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Abstract

Due to the boom and bust of Bitcoin in 2017, there has been increased interest in cryptocurrency by organizations,
academia, businesses, industries, and individuals with many considering cryptocurrencies as investment assets
rather than just digital coins. However, due to the sudden drop in Bitcoin price, academic researchers’ attention has
been drawn to developing a prediction model on which to base investment. Although there is existing research work
done on predicting cryptocurrency price, very few consider the two major data sources (Social media sentiment data
and Historical price data) for comparison purposes, and to the best of our knowledge, none has considered merging
the two data sources for price prediction. This paper proposed a novel cryptocurrency price prediction model based
on tree-based machine learning algorithms namely: Decision Tree, Gradient Boosting Regressor, CATBOOST
Regressor, and Random Forest using social media sentiment data (tweets) and cryptocurrency historical price data
for the three most popular cryptocurrencies: Bitcoin, Ethereum, and XRP. We scrap data from Twitter with a sample
size of 100 tweets daily for 2 years. We then pre-process the data and run sentiment analysis on the 100 tweets to
arrive at a single sentiment for the 100 tweets. The historical price data obtained from Yahoo Finance is then merged
with the tweet sentiment for prediction using our machine learning algorithms. The proposed model performs best
with Gradient Boosting Regressor with an accuracy of 98.94%, Mean Absolute Error (MAE) of 0.00400, Means
Squared Error (MSE) of 0.00028, and R2 score of 0.93 for XRP. The gradient Boosting regressor also performs best
for the BTC model with an accuracy of 97.65%, MAE: 482.2100, MSE: 508309.8100, RMSE: 712.9600, and an R2
score of 0.96. The same is also applied to the Ethereum model with an accuracy of 99%, MAE: 12.7133, MSE:
295.1983 RMSE: 17.1813, and R2 score of 0.99.

Keywords: Cryptocurrency, Decision Tree, Gradient Boosting Regressor, CATBOOST Regressor, Random Forest.
1. Introduction

Blockchain as the building blocks of cryptocurrency is based on Cryptography which is simply referred to
as the science of hiding information against third-party intrusion. Cryptography is mostly used in blockchain to
protect user privacy and secure transaction information.

Cryptocurrencies are digital assets that are designed to work as a medium of exchange that uses cryptography
to secure their transactions, control the creation of additional units, and verify the transfer of assets (Aytan et al.,
2019). It is rising in popularity and being widely adopted across the globe where millions of people are estimated to
be actively trading in cryptocurrencies today, and many are already using cryptocurrency to pay for items such as
hotels, games, and even their rent (Chang et al., 2023). Bitcoin is the most accepted cryptocurrency in the world,
which makes it attractive for investors and traders. Bitcoin stands as the first decentralized cryptocurrency, primarily
based on blockchain technology (Hachicha et al., 2023). It has helped remarkably in facilitating electronic payments
among individuals without the need to go through the intermediary of a third party. Since its emergence in 2009 as
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the first digital cryptocurrency, more than 5,600 cryptocurrencies have surfaced (Tanwar et al., 2021). Bitcoin was
the first devised digital currency and remains the market-leading cryptocurrency in terms of stock market
capitalization (Fakhfekha & Ahmed, 2019). Some of these cryptocurrencies are designed for specific purposes such
as in-app purchases, game rewards, and so on while others are targeted for general transactions most of which are
aimed to serve like traditional currencies (Higbee, 2018).

The Bitcoin price is selected among the available digital currencies as it is considered the single largest
cryptocurrency asset with more than 410 billion worth of market value (Zhong et al., 2023; Basher & Sadorsky,
2022; Tanwar et al., 2021). Although there are other variants of cryptocurrency, the choice of Bitcoin among the
alternatives is mainly informed by its prominence as the most traded cryptocurrency coupled with the fact that it has
sufficiently large datasets when compared to other cryptocurrencies. (Afeez et al., 2018). Investors make use of many
online discussion channels when deciding to make investments in stock markets. Such information is presented
within Financial Discussion Boards (FDBSs), news corporations (e.g., Financial Times), broker agency websites, and
social media platforms. Recently, Twitter has become a popular platform for investors to disseminate stock market
information and discussion (Brown, 2012). Many large organizations are also using Twitter as a platform to obtain
and share information relating to their products and services (Evans et al., 2019).

Cryptocurrencies have gained significant investment attention in recent times, attracting individuals, large
tech companies, and financial institutions. Facebook, for instance, introduced its cryptocurrency called Libra. It is,
however, crucial to note that all cryptocurrencies are highly volatile, meaning their prices can experience dramatic
fluctuations within short timeframes. For instance, in 2017, the value of Bitcoin fluctuated between $900 and
$20,000. This volatility makes cryptocurrency investment inherently risky, as the price may change within a very
short period (Abraham et al., 2018; Tanwar et al., 2021; Chang et al., 2023 ). Consequently, there is a need for a
model that can forecast cryptocurrency prices. While the literature offers a range of approaches to address this
challenge (Abraham et al., 2018; Alghamdi et al., 2022; Basher & Sadorsky, 2022; Chang et al., 2023; Chen, et al.,
2020; Hosure et al., 2022; Khedr, et al., 2021; Salman & lbrahim, 2020; Tanwar, et al., 2021; Wardak & Rasheed,
2022; Zhong et al., 2023), many existing models have not adequately considered the unique characteristics of the
data used for price prediction. As a result, these models often perform poorly during extended market downturns and
struggle to adapt to predicting the prices of new coins.

This study, therefore, aims to address these limitations by developing a model that predicts cryptocurrency
prices and market trends. The model combines historical price data with social media sentiment data (specifically,
Tweets) to train decision trees (DT), gradient boosting regressors (GBR), random forests (RF), and CATBOOST
machine learning models. By incorporating sentiment analysis from social media alongside historical price data, this
research seeks to enhance the accuracy and robustness of cryptocurrency price prediction models.

2. Related Works

In this section, we discuss the contribution of related works based on the type of machine learning technique
utilized and their limitations. The section is majorly divided into two sub-sections: cryptocurrency price prediction
using conventional machine learning models and cryptocurrency price prediction using deep learning.

2.1 Cryptocurrency Price Prediction Using Conventional Machine Learning Models

A literature survey conducted by Khedr et al. (2021) deduced that most of the research conducted on
predicting cryptocurrency prices was based on machine learning models rather than traditional statistical techniques.
The work further asserted that 45.97% of the sampled papers are based on statistical techniques while 54.03% belong
to machine learning techniques. Also, among the machine learning-based papers, 29.78% are based on Deep
Learning/Reinforced Learning categories. The research recommended the use of more sophisticated prediction
algorithms, feature engineering techniques, and advanced ensemble methods. It also recommended the use of social
media and long short-term memory (LSTM) models for more price prediction.
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Chen et al. (2020) proposed a machine learning model including Random Forest (RF), Extreme Gradient
Boosting (XGBoost), Quadratic Discriminant Analysis (QDA), and Support vector machine (SVM) for bitcoin 5-
minute interval price prediction and it was found that the models are superior to statistical methods with accuracy
reaching 67.2%. The research suggested limitations in its data sources and that further studies should focus on more
useful elements of the sentiment using text mining and analysis of social networks. Jaquart et al. (2021) proposed a
model based on different machine learning algorithms to evaluate different prediction models using four categories
of features (Technical, Asset-based, Blockchain-based, sentiment-/interest-based). It was concluded from the
research results that the Recurrent Neural Network (RNN) and gradient Boosting Classifier (GBC) accuracy in
predicting the bitcoin market outperformed the accuracy of other models. It further asserts that the models were able
to predict binary market movement with accuracies ranging from 50.9% to 56.0%. It is concluded that the research
focus is now on models using machine learning for cryptocurrency price prediction.

Accordingly, Hosure et al. (2022) proposed a hybrid machine learning model including Support vector
regression (SVR) and Autoregressive Integrated moving average (ARIMA) for one month’s Cryptocurrency price
prediction to be superior to other machine learning with accuracy reaching 90%. The proposed model used the merge
method to combine both data frames considering the test values of both algorithms that are the same. However, the
research cannot be used to predict new coin that has been launched recently and has less historical data because it
only focuses on cryptocurrency that has a larger dataset.

While there is existing literature on forecasting bitcoin prices, there are several important gaps in the
literature that lead to research questions such as How important are macroeconomic variables like interest rates,
inflation, and market volatility for forecasting bitcoin prices? In Basher and Sadorsky (2022), the use of tree-based
ensemble machine learning classifiers like bagging and random forest was proposed to predict bitcoin and gold price
direction. This was because of the research findings that tree-based ensemble machine learning methods have high
accuracy when predicting stock price direction (Basher & Sadorsky, 2022). It was then concluded from the result
that technical indicators are important predictors for both bitcoin and gold price and their importance tend to be
higher than that of the macroeconomic variables considered. However, this research is Bitcoin-centric and only
predicts the price direction and not the actual price of the cryptocurrency.

2.1.1 Prediction Using Conventional Machine Learning Models with Sentiment Analysis

Lamon et al. (2020) assert that there is a relationship between media sentiment and the price of
cryptocurrency coins. The work was able to answer the research question Can sentiment analysis on news article
headlines and/or social media posts produce accurate predictions prices of Bitcoin, Litecoin, and Ethereum? The
proposed model was able to predict a 43.9% price increase correctly and 61.9% price decrease correctly for Bitcoin
and a 75.8% price increase for Ethereum.

Additionally, Abraham et al. (2018) proposed a model using tweet volumes and tweet sentiment analysis to
predict changes in Bitcoin and Ethereum prices. It was concluded that tweet volume is more reliable than tweet
sentiment as a predictor of cryptocurrency price direction for Bitcoin and Ethereum. However, due to the model’s
limitation in terms of the machine learning algorithm used, it was recommended that more complex models and not
just linear ones should be considered

2.2 Cryptocurrency Price Prediction Using Deep Learning Models

Hegazy and Mumford (2016) were able to predict with 57% accuracy the actual prices of bitcoin using
historical prices and supervised learning methods. Jiang and Liang (2017) took a different approach using a deep
reinforcement learning algorithm to make trading decisions on a bitcoin portfolio that resulted in 10 times increase
in the portfolio’s value. It should however be noted that these works were bitcoin centric and used purely historical
data. Moving away from historical price data; in price prediction, some researchers have used tweets and social
media data to predict market directions. Most notably Laskowski and Kim (2016) as well as Dehua et al. (2018) were
able to find a direct correlation between the number of mentions on Twitter and the prices of Bitcoin and Dogecoin.
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Colianni et al. (2015) were able to predict the market directions of a handful of cryptocurrencies including
bitcoin using supervised learning algorithms for sentiment analysis of tweets. Stengvist and Lénnd (2017) were able
to achieve 79% accuracy in predicting bitcoin prices. Due to the limitation of some of the proposed machine learning
models to predict the price of cryptocurrencies in real-time, Tanwar et al. (2021) proposed a deep-learning-based
hybrid model using Gated Recurrent Units (GRU) and LSTM to predict the price of two cryptocurrencies hamely,
Litecoin and Zcash. The result obtained from the model shows that it outperformed the accuracy of the existing
models. However, the research recommends the addition of sentimental factors such as Twitter and Facebook posts
and messages for feature cryptocurrency price prediction. Earlier on, Salman and Ibrahim (2020) proposed a model
using machine learning-based Neural Networks. The work further analyzed bitcoin prices using machine learning
and sentiment analysis. The proposed model was able to predict the prices of bitcoin using a machine learning-based
neural network with an accuracy of 94.89% under all circumstances of technical trade indication. However, the
research was limited to developed countries with access to technology.

Wardak and Rasheed (2022) proposed a deep learning-based model using LSTM Recurrent Neural Network
to predict the price of Bitcoin using a variety of factors that influence its value. The research utilizes the historical
dataset of bitcoin over the last five years and was able to achieve an accuracy of 95.7%, Validation loss of 0.00065,
and Root Mean Square of 0.05. The result was compared with other existing methods such as RNN, Multilayer
Perception (MLP), ARIMA, and other LSTM maodels, and was found that LSTM with hyperparameter tweaking is
one of the most effective methods for predicting bitcoin prices. Do-Hyung et al. (2019) proposed a model for the
classification of cryptocurrency price time series using LSTM. The paper proposed the use of historical
cryptocurrency price time series data for prediction. The data is encoded into the three-dimensional price tensor
representing the past price changes of cryptocurrencies and was able to achieve a performance improvement of about
7% compared to using the Gradient Boosting model. However, the researchers recommend the use of additional
features to build a better LSTM model for performance improvement.

Furthermore, Alghamdi et al. (2022) proposed and developed two models to predict cryptocurrency prices.
One model was to forecast cryptocurrency prices using LSTM deep learning technique and the other model was to
analyze Twitter user’s sentiments using SVM and Naive Bayes. The research aimed to determine the relationship
between investors' sentiment and the volatility of cryptocurrency prices. It was found that based on the sentiment
analysis model, the SVM model perform better than Naive Bayes with an accuracy of 95.59% and 93.95%
respectively. Also, based on the forecasting model, the model was able to achieve a Mean Absolute error (MAE) of
0.2528 and a Root Mean Squared Error (RMSE) of 0.5028. However, the research was only able to utilize Twitter
data for five months. Also, the research performed predictions on only two cryptocurrencies, Bitcoin (BTC) and
Ethereum (ETH). Table 1 presents a summary of related works in terms of the objective, models proposed, accuracy
achieved, and limitations.

Table 1. Summary of Related Works

References Objectives Models Accuracy Limitations
Chenetal. | Topropose an ML model | RF, XGBoost, QDA, and 67.2% The research
(2020) for Bitcoin 5-minute SVM suggested limitations
interval price prediction in its data sources
and only bitcoin was
considered.
Jaquart et al. To propose a model RNN, GBC, LSTM, RF, 50.9% to The research only
(2021) based on different GRU, feedforward neural 56.0% considered the
machine learning network, logistics prediction of the
algorithms to evaluate regression (LR) Bitcoin price
different prediction
models
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Hosure etal. | To propose a Hybrid ML SVR and ARIMA 90% Less historical data
(2022) model for one month’s was used and the
cryptocurrency price proposed model
prediction cannot be used to
predict new recently
launched coin
Hegazy and Prediction of the actual LR, recurrent 57% The research only
Mumford prices of bitcoin using reinforcement learning considered the
(2016) historical prices and (RRL), gaussian prediction of the
supervised learning discriminant analysis Bitcoin price
methods (GDA), weighted linear
regression, and boosted
classifiers
Colianni et To predict the market LR, Naive Bayes, and 76.23% The research only
al. (2015) directions of Bitcoin SVM considered the
using supervised learning prediction of bitcoin.
algorithms for sentiment
analysis of tweets
Stengvist To analyze Bitcoin- 1h-3, 30min-4, 45min-3, 79% Only bitcoin was
and Lonno related tweets for 4h-1, 2h-2, 5min-2, 15min- considered in the
(2017) sentiment fluctuations to 4 work.
predict a price change
Salman and | To propose a ML-based - 94.89% Only bitcoin was
Ibrahim Neural Networks considered in the
(2020) work.
Wardak and To propose a deep LSTM Recurrent Neural 95.7% Only bitcoin was
Rasheed learning-based model to Network considered in the
(2022) predict the price of work.
Bitcoin
Alghamdi et To propose a deep SVM and Naive Bayes 95.59% and Only five months
al. (2022) learning model to predict 93.95% Twitter dataset were
the prices of Bitcoin and respectively utilized
Ethereum

From the review conducted, it can be deduced that there are no general-purpose models that can be easily
extended for the use of predicting new cryptocurrency prices as various models have proven suitability for different
coins. Furthermore, the models in the literature perform badly over/after long periods of price decrement, and this
can be attributed to the overtraining based on one predictive set of market features while turning a blind eye to other
market predictive features alongside the conservative nature of said autoregressive models. Additionally, from Table
1, it can be seen that most of the existing research work focused on the prediction of Bitcoin currency. Therefore,
there is a need for a price prediction model that will handle these limitations.

3. Methodology

In this paper, the three most popular cryptocurrencies, Bitcoin, Ethereum, and XRP, were considered and
four different models were developed using four different supervised machine learning techniques which include
Decision Tree (DT), Random Forest (RF), CATBOOST, and Gradient Boosting Regressor (GBR). Two types of
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datasets were collected namely, Historical Price data from Yahoo Finance and Sentiments data from tweets. The first
dataset which is Historical price data has the following metadata.

Daytime — date and time of the day

Open price — The opening price of the coin for that day

High Price — The highest price reached by the coin on that day.

Low Price — The lowest price of the coin

Closing Price — The last price for that day

Volume of Coin — The total number of coins traded on that day.

Sk~ wdE

The sentiment dataset was obtained by running a custom library called snscrape. Snscrape is an advanced
Twitter scraping tool written in Python that allows for scraping tweets from Twitter without using Twitter API. The
justification for the use of this library is as follows

1. Itallows users to scrape tweets from specific users.

2. Scrape Tweets relating to certain topics.

3. Allows easy access to Hashtags and trends.

4. Allow for the Sorting of Sensitive Information from tweets.

In addition to these, the snscrape library can fetch almost all tweets, can be used anonymously, and has no
rate limitations.

3.1 Proposed Model

) SENTIMENT - 5 DATA
[DJAY A PREPARATION
DATA MACHINE
PROCESSING 1. OPEN PRICE ALGORITHM
2. HIGH PRICE \
3. LOW PRICE
4., CLOSE
CRYPTOCURRENCY PRICE
DAILY PRICE — ) 5. VOLUME
(MARKET INFO) 6. DAY TIME
PREDICTION

Figure 1: Proposed Model

Based on the proposed model presented in Figure 1, the Python library, snscrape, was used to scrap data
from Twitter by specifying the start and stop date which were 01/01/2020 and 31/12/2022 respectively. A sample
size of 100 tweets per day was utilized that is, pulling 100 tweets per day for a total of 365 days each year. At the
end of our data scraping, the result was multiple CSV files where only the CSV file with the stop date on it was
needed. Preprocessing of data obtained, such as data arrangement, cleaning, and wrangling, was conducted to
properly represent the data in a format that can be useful for machine learning algorithms. After this data preparation
was done such as data merging and further formatting. Finally, model training and testing were conducted where
80% of the prepared dataset was used to train the four different machine learning algorithms while the remaining
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20% was utilized for testing. The result of these models was then compared for better performance in terms of the
Mean Absolute Error (MAE), Mean Squared Error (MSE), Root Mean Squared Error (RMSE), R2 score, and Mean
Absolute Percentage Error (MAPE).

4. Results and Discussion

In this section, we discuss the result of our developed models using the three most widely used
cryptocurrencies. The section is divided into three subsections: the BTC model, the Ethereum model, and the XRP
model, with each subsection discussing the result of model performance on the cryptocurrency.

4.1 BTC Model

This section provides the results and evaluation of the four tree-based machine-learning models implemented
using the BTC dataset. Table 2 gives the summary of the performance of the developed BTC models in terms of the
selected metrics.

Table 2: Evaluation Metrics for the BTC model

Models DT GBR RF CATBOOST
MAE 598.98 482.21 751.83 693.89

MSE 561724.89 508309.81 938368.13 730152.50
RMSE 872.76 712.96 968.69 854.48

R2 SCORE 0.94 0.96 0.92 0.94

MAPE 2.85 2.35 3.62 3.39
ACCURACY 97.15% 97.65% 96.38% 96.61%

Close observation from Table 2 shows that the Decision Tree Machine learning technique performs very
well with an Accuracy of 97.15% and a Mean Absolute error (MAE) of approximately 598.98. Figure 2 presents the
comparison between the actual and predicted price of the BTC model using the Decision Trees model.

Decision Tree Regression Model

32500 4
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A Predicted
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Figure 2: BTC Model Plot Using Decision Tree

15000 4

Compared to the BTC model using Decision Trees, the Gradient Boosting Regressor Machine Learning
algorithm performed excellently with an Accuracy of 97.65% and, a mean absolute error of approximately 482.21.
Figure 3 presents the comparison between the actual and predicted prices.
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Gradient boosting regressor
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Figure 3: BTC model Plot using Gradient Boosting Regressor

For the BTC model using the Catboost Ensemble ML algorithm, an accuracy of 96.61% and a Mean
Absolute Error of 693.89 were obtained as seen in Table 2. Figure 4 presents the comparison of the actual and
predicted prices.

CatBoost Model
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Figure 4: BTC model Plot using Catboost

Random Forest was also utilized for the BTC model, and from Table 2, it has an Accuracy of 96.38% and
the highest MAE value of approximately 751.83. Figure 5 presents the comparison of the actual and predicted prices.
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Random Forest Model
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Figure 5: BTC model Plot using Random Forest

4.2 Ethereum Market Model
This section provides the results and evaluation of the four tree-based machine learning models implemented
using the Ethereum dataset. Table 3 provides a summary of the performance of the developed Ethereum models.

Table 3: Summary of Evaluation metrics for the Ethereum model

Models DT GBR RF CATBOOST
MAE 18.23 12.71 29.58 20.16

MSE 678.87 295.20 1463.25 769.05
RMSE 26.06 17.18 38.25 27.73

MAPE 1.77 1.00 2.14 1.52

R2 SCORE 0.98 0.99 0.97 0.98
ACCURACY 98.23% 99% 97.86% 98.48%

Like the BTC model, it can be seen from Table 3 that the decision trees model performs well with an accuracy
of 98.23%, a Mean Absolute error of approximately 18.23, and an R2 score of approximately 0.98. Figure 6 presents
the comparison of the actual and predicted prices.

Decision tree Model
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Figure 6: Ethereum model Plot using Decision Tree

The Catboost Regressor model also performed well with an accuracy of 98.48%, however, compared to the
decision trees, it has a higher mean absolute error value of 20.16 but the same R2 score of 0.98. A comparison of the
actual and predicted prices using this model is presented in Figure 7.
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Figure 7: Ethereum model Plot using Catboost Regressor

Compared to the DT and Catboost, the Gradient Boosting Regressor performs excellently with an accuracy
of 99% and has the lowest mean absolute error value of 12.71. Additionally, GBR has a higher R2 score of 0.99.
Figure 8 presents the comparison between the actual and predicted price values.

Gradient boosting regressor

2000 A

. m— Actual
I\ Predicted
/L
1800 i AL R
\./ | ‘ |
| N |
| I N -rr‘ 'l | Al
1600 4 i | W |
| W Y M
o |
o | 'l ') | |
5 | 1§ | \\ |
1400 | | \
I\n"\f‘- AJ |
: , FYWY

A | \ :"‘V"J a
1200 - '\I\,\ '\/ “\\“‘N \“/'V'
VY

1000 4

T T T T T T T T
2022-06 2022-07 2022-08 2022-09 2022-10 2022-11 2022-12 2023-01

Figure 8: Ethereum model Plot using Gradient Boosting Regressor

Finally, for Ethereum model is the Random Forest model, which has an accuracy of 97.86%. It also has the
highest MAE value compared to the other models but with the lowest R2 score of 0.97. Figure 9 presents the
comparison of actual and predicted price values for different dates and times.
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4.3 XRP Model

Random Forest Model
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Figure 9: Ethereum Model Plot using Random Forest Regressor

This section provides the results and evaluation of the four tree-based machine learning models implemented
using the XRP dataset. Table 4 provides a summary of the performance of the developed XRP models.

Table 4: Summary of Evaluation Metrics for XRP Models

Models DT GBR RF CATBOOST
MAE 0.0085 0.0041 0.0047 0.0130

MSE 0.0001 0.000017 0.000022 0.0002
RMSE 0.0141 0.0055 0.0070 0.0162
MAPE 2.26 1.06 1.21 3.06

R2 SCORE 0.93 0.99 0.98 0.91
ACCURACY 97.74% 98.94% 98.79% 96.94%

From Table 4, the XRP model using decision trees was seen to perform well with an Accuracy of 97.74%,
a Mean Absolute error of approximately 0.0085, and an R2 score of approximately 0.93. Figure 10 presents the
comparison of the actual and predicted price values for different dates and times.
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Figure 10: XRP Model Plot using Decision Tree
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Catboost model, compared to Decision Tree, performed better in terms of the mean absolute error with a
value of 0.0130 however, has a higher R2 score of 0.91 and an accuracy of 96.94% as seen in Table 4. Figure 11
presents the comparison of the actual and predicted price values for different dates and times.

Catboost Regression Model

= Actual
== Predicted

0.45

price

0.40

2022-06 2022-07 2022-08 2022-09 2022-10 2022-11 2022-12 2023-01

Figure 11: XRP Model Plot using Catboost

For the Gradient Boosting Regressor, the model performs excellently with an accuracy of 98.94%, a Mean
Absolute error of approximately 0.0041, and an R2 score of 0.99. Figure 12 presents the comparison of the actual
and predicted price values for different dates and times.
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Figure 12: XRP Model Plot using Gradient Boosting Regressor

Finally, for Random Forest, the model performs excellently with an accuracy of 98.79% Mean Absolute
error of approximately 0.0047, and an R2 score of 0.98. Figure 13 presents the comparison of the actual and predicted
price values for different dates and times.
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Figure 13: XRP model plot Using Random Forest

In summary, our Ethereum model using GBR performs best with an accuracy of 99%, Mean absolute error
of approximately 12.71, Mean squared error of approximately 295.20, Root Mean Squared Error of 17.18, Mean
Absolute Percentage Error of 1.00 and R2 score of 0.99 and. To the best of our knowledge, very few of the research
works were able to get close to the accuracy obtained using our developed model.

5. Conclusion

Due to its volatile nature, cryptocurrency has attracted lots of attention from Individuals, Businesses, and
Institutions for investment purposes. As a result of this, there is a need for an accurate cryptocurrency price prediction
model for asset allocation. In this research, we developed four models using four different tree-based machine-
learning algorithms (DT, RF, CATBOOST, and GBR). The models were trained and tested using two types of
datasets. The first dataset was scraped from Twitter while the second dataset was obtained from the Yahoo finance
database. The Performance of the four models was evaluated and results showed that the Ethereum Model using the
Gradient Boosting Regressor machine learning technique outperformed other models with an accuracy of 99%, mean
absolute error of 12.71, mean squared error of 295.20, Root Mean Squared error of 17.18 and R2 score of 0.99.
Therefore, based on our results the Gradient Boosting Regressor performs best in all the models developed. Further
research work should leverage more sources of data such as Facebook and News headlines. Also, the use of
unsupervised machine learning techniques and deep learning should be considered for large amounts of datasets.
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