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Abstract—Cryptocurrency is becoming more 

popular. The first cryptocurrency to be created was 

called Bitcoin. One of a most popular 

cryptocurrencies is bitcoin, and more study is being 

done on price prediction. Establishing a more 

plentiful index system and prediction model with an 

improved prediction effect is required to more 

accurately and efficiently forecast variations in the 

price of Bitcoin. Because of this, there is a 

significant risk for investors investing in Bitcoin 

because its price fluctuates every second. Interest in 

trading that is aided by artificial intelligence and 

machine learning has grown over the last several 

years. Hence, to forecast Bitcoin's price, it is 

recommended to use ML technologies. This paper 

aims to examine machine learning algorithms that 

have the highest predictive power for Bitcoin prices. 

This study addresses the critical need for accurate 

Bitcoin price prediction by integrating machine 

learning techniques with historical data. Through 

extensive experimentation and comparative 

analysis, the Extreme Gradient Boosting Classifier 

(XGBoost) emerges as the most effective model, 

achieving an impressive accuracy of 99.08%. This 

study helps traders in the unpredictable 

cryptocurrency market make better decisions by 

using powerful algorithms and preprocessing 

approaches. 

Keywords—Historical bitcoin price dataset, 

bitcoin, Machine Learning. 

I. INTRODUCTION 

The Bitcoin network eliminates the requirement 
for a governing body or intermediary in digital 
currency transactions by using a decentralised 
digital currency known as Bitcoin (BTC). Someone 
or more people using the identity Satoshi Nakamoto 

established it in 2008. Creating a decentralised, 
trustless transaction system that could do away with 
intermediaries like banks was the primary goal of 
Bitcoin's creators. A public ledger called the 
blockchain records transactions and uses complex 
algorithms to keep the system secure. It uses a proof-
of-work consensus mechanism to safeguard the 
network and verify the legitimacy of each 
transaction before adding it to the blockchain[1]. 

Worldwide, virtual currencies are gaining 
popularity and are being utilised for business-
company transactions. Reasons for its rising star 
power include its novel features, which include 
openness, simplicity, and global acceptability. Here, 
at the moment, the most well-known and successful 
virtual money is Bitcoin. Market valuations for 
virtual currencies fluctuate, but as of April 19, 2019, 
according to https://bitcoin.org, they are close to 90 
billion USD. There is no central authority or bank 
involved in the Bitcoin network, making it a 
decentralised, peer-to-peer cryptocurrency. It is 
really difficult for a third party to mediate disputes 
between customers. The market price is always 
rising and falling. The market value of bitcoin is 
growing with time. More than seventy-one billion 
dollars are now trading hands on the market. The 
world's leading virtual currency is Ethereum because 
it is open-source, transparent, straightforward, and 
saves time[2][3][4]. 

Because of Bitcoin's status as a financial asset 
and its trading on multiple cryptocurrency 
exchanges (much like a stock market), numerous 
researchers have used a wide range of analytical and 
experimental methods to study the factors that 
influence Bitcoin's price and the patterns underlying 
its fluctuations (for examples, see the cited works of 
the authors of). The proliferation of DL-based 
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Bitcoin price prediction models is a direct result of 
the current explosion in ML [5][6]. 

The field of ML is concerned with creating 
statistical models and algorithms that let computers 
learn from data and become more efficient at a given 
activity [7]. Classification, regression, anomaly 
detection, and NLP are a few of the activities that 
fall under ML. The use of ML for price prediction 
may help investors make more educated choices by 
providing valuable insights into market dynamics. 
ML algorithms have the ability to identify patterns, 
trends, and correlations that human analysts might 
overlook via the use of historical data analysis[8][9]. 
ML models may use a range of methods, such as 
time series analysis, to estimate future price 
movements and collect trend and momentum 
information [10][11]. The goal of this study is to 
estimate how accurately ML expertise can be used 
to anticipate the rate of cryptocurrencies like 
Bitcoin. 

A. Contribution of the Study 

By presenting dimension engineering on Bitcoin 
price granularity—a unique strategy not before 
investigated—this work significantly advances the 
area of Bitcoin price prediction. The research 
outperforms conventional approaches like Logistic 
Regression, SVM, and Random Forest by using 
machine learning techniques like Extreme Gradient 
Boosting Classifier (XGBoost) to obtain outstanding 
F1-score, recall, accuracy, and precision. By giving 
traders a trustworthy binary classification algorithm, 
the suggested technique enables traders to make 
well-informed decisions based on sign changes in 
Bitcoin prices. All things considered, this study 
advances our knowledge of and ability to use 
machine learning to forecast cryptocurrency values, 
providing insightful information to those involved in 
the financial markets. 

B. Structure of the study  

The following is the structure of this research for 
the sections that follow: The literature that is 
pertinent to our investigation is examined in Section 
II. the methodological analysis of the study; the 
research approach utilised in this study is presented 
in Section III. Discuss a findings and evaluations of 
the study project in Section IV. The conclusion of 
this research and future goals are provided in Section 
V. 

 

II. LITERATURE REVIEW 

In this section, provide some of the related studies 
based on ML and DL methods to predict Bitcoin 
prices, also discussed this related work in Table 1. 

In, Kazeminia, Sajedi and Arjmand, (2023) CNN, 
LSTM, and GRU () are deep learning algorithms that 
were utilised to automate the collection of Bitcoin 

datasets for the model's training. The R2 error and 
MAPE were 0.98166 and 0.034, respectively, using 
the suggested model. This model is also capable of 
performing real-time forecasting[12]. 

In, Freeda, Selvan and Hemanandhini, (2021) 
suggested method use DL to improve the accuracy 
of the data. Training and testing a RNN model using 
the existing dataset to achieve a long-term prediction 
is the innovative aspect of this study. The value of 
bitcoin in 2021 is forecasted in this paper. The 
presented study demonstrates an enhanced accuracy 
of 76.99% utilising the RNN model in comparison 
to other ML methods such as RF, GNB, SVM, and 
KNN techniques[13]. 

In, Jakubowicz and Abdelfattah, (2021) was to as 
opposed to particular time series price projections, 
ascertain if more accuracy may be attained by 
concentrating on a more comprehensive view of 
numerical ranges. Reporting the anticipated 
direction of the market for the next hour was the 
main focus of the forecasts. Five distinct ML models 
were tested and trained using one-hour interval trade 
data to create discrete classes of degrees of hourly 
changes. Cross-validation accuracy was attained 
between 96 and 100%, with the exception of one 
model[14]. 

In, Dinshaw, Jain and Hussain, (2022) three 
ML models—LSTM, ARIMA, and SARIMA—
have been used. These models are statistically 
examined based on performance metrics, such as 
RMSE, MAPE, and coefficient of determination 
(R2). The results indicate that the LSTM model has 
computed RMSE, MAPE, and R2 values of 
1447.648, 3.059%, and 0.9702, respectively; the 
ARIMA model has calculated values of 1288.5, 
3.479%, and 0.9566, and the SARIMA model has 
computed values of 1802.31, 4.665%, and 
0.9505[15].  

In, Vestly et al., (2023) was going to inculcate the 
neural network models like sequence-to-sequence, 
ARIMA, and LSTM. This process is certainly made 
to analyse the bitcoin price over the past couple of 
years. Trained our model accordingly and found out 
96.21% accuracy for the sequence-to-sequence and 
94.2% for the ARIMA as well. Eventually this paper 
and its work insinuate regarding the highly accurate 
performing algorithm and its analysis as well[16]. 

In, Saadatmand and Zare Chahoki, (2023) 
intended to provide a novel method for predicting 
Bitcoin trends using DL algorithms. by monitoring 
the prior price and doing a sentiment analysis on data 
that was taken from Twitter. For this study, 
information was gathered from January 2012 to 
December 2020. This article examines the trends in 
Bitcoin price fluctuations using the LSTM, Bi-
LSTM, GRU, and Bi-GRU algorithms. The Bi-GRU 
algorithm outperformed with a record 72% accuracy 
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in forecasting the trend of fluctuations in the price of 
Bitcoin and a 20% increase in learning speed[17]. 

TABLE I.  COMPARATIVE ANALYSIS OF BITCOIN PRICE PREDICTION USING VARIOUS METHODS AND 

TECHNIQUES 

Ref  Methodology Data set Performance Limitations & 

future work 

Kazeminia, 

Sajedi and 

Arjmand  

Hybrid model using 

automated web 

scraping, compared 

with CNN, LSTM, 

GRU 

Gathered 

through 

automated web 

scraping 

technique 

R2: 0.98166, 

MAPE: 0.034, 

Outperformed 

CNN, LSTM, 

GRU 

Real-time 

forecasting 

capability and 

scalability to larger 

datasets. 

Freeda, Selvan 

and 

Hemanandhini  

RNN model trained on 

time series data, 

compared with Random 

Forest, Gaussian Naïve 

Bayes, SVM, KNN 

Time series data 

for Bitcoin 

prices 

Accuracy: 76.99% 

using RNN model 

Long-term 

prediction 

validation, 

comparison with 

more recent models 

Jakubowicz 

and 

Abdelfattah  

Five ML models 

predicting market 

direction for the next 

hour 

One-hour 

interval trading 

data, discrete 

classes of hourly 

changes 

Cross-validation 

accuracy: 96-

100% 

Assessment of 

model robustness, 

extension to other 

time intervals 

Dinshaw, Jain 

and Hussain  

Comparison of LSTM, 

ARIMA, SARIMA 

models based on 

RMSE, MAPE, R2 

Time series data 

from January 

2012 to 

December 2020 

LSTM: RMSE - 

1447.648, MAPE 

- 3.059%, R2 - 

0.9702 

Investigation into 

model 

generalisation, 

inclusion of more 

features 

Vastly  Employing sequence-

to-sequence, ARIMA, 

LSTM models for 

Bitcoin price analysis 

Bitcoin price 

data from past 

years 

Sequence-to-

sequence: 

96.21%, ARIMA: 

94.2% 

Exploration of 

ensemble methods, 

analysis of model 

robustness 

Saadatmand 

and Zare 

Chahoki  

Sentiment analysis of 

Twitter data combined 

with previous price 

tracking, comparing 

LSTM, Bi-LSTM, 

GRU, Bi-GRU 

Twitter data and 

Bitcoin price 

data from 

January 2012 to 

December 2020 

Bi-GRU: 72% 

accuracy, 20% 

improvement in 

learning speed 

Refinement of 

sentiment analysis, 

exploration of 

other social media 

platforms 

A. Research gaps  

The integration of numerous data sources and 
approaches to improve forecast accuracy and 
robustness is a significant research gap in the existing 
literature on Bitcoin price prediction. This gap is 
remarkable since it is a significant research gap. 
Although the current research makes use of a variety 
of ML and DL techniques, like LSTM, GRU, and 
sentiment analysis, it is common for these studies to 
concentrate on a single data source or method, so 
ignoring the potential synergies that may be achieved 
by integrating several approaches. Furthermore, 
there has been a limited amount of investigation into 
the possibility of combining fundamental indicators 
or macroeconomic aspects with technical research. 
This might result in a more thorough knowledge of 
the dynamics of the Bitcoin price. Improving 
prediction performance and enabling more informed 
investment choices in the volatile cryptocurrency 

market involves multidisciplinary cooperation and 
the creation of hybrid models that use the capabilities 
of diverse data sources and analytic approaches. This 
is necessary in order to bridge the research gap that 
exists. 

 

 

III. RESEARCH METHODOLOGY 

The methods used to develop the suggested 
Bitcoin price prediction system are covered in this 
part, along with how several ML and DL approaches 
were implemented. 

A. Methodology 

Using databases of past Bitcoin values, this 
research focuses on making price predictions for the 
cryptocurrency. Both model training and model 
assessment are built on top of the chosen dataset. 
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Starting with the preprocessing of the data, the 
technique removes punctuation, handles null values, 
and normalises the data to guarantee consistency. 
Subsequently, the dataset is split into training and 
testing sets with a 75:25 ratio to facilitate robust 
model evaluation. Deep learning approaches such as 
XGBoost, LR, SVM, and RF are employed for model 
implementation due to their effectiveness in handling 
complex financial data. Model performance 
evaluation includes metrics like accuracy, precision, 
recall, and F1-score, ensuring a comprehensive 
assessment of the chosen classification methods for 
Bitcoin price prediction. Comparative analysis is 
conducted to validate the efficacy of the selected 
model, providing insights into its suitability for 
accurate and reliable Bitcoin price forecasting in the 
financial domain. Figure 1 shows the suggested 
architecture. Here are in-depth explanations of each 
stage: 

 

Fig. 1. Proposed flowchart for bitcoin prediction 

1) Data collection 
The goal of the Kaggle dataset is to find the best 

machine learning-based method for Bitcoin price 
prediction. 

2) Data preprocessing 
Data categorisation requires a critical step called 

preprocessing. For any ML to be testable and clean, 
preprocessing of the data is an essential step. To 
eliminate null values, punctuation, abbreviations, 
and other similar artefacts, preprocessing processes 
were applied to the selected dataset. We also changed 
the data's timestamps into widely used time formats 
that are easier to comprehend. Furthermore, a Min-

Max scalar was used for normalisation in order to 
scale the values between 0 and 1. (The following are 
some of the stages in data preprocessing: 

 Data Cleaning: Data cleaning involves 

computing the value in a filled-in format 

while ignoring the missing value. 

 Null values: In data analysis and 

programming, handling null values correctly 

is essential since improper handling may 

result in mistakes or inaccuracy in 

computations or predictions.  

 Punctuation: One important task in text 

normalisation is the removal of unnecessary 

and special characters including 

punctuations. The main reason for doing so 

is because punctuations tend to throw the 

model off instead of helping them predict the 

correct class.  

 Normalization: To scale numerical 

characteristics to a specified range, usually 

between 0 and 1, normalisation employing 

Min-Max scaling is a method that is often 

used in machine learning and data 

preparation. It's especially helpful when 

characteristics need to be brought to a 

common scale in order for algorithms to 

function properly, since they have distinct 

sizes. 

3) Data Splitting 
The dataset was split into two halves, with 1,646 

samples used for training and 548 samples used for 
testing, in accordance with a 75:25 ratio. 

4) Classification techniques 
For the purpose of model implementation, choose 

machine learning techniques. In this study, choose 
extreme gradient boosting classifier for the bitcoin 
price prediction. The model is described in below: 

a) Extreme gradient boosting Classifier: 
The open-source gradient boosted trees approach 

known as XGBoost is both popular and strong. One 
supervised learning method that aims to increase 
prediction accuracy by integrating the results of 
many less complex models is gradient-boosting [18]. 

XGBoost is a library and framework that allows 
gradient-boosted trees to develop in a forest in 
parallel [19]. Gradient boosting decision trees 
(GBDTs) are useful since they strive to minimise the 
time necessary to build trees and speed up the 
optimisation process. In order to provide a robust 
prediction, a GBDT pooles the output of several 
weak classifiers. Due to the extensive usage of 
regression functions to estimate each tree, it is an 
enhanced decision tree model. 

The classification error may be reduced step-by-
step by attempting to improve the preceding tree's 
residual classification. The ideal split is determined 

Historical 

Bitcoin Price 

Dataset 

Data  

Pre-

processing 

Data Splitting 

Training 

Classificat

ion  

technique 

Model Evaluation 

 Accuracy 

 Precision 

 Recall 

 F1-score 

Final Outcomes 

Testing 
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by calculating the structure's scores and gain after 
each tree has been optimally approximated. The final 
outcome of the model's predictions is the total of all 
decision trees.  

b) Logistic Regression Model  
The classic multiple-variable regression 

technique known as logistic regression (LR) has 
applications in binary classifications [19][20]. The 
values of the features xi, where i = 1,..., K, predict 
the class label, which is represented by the binary 
response variable yi ∈ {0, 1}. One way to represent 
the LR model is as log it equ.1. 

(𝑃 (𝑦 =  1)) =  𝑙𝑜𝑔( 𝑃 (𝑦 =  1)1 −  𝑃 (𝑦 =

 1)) =  𝛽0 +  𝛽1𝑥1 +  𝛽2𝑥2 + · · ·  + 𝛽𝑘𝑥𝐾 
  (1) 

where βi stands for the regression coefficient of xi 
and P(y = 1) denotes the likelihood of the sample 
being in class 1. 

c) SVM Linear kernel 
Data analysis, pattern identification, 

classification, and regression analysis are some of the 
many applications of SVMs, a similar supervised 
learning technology. Applying the statistical theory 
of learning, it is a kind of learning approach [21][22]. 
The goal is to maximise the breadth of the separation 
among the two groups by dividing the data points 
along a hyperplane, which in this instance is a line. 
In order to do this, we use training tuples and 
margins, also known as support vectors, in an effort 
to lower the classification error. In formal terms, this 
is equal to 2: 

𝑃(𝑥) = 𝑤. 𝑥 + 𝑏 = 0  (2) 

Here, P(x) is the set of points, w and x are the 
support vectors used to generate hyperplane between 
two groups and ‘b’ is the coefficient. 

d) Random Forest 
The RF classifier and other supervised learning 

algorithms blend the output of many decision trees 
using a bagging approach [23][24]. A random forest 
classifier is used with a uniform distribution of 
training data across classes. To solve the 
classification problem, we have calculated the cost of 
splitting the dataset using the Gini index. We used a 
grid search to test out different values for a number 
of parameters, or the amount of estimators, to train 
our RF model to provide reliable predictions. 
Numerous methods exist for partitioning decision 
trees, each optimised for a particular classification or 
regression task. After tallying up the squared 
probabilities for each group, take one off the total to 
get the Gini index. The Gini index (Gind) may be 
calculated using the formula 2 that follows[25][26]: 

𝐺𝑖𝑛𝑑 = 1 − ∑ 𝑃𝑖)
2𝑐

𝑖=1   (3) 

To train DTs, first take a bootstrapped sample of 
the training data, and then for each tree, randomly 

choose a subset of features to use in its training. Each 
node of the trees is used to recursively split the data 
into smaller subsets according to whatever 
characteristic yields the best split. Every DT in the 
forest determines its own prediction for the label of a 
new input during the prediction phase. The final 
forecast is then determined by summing together the 
predictions from each tree and casting a majority 
vote. This method reduces the overfitting issue that 
DTs are known to have while improving the model's 
generalisability. Furthermore, it is an effective 
technique for classification jobs because it employs 
several DTs, which together might identify crucial 
properties that a single tree could have overlooked. 

5) Model Building 
Machine learning methods should be used for 

model building. Provided a feature importance 
approach that could be used to build a detection 
system that would be helpful in its functioning in the 
environment. In addition to an algorithm-based 
feature selection method, the proposed machine 
learning-based model incorporates different ratios of 
the sampling procedure for use in the actual world. 
Use methods for more accurate categorisation as well 
as machine learning-based techniques that make use 
of certain characteristics. To confirm that the 
proposed diabetes prediction model is successful, the 
validation phase is carried out in this research for 
every step. 

6) Model Evaluation 
A wide range of performance metrics are used to 

assess the effectiveness of Bitcoin price prediction 
systems. Use f1-score, recall, accuracy, and precision 
in your model assessment.  

B. Proposed Algorithm 

In this section, provide the proposed algorithm to 
be used to build the bitcoin price prediction system. 

Proposed Algorithm: For Bitcoin price 

prediction  

Step 1: Data Collection 

 Collect the Bitcoin price dataset from 

Kaggle. 

Step 2: Data Preprocessing 

 Preprocess the data for data cleaning, 

remove null values, punctuation and 

normalisation. 

Step 3: Data Splitting 

 Split the data into training and testing. 

Step 4: classification techniques  

 Apply extreme gradient boosting classifier. 

Step 5: Model Training 

 Train the model with preprocessed data 

Step 6: Model Evaluation 

 Use some performance parameters like 

accuracy, precision, recall and f1-score. 
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Step 7: predict outcome 

Finish!!! 

IV. RESULTS & DISCUSSIONS 

Provide the findings from the assessment of the 
dataset used for this study, together with the 
classifier's statistics, in this section.  

A. Dataset Description 

The CSV files of the chosen historical Bitcoin 
price dataset offer minute-by-minute updates on a 
range of metrics, such as OHLC (Open, Low, High, 
Close) prices, BTC trading volume, currency 
information, and the weighted Bitcoin price, which 
consisted of 3,161,057 rows. The datasets were 
chosen because they had undergone the least amount 
of modification. 

TABLE II.  FEATURES DETAILS OF THE HISTORICAL 

BITCOIN PRICE DATASET 

Features Definition 

Open Opening trade 

Close Latest trade 

Low Lowest trade during day 

High Highest trade during 

day 

Weighted price Mean Bitcoin price 

Volume_(BTC) Total trade volume of 

day in USD 

Volume_(Currency) Total trade volume of 

day in USD 

Timestamp Date recorded time 

B. EDA (Exploratory Data Analysis) 

Important first steps in data analysis include 
exploratory data analysis (EDA), which makes use of 
summary statistics and visual representations to find 
patterns, identify outliers, test hypotheses, and 
confirm assumptions [27]. 

 

Fig. 2. Correlation feature heatmap 

Above, figure 2 displays a heatmap graph of the 
Bitcoin price dataset. In the graphical representation 
x-axis shows the close, high, low, open and price 
attributes and y-axis represents the same. Heatmap 
achieves the score of 100% diagonally. 

C. Performance Measures 

Evaluation metrics may be used to calculate a 
model's performance. One important aspect of 
assessment measures is their capacity to distinguish 
between various model outcomes. Confusion matrix, 
accuracy score, precision score, recall score, f1 
score, and ROC metrics will all be employed in this 
research to assess the suggested employee attrition 
algorithm. 

1) Confusion Matrix 
Figure 3 illustrates how the confusion matrix, 

which is used to gauge the introduction of two class 
issues for the given instructional record, works. True 
positive (TP) and true negative (TN) parts describe 
instances correctly from corner to corner, but false 
positive (FP) and false negative (FN) parts 
incorrectly request instances. Matrix of Confusion 
Appropriately Categorise Example TP + TN 
Misclassify Instances. 

 

Fig. 3. Representation class of Confusion matrix 

Four distinct columns are formed when 
comparing the actual values with the predictions: 
true negative (TN), false positive (FP), false negative 
(FN), and true positive (TP). For example, it is 
considered a false positive if an instance was 
expected to have diabetes but did not. Accuracy, 
recall, and precision are computed using values from 
the confusion matrix. 

2) Accuracy  
The degree of accuracy is the degree to which the 

value is near to its true value. Trueness and precision 
are used to calculate accuracy (the degree to which 
measurement findings are close to the real value). It 
is given as eq.4- 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑝+𝑇𝑁+𝐹𝑁
  

 (4) 

3) Precision 
Precision is a statistical metric for gauging the 

variation in results from a set of trials. As a metric, it 
tracks the proportion of positive predictions that lead 
to accurate outcomes. It is expressed as eq.5- 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
  (5) 

4) Recall 
Recall is a metric for accurately determining 

which positive results were really produced. It is 
recommended to look at both recall and precision 
when evaluating a technique's efficacy. In 
mathematical form it is given as eq.6- 
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𝑅𝑒𝑐𝑎𝑙𝑙 =
TP

𝑇𝑃+𝐹𝑁
  

 (6) 

5) F1 score 
The F-score may alternatively be expressed as the 

geometric mean of the Diversity and Coverage 
metrics, with weights applied. Integrating recall and 
precision yields the F1-score. Mathematically, it is 
given as eq.7- 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 =
2(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑅𝑒𝑐𝑎𝑙𝑙)

Precision+Recall
 

 (7) 

D. Experimental results 

This section's analysis focuses on the outcomes of 
an experiments that were carried out to anticipate a 
price of bitcoin. Python is a computer language used 
to show the inquiry outcomes. The following are the 
outcomes of the experiment: 

 

Fig. 4. XGBoost confusion matrix 

The above figure 4 represent the Confusion 
Matrix for XGBoost where x-axis is predicted label 
and y-axis is Actual Label. Class 1 represent the 
value of false negative (407) and true positive 
(48372). Class 0 represent the value of true negative 
(2485) and false positive (65). 

 

Fig. 5. Parameters performance of XGBoost for 

bitcoin 

Figure 5 displays the performance of the 
XGBoost model for bitcoin prediction according to 
F1-score, recall, accuracy, and precision with 99% 
performance. 

E. Comparative analysis 

In this section, present the comparative result 
analysis of various machine performance according 

to F1-score, recall, accuracy, and precision. In this 
study, comparison between the model, shows in 
Table 3. 

TABLE III.  COMPARATIVE RESULTS OF MODEL 

PERFORMANCE 

Model Accur

acy 

Precis

ion 

Recall F1-

Score 

Logistic 

Regressio

n[12] 

0.6666

7 

0.5384

62 

0.4117

65 

0.466

667 

SVM[12] 0.6041

67 

0.4166

67 

0.2941

18 

0.344

828 

Random 

Forest[12] 

0.5625 0.4090

91 

0.5294

12 

0.461

538 

XGBoost  99.08 99.86 99.16 99.5 

 

Fig. 6. Performance measures based on models 

Accuracy 

Figure 6 displays several models' accuracy. With 
the greatest accuracy score of models, 99.08%, 
achieved by XGBoost. With XGBoost showing a 
little superior performance in this particular 
category. 

 

Fig. 7. Performance measures based on models’ 

precision 

Figure 7 shows the precision of models. At 
99.86%, XGBoost achieved the highest precision 
score. Out of all the models in this specific category, 
the XGBoost model has the best performance. 
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Fig. 8. Performance measures based on models recall 

Figure 8 shows the several models' recall. 
XGBoost achieved the greatest recall score, getting 
in at 99.16%. The XGBoost model performs the best 
among all the models in this particular category. 

 

Fig. 9. Performance measures based on models f1-

score 

Figure 9 displays the f1-scores for the various 
models. With 99.5%, XGBoost obtained the highest 
f1-score. Of all the models in this specific category, 
the XGBoost model performs the best. 

A performance analysis of different ML models 
for bitcoin prediction discussed in above, highlights 
the superiority of the XGBoost model across 
multiple metrics. The confusion matrix demonstrates 
a high TPR (48,372) and a low FPR (65) for 
XGBoost. When comparing models, XGBoost 
outperforms Logistic Regression, SVM, and 
Random Forest, achieving the highest scores in 
accuracy (99.08%), precision (99.86%), recall 
(99.16%), and F1-score (99.5%). These results 
underscore XGBoost's exceptional performance, 
making it the most effective model for Bitcoin 
prediction in this study due to its ability to balance 
precision and recall, ultimately leading to a superior 
F1 score. 

V. CONCLUSION AND FUTURE WORK 

This study shows an effectiveness of ML 
techniques, particularly the Extreme Gradient 
Boosting Classifier (XGBoost), in accurately 
predicting Bitcoin prices. By leveraging historical 
Bitcoin price datasets and employing advanced 
algorithms, the XGBoost model achieved 
remarkable F1-score, recall, precision, and accuracy, 
outperforming other traditional classification 
methods like LR, SVM, and RF with 99%. The high 
predictive power of the XGBoost model underscores 
the potential of machine learning in forecasting 

cryptocurrency prices, thereby assisting traders in 
making informed investment decisions in the volatile 
cryptocurrency market. Future work in this area 
could focus on further enhancing the predictive 
capabilities of machine learning models by 
incorporating additional data sources, such as 
macroeconomic indicators, social media sentiment 
analysis, and market news. Moreover, exploring 
ensemble learning techniques and hybrid models that 
combine multiple algorithms could potentially 
improve prediction accuracy and robustness. 
Additionally, conducting research on real-time 
prediction models that adapt to dynamic market 
conditions would be valuable for practical 
applications in cryptocurrency trading. By 
continually refining and innovating machine learning 
approaches, researchers can contribute to the 
development of more effective tools for 
cryptocurrency price forecasting and risk 
management. 
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