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ABSTRACT

Crypto currencies, also known as virtual currency, have gained a lot of attention in the past few years due to the
popularity of the dominant crypto coin: Bitcoin. But nowadays, it’s not just Bitcoin that people are interested in,
there are a myriad number of coins that exist. There are about 2000 crypto currencies in total. People are most
often confused on which coin to invest for a profitable future. This paper takes this into consideration top 12
crypto currencies and predicts the closing price of a crypto currency. After performing analysis, the results
showed that Bitcoin, Tether and Ethereum have the highest volume of coins investment, Bitcoin leading the
closing value followed by Ethereum. Trends of crypto currency are visualized using candlestick plot. Adjusted
closing rate, which is the closing price of a bitcoin, is predicted using two time series algorithms: ARIMA and
Prophet Model for the top three coins mentioned above. R2 score has been evaluated for both the models. The
score is almost the same for both the models. Results of this project can be applied in the real world to decide
on which top coin to invest the customer’s money in. The code has been designed in the modular fashion and
can be easily adapted to get the closing price for other coins as well.

Keywords: ARIMA, R2 Score.

I. INTRODUCTION

People always look for long term investments which would provide good profit for their money. According to a
survey, about 10.2% of people worldwide own crypto currency which is a huge number. In India alone, 20
million have entered the crypto market. As exciting as it is to own virtual currency, it’s also very risky to invest
due to the volatility. This volatility startles many people from investing. It would be really helpful if they know
the future trends of coins to better decide. There are multiple newsletters that suggest which crypto people
need to invest in to make profit, however most of them are paid. Having the algorithm and workflow
implemented would make it easier to analyze coins and make the prediction on adjusted closing price of coins
with higher volume. This way people or investors can make better decisions about when and the amount to
invest in a particular crypto coin. The paper presents machine learning models that can be used to estimate the
closing price of a coin accurately and with easy to follow implementation. Initially, the data is collected on the
top 12 crypto coins from an open source website [1]. This website contains data on all the crypto coins
available till date. The reason for choosing this website as a data source is because Yahoo is considered to be a
trusted data source for investment data, be it stock market or crypto market. Various techniques like area plot,
candle plot, etc have been used to visualize the stock data. Analyzing the data helped decide what coins to do
the prediction on and determine the best model with optimum performance. There are two models
implemented in this paper: ARIMA and Prophet model. Data was preprocessed and prepared in accordance
with both the models. A check was performed on the data for stationary properties which is a requirement for
the ARIMA model. Overall, both the models have similar accuracy and give the same results. For the final model
predictions, prophet model is chosen because the results are easy to interpret and prophet model can also
easily detect the seasonal trends along with easy to understand parameters. This model property will come
handy when the algorithm is scaled to other crypto coins which have uneven trends in volume and closing rate.
This section briefly introduces the project and the next section contains the literature review where similar
work by other researchers have been introduced. The coming sections succinctly explains the methodology and
the experimental setup including the tests to calculate the accuracy of the model.
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II. LITERATURE SURVEY

Blockchain technology, which is the underlying framework of cryptocurrencies, has gained a lot of attention
and trust because it provides secure transactions and fast data transfer. It also provides authentication of a
product and can act as a contract. Investing in crypto currencies has been a challenge for most people due to its
volatility. Based on the study in [1], there are multiple factors that seem to have an effect on volatility and
predictability of cryptos like trade volume, exchange rates, supply & demand, cost of transactions. [2] suggests
that crypto market related factors like trade volume and its uncertainty, volatility in coins are significant in
determining coins like Bitcoin, Ethereum, Dash, Litecoin and Monero. Taking these factors into consideration,
predicting the price of crypto currencies has been proposed by many research enthusiasts. [3] focusses on
considering the right set of features that can be used for this prediction. This paper takes the deep learning
approach to the problem by implementing algorithms like LSTM and RNN. Accuracy for single and multi-feature
Machine Learning models is determined. The plots for actual price versus predicted price in [3] show that the
algorithms implemented in the paper do a good job in predicting prices and can be used to get prices for future
values. This is an indication that now only mathematical analysis can determine the prices of crypto, Machine
Learning and Deep Learning algorithms can also be used to predict prices with good accuracy. Due to the
popularity of bitcoin, most of the research papers that were referred have predicted top coins like Bitcoin,
Ethereum, etc using LSTM, RNN algorithm. Paper [4] however proves that (Gated Recurrent Network) GRU is a
better algorithm when compared to LSTM, bi-LSTM and RNN. The plots presented in this paper clearly depicts
the closeness in predicted values to the true prices of crypto and lowest error rates with GRU model. A similar
approach is followed in [5] where recurrent network algorithms and an ensemble algorithm: gradient boosting
classifier outperforms random classifiers. This paper uses technical features, sentiment features and blockchain
based features. Results showed that technical features proved to be the most significant which resonates with
the thoughts of financial analysts. Financial analysts also are relying on the technical features to determine if a
stock or crypto is safe to buy or not. This approach has been adapted in [7] where only technical trade features
have been used to develop an automated Machine Learning pipeline to predict Bitcoin’s prices with an accuracy
of 94.89%. The paper also discusses whether Bitcoin can someday replace paper-based currency. The authors
of the paper have mentioned that Bitcoin can possibly replace paper based currency in developed countries but
could prove to be a disaster in developing countries.

III. PROPOSED METHODOLOGY

To meet the goals of this study, historical cryptocurrency prices were used to train two different models for
three different types of cryptocurrencies named, Bitcoin, Ethereum and Tether. Firstly, we examined the top 12
cryptocurrencies based on their volume and the coin's closing price every 24 hours. We employed two separate
models in this case: Facebook Prophet and the ARIMA model, which works well with time series data.

Facebook Prophet Model

The problem statement is implemented using Prophet, a Python module. The evaluation highlights
characteristics as well as the seasonality of events. Pattern, seasonality, and holidays are three critical
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components in a time collection edition breakdown. The following formula can be used to combine these
additives:

y(t) = g(t) + s(t) + h(t) + €

The function g(t) represents non-periodic adjustments, the feature s(t) represents periodic adjustments, and
the feature h(t) represents holiday outcomes. Any peculiar modifications that aren't handled by the version are
represented by the errort.

The historical data of cryptocurrency comes with a lot of seasonality that has to be adjusted in order to create a
better model as there are lot of effects that need to be handled before implementing the model. Prophet uses
fourier series to give a flexible model for fitting and forecasting the impacts of seasonality. The following
function approximates seasonal impacts s(t):

N
st) =2 (a-n cos (2?t> + bn sin (27;“))

n=1

With our time variable scaled in days, let P be the average duration of the time collection (e.g., P = 365.25 for
yearly records or P = 7 for weekly recordings).

ARIMA Model

ARIMA - Autoregressive integrated moving average is a statistical model that works on a time series data set
to either better comprehend the data or anticipate future trends. To successfully deploy the ARIMA model on a
time series dataset, a few requirements must be satisfied.

Stationarity Check:

To get better results, it's advisable to examine whether the data we're dealing with is stationary or non-
stationary. The data is said to be stationary when the properties of a time series do not rely on time and there is
no trend in the data. The cryptocurrency dataset which was used gone through few tests to check its
stationarity.

Augmented Dickey-Fuller test

The Augmented Dickey Fuller test (ADF Test) is a typical statistical test used to determine whether or not a
particular time series is stationary. When it comes to examining the stationary of a series, it is one of the most
widely employed statistical tests.

x = Closing_price

result = adfuller(x)

print('ADF Statistic: %f' % result[0])

print('p-value: %f' % result[1])

print('Critical values:')

for key, value in result[4].items():
print('\t%s: %.3f' % (key, value))

if result[0] < result[4]["5%"]:
print ("Reject the Null Hypothesis - Time series is stationary")

else:
print ("Failed to reject the Null Hypothesis - Time series is Mon-Stationary")
ADF Statistic: ©.187824
p-value: ©8.966591
Critical values:
1%: -3.437
5%: -2.864
18%: -2.568
Failed to reject the Null Hypothesis - Time series is Non-Stationary

If the test statistic value is less than the critical value then the null hypothesis (HO) is rejected, indicating that
the time series lacks a unit root and is thus not stationary.

Rolling Statistics

The fundamental idea behind using the Rolling statistics test is that it visually depicts the rolling mean and
rolling standard deviation to analyse the trend in the data by presenting both mean and standard deviation.
#Method 2: Rolling Statistics

rollmean = Closing_price.rolling(12).mean()

rollstd = Closing_price.rolling(12).std()
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Fig 2: Rolling mean and standard deviation

We could notice that the mean is constantly changing with the increase in time, and the standard deviation is
likewise not constant, there it has been proved that the data is not stationary.

Converting the non-stationary data to stationary:

Differencing

The one efficient way to convert the data to stationary is by using differencing, it can eliminate the variations in
the time series, alter the trends and also remove the seasonality by stabilising the mean. Stationarizing a time
series by differencing (where necessary) is a key step in the ARIMA model fitting process.

The focused value is the closing price of the cryptocurrency, if X; signifies the values of the time series X at a
period t, then the first difference of X calculated at period t is equal to Xi-X1.

#Using Differencing

plt.figure(figsize=(16,7))

fig = plt.figure(1)

t_log_diff = t_log - t_log.shift(1)

plt.plot(t_log_diff)
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Fig 3: Differencing
The above plot shows that there is no sudden trend in the data and the difference of the mean by considering
two points is negligible, indicating that the time series is now stationary and that there is no seasonality in the
time series, and we can now fit the data into the ARIMA model successfully.

IV. EXPERIMENTAL SETUP
Data Analysis and Visualization:

The historical data for the top 12 cryptocurrencies was obtained from https://finance.yahoo.com/ which
collected data from 2017 to 2021. The study was based on the crypto currency's closing price and volume,
which refers to the number of coins traded on that given day
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Fig 4: Volume of top 12 cryptocurrencies

The above pie chart shows that the coins Bitcoin, Tether, and Ethereum have been highly traded in the market,
and the majority of those investing in cryptocurrency are gravitating toward these three coins. Two time series
models were developed based on the aforementioned data to forecast the future prices of these coins, allowing
consumers to make informed investment decisions and limit the chance of losing money. Aside from the pie
chart, various additional plots were used to depict other qualities such as the opening and closing prices, such
as the candle stick plot and box plot. A comparison of the top 12 cryptocurrencies was carried out using a
scatter plot, which revealed that the closing price for bitcoin and Ethereum was the highest. The study also
revealed that the majority of persons interested in cryptocurrencies invest in the coin Ethereum, despite the
fact that the closing price of Ethereum has never surpassed $1.

Implementing the Prophet Model on the Bitcoin Dataset

Prophet is often used to handle with data that contains two columns: ds and y. For dates, the Pandas-friendly
format for the ds (datestamp) column is YYYY-MM-DD and for timestamps, YYYY-MM-DD HH:MM:SS. The y
column must be numeric and reflect the measurement we want to forecast; the methods require it to be
converted to a datetime data type using the pandas function to datetime.

# Creating a new dataset that only contains two columns which is the date and the closing price of the bitcoin.
columns = ["Date","Close"]

df1= pd.DataFrame(df_bitcoin, columns = columns)

The input data for Bitcoin price prediction must be a dataframe having two columns, "ds" and "y," where ds
represent the date and y represents the closing price of the bitcoin.

# The input must be a data frame with two columns 'ds' and 'y'# (ds is the date and y is the number of crimes).
Let's adjust it.

prophet_df = dfl.rename(columns={"'Date":'ds’, 'Close":'y'})

ds y
0 2017-11-09 7143.5800
1 2017-11-10 6618.1401
2 2017-11-11 6357.6000
3 2017-11-12 5950.0698
4 2017-11-13 6559.4902

Prophet is a time series data forecasting model that can manage seasonality as well as holiday impacts on a
monthly, weekly, and daily basis. When the data is time sensitive and has a lengthy history of seasonality,
Prophet is the ideal model to use for predicting. According to Prophet's GitHub description, Facebook uses
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Prophet for a variety of reliable forecasts that are resistant to outliers and missing data. The model mentions
projections for the future. Facebook Prophet also gives crime patterns on an annual, weekly, and monthly basis.
These visual insights give an understanding of the data's underlying tendencies.

The graph below depicts the fundamental forecast, with light blue denoting the amount of uncertainty meaning
the upper and the lower bound of the prices, dark blue representing the prediction, and black dots representing
the actual data.
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Fig 5: Predicted values of Bitcoin
Implementation of ARIMA Model

Before fitting the data into the Arima model, various preconditions must be satisfied, such as the data must be
stationary and there must be no seasonality in the data.

After meeting all of the requirements (detailed in the Methodology section), the data is divided into training
and testing data; 90% of the data is used to train, while 10% of the remaining data is utilised to test the
findings.

#Plotting Training and Testing data

plt.figure(figsize=(10,6))

plt.xlabel('Dates")

plt.ylabel('Closing Prices")

plt.plot(alpha[0:to_row]['Adj Close'], 'green’, label = "Train Data")

plt.plot(alpha[to_row:]['Adj Close'], 'blue’, label = 'Test Data")

pltlegend()
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Fig 6: Plotting the Train Test Split
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The next stage in properly implementing the ARIMA Model is to determine the order that must be utilised and
to go through the model summary in order to run the model flawlessly.

print(model_fit.summary())

ARIMA Model Results

Dep. Variable: D.y MNo. Observations: 1507
Model: ARIMA(4, 1, @) Log Likelihood -12558.955
Method: css-mle S.D. of innovations 1901.741
Date: Thu, 17 Mar 2022 AIC 25113.91@
Time: 19:00:08 BIC 25145.817
Sample: 1 HQIC 25125.794

coef std err z P>|z]| [@.@25 ©9.975]
const 28.7235 26.453 1.086 9.278 -23.123 8@.570
ar.L1.D.y -8.8365 ©.026 -1.428 ©.156 -9.087 @.014
ar.L2.D.y @.0016 ©.026 0.063 9.950 -9.049 @.e52
ar.L3.D.y 9.0063 ©.026 @.245 ©.806 -9.044 @.e57
ar.L4.D.y 9.8532 8.026 2.068 @.0329 9.083 8.1e4

Roots

Real Imaginary Modulus Frequency
AR.1 2.0881 -9.0000] 2.8881 -@.0000
AR.2 -2.0680 -0.0000] 2.0680 -9.5000
AR.3 -9.0693 -2.08487 2.0860 -@.2553
AR.4 -9.0693 +2.0848] 2.08860 9.2553

# Plotting the predictions obtained from the model

plt.figure(figsize=(15,9))

plt.grid(True)

date_range = alpha.head(to_row)['Date']

date_range = alpha[to_row:].index

plt.plot(date_range, model_predictions, color = 'blue’, marker ='0’, linestyle = 'dashed’, label = 'BTC Predicted pr
ice")

plt.plot(date_range, testing_data, color = 'red’, label = 'BTC Actual price')

plt.title('Bitcoin Price Prediction")

pltxlabel('Date')
plt.ylabel('Price')
pltlegend()
plt.show()
Bitcoin Price Prediction
~e- BTC Predicted price
—— BTC Actual price
65000
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Fig 7: Predicted values of Bitcoin using ARIMA
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The graph above represents the forecast, with the blue line representing the predicted price of bitcoin and the
red line representing the actual price of bitcoin. It can be seen from the above graph that the predictions are
very similar to the actual values of the coin and also follows the trend similar to the historical prices.

Accuracy measurement

To forecast the prices of cryptocurrencies, this programme uses techniques such as Facebook prophet and
ARIMA model. The most important stage in this process is to measure the accuracy of the model to guarantee
that the model is correct. Understanding the forecasting accuracy in comparison to real data is critical.

In forecasting, the expected value might be less or more than the actual number. The method used here to check
the accuracy of the model is r2 score. The r2 score ranges from 0 to 100 percent. It has a tight relationship with
the MSE. The fraction of the variation in the dependent variable that is predicted from the independent variable
is denoted as r2 (s).

MODEL R2 Score
Facebook Prophet 0.9398997074696636
ARIMA 0.9421699813469266

Both the models show similar results meaning both Prophet and ARIMA suits well on cryptocurrency price
prediction.

V. CONCLUSION

The research in this paper successfully proposes two time series Machine Learning models: ARIMA and Prophet
model. Prior to deploying both models, data cleaning and data processing have been implemented to prepare
data. The given data was converted to stationary for successful implementation of the ARIMA model. Analysis of
top 12 crypto coins demonstrated that Tether has the highest trade volume but the closing price has been
consistently $1 and Bitcoin had the second highest volume along with the maximum closing price, followed by
Ethereum which aligns with what actually happened. Various visualizations throughout this study support the
above statement. Both the ARIMA model and Prophet model have very similar performance with ARIMA model
having slightly higher R-square score. R-square score for ARIMA is 94% and Prophet is 93%. However, the
future predictions were chosen to be predicted using the Prophet model because of the model’s simplicity and
easy to understand methods and workflow. The code has been implemented in such a way that it can easily be
reused to get the price predictions for other crypto coins as well.
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