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Key points

• Technological advancements have led to a shift toward a digital economy, with cryptocurrencies being introduced into
payment systems and various algorithms used for price prediction.

• Bitcoin’s value varies like financial assets, but its dynamic process innovates market characteristics.
• Machine learning technology is suggested to predict bitcoin price
• This study provides forecasting analysis to help investors predict future prices and review their portfolios.

Abstract

Technological advances have reshaped our society, leading to a shift toward a more digital economy. In this work, a machine
learning model is developed using neural networks to make predictions about the price of Bitcoin. A training dataset is
created that contains closing price values from the last 60 days to predict the closing price value of day 61. This short lapse
time was chosen to point out the high volatility of this kind of market as well. Performing an in-depth study on the
correlation between cryptocurrencies strengthens the analysis for driving the read into this framework related to prediction
for a complex financial scenario.

Introduction

Technological evolution over the years has made “disruptive” innovation advances that are redefining the structural characteristics
of our society. An evolution that pushes the world economy to move toward an increasingly digital future. Over the course of the
21st century, we have witnessed several changes in the economic and financial sector. One of the most relevant and impactful is
certainly the one that has introduced a digital innovation in payment systems, namely the creation of “cryptocurrencies.” They
are, therefore, “digital representations of value” that are not subject to issuance, guarantee or control by Central Banks or Public
Authorities. These are currencies typically issued by private issuers that use highly specialized software and, generally, blockchain
technologies. Their management is usually done through virtual wallets called “e-wallets.” Being based on Blockchain technology,
which is incredibly complicated and tries to store data in such a way that it is difficult and beyond expectations to hack and modify
it. “Encryption” further protects these currencies, making it difficult to create fraudulent cryptocurrencies. In general, cryptocurren-
cies can be converted into “fiat currencies” at exchange rates that vary over time, but they should not be confused with electronic
payment systems. The system in the cryptocurrency market is quite complex and quite difficult to understand, even for industry
players and researchers carrying out studies in this field (Fry and Cheah, 2016).

There are a lot of cryptocurrencies flowing into the digital market. Among the various cryptocurrencies, Bitcoin is the most well-
known and is influenced by external variables such as social sites, digital data, market analysis, and so on. It was first introduced by
Nakamoto in 2008 (Giudici et al., 2020). Peer-to-peer transactions are possible thanks to blockchain technology. This technology,
which underpins the Bitcoin cryptocurrency system, is largely critical to ensuring greater security and privacy in a variety of sectors,
including IoT (Arias-Oliva et al., 2019).

Bitcoin is the first digital currency in the world to have used the blockchain platform. Böhme et al. (2015) suggested that cryp-
tocurrency, particularly Bitcoin, is more of a payment platform rather than a currency due to its real-time convertibility into
a conventional fixed-value currency. This cryptocurrency is different from other assets in terms of portfolio analysis, risk manage-
ment, and sentiment analysis (Dyhrberg, 2016).
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There have beenmany researchers who have revealed the advantages of Bitcoin such as security (Bariviera et al., 2017), low trans-
action cost (Kim, 2017), high yield (Ciaian et al., 2016; Kristoufek, 2013; Hong, 2017) and as an alternative tool for a country’s
bailout mechanism (Bouri et al., 2017) and use for employee wages (Angel and McCabe, 2015). Despite this, there are also
researchers who point out the risks and disadvantages of using this digital currency, in terms of lack of regulation (Cheung
et al., 2015; Böhme et al., 2015), high electricity bills due to energy consumption (Hayes, 2017; Vranken, 2017), lack of security
(Bradbury, 2013; Conte De Leon et al., 2017) and other issues such as anonymity (Androulaki et al., 2013) and the cost of switching
(Luther, 2016) to predict cryptocurrency market movements.

The relationship between machine learning algorithms and cryptocurrency is considered a new field with limited research
studies. However, the selection of the appropriate machine for learning algorithms depends on the frequency and structure of
the data, otherwise the complexity of such models could lead to overfitting. Previous studies have implemented well-known
machine learning algorithms such as neural and recurrent neural network (RNN), long-term memory (LSTM), support vector
machines (SVMs), and random forest models.

Most research in this field focuses only on accuracy when using machine learning algorithms while ignoring sample size (Chen
et al., 2020; McNally et al., 2018). Some studies on Bitcoin have predicted its price using two approaches: empirical analysis and
analysis of machine learning algorithms.

In this note, a machine learning model is developed using an Artificial Neural Network (ANN), i.e., an LSTM, to predict the
closing price of bitcoins using the price of bitcoins over the last 60 days. The analysis is strengthened by carrying out a careful study
of the “correlation” between cryptocurrencies. The aim of this training to connect the reader to this frame of research useful to finan-
cial practitioners.

The rest of this work is organized as follows: in Cryptocurrency price prediction section there is an overview of the machine
learning models and techniques applied to the world of cryptocurrencies. Sections Bitcoin price predictions: A case study model
and “Correlation” between different cryptocurrencies: A modeling through Python describe the analysis of our forecasting model
related to the analysis of the correlation between cryptocurrencies.

Cryptocurrency price prediction

The value of Bitcoin changes just like a financial asset. However, in this case, this dynamic process presents some insubstantial pecu-
liarities such as to profoundly innovate the characteristics of the market that observes these “dynamics.” There are several algorithms
used on stock market data for price prediction. On the other hand, the parameters that influence Bitcoin are so different. Therefore,
you need to predict the value of Bitcoin so that you can make correct investment decisions. The price of Bitcoin does not depend on
corporate events or government intervention unlike the stock market. Therefore, in order to predict its value, we believe it is advis-
able to leverage machine learning technology to predict the price of Bitcoin. After the “boom” and fall in cryptocurrency prices in
recent years, Bitcoin has increasingly been viewed as an “investment asset.”Due to its highly volatile nature, there is a need for good
forecasts on which to base investment decisions. Although existing studies have leveraged machine learning for more accurate
prediction of Bitcoin prices, few have focused on the feasibility of applying different modeling techniques to samples with different
data structures and characteristics. Due to price fluctuations and instability, cryptocurrency prices are difficult to predict. This gap in
the field is filled by comparing different machine learning models to predict market movements of the most relevant cryptocurrency.
In fact, many researchers have studied various factors that affect the price of Bitcoin and the patterns underlying its fluctuations
using various machine learning methods. By implementing time-series analytical mechanisms with daily Bitcoin data, Patel
et al. (2015) conducted an empirical analysis of the determinants of Bitcoin’s price within a Barro model (Cortes and Vapnik,
1995). Their findings revealed that among the traditional determinants and specific factors of digital currencies, market forces
and investor attractiveness most determine Bitcoin’s price, disproving those financial developments at the macro level are Bitcoin’s
drivers for a long time.

Using a nonparametric quantile causality test, revealed that volume can be a predictor of Bitcoin returns, suggesting the impor-
tance of modeling nonlinearity and accounting for tail behavior (Balcilar et al., 2017), Kim et al. (2016) analyzed user comments in
online cryptocurrency communities for Bitcoin, Ethereum, and Ripple to predict price fluctuations and transaction numbers. Mai
et al. (2015) examined the dynamic interactions between the value of Bitcoin and social media based on the information system
and financial literature. Shah and Zhang (2014) used a Bayesian regression “latent source model” created by Chen et al. (2020),
designed to leverage binary classification to predict Bitcoin price changes. Using a supporting vector machine algorithm, Georgoula
et al. (2015) examined the relationship between Bitcoin’s price and determinants, including economic variables, technological
factors, and sentiment. Madan et al. (2015) applied machine learning algorithms to predict the price of Bitcoin with an accuracy
of 98.7% for the daily price and 50%e55% for the high-frequency price. McNally et al. (2018) compared the accuracy of Recurrent
Neural Network (RNN), Long Short-TermMemory (LSTM), and autoregressive Integrated Moving Average (ARIMA) models for Bit-
coin price prediction and showed that LSTM achieves the highest accuracy (52%). Chen et al. (2020) explores the use of machine
learning techniques to predict Bitcoin’s daily prices, focusing on extending feature sizes and evaluating different techniques. It iden-
tifies higher-dimensional features for predicting daily Bitcoin prices, classifying Bitcoin price data by range, and evaluating different
machine learning techniques.

Due to recent advances in machine learning, many deep learning-based prediction models have been proposed for the price of
Bitcoin (McNally et al., 2018; Saad et al., 2019; Jang and Lee, 2017; Nakano et al., 2018; Rebane et al., 2018; Huisu et al., 2018;
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Shintate and Pichl, 2019). Many researchers have studied various factors influencing the price of Bitcoin and the patterns behind its
fluctuations using various analytical and experimental methods; for example, see the works of the authors of Alessandretti et al.
(2018), Corbet et al. (2019). Kim et al. (2016) study and compare various state-of-the-art deep learning methods, such as
DNNs, long-term memory models (LSTMs) (Hochreiter and Schmidhuber, 1997) CNN, ResNet, a combination of CNN and
RNN (CRNN) (Wang et al., 2016), and their ensemble models for Bitcoin price prediction. Specifically, they developed both regres-
sion and classification models by leveraging information on the Bitcoin blockchain and comparing their prediction performance in
various settings. McNally et al. (2018) proposed two prediction models based on recurrent neural networks (RNNs) and long-term
memory (LSTMs) and compared themwith an autoregressive integratedmoving average (ARIMA)model (Box et al., 2015), which is
a time series traditionally widely used as a prediction model. They developed ranking models using Bitcoin price information,
which predicts whether Bitcoin’s next price will go up or down based on previous prices. In the work of the authors of McNally
et al. (2018), the RNN and LSTM models proved to be better than the ARIMA model. In addition to price information, Saad
et al. (2019) analyzed information about the Bitcoin blockchain, such as the number of Bitcoin wallets and unique addresses, block
mining difficulty, hash rates, etc., and used those features that are highly correlated with the Bitcoin price to build prediction
models. They studied several regression models based on linear regression, random forests (Ho, 1995), gradient enhancement
and (Freund and Schapire, 1997) and neural networks.

In addition to blockchain information, Jang and Lee (2017) further considered macroeconomic factors such as the S&P 500,
Euro stoxx 50, DOW 30, and NASDAQ, and exchange rates between major fiat currencies. They studied three prediction models
based on a Bayesian neural network (BNN) (Bishop and Nasrabadi, 2006), linear regression and supporting vector regression
(SVR) (Cortes and Vapnik, 1995), and showed that the BNN model outperformed the other two prediction models. In their
follow-up study, Huisu et al. (2018) proposed a moving window LSTMmodel and showed that it outperformed prediction models
based on linear regression, SVR, neural networks, and LSTM. Similarly, Shintate and Pichl (2019) proposed a deep learning-based
random sampling model and showed that it outperformed LSTM-based models. Meanwhile, Kim et al. (2016) and Li et al. (2019)
took social data into account to predict Bitcoin price fluctuations. Rathore et al. (2022) in their study apply the Fbprophet model,
which is better in terms of functionality and can handle “seasonal data.” This approach provides a methodology for predicting the
future price of bitcoin, addressing seasonality in historical data, and reducing the difference between predicted and actual values
even with seasonal data. The work of Ranjan et al. (2023) aims to predict the price of Bitcoin using daily data and high-
frequency data of accessibility, like stock market forecasting (Madan et al., 2015).

Bitcoin price predictions: A case study model

The goal of this section is to predict the price of Bitcoin using a machine learning technique called Long Short-Term Memory
(LSTM). You want to predict the closing price of bitcoins using the bitcoin price of the last 60 days. In receiving the bitcoin price
quote, we use the company stock exchange ticker BTC-USD from January 1, 2018, to November 20, 2023.1

Fig. 1 shows the dates, the opening price, the highest price, the lowest price, the closing price, the adjusted close, and finally the
bitcoin volume for the period considered.

Fig. 1 Bitcoin price quote.

1https://it.finance.yahoo.com/quote/BTC-USD?p¼BTC-USD&.tsrc¼fin-srch.
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Import Math 

Importing pandas_datareader as Web 

Import numpy as NP 

Import panda as PD 

from sklearn.preprocessing import MinMaxScaler 

by keras.models import Sequential 

from keras.layers import Denso, LSTM 

Import matplotlib.pyplot as PLT 

plt.style.use('fivethirtyeight') 

 

Import yfinance as yf 
From Yfinance Import Download

download=yf.download("BTC-USD", start='2018-01-01', end=   '20-11-2023')

unload

Our dataset consists of 2149 rows and 6 columns. Graph 1 shows the closing price history of Bitcoin.
It was creating a new data frame with only the closing price and convert it to an array. So, let’s create a variable to store the length

of the training dataset. So, I establish that the training dataset contains about 80% of the data.

data = downloads. filter(['Close'])

dataset = data.values

training_data_len = math.ceil( len(dataset) *.8)

The dataset was scaled so that it is values into 0 and 1 inclusive, before giving them to the neural network.

scaler = MinMaxScaler(feature_range=(0, 1))

scaled_data = scaler.fit_transform(dataset)

Next, a training dataset was arranged that contains the closing price values from the last 60 days that it is used to use to predict
the value of the 61st closing price. Then, the first column in dataset “x_train” contains the values from the dataset from index 0 to
index 59 (60 values in total), and the second column contains the values from dataset from index 1 to index 60 (60 values), and so
on. The dataset “y_train” contains the 61st value located at index 60 for its first column and the 62nd value located at index 61 of the
dataset for its second value, and so on.

Graph 1 Bitcoin closing prices.
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train_data = scaled_data[0:training_data_len , : ]

x_train=[]

y_train = []

For the range(60,len(train_data)):

x_train.append(train_data[i-60:i,0])

y_train.append(train_data[i,0])

You need to convert the independent dataset “x_train” and the dependent dataset “y_train” into numpy arrays so that they can be
used for training the LSTM model.

x_train, y_train = np.array(x_train), np.array(y_train) 

At this step it must be reshaping in a three-dimensional way in the form: number of samples, number of time steps, number of
features. This step is pivotal because the LSTM model expects a three-dimensional dataset:

x_train = np.reshape(x_train, (x_train.shape[0],x_train.shape[1],1))

The LSTM model was arranged to work by two “layers” equipped with 50 neurons and two “dense” layers, one with 25 neurons
and the other with 1 neuron output.

model = Sequential()

model.add(LSTM(units=50, return_sequences=True,input_shape=(x_train.shape[1],1))) 

model.add(LSTM(units=50, return_sequences=False))

model.add(Dense(units=25))

model.add(Dense(unit=1))

Hence the model by using the mean square error loss function and “Adam optimization approach”:

model. compile(optimizer='Adam', loss='mean_squared_error')

And after by using training datasets. Batch size is the total number of training samples present in a single batch, and epoch is the
number of iterations in which an entire dataset is passed back and forth through the neural network.

model.fit(x_train, y_train, batch_size=1, epoche=10)

We get a test dataset:

test_data = scaled_data[training_data_len - 60: , : ]

x_test = []

y_test = dataset[training_data_len : , : ]

For the in range(60,len(test_data)):

x_test.append(test_data[i-60:i,0])

Then the independent test dataset “x_test” was converted into a numpy array so that it can be used to test the LSTM model.

x_test = np.array(x_test)

Reshape the data in a three-dimensional way in the form [number of samples, number of time steps, and number of features.

x_test = np.reshape(x_test, (x_test.shape[0],x_test.shape[1];1))

This results in the predicted values of the model using the data from the test set.

Predictions = model.predict(x_test)

Predictions = scaler.inverse_transform(Tips)
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To measure the accuracy of the model, the mean square error (RMSE) was considered. A value of 0 indicates that the values pre-
dicted by the models perfectly match the actual values of the test dataset. It was gained a value of 0.669. In Graph 2 a qualitative
analysis of the prices training.

train = data[:training_data_len]

valid = data[training_data_len:]

valid['Predictions'] = predictions

#Visualize the data

plt.figure(figsize=(16,8))

plt.title('Template')

plt.xlabel('Data', fontsize=18)

plt.ylabel('USD ($)' closing price, fontsize=18)

plt.plot(train['Close'])

plt.plot(valid[['Close',  'Predictions']])

plt.legend(['Train', 'Val',  'Forecast'], loc='bottom right')

plt.show()

Fig. 2 shows the present (closing) and expected (forecast) price values.
The model is tested on a daily basis in order to get the value of Bitcoin’s predicted closing price for November 21, 2023. There-

fore, the data was converted into an array that contains only the closing price. Then the closing price of the last 60 days was got and
scaling the data so that are values between 0 and 1 inclusive. After that an empty list was introduced and adding the price of the last
60 days, then convert itself to a jumpy array and reshape it so the data can be inserted into the model. Finally, the expected price
equal to $ 36,526,207:

download_btc = yf.download('BTC-USD', Start  = '2018-01-01', End =  '20-11-2023')

new_download = download_btc. filter(['Close'])

last_60_days = new_download[-60:].values

last_60_days_scaled = scaler.transform(last_60_days)

X_test = []

X_test.append(last_60_days_scaled)

X_test = np.array(X_test)

X_test = np.reshape(X_test, (X_test.shape[0], X_test.shape[1], 1)) 

pred_price = model.predict(X_test)

pred_price = scaler.inverse_transform (pred_price)

Press (pred_price)

Graph 2 Predicted value visualizations.
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It was observed that the price of bitcoin on November 21st is equal to $ 35813.81265.

download_btc2 = yf.download('BTC-USD', start='2023-11-21', end='2023-11-22')

print(download_btc2['Close'])

The analysis shows a convergent forecast.

“Correlation” between different cryptocurrencies: A modeling through python

In the cryptocurrency’s framework, correlation analysis is a very significant “metric” that can support investors in minimizing risk
and maximizing returns. The correlation of cryptocurrencies is a central topic in the world of digital asset investing. Many people
believe that investing in assets that move synchronously with others produces some benefits. By investing in a portfolio of correlated
assets, investors can potentially reduce their overall risk, while maintaining a safe return profile.

Technically, it is usually known that the correlation is based on a scale of 1 to�1. The closer the correlation coefficient is to 1, the
higher it is, i.e., positive. On the other hand, with a negative correlation approaching �1, it means that the trend of the two under-
lying assets goes in different directions.

Starting from this premise and after the analysis of Bitcoin price predictions, we considered it essential to highlight that, even
though Bitcoin “leads” the world of cryptocurrencies in most situations, this does not exclude that there are cryptocurrencies, which
sometimes move in an uncorrelated way from its trend. Therefore, a comparison based on the correlation coefficient between Bit-
coin and the main cryptocurrencies on the market was reported in this work.

I have considered the older cryptocurrencies and, I have downloaded the series stories from yahoo finance related to the
following cryptocurrencies: Bitcoin USD, Ethereum USD, Binance Coin USD, Litecoin USD, Cardano USD and XRP USD consid-
ering a 5-year time horizon, i.e., from January 01, 2018, to November 20, 2023 (see Fig. 3).

Only the modified closure is considered, so we save it in another data frame and display it (see Fig. 4).
In finance practices, correlation is conducted not on prices understood as an absolute value but on returns, i.e., on the price

changes in percentage that security has made. For example, the change of 1 on a cryptocurrency that costs 35 versus a change of
1 on a cryptocurrency that costs 1200 must have a different percentage value.

To do this, we use python’s pct.change function. This method gives us the difference between one row and the previous one in
percentage terms. Let’s visualize this new data frame and see that, apart from the first day when we don’t have any previous rows to
compare with, for all the others, we got the performance of cryptocurrencies day by day (see Fig. 5).

So, let’s calculate the correlation between them thanks to a corr function of pandas. The correlation can be made in different ways
but we use the Pearson index understood as the covariance between two variables divided by the product of the standard deviation
of the two variables and is a value ranging from�1 to 1, where�1means that the variables are inversely proportional, that is, as one
increases, the other decreases; 1 means that they are perfectly correlated, as one grows, the other grows as well, and zero which
means that the two variables are unrelated to each other (there is no relationship). Hence, let’s visualize the new data frame in Fig. 6.

Fig. 2 Actual and forecast price values.
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Fig. 3 Cryptocurrency datasets.

Fig. 4 Adjusted crypto closed.

Fig. 5 Percentage values of cryptocurrencies.
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It can be observed that on the main diagonal there are all one, this is because in the main diagonal the single cryptocurrency
meets itself. It was shown that no negative values work, but to the contrary higher and lower values. To better visualize this data
a heat map can be arranged (see Fig. 7).

It emerges that the values below the main diagonal are mirrored to those above the main diagonal. The lowest values are those
between XRP-USD and BNB-USD with a value of 0.49, followed by BTC-USD and XRP-USD with a value of 0.59, while the highest
values are between BTC-USD and ETH-USD with a value of 0.82, followed by ETH-USD and LTC-USD with a value of 0.81. This
means that they are strongly correlated and move together.

In general, the positive correlation between Bitcoin’s performance and the “microcosm” of Altcoins clearly arises. As it was
emerged among those with a high historical correlation, Ethereum and Litecoin have often traveled (for structural time frames)
often hand in hand with Bitcoin. Frequently, “uncorrelated” movements with respect to BTC concern events and news in the life
of individual cryptocurrencies, which fortunately give trading opportunities in contrast to Bitcoin.

There are several reasons why investors might want to consider cryptocurrency correlation. First, when asset prices move in
tandem, they can provide some measure of stability and predictability. Firstly, this can be especially useful in times of volatility,
when markets experience a lot of ups and downs. Secondly, correlation can also help investors diversify their portfolios. By
spreading their investments across several different assets, investors can reduce their exposure to a particular asset class. This diver-
sification can help mitigate losses if an asset class experiences a sudden drop in value.

Finally, many investors believe that there is a positive correlation between the price of Bitcoin and the overall health of the cryp-
tocurrency market. While this relationship is not always linear, there is evidence to indicate that when Bitcoin rises, the rest of the
market tends to follow. For this reason, some investors are using Bitcoin as a barometer of the health of the cryptocurrency market.
However, this does not mean that investing in cryptocurrencies does not come with risks. Correlation is just one of the factors being
considered.

Fig. 6 Correlation between cryptocurrencies.

Fig. 7 Correlation matrix.
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Conclusion

Due to its uncertain volatility, Bitcoin is a complex and diversified asset. Many algorithms are used to predict prices, but the param-
eters that affect Bitcoin differ. Therefore, machine learning technology is needed to accurately predict the value of Bitcoin. The
studies focused on using a variety of modeling techniques to combat price instability and fluctuations. Therefore, researchers
have used a variety of machine learning techniques to study a variety of factors that affect the price of Bitcoin, as well as its patterns
based on price changes. In the world of digital asset investing, the issue of cryptocurrency correlation is much discussed, it can help
investors maximize returns while also reducing risk.

Bitcoin’s price and the global market for Altcoins such as Ethereum and Litecoin have a positive correlation, which are often
traded alongside Bitcoin. This correlation can provide stability and predictability during volatile times and help investors diversify
their portfolios by spreading investments across various assets. Many investors believe that there is a positive correlation between
the price of Bitcoin and the complex health of the cryptocurrency market, and some use Bitcoin as a benchmark for the health of the
cryptocurrency market. However, that doesn’t mean that investing in cryptocurrencies is risk-free. Starting from this assumption, the
forecasting analysis developed in this work makes it possible to help investors predict the future price and therefore to be able to
review their portfolio but above all, thanks to the study conducted on the correlation between the various cryptocurrencies, to give
the investor the opportunity to diversify his portfolio by investing in alternative cryptocurrencies, increasing returns.
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