testing data. Furthermore, Crude Palm Oil (CPO) 

forecasting produced an accuracy of 98.71738% for training and 83.45659% for testing [13]. To ensure the accuracy 

of predictions, the quality of the dataset is thoroughly checked at the beginning of the analysis process. Key features 

(open, high, low, close, volume) and time attributes are checked to detect missing values. Based on the verification 

results, no missing data was found, so all rows were retained. With the fulfillment of the time series modeling 

completeness standard, the amount of data after the pre-processing stage remained at 2,856 rows. This was done to 

clean up the dataset so that the resulting data would be more optimal and accurate [9]. 

Furthermore, in the context of time series podcasting, the temporal order of the data is also examined to ensure 

continuity. All features are then normalized using the Min–Max Scaling method to prevent differences in value 

distances (such as price and volume) from biasing the kernel calculation process. This normalization is crucial for 

improving the stability and performance of the SVR on non-linear Bitcoin data. 

The gamma parameter in RBF determines how far the influence of a single data point extends. An excessively 

high gamma causes the model to be highly sensitive to minor changes in the data, leading to overfitting, especially in 

volatile datasets such as Bitcoin. Conversely, an excessively low gamma prevents the model from capturing the short-

term patterns that characterize Bitcoin price movements [14]. The C and epsilon parameters also play a significant 

role. Too large a C value forces the model to be small but sacrifices generalizability, while an inappropriate epsilon 

value hinders the model's ability to capture the details of price changes [14]. 

The next step in the modeling process is to perform hyperparameter tuning using GridSearchCV to obtain the 

best parameter configuration. This process is performed using GridSearchCV, testing various combinations of values 

for the C, epsilon, and gamma parameters. These parameters play a crucial role, as described in Table 1 below: 

Table 1. The Role of Each Parameter 

C Controlling model complexity 

Epsilon Determine the error tolerance limit 

Gamma Determining the influence of data on the shape of the model curve 

After going through the parameter exploration process in Table 1, the best combination was obtained as shown 

in Table 2 below: 

Table 2. Best Parameter Results Obtained 

C : 10 Epsilon : 0.2 Gamma : 1 

Table 2 selects this combination because it yields the lowest error value compared to other configurations. 

These optimal parameters indicate that the model requires a moderate level of complexity (C=10), a small error 

tolerance (epsilon=0.2), and moderate sensitivity to data points (gamma=1). This configuration aligns with the volatile 

nature of Bitcoin prices. After running the parameters, the resulting graph is shown in Figure 2 below: 

 

Figure 2. Prediction Results For The Next 30 Days 

Figure 2 shows that the 30-day predicted trend graph shows that Bitcoin prices tend to fluctuate with an unstable 

up-and-down pattern. The SVR with RBF Kernel model appears to produce a smoother prediction curve and does not 

fully follow actual movements. This suggests that the SVR with RBF Kernel tends to maintain a stable separator 

function, making it less responsive to sharp price changes. At some points, especially when there are drastic price 
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increases or decreases, SVR appears to fail to keep up with the trend. The graph shows several segments where the 

SVR with RBF Kernel prediction line lags significantly behind the actual data. This condition can be attributed to the 

highly non-stationary nature of Bitcoin data, where linear kernel-based models such as SVR with RBF Kernel are not 

always able to learn the dynamics of rapid changes [15].  

Nevertheless, the model is still able to capture the general trend direction of price movements, although its 

sensitivity to sudden spikes remains limited due to the smoothing effect of the RBF Kernel. The actual data and future 

predictions have been combined into a single graph to clearly demonstrate how the SVR with the RBF Kernel predicts 

a Bitcoin price of $116,399.41 for the next 30 days. This results in the evaluation values shown in Table 3 below: 

Table 3. SVR Evaluation Value with RBF Kernel 

MAE 10866.882878735294 

MSE 204836847.5591309 

RMSE 14312.12239883138 

The results in Table 3 show that while the SVR with RBF Kernel is capable of capturing Bitcoin price 

movement patterns, its error rate is still relatively high. Pattern analysis shows that the SVR with RBF Kernel 

predictions tend to follow the price trend, but there are significant deviations from the actual values, reducing the 

model's accuracy. 

3.2 Method Random Forest 

In computational statistics, Random Forest is a classification method used to analyze various functions that map each 

selected data point to one of the predefined class categories. The Random Forest method is chosen because it produces 

lower errors, provides high classification accuracy, can handle very large amounts of data, and is effective in handling 

irregular data [16]. Random Forest generally provides more stable performance on complex, non-linear, and noisy 

datasets, such as Bitcoin prices. This is due to its ensemble nature, which combines many decision trees. Each tree 

learns a different part of the dataset, so that overall the model is able to capture more pattern variations [17]. 

Another advantage of Random Forest is its ability to follow short-term patterns through feature engineering, 

such as lag, moving average, or return. The collection of trees in Random Forest is able to learn the interactions 

between these features without requiring specific mathematical assumptions, unlike SVR, which depends on kernel 

selection [18]. In addition, Random Forest has proven to be robust against noise, where extreme fluctuations or price 

spikes do not significantly affect the overall prediction results due to the bootstrap aggregation (bagging) process. 

This makes Random Forest very suitable for volatile data such as Bitcoin, where price anomalies often occur [4]. The 

non-parametric nature of Random Forest makes it more flexible in modeling complex non-linear relationships without 

requiring sensitive parameter tuning as in SVR. This causes Random Forest prediction results to be closer to actual 

values and have a lower error rate. 

In the Random Forest method, the steps for predicting prices are the same, but there are significant differences 

in the results. Previous research comparing the Random Forest and Decision Tree algorithms for predicting the success 

of immunotherapy yielded an accuracy of 85.5% [19], Then, there is also a study on Hybrid Machine Learning Models 

to predict heart disease using the Logistic Regression and Random Forest methods with an accuracy rate of 83.16% 

[20].  

In the initial stage, data preprocessing was performed, which included checking all columns for missing values. 

The results were consistent: the dataset contained no missing values or duplicate data, so all data, totaling 2,856 rows, 

could be used without modification. In the Random Forest method, there is a crucial step called Feature Engineering, 

which aims to enrich the information available to the model. This step includes: 

a. The date column becomes a year, month, day, and day of the week feature. 

b. Lag features such as H-1, H-2, and H-3 prices 

c. Moving average value 

In this study, feature engineering, including lag and moving average features, was applied specifically to the 

Random Forest model. This approach was chosen because decision tree-based algorithms lack the inherent ability to 

understand time dependencies, requiring additional features to learn historical patterns more effectively. Meanwhile, 

the SVR model did not implement lag and moving average features. This difference is part of the research design, 

where each algorithm is optimized according to its own characteristics. Random Forest requires explicit feature 

engineering to capture time series patterns, whereas SVR with an RBF kernel is able to learn non-linear relationships 

between variables without adding lag features due to the kernel's ability to map data to a high-dimensional space. 

Therefore, the comparison of the two models remains scientifically valid, as each method was processed using the 

most appropriate approach to achieve optimal performance. The next step in the modeling process is hyperparameter 

tuning using GridSearch to find the best parameter configuration.This process is performed using GridSearch, testing 

various combinations of values for the parameters n_estimators, max_depth, max_features, and min_samples_split. 

These parameters play a crucial role, as explained in Table 4 below: 

Table 4. Random Forest parameter explanation 

n_estimators This parameter determines the number of decision trees to be built in the forest. 
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max_depth This parameter limits the maximum depth of each tree in the forest. 

max_features This parameter determines the number of features (input features) that each tree randomly 

considers when splitting a node. 

min_samples_split This parameter determines the minimum number of samples required for an internal node 

(tree branch) to be split/split again. 

After the parameter exploration process in Table 4, the best parameter configuration was tested with the 

parameter values in Table 5 below: 

Table 5. Random Forest Optimal Value Parameters 

n_estimators 200 

max_depth 15 

max_features 1 

min_samples_split 2 

Based on the optimal parameters shown in Table 5, the Random Forest model achieved its best performance 

using 200 estimators, a maximum depth of 15, one feature considered at each split, and a minimum split size of 2. 

These parameters indicate that the model benefits from a relatively deep tree structure and a sufficiently large 

ensemble size, thus capturing complex patterns in Bitcoin price movements while maintaining stability. The low 

min_samples_split and max_features values indicate that the model performs well when given greater flexibility 

during the splitting process, thus being able to learn detailed variations in the data without overfitting. After running 

the parameters, the prediction graph shown in Figure 3 below appears: 

 

Figure 3. 30-Day Price Prediction Chart 

Figure 3 shows the graph generated by the Random Forest prediction model for the next 30 days. Random 

Forest is able to follow the pattern of spikes and declines more accurately. At extreme points, the model's response is 

more accurate. At extreme points, the model's response is closer to the actual value, demonstrating resilience to noise 

and the ability to capture complex non-linear patterns. This is consistent with the Random Forest's nature of combining 

multiple decision trees, enabling it to learn from highly variable data. Chart analysis also revealed outliers, or nutrient 

movements that deviated from the general pattern. SVR with RBF Kernel tended to flatten the area, resulting in 

significant prediction errors, while Random Forest was more flexible in adapting to these changes. This finding further 

confirms that ensemble models are more suitable for volatile datasets like Bitcoin. This model predicted a price of 

USD 71,620.67 on day 30, which is visually and numerically closer to the actual price than SVR with RBF Kernel. 

The results of the evaluation are shown in Table 6 below: 

Table 6. Random Forest evaluation score 

MAE 19342.47 

MSE 659671833.13 

RMSE 25684.08 

The results in Table 6 show that although the MSE and RMSE values for Random Forest are higher than those 

for SVR with RBF Kernel, the MAE value is lower in the final prediction context, making the prediction results more 

relevant and closer to the actual value. This is in line with the characteristics of Random Forest, which is stable, robust 

to noise, and able to capture interactions between features well. 

3.3 Model Comparison Analysis 

Model comparison analysis is a method for evaluating the performance of different models by comparing their 

features, performance, or results to determine which model is superior [21]. The performance comparison between 

SVR with RBF Kernel and Random Forest in this study can be explained through the theory of the basic characteristics 
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of both models and the general theory of time series modeling. Theoretically, SVR with RBF Kernel works optimally 

on data with structured patterns and relatively low noise levels. SVR with RBF Kernel uses the concepts of margin 

and kernel trick to find the best mapping function that minimizes prediction error [22].  

On datasets with high stability, SVR with RBF Kernel can produce precise models because the decision margin 

is relatively consistent. However, this theory doesn't fully apply to crypto data like Bitcoin, which has extreme 

volatility and high noise. Kernel-based models tend to struggle to predict non-stationary and fluctuating data. [23], 

thus explaining why SVR with RBR Kernel in this study was less accurate. On the other hand, Random Forest is 

theoretically a more stable model and resistant to noise because it uses an ensemble learning approach through bagging 

and the formation of multiple decision trees. The combination of hundreds of trees produces a decision distribution 

that is more robust to extreme changes in data values. Research results show that Random Forest is able to follow the 

fast and irregular trends of Bitcoin. Ensemble models tend to be more accurate for non-linear and rapidly fluctuating 

financial data because they are able to learn various short-term patterns in parallel [23]. 

Based on time series theory, time series data often contains autocorrelation, which is the relationship between 

current values and previous values. Therefore, the use of features such as lag and moving average is very important 

to help the model understand the dynamics of price movements [24]. Lag helps models recognize short-term patterns, 

such as price reactions over the previous 1-7 days, while moving averages smooth out fluctuations so that trend 

patterns are clearer. Random Forest is naturally capable of handling such correlations because decision trees can break 

down lag features non-linearly, whereas SVR with RBF Kernel can only utilize them if the kernel parameters are truly 

optimal. Thus, theoretically and empirically, Random Forest is more suitable for Bitcoin datasets that are non-

stationary, highly volatile, and non-linear, while SVR with RBF Kernel is more suitable for datasets with stable 

patterns and minimal noise. The results of both methods produce data evaluations as shown in Table 7 below: 

Table 7. Comparison of Method Performance 

Metode MSE MAE RMSE 

SVR With RBF Kernel 204836847.5591309 10866.882878735294 14312.12239883138 

Random Forest 659671833.13 19342.47 25684.08 

The comparison results shown in table 7 show the performance of the two Support Vector Regression (SVR) 

with RBF Kernel and Random Forest show that the Support Vector Regression (SVR) with RBF Kernel method is the 

most superior method by producing an MSE of 204836847.5591309, MAE of 10866.882878735294, and RMSE of 

14312.12239883138. Support Vector Regression (SVR) with RBF Kernel produces more accurate and stable data 

modeling values, as indicated by lower prediction error values. The method Random Forest produces data evaluation 

on MAE of 19342.47, MSE of 659671833.13, and RMSE of 25684.08, which shows less than optimal performance 

in predicting data because it produces a relatively high error value compared to Support Vector Regression (SVR) 

with RBF Kernel so that this model comparison shows that the Random Forest method is less than optimal for several 

datasets tested. 

4. CONCLUSION 

The results of the analysis of Bitcoin price predictions for the next 30 days with a dataset from January 1, 2018 to 

October 25, 2025, based on the research results, it can be concluded that the SVR model with RBF Kernel shows 

better performance than Random Forest. This is shown by lower prediction error values in all evaluation metrics, 

namely MAE, MSE, and RMSE. The SVR model obtained an MAE value of 10866.882878735294, MSE of 

204836847.5591309, and RMSE of 14312.12239883138, which indicates that SVR is able to produce predictions that 

are more stable and closer to the actual data. In contrast, Random Forest produced an MAE of 19,342.47, an MSE of 

6,5967,1833.13, and an RMSE of 25,684.08, indicating that this model produces higher errors, primarily due to large 

errors at some extreme points. Although Random Forest theoretically excels at modeling nonlinear data and is robust 

to noise, the results of this study indicate that the highly volatile and non-stationary characteristics of Bitcoin data are 

more suited to the kernel regression approach of SVR. Thus, SVR with RBF Kernel can be declared a more optimal 

model for predicting Bitcoin prices on the dataset used in this study. These findings also demonstrate that the 

theoretical superiority of an algorithm does not necessarily guarantee better actual performance. 
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