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ABSTRACT

BITCOIN PRICE PREDICTION USING DEEP LEARNING

Xhixho, Klea
M.Sc., Department of Computer Engineering

Supervisor: Prof. Dr Dimitrios Karras

Bitcoin is a sort of computerized cash in which a record of exchanges is kept up and
new units of cash are produced by the computational arrangement of scientific issues, and
which works autonomously of a central bank. The price of a bitcoin is equal to 7000 USD and
is growing more day by day. Since this is not a low price, approximately 10 million people
are investing on it. This would be exceptionally curiously for investors to figure the Bitcoin
esteem but the same time making it troublesome to predict. This study centers on predicting
daily Bitcoin prices using some models (MLP, LSTM, CNN, GRU, ARIMA) of deep learning.
In each of these models we will interpret the train and test loss, mean squared error, the
performance in time and in the end predicted prices. After interpreting all this, we will
compare all these results between different models.

Keywords: Bitcoin, machine learning, LSTM, CNN, GRU, RMSE, MLP, ARIMA



ABSTRAKT

PARASHIKIMI | CMIMIT TE BITCOIN DUKE PERDORUR DEEP
LEARNING

Xhixho, Klea
Master Shkencor, Departamenti i Inxhinierisé Kompjuterike

Udhéhegési: Prof. Dr Dimitrios Karras

Bitcoin éshté njé monedhé virtuale e cila funksionon né ményré autonome nga banka
géndrore. Cmimi i njé bitcoin éshté i barabarté me 7000 USD dhe po rritet mé shumé nga dita
né dité. Megenése ky nuk éshté njé cmim i ulét, rreth 10 milion njeréz jané duke investuar né
té. Ata jané té interesuar né parashikimin e gmimit ditor té njé bitcoin por kjo éshté béré disi
e véshtiré pée tu realizuar. Pér kété arsye ky studim pérgendrohet né parashikimin e gmimeve
ditore té Bitcoin duke pérdorur disa modele té Deep Learning (MLP, LSTM, CNN, GRU,
ARIMA). Né secilin prej kétyre modeleve ne do té interpretojmé humbjen gé do té pésojé
¢cmimi gjaté proceseve té trajnimit dhe testimit, gabimet e béra gjaté parashikimit,
performancén né kohé dhe né fund ¢mimet e parashikuara. Pas interpretimit té gjithé késaj, ne

do t'i krahasojmeé té gjitha kéto rezultate midis modeleve té ndryshme.

Fjalét Kyge: Bitcoin, LSTM, CNN, GRU, RMSE, MLP, ARIMA



ACKNOWLEDGEMENTS

I would like to express my special thanks to my supervisor Prof. Dr. Dimitrios
Karras for his continuous guidance, encouragement, motivation, and support during
all the stages of my thesis. | sincerely appreciate the time and effort he has spent to

improve my experience during my graduate years.

Vi



TABLE OF CONTENS

ABSTRACT ..ottt ettt s et e ettt re et s v
ABSTRAKT Lottt ettt bt e e b et e e et et e nte s be e neeneeneene et e nens \
ACKNOWLEDGEMENTS ..ottt VI
LIST OF FIGURES ..ottt bbb X
LIST OF ABBREVIATIONS.......oo ittt Xl
CHAPTER 1 ...ttt bbb bt 1
INTRODUCTION ....ooiiiiiiiieiieiieie ettt bbb 1
1.1 RESEARCH BACKGROUND ......utitiitieiieieie sttt sttt sttt 1
1.1.1 A brief history about BitCOIN .........cccocoviiiiiieeiecse e 1
1.1.2 The creation 0f BItCOINS........ccciveieriiiiieie s 2
1.1.3 HOW d0es BitCOIN WOIK?........ccviiiiiieie e 3
1.1.4 What is blockchain and how it WOrkS? ..........ccccevviiiiiieniciecee e, 4
1.1.5 Bitcoin trading platforms ..o, 5
1.1.6 BitCOIN Value and PriCe ........ccooiiiieiiiieiesie s 6
IO A o [ o1 o o OSSPSR 7
1.1.8 DEEP IBAMING ....cuviutiiiieiiti ettt 7

1. How Deep Learning WOIKS? ..........coeeeiiririninieiee s 8

L2 PURPOSE ...ttt ettt bttt et b bttt nbe et e be et e e nne e nns 9
1.3 BOALS .ttt bbbttt bbbt ae e b e aa e te e 10
1.4 RELATED WORK ....ctiiiutiiesitieesitteasitee sttt e sttt st e st e e asbe e e nnb e e nnbe e s nnbe e s nnneeenneeanneas 10
1.4.1 Using Bitcoin Ledger Network Data to Predict the Price of Bitcoin........ 10
1.4.2 Bitcoin Price Prediction Using Ensembles of Neural Networks .............. 11
1.4.3 A Comparative Study of Bitcoin Price Prediction Using Deep Learning 12
1.4.4 Prediction of Bitcoin Price using Data Mining...........ccccoecevvveveiiieinennene. 12
1.4.5 Prediction of Bitcoin using Recurrent Neural Network..............cccccocune.e. 13
1.4.6 Comparative study of Bitcoin price prediction using WaveNets, Recurrent
Neural Networks and other Machine Learning Methods............cccccccvvvviivenenne. 13
1.4.7 Bitcoin Price Prediction with Neural Networks...........c.ccccoevvviininiinnnnn 14
1.4.8 Predicting the price of Bitcoin using Machine Learning............c..ccc...... 14
1.4.9 Bitcoin price prediction using Deep Neural Networks................ccccoveunene. 15
1.4.10 Next-Day Bitcoin Price FOreCast .........ccccovvvieiieiiieiie e 15
CHAPTER 2 ...ttt ettt ettt sttt ene e e s 17
PREPROCESSING ......coiiiiiiiiieie sttt sttt e e e 17
2. DAT ASET .ttt ettt ekttt ettt ekttt h et R e bR e e b e Re e be e nan e beennee s 17
2.2 EXPLORATORY DATA ANALYSIS ..uueiiuiieiieaniiesieeaieesisesseessseessessseesnsesssessnsessseeas 18
2.2.1 Features COrrelation.........ccvoeiierieee e 19

vii



2.2.2 STALIONAITLY ..ot e e sreesre e e e neenne e 21

2.2.3 Autocorrelation and Partial Autocorrelation...........ccoceveieiiniinininniieen, 23

1. AULOCOTTEIALION ... e 23

1.1 Positive and negative autocorrelation ............c.ccoveveiieeneesesiisseeseene 24

1.2 The implications of autocorrelation.............ccccccevvveveiieieese e 24

2. Partial AUtOCOITEIAtION ........oci it 25

2.3 DATA PREPROCESSING ...vouviuviiiiestiaseaseeseeeestestesiesbessesseesesssesssssessessessessesssensenes 26
2.3.1 Relevant dataset .........c.cocveuerieiieie e 27
2.3.2 MISSING VAIUBS ..ottt st ne e 27
2.3.3 Encoding the categorical data...........ccoooeveiiiiiiiiiie e, 27
2.3.4 Splitting the dataset into train and teSt SEtS.......cccvvvvrieereiie e, 27
2.3.5 FEALUIe SEIECTION ...veiiie i 28
CHAPTER 3 ..ottt ettt e et e te s beeneene e e enee e 30
METHODOLOGY ...oiiiicieieee ettt sttt ettt neenaenae e e 30
3.1 WHAT IS A MULTILAYER PERCEPTRON?....ccuttiitiiitiesieesieesieesieesieesteesineaieessnens 30
3.1.1 How does a multilayer perceptron WOrkS?..........cccceoeverenerenenienieeneenen, 30
3.1.2 MLP Regression of Scikit-Learn [13]........cccoovriirimimiiienenenieeeeeeeen, 32

1. PrePrOCESSING .vveuveivieitieieeee st esteste e e te et te e te e st te et e reesteeaeeneesreeeeenes 33

3. 1.3 MLP fOr Keras [L4]....eeceeieiie ettt 33

1. Creating the Training and Test dataset ...........ccccceveevieveiieseese e 34

2. Building the Deep Learning Regression Model.............ccccccvvveiveieiiennenn, 34

3. Predict and Compute Evaluation MEetrics ..........ccccoeevvevieveiieve e, 34

3.2 RECURRENT NEURAL NETWORKS (RNN) .....ccoviiiiiiieiicieceee e 35
3.2.1 Long Short-Term MEMOIY ..........cccvevueiieie et 35
3.2.2 The implementation of LSTM .......cccoiiiiiiii i, 37

1. Creating the Training and Test dataset ...........cccccevvvevieieiieceeie e 37

2. Building the LSTM MOdEL...........cooveiiiiiiiee e 38

3. Predict and Compute Evaluation MEetrics ..........cccccvcevveveiie v, 38

3.3 GATED RECURRENT UNITS . .uttiiutieiuieanieesteeasteesieesteesseesssesssessssesssessnsessssssnsesssenas 38
3.3.1 GRU with recurrent dropout Neural Network ...........ccooevvveniniiniencnnnn, 40

1. Creating the Training and Test dataset ...........ccooevererineienineseeee 40

2. Building the GRU MOGEL.........cccouiiiiiiiieciseseeee s 40

3. Predict and Compute Evaluation MEetrics ..........cceverieervereniieneee e, 41
3.3.2 GRU WIth 2 JQYEIS ...t 41

1. Creating the Training and Test dataset ...........cccovverereneneniniseees 42

2. Building the GRU with two-layers Model............cccooeiiiiiiiiiiicen, 42

3. Predict and Compute Evaluation MEtriCs ..........cccevvvieeneeiesiese e e, 42

3.4 CONVOLUTIONAL NEURAL NETWORK (CNN)....coiiiiiiiiiiieie e 42
3. 4.1 CNIN AICNITECIUIE ...t e 43
3.4.2 CNN implementation [18] ........cccecvieiiiiiiie e 44

1. Creating the Training and Test dataset ..........cccccveviiiiiieiiie e 44

viii



2. Building the CNN MOGEI.........ccoeiieiecieieee e 45

3. Predict and Compute Evaluation MEetrics ..........cccevvveeiveieiieseece e, 45

3.5 TIME SERIES ...ttt stttk b e b ne e 45
3.5.1 TImMe SErES ANAIYSIS ....ccveieiieiieeie e 46
3.5.2 Time Series FOreCastiNg........cccvvereeiieiieie e see et 46
3.5.3 Autoregressive Integrated Moving Average Model (ARIMA) ................ 46

1. Building the ARIMA MOUEL ........c.cooveiiiieiiece e 47

2. Rolling forecast ARIMA MOdel..........cccoooiiiiiiiiieee 48

3. Predict and Compute Evaluation MEetrics ..........cccoveieieninininisicieen, 48
CHAPTER 4 ...ttt ettt nre e nnes 49
SETUP AND ANALYSIS OF THE EXPERIMENTAL STUDY .....ccocevvvviieiee 49
4.1 ARCHITECTURES ...uttteiutetesteeesiteeessteeesiteeessbeeassseesssseesssseesssseesasneesssseessneesnsneens 49
4.1.1 MLP Regression of Scikit-Learn and MLP for Keras ...........c.ccoceeveiennen. 49
4.1.2 Long Short-Term MEMOIY ........cccoeiiririniiisieie et 50
4.1.3 GRU with recurrent dropout Neural Network .............ccocovvvniinienieen, 50
4.1.4 GRU WIth 2 [AYEIS ...c.veieiiiiiieeee e 51
4.1.5 Convolutional Neural Network (CNN).......cccooeieiiieic e, 51

4.2 RUNNING THE EXPERIMENTS ...coutiiutiitiesieeseesieesieese e ste s sieesse e e saesseesseesneens 52
CHAPTER S .. et ne s 53
RESULTS ettt b et et nne s 53
5.1 TRAIN AND TEST LOSS ...vviteeutisueesteeteaseesseessesssessessseesesseesseessessnsssesssesssessesssenns 53
5.2 COMPARISON OF TIME AND MEAN SQUARED ERROR ........coooviieiiiiiiiiieeeeeeeeeeee 57
5.3 COMPARISON OF TRUE PRICES WITH PRICES OUR MODEL PREDICTED................. 58
CHAPTER B .. ettt ne s 62
CONCLUSIONS AND FUTURE WORK ......oiiiiiiiiesiieie e e s 62
5.1 CONCLUSIONS ...ttt ettt ettt ettt sbe et esbe et ense e e b e e s ne e e nneenaneaneennneas 62
6.2 FUTURE WORK .....cutiiitiiiitt ettt ettt ne e s 63
REFERENCES ... oottt ettt 64
APPENDIX A oottt st r e te et nreeteene e neeteaneenreas 66



LIST OF FIGURES

Figure 1. The transaction Of BItCOIN .........ccceeiiiiiiiicii e 4
Figure 2. Binance’s fee StrUCTUIE .......cocviiiiiiiiiiieiiie et 6

Figure 3. Neural Network which are organized in layers consisting of a set of
INEIrCONNECTEA NOUES. ... .eivieiiieieeiie ettt et enes 8

Figure 4. An example for categorizing vehicles using deep learning...........c.cccceevenee. 9

Figure 5. Validation Accuracy of Logistic Regression, SVM, MLP and CNN models

................................................................................................... 11
Figure 6. Total Asset Value OVEr TIME........coiiiiiiiienisieiee e 12
Figure 7. Price Prediction for Bitcoin using Random Forest and LSTM RNN.......... 13
Figure 8. Performance COMPAIISON ..........ccueiiieiienieienie s 15
Figure 9. Sample from the head of the dataset............c.ccoovvvrieiiiiienee, 17
Figure 10. Sample from the tail of the dataset............c.ccoovvvriiiiiiinee, 17
Figure 11. Bitcoin price shape through time...........ccocoviiiiiniiieie e, 19
Figure 12. The correlation between the features and the Bitcoin price ..................... 20
Figure 13. Seasonal deCOMPOSITION ..........cccveiieriiiieie e 23
Figure 14. Positive/Negative correlation ............cccocevveiiiiiiicie e 24
Figure 15. AUOCOITEIALION .........ecviiieie et 25
Figure 16. Partial AUtOCOrTelation ............cceiveiiiic i 26
Figure 17. Feature SEIECLION ........c.ccveie e 29
Figure 18. MLPS @rChiteCLUIE ........ccveiieeiie ittt 31
Figure 19. Training iterations of MLP Keras..........cccccvvvieiiiivieiie e 34
Figure 20. RNIN arChiteCtUIe.........coouveiieeiie it 35
Figure 21. LSTM architeCture........coveiiieiie it 36



Figure 22. Training iterations 0F LSTM .....c.ccooiiiiiiiee e 38
Figure 23. Equations behind @ GRU laYer ...........ccccovveiiiiieiieie e 38
Figure 24. GRU arChiteCtUre..........ccoveiieii e 39
Figure 25. Training iterations 0f GRU..........ccccocviiiiieii e 40
Figure 26. GRU with two-layers architeCture............ccccoveveveeve e 41
Figure 27. Training iterations of GRU with two-layers...........ccccccovveviviviiiennciennn, 42
Figure 28. CNN arChiteCtUre........c.coveiieie e 43
Figure 29. Training iterations 0f CNIN.........cccooiiiiiiiii e, 45
Figure 30. Arima Model RESUIES...........cccooiiiiiiiiee e, 47
Figure 31. Summary of MLP from KEeras..........cccociiiininiiniieie e, 49
Figure 32. Summary of LSTM MOdel...........ccoooiiiiiiiiiiiice e, 50
Figure 33. Summary of GRU MOdel............coooiiiiiiiiiiiicce e, 50
Figure 34. Summary of GRU with two-layers model............cccooevininiiiiiiiceen, 51
Figure 35. Summary of CNN mMOdel...........ccooiiiiiiiiii e, 52
Figure 36. Train and Test Loss during training of a) MLP regression of Scikit-Learn
b) MLP of Keras ¢) LSTM d) GRU recurrent with dropout neural network ) GRU
WIth tWO 1aYers ) CNIN ..o e 56
Figure 37. Mean Squared Error and Time of implementation of each mode............. 57
Figure 38. Predicted price by MLP of Scikit-Learn model ............cc.cccoeveiveiieenen, 58
Figure 39. Predicted price by MLP for Keras model............cccccooveiviviiccicicceen, 59
Figure 40. Predicted price by LSTM MOdel .........coociveiiiiiiieie e 59
Figure 41. Predicted price by GRU with recurrent dropout model...............ccocne.... 60
Figure 42. Predicted price by GRU with two layers model .............cccoviieiieenne, 61
Figure 43. Predicted price by CNN model...........ccooeiiiiiiiii e, 61

Xi



BTC

SVM

MLP

CNN

GASEN

LSTM

ResNet

DNN

RNN

ARIMA

GPU

CPU

NNAR

GRU

RelLU

MSE

LIST OF ABBREVIATIONS

-> Bitcoin Core

-> Support Vector Machine

-> Multilayer Perceptron

—> Convolutional Neural Networks

- Genetic Algorithm based Selective Neural Network Ensemble
- Long Short-Term Memory

—> Residual Neural Network

-> Deep Neural Network

- Recurrent Neural Network

—> Autoregressive Integrated Moving Average
-> Graphics Processing Unit

-> Central Processing Unit

—>Neural Network Autoregression

—> Gated recurrent units

-> Rectified Linear Unit

- Mean Squared Error



CHAPTER 1

INTRODUCTION

The first chapter in the first section describes the research background. In that part |
have talked about the history of Bitcoin, the creation of Bitcoin, how does it work, what is
blockchain and how does it work, Bitcoin value price, Bitcoin trading platforms, prediction
and Deep Learning and how does it work. In the second and third give the purpose and goals
of the thesis, respectively. The fourth section follows up the related work that I took into

consideration when | start working out with this paper.

1.1 Research Background
1.1.1 A brief history about Bitcoin

Milton Friedman, economist, and Nobel laureate had foreseen a digital currency
coming as early as 1999, and the possible impact it would have on the global economy as a
whole. Nearly 10 years later, he saw daylight in his dream. In November 2008, Bitcoin first
came into the world through an article called "Bitcoin: A Peer-to-Peer Electronic Cash
System™ written by Satoshi Nakamoto, under what is considered to be a pseudonym. It reflects
the first digital currency in the world and the first peer-to-peer payment system. It was
probably Introduced as answer to the 2008 financial collapse, and since the end of 2010,
Satoshi himself has not been seen. The network is autonomous so, it is run by its users. It is
opensource, meaning that the software can be downloaded and distributed for any purpose by
everyone. Unlike a typical fiat currency, the aim of Bitcoin was to create a digital currency,
independent of third-party financial institutions' involvement. Instead, transactions between

network users would be direct electronically and instantly.
The network is not directly influenced by monetary policies and political decisions,

thus free from the potential instabilities (such as inflation) that could result from this.

While many say this is the benefit of Bitcoin, others say it is a big downside. Since it

is supposed to be free of political interference, it is likely, for example, that political decisions



affect the demand for bitcoins and ultimately affect the price. Chinese decision, for example,
to bar financial institutions and payment institutions from doing business associated with
bitcoins. Bitcoins are treated as a cryptocurrency. Every bitcoin is divisible to the eighth
decimal and is called one Satoshi. To put it another way, 0.00000001 BTC=1 Satoshi. Since
there is no financial institution, such as a central bank that controls the currency, Bitcoin relies
on customized cryptography to regulate bitcoin creation. While cash is entirely anonymous,
however, Bitcoin transactions are traceable and linked to specific accounts. If one can identify
this account's ownership, one can also see every historic transaction that was made with this

account. A better description would, therefore, be pseudonymous, rather than anonymous.

1.1.2 The creation of Bitcoins
The development process of bitcoins is called mining. Since the network is self-
sustaining, it must fully function on its own and it must be validated by the system each time
a transaction is made before the transaction can be considered complete. The software is coded
to reward those who provide the computer power needed to verify the transactions — the

"miners".

This validation occurs in blocks, where every single block is a set of transactions that

await verification.

The software is designed to successfully add one block to the overall blockchain every
ten minutes. This blockchain is completely critical to remove double-spending and the
falsified bitcoin circulation. Since every transaction is registered and processed, the system
must always be aware of where each bitcoin is. But just mining does not reward you. Only the
miner who does manage to successfully process the block is rewarded by doing so with newly
created bitcoins. This is done by solving a complex math problem, which every two weeks
becomes more difficult. It is like the exploitation of natural resources makes them scarcer and
harder for others to find. As the mathematical problems became more difficult, more advanced
computers were needed to solve them and a "normal” computer is nowadays insufficient for

this, unlike at the beginning.



1.1.3 How does Bitcoin work?

Bitcoin processing methods are incredibly complex, so we are going to try to skim the
surface of that. Each Bitcoin user receives two keys, one private and one public. You may
define the public key (your "Bitcoin address") as your bank account, and the private key as
your bank card reader, enabling you to authenticate an online transaction. In essence, the
public key can be described as a glass deposit box: everyone can see exactly what is inside,

but only the person with the right key (the private key) can use the money inside.

The whole network is a large zero-sum game, so the system is set up to keep track of
all previously made historical transactions (i.e., all historical deposits and withdrawals from
any existing Bitcoin account). In a sense, one does not transfer the bitcoin itself when

transferring a bitcoin, but rather Bitcoin ownership.

It is very similar to money during a gold standard, when gold certificates could be
exchanged multiple times, without affecting the actual gold itself. Money in your bank account
is not actual money either, but there is a confidence that those numbers are actual money. The
money is never seen when transferring funds to someone else, yet the bank registers and keeps
track of the transaction, and therefore the same transaction cannot be made twice. This is how

the Bitcoin network works too.

Bitcoin is visible. All transactions are publicly available, so “everybody is monitoring
everybody” and a transaction is not fully completed unless the whole system agrees on the
transaction. There must be agreement on the exact history of each bitcoin; where it was
previously, and where it is now. Once the transaction is complete it cannot happen again as
the system will react and deny it unanimously. A Network transaction is irreversible, much
like a cash transaction. It is allocated with a combination of many components to make each
transaction unique and non-replicable. This is called hashing, which simply involves creating
a unique code, using the coin's knowledge history (i.e. where it was previously) which adding
it to the new transaction. The system uses a mathematical algorithm to do this, and the next
time the coin is transferred, the new hash will incorporate information from all its old

addresses as well as from the current one.



TRANSACTION RECORD Hash
ALICE > BOB ... Reference to the Hash s
previous transaction  function (unique 1D)

FROM . . .
------- Alice’s signature ) o
- Amount d7a8fbb307d78094
0 > 69ca%abcb0082e4f
I e Bob’s address 8d5651ledbd3cdb76
2d02dObf37c9e592

Figure 1. The transaction of Bitcoin

Since the system is always up-to-date and the latest hash is registered as valid, one can
does not cheat it. Attempting to do this (e.g. by attempting to transfer a bitcoin that has been
transferred before) would result in the machine telling you metaphorically: "This coin is not
legitimate since it is no longer in your possession." If there is an attempt to move the same
funds to two separate accounts concurrently, the network would mark the first one submitted

as "on hold" before it can be added to the blockchain in full.

1.1.4 What is blockchain and how it works?

Money exists to facilitate trade. Through the centuries, trade has ended
up incredibly complex. Everybody exchanges with everybody, worldwide. Trade is recorded
in bookkeeping. This data is regularly confined and closed to the public. That is why,
we utilize third parties and middlemen we trust to encourage and endorse our exchanges.
Think of governments, banks, bookkeepers, notaries, and the paper money in your wallet. We
call these 'Trusted Third Parties. This brings us to the pithof Bitcoin.
Bitcoin’s program empowers an arrangement of computers to keep up collective
bookkeeping through the web. This bookkeeping is public and accessible in
one computerized ledger which is completely distributed over the network. We call this the
Blockchain.Within the Blockchain, all exchanges are logged counting information on the
date, time, members, and amount of every single transaction. Each node within
the arrange claims a full duplicate of the Blockchain. Based on complicated state-of-the-
art numerical principles, the exchanges are confirmed by the so-called Bitcoin Miners,
who keep upthe ledger. The scientific standards also guarantee that these  nodes



automatically and persistently agree about the current state of the record and each exchange
in it.

In case anybody attempts to degenerate an exchange, the nodes will not arrive at a
consensus  and subsequently will deny joining the exchange within  the Blockchain.  So,
each exchange is public, and thousands of nodes collectively agree that an exchange has
occurred on date X at time Y. It is like there is a public accountant display at each transaction.
This way, everybody has access to a shared single source of truth. That is why we
can continuously believe Blockchain. The ledger does not care whether a bitcoin speaks to a
certain quantity of euros or dollars or anything else of esteem or property for that matter. Users

can choose for themselves what a unit of bitcoin represents.

1.1.5 Bitcoin trading platforms
There are many online bitcoin exchanges today. A few major actors such as Binance,
Huobi Global, and Coinbase Pro currently dominate the market, but there are plenty of other

trading platforms available.

In this thesis, | have chosen to explore the platform called Binance. It is Bitcoin 's
largest and fast-growing exchange that has built the largest ecosystem around crypto-powered
finance. Using a debit/credit card, you can buy bitcoin on this platform, then trade it for other
coins. The platform also provides a fully functional mobile app, and this is by far the most
widely used Bitcoin exchange in the world. It has evolved tremendously since its ICO to date
and is now ranked in # 1 in the world's top 10 Bitcoin exchanges. Binance provides the largest
bitcoin marketplace. Being a centralized exchange has taken a unique approach to expand its
business and also gives day traders a decent discount. You need to register using your email
ID to get started with Binance and the process is pretty simple & fast. Binance is offering a
native coin called BNB which is probably the other crypto you could HODL for longer

periods. The fee structure of this platform is special too.


https://coinmarketcap.com/exchanges/binance/

| 1st year |2nd year I 3rd year I 4th year I 5th year

Discount Rate| 50% | 25% ‘ 12.5% | 6.75% no discount

Figure 2. Binance’s fee structure

To begin with, they have a standard trading fee of 0.1 percent that is already quite
smaller than other peers. You will get a 25 percent refund on your trading operation if you

keep the BNB token. This exchange has more benefits, such as:

 Bitcoin saving account: Bitcoin gets interested
» Exchange futures and margins

« Throwing

*  No KYC for every day 2 BTC withdrawal

1.1.6 Bitcoin value and price
A bitcoin is divisible in 100 million units. And each unit is

both independently identifiable and programmable.

This implies that users can assign properties to each unit. Users can program a unit
tospeak toa Eurocent, or a share in a company,a kilowatt-hour of energy, or
a digital certificate of ownership. Because of this, Bitcoin is much more
than essentially cash and payments: A Bitcoin can represent many kinds of property. A
thousand barrels of oil, award credits, or a vote during elections,for example.
According to CoinMarketCap, the esteem of all the bitcoins within the world was $160.4
billion as of March 4, 2020. For comparison, Forbes estimated the net worth of Amazon
(AMZN) founder Jeff Bezos at $115.5 billion. That producesthe market cap of
Bitcoin just over a third bigger than Bezos' fortune. Since this is not a low price,
approximately 10 million people are investing in it. This would be exceptionally curiously for
investors to figure the Bitcoin esteem but at the same time making it troublesome to predict.



1.1.7 Prediction

In reality, no one can predict a cryptocurrency 's future but if we could, we would all
be billionaires. Prices in the world of cryptocurrency are very volatile. This means a coin 's
value will go up or down very quickly, sometimes with no reason as to why. That makes it far
more difficult to predict prices than traditional markets. There are many algorithms used on
stock market data for a price forecast. However, the parameters affecting Bitcoin are different.
Therefore, it is necessary to foretelling the Bitcoin value so that correct investment decisions
can be made. The price of Bitcoin does not depend on the business events or intervening
government authorities, unlike the stock market. Thus, to forecast the value we feel it is

necessary to leverage machine learning technology to predict the price of Bitcoin.

1.1.8 Deep learning
Deep learning [1] is a technique of machine learning, teaching computers to do what
comes naturally to humans: learn by example. It is a key technology behind driverless cars,
enabling them to identify a stop sign or discern a pedestrian from a lamppost. Deep learning
is the secret to voice control in consumer devices such as phones, laptops, televisions, and

hands-free orators.

In deep learning a computer, the model learns directly from images, text, or sound to
perform classification tasks. Deep learning models can achieve cutting-edge precision, often
exceeding output at the human level. Models are trained using a wide collection of labeled

data and architectures of neural networks, which include several layers.

In a word, precision. Deep learning achieves accuracy in identification at levels higher
than ever before. This helps consumer electronics meet user expectations and is critical for
safety-critical applications such as driverless automobiles. Recent advances in deep learning
have improved to the point where deep learning outperforms humans in certain tasks, such as

image classification of objects.



Though deep learning was first theorized in the 1980s, it has only recently become

useful for two key reasons:

1. Deep learning involves large quantities of labeling data. For example, the creation of
driverless cars involves millions of images and thousands of hours of video.

2. Deep learning calls for considerable computing power. High-performance GPUs have
a parallel architecture that is effective for deep learning. Combined with clusters or
cloud computing, this allows development teams to shorten training times from weeks

to hours or less for a deep learning network.

1. How Deep Learning works?

Sometimes we refer to the models of deep learning, like deep neural networks. This is
because most deep learning approaches use neural network architecture. “Deep” is the notion
typically referring to the number of hidden layers within the neural network. The number of
hidden layers covering a traditional network is normally 2-3, although deep networks may be
as high as 150. Deep learning models are trained using large sets of labeled data and
architectures in the neural network that learn features directly from the data without the need

for manual extraction.
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Figure 3. Neural Network which are organized in layers consisting of a set of
interconnected nodes

One of the most popular types of deep neural networks is known as neural convolution
(CNN or ConvNet). A CNN combines learned features with input data and uses 2D



convolution layers to make this architecture suitable for 2D data processing, such as images.
This model removes the need for manual extraction of the element, so you do not have to
recognize the features used to classify images. It operates by directly extracting features from
pictures. The related features are not pre-trained; while the network trains on a set of pictures,

they are taught.

This automated extraction of a feature makes deep learning models highly accurate for
computer vision tasks such as classification of objects. CNN's learn to use tens or hundreds of
hidden layers to detect different features of an image. Each hidden layer increases the
complexity of features learned in the image. For example, the first hidden layer might learn
how to detect edges, and the last one would learn how to detect more complex shapes

specifically tailored to the shape of the object we are trying to recognize.
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Figure 4. An example for categorizing vehicles using deep learning

1.2 Purpose
The main purpose of this thesis is to see the evaluation of Bitcoin price using some
traditional neural networks and some time-series models and later to compare the results of

each model with each other.



1.3 Goals
The goal of this thesis is to be able to implement all models that we can make a straight
comparison between each of them. The main focus of this work is going to be directed

especially in those perspectives:

* Implementing all the neural networks and time series models.

* Being able to find the time and mean squared error for each of them and compare

the conclusion between each-other.

1.4 Related work
1.4.1 Using Bitcoin Ledger Network Data to Predict the Price of

Bitcoin

The first paper that | took into consideration was “Using Bitcoin Ledger Network Data
to Predict the Price of Bitcoin” by John Mern, Spenser Anderson and John Poothokaran. [2]
They have divided this study into two phases. In the first phase, multiple model types are
compared by them for determining the best choice for further optimization. For doing that,
they have used logistic regression and SVMs (support vector machines) and deep-learning
approaches (MLP, CNN). In the second phase, they optimized the training process for the
highest performing model, and they evaluated the final performance of this model. As is
shown in the figure below, they concluded that the CNN model had the best classification
accuracy and also the best regression performance. After they found the highest performing
model they were focused only on that model. They extended through June 2014 the training
set and through December 2014 the test set. In this way, they used June 2014 as the validation
set to perform a hyper-parameter sweep over model training parameters. 59.7% was the
accuracy throughout the entire test set, and during the first month of the test set, the accuracy
was 66.7%. They concluded that the convolutional neural network could generate a predictive

model of Bitcoin price that generalized reasonably well to market conditions.
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Model Validation Accuracy
Logistic Regression 0.653
SVM 0.673
MLP 0.684
CNN 0.967

Figure 5. Validation Accuracy of Logistic Regression, SVM, MLP and CNN models

1.4.2 Bitcoin Price Prediction Using Ensembles of Neural Networks

The second paper that | took into consideration was “Bitcoin Price Prediction Using
Ensembles of Neural Networks”. [3] The relationship between the features of Bitcoin and the
next day change in the price of Bitcoins are the topics that this paper explores. All this thing |
mentioned above is made by using an Artificial Neural Network ensemble approach called the
Genetic Algorithm which is constructed by means of Multi-Layered Perceptron. They have
considered a set of 200 features of the cryptocurrency over a span of 2 years for the Bitcoin
price. For the prediction of the next day direction of the Bitcoin price, they have used the
ensemble. Over a span of 50 days, they also have compared a trading strategy based on the
ensemble with a “previous day trend following” trading strategy. In that comparison, the
trading strategy based on GASEN had a higher value than “the previous day trend following”.
This is shown in the figure below. They also have tested the dataset with the MLP model in
the ensemble. As is shown in the figure below, the MLP model in the ensemble did not perform
as well as the ensemble. They concluded that GASEN was the best for the classification task.
Its accuracy consists of 58% to 63%. And with a simple trading strategy, this percentage will

rise close to 85%.
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Figure 6. Total Asset Value over Time

1.4.3 A Comparative Study of Bitcoin Price Prediction Using Deep
Learning

The third article that | took into consideration was “A Comparative Study of Bitcoin
Price Prediction Using Deep Learning” by [4]. This article was published on 25 September
2019. Authors have used various deep-learning models for predicting Bitcoin prices. Some of
those models are long short-term memory (LSTM), deep residual networks (ResNet), deep
neural network (DNN), convolutional neural networks (CNN), and some combinations from
them. Firstly, they have used regression to predict the future Bitcoin price and after they have
used classification to see if the future price will go up or down. For the first part, the LSTM
was the model that performed higher than others. And for the second one was DNN. Despite
this, they concluded that none of the models was the winner. According to them, all the models

were comparable to each other.

1.4.4 Prediction of Bitcoin Price using Data Mining

The fourth paper that | took into consideration was “Prediction of Bitcoin Price using
Data Mining” by Dharminder Singh Virk [5]. This paper was published by the School of

Computing National College of Ireland. This paper with the mean of data mining predicts the
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accuracy of Bitcoin price. The author has created a new dataset from ten cryptocurrencies
datasets which has a strong correlation with Bitcoin. For finding out the best accuracy he has
used Support Vector Classifier, Neural Network Classifier, Random Forest Classifier, and
Gradient Boost Classifier. And he concluded that the highest accuracy was reached by the
support vector classifier. This paper has used Recurrent Neural Network, Gradient Boosting
Regressor, and Recurrent Neural Network methods in regression. Here, the highest value of

R-squared was reached by Gradient Boosting Regressor.

1.4.5 Prediction of Bitcoin using Recurrent Neural Network

The fifth paper that | took into consideration was “Prediction of Bitcoin using
Recurrent Neural Network™ [6]. This paper has used Random Forest and Long Short-Term
Memory RNN algorithms for Bitcoin price prediction. After that, the author has made a
comparison between these algorithms. This comparison is made by using different sizes and
amounts of data. He also has considered the complexity of the database and also the time and
the speed. In the end, he concluded that for a complex database the best prediction is made by
LSTM RNN.

Method Accuracy
Random Forest 84%
LSTM RNN 92%

Figure 7. Price Prediction for Bitcoin using Random Forest and LSTM RNN

1.4.6 Comparative study of Bitcoin price prediction using WaveNets,
Recurrent Neural Networks and other Machine Learning Methods

The sixth paper that | took into consideration was “Comparative study of Bitcoin price
prediction using WaveNets, Recurrent Neural Networks, and other Machine Learning

Methods” by Leonardo Felizardo, Roberth Oliveira, Emilio Del-Moral-Hernandez and Fabio
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Cozman. [7]. For predicting Bitcoin price this article has used different methodologies like
LSTM, ARIMA, SVM, Random Forest, and WaveNets. According to this paper when the
prediction gap increases all models performed badly. This was indicated by error metrics.
Models performed equally badly for long-term predictions too. This showed that the accuracy
was affected more from random components. According to these results, the authors

concluded that a linear model is more efficient in a time-series that has a random component.

1.4.7 Bitcoin Price Prediction with Neural Networks

The seventh paper that | took into consideration was “Bitcoin Price Prediction with
Neural Networks” by Kejsi Struga and Olti Qirici . [8] This paper has used the LSTM version
of RNN for predicting Bitcoin price. They have predicted the Bitcoin price for 30 and 60 days
ahead. They concluded that using the deep neural network has made us understand better
Bitcoin and LSTM architecture.

1.4.8 Predicting the price of Bitcoin using Machine Learning

The eighth paper that | took into consideration was “Predicting the price of Bitcoin
using Machine Learning” by Sean McNally. [9] It was presented at the School of Computing
National College of Ireland on 9t September 2016. This paper aimed to find out with what
precision Bitcoin price direction can be predicted. To archive this goal the author has
implemented RNN and LSTM models. The highest accuracy has archived by LSTM. For a
comparison to a deep learning model, the author has implemented the ARIMA, a time series
forecasting model. Which performed poorly in comparison with the deep learning models.
And in the end, this paper has benchmarked the RNN and LSTM on a GPU and a CPU. The
author has chosen the same batch size and the same temporal length for both models. He
concluded that in terms of overall training time, the LSTM trained faster on the GPU then the

RNN. This is shown in the table underneath.
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Model Epochs Intel Core 17 6700 2.6GH\z NVIDIA GeForce 940M 2GB

RNN 50 56.71s 33.15s
LSTM a0 59.71s 38.85s
RNN 500 162.31s 258.1s
LSTM 500 1505s 888.34s
RNN 1000 918.03s 613.21s
LSTM 1000 3001.69s 1746.87s

Figure 8. Performance Comparison

1.4.9 Bitcoin price prediction using Deep Neural Networks

The ninth paper that | took into consideration was “Bitcoin price prediction using Deep
Neural Networks” by Michelle Appel. [10] It was presented at the Artificial Intelligence
University of Amsterdam in June 2016. This paper has predicted Bitcoin's price through the
LSTM algorithm. The author has made an experiment to see the effect of different feature
combinations. For this experiment, he found a certain optimal combination of 9 features. After
that, the author has used different prediction delays and different sequence lengths for testing
the effectivity of prediction. According to those tests he found out that a prediction delay of 0

and a sequence length of 1 can get the best absolute prediction.

1.4.10 Next-Day Bitcoin Price Forecast

The tenth paper that I took into consideration was ‘“Next-Day Bitcoin Price Forecast”
by Ziaul Haque Munim, Mohammad Hassan Shakil, and Ilan Alon. [11] It was published at
Risk and Financial Management on 20 June 2019. This paper has used Neural Network
Autoregression (NNAR) and Autoregressive Integrated Moving Average (ARIMA) model for
analyzing forecasts of Bitcoin price. For doing that the authors have used both with and
without re-estimation of the forecast model for each step. They have used two different
training and testing samples for cross-validation. They concluded that the best performance in

the first training sample has archived by NNAR while the ARIMA performed better in the

15



second training sample. In the two test-sample forecasts ARIMA performed better and this

performance was identical for ARIMA models with and without re-estimation.
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CHAPTER 2

PREPROCESSING

The second chapter, in the first section, describes the dataset. In the second section, |

have used some exploratory data analysis like feature correlation, stationarity, autocorrelation,

and partial correlation, to explain our dataset. The third section describes the preprocessing of

our dataset. The preprocessing has done in some steps like finding the null values, encoding

categorical data, splitting the dataset into training and test sets, and feature selection.

So, | have chosen a dataset that contains this information from 2011 to 2020. [12]

2.1 Dataset

For doing this study is needed a dataset with prices of Bitcoin during the last years.

Date Bitcoin Core (BTC) Price

Money Supply Price Volatility Daily Transactions

Block Size Transaction Fees

Inflation Rate

0 627201 0.89 5321500.0 164.844710 878 15886 0.178263 174.722
1 TR0 0.89 5330350.0 164.987700 861 1685 0.101126 173.646
2 s220m 0.88 5340500.0 165.328338 888 13186 0.315472 172.767
3 9272011 0.91 5348900.0 164.880682 879 1615 0.177370 171.759
4 100272011 1.03 5358500.0 167.764321 1248 1973 0.065517 171.090
Figure 9. Sample from the head of the dataset

Date Bitcoin Core (BTC) Price  Money Supply Price Volatility Daily Transactions Block Size Transaction Fees Inflation Rate
3328 18032020 529556 18275387.5 133018137 279400 1233985 62.618105 3.84473
3329 197032020 5325.03 18276637.5 13333113 233312 167475 60.566768 3.83996
3330 207032020 G016.76 18277975.0 141.080454 265650 1303897 68.826596 3.837TM
3331 21/03/2020 §271.22 18279337.5 142316516 282961 1267319 79.237573 3.83288
3332 220032020 6181.23 18280887.5 142315337 238483 1072780 44318007 3.83100

My dataset has 3333 rows and 8 columns. Let me explain the columns:

Figure 10. Sample from the tail of the dataset
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1. Bitcoin Core Price BTC ->» Price of Bitcoin.

2. Money Supply -> The Bitcoin Core amount in circulation.

3. Price Volatility —> The annualized price volatility changes daily. The volatility
of price is measured as the standard deviation in regular returns, multiplied to

annualize by the square root of 365, and expressed as a decimal.

4. Daily Transactions —> The number of transactions included in the everyday
blockchain.
5. Block size —> Bitcoin Core (BTC) transactions are collected by miners

into separate data packets, called blocks. Each block is cryptographically linked to the
previous block, creating a "blockchain." As more people use the Bitcoin Core (BTC)
network for Bitcoin Core (BTC) transactions, the size of block increases.

6. Transaction Fees —> Total amount of Bitcoin Core (BTC) fees, measured in
Bitcoin Core (BTC), earned by all miners within a 24-hour period.

7. Inflation rate —> The federal fund rate will decide the shape of the

economy’s future interest rate.

2.2 Exploratory data analysis

And now let us have a look in the picture below. There is a graph that is created from
our dataset and presents the changes in Bitcoin price over past years. Like we see above from
2011 to 2016 the price of Bitcoin is almost 0. At the beginning of 2017, the price of Bitcoin
has started to increase. The end of 2017 reached the highest price for our dataset. At the
beginning of 2018, the price of Bitcoin has decreased again. Through this year the price was
increased and decreased very often. In the middle of 2019, the price had a second higher price
for our dataset. But at the beginning of 2020, the price dropped again. How we can see in this
illustration the price of Bitcoin changes very often. For that reason, it is important to predict
it. This thesis aims to do that prediction for the following months of 2020.
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Figure 11. Bitcoin price shape through time

2.2.1 Features correlation

Data and correlation of features is considered an important step in the data preproces
sing selection phase, this happens especially for continuous data types of the features.
So, what is data correlation? Data Correlation: Is the way how we understand the relation in
your dataset between multiple variables and attributes; You can get some insights by using

Correlation, like:

e One or more attributes are contingent upon another attribute or trigger of another
attribute.

e |t combines one or more attributes with other attributes.
So, what are the beneficials of Correlation?

e Correlation may help to predict one attribute from another (Great way of imputing
missing values).
e The correlation can (sometimes) indicate that a causal relationship exists.

e For many modelling techniques, correlation is used as a basic quantity
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Let us take a closer look at what this means, and how useful correlation can be. There

are three correlations:

1. Positive correlation: means that if we see increases of feature A, feature B will increase
as well or if we see decreases of feature A, feature B will decrease as well. The
relationship is linear.

2. Negative correlation: means that if we see increases of feature A, the feature B will
decrease and vice versa.

3. Any Correlation at all: These two attributes are not related.

Each of these types of correlation may exist in a spectrum represented by values from
0to 1. If values are 0.5 or 0.7 the correlation is highly positive. For a strong and perfect positive
correlation, then a correlation score value of 0.9 or 1 will represent the result. If there is a strong

negative correlation, then a value of -1 will represent it.

In our Bitcoin price prediction study, we are interested to show the relationships of the

Bitcoin price variable with other variables that are part of our dataset. The figure underneath

shows that.
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Figure 12. The correlation between the features and the Bitcoin price
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For explaining the figure above, we need to know the meaning of each color that is

shown in it.
1. Blue -> High positive correlation
2. Red -> High negative correlation

3. White - No correlation between two features

As is shown at the figure the Bitcoin price variable has a positive correlation with four
features which are money supply, daily transactions, block size, and transaction fees. Three
first features have a dark blue that means that the correlation between them and Bitcoin price
is higher. The fourth one has a lighter blue which means that the correlation with Bitcoin price
is lower. Our variable has a negative correlation with the inflation rate and no relation with

price volatility.

2.2.2 Stationarity

A time series is stationary when one of its statistical properties are all constant over
time, such as mean, variance, autocorrelation, etc. Most statistical forecasting methods assume
that mathematical transformations can render the time series approximately stationary (i.e.,
"stationarized"). A stationary series is relatively easy to predict: you simply predict that in the
future, its statistical properties will be the same as they were in the past. The predictions for
the stationaries series can then be "untransformed" to obtain predictions for the original series
by reversing whatever mathematical transformations were previously used. Consequently,
when searching for an appropriate predictive model, finding the sequence of transformations
required to stationarize a time series often provides important hints. An important part of the
process of fitting an ARIMA model is the stationarisation of a time series by differentiating
(where required). Another reason to try to stationarize a time series is to get meaningful sample
statistics like means, variances, and correlations with other variables. Such statistics as future

conduct descriptors are only useful if the series is stationary. For example, if the series
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increases continuously over time, the mean and variance of the sample will increase with the
size of the sample, and they will also underestimate the mean and variance of future periods.
And if a series’ mean and variance are not well-defined then its correlations with other
variables are not either. You should, therefore, be careful in trying to extrapolate regression
models that are fitted to non-stationary data. Most market and economic time series are far
from stationary when represented in their original measuring units and will also usually
display patterns, cycles, random walking, and other non-stationary behavior, even after
deflation or seasonal adjustment. If the series has a stable long-run pattern and appears to
return to the trend line after a disturbance, it can be stationarized by de-trending (e.g. by fitting
a trend line and subtracting it out before fitting a formula, or by using the time index as an
independent variable in a regression or ARIMA model), either in combination with logging
or deflation. It is said a series like this is trend stationary. Nevertheless, even de-trending is
sometimes not enough to make the series stationary, in which case it may be necessary to
transform it into a series of differences from period to period and/or from season to season. If
the mean, variation, and self-correlations of the original series are not constant in time, maybe
the statistics of the series shifts between times or between seasons will be constant even after
detrending. This is called difference stationary. (Sometimes it can be hard to tell the
difference between a trend-stationary and a differential-stationary series, and a so-called unit
root test can be used to get a more definitive answer.)

For understanding if our data is stationary, | have performed a seasonal decomposition
of the data. This decomposition transforms our time series model into four different time

series. These four components series are:

Observed - Actual price movements.
Trend - The series increases or decreases in value.

Seasonality -> Patterns which repeat with a fixed time period.

H w0 np e

Residual - The part of the original time series left after removing seasonal and

trend series.
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All these series components | have summarized in the graph below. The trend there is

not constant that means that data is non-stationary.

Seasonal decomposition
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Figure 13. Seasonal decomposition

2.2.3 Autocorrelation and Partial Autocorrelation

Two things that I will examine for explain our data are autocorrelation and partial
correlation.

1. Autocorrelation

Autocorrelation is a data feature that indicates the degree of similitude over successive
time intervals between the values of the same variables.

If you have a number series and there is a pattern such that values can be predicted based on
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preceding values in the series, the number series is said to exhibit autocorrelation. Often called
serial correlation and serial dependency. The presence of autocorrelation in a model's residuals
is a sign the model may be unsound. A correlogram (ACF plot) is used to diagnose
autocorrelation and can be tested using the Durbin-Watson test. The auto part of
autocorrelation is self-related from the Greek word, and autocorrelation means data that is

correlated to itself, rather than being correlated with some other data.

1.1 Positive and negative autocorrelation
The above example shows positive autocorrelation of the first order, where the first order
shows that observations that are one apart are correlated, and positive means that the
correlation between the observations is positive When data showing a positive first order
correlation is plotted, as on the left, the points appear in a smooth snake-like curve. If
connected, the points form a zigzag pattern we are dealing with negative first-order

correlation, as shown on the right.

Positive autocorrelation Negative autocorrelation

Figure 14. Positive/Negative correlation

1.2 The implications of autocorrelation

When autocorrelation is observed from a model in the residuals it indicates that the

model is incorrectly defined (i.e., wrong in some sense). A cause is that the model has missing
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some key variables or variables Where data is collected over time or space, and this is not
specifically taken into account by the model, autocorrelation is probable. For example, if a
weather model is wrong in one suburb, it will probably be wrong in a neighboring suburb the
same way. The fix is either to include the missing variables or to model the autocorrelation
explicitly (e.g., using an ARIMA model). The existence of autocorrelation means that there

are misleading computed standard errors, and consequently p-values.

For examining the autocorrelation of my data, I have built the correlogram.

Autocorrelation
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Figure 15. Autocorrelation

The plot begins at lag 1 with a relatively high autocorrelation (1), which slowly
decreases. The decreasing autocorrelation is typically linear. This means that our data has a
moderate  positive  autocorrelation  which  provides moderate  predictability.

The autocorrelation plot indicates a non-stationary process and suggests an ARIMA model.

2. Partial Autocorrelation

Partial autocorrelations are useful for identifying an autoregressive model order.
Before doing the partial autocorrelation, we must do autocorrelation. If this autocorrelation
concludes that the appropriate model is an AR model, we must do then the partial
autocorrelation ~ which  helps to examine the order of this model.
The partial autocorrelation of an AR(p)process is zero at lag p+1 and higher.
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In partial correlation, we search for the point on the plot where the partial
autocorrelation coefficients are effectively zero. To this end, it is helpful to position a 95
percent confidence interval for statistical ~ significance.

For examining the autocorrelation of my data, | have built the partial autocorrelation plot.
Where:

Vertical axis > Coefficient of partial autocorrelation at lag h.
Horizontal axis - Time lag h.

If we see carefully on the plot, we can see a blue border and this blue border is our 95

% confidence interval.

Our differentiated data partial autocorrelation plot with 95 per cent confidence bands
shows that only the first and second lag partial autocorrelations are significant. This suggests
a Model AR (2).

Partial Autocorrelation

Figure 16. Partial Autocorrelation

2.3 Data preprocessing

In Machine Learning, data preprocessing is a critical step that helps to enhance data g
uality to facilitate the extraction of useful insights from the data. This technique makes the

raw data suitable for Machine Learning models for construction and training. Data
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preprocessing in Machine Learning is, in simple words, a technique of data mining that
transforms raw data into an understandable and readable format. There are some steps for

doing the preprocessing of the data.

2.3.1 Relevant dataset

First, we need a relevant dataset. As we showed in the first section of this chapter, we

own it.

2.3.2 Missing values

Secondly, we must identify the missing values. This is a step that | did not make in my

dataset because it has not any null values.

2.3.3 Encoding the categorical data

The next step is to encode the categorical data. Categorical data means that the data
has a textual nature, but Machine Learning is a mathematical model and needs numbers to
work. For this reason, is needed the encoding of this textual data. If we see our dataset in the
first section of this chapter, we will realize that our dataset has any categorical data. This

means that | do not need to do this step.

2.3.4 Splitting the dataset into train and test sets

In the Machine Learning model, each dataset must split into two separate sets: train
and test sets. A dataset subset is defined from the training set for the machine learning model
being trained. We are already conscious of the output here. On the other hand, a test set is the

subset of the dataset used to test the model for machine learning. This test set is used by
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Machine Learning to predict outcomes. The dataset is generally split into ratio 70:30 or 80:20.
This means 70% or 80% goes for training the model while 20% or 30% goes for testing.
| have done this step of preprocessing to my dataset. Set of training runs from 06 February
2011 to 30 September 2019. It contains 3183 days. While the set of test runs from 25 October
2019 to 22 March 2020 and it contains 150 days. | have defined a function that has created X
inputs and Y labels. Where X labels are values from a future point of time and Y values from
the past. In our function, we have put the look_back parameter which tells us the amount of
these values. In my case, | have set the look_back parameter to 30. This means that | have
predicted the value based on the previous 30 days values. After the look_back function, I have
reshaped the train and test sets to suit the model requirements. Due to the LSTM models are
scale sensitive | have used the MinMaxScaler to scale the dataset. | have made the dataset
suitable for time series forecasting and also for Keras. In the end, | have checked the

normalization and the shapes.

2.3.5 Feature selection

Feature selection is one of the most important aspects of data mining. It is essentially
concerned with extracting useful data features to make it easier for machine learning models
to implement their predictions. To check the features’ behavior concerning Bitcoin prices, we
plot the data for all 20 features over the entire period of time as shown in Figure 14 below.
According to this, I concluded that the most correlated features are Google trends, interest

rates, and Ripple price.

28



Transaction_Faes

o

Price_valatili

Daily_Transaction_Wolume

Bitcoin_lag_dafly_Returms

o S %
dr Fp Mg
M -1
oy Ep  th

Google_trend

Hash_rate

Miner_Reverue

gram

Block size MALCD Histo

Metcalf UTXO

Manay_supply

Gold

Crollar index

Wi

lag_Retums S&P 500

Rip_price

diff 2_wr_10yr_yiald

10_yr_yiald

I yr_wiald

-]

-
T

Figure 17. Feature Selection
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CHAPTER 33

METHODOLOGY

This chapter will give an overview of the whole work done for this thesis. The first
section explains the multilayer perceptron, MLP of Scikit-Learn implementation, and MLP
from Keras implementation. The second section explains the RNN model, the LSTM model,
the architecture of LSTM, and its implementation. The third part explains GRU with recurrent
dropout Neural Network and its implementation. In the fourth section, we are going to explain
the GRU with two layers model and also its implementation. The fifth part explains the CNN
model, the architecture and, also the implementation of this model. Later on, in this chapter,

the time series, the ARIMA model and its implementation are going to be explained.

3.1 What is a multilayer perceptron?

The multilayer perceptron (MLPs) is used for classifying datasets that are not linearly
separable. This is achieved through the use of a stable and complex architecture to learn
models of regression and classification for difficult datasets.

3.1.1 How does a multilayer perceptron works?

The Perceptron is made of an input layer and an output layer which are completely
connected. MLPs have the same input and output layers but may have numerous hidden layers

in between the previously layers, as we can see at the figure below.
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Figure 18. MLPs architecture

The algorithm for the MLP is shown below:

1. The inputs are pushed forward through the MLP by taking the real number of the
input with the weights that exist between the input layer and also the hidden layer (W-
H). This real number yields a price at the hidden layer. We are not pushing forward
that value as we would with a perceptron though.
2. MLPs use activation functions at each of the layers they calculate. There are several
activation functions to discuss: tanh, sigmoid function, rectified linear units (ReLU).
Move the measured output into each of those activation functions at the actual layer.
3. When the calculated output has been pushed through the activation function at the
hidden layer, move it to the next layer inside the MLP by taking the real number with

the corresponding weights.

4. Repeat steps two and three until the output layer is reached.
5. At the output layer, the calculations will either be used for a backpropagation
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algorithm that corresponds to the activation function that was selected for the MLP (in
the case of training) or a call is going to be made supported the output (in the case of

testing).

In this study, | will implement two types of MLP. First, | will use the MLP Regression
of Scikit-Learn and then the MLP from Keras.

3.1.2 MLP Regression of Scikit-Learn [13]

Some important variables in Machine Learning are hyperparameters. They are very
important for efficiency. So, for determining them | will use a grid search. But these
parameters must be optimal and for this reason, | will use cross-validation. Cross-validation

is a robust method which helps us in finding optimal hyperparameters.

Here are some parameters | have used in this method:

1. In grid search, I have specified the hidden layer number (1), the learning rate
initial (impacts the outcome of the training), the hidden layer size, the momentum,
and the alpha.

2. alarge number of epochs (500) and activated the early stop.

3. a batch size equal to 125. Since we are working with time series, no need for
shuffling.

4. the tanH as an activation function because before converging to zero it can sustain
for a long time.

5. adefault adaptive learning rate. The adaptive learning rate keeps the learning rate
constant to the learning rate initial as long as training loss keeps decreasing.
Anytime two consecutive epochs fail to decrease training loss by a minimum of
tol or fail to increase validation score by a minimum of tol and if ‘early stopping’
is true, the present learning rate is divided by 5.

6. a momentum term to avoid staying stuck at a local minimum. This momentum
term is a value (between 0 and 1) and is used for increasing the size of the steps

that are taken towards the minimum by trying to jump from local minima. We
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can use momentum for smoothing out the variations if the gradient is changing
direction.

7. the Adam optimizer solver to avoid overfitting.

1. Preprocessing

| have prepared our dataset according to the requirements of the model. For doing that
| have split it into train and test parts. For creating X inputs and Y label for our model I have
defined a function. Based on some previous and current values | have predicted the future
value. So, X inputs are values from the past while Y label is the value from the future. By
using the parameter look back in our function I have set the amount of these values. The shape
of the training set from the past values is 3153 observations of 210 variables, and the shape of
the test set from the past values is 120 observations of 210 variables. Meanwhile, the shape of
the training set from the future values is 3153 observations of 1 variable, and the shape of the

test set from the future values is 120 observations of 1 variable.

3.1.3 MLP for Keras [14]

The second model of MLP that | have used in my study is MLP for Keras.
Parameters that | have used in my code for this model:

a batch size equal to 125.
| have iterated 500 times maximum over the entire training set.
a dropout with probability 0.1.

The fully connected layer will have 1 neuron

A A

a 0.1 for factoring weights penalty.
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[15] The steps I have used for implementing the model:

1. Creating the Training and Test dataset

The shape of the training and test set is the same. (120 observations of 1 variable).

2. Building the Deep Learning Regression Model

As | specified above, | have built a regression model with the use of Keras. First, |
have defined the model. | have used a Sequential model because our network is made of a
linear stack of layers. There | have added 2 stacked dense layers. Secondly, | have used tanH
as an activation function. In the next step, | have defined an optimizer and the loss measure
for training. Our loss measure is the mean squared error and for the optimizer, | have used

Adam because his main advantage is that we do not need to specify the learning rate.

After that, | have fit the model on the training dataset. | have taken a large number of

epochs (500) and activate the early stop. As is shown in the figure underneath.

Epoch 164/38@

2095/2995 [==============================] - @5 3Zus/sample - loss: @.8198 - val_loss: 8.8319
Epoch 165/58@
2095/2995 [==============================] - 85 34us/sample - loss: 8.8191 - val loss: 8.8388
Epoch 166/5088
2095/2905 [==============================] - 85 28us/sample - loss: 8.819% - val loss: ©.8668

Epoch @@l66: early stopping

Figure 19. Training iterations of MLP Keras

3. Predict and Compute Evaluation Metrics

After that | got prediction and then | have made some transformation to be able to

calculate MSE (mean squared error) properly in USD.

Before | start with the implementation of the LSTM model, | have given a brief
description of RNN and LSTM.

34



3.2 Recurrent Neural Networks (RNN)

If we want to learn information about the immediately previous step, we can use RNN.
[16]

® hw @ ®
o =u R S S S
& & 6 o6 .

Figure 20. RNN architecture

k4

A
At the figure above it is shown a typical RNN where:

X(t) = input

h(t) - output

A - neural network (gets information from the previous step in a loop)

But sometimes, in some cases, RNN does not work practically. Why does that happen?

Below is the reason:

The information during the training of RNN goes into a loop again and again. This
causes very large updates to the weights of the neural network model. But during an update
occurs the accumulation of error gradient and all those large updates result in an unstable
network. The worst thing that can happen here is the overflow of weight values and make

them very large or vanish of them and make them NaN values.

3.2.1 Long Short-Term Memory

The above problem of RNN brought the need for developing a new version of RNN
model that is called Long Short-Term Memory. [17] To control the memorizing process this

model uses gates. Below | have talked a little bit about the architecture of LSTM.
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Figure 21. LSTM architecture

At the figure above it is shown a typical LSTM where:

a) X - Scaling of information
b) + - Adding information
C) o - Sigmoid layer
d) tanh > tanh layer
e) h(t-1) - Output of last LSTM

unit

f) c(t-1) > Memory from last
LSTM unit
g  X(@) - Current input
h) c(t) —->New updated memory

i) h(t) - Current output

e tanh is a function that overcomes the vanishing gradient problem.

e Sigmoid is used to forget or remember the information. (output O or 1)

In LSTM the information passes through many units. Below | have shown the

connection between three main components.



1. The input X(t) and h(t-1) are taken by the sigmoid layer which decides what to remove
from old output (by outputting a 0).

2. When new information comes, a sigmoid layer should decide which of them should be
updated or ignored. A new vector that contains all the values from the new input is created
from atanh layer. The sigmoid layer and the tanh one are multiplied for updating the new
cell state. To give c(t) the new cell state is added to old memory c(t-1).

3. Inthe final step, we are going to decide which part of the cell state we are going to output.
This thing will be done by a sigmoid layer. For generating all possible values, we use a
tanh to put the cell state. After that, we multiply those values with the output of the sigmoid

gate. In this way, we only output the parts we want to.

3.2.2 The implementation of LSTM

Parameters that | have used in my code for this model:

a batch size equal to 125.

| have iterated 500 times maximum over the entire training set.
a dropout with probability 0.1.

The fully connected layer will have 1 neuron

o > w0 N

a 0.0001 for factoring weights penalty.
The steps | have used for implementing the model:

1. Creating the Training and Test dataset

The shape of the training and test set is the same. (120 observations of 1 variable).
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2. Building the LSTM Model

First, | have defined the model. I have used a Sequential model because our network
is made of a linear stack of layers. There | have added one LSTM layer and one dense layer.
Secondly, | have used tanH as an activation function. In the next step, | have defined an
optimizer and the loss measure for training. Our loss measure is the mean squared error and
for the optimizer, | have used Adam because his main advantage is that we do not need to

specify the learning rate.

After that, I have fit the model on the training dataset. | have taken a large number of

epochs (500) and activate the early stop. As is shown in the figure underneath.

2095/2995 [===============s===============] - 25 735us/sample - loss: 8.8118 - val loss: @.8168
Epoch 111/58@
2895/2995 [==============================] - 25 755us/sample - loss: 8.8886 - val loss: 8.8163
Epoch 112/588
2095/2995 [==============================] - 25 756us/sample - loss: 8.8185 - val_loss: &.8155

Epoch 88112: early stopping

Figure 22. Training iterations of LSTM

3. Predict and Compute Evaluation Metrics

After that | got prediction and then | have made some transformation to be able to

calculate MSE (mean squared error) properly in USD.

3.3 Gated recurrent units
The idea and the equations behind a GRU layer are similar to that of an LSTM layer.

r=alr, U + 5,1 W?F)

e, U7 4 5 W)

= a‘rmh[.r,{-"'li +(s;_q 2 :']IH"Ii:l
=(l—=z)oh+ z0os_4

ey

o
Iy
|

Figure 23. Equations behind a GRU layer
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A reset gate r and an update gate z are two gates of GRU. The combination of the new
input with the previous memory is made by the reset gate. For defining the space of previous
memory for keeping around is used the update the gate. We can arrive in an RNN model if we
set the reset to all 1’s and update the gate to all 0’s. In this model, the idea of learning long-

term dependencies is the same as in an LSTM but with some changes.

A GRU is made of two gates, an LSTM is made of three gates.

e The internal memory (©t) does not exist in the GRU model.

e The reset gate r is applied to the previous hidden state, the input and forget gates are
coupled by an update gate z. Meanwhile, in an LSTM, the responsibility of the reset

gate is to split up into both r and z.

e In GRU, when computing the output, we don’t apply a second nonlinearity.

— IN

N
!
A

>0UT

Figure 24. GRU architecture
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3.3.1 GRU with recurrent dropout Neural Network

Parameters that | have used in my code for this model:

In each iteration, | have considered 125 training examples at once.
| have iterated 20 times over the entire training set.
a dropout with probability 0.01.

The fully connected layer will have 1 neuron

o r W N E

a 0.0001 for factoring weights penalty.
And now | will start with the steps | have used for implementing the model:

1. Creating the Training and Test dataset

The shape of the training and test set is the same. (120 observations of 1 variable).

2. Building the GRU Model

First, | have defined the model. | have used a Sequential model because our network
is made of a linear stack of layers. There | have added one GRU layer and one dense layer.
Secondly, | have used tanH as an activation function. In the next step, | have defined an
optimizer and the loss measure for training. Our loss measure is the mean squared error and
for the optimizer, | have used Adam because his main advantage is that we do not need to

specify the learning rate.

After that, I have fit the model on the training dataset. | have taken a large number of

epochs (500) and activate the early stop. As is shown in the figure underneath.

Epoch 138/588

2895/2995 [===============s==s===s==========] - 35 Ims/sample - loss: 8.6159 - val_loss: 8.0187
Epoch 139/58@

2895/2085 [==============================] - 35 18B8us/sample - loss: ©.8838 - val loss: 6.8116
Epoch 148/588

2895/2005 [==============================] - 45 Ims/sample - loss: 8.0122 - val_loss: 8.e111

Epoch @8148: early stopping

Figure 25. Training iterations of GRU
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3. Predict and Compute Evaluation Metrics

After that | got prediction and then | have made some transformation to be able to

calculate MSE (mean squared error) properly in USD

3.3.2 GRU with 2 layers

For capturing a higher-level interaction, we can add in our GRU model a second layer.

S
t-1 Layer 2

a GRU/LSTM o

s
¢—1 Layer 1

Figure 26. GRU with two-layers architecture
The implementation of GRU with two-layers

Parameters that I have used in my code for this model:

In each iteration, | have considered 125 training examples at once.
| have iterated 20 times over the entire training set.

a dropout with probability 0.01.

The fully connected layer will have 1 neuron

a 0.0001 for factoring weights penalty.

L

Two GRU layers.

And now | will start with the steps | have used for implementing the model:
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1. Creating the Training and Test dataset

The shape of the training and test set is the same. (120 observations of 1 variable).

2. Building the GRU with two-layers Model

First, | have defined the model. | have used a Sequential model because our network
is made of a linear stack of layers. There | have added two GRU layer and one dense layer.
Secondly, | have used tanH as an activation function. In the next step, | have defined an
optimizer and the loss measure for training. Our loss measure is the mean squared error and
for the optimizer, | have used Adam because his main advantage is that we do not need to
specify the learning rate.

After that, | have fit the model on the training dataset. | have taken a large number of

epochs (500) and activate the early stop. As is shown in the figure underneath.

Epoch 27/588

2895/2985 [==============================] - 55 2ms/sample - loss: ©.8128 - val loss: B8.8116
Epoch 28/588
2895/2995 [==============================] - 55 2ms/sample - loss: 8.8131 - wval_loss: B8.8149
Epoch 29/568
2895/2995 [==============================] - 55 2ms/sample - loss: 8.8185 - wval_loss: B8.8129

Epoch @8225: early stopping

Figure 27. Training iterations of GRU with two-layers

3. Predict and Compute Evaluation Metrics

After that | got prediction and then | have made some transformation to be able to

calculate MSE (mean squared error) properly in USD.

3.4 Convolutional Neural Network (CNN)

This algorithm can classify and recognize features in images for computer vision. It is
designed to perform tasks and analyze visual inputs such as object detection, classification,

and segmentation.

CNN is made of two parts:
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e For splitting the various features of the image this model uses a convolution tool.

e For predicting the best description, a fully connected layer uses the output of the

convolution layer.

3.4.1 CNN Architecture
A CNN is made of several kinds of layers:

Output Volume  output Volume

588x1
. Output Nodes
g Sx1
Output Volume
) 14x14x3 - dass 1
RelU Activation Fn. 7 \
Volume-28x28x3 T Q Q > 0
. - Class 2
N P J ‘{/ \
L) L rFha—
o~ N\ Class 3
L © L
= Class 4
'd \'
U
Convolution ] w 2
layer Stride 1 g 2 . = Class 5
; ;4 .
Max Pool 3 2L
w ~ A~/
layer Stride 2 L) k‘) Softiiman tavae
Fully connected Soft-Max

Input Volume Flatten layer Layer ReLU Activation Activation Fn

32x32x1 Fn.

Figure 28. CNN architecture

« Convolutional layer > For predicting the class probabilities for each feature this
model creates a feature map. This is made by applying a filter that scans the whole

image.

« Pooling layer (downsampling) = The information that is generated for each feature
from the convolutional layer, here is scaled down and is maintained only the most
essential information. (The process in those two first layers usually repeat several

times).
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Fully connected input layer = The output that is generated from the previous layer here
is “flatten” and is turned into a single vector that can be used later as an input for the next

layer.

Fully connected layer - For predicting an accurate label this layer applies weights

over the input. This input is the one that is generated by the feature analysis.

Fully connected output layer - For determining a class for the image this layer

generates the final probabilities.

3.4.2 CNN implementation [18]

Parameters that | have used in my code for this model:

In each iteration, I have considered 32 training examples at once.
| have iterated 500 times maximum over the entire training set.

a dropout after pooling with probability 0.01.

The fully connected layer will have 1 neuron

a 0.0001 for factoring weights penalty.

. a10x10 kernels throughout.

I will initially have 16 kernels in first convolutional layer.

© N o U~ w D

I will initially have 32 kernels in second convolutional layer.

And now | will start with the steps | have used for implementing the model:

1. Creating the Training and Test dataset

The shape of the training and test set is the same. (120 observations of 1 variable).
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2. Building the CNN Model

First, | have defined the model. I have used a Sequential model because our network
is made of a linear stack of layers. There | have added two convolutional layers, two
Maxpooling layers, two dropout layers, one flatten layer and one dense layer. Secondly, | have
used tanH as an activation function. In the next step, | have defined an optimizer and the loss
measure for training. Our loss measure is the mean squared error and for the optimizer, | have

used Adam because his main advantage is that we do not need to specify the learning rate.

After that, I have fit the model on the training dataset. | have taken a large number of

epochs (500) and activate the early stop. As is shown in the figure underneath.

Epoch 93/508

2005/2905 [======s=======================] - 15 245us/sample - loss: ©.8843 - val_loss: 8.0156
Epoch 99/508
2085/2905 [======s=======================] - 15 246us/sample - loss: ©.8854 - val_loss: ©.0194

Epoch @8e9%: early stopping

Figure 29. Training iterations of CNN

3. Predict and Compute Evaluation Metrics

After that | got prediction and then | have made some transformation to be able to

calculate MSE (mean squared error) properly in USD.

3.5 Time series

A time-series [19] is a successive sequence of numerical data points. In investing, a
time series monitors the movement of the selected data points, such as the price of a safe, over
a given period of time with reported data points at regular intervals. Any variable that varies
over time can be taken into a time series. In investing, a time series is widely used to measure
a security's price over time. In the short term, this can be tracked such as the price of a security
on the hour over a business day, or the long term, such as the price of security closing on the

last day of each month over a five-year period.
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3.5.1 Time series Analysis

Analysis of the time series may be useful for seeing how a given asset, security, or
economic variable changes over time. It may also be used to examine how over the same time
period the changes associated with the chosen data point compare with shifts in other

variables.

3.5.2 Time Series Forecasting

Predicting time series uses historical values and related trend knowledge to forecast
future behavior. This most often concerns trend analysis, cyclical fluctuation analysis, and

seasonality issues. As for all forms of forecasting, there is no guarantee of success.

3.5.3 Autoregressive Integrated Moving Average Model (ARIMA)

For analyzing and forecasting time series data we can use a class of statistical models
called the ARIMA model. [20]

The name ARIMA has an explanation that I am giving below:

« AR =Autoregression. This model uses a relation between the observation and the number

of lagged observations.

o | = Integrated. To make the time series stationary this model uses the difference of raw

observations.

« MA = Moving Average. This model makes use of the dependency between a residual error
from a moving average model and an observation for lagging observation. In the model

these components are specified as parameters where:
e« AR =p. The lag orders. (the number of lag observations).
o | =d. The degree of differencing. (The number of times the raw Observations differ).

« MA = (. The order of the moving average. (the size of the average movable window).
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And now I will start with the steps I have used for implementing the model:

1. Building the ARIMA Model

Firstly, I have fitted an ARIMA (2,1,1) model. Where:

e the lag value (p) = 2.
o the difference order = 1. (This made the time series stationary).

e the average model = 1.

To fit the ARIMA model | have used the statsmodels library. This library created
the ARIMA model as follows:

1. Called ARIMA () and showed up the p, d, and q parameters.
2. Called fit () function.
3. Called predict () function. This function has made predictions and also it has

gotten the index of the time steps and made predictions as arguments.

ARIMA Model Results

Dep. Variable: D.Bitcoin Core (BTC) Price HNo. Observations: 3332
Model: ARIMA(2, 1, 1) Log Likelihood -22368.2686
Method : css-mle  S.D. of innovations 189,179
Date: Mon, @1 Jun 2828  AIC 44746.412
Time: 17:89:080 BIC 44776.969
Sample: 1 HQIC 44757 .345
coef std err z Prlz [8.825 @.975]
const 1.8549 3.735 8.497 8.619 -5.466 9.176
ar.L1.D.Bitcoin Core (BTC) Price -6.6685 8.881 -8.292 @.008 -8.827 -@.511
ar.L2.D.Bitcoin Core (BTC) Price 8.8357 8.821 1.674 a.894 -8.886 8.e77
ma.L1.D.Bitcoin Core (BTC) Price B.7675 8.879 Q.777 @.008 B.614 8.921
Roots
Real Imaginary Modulus Frequency
AR.1 -1.3924 +08.0808] 1.3924 @.50806
AR.2 2@8.1342 +8.088e8j 28.1342 a.00a8
MA.1 -1.3829 +8.086808j 1.36829 a.5688

Figure 30. Arima Model Results
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2. Rolling forecast ARIMA model

| had also used the forecast () function which with the use of the model performs a
one-step forecast.
| divided the training dataset into train and testing sets, where the train set is used to

fit the model and the test set is used for generating a prediction for each of his elements.

In view of the dependence of observations in earlier differentiation phases, the AR
model has required a rolling forecast. |1 have done that by re-creating the ARIMA
model is provided after every new observation.

History is a list that I manually kept track of all observations. This list is seeded with

the training data.

3. Predict and Compute Evaluation Metrics

After that | got prediction and then | have made some transformation to be able

to calculate MSE (mean squared error) properly in USD.
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CHAPTER 4

SETUP AND ANALYSIS OF THE EXPERIMENTAL
STUDY

4.1 Architectures

As | have mentioned earlier, in this thesis are used different models to predict bitcoin

price, for this reason, | will explain the architecture for each of them.

4.1.1 MLP Regression of Scikit-Learn and MLP for Keras

Since the two first models are multilayer perceptron; | have used the same
architecture in both of them. The architecture is made of one input layer, two hidden

layers with 25 neurons each, and one output layer.

Model: "sequential 1"

Layer (type) Output Shape Param #
dense_1 (Dense)  (None, 25)  sa5
dropout_1 (Dropout) (Mone, 25) a

dense_2 (Dense) (Mone, 1) 26

Total params: 5,381
Trainable params: 5,381
Mon-trainable params: @

Figure 31. Summary of MLP from Keras

49



4.1.2 Long Short-Term Memory

For the LSTM model, | have used an LSTM layer with 50 neurons and a dense

layer.

Model: "seguential 1"

Layer (type) output Shape Param #
lstm (LSTM) (None, 58) 11686
dense 2 (Dense) (None, 1) 51

Total params: 11,851
Trainable params: 11,851
Mon-trainable params: @

MNone

Figure 32. Summary of LSTM model
4.1.3 GRU with recurrent dropout Neural Network

In the first GRU model, | have used a GRU layer with 50 neurons and a dense

layer.

Model: "seqguential 2"

Layer (type) Qutput Shape Param #
gru (GRU) {Mone, 58) 8858
dense_3 (Dense) {MNone, 1} 51

Total params: 8,981
Trainable params: 8,%@81
MNon-trainable params: @

None

Figure 33. Summary of GRU model
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4.1.4 GRU with 2 layers

For the GRU with two layers model, | have used in the first GRU layer 50
neurons, in the second GRU 10 neurons and a dense layer.

Model: "seguential 3"

Layer (type) Output Shape Param #
grut (GRU)  (None, 30, 50)  ssse
gru_2 (GRU) {Mone, 18) 1368
dense_4 (Dense) {Mone, 1) 11

Total params: 1,721
Trainable params: 1@,721
Non-trainable params: @

None

Figure 34. Summary of GRU with two-layers model

4.1.5 Convolutional Neural Network (CNN)

The CNN model is a little bit more complicated. Here | have used two
convolutional layers with 112 neurons and 512 neurons, respectively. Two max-
pooling layers with 112 neurons and 512 neurons, respectively. Two dropout layers
with 112 neurons and 512 neurons, respectively. One flatten layer with 512 neurons

and one dense layer.

51



Model: "sequential 4"

Layer (type) Output Shape Param #
covid (Convi)  (None, 16, 7)  4sis
max_poolingld (MaxPoolinglD) (MNone, 16, 7) 2
dropout_1 (Dropout) (Mone, 16, 7) 8

convld_1 (ConvlD) (None, 16, 32) 2272
max_poolingld 1 (MaxPoolingl (MNeone, 18, 32) 2
dropout_2 (Dropout) {Mone, 16, 22) 2

flatten (Flatten) {Mone, 512) 2

dense 5 (Dense) {Mone, 1) 513

Total params: 7,881
Trainable params: 7,681
Mon-trainable params: @

Mone

Figure 35. Summary of CNN model

4.2 Running the experiments

For predicting the bitcoin price, | have used TensorFlow. The time that | have spent
running all the models has been 1 month. During this month, | have fixed a lot of
errors. Most of those errors were because of the libraries. Sometimes | had forgotten
to declare them, and some other times, some libraries had changed the syntax of
declaration.

Another problem was the part of downloading all the libraries that I have used in my
code.

A difficult part of this work was to find a suitable dataset. To found it, I have emailed
a lot of people that work in Bitcoin web pages.

About the computational time, the MLP models was faster than other models.
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CHAPTER 5

RESULTS

This chapter will give the results for all the models | have used in chapter 3. The first
section gives the results of train and test loss for all the models and a comparison between
them. The second section gives the result for the timely implementation of all models, the
mean squared error and, also gives a comparison between all the results for different models.

The third part gives a comparison of the actual price and the price predicted from our models.

5.1 Train and test loss

At all models that I have used in this thesis, during the iteration | have done an early
stopping. This is shown in figures 20, 24, 28, 31, and 34. But what is early stopping and why
is it done? If we see at these figures | just mentioned, the training error decreases over time
while validation error increases. To do the regularization in deep learning | have used that
early stopping strategy. In this strategy, the best parameter setting with the lowest validation
error is reserved, and the model associated with the parameter setting with the minimum
validation error is selected (not the latest one) when training is completed (with the lowest
training error). After doing the early stop | have plotted the result of train and test loss for each
model. (figure 36)

Let us examine the plots. If training loss is greater than validation loss the data is
underfitting. If training loss is smaller than validation loss the data is overfitting and if both
losses are roughly the same the data is perfect fitting. MLP from Keras model seems to have
a perfect fitting to data. LSTM at the 17 first epochs has overfitting to data but later the

validation loss is decreased and has made a fitting to data. The GRU with recurrent dropout
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neural network seems to have a fitting to data and when we add another layer the difference

between two losses has increased. And the CNN model has overfitting of the data.
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Figure 36. Train and Test Loss during training of a) MLP regression of Scikit-Learn
b) MLP of Keras ¢) LSTM d) GRU recurrent with dropout neural network e) GRU with two

layers f) CNN
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5.2 Comparison of time and mean squared error

In that part of this chapter, | made a comparison for execution time of iterations
between each model. As is shown in figure 37 the best performance on this topic is from MLP
Scikit-Learn with a time of execution 7.261 seconds. MLP for Keras has iterated with a time
of 17.4753 seconds which means that it is the second model faster than others. According to
that, MLP models are faster than other models. For this topic, the worst performance was from
GRU with a recurrent dropout neural network with a time of 433.333 seconds.
Another topic that I will discuss here is the mean squared error. The mean squared error
represents the square average of the difference between a variable’s observed and predicted

values.

A larger MSE means that the data values are widely distributed around its central mo
ment (mean), while a smaller MSE means otherwise and it is certainly the chosen and/or des
ired option because indicates that the data values are scattered near to its central

moment(mean), which is generally fantastic.

In our case, the model with the lowest MSE is CNN while the highest MSE error has
reached by MLP Scikit-Learn. This means that CNN performs better than other models.

Mean Squared Error Time

ARIMA 0107162 135.728805

MLF Scikit Learn 0.212657 7.261529

MLF Keras 0.165907  17.475357

LSTM 01791685 265.514015

GRU with recurrent Dropout 0100899 433.333039
GRU with 2 layers 0141355 173.664032

CNN with multiple ConviD 0.089971  79.4440689

Figure 37. Mean Squared Error and Time of implementation of each mode
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5.3 Comparison of true prices with prices our model predicted

The below graphs show the actual prices and predicted ones from six different models
during the 120 coming days. As you can see, there are two lines on the graphs. The actual
price is represented by the green line. The orange line represents the predicted prices.

To understand which model has made the best prediction | will interpret the six graphs.

The first graph that is shown in figure 38 represents the prediction made by the MLP
of Scikit-Learn. During 43 first days, this model has predicted an increase in Bitcoin price.
This changes in the interval of 44 to 81 days where the predicted price will decrease compared
with the actual one. In the upcoming 28 days this model has assumed that the predicted price
will have almost the same value as the actual one. In the last days, the predicted price has

reached the maximum growth of these 120 days.
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Figure 38. Predicted price by MLP of Scikit-Learn model

The second graph that is shown in figure 39 represents the prediction made by the
MLP for Keras model. As we can see, most of the days have a lower predicted price compared

to the actual one. In almost 20 days the MLP for Keras model has predicted that the price will
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be the same as the current one. The largest increase of predicted price is recorded from day
105 to 117 and in the last three days, the price will decrease again.
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Figure 39. Predicted price by MLP for Keras model

The third graph that is shown in figure 40 represents the prediction made by the LSTM
model. Most of the days, this model has predicted a very small decrease in predicted price
compared to the current one. In almost 30 days this predicted price has no change from the
actual price. In the last 15 days, the predicted price has reached the largest increase.
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Figure 40. Predicted price by LSTM model
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The fourth graph that is shown in figure 41 represents the prediction made by the GRU
with a recurrent dropout model. As we can see this model has predicted no decrease in bitcoin
price during the upcoming 120 days. Most of the days the predicted price has an increase
compared to the current one. The largest increase in the predicted price has reached in the last

10 days. A large number have the days where the predicted price has no change compared to
the current one.
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Figure 41. Predicted price by GRU with recurrent dropout model

The fifth graph that is shown in figure 42 represents the prediction made by GRU with
two layers model. This model has predicted almost the same prices as the fourth model. Their
similarity is that neither of those two models has predicted a decrease in Bitcoin price.
According to GRU with two layers model, in 43 first days, the Bitcoin price will increase.
From 44 to 106 days the price of Bitcoin will have no change. The largest increase in the
predicted price has reached is in the last 14 days.
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Figure 42. Predicted price by GRU with two layers model

The sixth graph that is shown in figure 43 represents the prediction made by the CNN

model. This model has some similarities with the two GRU models according to the lack of

price reduction. In most days, this model has predicted an increase in Bitcoin price. The largest

higher values the prediction price has reached in the last 10 days. In the remaining days, the
prices have no change.
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Figure 43. Predicted price by CNN model
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CHAPTER 6

CONCLUSIONS AND FUTURE WORK

The last chapter gives the conclusions about this thesis and the future work that other
researchers can make in this topic. The first section is about the conclusions. This part I have
split in three different parts. The second section is about future work.

6.1 Conclusions

First, I will give the conclusions about the fitting of the data. According to the results
MLP from Keras model seems to have a perfect fitting to data. LSTM at the 17 first epochs
has overfitting to data but later the validation loss is decreased and has made a fitting to data.
The GRU with recurrent dropout neural network seems to have a fitting to data and when we
add another layer the difference between two losses has increased. And the CNN model has

overfitting of the data.

The second part is a conclusion based on the MSE results. The model with the lowest
MSE is CNN while the highest MSE error has reached by MLP Scikit-Learn. This means that
CNN performs better than other models.

The third part of the conclusions is about Bitcoin price prediction. A better prediction
is that one where the actual price is very close to the predicted one. In our cases three are the
models that has this kind of information. GRU with recurrent dropout, GRU with two layers

and CNN have predicted better than three other models.
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6.2 Future Work

Future studies can focus on some different models to see if there are other models than
perform better than these three, | concluded in this paper.

Another future study can be about GRU with two layers model since it is a model that
is rarely used. To see its architecture more carefully, how it works and to understand why

adding a new layer makes a model better.
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Appendix A

Definitions
Nr. Features Definitions
1. CoinMarketCap The  most-referenced  price-

tracking website in the fast-growing

cryptocurrency space for crypto assets

worldwide.

2. ConvNet A subset of deep neural networks,
most commonly used for visual imaging
studies.

3. WaveNets A deep neural network to raw
audio generation.

4. CPU When you run your deep nets on a
GPU, the CPU does little computation.

5. GPU This is a single chip processor used
for intensive graphical and mathematical
computations that releases CPU cycles for
other functions.

6. Bitcoin Core Price (BTC) Price of Bitcoin.

7. Money Supply The Bitcoin Core amount in
circulation.

8. Daily Transactions The number of transactions
included in the everyday blockchain.

9. Inflation rate The federal fund rate will decide

the shape of the economy’s future interest

rate.
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10.

Seasonal Decomposition

The Seasonal Decomposition
procedure breaks down a sequence into a
seasonal component, a combined trend
and cycle component, and a component

called "error."

11.

look _back

The number of previous time
phases to be used as input variables for

predicting the next time cycle

12.

MinMaxScalar

A scikit-learn  library  pre-
processing package for standardizing the

dataset.

13.

tanH function

A rescaling of the logistic sigmoid,
so that its outputs vary between -1 and 1.

14.

Sigmoid function

Sigmoid removes the issue of
gradients in the model of machine learning

when training.

15.

RelLU

An activation function that does

not simultaneously activate all neurons.

16.

Keras

An open-source library of neural

networks written in Python.

17.

Scikit-Learn

Python 's free machine-learning
library. It features various algorithms such
as supporting vector machines, random
forests, and k-neighbors, as well as
supporting numerical and science libraries

such as NumPy and SciPy.

18.

Grid search

The process of data scanning to
configure optimal parameters for a

particular model
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19. Hyperparameters A parameter whose value is set
prior to starting the learning process.

20. Cross-Validation A methodology used to test ML
models by training and evaluating several
ML models on subsets of available input
data on the complementary data subsets.

21. epochs An epoch refers to a single period
through a full training data collection.

22. hidden layer number The number of hidden layers.

23. learning rate initial A configurable hyperparameter
used in neural network training that has a
small positive value, often within a range
of 0.0 to 1.0.

24. alpha The parameter that determines the
size of a step/iteration.

25. momentum A set of tricks and techniques
designed to accelerate convergence of
methods of first order optimization, such
as gradient descent (and its many
variants).

26. hidden layer size The size of hidden layers.

217. batch size Number of training examples used
in one iteration.

28. early stop A type of regularization used to
prevent overfitting when training an
iterative learner, such as gradient descent.

29. tol Tolerance to the stop criteria.

30. adam optimizer An adaptive learning rate

optimization  algorithm  specifically
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designed for training deep neural

networks.

31. sequential model The easiest way to construct a
model at Keras. It lets you build a layer-by
- layer model.

32. dense layer A layer of neurons in a neural
network.

33. dropout Simply placed dropout refers to
missing units (i.e neurons) that are
selected at random during the training
process of any group of neurons.

34. mean squared error It is the sum of the square of the
difference between the predicted and the
actual target variables, divided by the
number of data points, over all the data
points.

35. convolutional layer The major building blocks used in
convolutional neural networks.

36. feature map The output of one filter added to
the layer above.

37. pooling layer The layer that is used to gradually

(downsampling) reduce the representation 's spatial size to
reduce the amount of parameters and
computation in the network, and thus also
to control the overfitting.

38. fully connected layer The layer where all inputs are

connected to each activation unit of the

next layer from one layer to another.
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39.

flatten

The function which converts the
pooled feature map to a single column
passed to the fully connected layer.

40.

Maxpooling

A sample-based discretization
method that downsamples an input
representation  (image,  hidden-layer
output matrix, etc.), reduces its
dimensionality and allows for
assumptions about features found in

binned sub-regions.

41.

Autoregression

A method of regressing the

variable by itself on past values.
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