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Abstract
This dissertation was written as a part of the MSc in Data Science at the International
Hellenic University.

The main goal of this project is the prediction of Bitcoin price and movement using advanced machine learning techniques. Financial and blockchain features were used to
train our algorithms and discover insights and patterns that describe Bitcoin movements
during time. Furthermore, a sentiment analysis was deployed so to identify how news
affect bitcoin price movement. Twitter posts were collected through Twitter search API
with Tweepy open source library assistance. Python is the programming language that
was used to fulfil the dissertation’s coding part.

Machine learning algorithms such as Support Vector Machines, Extra trees, Gradient
Boosting and Neural Networks were deployed to tackle our main problem.
I would like to thank my supervisors Pr. Konstantinos Diamantaras and Pr. Theofilos
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1 Introduction
Motivation
Cryptocurrencies have become increasingly popular over the past few years. More and
more people and industries tried to use and encompass them in their everyday life and
structure. This master thesis tries to investigate cryptocurrency’s unpredictability. Normal financial markets show a volatility rate of 1 or 2 percent. Instead, Bitcoin’s volatility is much higher (8% approximately), making the task of prediction a challenging issue.
Furthermore, cryptocurrencies are now more mature beyond the stigma of the first years
where their usage was explicitly in the dark web for illegal transactions. Many hopeful
projects occurred and are assisted by big and respectful organizations that show their
trust in blockchain technology’s potential. Estonia and other countries adopted or willing to adopt blockchain and cryptocurrencies to make more secure and transparent the
governmental activities. However, we focus only on the financial side of cryptocurrencies, the volatility and prediction issue.
Investors, brokers and financial funds dived into the cryptocurrency market causing an
explosion to volume of exchanges. This traffic made cryptocurrency prices very unstable and vulnerable to speculation. Fake news, governmental interferences and malicious
attacks on the network drove the market movements and made prediction a challenge.
Nevertheless, machine learning algorithms are constantly praised for their ability to
learn patterns and discover relationships that are difficult to be found with normal
methods.

Aim and objectives
The aim of this thesis is to predict the closing value of Bitcoin on a given day based on
previous Bitcoin information. More specifically the objectives to achieve this are as follows:
•

A thorough research regarding time series. How they work what are their usage,
in which sectors do they apply. Investigation of common models.
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•

The collection of Bitcoin related financial data via Python programming language to examine their correlation and how the affect Bitcoin’s price and
movements. Various machine learning algorithms are applied for forecasting
and prediction.

•

The collection of Tweets via Tweepy Python library to examine how sentiment
affect Bitcoin’s price.

•

Implementation of Machine learning techniques to predict the Next day closing
price via financial analysis

•

Implementation of Machine learning techniques to predict the Next day direction of the price via sentiment and financial analysis

•

Comparison and evaluation of the models with different metrics. Identification
of issues and possible next steps.

Figure 1. Dissertation workflow
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The structure of the dissertation is the following. Initially an academic literature review
is presented containing papers and other dissertation thesis for time series, stocks and
Bitcoin blockchain. Then the Methodology chapter comes on where we thoroughly describe our datasets, the algorithms, the feature engineering made, evaluation criteria, the
data preprocessing and preparation. Chapter 4 follows where the machine learning techniques are analyzed accompanied with the results of each algorithm. In conclusion, a
summary of our project is provided the challenges we faced are exposed and possible
future work and steps are proposed.
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2 Literature review
2.1 Time series
A Time Serie is a sequence of data points of the same variable gathered during a timetable. It can be used to track any variable that changes over time and there is no limitation in its duration. Time series are used in many scientific sectors such as statistics,
econometrics, pattern recognition, earthquake prediction, astronomy, weather forecasting, mathematical finance etc.
Time series are characterized by the natural sequential ordering. The primary goals of
time series analysis (and the one we used in our project) is forecasting and classification. At first an Exploratory Data Analysis is performed to identify trends, seasonality
and autocorrelation. Many other techniques help to the examination of time series and
the full exploitation of them. In our project we used various time series from Bitcoins
price to Gold price [1-2].

2.2 Blockchain
Blockchain is a decentralized public ledger created to keep a record of every data transaction occurring in the network. Every user of the network is a network node and keeps
a copy of the ledger. Each transaction on the blockchain database is verified by the users participating in the system, so a trusted third-party verification is not required.
In 2008, an unknown author or group of authors named Satoshi Nakamoto, wrote a paper about accomplishing non-reversible and cash-like transactions without the involvement of any third-party. This whitepaper’s proposal of Bitcoin cryptocurrency was the
first us of Blockchain technology. The concept was quite simple. Suppose that user X
wants to transfer assets or data to user Y. When this transaction happens, it is represented as a block which is transmitted to every node/user of the network. Then, the users
verify the validity of the transaction. The miners need to solve a puzzle in order to be
the first to validate the transaction. This puzzle is extremely demanding and requires big
-5-

computational power in order to be solved. The puzzle solving procedure is called
“mining” and the first miner or pool of miners who will find the solution gets a Bitcoin
amount as a reward (including some transactions fees that together consist the miner’s
revenue), so miners are competing to be the fastest to solve the puzzle.
When 51% of the users approve the provided solution, the transaction is finalized, and
the new block is added to the chain. The blockchain is a list of blocks that includes every single transaction that has ever been made. The blocks are visible to all network
nodes, but they cannot be edited or reversed.
Popularity of blockchain technology is rapidly evolving and use cases are showing up at
a large variety of industries. Gartner, a global research and advisory firm, enlist Blockchain technology to emerging technologies in 2018 with an estimation that it will be fully adopted and exploited in 5 to 10 years. Also, research showed that smart contracts (a
use of Blockchain technology) could reduce infrastructure costs of banks from 13.8 to
18.4 billion euros annually by 2022. On October 2017, Bloomberg published an article
on 2017 describing how Goldman Sachs and Google exploiting Blockchain technology
and invest actively in it [3-6].

2.3 Cryptocurrencies
Cryptocurrencies are digital assets based on blockchain technology. They use strong
cryptography to ensure financial transactions. As a medium of exchange, they are used
instead of fiat currencies in many everyday transactions. The history of cryptocurrencies
goes back to 1983 when David Chaum created the first electronic money called ecash. It
was the start for electronic payments and afterwards other forms of electronic money
were created. National Security Agency and MIT had also deployed some forms of
cryptocurrency payments in their mailing list. B-money and Bit-gold followed, being the
first electronic systems that demanded a cryptographic proof of work function to operate. These early stages of cryptocurrencies were the herald of Bitcoin that was introduced to the public in 2009. Nowadays, almost 4000 different cryptocurrencies exist
and trade in cryptocurrency markets [7]. Cryptocurrencies are decentralized and produced by the entire cryptocurrency universe. All users have access and to all transactions and can verify their validity. That is the main difference with centralized banking
and economic systems such as the Federal Reserve System which control the supply of
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fiat currencies by printing units of money or demanding additions to digital banking
ledgers.
The safety, veracity and stability of ledgers are maintained by a community of users, the
miners. Miners use their computing power to solve the proof-of work functions and validate, in that way, the transactions in cryptocurrency’s blockchain.
Most cryptocurrencies are designed to gradually decrease production of that currency,
placing a cap on the total amount of that currency that will ever be in circulation. Compared with ordinary currencies held by financial institutions or kept as cash on
hand, cryptocurrencies can be more difficult for seizure by law enforcement. This difficulty is derived from leveraging cryptographic technologies.
Most cryptocurrencies have a specific market cap that limits their production while
there are some others which are unlimited like Ripple. Cryptocurrencies are still under
investigation and are not fully adopted for financial transactions all over the world.
While they seem very promising and innovative there are still some blind spots that law
enforcements try to investigate. Several cyber-attacks had occurred in cryptocurrency
markets and put negative pressure to their full adoption. Nevertheless, cryptocurrencies
are still promising, and many considers that they will be the dominant financial payment
method in the years to come [8].

Figure 2. Major cryptocurrencies
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2.4 Bitcoin
Bitcoin was the first implemented use of blockchain technology. It is used as a cryptocurrency in order to conduct any payment and transaction. As any ‘physical’ currency,
Bitcoin soon gained reputation and started to be traded in financial markets. This created a boom in cryptocurrency markets and after some years Bitcoin’s price, in US dollars, reached a high of $19,783.06 on 15th of December 2017.At the time of our survey
Bitcoin price is approximately $6,383.06.
It was Satoshi Nakamoto (a pseudonym of the author or group of authors) that introduced Bitcoin to the internet community at 31th of October 2008. On August 2008 the
domain bitcoin.org was created and later, the whitepaper of Bitcoin was available to
public. His main target was to create an electronic payment system in order to avoid the
intervention of a trusted third party that is usually an financial institution. What was
needed in his opinion was a payment system based on cryptographic proof and not in
trust. The transaction process he introduced was the following. Initially an electronic
coin, Bitcoin, is defined as a chain of digital signatures. Then, the transaction is conducted with the transfer of the coin from one owner to the other. The hash of the previous transaction and the public key of the next owner are added to the end of the chain of
ownership [9-10].

Figure 3. Chain of ownership
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The network of Bitcoin was constructed with 6 simple rules:
1) The transactions are broadcast to all nodes.
2) Each node collects new transactions into a block.
3) Each node works on finding a difficult proof of work for its block.
4) When a node finds a proof of work, it broadcasts the block to all nodes.
5) Nodes accept the block only if all transactions in it are valid and not already
spent.
6) Nodes express their acceptance of the block by working on creating the next
block in the chain, using the hash of the accepted block as the previous hash.

2.5 Academic papers
2.5.1

Prediction of Bitcoin Exchange Rate to American Dollar using Artificial NN methods

In paper [11], the authors studied a variety of ANN methods to predict the next day
close value of Bitcoin. Back propagation neural network, genetic algorithm neural network, genetic algorithm back propagation neural network and neuro-evolution of augmenting topologies were compared and evaluated with Mean Absolute Square Error
(MAPE) and training time. BPNN achieved the best results among these methods. More
specifically the authors used a dataset composed with data from 06/10/2013 until
02/04/2017. After the induction of the technical features such as EMA 12 and %R5 the
dataset was reduced to 1219 rows and had as initial day the 1st of January 2014.
A greedy forward selection was applied to the features in order to select the best combination of them for each algorithm method. In addition, the training and the prediction
tasks were done 30 times to better generalize the results and to avoid a random outcome.
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Methods

MAPE (%)

Training Time (seconds)

BPNN

1.998 +- 0.038

347+-63

GANN

4.461 +-0.49

467+-345

GABPNN

1.883+-0.066

1539+-558

NEAT

2.175+-0.096

470+-363

Table 1. Comparison of methods

As it was mentioned before, apart from MAPE, training time was also a mean of evaluation for the authors. Even though GABPNN achieved the best MAPE result it had failed
in training time something that will be an obstacle in a real time scenario where trades
must be done fast in limited time.

2.5.2

Bitcoin Price Prediction using Ensembles of Neural nets

[12] uses an artificial neural network ensemble approach called genetic algorithm based
selective neural network ensemble to explore the relationship between the features of
bitcoin and the next day change in the price of bitcoin. Two hundred features over a
span of two years (02/05/2015-30/04/2017) were used to train the ANN ensemble which
was consisted of a set of 5 Multi-layer perceptron. The test set was from 01/05/2017 to
20/06/2017. After the preprocessing and the cleaning stage, the final dataset had size
790 x 190 for training and 50 x 190 for testing set. The accuracy of the MLPs on the
training set varied between 58% to 63%, while on the testing set the ensemble achieved
64% accuracy that is translated to 32 correct predictions out of 50 days.

2.5.3

Bitcoin Currency Fluctuation

The authors of [13] introduced a LSTM hybrid model in order to perform a binary classification of the direction of bitcoin price. Sentiment and financial-technical analysis
were deployed to correct identify the reasons of bitcoin’s price fluctuations. Fifteen features were used. The market prices of Iridium, Palladium, Aluminum, Cobalt and Random Length Lumber, S&P500 index, eight sentiment variables from bitcoin articles and
Twitter post relevant to Bitcoin.
Their model achieved a score of 61,3% which was an average number in comparison
with other machine learning algorithms.
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Algorithms

Accuracy

Custom NN

52,9%

K-Nearest Neighbor

58,9%

Classification Tree

60,6%

Logistic regression

62%

Support Vector Machines

64,8%

Gaussian Naive Bayes

67,4%

Linear Discriminant Analysis

67,6%

Table 2. Comparison of methods based on accuracy

2.5.4

Machine learning the cryptocurrency market

In this project [14] the authors collected the daily data of 1681 cryptocurrencies from
CoinMarketCap website depository. The data was from November 2015 until April
2018. Three methods were employed, two based on XGBoost machine learning algorithm and one based on LSTM RNN. The first two methods that were rely on XGBoost
used as features the average, standard deviation, the median the last value and the trend.
The difference between them was that first method had one single regression for all
cryptocurrencies while the second one used an algorithm for each currency. The third
method (LSTM RNN) was also used a regression algorithm for each cryptocurrency. As
evaluation metrics the authors used the Sharpe ratio and the geometric mean return.

2.5.5

Applying Recurrent Neural Networks for Multivariate Time

Series Forecasting of Volatile Financial Data
This research paper [15] applied two methods of Recurrent Neural Nets to generate time
series predictions for bitcoin price. Especially, LSTM and GRU were the two NN models used accompanied with an Arima model with dynamic regression. The data was collected from May 2013 until late September 2017. Several features were used varying
from dates, trends, cryptocurrencies, fiat currencies, stock market and commodities.
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2.5.6

Algorithmic Trading of Cryptocurrency Based on Twitter Sentiment Analysis

The goal of this paper that was published back in 2015 was to identify whether Twitter
posts were a major factor in Bitcoin’s price movements. The dataset of the experiment
was Bitcoin related tweets from November 15,2015 to December 3,2015 and were
scraped with the utilization of Tweepy, a python library for accessing Twitter API.
Three were the main algorithms the authors used. Naïve Bayes, Logistic regression and
Support vector machines. These classifiers were tested in two datasets. One where Porter stemming had been applied to the Tweets and one without. The unstemmed dataset
gave significant better results in every case. In general, Bernoulli Naïve Bayes achieved
the best day-to-day and hour-to-hour accuracy of 95% and 76,23% respectively [16].

Bern. NB

Mult. NB

Log. Regression

SVM

Day to day

95%

95%

85.5%

83%

Hour to hour

76.23%

69.83%

74.44%

43.69%

Table 3. Day to day and hour to hour comparison

2.5.7

Learning to predict cryptocurrency price using artificial neural network models of time series.

The authors of these master thesis tried to predict cryptocurrency price using artificial
neural network models of time series. They trained Time delay neural networks
(TDNNs) and recurrent neural networks (RNNs) on past Bitcoin prices in order to predict the next day close and high price. Using the Quandl API they retrieved a Bitcoin
price dataset from September 2011 to September 2018 and finally, after cleaning and
inconsistencies to the data, they used Bitcoin prices from January 2012 to March 2018
divided in three time periods [17].
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Data set name

Training Data

Test Data

Y16-17

2016,2017 data

Q1 of 2018

Y14-15

2014,2015 data

Q1 of 2016

Y12-13

2012,2013 data

Q1 of 2014

Table 4. Training and testing set

The evaluation metrics that were employed were the MSE(Mean Square Error), NMSE
(Normalized Mean Square Error) and R (Pearson’s Correlation Coefficient). The results
of their experiments demonstrated a superior performance of TDNN over RNN models
in terms of accuracy but also in time.

ΜΟDELS

MSE

NMSE

R

TDNN

0.042 x 10-2

0.083

0.809

RNN

0.12667 x10-2

0.251

0.469

ΜΟDELS

MSE

NMSE

R

TDNN

0.024 x 10-2

0.176

0.641

RNN

2.52 x 10-2

0.197

0.528

ΜΟDELS

MSE

NMSE

R

TDNN

0.0504 x 10-2

0.051

0.419

RNN

0.898 x 10-2

0.102

0.027

Table 5. Results on different training and testing sets

2.5.8

Predicting Bitcoin price fluctuation with Twitter sentiment
analysis

This dissertation from KTH University also tried to analyze if there is correlation between Bitcoin price movement and Twitter sentiment. For this purpose, the collected
two datasets, one with Bitcoin prices and one with Tweets. Bitcoin prices were retrieved
from CoinDesk API while tweets were streamed from Twitter’s streaming API in com-
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bination with Tweepy. For both sets the collection began on 11th of May and ended on
the 11th of June 2017 To conduct the sentiment analysis the authors used the VADER
lexicon which can assign a compound score to every tweet depending on the words it
contains. The twitter dataset was consisted of 100000 tweets which have been filtered
and denoised. After the preprocessing the tweets dataset reduced to 58764 tweets [18].

100k tweets
All tweets

Size before

Size after

% reduction

100.000

58.764

58.5%

2.271.815

1.254.820

55.2%

Table 6. Twitter datasets

Their experiments showed that there is neither positive nor negative correlation between
BTC price and sentiment. The accuracy of predictions in all time intervals they considered range around 50%. However, under some thresholds, the correlation could be partial positive.

2.5.9

Deep Learning Algorithms Applied to Blockchain-Based Financial Time Series

The goal of this project was to investigate how deep learning algorithms can predict the
high volatile cryptocurrencies’ prices. From commonly used linear and nonlinear models to deep neural networks the author compares the performance of them and tries to
extract useful insights for blockchain-based time series [19].
Firstly, the author performs a research regarding time series analysis models such as
Auto-Regressive Moving Average (ARIMA), the Generalized Auto-Regressive Conditional Heteroscedasticity (GARCH), the Self-Organizing Map (SOM) and Neural Networks. Secondly, he retrieved the necessary datasets utilizing python and R programming languages and lastly the Deep Neural network was engineered which achieved a
minimum 55% accuracy.
Below a table that compares the best model performances for DASH time series
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Model

Predictability

NMSE

Notes

AR(Yule)

0.498

0.0218

Mean of top 3 models

AR(Burg)

0.493

0.0264

Mean of top 3 model

ARMA

0.515

0.0204

Mean of top 3 model

ARIMA

0.529

0.0358

Mean of top 3 models

ARIMA

0.530

0.7256

Mean of top 3 models

GARCH
SOM

0.544

2.3585

Size 10x10

Table 7. Comparison of models

Below a table that compares the best model performances for DASH time series with
exogenous BTC.
Model

Predictability

Notes

NARMAX

0.542

Exogenous input

NN (with exogenous

0.564

Using 30min lags of

BTC input)

BTC data

DNN (with exoge-

0.576

Hidden layers:14,2

nous BTC input)
Table 8. Comparison of best models

2.5.10 Cryptocurrency Portfolio Management with Deep Reinforcement Learning
This paper tried to differentiate from the classic approaches that predict the price
movement (Classification) or the exact price (Regression of the Bitcoin. That because
according to the authors the classification task is difficult to reach high accuracy and
that trading actions will require human intervention. Instead the authors introduced a
neural network capable of predicting the market management actions needed for their
-15-

portfolio management. Portfolio management is the decision-making process of allocating an amount of fund into different financial investment products, aiming to maximize
the return while restraining the risk.
For their project, they selected Bitcoin as the most famous cryptocurrency and collected
yearly data from Poloniex.com. As input in the Convolutional neural network they inserted a matrix containing the price sequences during the trading periods. The twelve
most-volumed coins were selected for trading to achieve better liquidity of the assets.
During the preprocessing they normalized the data to better fit in the neural net. Also
missing values were filled with decay rate to avoid an unnecessary invest by the agent.
The training process was held at three time-spans 27/06/2015 – 27/062016, 27/07/2015
– 27/07/2016, 27/08/2015 – 27/08/2016 and the final backtests at 14/03/2016 –
03/05/2016, 14/04/2016 – 03/06/2016, 14/05/2016 – 03/07/2016. Their results were
compared with three benchmarks and three other portfolio management algorithms
showing some interesting results [7].

2.5.11 Stock Price Forecasting via Sentiment Analysis on Twitter
In [20] the authors investigate the correlation between stock market and social media
sentiment. The fast-paced environment and the continuous growth of social media
piqued their interest and drive them to search for patterns that describe and affect stock
price movements with final goal the prediction of stock prices. At first, they developed
a machine learning system that collected tweets and classified them regarding their sentiment. The next step was to train the model with past stock prices and sentiment and to
predict a future price. More specifically, Twitter’s search API was deployed to collect
the daily tweet dataset. The mined tweets contained a tweet id, the timestamp and the
tweet text After the collection Natural Language methods were used to preprocess and
clean the noisy tweets. The steps they followed were:
•

Tokenization of the tweet text by spaces

•

Removal of stop words with the assist of NLTK library

•

Punctuation on some Twitter symbols such as ‘@’ and ‘#’ that have special
meaning in Twitter interface

The training procedure for the sentiment classification included two algorithms, Naïve
Bayes Bernoulli and Support Vector Machines that considered as state of the art for sen-
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timent analysis. The n-most significant unigrams, bigrams and trigrams were their features for the training and classification. After 7-fold cross validation the results were:

Algorithm

Naïve Bayes

SVM

Accuracy

0.8069

0.79308

Table 9. Comparison of the two models

The stock market dataset came next. They used Yahoo finance to retrieve data for the
top-16 technology stocks and in combination with the sentiment results they perform
regression to predict the closing price s of the stocks. Their features were the percentage
of positive sentiment score, the percentage of negative sentiment score, the percentage
of neutral sentiment score, the close price, the High low percentage change, the Percentage change and the volume.
SVM achieved an average accuracy of 87% in terms of the direction the price and error
under 10% in terms of predicting exactly the closing price which was very promising
and interesting for further future work.

2.5.12 Predicting Bitcoin Prices by Using Rolling Window LSTM
model
In this paper [18] a custom-made rolling window long short-term memory (LSTM)
model was implemented to forecast Bitcoin price. An interesting approach was followed
by the authors who combined information from various sources related with Bitcoin.
Macroeconomic factors, global currency ratios and blockchain information constituted
the collection of features used for their experiments. Specifically, blockchain information was employed by using the average block size, median confirmation time, hash
rate, miner’s revenue, cost per transaction, confirmed transactions per day and the number of transactions per day excluding transactions from popular addresses. In their opinion Blockchain information consist a major influence factor of Bitcoin price thank to the
direct relationship with the supply and demand of Bitcoin in the currency market.
In addition, macroeconomic factors draw their attention because of the possible relationship and shared characteristics with Bitcoin market. The prices of crude oil, SSE,
gold, VIX and FTSE100 comprised the set of global macroeconomic features. In terms
of fiat currencies, they used USD/CNY, USD/JPY and USD/CHF excluding from their
-17-

analysis data such as USD/KRW, USD/EUR, USD/CAD, USD/GBP and USD/AUD
because of the low results in correlation analysis.
Their experiments showed promising results and their model outperformed the comparison models.

SVR

LR

NN

LSTM

Their model

RMSE

326.7

187.4

214.8

308.5

105.5

MAPE

17.4 %

9.1%

10.4%

11.3%

5.53%

Table 10. Evaluation based on RMSE and MAPE

2.5.13 Anticipating cryptocurrency prices using machine learning
The authors of this paper [21] analyzed data for 1681 cryptocurrencies for the time period between November 2015 until April 2018. Their target was to create a trading
strategy employing machine learning methods that would beat standard benchmark
methods.
Their dataset was collected by Coin Market Cap website and consisted of the daily prices in US dollars, the market capitalization and the trading volume of 1681 cryptocurrencies. The return on investment (ROI) in other words the profitability of a currency over
time was the label of their experiment and the time period of it was one day.

The forecasting methods implemented by them were three with different characteristics.
At first, they employed XGBoost method to describe the change of price in all currencies. The features were the average, the standard deviation, the median, the last value
and the trend of the price, the market capitalization, the market share, the rank, the volume and ROI between a time period window. Currencies with volume lower than
100.000 US dollars were excluded from the training process.
Their second method also relied on XGBoost method but instead of prediction for all
the currencies, forecasting happened for each currency separately. Every currency had
its own regression model with the same training features as in method 1.
The last method was built upon Long Short-Term memory networks. Again here, every
currency had its own regression model based on LSTM with same features as method 1
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and 2. Finally, a benchmark method based on Simple Moving average was utilized for
comparison reasons.
The evaluation performance was tested upon Sharpe ratio and Geometric mean return
which in author’s opinion could describe best the results of their experiments.
The prediction part happened for every day between January 2016 and April 2018 and
yielded some interesting results. In general, the three methods proposed by the authors
performed better than the Simple Moving average method. Methods 1 and 2 did better
on short-term periods while LSTM method worked best on larger time periods containing at least 50 days of data. They concluded that the simultaneously prediction of the
overall crypto market and for each currency alone is very challenging and further work
could be done to overcome any struggle appeared.

2.5.14 Machine Learning Models Comparison for Bitcoin Price Prediction
In [22] the highest accuracy of Bitcoin price prediction is the main goal of the project. A
comparison among 4 machine learning models was described producing some very interesting results.
Bit stamp website was the main source of the dataset for this experiment. This set contained 1-minute interval trading data of Bitcoin price from January 2012 to January
2018. The features extracted of the sequences of Bitcoin prices where: The Close value
of Bitcoin, the Open value, the Highest and Lowest price, the weighted price, the total
trade volume of day in BTC, the total trade volume of day in US dollars and the
timestamp. In other words, only, Bitcoin related features were used excluding macroeconomic or Blockchain information. Afterwards, the dataset was transformed to 1-day
interval to support their intention of next day prediction. This transformation resulted in
a reduce of the dataset from 3.161.057 rows to 2.195 rows of daily data. The final training set consisted of 1.756 rows and the testing set of 439 because of the 70:30 ratio
used.
Machine learning implementation based on 4 different algorithms:
•

Theil-Sen Regression which use a median of the slope of all lines through pairs
of data
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•

Huber regression which utilize a linear loss to separate between the outlier and
inlier data

•

Long Short-term memory (LSTM) which confronts the vanishing gradient problem

•

Gated Recurrent Unit (GRU) which is based on LSTM but has less complex
structure

Mean Squared Error (MSE) and R2 were the evaluation metrics of the performance
accompanied of a time comparison among the models.

Model

MSE

R2

Theil-Sen Regression

0.000375

0.99176

Huber Regression

0.000375

0.99179

LSTM

0.000431

0.992

GRU

0.00002

0.992

Table 11. Comparison based on MSE and R2

Model

Time (sec)

Theil-Sen Regression

0.9018

Huber Regression

0.0002

LSTM

111.0601

GRU

85.2718
Table 12. Comparison based on time

Their results showed that Gated Recurrent unit had an extremely good performance and
further work could be done including factors such as social media, politics and law in a
measured way.
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3 Methodology
3.1 Datasets
Here we have a description of every dataset used in our project.

3.1.1

Bitcoin dataset

Bitcoin datasets are available to various sites to download them for free. The rapid development of cryptocurrencies and the speculation game behind them created a need for
several trading sites that provide lot of Bitcoin related information from Open, Close,
High and Low prices to even Blockchain information such as the Hashrate and the Mining difficulty. For our project we retrieved Bitcoin data from the CoinMarketCap site.
The period of our data is from April 2013 to November 2018.CoinMarketCap offers the
data on a day-to-day basis which was suitable for our goal to predict the next day Close
value of Bitcoin. The dataset was collected using Python programming language and
Pandas library was employed to manipulate the dataframe.

Figure 4. Bitcoin datasets collection

The total number of rows which corresponds to days is 2019 consisting of Open, Close,
High, Low, Volume and Market Cap columns. Since Bitcoin exchanges are open 24/7
the Open value of Bitcoin refer to the price at midnight and the Close value refer to the
price at 23:59:59 in the exchange's respective time zone. The High and Low values are
the highest and the lowest prices of Bitcoin during the day. Finally, the Volume refers to
the volume of bitcoin transactions in a day and Market Cap is the total amount of
Bitcoins the market. In our case the Close price is our target value and rest prices were
used as features to the training procedure [23].
-21-

3.1.2

Gold dataset

In our research we introduced financial features that we believe affect Bitcoin’s price
movements. The price of gold was one of these features that triggered our curiosity and
we decide to include it in our analysis. Gold is the most popular among precious metals
and was used throughout the history as an investment and it has its own market that is
subject to speculation. Many countries used gold as money and implemented Gold
standards. Its movements are driven by supply and demand but also form sentiment and
big institutions (Central banks, International Monetary Fund etc.) that hold vast amounts
of gold reserves. To retrieve the gold prices on day to day basis, we used again Python
programming language and Quandl API.

Figure 5. Gold price collection

Gold market in contrast with Bitcoin market doesn’t operate 24 hours per day and 7
days per week but for 23 hours per day and only in weekdays. The starting date of our
dataset is the 9th of March, 2013 and the last day is the 2nd of November, 2018. This
amounts to 1349 rows of data and one column with the Closing price of gold [24][25].

Figure 6. Gold historic chart

3.1.3

Euro/US dollar dataset

Euro and US dollar exchange rate was another one financial factor that we put in our
investigation. Euro is the ‘new’ currency of the European Monetary Union and was in-
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troduced on January 1,2002. Euro soon gained power and became one of the strongest
currencies in the word being an asset for investment.
Us dollar is the official currency of United States of America since 1792. It is the most
widely used fiat money in international transactions and the primary reserve currency.
Except from United States several other countries use it as their currency to reap the
benefits it provides. It is unanimously the most powerful currency in the world.
Euro and US dollar exchange began in 1999.

Figure 7. Euro/Dollar historic chart

Quandl API is again employed to collect our dataset and European Central Bank was
our supplier of the day to day basis prices of Euro/Dollar. The starting point of the dataset is April,1999 and ends in November of 2018 that totaled to 5083 rows of Euro/Dollar prices.

Figure 8. Collection of Euro/Dollar exchange rate

This market also operates during weekdays and, traditionally, is separated into three
peak activity sessions: the Asian, European and North American sessions. These three
periods are also referred to as the Tokyo, London and New York sessions and help to
keep the Forex open 24 hours per day [26].
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Figure 9. Operation hours of currency markets

3.1.4

Dow jones Industrial Average

Another one addition to our financial features was the Dow Jones Industrial Average
index that is a stock market index showing how 30 large publicly owned companies of
United States perform. It is the second oldest market index after Dow Jones Transportation Average and the most cited and most widely recognized of the stock market indices. In our project we collected Dow Jones dataset using Quandl API and Central Bank
of Brazil statistics database.

Figure 10. Dow Jones historic chart

Figure 11. Dow Jones index collection

The starting period the dataset is March of 2013 and ends in November 2018 totaling to
1294 rows of daily Dow Jones index prices [27].

3.1.5

FTSE100

The FTSE 100 index is an index of top 100 companies in terms of market capitalization
on the London Stock Exchange and begun to operate in 1984. It is used widely as a
measure of business and economic growth. It belongs to the FTSE group that owns also
the FTSE 250 index and FTSE All-share Index. The companies that are in FTSE 100
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index must meet some requirements set out by FTSE Group. The data was collected
from March 2013 until November 2018 [27-28].

Figure 12. Collection of FTSE index

3.1.6

Crude Oil

Crude oil is an unprocessed petroleum product from which gasoline, diesel and other
various forms of petrochemicals occur. It is obtained through drilling and is not renewable. Crude oil is very famous among investors and is often called the black gold even
though its actual color varies from yellow to black depending on its composition. There
are two types of oil contracts. The spot contracts that reflect the current market price of
crude oil and the futures contract that represent a future price that investors will want to
pay at a specific day. Many economists tried to forecast crude oil price which are, however, volatile and depend on various factors. Crude oil price is encompassed in or project as we believe it shares a lot of similarities with Bitcoin market and characteristics.
The dataset we collected from Quandl contained crude oil prices from 02/01/2003 until
26/09/2018 totaling to 4050 rows. Crude oil market’s operation days are weekdays like
other financial markets [29].

Figure 13. Crude oil historic chart
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3.2 Blockchain related datasets
3.2.1

Hash rate

Hash is the product of a hash function and Hash rate is the computation speed in which
a mining machine operates. The blockchain architecture consists of several blocks that
are like mathematical puzzles. A miner and a mining machine must do several guesses
per second in order to solve the function.
The metric of Hash rate is hashes per second (h/s). Every time Bitcoin network’s difficulty increases the hash rate increases as well and so the miner earns more Bitcoin as a
prize

Figure 14. Hash rate historic chart

For our project we retrieved hash rate data from Blockchain.com. Blockchain.com is a
site providing a wallet for Bitcoin and other cryptocurrencies transactions. Furthermore,
there are available several Bitcoin blockchain related data like hash rate in our case.
The dataset starts from September 2016 and ends on September of 2018. The total
amount of rows are 489 with daily hash rate data [30].

Figure 15. Hash rate collection
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3.2.2

Number of unique addresses

It’s the number of unique addresses that make Bitcoin transactions per day. The data we
collected start from September 2016 and end in September 2018.Our source was Blockchain.com [31].

Figure 16. Number of Unique Addresses used historic chart

3.2.3

Average block size

A block in blockchain is a set of data. In Bitcoin’s blockchain, that data are mostly
transactions. There is an explicit block size limit of 1MB introduced by Satoshi Nakamoto in 2010.This limit is under a lot of criticism because it slows down the network
and causes higher transactions fees.

Figure 17. Average block size chart
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The dataset was once again collected from Blockchain.com for the time period of September 2016 until September 2018 [32].

3.2.4

Average number of transactions per block

It is the number of transactions that a bitcoin blockchain block contains. As it was mentioned before the block’s size is 1MB. In late 2017 when the Bitcoin market was in its
peak the number of transactions per block was at the highest levels with approximately
2,500 transactions ‘packed’ in a block. After that period the average number was gradually returned to normal with the average number to vary between 1,800 and 1,000 transactions.Blockchain.com was our source for a two years daily dataset [33].

Figure 18. Average Number of Transactions per block chart

3.2.5

Miners revenue

It is the total value of coinbase block rewards and transaction fees paid to miners.
The block reward is the prize that miners receive by successfully generating a new
bitcoin blockchain block. Initially the block reward was 50 BTC until the block number
210.000, where the price reduced in the half. In general, after 210.000 created blocks
the price halves. The average time of mining a block is 10 minutes. Thus, 144 blocks
are mined per day and consequently 210.000 blocks are mined approximately per 4
years. Right now, the block reward is at 12.5 Bitcoins and is expected to halve at 2021.
Transactions fees are the fees sent with the transactions that were included in a new
generated block. They are usually chosen by the user depending on how fast he or she
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would like to obtain the first confirmation for a typical transaction. As mentioned, the
transaction fee affects only the time for the first confirmation. However, the validation
of a transaction may need up to 6 confirmations to complete.
Block reward and transaction fees consist the prior financial incentive for miners to continue validating blocks and spending huge computational power. Block reward represents approximately 99% of miners’ revenue with the rest 1% belonging to transaction
fees. Blockchain.com was our source for miners’ revenue dataset for the time period of
September 2016 until September 2018 [34].

Figure 19. Miners Revenue chart

3.3 Twitter dataset
Twitter dataset was collected via Tweepy python library during September
2018.Because of the limitations of Twitter regarding the scraping of tweets we had to
activate our python script every week to collect previous week tweets related to Bitcoin.
The words "bitcoin", "BTC", "#bitcoin" were used for filtering in our script so as to get
as related to Bitcoin as possible tweets. Four CSV files were created after this procedure
containing 237.916 tweets. After dropping the duplicates and some further filtering
128.352 tweets remained in our database. This dataset included tweets per minute and
more transformations (that are described in next chapters) were done in order to use it in
our experiments.
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Figure 20. Twitter data collecion example

3.4 Algorithms/Methods
3.4.1

Scikit learn

It is an open source Python machine learning library.It’s origin goes back in 2007 when
during a Google Summer of Code, David Cournapeau implemented it as a project.The
name Scikit learn stands for Scipy Toolkit as it was designed to interoperate with the
python numerical and scientific libraries NumPy and SciPy.It contains various
classification, regression and clustering algorithms from Support vector machines and
K-means to Multi layer Perceptron [35].

3.4.2

Gradient Boosting

The inception of boosting came out of the idea of whether a weak learner can be
modified to become better. Boosting algorithms were copied in a statistical framework
which were developed by the passage of time, eventually called Gradient Boosting
Machines. The statistical framework cast boosting as a numerical optimization problem
where the objective is to minimize the loss of the model by adding weak learners using
a gradient descent like procedure. This class of models were described as a stage-wise
additive model. This is because one new weak learner is added at a time and existing
weak learners in the model are frozen and left untouched [36].
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As mentioned above, the centra idea behind boosting is that it combines weak lerners
into a single strong learner.

3.4.3

XGBoost Classifier

Its name stands for eXtreme Gradient Boosting, it was developed by Tianqi Chen and
now is part of a wider collection of open-source libraries developed by the Distributed
Machine Learning Community (DMLC). XGBoost is a scalable and accurate
implementation of gradient boosting machines and it has proven to push the limits of
computing power for boosted trees algorithms as it was built and developed for the sole
purpose of model performance and computational speed. Specifically, it was engineered
to exploit every bit of memory and hardware resources for tree boosting algorithms. The
implementation of XGBoost offers several advanced features for model tuning,
computing environments and algorithm enhancement. It is capable of performing the
three main forms of gradient boosting (Gradient Boosting (GB), Stochastic GB and
Regularized GB) and it is robust enough to support fine tuning and addition of
regularization parameters. According to Tianqi Chen, the latter is what makes it
superior and different to other libraries [37].

3.4.4

Support Vector Machines

SVMs are supervised machine learning models used for classification and regression
problems. Given a set of training examples, each marked as belonging to one or the other of two categories, an SVM training algorithm builds a model that assigns new examples to one category or the other, making it a non-probabilistic binary linear classifier.
The key point in them is the Hyperplane that separates the two classes in the ndimensional space (where n is the number of features). The distance of the closest pattern x to the Hyperplane is called margin and plays important role in the classification
task. To find the best hyperplane, in other words the one who classifies more accurate,
the margin must be maximized. Nevertheless, the first criterion for the best Hyperplane
is the correct classification and after comes the higher margin [38].
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Figure 21. A is the best hyperplane

In the above image, A is the best Hyperplane because classifies all patterns correctly.

Figure 22. SVM hyperplanes

In the above case where all hyperplanes classify correctly the patterns, the higher margin is the evaluation criterion. Thus, C is the best Hyperplane.
The advantages of SVMs are:
•

high effectiveness in high dimensional spaces.

•

good in generalization.

•

good at various problems. Kernels can be specified as decision function.

The disadvantages:
•

if the number of features is much greater than the number of samples the right
selection of kernel and hyperparameters is crucial to avoid overfitting.

•
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they are shallow learning models.

3.4.5

K-Nearest Neighbor

K – Nearest Neighbor (KNN) algorithm can be used for both classification and regression problems. It is one of the most common and used learning algorithms because of its
easy interpretation and good predicting power. The way is working is very simple and is
described below. From a collection of data which are separated to different classes the
KNN algorithm tries to classify correctly a new data point. Feature similarity (e.g. distance functions) plays major role in KNN algorithm.
A new point is classified by a majority vote of its neighbors. In other words, the new
point is assigned to the class that is most common among the neighbors. In case of classification Hamming distance is used as similarity measure whereas on regression problems Euclidean, Manhattan or Minkowski distance functions are used [39] .

Figure 23. Distance functions
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Figure 24. KNN procedure

In the above figure, a case where 3 neighbors surrounding our new data point is shown.
Among the 3 neighbors 2 of them are blue and one are orange. Hence, by majority voting the new data point is classified as blue.

3.4.6

Neural Networks

Artificial Neural Networks (ANNs) are computing systems inspired by the biological
neural networks. An ANN is based on a collection of connected nodes called neurons.
In common ANN implementations, the signal at a connection between artificial neurons
is a real number, and the output of each artificial neuron is computed by some nonlinear function of the sum of its inputs. ANNs were first introduced by Warren McCulloch and Walter Pitts in 1943 but it was not until late 90s where scientist overcame the
vanishing gradient problem and gave birth to deep ANNs [40].

Figure 25. A two hidden layer NN
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A multi-layer perceptron (MLP) or ‘vanilla neural network’ is one of the simplest forms
of ANNs. It consists of at least three layers of nodes which are an input layer, a hidden
layer and an output layer. Each node acts like a neuron and contains a nonlinear activation function. For the training process Backpropagation is used. Backpropagation is a
method that calculates a gradient that is necessary for the weights of the network.
In financial time series forecasting problems it is often used a special type of Neural
Networks, the Recurrent Neural Networks (RNNs). It is the first algorithm that remembers its input due to internal memory and is a state of the art at processing sequential
data. An RNN is a class of neural network where the nodes are connected and form a
directed graph along a sequence.
So, the value of unit 𝑖 depends on the values of the other units while the values of the
other units also depend on the value of unit 𝑖.

Figure 26. Simple RNN

The architecture and the mathematics behind the RNNs are the following:

Figure 27. Simple RNN with weights
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3.5 Feature engineering
3.5.1

Financial/Macroeconomic features

As explained above, one part of our experiments contains financial characteristics that
we want to examine whether affect Bitcoin’s price and fluctuation.
These are:
1. Gold price
2. Dow Jones index price
3. FTSE 100 index price
4. Euro/Dollar exchange rate
5. Crude Oil

3.5.2

Bitcoin features

The Bitcoin features we used for our experiments are these that are related closely to
Bitcoins price. The OHLC values are the ones used in every paper in the literature and
contain many information about Bitcoin’s trend and movements.
More specifically, as mentioned in 3.1 chapter the OHLC prices stand for the Open value that is the price of bitcoin in the beginning of the day, the High value which is the
highest value in the day, the Low value which is the lowest and the Close price that is
the price in the end of the day. In addition to them we used the Volume of Bitcoins
transactions in the last 24 hours and the Market cap of Bitcoin. Finally, we created
manually 4 more features related to Bitcoin prices which are:
•

HLPCT that stands for ‘High-Low Percentage’ and is the Highest price minus
the lowest price divided by the lowest price
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•

PCT that is the percentage change between the Close and the Open value

•

A one day back shift of Bitcoin’s Closing value

•

A two days back shift of Bitcoin’s Closing value

3.5.3

Blockchain features

Blockchain information consist a major influence factor of Bitcoin price thank to the
direct relationship with the supply and demand of Bitcoin in the currency market.
So, the Blockchain features we added to our experiments are:
•

The Hash rate

•

The Average number of transactions per block

•

The average block size

•

The number of unique addresses

•

Miners revenue

3.5.4

Sentiment features

In our project we tried to investigate the correlation between Twitter posts sentiment
and the price of Bitcoin. In the web there are various lexicons available that are able to
provide sentiment scores to sentences taking under consideration words, symbols and
other part of speech that affect the meaning of a sentence. In our case, we used Vader
lexicon. Vader (Valence Aware Dictionary and sEntiment Reasoner) is a lexicon and
rule-based sentiment analysis tool that is specifically tuned to sentiments expressed in
social media, and works well on texts from other domains [41].
VADER produces four sentiment metrics. The first three, positive, neutral and negative, represent the proportion of the text that falls into those categories. The final metric,
the compound score, is the sum of all of the lexicon ratings which have been standardized to range between -1 and 1.
Sentiment metric

Value

Positive

0.35

Neutral

0.45

Negative

0.00

Compound

0.59

Table 13. An example of VADER scores

-37-

The compound score that corresponds to every tweet is the feature we used in our
sentiment analysis part of our project.

3.6 Evaluation Metrics
As mentioned above, our project is divided in two parts. A regression analysis part
where we try to predict the exact closing price of the next closing day and a classification task where our goal is to predict the right next day direction of the Bitcoins closing
price. Various experiments and algorithms were implemented assisted by different kind
of features. To evaluate their performance, we used already established evaluation metrics that are used widely by machine learning community for time series forecast problems.

3.6.1

Mean Squared Error (MSE) / Root Mean Squared Error
(RMSE)

The RMSE is the square root of the mean squared error score and transforms back to the
original units of the prediction the squared ones. MSE is calculated as the average of the
squared forecast error values. Squaring the forecast error values forces them to be positive. The effect of larger errors become more pronounced than smaller errors, hence the
model can focus more on the larger errors [42].

The RMSE is measured in the original units and ranges always between 0 and 1. An error of zero indicates no error.
To create the RMSE evaluation metric Scikit learn was employed.
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3.6.2

Mean Absolute Percentage Error (MAPE)

The MAPE is the value of Mean absolute error (MAE) transformed in percentage indices. MAE is calculated as the average of the difference between the true values and the
predicted values. As a metric it examines how far the predictions are from the original
value [43]. Mathematically MAE and MAPE are represented as:

Again, Scikit learn assisted us in our effort providing us with the function of MAE [44].

from sklearn.metrics import mean_absolute_error
y_true = [3, -0.5, 2, 7]
y_pred = [2.5, 0.0, 2, 8]
mean_absolute_error(y_true, y_pred)
y_true = [[0.5, 1], [-1, 1], [7, -6]]
y_pred = [[0, 2], [-1, 2], [8, -5]]
mean_absolute_error(y_true, y_pred)
mean_absolute_error(y_true, y_pred, multioutput='raw_values')
mean_absolute_error(y_true, y_pred, multioutput=[0.3, 0.7])

Figure 28. MAE example script

3.6.3

Classification Accuracy

The previous two metrics were used to evaluate the regression performance of our project. In the classification problem Classification Accuracy was our key metric.
Classification Accuracy is the ratio of the number of correct predictions divided by the
total number of predicted values.
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In order to have meaningful results, the dataset that is used need to be balanced. In other
words, there should be equal number of instances in both classes. An accuracy of 98%
in an unbalanced dataset, where 98% of the samples belong to class A and 2% belongs
to class B, gives a fake result and a false sense of high accuracy of the algorithm. That’s
why classification accuracy is avoided in problems where the cost of misclassification is
very high [45].

3.7 Data preprocessing
In every machine learning problem, the preparation of the data occupies 70% approximately of the entire time of the project. The detection and the correction of invalid and
corrupted data are vital practices that need to be done in order to have a meaningful result. The objective is to structure the data to facilitate the analysis that is set out to perform. In general data needs to pass some quality criteria to be considered as high quality. Those are:
• Validity
• Accuracy
• Completeness
• Consistency
• Uniformity
A dataset should be consistent with all the other datasets in the problem. Many algorithms don’t work with varying scales, so a rescaling or normalizing is needed. In other
cases, there is a need to binarize data in order to transform a problem from regression to
classification.
In our first experiment, all time series were reshaped in order to be merged and align.
Also, nan and zero values were dropped as well as some extreme and inconsistent prices. In Addition, weekends were removed from the dataset because of the lack of operation hours in some financial markets. Finally, data were scaled and standardized in order
to be used in Neural Networks and Support Vector Machines models.
In our second experiment, the blockchain information needed some little transformations to reach the appropriate condition for a deployment in machine learning mod-
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els. Here again, nan and zero values were dropped. Changes in indexing also occurred
in order to have the same times taps and format in all the blockchain related time series.
At last, Neural Network models and SVMs also required the normalization and standardization of the dataset.
Finally, the Twitter dataset needed the most thorough and demanding preparation and
cleansing. Tweets contained a lot of noise and unnecessary information that could probably affect negative our semantic lexicon, thus natural language technics were employed to exclude symbols (except of ‘#’ which may contain crucial information about
the tweet’s sentiment) and URL’s from our dataset. Afterwards, various resamples occurred to adjust the dataset to a specific time interval. The tweets were gathered per minute so after the assignment of the compound score in every tweet, a daily, an hourly
and a 6-hours dataset were created containing the mean compound score of the tweets.
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4 Implementation and results
In the chapter below, we describe the steps followed to tackle our problems depending
on the features we used.

4.1 One – day ahead prediction with macroeconomic factors
In our study we tried to diversify from the literature and to include several macroeconomic factors that we believe affect Bitcoin’s price. There are papers that dealt with
macroeconomic factors, with success or not, keeping the field blurry and open for further research. As mentioned in the Feature engineering part there are 5 macroeconomic
time series, we used to assist our experiments and are the Gold’s price, the Dow jones
index price, the FTSE 100 index price and Euro/Dollar exchange rate.
Quandl API was our main data supplier and saved us much valuable time. This API
provides mostly financial data to the community for free or with some premium subscription. It sources data from over 500 publisher and helps professionals and academics
to their investments and researches projects. Python, R, MATLAB and various other
programming languages are the tools that can access Quandl’s API and take advantage
of the valuable datasets it contains. The datasets found in Quandl are all cleaned and
ready for machine learning projects with only few corrections needed. Thus, our main
problem was to synchronize and coordinate those different time series and make a one
uniform dataset consisting of 12 unique time series.
The first obstacle was the different working ours of the financial markets. Bitcoin market is open 24 hours per day 7 days per week in contrast with London stock exchange
that operates the FTSE 100 index which works only from Monday to Friday. To overcome this issue, we decided to exclude weekends from our analysis. A possible solution
would probably be to assign some mean or zero prices to weekends but research show
that because of the big fluctuations of Bitcoin’s price this might have negative impact to
our experiments.
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Initially, Bitcoin’s related price consisted of 2020 rows from 28/04/2013 to 09/11/2018.
After the merging with the macroeconomic time series the rows of our uniformed dataset reduced to 1167 from 27/12/2013 to 26/09/2018.

Initial rows

2020

28/04/2013 to 09/11/2018

Final rows

1167

27/12/2013 to 26/09/2018

Table 14. Initial and final dataset

Furthermore, all nan and zero values were dropped and many transformations to the
timestamps were applied in order to have perfect time synchronization. All time series
have as time the 00:00:00 and the date format is YYYY-MM-DD.

Figure 29. Snapshot of features

After the cleansing and preparation process of the dataset, Correlation coefficient was
found to understand the relationship among our features and extract valuable insights.

Figure 30. Correlation of features (1)

-44-

Figure 31. Correlation of features (2)

The correlation matrix above is based on Pearson’s correlation coefficient and indicates
in what extent two variables are linearly related. The Next day Close price is almost linearly related with the other Bitcoin prices. As far for the macroeconomic factors, the
correlation coefficient between Next day Close price and Euro/Dollar exchange rate is
very high while with FTSE100 and Gold price is significantly lower.

4.1.1

Training and testing process

From the total 1167 rows, we decided to train our models with 1067 rows and keep the
last 100 rows for the test set. Traditional cross validation was avoided because of the
characteristics of the time series. Temporal dependencies are very important in time series analysis and data must be carefully split in order to avert data leakage.
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4.1.2

Extra Trees

Extra trees regressor was the first algorithm we used. On average after 10 times of repetition the RMSE score for Extra trees regressor was 510 whereas the MAPE score was
7.34%.

Extra Trees

RSME

MAPE

510

7.34%

Table 15. Extra trees evaluation

Figure 32. Predicted and true values – Extra trees

4.1.3

Gradient Boosting

Gradient Boosting regressor was the second algorithm that putted under implementation. After a time expensive Grid Search CV, the model opted out the best RMSE which
was 386.02 and MAPE 12.20%. Hyperparameters are essential for this kind of models.
A brief explanation of the vital hyperparameters is given below.
Max features:
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•

The necessary number of features to achieve the best split.

•

Usually the half number of the features is the optimal value.

•

Overfitting can be caused if a big value is chosen.

Learning rate
•

The impact of each tree on the result. GBM works by starting with an initial estimate which is updated using the output of each tree. The learning parameter
controls the magnitude of this change in the estimates.

•

Robustness and generalization are achieved with lower values.

•

Lower values cause higher computational time.

Number of estimators
•

The number of sequential trees to be modeled.

The best combination of hyperparameters for the model were: max features = 12, learning rate = 0.02 and number of estimators = 1000. The best MAPE was achieved with
max features = 5, learning rate = 0.1, number of estimators = 800 and its value was
4.96%.

Gradient boosting Regressor

RMSE

MAPE

Best RMSE model

386.02

12.20%

Best MAPE model

432.24

4.96%

Table 16. Evaluation of gradient boosting

Figure 33. Predicted and true values – Gradient boosting
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4.1.4

XGBoost

XGBoost that came next is an advanced implementation of Gradient Boosting. Grid
Search CV was used again to discover the best hyperparameters of the model. It is easy
to build a XGBoost model but to achieve the best results hyperparameters tuning is necessary.XGboost regressor with tuned hyperparameters achieved RMSE 406.17 and
MAPE 13.19%. The best hyperparameteres combination was learning_rate = 0.1,
max_depth= 4 and n_estimators= 800

XGBoost

RSME

MAPE

406.17

13.19%

Table 17. Evaluation of XGBoost

Figure 34. Predicted and true values – XGBoost

4.1.5

K-Nearest Neighbors (KNN)

K- Nearest Neighbors (KNN) best results were achieved with k = 10 and were:

KNN

RSME

MAPE

433.87

13.17%

Table 18. Evaluation of KNN
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Figure 35. Predicted and true values - KNN

4.1.6

Support Vector Machines (SVM)

Support vector machines followed in our experiment. Its results after a Grid search CV
were:

SVM

RMSE

MAPE

2480.75

32.31%

Table 19. Evaluation of SVM

4.1.7

Comparison

Overall, Gradient Boosting Regressor was the best model to predict the next day closing
value in terms of RMSE and MAPE among all the algorithms trained.
Best RMSE

Best MAPE

Gradient Boosting

386.02

4.96%

XGBoost

406.17

13.19%

Extra Trees

510

7.34%

Support Vector Machines

2480.75

32.31%

K- Nearest Neighbors

433.87

13.17%

Tableau 20. Comparison of models based on RMSE and MAPE
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Classification part – one day ahead prediction of direction
Apart from the exact value, our experiments took under consideration the direction of
the next day’s closing price. In other words, if the price will go ‘up’ or will go down.
This is a characteristic of major importance and draw investors’ attention as they want
to capitalize their money in Cryptocurrency market.
To achieve the transformation of the regression problem to a classification problem we
proceed to some transformation to our dataset. A new column named ‘Direction’ was
added and represents the movement of the price. More specifically if the subtraction of
the Next day closing value and Close value is a positive (so we have an increase in next
day price), the number ‘1’ is assigned to the column cell. Otherwise, ‘0’ value is assigned. The case where there is no movement in the price among days does not occur in
our dataset, so we avoided a third class.
Extra trees classifier with tuned hyperparameters achieved 55.68% accuracy score after
a grid search CV. Gradient Boosting classifier did very well with 62.74% best accuracy
score. XGBoost classifier gave as a result of 58.89% accuracy. MLP accuracy was
56.86% and SVM disappointed us with no score passing the 50%.

Accuracy
Gradient Boosting

62.74%

XGBoost

58.89%

Extra trees

55.68%

SVM

50%

MLP

56.86%
Tableau 21. Comparison based on accuracy
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4.2 One day ahead prediction with blockchain information.
Blockchain information was the other factor that draw our attention in terms of how affect bitcoin’s price. Blockchain is a company that provides crypto-wallets and support
crypto investors all around the world. It’s site, www.Blockchain.com, was our main
source for blockchain related datasets.
Hash rate, miner’s revenue, average block size, transactions per block and the number
of unique addresses were the blockchain information used as our dataset in combination
with the macroeconomic factors. The time period was from 12/05/2016 until
26/09/2018.

4.2.1

Training and Testing process

The Pearson correlation matrix for the blockchain features is presented below.

Figure 36. Correlation matrix

As shown, miners revenue has very high correlation with Next day close price whereas
the number of transactions per block showed negative correlation.
Gradient Boosting algorithm achieved RMSE 311.42 and MAPE score 11.73%.

Gradient Boosting

RMSE

MAPE

311.42

11.73%

Table 22. Evaluation of GB with blockchain informations
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Figure 37. True and predicted values – GB with blockchain informations

Next, Extra trees algorithm performed well achieving RMSE 323.99 and MAPE
3.88%.

Extra Trees

RMSE

MAPE

323..99

3.88%

Tableau 23. Evaluation of extra trees with blockchain informations

Figure 38. True and predicted of Extra Trees with blockchain information
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KNN algorithm ‘s results were:

KNN

RMSE

MAPE

433.21

5.52%

Table 24. Evaluation of KNN with blockchain information

Figure 39. True and predicted of KNN with blockchain informations

Finally, XGBoost method did very well in terms of prediction with RMSE 316.28 and
MAPE 3.54%.

XGBoost

RSME

MAPE

316.28

3.54%

Table 25. Evaluation of XGBoost with blockchain information
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Figure 40. True and predicted values of XGB with blockchain information

Overall results.
RMSE

MAPE

Gradient Boosting

311.42

11.73%

XGBoost

316.28

3.54%

KNN

433.21

5.52%

Extra Trees

323.99

3.88%

Table 26. Overall comparison based on RMSE and MAPE with blockchain information

4.3 Prediction with Twitter sentiment analysis.
The last part of our project was about the examination of how Twitter posts affect
Bitcoin’s price. Social media, laws and politics play important role in the movement of
financial markets and triggered our curiosity about the affection to cryptocurrency domain.
The time intervals chosen for the prediction task were one day ahead prediction and six
hours ahead. For the one day ahead, task we had a total sum of 28 days for which we
used the 23 as training set and the rest 5 as test set. In the 6-hours ahead prediction the
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rows had been multiplied by 4 totaling to 113 rows. Thus, the training set consisted of
93 rows and the test set of 20.

Tweets

Training set

Test set

One day ahead

23

5

6-hours ahead

93

20

1-hour ahead

600

82

Table 27. Training and testing sets based on time intervals

4.3.1

Training and testing process

The preprocessing of twitter dataset was rigorous and consistent. Data has been
resampled to 1 day and 6 hours values with the assist of Python programming language. The compound score from Vader Lexicon was the only feature used to train
our model and has been resampled as well to meet our problem requirements.
More specifically, we found the mean score for the daily Twitter compound scores
and the same happened for the 6-hours’ time interval.
Gradient boosting and Extra trees methods were the two best performers in our previous experiments, so we insisted on them to help us with the sentiment analysis.

4.3.2

One day ahead

In the one day ahead prediction Gradient Boosting algorithm performed well with an
accuracy reaching 60% in average after 10 iterations. Extra trees algorithm achieved the
same score something that is explained partially because of the small size of our set.

One day ahead

Gradient Boosting

Extra Trees

Accuracy

60%

60%

Table 28. Comparison of models on one day ahead prediction
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4.3.3

Six-hours ahead

Here our dataset was significantly larger something that gave us the chance for better
conclusions. The Extra Trees classifier showed some better performance reaching sometimes 70% accuracy to its predictions. Hence, the mean score of its predictions after 10
iterations was 65%. Gradient Boosting stayed lower to the same levels of the one day
ahead predictions achieving 60% accuracy after 10 iterations.

Six-hours ahead

Gradient Boosting

Extra Trees

Accuracy

60%

65%

Table 29. Comparison on six hours ahead prediction

4.3.4

1- hour ahead

The results here were not very promising even though the dataset was significantly larger. It seems that the models used were unable to catch the differences in the sentiment
movements for this little time period of one hour. Gradient Boosting model achieved
53.85% accuracy and Extra Trees 52.45% which are score below the random prediction
threshold.

1-hour ahead

Gradient Boosting

Extra Trees

Accuracy

53.85%

52.45%

Table 30. Comparison of models on one hour ahead prediction
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5 Evaluation and conclusions
5.1 Summary
This work presented an application of machine learning models trying to make one day
ahead predictions of Bitcoin’s closing price. Several algorithms were used and gave interesting results. The project is divided in 3 parts: The first on where macroeconomic
factors were used as features of the model, the second where blockchain information
was added in the features list and the third where a Twitter sentiment analysis was implemented in Twitter posts and use a sentiment score as factor for forecasting Bitcoin’s
price. Gradient Boosting algorithm, Extra trees, XGBoost, K-Nearest Neighbors, Support Vector machines and Multi-Layer perceptron have been utilized with Gradient
Boosting surpassing all of them in almost all cases. On the regression analysis part
where the purpose was to forecast the exact value the models performed generally well
with many cases where the predictions were very close to actual values and a small percent where actual and predicted prices differed a lot. In classification part, things were
much more difficult. All models struggled to predict the right direction with high accuracy and 65% score was our best result. The same problem also occurred in the literature were almost all cases failed to achieve high accuracies and ranged between 55%
and 70%.

5.2 Problems
The biggest challenge we faced was the small size of our datasets. Bitcoin and Blockchain is an emerging technology counting only 8 years in existence. Thus, our dataset
was not big enough to extract better conclusions and investigate trends and patterns over
time. Furthermore, the nature of Bitcoin and the big volatility render it almost unpredictable. Nevertheless, our methods showed some promising results. Also, comparison
with previous related works was difficult because every author used a dataset from different time periods. As mentioned before, Bitcoins price was very smooth the first years
of its existence but suddenly in early 2017 it gained more popularity, something that
rocketed its price and caused much speculation and unpredictability. Government laws
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and politics, hackers, malware and cyber-attacks, social media and fake news all affect
Bitcoins price and are very difficult to be measured and used as features in machine
learning models. Our sentiment analysis approach tried to catch some of these characteristics, but Twitter is very generic platform and irrelevant with cryptocurrency markets despite the big hype and amount of Bitcoin related tweets.

5.3 Future work
Current work focused on Next day closing price and direction prediction and on some
hourly predictions in our sentiment part. For the first part, on the regression and classification tasks it could be possible to discover features that affect much more Bitcoin’s
behavior and put them in machine learning models. Deep learning methods were avoided because of the small dataset and the previous works that didn’t present significantly
higher results. However, it could be used alongside with some new method to achieve
better forecasting outcomes. In sentiment analysis case, much more work could be done.
Firstly, the need of a very big dataset consisting of posts, news, opinions is a nonnegotiable condition. StockTwits for example is a fascinating source of financial related
posts and would be a great help for such problems although payment is needed to access
its data. In addition, a more financial targeted lexicon should be used to catch all the
necessary and most used financial words and assign them the right sentiment score.
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