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Abstract:

This study applies a Random Forest technique to analyze the Bitcoin fluctuations from January
2019 to December 2020. A Random Forest model, which attributes the right currency margin in
forecasting, was designed using Python. The prices fluctuations were examined by various
measures such as the root mean square error (RMSE), the mean absolute error (MAE), the mean
absolute percentage error (MAPE), and R°. The results show that this technique can forecast trends
in Bitcoin and cryptocurrencies.
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1. INTRODUCTION

Cryptocurrencies, like stock markets, are frequently used as a form of trading, which allows
speculating on the price of cryptocurrencies, generating buy and sell orders for assets. The
cryptocurrency boom has prompted many investors to make concerted efforts to forecast
cryptocurrency prices to increase their profits. One of the main disadvantages of the cryptocurrency
market is the high volatility of its prices, caused by the risk it entails. That is why it is essential to
analyze the prices fluctuation. This fluctuation, present in cryptocurrencies, is related to the price
fluctuation at different times. As a result, forecasting rises and falls in cryptocurrency prices are
being investigated.
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Forecasting techniques are used in this study to predict the values of cryptocurrencies to
reduce the market's high volatility'. Specifically, the Random Forest technique will study the most
capitalized digital currency on the market: Bitcoin.

Bitcoin is the world's first decentralized cryptographic financial network, where its value has
gone from zero to billions of dollars, and behind it, there is a story in relation to cryptocurrencies,
innovation, technological advances, and new forms of financial assets.

Bitcoin became operational in January of the following year, the first decentralized
cryptocurrency. The creation of Bitcoin created a new form of the financial system never seen
before, one that is decentralized and has its system for the establishment and transaction of currency
backed by users. In contrast to the discretionary and circumstantial decisions of central banks, the
proposed system in Bitcoin establishes a system in which the creation of currency is completely
transparent.

Bitcoin uses blockchain technology to support a decentralized infrastructure and transparent
monetary policy’. The Blockchain is a technology that allows the safe transfer of data from one part
to another without the involvement of third parties. By the end of the third quarter of 2019, the
number of people with active Bitcoin wallets ranged between 13 and 40 million, according to
Statista. Furthermore, with 38% and 27%, respectively, most users are concentrated in Asia and
Europe.

Due to its importance, it is necessary to predict bitcoin prices to anticipate market movements.
To achieve our goal, we will use data from January 1, 2019, to December 1, 2020, of Bitcoin values,
mainly: the opening, maximum, minimum, and closing prices. A Random Forest technique is used to
create predictive models of the closing price based on selected characteristics.

The model will be evaluated out in a validation set using the root mean square error (RMSE),
the mean absolute error (MAE), the mean absolute percentage error (MAPE), and the coefficient of
determination (R?). The significance of this study can be found in the fact that it is crucial to
understand a topic of great interest, which is generating incentives worldwide due to its way of
operating, due to its risks, limitations, and restrictions.

In this context, the study is organized as follows: the second section introduces the Bitcoin
prices fluctuations and the Random Forest. The third section presents the methodology. The fourth
section analyzes and discusses the study results, then the conclusion.

2. Prediction Bitcoin Prices Using Random Forest: A Literature Review
2.1. Bitcoin fluctuation: An overview

Cryptocurrencies, since their inception, were conceived as a new alternative within innovative
payment mechanisms. Cryptocurrencies can be divided into three broad categories: Bitcoin, Altcoin,
and Tokens. Bitcoin was officially the first cryptocurrency, using a blockchain with the same name.
The cryptocurrencies created later are known as altcoin or alternative currencies because they
emerged as an alternative to Bitcoin.

The last type of cryptocurrency is known as tokens, which do not have their own Blockchain
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but also function as payment methods and can even represent shares of a company or become a
certain amount of cryptocurrencies. The common characteristics of most cryptocurrencies can be
summarized in the following table:

Table 1. Main characteristics of cryptocurrencies

Characteristics Definition
Decentralization They are not related to any government or financial body
It uses cryptographic techniques to ensure the security of its
Cryptograph “ . yptog p .. au . " o
transactions, making it impossible for them to be forged or
Y duplicated
All transactions are public and freely accessible thanks to
Transparency .
Blockchain technology
. It is common for the price to fluctuate, which gives a feeling of
Volatility . .
Isecurity
: Depending on the country, for example, in European countries,
Regulation . . o
there is some regulation, while in Japan, they are fully regulated
I ibilit : . :
rreversibili Third parties do not intervene (P2P)
y
Privacy It is not necessary to provide personal data, but in practice,

to avoid money laundering

Source: Author elaboration based on a meta-analysis review

The main difference between the types of cryptocurrencies is their integration with the
Blockchain. However, they all work as digital assets, and it is possible to obtain historical prices, so
their integration with the program is compatible. According to Biczok (2018), more than a thousand
varieties of alternative currencies exist, and only 18 of them have managed to exceed a volume of
one billion dollars. Bitcoin is the most valuable cryptocurrency, and it is distinguished by its use of
Blockchain technology to’:

- Achieve decentralization concerning any governmental authority;

- Ensure the anonymity of each transaction, as it is impossible to track any transaction.

- All transactions are recorded in a publicly accessible ledger;

- Money is transferred more quickly than through banks or national entities;

- Each transaction is irreversible, as it cannot be corrected or canceled;

Bitcoin, known by its acronym BTC within the internet network, is a virtual currency that can
be used as a means of payment in shops, stores, warechouses, or other places in the same way as
physical money. The operation of the Bitcoin network as a whole is a series of complex processes”,
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including portfolio registration and key generation, transaction verification, and the corresponding
updating of balances, block creation, or mining.

Bitcoin has its origin in 2009, where Satoshi Nakamoto created the first virtual, independent,
and decentralized currency. This currency is very volatile in terms of its value due to speculation’. In
the new business model through the internet, Bitcoin is considered one of the fastest-growing
payment mechanisms; the first Bitcoin block gave a reward of 50 BTC in 2009; this value is
equivalent to more than 275,000 US dollars in the Blockchain market.

As shown in the following figure, after reaching an all-time high of over 63,000$ in April
2021, Bitcoin had fallen below 30,0008 by the end of July due to a bleak market outlook and market
restrictions.

Fig.1. The evolution Bitcoin price (from 2017 to October 21, 2021)
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Source: https://www.coindesk.comyprice/bitcoin/

Therefore, the concretization of the transfer of knowledge about the new payment mechanisms
and currencies to society via Blockchains is regarded as critical in the formalization of the
cryptocurrency market, where knowledge about this new one must inevitably be incorporated
market to ensure a continuous flow of shared knowledge.

The data obtained regarding Bitcoin purchase and sale movements show a significant increase
compared to the behavior of the 2015-2016 cut, in a market valued at 185,000 million dollars and
with a 50% growth expectation for 2019. According to experts, the final consolidation of this
currency in the financial market will occur in 2020.

2.2. Random Forest Technique Application

Because most cryptocurrencies are decentralized, their prices are not affected by monetary
policies, inflation rates, or interest rates, but rather by the perception of users based on information
available in the news, internet sites, and media, as well as other non-fundamental factors®.

Similarly, the supply and demand of cryptocurrencies play a fundamental role in the valuation
of these assets since, unlike traditional currencies, some cryptocurrencies have a limited supply of
them. An analysis of the instrument in question is required to obtain information for correct
decision-making and due to the constant changes in the prices of cryptocurrencies.

It is common to think of a single regression model to predict an outcome when considering
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statistics. However, more recent data science research suggests that "assembly methods," in which
multiple models are created from the same data set and intelligently combined, perform better than
predictions based on a single model’.

Random Forest is a technique of Machine Learning algorithm that defines a prediction model
based on the decision trees®. The Random Forest technique used to forecast Bitcoin prices comprises
multiple decision trees’.

Random forests have been used to predict the direction of a trend in stock prices. In 2016,
Khaidem et al. used random forests to predict trends in the prices of Apple and General Electric
shares listed on the NASDAQ stock exchange; and the share prices of Samsung Electronics.

A Random Forest is an ensemble tool of decision trees combined with Bagging'®. It causes
each tree to be trained with different data samples for the same problem. When using Bagging, what
is happening is that different trees see different portions of the data. No tree sees all the training
data. In this way, when combining their results, some errors are compensated for others, and we
have a prediction that generalizes better' .

Overfitting is a critical issue that can wreak havoc on results, but the Random Forest algorithm
will not overfit the model if there are enough trees in the forest. Another benefit is that the Random
Forest classifier can handle missing values. Finally, the Random Forest classifier can be modeled for
categorical values. When selecting the attributes, there are different measures on how to diversify
each node correctly, such as the Gini impurity or the Shannon entropy. The following equation gives
the Gini impurity:

GIN) = Y p@ * (1 - p(®)
i=1

While C is the number of classes, and p(i) is the probability of misclassifying a randomly
chosen item.

It should be noticed here that a pure database is one in which all of our data relates to a single
class. Its value ranges between 0 and 1, with 0 indicating that all elements belong to a single class
and one indicating that the elements are randomly distributed across several classes. A Gini index of
0.5 indicates that all elements are distributed equally in some classes.

The Random Forest is based on another technique known as Bagging, which consists of
performing a Bootstrap on the experiment's data sampling on the input variables and using a fixed
number of variables.

As a result, the model considers a set of random characteristics in each division rather than the
entire totality present in the model, and then the dimensionality is reduced (Hinton, 2006). The
Random Forest model takes into account the following:

N numbers of cases in the training set are randomly sampled with replacement. This sample
constitutes the training set to build tree 1.

Assuming that the number of input variables is M, the number of variables selected for each
node is m (m < M), which is kept constant for the generation of the block. The block is then related
by partitioning the node and using the best division of those m attributes. In each division, it is
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recommended to obtain m ~ v (M) predictor variables and minimum size of nodes 1, for
classification problems and m =~ M and minimum size of nodes 5, for three regression problems.
The number of predictors considered in each division is approximately equal to the square root of
the total number of predictors. The best way to find the optimal value is to evaluate the Out Of Bag-
MSE for different values of m. In general, if the variables selected at each node are highly
correlated, small values of m lead to good results.

By this, m observations are used at each node for training and M — m for testing.

Globally, given a training set D of size n, m samples with replacement are generated that will
serve as new training sets D; (i = 1,...,m) of size n’. Afterward, each decision tree is trained with
a set D;. Moreover, having a new observation, it enters the nodes of each tree to make a prediction,
as can be seen in figure 2.

Fig.2. Structure of a random forest
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Source: https://www.paradigmadigital.convtechbiz/machine-learning-dummies/

When obtaining the predictions of all the forest trees, these are combined to get the final
prediction. The effectiveness of random forest models for the validation data will usually be carried
out by calculating:

- RMSE (root mean square error):

- MAE (mean absolute error):
MAE ! . Y
= EZD&' = il
i=

It should be noticed that the RMSE and MAE have a value range of [0, o]. In both cases, the
lower the value, the less efficient the prediction model.
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When significant errors are not desired, RMSE is usually most useful.

- MAPE (mean absolute percentage error):
n

1 D, — v,
MAPE=—Z Y yl|
n Yi

i=1
- R* (R squared or coefficient of determination):
Y@ = y)?
Y G —v)?

R” indicates the quality of the prediction model to replicate the results.

It is frequently used to explain how well or poorly the selected independent variables explain
the variability in their dependent variables.
3. Methodology

R?=1-

The process used to structure the prediction model consists of the following parts:
3.1. Data and Method

To develop the model, it was necessary to extract historical prices of the cryptocurrencies of
interest: Bitcoin. Because the prices of these change depending on the market in which they are
acquired, it was necessary to include the option of obtaining historical data from different markets.

In this part, we must decide what data is required to achieve the paper's purpose. The relevant
information must be chosen, along with why that information was chosen. Understanding what each
variable contributes to us and verifying their accuracy is critical for obtaining the correct data.

Once these steps are completed, it is very important to clean the data, using the necessary
amount and excluding all empty or erroneous information that may appear in the database. We
analyzed how the changes in data can contribute and what positive impact they may have on our
next application of the Random Forest technique.

As stated in the objectives of this study, the prediction of Bitcoin is analyzed to evaluate the
Random Forest technique and deal with financial uncertainty. Bitcoin prices will be predicted using
a validation set and then compared to real prices. Python has been used to obtain the desired data
from Bitcoin and create a model and analyze its results.

Subsequently, it was necessary to select a cryptocurrency exchange platform from which the
historical prices would be extracted and the operations carried out. Cryptocurrency markets are
similar to traditional financial markets'?, but they are mainly focused on cryptocurrency
transactions: buying and selling cryptocurrencies through local currencies, such as dollars, euros, or
other cryptocurrencies.

Some of the most important markets include: "Binance," "Coinbase," "Bittrex," and
"Bitfinex." The difference between them and between all cryptocurrency markets in general lies
mainly in the offer prices of cryptocurrencies, their trading volumes, and their transaction fees.

n
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Table 2. Comparison between Cryptocurrencies platforms (as of November 6, 2020)

Platform Criteria

Exchange (§) Volume Liquidity* Taker fee Maker fee

Binance  19,559,285,062 541 855 0.1% 0.1%
Coinbase  1,109,238,524 413 99 0.5% 0.5%
Bitrex 525,677,046 413 297 0.1% 0.2%
Bitfinex 907,860,038 441 185 0.16% 0.26%

* Liquidity is measured as a number between 0 and 1000

Source: Author elaboration based on data retrieved from Platforms

Table 2 shows the volume, liquidity, number of currencies available in the market, and
transaction fees for the markets as mentioned above. Due to its high liquidity, the great variety of
cryptocurrencies available, and low transaction costs, it was decided to extract the information from
Binance.

Therefore, all of the data was explicitly obtained through the Binance trading platform, one of
the most popular among investors due to its high performance, security, and stability. This platform
has over 100 cryptocurrencies available for use.

Fig.2. Data source
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Source: https://www.binance.conven
The Bitcoin data was collected in CSV format (to be used on Python). It should be mentioned
that the value of Bitcoin is collected in the US dollar. This type of presentation was chosen because
of its widespread use in exchanges and its high utility.
The data was collected from January 1, 2019, to December 1, 2020.
The data for this study consists of:
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- Timestamp: start of the time interval;

- Open: the value of the opening price of Bitcoin in the set interval;

- High: the value of the maximum price of Bitcoin in the set interval;

- Low: the value of the minimum price of Bitcoin in the set interval;

- Close: the value of the closing price of Bitcoin in the set interval;

- Volume: the amount of an asset invested in the set interval;

- Close time: end of the set interval;

- Y: closing price of n + 1. A prediction will be made with the characteristics of n, which will
then be compared with the actual results.

After that, we must choose methods that allow predicting Bitcoin price. Many techniques can
be applied, but the one that can best respond to the needs based on the data provided must be
selected. Various techniques can be used and then compare the results of each one, which is very
helpful.

We choose to apply Random Forest for this study by using Python libraries. There are several
libraries in Python that allow us to extract information about the historical prices of Bitcoin.

3.2. Variables of the study and Correlation Analysis

After data collection, the variables were identified. These variables make use of the closing
and opening values and the highs and lows. The variables of this study consist of:

a)- Dependent variable: the dependent variable is the variable to predict. It refers to the closing
price of the n + 1. With the independent variables of n, we study the price of the next interval. This
variable is collected in a Database and coded as y.

b)- Independent variables: The variables used to build the prediction model are:

- The opening;
- Closing;
- Minimum and maximum prices of n.

The correlation analysis shows inferior correlation results, for example, between the
dependent variable and volume (0.125) and between the dependent variable and the number of
operations (0.281).

That is why we will not consider these characteristics for constructing the model. Because of
this, we have deleted these variables from the model. As a result, the essential variables will be
investigated in order to determine which independent variables have the most significant influence
onY.

In this step, each model that has been generated is explored, and its effectiveness checked. It is
important to check the correct operation of the evaluated models and then select those that a priori
give rise to better results.

Before building the model, a relationship was carried out between the variables. The results are
presented in the following table. It is worth noting that the ignore variable has been removed
because it provided no useful information to the model.

The results show that the correlation between the open, high, low, and close variables is
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positive and significant. As the two last variables are not helpful to predict the Bitcoin price, we only
choose Open, High, Low and Close as features in the modeling phase.

Table 3. Correlation Results

Independent variables Correlation value
Open 0.979
High 0.967
Low 0.971
Close 0.883
Volume 0.125
Close time 0.281

Source: Author elaboration based on Python outputs

The data is divided into two subsets to solve a regression problem with the Random Forest
technique: the training data and the test data. For this, it is necessary to note that the training and
validation sets formed by the four independent variables are formed as expected.

Then, two sets are created orderly: (i) the initial 75% of the total data set corresponds to the
training set and; (2) the remaining 25% to the most recent test set. The train set is the set of data
used to train the model and with which its parameters will be determined. In the case of random
forests, the parameters are the variables and thresholds used to separate the data set at each node.

The validation set is used to select the model and compare hyperparameters. Hyperparameters
are external settings that are not learned during training but are defined to improve performance.

In the case of random forests, some hyperparameters include the number of trees in the forest,
the maximum and minimum depth of each tree, and the minimum number of observations required
at each node.

Our data is collected in 23 months, so almost six last months will be used to validate the test set.
Note that the training set begins on January 1, 2019, and ends on May 12, 2020. Therefore, the
validation set begins on May 12, 2020, and ends on December 1, 2020.

4. RESULTS AND DISCUSSION
4.1. Model building

Before creating a prediction model, RMSE will be calculated to compare its value and the
value of R? in both sets. The errors and parameters will not be shown together until the results are
completed, but to explain the procedure, some results and the changes made in each model need to
be clarified.
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The first model is created with default parameters except removing the randomness each time
it is executed. Once the model is built, it is trained. Using Python Libraries, RMSE and R? values
were obtained:

EMSE trainimg set:
BEMSE walidation set:
E? training =et:

E? walidation aset:

To obtain better results, a new model is proposed, increasing the number of samples at the end

node, reducing the tree's depth.
BFMSE training set:
BMSE walidation set:
R® training set: Q.99

R* walidation set:

Using these parameters does not improve the error in the validation set, and using less depth, a
priori, does not benefit the model. So we will build a new model with the same trees as the previous
one and a depth that we consider to be decent in the first instance, and we get the following results:

RMSE tralning set: 50.474112504259978

:
B? training set:
R? validation set:

Because the RMSE is reduced and the R” increases, we assume that making these changes
benefits the model. To evaluate the prediction model's effectiveness in terms of the parameter
number of trees, a Python function was created that returns the errors in the model while varying the
number of trees.

Consider all the default values except for the number of trees, which will vary from 10 to 10 in
each model up to 500 trees; RMSE, MAE, MAPE, and R? will be calculated. It shows a stable
RMSE at 157, decreasing but entails greater computational expense.

However, of all the trees studied, the one with a lower RMSE and a higher R? has 200
estimators. It is presented below:

Tree Size: 200

FMSE: 156.67408205525583

10888179251

Therefore, it is suggested to choose 200 trees.

Something very similar to what was proposed with trees has been proposed to test the
effectiveness of the prediction model in terms of the maximum depth parameter. The results of the
previous 200 trees will be compiled to maximize the parameters of depth and number of trees.

We will use the same function that returns the validation set's errors RMSE, MAE, MAPE, and R*.
The model begins to fully stabilize at the fifth depth, as shown in the following figure:
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Fig.3. Depth Function (RMSE, R?, MAE, MAPE)
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Source: Python outputs

However, of all the possibilities investigated, the one with the lowest RMSE and the highest R* has

depth 5. It is shown below:

Depth Size: 5

BMSE: 152.784235T72525533
R2: O.98B7770546179232
MAE: 108.70B3512541B208
MAPE: 1.345

Model Accuracy (%) 98.6549

It should be noted that the developed model corresponds to the Bitcoin US Dollar exchange

rate. The obtained errors and R2are shown as a function of depth and under the parameters.

4.2. Model selection and Discussion

In this section, the result of the chosen model will be discussed with the corresponding model.
That is the chosen model in which explanatory variables have been used at time t, and the model
with explanatory variables at time t and t-1 will be compared. Using the same parameters in the
models, with four and eight explanatory variables, it will be possible to determine whether or not

there have been improvements by simply changing the number of variables.

It is assumed that the last node must contain at least 25 samples. These 25 observations are
required to perform a new tree node division. Increasing this figure reduces the depth of the tree,
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which is detrimental in the proposed model (errors increase).

The forest has 40 trees, 30 more than the default model. It is expected that the more trees there
are, the more accurate the results will be, though this is not always the case because the
improvement does not have to be significant.

To accomplish this, it was tested with four characteristics and their square root, i.e., between 4
and 2. The modified final model achieves the highest R” value, followed by the last three models.
However, the outcome is very similar among those discussed. The same thing happens with the
RMSE, MAE, and MAPE errors.

It is worth noting that the average price of Bitcoin (in US dollar) in the selected time period is
7500 $, and the RMSE is around 151. The best results in this model have been obtained by varying
the number of trees and the depth, though there are some hyperparameters for which no manual
search has been performed.

The first model is selected for having RMSE, MAE, MAPE, and Rz, very similar to the model
with the best results. It is essential to mention that the non-selection of some hyperparameters such
as the maximum or the minimum of observations in a node can accompany the overfitting above
problem. For this reason, this decision has been made and not to choose the modified model.

It seems trivial to interpret that the maximum and minimum of the interval n are very likely to
affect the interval n+1 if there are no very significant changes (Dash & Dash, 2016). Then,
analytically, the variables that matter most in the model are shown in the following table

Table 3. Table title (this is an example of table 1)

Independent variables Importance
Open 0.118823
High 0.210046
Low 0.221035
Close 0.473445

Source: Author elaboration based on Python outputs

The most important variable for predicting the closing price is the "close" variable with
47.3%. The other variables, mainly: "Open," "High," and "Low," have a percentage ranging between
10% and 23%, which can be considered important for the model.

The maximum price of the "Low" is also particularly important, as is the minimum price of the
"high" variable, both touching 22.1% and 21%, respectively.

The "Open" price variable seems to be less significant, although it contributes around 12% of
the importance of the model.

Therefore, a predicted and real Bitcoin price can be presented graphically.
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Fig.4. real and predicted Bitcoin price using the Random Forest technique
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All this indicates that, as previously mentioned, having more prices is very beneficial to getting
accurate predictions. The importance of the variables depends entirely on the model, but the models
generally have in common that the closing price always influences. The results indicate that the
closing price is the feature that has managed to make a more accurate prediction in the validation
set.

5. CONCLUSION

Random Forest has undoubtedly caught the attention of many investors in recent years. The
fields of application of this technique seem innumerable, and the results obtained in this work show
that they can be helpful in asset trading. The results in this work show that even the method not as
sophisticated as random forest could help predict trends in cryptocurrencies and other financial
assets.

This study analyzes the Bitcoin price to subsequently make predictions of the closing price
using the Random Forest technique. Beyond the training and validation data, the realization and
implementation of a prediction system are proposed in order to invest effectively and reflect the
balance of gains and losses after a specific time.

Similarly, it is suggested that this data be processed using other techniques and tested for
effectiveness before selecting the algorithm that produces the best results. Precisely, it was initially
thought that neural networks, specifically the LSTM extension, would be used. On the other hand,
expanding the database with data prior to those chosen indicates that it can be very beneficial in
relation to the previously stated conclusions.

Similarly, it seems logical to believe that if the results were good over the chosen period, it
might be worthwhile to extend this technique to make short-term predictions. It could, for example,
be proposed to make predictions over the next three months, updating the data obtained up to the
present date. In addition, it is suggested that more variables be used and that the best results be
obtained.
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