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ABSTRACT

The most well-known cryptocurrency is Bitcoin, as it was the first cryptocurrency. The
approximate value of the cryptocurrency market capitalization, of which 39% is Bitcoin, is 807
billion dollars (December 2022). It has become an important research topic due to the difficulty in
predicting the price of Bitcoin due to the extreme volatility of the price, and there are many studies
in the literature. For investors, this high volatility means high profits and risks. This thesis aims
estimation results close to the actual price and reduces the risks for the investors, using machine
learning methods, different data sets, and optimization techniques. The methods used: Multilayer
Perceptron (MLP), Support Vector Machines (SVM), Generalized Regression Neural Network
(GRNN), Recurrent Neural Network (RNN), Long-Short-Term Memory (LSTM), Gated Repetitive
Unit (GRU), and Convolutional Neural Network (CNN). The thesis includes experiments with each
machine learning model with the combinations of Bitcoin, gold, crude oil, natural gas, Ethereum,
and dollar-euro parity. Hyper-parameter optimization methods such as Bayesian optimization (BO),
random search, grid search, and Hparam parameters are examined. Models with BO achieved better
results than others. This thesis proposes a new model for Bitcoin price prediction that effectively
reduces prediction error. This new BO model with Gradient Incremental Regression Trees (GBRT),
Gaussian Process (GP), Random Forest (RF), and Extra Trees (ET) was applied to optimizers and
corresponding surrogate functions. In addition, to increase the comparability of the results with the
other paper, it was evaluated with four different performance metrics: root square mean error
(RMSE), mean square error (MSE), mean absolute error (MAE), and mean absolute percentage
error (MAPE). In general, among the seven algorithms, predictions using only the closing price of
Bitcoin yielded better results. In addition, we obtained very close results in the estimates made by
adding Ethereum, crude oil, and natural gas to the data set. Better results were obtained with
LSTM, CNN, and GRU, respectively, than with the other methods. The experimental optimization
results indicated that hparam, grid search, and random search achieved the worst results in all four
error metrics. BO-GP with hybrid LSTM-GRU outperformed all methods in this thesis and the
examined literature for the value of MAE=0.002302, MAPE=0.005497, MSE=0.000015, and
RMSE=0.003269.

Keywords: Bitcoin, Price Prediction, Machine Learning, Deep Learning.
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0z

Bitcoin, ilk kripto para olmasi sebebi ile diinya ¢apinda en ¢ok bilinen kripto para birimidir.
%39’nu Bitcoin’ nin olusturdugu kripto para piyasasinin yaklasik degeri 807 milyar dolardir (Aralik
2022). Bitcoin fiyatinin agir1 oynakligindan dolay1 fiyatin1 tahmin etmenin zorlugunun sonucu
olarak, onemli bir aragtirma konusu haline gelmis ve literatiir de bu konuda birgok calisma
bulunmaktadir. Yatirimcilar i¢in ise bu yiiksek oynaklik yiiksek karlar ve riskler demektir. Bu tez
de, makine 6grenmesi yontemleri, farkli veri setleri, ve optimizasyon teknikleri kullanilarak gergek
fiyata yakin tahmin sonuclari elde etme ve yatirimcilar icin riskleri azaltmak hedeflenmistir.
Kullanilan yontemler; Cok Katmanli Algilayici (MLP), Destek Vektér Makineleri (SVM),
Genellestirilmis Regresyon Sinir Ag1 (GRNN), Tekrarlayan Sinir Ag1 (RNN), Uzun-Kisa Siireli
Bellek (LSTM), Gegitli Tekrarlayan Birim (GRU) ve Konvoliisyonel Sinir Agi (CNN). Altin, ham
petrol, dogal gaz, Ethereum ve dolar-euro parite veri setlerinin Bitcoin fiyat1 ile
kombinasyonlarinin makine 6grenmesi modellerinin her biri ile yapilan deneyleri icermektedir.
Bayes optimizasyonu (BO), rastgele arama, 1zgara arama ve Hparam parametresi gibi hiper
parametre optimizasyon yontemleri incelenmistir. BO diger optimizasyon yontemlerinden daha iyi
sonuglar elde etmistir. Bu tezde, Bitcoin fiyat tahmini hatasim etkili bir sekilde azaltan yeni bir
model onerilmektedir. BO'lu bu yeni model; Optimize edicilere ve karsilik gelen vekil islevlere
Gradyan Artimli Regresyon Agaglar1 (GBRT), Gauss Siireci (GP), Rastgele Orman (RF) ve Ekstra
Agaglar (ET) uygulanmasi ile elde edilir. Ayrica sonuglarin karsilagtirila bilirligini arttirmak igin;
karesel ortalamalarinin karekokii hatast (RMSE), ortalama karesel hata (MSE), ortalama mutlak
hata (MAE) ve ortalama mutlak yilizde hatas1 (MAPE) olmak tizere dort farkli performans metrigi
ile degerlendirilmistir. Genel olarak, makine 6grenmesi algoritmalarinin Bitcoin'in kapanis fiyatini
kullanan tahminleri daha iyi sonuglar vermistir. Ayrica veri setine Ethereum, ham petrol ve dogal
gazi eklenerek yapilan tahminler sirasiyla daha iyi sonuglar elde etmistir. Sirasiyla LSTM, CNN ve
GRU ile diger yontemlere gore daha iyi sonuglar elde edilmistir. Optimizasyonun deneysel
sonuglari; hparam, 1zgara arama ve rastgele arama dort hata metrigi icinde kotli sonuglar elde
etmistir. BO-GP hibrit LSTM-GRU ile MAE=0.002302, MAPE=0.005497, MSE=0.000015 ve
RMSE=0.003269 ile inceledigimiz kadart ile literatiirdeki en iyi sonuglar1 elde etmistir.

Anahtar Kelimeler: Bitcoin, Fiyat tahmini, Makine 6grenmesi, Derin Ogrenme.

II



GENISLETILMIS OZET

Kripto para borsasinin yaklasik %39’unu (Aralik 2022) olusturan Bitcoin, temeli 2008
yilinda ‘ugtan uca elektronik nakit sistemi’ baglikli makale ile duyuruldu. Bu sistem elektronik bir
paranin anlik olarak uglar arasinda herhangi bir finansal kurum olmadan degis tokusuna
dayanmaktadir. Kriptografik kanita dayali sistem sayesinde degis tokus yapmaya istekli iki ugun
birbirleriyle dogrudan islem yapmasina izin veren bir elektronik ddeme sistemidir. Bu sekilde
arabulucu maliyeti minimuma diisecektir. Bu sistem giiciinii yapilan islemlerin sirasinin
hesaplamali kanitinin bir zaman damgasi ile damgalanmasi ve yapilan alim-satim islemleri igin
ylksek hesaplamalar sebebi ile tekrar hesaplamanin pratik olmadigi, diiriist diiglimlerin CPU
giiciiniin isbirligi yapmis dolandirict diiglimlerin giiclinden fazla oldugu siirece sistem giivenli bir
sekilde calisacaktir. Her bir elektronik para dijital bir imza zincirindeki bir kayitta tutulmaktadir.
Sistemin basinda merkezi bir otorite bulunmadigindan yapilan her islemin tiim aga duyurulmasi ve
agin cifte harcamayi onlemek icin her bir islemin tek bir ge¢misi iizerinde fikir birligi olmasi
gerekir. Sistem bir zaman damgasi sunucusu, zaman damgasi eklenecek bir 6ge blogunun
karmasini ve karmaya girebilmesi igin verilerin o sirada var olmasi gerektigini kanitlar. Bir 6nceki
zaman damgasinin karmasini igeren blok ile bir sonraki blok giiclendirilmis olur. Boylece eklenen
her blok ile bloklar zinciri giiglendirilmis olur. Kripto paralarin temelini olusturan art arda baglanan
sistemdeki uglar arasinda paylasilan ve iizerinde fikir birligine varilan dagitilmis bir veri tabanidir.
Bu dagitilmig veri tabani Blockchain adi ile adlandirilmaktadir. Bitcoin’ in agik kaynak kodlu
yapist sayesinde Bitcoin den tiiremis birgok kripto paranin ortaya ¢ikmasina da olanak saglamistir.

2009 yilinda ilk Bitcoin madenciligi yapilmistir ve 2013 yilinda artan bir ilgi ile bir Bitcoin
22 § seviyelerine yiikselmistir. 2017 yili sonunda 19.000 $ yiikselen degeri 2020 sonu ve 2021
basinda 60.000 $ a kadar yiikselmis, ayni1 y1l Haziran ayinda 23.000 $ seviyelerine gerilemisken,
2021 Kasim ayimda 68.000 dolar a tekrar yiikselmistir. 2021 sonundan 2022 sonlarina kadar diisiis
egilimindeki dalgalanmalar devam etmistir. Bitcoin piyasa degerindeki bu dalgalanmalar sebebiyle
yiiksek karlar ve kayiplara sebep oldugundan fiyatinin tahmin edilmesi 6nemli bir aragtirma konusu
olmustur. Bitcoin fiyat tahmini i¢in istatistiksel yontemler, makine o6grenimi (ML) ve derin
o0grenme (DL) algoritmalarinin kullanan bir¢ok ¢alisma vardir. Derin 6grenme bir¢ok alanda umut
verici gelismeler saglamistir. Ornegin ses tanima, nesne tanima, saghk, egitim, finansal tahminler
vb. Ayrica makina 6grenmesinin uygulandig1 alanlarda ¢ok biiyiik miktarda veri seti, ML ve DL
algoritmalari, algoritmalarin parametreleri ve parametrelerin optimizasyonunun tahminlerin
dogrulugunu 6nemli Slgiide artirabildigi gdzlemlenmistir. Ayrica incelenen veri seti bilyiikligi ve
degerlerin giiriiltii seviyesi, bosluklar, veri setinden yapilan ¢ikarimlari etkiler. Bu sebepten veri 6n
isleme onemli ve gerekli bir makina 6grenmesi adimidir. Incelenen veri setinden sonug ¢ikarmak
icin, makine 6grenmesi modellerinin parametrelerinin girdi degerlerine gore ayarlanmasi gerekir.

Makine 6grenimi algoritmalarinin egitim siirecini ve topolojisini etkileyen bazi faktorler vardir.
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Model parametreleri ve algoritma hiper-parametreleri olarak gruplandirilirlar. Bu tezde bahsi gecen
parametreler algoritma hiper-parametreleridir. Makine 6grenimi algoritmalar1 ve ozellikle derin
Ogrenme gibi karmasik algoritmalar, hiper-parametrelerinin farkli 6rnekleriyle ¢cok farkli sonuglar
iretir. Bunlar g¢alistiklar1 problemlere 6zgii degildirler ve bu nedenle yontemlerinin adaptasyona
ihtiyact vardir. Ayrica kullanilan optimizasyon teknikleri de &nemlidir. Cilinkii yerel optimum
degerler yerine global optimum degerlerin bulunmasi amaglanmaktadir. Basitce hiper-parametre
optimizasyon teknikleri manuel ve otomatik olarak ikiye ayrilir.

Manuel yaklagimlar: Bu yontemde hiper-parametrelerin her biri i¢in en uygun hiper-
parametre degerlerini elde etmek farkli deger kombinasyonlariyla tekrar tekrar denemeler
sonucunda elde edilir. Bunun i¢in bir uzmanliga ihtiyag¢ vardir. Ayrica ¢ok zaman alict zahmetli bir
siirectir.

Otomatik yaklasimlar: Bir¢cok hiper-parametre optimizasyon algoritmasi vardir. Grid
Search, Random Search, Particle Swarm Optimization (PSO), ve Bayesian Optimization (BO)
otomatik hiper-parametre Optimizasyon yontemleridir. Yiiksek hesaplama maliyetleri nedeniyle
otomatik yaklasimlarin uygulanmasi zor olsa da, ancak artik, bilgisayar kiimeleri veya grafik
islemci birimi (GPU) gibi donanimlar sayesinde ge¢misten daha ucuza kullanmak miimkiin
olmustur.

Izgara Arama, Hparam parameters ve Rastgele Arama, hiper-parametre ayarlart igin
manuel olarak girilen bilgilere ihtiya¢ duyarken, BO ilk yapilandirma disinda herhangi bir manuel
girise ihtiya¢ duymaz. BO, ge¢miste basarili olan parametre degerlerini dikkate alarak bir sonraki
parametreleri ayarlar ve bu, istenen sonuglar elde edilene kadar tekrarlanir. Izgara Arama ve
Hparam, uygulama a¢isindan basittir, ancak hangi parametre degerlerinin se¢ilecegi konusunda
deneyim gereklidir. Ayrica parametre sayisi arttik¢a etkinligin oldukga diistiigii ve islem siiresinin
oldukga arttig1 gozlemlenmistir. Tensorboard, makine 6grenimi algoritmalarinin sonuglarinin ve
operasyonlarin i¢ isleyisindeki parametrelerdeki degisikliklerin gorsellestirilmesini ve 6l¢lilmesini
saglayan bir aractir. Bu tezde Random Search, Hparam parameter ve Grid Search optimizasyon
yaklagimlarinda hiper-parametrelerin - gorsellestirilmesi i¢in Tensorboard kullanilirken BO
(Tensorboard BO destegi yok) i¢in kullanilamamaktadir. Modelinizle ilgili sorunlar1 hizli bir
sekilde belirlemenin en etkin yolu, modelinizde neler olup bittigini ger¢ek zamanli olarak grafiksel
olarak gorsellestirmektir. Iste bu sebepten Tensorboard’un katkisi yadsimnamaz. Birgok tahmin
degiskeni oldugunda BO gibi "kara kutu" tahmin yontemiyle iiretilen modelleri yorumlarken
duyarhilik analizini kullanmak olduk¢a faydalidir. En iyi sonucu elde ettigimiz BO-GP Hibrit
LSTM-GRU i¢in duyarhlik analizi yapilarak gorsellestirilmis ve parametreler arast iligki
anlamlandirilmigtir. Hiper-parametrelerin alaka diizeyini anlamak icin derin 6grenme yontemleri
RNN, LSTM ve GRU hiper-parametre optimizasyon yontemlerinden Grid search, ve Random
search ile uygulanmistir. Bayesian Optimization; LSTM, GRU, ve hibrid LSTM-GRU ile

uygulanmigtir.  Modellerin hiper parametrelerine ek olarak, modeller {izerindeki BO i¢
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parametrelerinin optimize edici ve vekil iglevi arastirildi. BO'nun optimize edicileri ve kargilik
gelen vekil islevler GBRT, GP, RF ve ET uygulandi. Boru hatti ile farkli 6grenme yontemlerinden
LSTM, GRU, ve hibrit LSTM-GRU i¢in BO vekil iglevlerinin verimliligi arastirildi. Hibrit LSTM-
GRU BO-GP ile en iyi sonucu elde etti.

Bu yontemlerinin kullandig1 veri setileri aymi sekilde veri 6n islemeye ve normalizasyona
tabi tutulmustur. Ardindan zaman serisi problemine g¢evrilerek her bir yontem RNN, LSTM ve
GRU i¢in; Grid search ve Random search optimizasyon yontemleri uygulanmigtir.

Bu tezin konusu olan MLP, SVM, GRNN, RNN, LSTM, GRU ve CNN algoritmalarinin
oncelikle yapilar1 3.2. Methods bagliginda agiklanmis ve ardindan Bitcoin fiyat tahmini problemi
icin kullanilmistir. Bitcoin kapanig fiyati, altin, Ethereum, ham petrol, dogal gaz, ve dolar-euro
paritesi fiyatlarinin Bitcoin fiyat tahmine katkilarinin olumlu ya da olumsuz etkilerini anlamak i¢in
her bir algoritmaya bu veri setleri uygulanmistir. Her bir algoritmaya i¢in ilk olarak Bitcoin kapanig
fiyat1 algoritmalarin farkli parametreleri ile denenmis daha sonra ayni parametrelere Bitcoin
kapanig fiyatina sirasi ile altin, Ethereum, ham petrol, dogal gaz, ve dolar-euro parity fiyatlarinin
her biri eklenerek algoritmalar ¢alistirllmistir. Elde edilen sonuglar MSE, ve MAPE igin tablolara
yerlestirilmis ve en iyi iki sonug i¢in veri seti ii¢lii olarak kullanilmigtir. Elde edilen sonuglar ve
veri setlerinin tamami birlestirilerek elde edilen sonuglarla birlikte her bir algoritma i¢in toplam
sekiz adet deney yapilmig ve deneylerin sonuclari tablolara yerlestirilmistir. Ayrica her bir
algoritma i¢in farkli sayida parametreleri i¢in yapilan deneylerin sonuglar1 da tablolarda yer
almaktadir. MLP ; activation function ve solver, SVM; kernel, LSTM; neuron, activation function,
optimizer, GRU; neuron, activation function, optimizer, ve CNN; filter size, activation function,
optimizer gibi algoritma parametreleri i¢in elde edilen parametrik sonuglar veri setleri sonuglari ile
birlikte tablolastirilmustir.

Bir tahmin yonteminin performansi degerlendirilirken, modelin i¢ parametrelerinin
Ogrendigi veri seti ile degil de yontemin daha dnce gormedigi verilerle test edilmesi gerekir. Aksi
halde ¢ok yiiksek dogruluklar elde edilirken buna asgiri uyum denir ve yeni bir veri ile
karsilastiginda model diisiik performans gosterir. Bu sebepten makina 6grenmesi algoritmalari
kullanilirken 6grenme ve test veri setine ayirma yontemi kullanilir. Bu tezdeki biitiin deneylerde
veri seti 0grenme ve test olmak iizere ikiye ayrilmigtir. Veri setini ayirma iglemleri i¢in sklearn
kiitiiphanesinden model selection 6zelliginin train test split kullanilmistir. Veri seti ayrilma
oranlar1 0.8 egitim verisi ve 0.2 test verisi olarak ayrilirken zaman serisinde verilerin siralamasi
onemli oldugundan shuffle=False olmasina dikkat edilmistir.

Ayrica hiper-parametreler ayarlanirken parametrelerin farkli olasiliklart icin deneyler
yapilirken sizmalar olabilir. Bu sizmalarin etkisinden kurtulmak i¢in veri setini egitim, test, dogrula
diye ii¢ gruba ayirmak bir yontem olabilecegi gibi onun yerine ¢apraz dogrulama da kullanilabilir.

Bu tezde veri seti egitim, test olarak ayrilmis ve capraz dogrula ozelligine sahip tiim

deneylerde ¢apraz dogrulama kullanilmis olup cv=3 olarak kullanilmistir.
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Bolim 1 de ‘Introduction’ baghigi altinda Bitcoin ve makine dgrenme yontemlerinden
kisaca bahsedilmis ve tezin konusuna giris yapilmistir.

Bolim 2 de ‘Preliminary Work’ bagligi altinda Bitcoin fiyat tahmini hakkinda olan
makaleler 4 ana baglik altinda incelenmistir. ‘Causality’ basliginda Bitcoin fiyat1 ile nedensellik
iligkilerinin incelendigi c¢alismalar yer almakta ve bu makaleler Tablo 1 Gzetlenmistir. ‘Time
interval’ basliginda Bitcoin fiyat tahmini ile ilgili caligmalar kullandiklari veri setileri zaman araligi
acisindan incelenmistir. ’Hyper-parameter optimization’ bagliginda Bitcoin fiyat tahmininde
optimizasyon yontemleri kullanmis olan g¢alismalar incelenmis ve Tablo 2 de Ozetlenmistir.
’Methods’ bagligi altinda daha onceki calismalar kullanilan ydntemler agisindan incelenmis ve
Tablo 3 de 6zetlenmistir.

‘MATERIAL AND METHODS’ bashgi ‘Material’ ve ‘Methods’ olarak iki baslikta
incelenmigtir. ’Material’ basliginin altinda ‘Datasets’ tezde kullanilmig olan Bitcoin, Ethereum,
altin, Dolar Euro degisim orani, ham petrol ve dogal gaz i¢in 7 Agustos 2015 den 13 Aralik 2022
tarihleri araligindaki fiyatlar1 igeren verilerle hazirlanmistir. Tezde kullanilmig olan yontemlerin
performanslarini degerlendirmek icin kullanilan metrikler MSE, RMSE, MAE, ve MAPE olup
‘Performance metrics’ basligi altinda matematiksel formiilasyonlar1 yer almaktadir. ‘Min-Max
normalization” bashgi altinda normalizasyon tekniginin formiilii yer almaktadir. Bu tezde
kullanilan her bir veri seti ML yontemleri ile kullanilmadan once normalize edilmistir.
Normalizasyon yontemlerinden ‘Min-Max normalization’ tekniginin kullanilmasinin sebebi
Bitcoin fiyatinin ¢ok biiyiik degerler almasidir. Ayrica veri setleri arasindaki sayisal farklardan
olusabilecek hatalar1 en aza indirerek aralarindaki artis azalig trenlerini yakalamaya olanak
saglamaktadir. Boylece tiim veri setlerinin degerleri [0,1] araligina indirgenmistir.

’Methods’ baslig1 altinda bu tezde kullanilan 7 adet ML algoritmast MLP, SVM, GRNN,
RNN, LSTM, GRU ve CNN ayr1 ayr1 incelenmis ve yapilari agiklanmistir. Ayrica bu tezde, hiper-
parametrelerin 6grenme tizerindeki etkisini anlamak igin geri gitme, dénem, parti boyutu, birakma,
aktivasyon fonksiyonu, optimize edici, 6grenme hizi ve katman sayisi parametreleri manuel olarak
'Parameter of RNN-LSTM-GRU' bagligi altinda her biri i¢in alt basliklarda degerlendirilmistir.

Ayrica, ML uygulandig1 alanlarda veri seti, model parametresi sayisi ve parametrelerin
optimizasyonu tahminlerin dogrulugunu o6nemli Olgiide arttirdi§i i¢in  ‘Hyper-parameter
optimization’ baslig1 altinda 4 yontem i¢in ‘Hparam parameters’, ‘Grid Search’, ‘Random Search’
ve ‘Bayesian optimization’ yontemleri; LSTM ve GRU ve hibrit LSTM-GRU algoritmalarina
uygulanmis ve sonuglar her bir baglik altinda 6nce yontem kisaca aciklanmis ve ardindan sonuglar
eklenmistir. BO i¢cin LSTM ve GRU ve hibrit LSTM-GRU modelleri i¢in optimizer ve vekil
islevler optimize edilmis ve sonuglar tablolastirilmistir.

Veri setleri ile deneyler yapilirken Bitcoin fiyati ilk tekbasina tahmin i¢in kullanilmis ve
daha sonrasinda her bir veri seti ile ‘csv’ formatinda birlestirilerek zaman serisine ¢evrilmek sureti

ile ertesi gilin fiyatlar1 tahmin edilmistir. Tahminler yapilirken her yontem igin veri setleri tek tek

VI



incelenmis ardindan ¢ikan en iyi iki sonug ile birlikte yapilan tahmin sonucu ve tiim veri setlerinin
yer aldig1 tahminler tablolastirilmistir. Béylece her bir yontem igin toplam sekiz deney yapilmis ve
sonuglar ‘RESULTS AND DISCUSSIONS’ bagligt altinda incelenmistir. Sonuglar ‘Results’
altinda yer alirken ‘Discussion’ da result bagligindaki sonuglarin literatiir ile karsilastirilmasina yer
verilmistir. Son olarak ’"CONCLUSIONS’ baslhigi altinda tezdeki her bir baslik altinda yer alan

sonuglarin degerlendirilmesinden ulasilan genel sonug ve dnerilere yer verilmistir.
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1. INTRODUCTION

Cryptocurrencies are a new investment vehicle in global finance. Its identity, structure, and
function constantly evolve thanks to its great potential and applicability to different fields.
Cryptocurrencies are growing rapidly and are increasingly seen as a recognized investment vehicle
(Abboushi, 2017). Bitcoin is a decentralized digital currency system (Rahouti et al., 2018). There is
no central authority in the Bitcoin system to issue new money or verify transfers, as in fiat money.
Cryptocurrency has been developed to avoid using reliable third parties such as banks, cards, and
governments and to avoid time delays and money redirection costs (Juarez and Manzanilla, 2019).
The virtual currency system was announced by (Satoshi, 2008), and in 2009 Bitcoin was applied as
the core component of Bitcoin. The first cryptocurrency is distinguished from the others because it
is well-known, and many cryptocurrencies are clones of it (Rauchs and Garrick, 2017). In the
Bitcoin network, which includes miners, all transactions are carried out through miners in the
network. Bitcoin is an open-source online system that conducts on different operating systems and
devices. It can be downloaded from https://bitcoin.org or any other website to join the Bitcoin
network. The entire history of transactions, is called a Blockchain ledger and downloaded for free.
Users have anonymity; while transactions can be viewed, no information about whom they belong
to can be seen. Unlike traditional methods, banks, and official currencies, the Bitcoin system is
designed so that there is no central authority. In this structure, which consists of miners without a
central authority, transaction data are kept in Blockchain. It also provides anonymity by allowing
users to transact financial transactions without revealing personal information (Jianfu, 2014). These
systems provide users with data security, privacy, and solutions for double spending problems
using an access control mechanism via Blockchain and decentralized network. Blockchain is a
ledger that records and verifies transactions on the Bitcoin network. The Blockchain ledger is open-
source and not owned by any other protocol or governing authority. All computing devices
participating in the protocol can access this shared public ledger and store transaction logs.
Cryptographic blocks are used to verify the transaction. All blocks can be monitored, added, and
verified. Blockchain ensures that the integrity of the Bitcoin system is maintained. Since each block
consisting of many transaction records is associated with the hash value and the previous block
information, the user can see the transaction details, ensuring that the written transaction has not
been changed. Only valid transactions are stored in memory and are adjacent to the Blockchain
(Prachi and Sudhir, 2019). Since the Bitcoin network is 24/7 regarding working hours and days,
transactions and price changes can be seen instantly. The state of this price change timeframe
allows for using short or long timeframes as desired, making it possible to obtain many different
datasets in varying timeframes. In addition to the time variability, Bitcoin is an environment where
everyone can see the transfers. Due to the extreme volatility of the Bitcoin price compared to other

investment instruments, investors have increased their interest in price prediction with the



possibility of making high returns. For this reason, it has attracted many researchers' attention and
articles about price prediction with machine learning. Machine learning looks for patterns in the
dataset and tries to conclude. Many features such as daily opening, closing, highest, lowest price,
and volume in the Blockchain structure can be added to the data set, and causality can be searched
for price prediction. For most of the Bitcoin price prediction problems, was used, the closing price
(Tandon et al., 2019; Hamayel and Owda, 2021; Drahokoupil, 2022; Aras, 2021) and some
multivariate datasets (Cavalli and Amoretti, 2021; Rajabia et al., 2022). In general, hourly
(Gradojevic et al., 2023) and daily (Gong and Huser, 2022; Felizardo et al., 2019) datasets are used
in forecasting problems, while more sensitive minute (Thearasak and Thanisa, 2018; Aggarwal et
al., 2019), and second datasets are used in real-time forecasting.

While examining the studies that make Bitcoin price estimation, it was necessary to look at
the differences in methods, the datasets, optimization, and the effect of causality relationships on
the results. From the comprehensive review article on Bitcoin price prediction, they concluded that
machine learning (ML) and deep learning (DL) algorithms play an essential role and that the
accuracy of the prediction largely depends on the input characteristics and the ML/DL technique
used. Better predictions can be made through price prediction model selection, optimization, and

incorporation of different data sources into the dataset to provide a reference for investors to avoid

risks.

In this thesis, two data sets were used in terms of time intervals, daily and hourly.

Daily datasets are Bitcoin close, dollar-euro parity, gold price, natural gas, crude oil, and
Ethereum.

These data sets were placed in the tables, first as a single one, then by combining the two
data sets that gave the best results for each model. Finally, we experimented with each model for
eight different data sets with the data set altogether. These operations were performed for each ML
algorithm, like MLP, SVM, GRNN, RNN, LSTM, GRU, and CNN. Seven algorithms and a few
parameters determined by these algorithms experimented with each data set separately. In the
review articles (Kervanct and Akay, 2020; Khedr et al., 2021), LSTM and GRU are popular
estimation approaches, so they were chosen for hyper-parameters optimization. There are many
methods and libraries for hyper-parameter optimization. This thesis applied the hparam parameter,
grid search, random search, and BO methods to LSTM and GRU models for the Bitcoin price
prediction problem. Hparam parameter, grid and random search require manually entered
information for hyper-parameter settings, while BO does not need manual input other than the first
configuration. BO adjusts the following parameters, taking into account parameter values that were
successful in the past, and these repeat until the desired results are obtained. Thanks to this
structure, using BO will save time and provide opportunities for real-time applications. The
performance is increased by the hybrid models (Aras, 2021). So we added hybrid models of GRU
and LSTM to BO. Hparam parameter with LSTM; grid and random search with RNN, LSTM, and



GRU; BO with LSTM, GRU, and Hybrid LSTM-GRU experiments performed. The data set was
subjected to data preprocessing and normalization. After the normalization process, the data set is
turned into a time series problem by shifting one day (or hour), and it is ready for use in
experiments.

Hyperparameter optimization methods (BO), Hparam parameter, random search, and grid
search were examined. Models with BO achieved better results than others. To improve LSTM,
GRU, and Hybrid LSTM-GRU results with BO; GBRT, GP, RF, and ET were applied to
optimizers and corresponding surrogate functions. We explore the efficiency of BO surrogate
functions on different learning methods with the pipelines. Using BO will save time and provide
opportunities for real-time application. To our knowledge, for the Bitcoin price prediction problem,
no such study has been published in the literature using an optimal model framework based on the
optimal hyper-parameter set provided by the BO optimizer and corresponding surrogate functions

RF, GP, ET, and GBRT.

The contribution of the thesis, Bitcoin price prediction problem literature, is below;

1. Using machine learning algorithms like MLP, SVM, GRNN, RNN, LSTM, GRU, CNN,
and hybrid LSTM-GRU (GRU-LSTM)

2. Includes experiments with each machine learning model with the combinations of Bitcoin,
gold, crude oil, natural gas, Ethereum, and dollar-euro parity gold, crude oil, natural gas,
Ethereum, and dollar-euro parity datasets.

3. A few articles used more than one Optimization technique in the literature, and this thesis
aims to provide a broader perspective by using Grid Search, Random Search, BO, and
optimized BO.

4. For the Bitcoin price prediction problem, no such study has been published in the literature
using an optimal model framework based on the optimal hyper-parameter set provided by
the BO optimizer and corresponding surrogate functions RF, GP, ET, and GBRT.

5. It allows comparing previous studies by listing the best results with four different score
values (MSE, RMSE, MAE, MAPE).

6. Hyper-parameters were included and evaluated, which yielded the best results for each
technique.

7. It contains the best results among the reviewed articles for the three parameters:
MAE=0.002302, MSE=0.000015, and RMSE=0.003269.

8. While it provides an hourly prediction opportunity for investors, it will also give an

overview of the future price with its prediction in a time interval such as 30 days.






2. PRELIMINARY WORK

This section analyzed previous articles in terms of causality, time interval, hyper-parameter
optimization, and methods. In reference (Kervanci and Akay, 2020), Bitcoin review paper,
statistical methods, machine learning -statistical methods, machine learning-machine learning,
frequency effect of the selected time, the impact of social media, and web search engine, causality,
optimization of hyperparameters are examined under seven headings. However, since certain ML

methods will be used in this thesis, method groups have been discussed under four main headings.

2.1. Causality

The Generalized Auto Regressive Conditional Heteroskedasticity (GARCH) model was
used for Bitcoin price prediction (Baur et al., 2018). They found that the dollar and gold have a
causality relation to Bitcoin. According to reference (Smith, 2016), gold is the most convenient
way to think about Bitcoin. While market exchange rates are not affected by changes in Bitcoin
prices, Bitcoin exchange rate volatility is one of the sources of other cryptocurrency's price
volatility. According to (Baur et al., 2018), Bitcoin differs from fiat currencies and gold.
Autoregressive-Distributed Lag (ARDL) and Nonlinear Autoregressive-Distributed Lag (NARDL)
models were used to examine the relationship between Bitcoin and gold (Bouri et al., 2018). So
they found no link between Bitcoin and gold prices in the short and long terms. (Bouoiyour and
Selmi, 2015) stated that used ARDL and found that the gold price has no considerable effect on
Bitcoin. The effect of gold on the bitcoin prediction performance, CNN, LSTM, and GRU models
were used (Aggarwal et al., 2019). LSTM obtained the best RMSE result among them. When the
gold price was added as a parameter to the Bitcoin dataset, and the tests were repeated for the
LSTM, CNN, and GRU models, no positive effect of gold on the Bitcoin price was observed.
According to (Gkillas et al., 2020), they detected closer relationships between gold and Bitcoin
compared to crude oil and Bitcoin as well as crude oil and Bitcoin.

They are (Okorie and Lin, 2020) examined the link between crude oil and cryptocurrency
markets. Their study, which they took as examples of Bitcoin, the top four, and the bottom five
cryptocurrencies by market value, showed that both bidirectional and unidirectional volatility
spread from the crude oil market to the cryptocurrency markets.

According to (Ghorbel and Jeribi, 2021), there are interdependencies between
cryptocurrencies, and secondly, there is a bidirectional volatility spillover between cryptocurrencies
and stock indices, oil, and gold markets.

They stated (Moussa et al., 2021) that natural gas does not influence Bitcoin, while Gold
and Oil Brent Crude logarithmic prices potentially and significantly affect Bitcoin. As stated (Jiang
et al., 2022), Bitcoin, gold, foreign exchange, and natural gas markets serve as volatility

communicators.



They are (Beneki et al., 2019) found that while showing a volatility transfer from Bitcoin
to Ethereum that peaked quickly and disappeared over a long period, the reverse effect was
significantly weaker.

As stated by (Balcilar et al., 2017), volume positively affects price prediction when there
are no fluctuations in the Bitcoin market. However, when the market is volatile, the estimation
from the historical Bitcoin price produces the best results, and the volume is insignificant.
According to (Aalborg et al., 2019), Bitcoin price changes can be predicted reasonably from its
historical values. In this respect, Bitcoin is like any other financial asset. They also found that

Bitcoin's trading volume improves predictions of Bitcoin volatility.

Table 2.1. Causality relation with the Bitcoin price prediction papers is as follows

correlation no correlation

Gold (Baur et al., 2018), (Smith, 2016), (Bouoiyour and Selmi, 2015), (Bouri
(Gkillas et al., 2020), (Moussa et al., etal., 2018), (Aggarwal et al., 2019)
2021), (Ghorbel and Jeribi, 2021)

Dollar-euro (Baur et al.,2018), (Smith, 2016), (Bouri et al., 2018), Arma Model
Garch Model (Szetela et al., 2016) (Szetela et al., 2016)

Crude-oil, (Gkillas et al., 2020), (Okorie and
Lin, 2020), (Ghorbel and Jeribi,
2021)

Natural gas (Jiang et al., 2022) (Moussa et al., 2021)

Ethereum (Beneki et al., 2019)

Other (Ghorbel and Jeribi, 2021)

cryptocurrencies

Social media (Martina et al., 2015), (Kaminski and

Lab, 2016), (Garcia et al., 2014),
(Shen et al., 2019),

Bitcoin volume  (Aalborg et al., 2019), (Balcilar et al.,
2017)

Bitcoin (Balcilar et al., 2017), (Aalborg et al.,
historical price 2019)

They showed linkages between markets in the short, medium, and long term, but
cryptocurrencies are relatively insulated from these market shocks and stand out from popular
financial assets (Corbet et al., 2018).

As stated in (Szetela et al., 2016), GARCH models have identified some reliance between
Bitcoin and US Dollar, Euro, and Yuan, while Autoregressive Moving Average (ARMA) analysis
has no relationship found. They examined tweet data and Web Search engine results for Bitcoin's
price prediction. They found a significant correlation between Google Trends data and tweets.
They confirmed that the number of tweets about Bitcoin prices in a positive mood could predict
changes in Bitcoin prices. Also, in this study, positive and negative tweets about Bitcoin price are

interpreted as a reason for Bitcoin's increasing popularity (Martina et al., 2015). Furthermore,



studies such as (Kaminski and Lab, 2016; Garcia et al., 2014; Shen et al., 2019) were conducted.
They said it has little effect on Bitcoin price when examining the relationship between Bitcoin,

Twitter, and Google Trends.

2.2. Time Interval

Applying DL is demanding and requires many learning samples (Devavrat and Kang,
2014; Madan et al., 2015). This thesis uses a daily data set while making Bitcoin price predictions.
In addition to the daily data set, estimations were made with the hourly data set, and these two were
compared. The hourly data set produced better results because it contained more data and was more
sensitive than the daily data.

The following articles contain Bitcoin price predictions made with data sets in different
time ranges, and the smallest time interval is not always recommended. In (Shintate and Pichl,
2019), they used time intervals of 1-minute and 30-minutes. They preferred the 30-minutes dataset
due to the difficulties and losses of using the data in the 1-minute timeframe online. They used
three different length datasets with Represent Bayesian regression algorithm and k-means. These
datasets consist of 30-minutes, 1-hour, and 2-hours of data. K-means achieved a return of 89% with
a 1-hour dataset in 50 days. They recommended the 1-hour dataset, as the 1-hour dataset provides
the best returns (Devavrat and Kang, 2014). (Madan et al., 2015) compared the 10-minutes and 10-
seconds datasets, they found that the 10-minutes dataset gave better results regarding sensitivity
and specificity. Although the 10-seconds dataset predicts the price changes more accurately, they
suggested the lower margin of 10-minutes because the algorithm could not send trades in the 10-
seconds timeframe. The estimation made with the daily average value created by averaging the
minute and second data set during the day gave the best results (Thearasak and Thanisa, 2018).
They used Theil-Sen Regression, LSTM, Huber Regression, and GRU. As a result, GRU achieved
the best results MSE of 0.00002. Based on (Karasu et al., 2018), they are used daily close price of
price prediction.

In addition, considering the previous studies, using the hourly data set is quite reasonable,

as minute and second data sets require a lot of disk space, and there are missing data.

2.3. Hyper-parameter Optimization

Since hyper-parameters are dataset and model specific, their setting is not global, and it
does not have the same values and effects for the problem and model, and it must be repeated with
each change. Some hyper-parameters in neural networks are learning rate, weight initialization,
network layers, and the number of neurons (Yu et al., 2020). They are judged on their results in
terms of learning rate. (Breuel, 2015) examined batch sizes, momentum, different non-linearities,
and peephole parameters on the learning rate. This thesis uses BO, Hparam parameter, random

search, and grid search methods for hyper-parameter optimization, while (Aggarwal et al., 2019)



and (Singh and Agarwal, 2018) only use grid search. As stated in (Buslim et al., 2021), ML models
like LSTM, GRU, and RNN used grid and random search for hyper-parameter optimization.
According to (Singh and Agarwal, 2018), after normalizing the Bitcoin and Ethereum datasets with
the Min-Max normalization technique, they optimized the SVR, K-Nearest Neighbors (KNN), and
Polynomial regression methods with grid search. In (Pour et al., 2022), they used LSTM with BO.
In (Fadil et al., 2021), they used SVR with grid search.

Table 2.2. Hyper-parameter optimization for the Bitcoin price prediction papers is as follows

Year Authors Optimization Methods

2018 (Singh and Agarwal, 2018) Grid search Polynomial regression,
SVR, and KNN
regression

2018 (McNally et al., 2018) BO RNN, LSTM

2019 (Felizardo et al., 2019) Random search ARIMA, RF, SVM,
LSTM, and WaveNets

2021 (Buslim et al., 2021) Grid search and GRU, RNN, and

Random search LSTM

2022 (Drahokoupil, 2022) BO XGBoost

2022 (Lahmiri et al., 2022) BO SVR

2022 (Pour et al., 2022) BO LSTM

2022 (Tripathi and Sharma, 2022) BO LSTM, BiLSTM,
CNN- BILSTM,
DANN

2023 (Kervanct and Akay, 2023) Hparam LSTM

As shown in Table 2.2, while BO is the most used method, there is no study in which all

three are combined for Bitcoin price prediction.

2.4. Methods

They used the hybrid process, ARIMA, and VAR parametric techniques for input selection,
and after that, SVR and ANN nonparametric techniques for prediction (Ince and Trafalis, 2006). As
a result, SVR exceeds the ANN, and hybrid methods perform better than naive. They used MLP-
based NARX, MA, and PSO algorithms for the prediction model (Indera et al., 2017). This model
has an acceptable correlation coefficient at the 95% confidence limit. They compared prediction
performance between statistical models and machine learning methods. They used ARIMA,
Bayesian optimized RNN, and LSTM (McNally et al., 2018). The ARIMA predictions were
insufficient, while LSTM gained the maximal accuracy, and the RNN gained the minimal RMSE.
LSTM and RNN were examined between 50 and 100 days, and the best prediction for LSTM was
100 days, while RNN was 50 days. They used the 1-minute dataset with Theil-Sen Regression,



Huber Regression, LSTM, and GRU for prediction (Thearasak and Thanisa, 2018). As a result,
GRU has the best MSE at 0.00002. They used LR, L-SVM, and P-SVM for Bitcoin closing price
prediction (Karasu et al., 2018). Bitcoin's closing price was predicted for the MA and WMA filters
using the time series containing data for the daily closing price, highest price, and lowest price.
When the estimates were evaluated regarding MSE, the P-SVM performed 0.00075, while the LR
performed the worst. Based on (Shen and Wan, 2019), the daily interval trading dataset was used
for the examination from April 30, 2013, to November 20, 2018. GRU, GARCH, and ARIMA
methods were examined. GRU will outperform GARCH using historical datasets if it has enough
datasets to learn. As a result, the GRU model outperformed the GARCH model. Based on (Ze et
al., 2019), the GARCH model, SMA, and GRU are used, and the GRU model outperformed the
other models.

Based on (Mangla et al., 2019), SVM, RNN, Logistic regression, and ARIMA methods
were used, and their results, respectively, were 48%, 50%, 47%, and 53%. Regarding the prediction
accuracy of these methods, ARIMA has an accuracy of 53% for the next day, and its performance
gradually decreases as the number of days to predict increases. But RNN accuracy is 50% up to 6
days.

Based on (Dutta et al., 2020) used a number of exogenous and internal variables with RNN,
LSTM, and GRU models to predict Bitcoin price. As a result, GRU found better results than LSTM
and RNN in a shorter time. GRU and LSTM achieved the same results as the training dataset, while
the test dataset with GRU had 0.005, better results than all others.

They used Bitcoin, Ethereum, and Ripple (Livieris et al., 2021). These cryptocurrency
datasets are examined separately in CNN and LSTM hybrid models. After that, merge the three of
them, then use layers. Their results for Bitcoin MAE=169.817 and RMSE=256.688.

Based on (Parekh et al., 2022), Dash, Litecoin, and Bitcoin datasets are generated and
normalized to [1-10]. LSTM and GRU layers are applied to these datasets and combined with
results from DL-GuesS, a hybrid model based on Twitter sentiment. The best results for Dash are

MSE=0.0011, MAE=0.0196, and MAPE=4.4089.



Table 2.3. ML and conventional statistical methods papers
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3. MATERIAL AND METHOD

3.1. Material
3.1.1. Datasets

Gold, crude oil, natural gas, Ethereum, the dollar-euro parity, and Bitcoin data sets were
downloaded from https://www.investing.com/. These datasets consist of time series 7 August 2015

to 13 December 2022. Gold, crude oil, natural gas, Ethereum, and Bitcoin prices are in dollars.

Table 3.1. Daily datasets to use for Bitcoin price prediction

Datasets Contents

X1 Bitcoin

X2 Bitcoin, gold

X3 Bitcoin, Ethereum

X4 Bitcoin, crude-oil

X5 Bitcoin, dollar-euro parity

X6 Bitcoin, natural gas

X7 Bitcoin, gold, Ethereum

X8 Bitcoin, gold, crude-oil

X9 Bitcoin, gold, dollar-euro parity

X10 Bitcoin, gold, natural gas

X11 Bitcoin, Ethereum, crude-oil

X12 Bitcoin, Ethereum, dollar-euro parity
X13 Bitcoin, Ethereum, natural gas

X14 Bitcoin, crude-oil, dollar-euro parity
X15 Bitcoin, crude-oil, natural gas

X16 Bitcoin, dollar-euro parity, natural gas
X17 Bitcoin, gold, Ethereum, natural gas, dollar-euro parity, crude-oil
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Historical price of Bitcoin 2015-2022 Historical price of Crude-oil 2015-2022
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Figure 3.1. Historical price

X1: used daily closed prices and dates. The data set was subjected to data preprocessing,
and the Min-max normalization technique was applied and then used the shift method. In this
method, the closing price of Bitcoin was shifted one day, and each day was prepared to be
estimated the next day, so it was transformed into a time series problem. All data sets are converted
into time series like the X1 data set, then relevant fields are added, and normalization is done. The
normalization technique is min-max normalization. And then, the train_test split function of the
'sklearn.model_selection' library is used for dividing datasets.

X_train, x_test,y_train,y_test = train_test_split(X,y, test_size = 0.2, shuf fle = False)

Datasets were divided into training 80% and test %20 subsets.

12



3.1.2. Performance Metrics

There are many performance and error measurement methods for regression and
classification problems. But while there is no definitive document or recommendation on which
metric is appropriate for particular problems and datasets, there are studies on it (Naser and Alavi,
2021). Since a single error metric is not used in the articles that make Bitcoin price predictions, the
error rate metrics MAE, MAPE, MSE, and RMSE are used to increase comparability with different
articles. In this thesis, four metrics are used, and given below with their formulas.

X=predicted value, Y=real value, m=number of value;

Z|yj _Xj |

MAE :HT Equation 3.1
Z(| yj _Xj |/yj)
MAPE == ~ *100 Equation 3.2
Z‘ yj _Xj |2
MSE :HT Equation 3.3

RMSE = Equation 3.4

3.1.3. Min-Max Normalization

Normalization, which is the preprocessing step, is a scaling technique. When predicting,
creating a new range for very large or small dataset features is helpful. It fits each field in the
dataset into a uniform scale while preserving the relationship between the dataset and the

normalized dataset (Saranya and Manikandan, 2013). Min-max normalization was applied to all

data sets in this thesis. The Min-Max formulation is as follows Yi values are in the range of[0,1].

A is a original dataset,
Predefined range [B,,B, ], Equation 3.5
A —Min(A)

A o) = *(B,—B)+B
i(Min-Max Normalized) (MaX(A)—M|n(A)) ( 2 1) 1
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3.1.4. The Structure of Bitcoin

Bitcoin's "electronic payment system based on cryptographic proof" was announced for the
first time in 2008 by Satoshi Nakamoto (Satoshi, 2008). Bitcoin stores digital money and transfers
in a distributed digital ledger without a central authority or database. This digital ledger structure is
called Blockchain. Blockchain is distributed data among nodes, and once the information processed
there is immutable, anyone can view the information and question the validity of transactions
(Yaga et al., 2018). Thanks to this unchangeable structure, Blockchain is a suitable solution for a
wide variety of uses. Blockchain is cryptocurrencies, smart contracts, and distributed ledger
systems (Sherman et al., 2019).

Blockchain application areas are quite wide, for example; ownership, royalty distribution,
judiciary, cognitive computing, IoT, supply chain, and health applications (Ahram et al., 2017).
Articles containing suggestions that each of these areas can be applied have been published (Griggs
et al., 2018; Nugent et al., 2016; Kouhizadeh and Sarkis, 2018; Guo et al., 2020). There are three
types, according to the digital book's access: Open Blockchain, private Blockchain, and consortium
Blockchain (Wang et al.,, 2019). Participants can participate in open Blockchains without
permission, while they can participate in private and consortium Blockchains with permission.
Private Blockchains have a single jurisdiction or organization, but consortium blockchain has
multiple organizations rather than just one (Sukhwani et al., 2017). In consensus-based Blockchain
networks, it is possible to increase the speed and reduce the computational cost depending on the
type of trust and needs among the participants (Yaga et al., 2018). Quorum, Tendermint,
MultiChain, Hyperledger Fabric, Iroha, Symbiont, R3 Corda, IOTA, Kadena, Sawtooth Lake,
Ripple, Chain, and Stellar are examples of Consortium Blockchain Networks (Cachin et al., 2017).

3.2. Methods

This thesis used MLP, SVM, GRNN, RNN, LSTM, GRU, and CNN methods of DL and
ML. All experiments were coded with Python (version 3.9.7) in Spyder (version 5.1.5) with Keras
library (version 2.7.0), Tensorflow (version 2.7.0) backend, and Tensorboard (version 2.7.0). At the
end of each experiment, the kernel is reset so that no results affect each other. Table 3.2 contains all
datasets and combinations of models. After these combinations are applied, the data sets that give
the best two results for each model are combined and applied to the model. As the last step, the
X17 data set, where all data sets are combined, is applied to all models. Thus, model performances

are evaluated with different data sets.
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Table 3.2. Combination of datasets and models for Bitcoin price prediction

Datasets

X1 MLP SVM GRNN  RNN LSTM GRU CNN
X2 MLP SVM GRNN  RNN LSTM GRU CNN
X3 MLP SVM GRNN  RNN LSTM GRU CNN
X4 MLP SVM GRNN  RNN LSTM GRU CNN
X5 MLP SVM GRNN  RNN LSTM GRU CNN
X6 MLP SVM GRNN  RNN LSTM GRU CNN

These seven methods are explained below.

3.2.1. Multilayer Perceptron (MLP)

MLP is called feedforward neural networks or Deep feedforward networks. Usually, more
than one neuron, even with many inputs, may be required. We might need more than one neuron
operating parallel in the 'layer' (Nazzal et al., 2008). MLP is a fully connected feedforward artificial
neural network (ANN); the input layer connects with neurons in the hidden layer by linking
weights. It maps the inputs to the desired set of outputs by multiplying them by weights and
applying them to the activation function in the neurons. An activation process takes place in each

neuron. The structure of MLP is illustrated in Figure 3.2.

X, —+» bt
° Y2
X, —» R
X;
— —_ Y
Xy
— > Y

Input Layer Hidden Layer Output Layer

Figure 3.2. Multilayer Perceptron (Widiasari et al., 2017)

MLP is called feedforward because information flows from the input layer to the output y
through the activation function, through the intermediate calculations used to define f. The model
does not have feedback links through which outputs are fed back to itself (Goodfellow et al., 2016).
MLP consists of three main parts: an input layer, a hidden layer, and an output layer.

The input and output layers can be accessed directly, but hidden layers cannot (Harun et al.,

2010).
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H,=f (E/Vji)(i +b) Equation 3.6
=

In Equation 3.6, X; coming to each neuron in the hidden layer is multiplied by W}; and bias
is added, and H; obtained through an activation function takes, its place in the output layer as in

Equation 3.7.

y="f (Z T:]ij H; +b,) Equation 3.7

3.2.2. Support Vector Machine (SVM)

The SV algorithm was first developed by Vapnik and co-workers in 1963-1964. After then,
SVM was primarily developed at AT&T Bell Laboratories by Vapnik and co-workers in 1982-
1995. SVM is a supervised learning method; first, SVM was developed to solve the classification
problem. Later, a tool for regression was added and named Support Vector Regression (SVR) to
solve regression problems (Smola and Scholkopf, 2004).

Training dataset

{(XY)) (XY )f =X xR, Equation 3.8

X is input, and Y is output. Our goal is to find a function f(x) for all training data input

pairs with the least deviation & for input X; to Y;. As long as the errors are smaller than &, we ignore

them, and when they are larger, we review and recalculate the V\/i(weights) and bi (bias).

f (x)=(w,x)+bwith weX ,beR Equation 3.9
. . . 1 2
mlmmlzea || wi|

y —(W,x)-b<e Equation 3.10
1 >0 -

subject to
(W, x)+b-y, <¢

In Equation 3.9, the function f can be applied to optimization problems that approximate all

pairs (X;, Y;) with precision&, convex optimization problems. However, in (Cortes and Vapnik,

1995), this is sometimes not the case. When the loose variables gi,é} i apply Equation 3.9 because

it is desired to allow some errors, the optimization problem Equation becomes like 3.10. When

SVM (Equation 3.9) to nonlinear SVR, we get a hyper-parameter C that we can optimize (Equation

3.10). We allow for an extra & ,éj i deviation from the margin of our data.

16



minimize %WTW+ CZ:(gi +<7)
i=1

Yi—(W,x)-b<e+g Equation 3.11
subjectto (W, x)+b-y <eg+¢".
6,, >0
0 if |Cl<e

1S

= . Equation 3.12
| |—¢ otherwise a

SVM algorithms use many mathematical functions defined as different types of kernel
functions. For example Linear, Nonlinear, Polynomial, Gaussian, Radial Basis Function (RBF), the

Gaussian Radial Basis Function, Hyperbolic Tangent, and Sigmoid.

v

Figure 3.3. SVR

We used the SVR of the sklearn.svm library in the Bitcoin price prediction problem.

3.2.3. Generalised Regression Neural Network (GRNN)

GRNN is a radial basis function first introduced by (Specht, 1991). It is similar to the
common FFNN but the process differs from the nonlinear regression idea for functional
assessment. GRNN matches any arbitrary function between input and output vectors, and draws the
function assessment directly from the training dataset (Feng et al., 2017). GRNN can effectively
solve nonlinear problems thanks to its high fault tolerance, strong nonlinear mapping capability,
robustness and simplicity of network structure (Li et al., 2012). The GRNN has layers like the
input, pattern, summation, and output layers. The input layer is fed by vector X and has neurons the
size of vector x.

The X's from the input layer and the ¢ parameter and nonlinear Pj's are calculated as in

Equation 3.13.
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Input Layer Pattern Layer ~ Summation Layer Output Layer

Figure 3.4. GRNN architecture (Li et al., 2012)

(X=X (X-X,)

20°

P =exp Equation 3.13

In the summation layer, two operations occur, as in Equations 3.14 and 3.15.

S,= YR
i=1

Equation 3.14

i=1 Equation 3.15

The simple sum is performed in Equation 3.14, and in Equation 3.15, the results of the

multiplication of the connection weight W; of the values from the pattern layer are summed.

W Equation 3.16

Assuming that there are k output layers, the result from equation 1.14 is divided by each of

equation 3.15 to get k outputs ¥ from equation 3.16.

3.2.4. Recurrent Neural Networks (RNN)

RNNs form loops through connections between neurons, which is why it is called a
recurrent neural network. These loops in the RNN store the data from the previous step and
transmit it as feedback to the neuron in the next step. This mechanism creates an internal memory
and explicitly enables sequential data learning (Madan and Mangipudi, 2018). An RNN allows
information to be carried because it has loops. It makes them different from the other methods;

their memory helps them find correlations between inputs. These circles can be used bidirectional
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and theoretically anywhere in the network (Haykin, 1994). Among other features, the recurring
connection provides a delay as it can store values from the previous time step that can be used in

the current time step. Therefore, it can learn temporary and permanent patterns (Abdennour, 2006).

0
Ot-1 Ot O+t
7
V V V v
Sii St St+
P> — 0—0—0—
W  Unfold W A\ W W
U U U U
X Xt1 X X+

Figure 3.5. RNN architecture (LeCun et al., 2015)

RNNs process an input sequence one element at a time, holding a ‘state vector’ in their
hidden units that implicitly contain information about the history of all the past input sequences. It
becomes transparent how we can apply back-propagation to train RNNs when we think of the
outputs of hidden units at different discrete time steps as if they were the outputs of different
neurons in a deep multilayer network (Figure 3.5 above). RNNs are powerful dynamic systems, but
training them has proved challenging because the back-propagation of gradients either grows or

shrinks at each step. Over many steps, they can explode or vanish (LeCun et al., 2015).

y — output of neuron, f — nonlinear function,
o — activation of neuron Equation 3.17

y=Tf(a)

m — input variables, w, — weights,

7 — threshold, u — input vector, Equation 3.18

m
a=) WU +7,
i=1
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3.2.5. Long Short-Term Memory (LSTM)

LSTM is a special type of RNN developed to solve the exploding or vanishing gradient
problems in traditional RNNs. It is possible, thanks to the gated structure of the LSTM cell, that
decides whether the data in the cells in the current and previous time step can pass or not, thus
keeping its flow under control. As an RNN, the LSTM network has feedback links to maintain
information order, making it a powerful tool for processing sequential data. LSTM can solve
unsolvable time series tasks by feed-forward networks utilizing different time intervals. Time series
data often have cyclic patterns, where the observations rise and fall over long periods. The LSTM
networks can be constructed so that LSTM can remember long-term relationships in the data. The
LSTM networks have been shown to model temporal sequences and their long-range dependencies
more accurately than the original RNN model (Kazybek et al., 2018). We might need five or ten,
operating parallel in what we will call a "layer". This concept of a layer is discussed below. Each
LSTM cell has three gates. The first gate is the input gate, which processes the input information at
a given time. The second gate is the forget gate that allows removing the information from the
previous cell. The last gate merges the information from the input and output gates to feed the next

cell of the LSTM network with selected information (Brunel et al., 2019).
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Figure 3.6. LSTM (Le et al., 2019)

The first step of is ft forget gate in LSTM is to decide which of the incoming data will be
forgotten thanks to the existence of the forget gate.

f(t): G(W[St—l ’XT]+b) Equation 3.19
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The second step is to decide which of the new incoming information should be stored in
the cell or not.
The second step has two layers,

i) It layer decides which values to be updated or not
| (t) = G(W [S,.X] +b) Equation 3.20

ii) Tanh layer that creates a vector of new candidate values Ct
tanh(t) = tanh(W [S..X ] +b) Equation 3.21
Then, update the old cell state, Ct—l into the new cell state Q , which can be given

Ct = CH ft + |t tanht Equation 3.22

Finally, decide what is going to be produced as output. This output will be based on the

cell state, but will be a filtered version. In this step, the output gateq decides what parts

of the cell state are going to be produced as output.
O=0c(W[S,_.X,]+b) Equation 3.23

Then, the cell state Ct goes through the tanh layer and multiply it by the output gate Q as

follows.

S =Q tanh(G) Equation 3.24

3.2.6. Gated Recurrent Unit (GRU)

Based on (Cho et al., 2014), GRU was suggested in 2014. GRU solves the disappearing

gradient problem in RNNs. Thanks to its gating units, it adaptively controls the flow of information
in each time step. For example, although the gated structure of the GRU is similar to the LSTM
unit, thanks to GRU transition units, it controls the flow of information in the same cell unit
without needing different memories (Chung et al., 2014). The gate mechanisms at the GRU are a
simple copy of the structure of RNNs. Although LSTM and GRU are different from each other,

their gated structures are similar to each other. Deciding which one will perform better, in general,

21



is problematic because it depends on the problem. (Chung et al., 2014; Fu, Zhang, and Li, 2016)
reported that GRU progresses faster. GRU and LSTM get better results than RNNs thanks to the
structure provided by the gating units. RNNs replace the unit's content with calculated from the
new input and the information from the previous state in the hidden layer. But both new

information and old content are preserved in LSTM and GRU.
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Figure 3.7. GRU (Gated Recurrent Unit) (Zhao et al., 2017)

L O(WX[ +Wh—1 + br) Equation 3.25

= o(W, X, +W,h_, +h,) Equation 3.26
o =tanh(W.[roh ] +wWX,) Equation 3.27
h<t) = (1 - u(t)) (hm + U(t))h(t) Equation 3.28

3.2.7. Convolutional Neural Network (CNN)

CNN is known as Convolutional Network. CNN is a data-specific structure with a grid-
type structure, such as images and time series. The convolution layer, one of the essential
components of CNN, is the layer that makes feature extraction from the combination of linear and
nonlinear operations. The structure of CNN has one or more convolutional layers followed by just
like a multilayer neural network with one or more fully connected layers. A convolutional neural
network consists of pooling, fully connected layers, and convolutional. Thanks to a back-
propagation algorithm, it is designed to automatically and adaptively learn spatial hierarchies of
features extracted by the convolution layer (Yamashita et al., 2018). A convolutional layer consists

of three stages. In these stages, it first applies a kernel to its input, performing a series of
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convolutions in parallel to produce a series of linear activations. Each linear activation is executed
via a nonlinear activation function in the second step. The layer's output is modified through the
pooling layer in the third step. (Mai et al., 2018). CNN has achieved a remarkable triumph in
pattern recognition. Instead of features extracted by data analysts, CNNs automatically extract in-
depth features from images. In addition, CNN algorithms used for time series classification
problems are preferred due to weight sharing and rotation advantages (Zhang et al., 2018). Unlike
other feature extraction-based approaches for time series, CNNs can automatically extract and
generate in-depth features of time series thanks to the convolution and pooling layer (Zhao et al.,

2019).

Size of Filters

Convolutional Layers Fully Connected Layers

Figure 3.8. Multiple-channel CNN (Mozo et al., 2018)

X, 1s a time series dataset

Y, denotes the target output

((Xlel):(XZDYZ)ﬂ """"" (XN Sample’YN Sample))
X, e R¥™Y, eR" for ISt<N

Equation 3.29

sample

S — convolution stride, w — weights
C, () » feature map, b — bias

Ik
C.(0)=f(Q D x(+s(t=1), hw,(i, j)+b(r))

i=1 j=l

Equation 3.30

P.() = pooling layer
g — pooling strategy (max pooling) Equation 3.31

P.(t) = 9(C, ((t D] +2),....C, (1)
O() — output layer j=1,2,.....n

) Equation 3.32
O(j)= f(Zz(i)wf (i, )+b, () quation
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3.2.8. Hyper-parameter Optimization Methods

ML is widely used in many application areas, and one of these areas is prediction. In this
thesis, in which machine learning models MLP, SVM, GRNN, RNN, LSTM, GRU, and CNN are
examined, hyper-parameter optimization techniques are essential to determining the values or value
ranges of the parameters that perform well in the models. Using hyper-parameter optimization
methods, we save time, human resources, and processor power required to optimize ML algorithms
containing big data and many parameters.

The methods used in this thesis for optimization are as follows. ‘Hparam’ was imported
from ‘tensorboard.plugins.hparams’ API, ‘GridSearchCV’ was imported from model_selection of
the sklearn library for Grid search, ‘RandomisedSearchCV’ was imported from model selection of
the sklearn library for Random search, and ‘BayesSearchCV’ imported from the skopt library was
used for Bayes optimization.

It is aimed to ensure fairness in comparison by using KerasRegressor as wrappers in the
experiments among the three methods.

In addition, we provide a fair comparison environment using the same set of parameters
and values when comparing ML algorithms (Yang and Shami, 2020). The thesis does not evaluate
all possible values for BO, grid search, and random search. The parameters in this thesis and their
values were decided as a result of the evaluations made on the models. Because it is recommended
to use the model by examining the changing behavior of the model by repeatedly trying to solve the
problem with new values from the set of possible values (Asselman et al., 2021).

The parameters used in hyper-parameter optimization methods in this thesis are as follows.

While defining Keras layers for optimization methods, plain and same layers are used as
much as possible. Below can be seen the sequential model of GRU, LSTM, and RNN with
univariate time series.

Hparam Parameter

Many parameters can be used LSTM with Keras. Keras has two main models: sequential ()
and the model class used with the functional API. This thesis was used as a model, sequential ().To
understand hyper-parameters' effect on learning, this section thoroughly assessed the batch size,
dropout, activation function, optimizer, and learning rate parameters. The results of all
combinations of parameters and their values are obtained and visualized using the hparam
parameter feature of the Tensorboard. The hyper-parameters manual approach shows success that
cannot be ignored. This section used the relatively small time series Bitcoin price as the manual
approach.

Grid Search

Grid search is a traditional optimization technique. A given model performs a complete

search of the subsets in the hyper-parameter space for the specified set of parameters and their

specified values. Grid search is simple in execution, but determining which parameters and the
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values to be given to these parameters from the hyper-parameter space requires expertise. Once the
hyper-parameters are determined, it takes much time as it applies all the combinations for each
value of the parameters (Yu and Zhu, 2020).
Random Search

Unlike grid search, which searches for all combinations one by one, Random search
performs random searches in this combination space, catching or exceeding the grid search results.
With the number of parameters increasing, time and resource savings are achieved using random
search instead of the time and processor power expectation needed by grid search. Based on
(Liashchynskyi and Liashchynskyi, 2019), they are used random search, grid search, and genetic
algorithm.

Their comparative results are as follows;

e Grid search with 83% accuracy in approximately 4.3 hours,
e Random search with 86% accuracy in approximately 2.7 hours, and

e Genetic algorithm with 86% accuracy in approximately 4.13 hours.

As can be seen from this result, random search has reached a higher accuracy rate in a
shorter time. If the search space were larger, the search time would increase too much for grid
search.

Bayesian Optimization

BO is an optimization method used for problems that take a long time to evaluate. A
surrogate function was created to solve the problem, and then the Gaussian process was applied to
this surrogate function. It uses the acquisition function it defines from the surrogate function to

decide which combinations to choose. Among all hyper-parameter combinations, the set of hyper-

parameters evaluated with f(x) and whose error values take optimum values is X *.

- _argmin f(x)

Equation 3.33
Xe X

Prior point of x,_, ( f (X, ) < (bestvalue of f (x) until now )—¢ Equation 3.34
t-1 t

GP is a Gauss process regression.

f(x)~GP(mean(x),var(x,x')) Equation 3.35
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Based on (Frazier, 2018), Bayes optimization is the most suitable method for optimizing
areas with more than 20 dimensions. The all-experiment surrogate function is GP with
BayesSearchCV class of skopt, and the parameter is the base estimator. The different estimators
available for BO are; ET, RF, and GBRT. GP uses a probabilistic regression model, RF and GBRT
models use an ensemble learning strategy. Although they are similar, there are minor differences
between RF and GBRT. The difference between GBRT and RF is that each tree in RF uses a
parallel estimator called bagging. In contrast, GBRT grows trees sequentially, and each tree

receives information from ancestral trees (Yang et al., 2022).
B is a set of regression trees in the GBRT,

Sare the regression values from B tree,

| B | is number of regression trees,

1
mean(X) =— ZS(X) Equation 3.36
| B| seB
1
var(x)* :WZ(s(x)—mean(x))2 Equation 3.37
“lseB

When we use RF as the surrogate function for BO, the estimation result produces a single
result that falls within the training sample boundaries, rather than a probability distribution. To
combine the estimates from the RF, we consider the estimated variances from B different trees as

vary and the mean as mean,, (Jeroen. and Vanschoren, 2021).

1 B
mean(X) = 3 D mean(x), Equation 3.38
B=1
2 1 > 2 2 2
var(x)” = E(Zvar(x)b +mean(X),”) —mean(x) Equation 3.39
B=1

ET can be used instead of RF to reduce variance, although this can cause bias. This helps to
choose the best one from the set of thresholds for the most distinctive point, providing more
randomness with ET modelling for the splitting rule. With ET, we train a set of different decision
trees with randomly selected features, while RF trains trees with bootstrap samples for each
candidate partition based on a randomly selected subset. While RF uses the bagging procedure to
iteratively generate sub-training sets, ET uses all the training examples to construct each tree with a
varying number of parameters. Result of this, the number of ET leaves is larger than RF leaves

(Geurts et al.).
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1 B
mean(X) = 3 D _mean(x), Equation 3.40
B=1

The different estimators for BO are GP, ET, RF, and GBRT were used in the experiments

and their effects on the results are section 4.9.4. Bayesian Optimization.
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4. RESULTS AND DISCUSSIONS

MSE, RMSE, MAE, and MAPE values of the test results obtained for each model, model
parameters, and data sets are in the table under the model headings below. Each model used
Bitcoin, Gold, crude oil, natural gas, Ethereum, and the dollar-euro parity datasets to predict
Bitcoin price. Then, the two data sets that gave the best results which were combined and the
prediction was repeated. Finally, the prediction of the combination of all data sets was added.
These operations are done in seven ML models. All graphs for all models are plotted with MSE
values. Obtained test results were evaluated in terms of each model, and the results obtained from

all models will be evaluated in the conclusion section.
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4.1. MLP

Table 4.1. Results of MLP experiments
Dataset  Activation Solver MSE RMSE MAE MAPE
tanh sgd 0.100643  0.317242  0.285917 0.519764
adam 0.000512  0.022622  0.015445  0.028022
relu sgd 0.284869  0.533732  0.470908  0.832931
X1 adam 0.015512  0.124549  0.098928  0.155063
logistic sgd 0.249535  0.499535  0.450493  0.818814
£ adam 0.070077  0.264720  0.238350  0.433069
tanh sgd 0.245655  0.495636 0.436224 0.764451
adam 0.000583  0.024151 0.016878 0.030502
relu sgd 0.304586  0.551893 0.495346 0.892092
X2 adam 0.005424  0.073649 0.058978 0.097078
logistic sgd 0.253071 0.503062 0.454821 0.829894
& adam 0.082314  0.286905 0.248561 0.426701
tanh sgd 0.214543  0.463188 0.417889 0.759472
adam 0.000564  0.023755 0.016335 0.029291
relu sgd 0.121833  0.349045 0.308657 0.553677
X3 adam 0.006862  0.082840 0.062976 0.098929
logistic sgd 0.266969  0.516691 0.466246 0.847967
£ adam 0.008208  0.090598 0.064052 0.117229
o sgd 0.188982  0.434721 0.394251 0.720935
adam 0.000526  0.022940 0.015792 0.028570
A sgd 0.260243  0.510140 0.463640 0.849250
X4 adam 0.007276  0.085298 0.068289 0.111846
logistic sgd 0.266375  0.516115 0.464617 0.843024
& adam 0.095756  0.309444 0.278179 0.504642
tanh sgd 0.141467  0.376120 0.343016 0.634622
adam 0.000616  0.024828 0.017505 0.031548
relu sgd 0.196693  0.443501 0.397142 0.715863
X5 adam 0.050651 0.225058 0.189396 0.316940
logistic sgd 0.260118  0.510017 0.459380 0.833800
& adam 0.059776  0.244492 0.221902 0.408045
tanh sgd 0.328746  0.573364 0.523490 0.967865
adam 0.000547  0.023383 0.016557 0.030673
relu sgd 0.205461 0.453279 0.404745 0.727188
X6 adam 0.011310  0.106351 0.083517 0.131513
logistic sgd 0.248750  0.498748 0.449051 0.814646
£ adam 0.004545  0.067419 0.060015 0.114894
tanh sgd 0.213996  0.462597 0.425336 0.792651
adam 0.000515  0.022685 0.015600 0.028287
rel sgd 0.229136  0.478682 0.434735 0.796312
X11 e adam 0.031945  0.178733 0.143620 0.227356
logistic sgd 0.269890  0.519510 0.469591 0.855313
£ adam 0.004196  0.064780 0.045136 0.089055
tanh sgd 0.111968  0.334617 0.296843 0.532265
adam 0.002034  0.045104 0.031724 0.056184
relu sgd 0.222701 0.471912 0.414769 0.727953
X17 adam 0.033072  0.181858 0.140651 0.218439
logistic sgd 0.279088  0.528288 0.477754 0.871807
& adam 0.020598  0.143520 0.114779 0.193803
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When Table 4.1 is interpreted as a result of the tests made with MLP, the best estimates are
X1, X4, and X3, respectively. After X1 and X11, X3 and X4 have the best results, except for X17,
all results are close and have acceptable values. When the Crude-oil and Ethereum datasets are
together (X11), the results are better than separately. The activation function and solver from MLP
parameters were evaluated in these tests. All best results without exception were found with the
tanh and adam couple. There are enormous differences in the results achieved by this couple

compared to the others.
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Figure 4.1. Visualized from the results of Table 4.1 (MSE)
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4.2. SVM
Which kernel we use in SVR is essential because it allows us to find the hyperplane that
best fits our data in higher dimensional space with the least cost. For example, linear, RBF,

sigmoid, and poly are used below in Table 4.2 with datasets.

Table 4.2. Results of SVR experiments

Dataset Kernel MSE RMSE MAE MAPE
Linear 0.000976 0.031237 0.026301 0.066896
RBF 0.003472 0.058921 0.048211 0.089939
X1 Sigmoid 0.006749 0.082150 0.064493 0.105727
Poly 0.033106 0.181950 0.172398 0.376170
Linear 0.085592 0.292561 0.252063 0.428608
RBF 0.176499 0.420118 0.370212 0.649947
X2 Sigmoid 0.191976 0.438150 0.387366 0.683343
Poly 1.893713 1.376123 1.085130 1.715022
Linear 0.074066 0.272150 0.233810 0.399076
RBF 0.167847 0.409692 0.362596 0.641485
X3 Sigmoid 0.188755 0.434460 0.385653 0.684897
Poly 5.974187 2.444215 1.607239 2.260458
Linear 0.086222 0.293635 0.252464 0.429853
RBF 0.181679 0.426239 0.377193 0.667109
X4 Sigmoid 0.195465 0.442114 0.392126 0.695645
Poly 0.030858 0.175665 0.140184 0.246120
Linear 0.092487 0.304117 0.268350 0.471804
RBF 0.185969 0.431242 0.385108 0.689003
X5 Sigmoid 0.201374 0.448747 0.400661 0.716725
Poly 0.091909 0.303165 0.272288 0.512899
Linear 0.088571 0.297609 0.259118 0.446926
RBF 0.180479 0.424829 0.376478 0.666621
X6 Sigmoid 0.197920 0.444882 0.395132 0.701953
Poly 1.003797 1.001897 0.729414 1.222657
Linear 0.073807 0.271674 0.231545 0.392484
RBF 0.167528 0.409302 0.361509 0.638263
X11 Sigmoid 0.186458 0.431807 0.382650 0.678348
Poly 0.020601 0.143529 0.112038 0.216219
Linear 0.075022 0.273901 0.232779 0.392555
RBF 0.164314 0.405357 0.357072 0.627432
X17 Sigmoid 0.182601 0.427318 0.377808 0.667055
Poly 0.029910 0.172946 0.149401 0.271501
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Figure 4.2. Visualized from the results of Table 4.2 (MSE)

When Table 4.2 is interpreted as a result of the tests made with SVM, the best estimates are
X1, X4, and X3, respectively. The Crude-oil (X4) estimation was second but about six times worse
than X1 regarding MAPE values. Estimates made with Ethereum (X3) are about 1.6 times worse
than crude oil (X4). As a result of the tests performed with the X11 dataset consisting of X4 and

X3, an improvement of approximately 0.9 was observed. It is seen that X17 dataset results, where
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all the data sets are included, deteriorate compared to X1 and X11 and are better than X2, X3, X4,

X5, and X6. Linear and poly kernel results are reasonable compared to other kernels. However,

only the result of the linear kernel with X1 is acceptable.

4.3. GRNN

PyGRNN library was used for GRNN. ANNs are based on parametric regression, while

GRNN is based on non-parametric regression. The nonlinear relationships of the features in the

X17 dataset were found with GRNN for feature selection in Figure 4.3. All experiments in GRNN

are optimized with a 'warm start'.

Bitcoin

gold

parity  crude-oil Ethereum

predicted  nat.gas

Bitcain gold Ethereum crude-oil

parity natgas predicted

heludad

Excluded

Figure 4.3. All feature space, the relatedness matrix

Table 4.3. Results of GRNN experiments

Dataset MSE RMSE MAE MAPE

X1 0.000358 0.018919 0.013902  0.038798
X2 0.000384 0.019585 0.015156  0.042689
X3 0.000358 0.018920 0.013903  0.038800
X4 0.000373 0.019310 0.014680  0.041060
X5 0.000537 0.023183 0.017434  0.048663
X6 0.000347 0.018638 0.013778  0.038527
X13 0.000355 0.018838 0.013867  0.038729
X17 0.019954 0.141260 0.127335  0.401130
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When Table 4.3 is interpreted as a result of the tests made with GRNN, it is seen best

estimates X6, X1, and X3, respectively. After X6 and X13, X1 and X3 have the best results, except

for X17, all results are close and have acceptable values. When the natural gas and Ethereum

datasets are combined X13, the results deteriorate somewhat compared to the natural gas results.
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Figure 4.4. GRNN predicted-actual price, prediction error, residuals

The results for X6, which consists of natural gas and Bitcoin, where GRNN has the best

results, are shown in Figure 4.4

4.4. RNN

Tensorflow's Keras library was used for RNN experiments. There are three options for

recurrent neural networks in Keras: SimpleRNN, LSTM, and GRU. Only SimpleRNN experiments

were performed under this title.
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Table 4.4. Results of RNN experiments

Dataset | Neurons | Act Opt MSE RMSE MAE MAPE
sgd 0.073137 0.270438 | 0.240464 | 0.428805
tanh adam 0.000727 0.026956 | 0.018597 | 0.031758
o4 sgd 0.085413 0.292256 | 0.257189 | 0.451642
rel adam 0.000521 0.022824 | 0.015600 | 0.028176
X sgd 0.071908 0.268156 | 0.241393 | 0.438468
tanh adam 0.000499 0.022343 | 0.015227 | 0.027981
128 sgd 0.153377 0.391634 | 0.344768 | 0.605592
rel adam 0.000506 0.022501 | 0.015316 | 0.028242
sgd 0.016899 0.129996 | 0.109108 | 0.182453
tanh adam 0.000646 0.025417 | 0.018096 | 0.033529
o4 sgd 0.144569 0.380223 | 0.322105 | 0.538527
el adam 0.000672 0.025924 | 0.018650 | 0.034221
*2 sgd 0.091422 0.302360 | 0.258682 | 0.438319
y’ adam 0.000639 0.025269 | 0.017658 | 0.031094
128 sgd 0.132754 0.364354 | 0.309520 | 0.519905
& adam 0.001042 0.032282 | 0.026845 | 0.056994
sgd 0.003797 0.061619 | 0.041483 | 0.076141
tanh adam 0.001915 0.043759 | 0.030460 | 0.047465
o4 sgd 0.075363 0.274524 | 0.237852 | 0.411959
rel adam 0.002271 0.047659 | 0.038631 | 0.067914
3 sgd 0.013470 0.116061 | 0.095347 | 0.171651
tanh adam 0.000507 0.022523 | 0.015572 | 0.028369
128 sgd 0.137600 0.370944 | 0.320071 | 0.547702
rel adam 0.004225 0.065003 | 0.045567 | 0.069887
sgd 0.006367 0.079793 | 0.070288 | 0.129099
tanh adam 0.001597 0.039965 | 0.031378 | 0.055012
o4 sgd 0.174257 0.174257 | 0.357794 | 0.611904
rel adam 0.021118 0.145320 | 0.108772 | 0.162363
x4 sgd 0.046061 0.214618 | 0.189538 | 0.338870
tanh adam 0.000519 0.022774 | 0.015678 | 0.028499
128 sgd 0.155886 0.394824 | 0.348303 | 0.615553
el adam 0.016268 0.127546 | 0.094659 | 0.141043
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sgd 0.030659 0.175098 | 0.158967 | 0.295783

tanh adam 0.000579 0.024064 | 0.016599 | 0.029881

o4 sgd 0.198756 0.445821 | 0.399489 | 0.721031

el adam 0.047270 0.217417 | 0.188619 | 0.338570

X5 sgd 0.047317 0.217525 | 0.197965 | 0.366448
tanh adam 0.000875 0.029582 | 0.021570 | 0.038014

128 sgd 0.154859 0.393522 | 0.353527 | 0.641313

rele adam 0.038533 0.196298 | 0.170093 | 0.307550

sgd 0.002695 0.051916 | 0.042425 | 0.078905

tanh adam 0.003702 0.060848 | 0.049057 | 0.084329

o4 sgd 0.154413 0.392954 | 0.356558 | 0.659173

rel adam 0.001063 0.032597 | 0.023378 | 0.041030

X6 sgd 0.050836 0.225468 | 0.210435 | 0.409600
§ adam 0.000702 0.026492 | 0.018556 | 0.032145

A sgd 0.167354 0.409089 | 0.359867 | 0.633999

pr adam 0.001066 0.032656 | 0.024651 | 0.047565

sgd 0.001600 0.039995 | 0.030456 | 0.058524

y adam 0.001222 0.034962 | 0.024256 | 0.391475

o4 sgd 0.170253 0.412617 | 0.362058 | 0.636651

rel adam 0.082703 0.287581 | 0.225384 | 0.343367

X11 sgd 0.006266 0.079155 | 0.054832 | 0.100723
tanh adam 0.000658 0.025660 | 0.017767 | 0.030736

128 sgd 0.122604 0.350149 | 0.301364 | 0.520297

el adam 0.059925 0.244795 | 0.188433 | 0.283416

sgd 0.008524 0.092323 | 0.074256 | 0.131506

tanh adam 0.009786 0.098922 | 0.079188 | 0.130007

o4 sgd 0.122033 0.349333 | 0.299539 | 0.512484

el adam 0.211080 0.459435 | 0.402652 | 0.705851

X17 sgd 0.011882 0.109004 | 0.081660 | 0.137030
tanh adam 0.005794 0.076118 | 0.058801 | 0.094987

128 sgd 0.161697 0.402116 | 0.356825 | 0.641701

rel adam 0.200821 0.448131 | 0.380268 | 0.633496

37




When Table 4.4 is interpreted as a result of the tests made with RNN, the best estimates are
X1, X3, X4, X5, X2, and X11, respectively. Except for X17, all results are close to each other and
have acceptable values. When the Crude-oil and Ethereum datasets are together (X11), there was a
slight deterioration in the results than separately. Neurons (64 and 28), Activations (tanh, relu), and
Optimizers (Adam, Sgd) were evaluated in these tests. All best results without exception
were found with the tanh and adam couple. All results except X5, neuron=128, have good results.

All database results with Adam, tanh, and 128 are visualized below in Figure 4.5.

RNN-Bitcoin Pnce prediction with different datasets

Figure 4.5. RNN best result of (MSE) each dataset in Table 4.4

4.5. LSTM

In this thesis, layers and models features of Tensorflow and Keras library were used for

LSTM experiments.
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Table 4.5. Results of LSTM experiments

Dataset  Neurons Act Opt MSE RMSE MAE MAPE

tanh sgd 0.088767 0.297937 0.264901 0.471651

adam  0.000394 0.019857 0.013914 0.026678

sgd 0.144025 0.379507 0.337778 0.601877

adam  0.000380 0.019486 0.013338 0.024971

X1 sgd 0.148086 0.384819 0.342476 0.610194

64

relu

tanh adam  0.000413 0.020322 0.014150 0.025999
128 sgd 0.153936 0.392346 0.349159 0.622125
relo adam  0.000391 0.019777 0.013929 0.026917
tanh sgd 0.048943 0.221231 0.172960 0.272824
6 adam  0.000501 0.022385 0.015495 0.027589

sgd 0.058856 0.242602 0.193142 0.307830
adam  0.000767 0.027692 0.022571 0.048143
X2 sgd 0.081686 0.285807 0.235768 0.386941

relu

g adam  0.001102 0.033194 0.026498 0.048569

128 sgd 0.114572 0.338485 0.288854 0.491310
p adam  0.000428 0.020693 0.014924 0.028655

sgd 0.014164 0.119013 0.099061 0.167296

tanh adam  0.000444 0.021064 0.015070 0.028311

o4 el sgd 0.053731 0.231799 0.200898 0.349024

adam  0.000523 0.022875 0.016253 0.029597
X3 sgd 0.078793 0.280701 0.247764 0.437372

tanh adam  0.000476 0.021811 0.016589 0.034068

128 sgd 0.109103 0.330307 0.290770 0.512460
rel adam  0.000683 0.026134 0.018359 0.031537

sgd 0.086369 0.293886 0.241811 0.396340

tanh adam  0.000665 0.025790 0.019712 0.037244

o4 el sgd 0.130464 0.361199 0.311168 0.534777

adam  0.000648 0.025462 0.019676 0.040110

X4 sgd 0.135266 0.367785 0.318062 0.548863
tanh adam  0.000409 0.020221 0.014057 0.025872

sgd 0.155578 0.394434 0.344891 0.602406

adam  0.000505 0.022465 0.015630 0.028723

128

relu
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sgd 0.127873 0.357593 0.343385 0.695345

tanh adam  0.000485 0.022028 0.015559 0.029390

o4 sgd 0.154395 0.392932 0.367229 0.702767

rel adam  0.154395 0.392932 0.367229 0.702767

X5 sgd 0.155568 0.394421 0.367944 0.701847
tanh adam  0.000650 0.025499 0.017912 0.030926

128 sgd 0.171230 0.413800 0.380194 0.708081

relu adam  0.000446 0.021128 0.015612 0.031531

sgd 0.089525 0.299207 0.235105 0.366289

tanh adam  0.002228 0.047198 0.039098 0.073651

o sgd 0.153959 0.392377 0.337614 0.577631

relo adam  0.000605 0.024590 0.018916 0.039747

X6 sgd 0.132003 0.363323 0.303886 0.503379
tanh adam  0.000607 0.024644 0.017336 0.030780

¥ sgd 0.156704 0.395858 0.341434 0.585784

- adam  0.000524 0.022887 0.016561 0.031513

sgd 0.017194 0.131126 0.099816 0.158864

g adam  0.001425 0.037751 0.027181 0.043922

o4 sgd 0.070147 0.264852 0.222844 0.374146

relo adam  0.001583 0.039783 0.031093 0.061755

X11 sgd 0.064000 0.252982 0.211715 0.352657
tanh adam  0.000811 0.028486 0.020128 0.034273

128 sgd 0.132869 0.364512 0.318846 0.557604

relo adam  0.001082 0.032897 0.026046 0.053694

sgd 0.013241 0.115069 0.094768 0.192318

tanh adam  0.001747 0.041797 0.030125 0.054791

o sgd 0.038238 0.195544 0.154112 0.252719

rel adam  0.008340 0.091326 0.064477 0.172802

X17 sgd 0.041485 0.203679 0.157777 0.251321
tanh adam  0.002108 0.045909 0.034984 0.066756

128 sgd 0.097731 0.312619 0.259589 0.429646

rel adam  0.004292 0.065516 0.048528 0.116860
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When Table 4.5 is interpreted as a result of the tests made with LSTM, the best estimates
are X1, X4, X3, X2, X6, and X5, respectively. All results are close to each other and have
acceptable values. Neurons (64 and 128), Activations (tanh, relu), and Optimizers (Adam, Sgd)
were evaluated in these tests. Since the two best results after X1, X4 and X3, are evaluated together
as X11 (the Crude-oil and Ethereum), there was a slight deterioration in the results than separately.
All best results without exception were found with the adam. There are datasets where the

activation functions tanh and relu give the best results for 64 and 128.

LSTM-Bitcoin Price prediction with different datasets

Daily ime stef

Figure 4.6. LSTM best result of (MSE) each dataset in Table 4.5

4.6. GRU

In this thesis, layers and model features of Tensorflow's Keras library were used for GRU

experiments.
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Table 4.6 .Results of GRU experiments

Dataset  Neurons Act Opt MSE RMSE MAE MAPE

64 tanh  sgd 0.004316 0.065698 0.055206 0.095965

adam 0.000545 0.023336 0.016988 0.031031

sgd  0.030605 0.174942 0.155426 0.277085

adam 0.000450 0.021217 0.014832 0.026762

X1 sgd  0.045621 0.213592 0.189488 0.336888

relu

tanh adam 0.000411 0.020273 0.014396 0.027120

12 sgd  0.106595 0.326489 0.290189 0.516398
rel adam 0.000446 0.021120 0.015760 0.032529

sgd  0.030863 0.175678 0.131923 0.212314

tanh adam 0.002509 0.050093 0.041090 0.072936

% relu sgd  0.044778 0.211608 0.160713 0.252537

adam 0.001150 0.033913 0.027526 0.051397
X2 sgd  0.038072 0.195120 0.147552 0.232703

' adam 0.000722 0.026871 0.020059 0.036148

128 sgd  0.061851 0.248698 0.194518 0.306402
iy adam 0.000452 0.021250 0.015926 0.032366

sgd  0.017825 0.133509 0.118518 0.228843

tanh adam 0.000504 0.022457 0.016648 0.032531

o4 sgd  0.001899 0.043576 0.034784 0.074915
relu adam 0.001983 0.044534 0.036062 0.064385

X3 sgd  0.001456 0.038159 0.030407 0.063557
tanh adam  0.000464 0.021539 0.015923 0.031422

128 sgd  0.013557 0.116433 0.092810 0.152372
rel adam 0.000489 0.022113 0.015496 0.027668

sgd  0.026015 0.161290 0.132557 0.243848

tanh adam 0.000440 0.020986 0.014591 0.026492

o4 el sgd  0.084145 0.290078 0.231666 0.368396

adam 0.000674 0.025963 0.021140 0.043864

X4 sgd  0.072752 0.269725 0.212184 0.333019
tanh adam 0.000527 0.022962 0.016538 0.029796

sgd  0.126067 0.355059 0.302370 0.513226

adam 0.000407 0.020184 0.014576 0.028745

128

relu
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sgd  0.138327 0.371923 0.361601 0.791531

tanh adam 0.000663 0.025748 0.020055 0.040767

o4 sgd  0.144822 0.380554 0.369279 0.776145

rel adam 0.000654 0.025578 0.020083 0.045904

X5 sgd  0.141914 0.376715 0.364540 0.756189
tanh adam 0.000398 0.019943 0.013771 0.025526

128 sgd  0.157646 0.397047 0.378081 0.749928

rel adam 0.000975 0.031218 0.025506 0.062744

sgd  0.062340 0.249679 0.204149 0.545713

tanh adam 0.000829 0.028793 0.023539 0.050266

o4 sgd  0.082921 0.287960 0.229694 0.371725

rel adam 0.001508 0.038837 0.028098 0.047131

X6 sgd  0.073583 0.271262 0.222426 0.375985
R adam 0.000836 0.028912 0.022329 0.042342

< sgd  0.113655 0.337128 0.269394 0.424576

=5 adam 0.000631 0.025126 0.018061 0.032287

sgd  0.071305 0.267031 0.241294 0.458461

- adam 0.000664 0.025759 0.018612 0.034258

o sgd  0.124539 0.352901 0.315251 0.571966

rel adam 0.006816 0.082559 0.065897 0.176449

X14 sgd  0.125618 0.354426 0.316648 0.574078
tanh adam 0.001215 0.034863 0.026698 0.047756

12 sgd  0.155828 0.394751 0.350481 0.625995

relu adam 0.000792 0.028139 0.023454 0.053247

sgd  0.018670 0.136638 0.113502 0.224685

tanh adam 0.000753 0.027445 0.021288 0.041467

o4 sgd  0.046502 0.215643 0.177314 0.308142

rel adam 0.000753 0.027442 0.020575 0.040999

X17 sgd  0.050987 0.225804 0.181077 0.301715
tanh adam 0.002011 0.044845 0.036223 0.073675

128 sgd  0.119871 0.346224 0.287937 0.476544

rel adam 0.001584 0.039805 0.032993 0.079020
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When Table 4.6 is interpreted as a result of the tests made with GRU, the best estimates are
X5, X4, X1, X3, X6, and X2, respectively. All results are close to each other and have acceptable
values. Neurons (64 and 128), Activations (tanh, relu), and Optimizers (Adam, Sgd) were evaluated
in these tests. Since the two best results, X5 and X4, are considered together as X14 (dollar-euro
parity and the Crude-oil), there was a slight deterioration in the results than separately. All best
results with neurons=128 except X14 and X17, and best results without exception were found with

the adam.

GRU-Bitcoin Price prediction with different datasets
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Figure 4.7. GRU best result of (MSE) each dataset in Table 4.6
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4.7. CNN

Table 4.7. Results of CNN experiments

Dataset Fsiil::;r Act Opt MSE RMSE MAE MAPE
sgd 0.000425 0.020621 0.014705 0.028451

tanh adam 0.000912 0.030198 0.023546 0.045755

o4 relu sgd 0.000688 0.026223 0.017162 0.030223

adam 0.000392 0.019793 0.013973 0.026991

X1 sgd 0.000405 0.020128 0.014209 0.027279
tanh adam 0.000410 0.020257 0.014178 0.027137

128 relu sgd 0.000739 0.027186 0.017272 0.030143

adam 0.000388 0.019700 0.013603 0.025753

sgd 0.000465 0.021572 0.015655 0.030413

tanh adam 0.001206 0.034726 0.030570 0.071907

o4 S sgd 0.000809 0.028442 0.020246 0.037218

adam 0.000380 0.019501 0.013339 0.025092

X2 A sgd 0.000418 0.020438 0.014555 0.028048
adam 0.000982 0.031342 0.027138 0.063079

128 sgd 0.000689 0.026244 0.019413 0.037053

P adam 0.000491 0.022156 0.016335 0.032865

canh sgd 0.000476 0.021815 0.016299 0.033062

adam 0.000952 0.030862 0.021722 0.037189

o4 sgd 0.005138 0.071679 0.065805 0.141157

relu adam 0.000853 0.029208 0.023751 0.050355

X3 canh sgd 0.003004 0.054806 0.048898 0.102320
adam 0.002611 0.051096 0.043048 0.079152

128 relu sgd 0.001447 0.038036 0.033600 0.078235

adam 0.000741 0.027229 0.022001 0.048062

sgd 0.000549 0.023438 0.018098 0.037962

tanh adam 0.000405 0.020122 0.014071 0.026383

o4 relu sgd 0.000790 0.028102 0.023164 0.052282

adam 0.000880 0.029669 0.025081 0.058955

X4 _— sgd 0.000482 0.021954 0.016523 0.034022
adam 0.005400 0.073483 0.067112 0.170086

128 relu sgd 0.000392 0.019798 0.013617 0.025710

adam 0.000382 0.019552 0.013564 0.025514
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sgd 0.000430  0.020742  0.014768 0.028611
adam 0.000540 0.023236 0.017969 0.036822
sgd 0.001583 0.039783 0.029133 0.054588
adam 0.000538 0.023196  0.015782 0.028624
X5 sgd 0.000427  0.020656  0.014971 0.029869

tanh
64

relu

tanh adam 0.000600  0.024485 0.019102  0.039230

128 relu sgd 0.002396  0.048948  0.040213 0.083878
adam 0.000586  0.024201 0.017433 0.033029

canh sgd 0.000560  0.023657  0.018023 0.035846

adam 0.000835 0.028889  0.024092  0.054667

o relu sgd 0.004531 0.067315 0.059872  0.136951

adam 0.000651 0.025523 0.020022 0.041448

X6 o sgd 0.000574  0.023965 0.019146 0.043170
an

adam 0.000949  0.030806  0.022577 0.038751

1% relu sgd 0.000526  0.022940  0.016743 0.032417
adam 0.002894 0.053792 0.045432 0.118705

A sgd 0.000637 0.025245 0.020421 0.045854

adam 0.000429  0.020705  0.014996 0.029478

o ol sgd 0.000640  0.025293 0.020259 0.044282

adam 0.000589  0.024278 0.017940 0.033928

X8 canh sgd 0.000463 0.021516  0.016331 0.034391
an

adam 0.000449  0.021188 0.015023 0.028162

128 relu sgd 0.000796  0.028215 0.019721 0.037548
adam 0.003228 0.056816  0.049997  0.118344

canh sgd 0.008488  0.092132  0.086013 0.205426

adam 0.000562  0.023706  0.017809  0.037489

o4 relu sgd 0.001569  0.039613 0.030369  0.061486

adam 0.002210  0.047013 0.038687 0.072096
X17 tanh sgd 0.003357  0.057937  0.051143 0.128609
adam 0.000932 0.030524  0.023921 0.051292
sgd 0.000753 0.027444  0.021873 0.045441
adam 0.001431 0.037828 0.027946 0.052601

128

relu

When Table 4.7 is interpreted as a result of the tests made with CNN, the best estimates are
X2, X4, X1, X5, X6, and X3, respectively. All results are close to each other and have acceptable
values. Neurons (64 and 128), Activations (tanh, relu), and Optimizers (Adam, Sgd) were evaluated
in these tests. Since the two best results, X2 and X4, are considered together as X8 (gold and the

Crude-oil), there was a slight deterioration in the results than separately.
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CNN-Bitcoin Price prediction with different datasets

Figure 4.8. CNN best result of (MSE) each dataset in Table 4.7

4.8. The Effect of Parameters on Methods

Seven different ML and DL algorithms were examined in this thesis, and those with similar
parameters were included in the same group and examined together. There are five different
parameter types SVM, MLP, GRNN, RNN, and CNN. Since RNN, LSTM, and GRU parameters

are the same in the RNN header, they were examined and interpreted together.

4.8.1 Parameter of RNN-LSTM-GRU

Recently, there have been many developments that will improve neural network
performance. Increased GPU performance and adaptability to deep learning tasks have produced
substantial productivity gains. In addition, efficiency improvements will continue to grow in
importance as machine learning algorithms are optimized (Pomerat et al., 2019).

The Keras library includes RNN, LSTM, and GRU neural networks as recurrent layers.
They are working with similar parameters, so they were examined under the same heading in terms
of parameters. The parameter of RNN, LSTM, and GRU are activation function, go-backward,
optimizer, batch size, learning rate, and epochs are evaluated separately below.
Activation Function: The activation function is used in artificial neural networks and converts the
input signal to the output signal and feeds the following layers as input. As a result of applying
activation to the weighted sums of the inputs in each neuron, feed the next layer. This section
examined four different activation functions: tanh, relu, sigmoid, and softmax (Sharma et al.,

2017).

tanh  f(x)= -1 Equation 4.1

l+e %

relu  f(x)=max(0,x) Equation 4.2

Equation 4.3

Sigmoid f(x)= —

1+e
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exp(%)

Softmax fi(x)==——"— Equation 4.4
2. exp(X;)
i
Table 4.8. Comparing the activation function with Models
Models Activation function MSE RMSE MAE MAPE
tanh 0.000488  0.022089 0.016044  0.031039
relu 0.000417  0.020410 0.014218 0.026976
RN sigmoid 0.000693  0.026325 0.021891  0.046657
softmax 0.000569  0.023858 0.017166  0.031868
tanh 0.000424  0.020601 0.014364 0.026210
relu 0.000439  0.020963 0.015291  0.030562
LSTM
sigmoid 0.000616  0.024817 0.019836  0.042401
softmax 0.000734  0.027101 0.019761  0.035890
tanh 0.000466  0.021588 0.015905 0.031748
relu 0.000470  0.021690 0.016175 0.032815
ORU sigmoid 0.000388 0.019710 0.013615 0.025793
softmax 0.000532  0.023075 0.016578 0.030814

The tests were performed with batch size=128, neuron=128, optimizer=Adam, and

Lr=0.01.
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Figure 4.9. Loss of different activation functions

When Table 4.8 is interpreted, each RNN, LSTM, and GRU has reached the best results
with a different activation function. All three achieved acceptable and close results. It achieved the
best results with GRU sigmoid. According to reference (Pomerat et al., 2019), sigmoid performed

better than relu and tanh.

48



In Figure 4.10, losses of different activation functions are shown in the experiment for
LSTM. Since the less the loss, the better the result, it is seen that the activation function that best
fits the data set is 'tanh'.

“go-backward” Parameter: As a result of the tests performed to evaluate the go-
backwards parameter for RNN, LSTM, and GRU algorithms, the 'False' value was better than the
'"True' value, while all other parameters were constant, as can be seen in Table 4.9. Based on
reference (Singh et al., 2022), they found effective results with an efficient parallelized calculation
of backward gains in NLP applications, which is the state corresponding to go-backward
parameters in neural networks. As a result, if the go-backward parameter is suitable for the

problem, it can improve performance.

Table 4.9. The effects of the go-backward on RNN, LSTM, and GRU (neuron=128, batch
size=128, epoch=100, and Lr=0.01)

Methods co Act  Opt MSE RMSE MAE MAPE
backward
simple False tanh  Adam  0.000388  0.019706  0.013590  0.025246
RNN True tanh  Adam  0.000438  0.020939  0.014657  0.026584
LSTM False tanh  Adam  0.000418  0.020435 0.014317  0.026334
True tanh  Adam  0.000448  0.021174  0.015454  0.030691
GRU False tanh Adam  0.000383  0.019572  0.013455  0.025105

True tanh Adam  0.000423  0.020565 0.014435  0.027569

Optimizers: It is an important parameter affecting the optimizer model's compiling process in
neural networks. Adagrad, SGD, Adam, Ftrl, Adamax, RMSprop, Nadam, and Adadelta are
optimizers. Stochastic gradient descent (SGD), where it is difficult to adjust the learning rate in
deep neural networks, is among the most popular training methods. To overcome this difficulty
were developed different variants of the optimizer, such as Adadelta (Zeiler, 2012), Adam (Kingma
and Ba, 2015), Adagrad (Duchi et al., 2011), and RMSprop (Hinton et al., 2012) derived from
SGD. Those uses for different types of problems.

Table 4.10 .Optimizer and activation function results

Optimizers Activation MSE
function

Adamax relu 0.000381
Adagrad tanh 0.000385

adam relu 0.000391
Adamax tanh 0.000393
rmsprop relu 0.000396
Adagrad relu 0.000399

adam tanh 0.000401
rmsprop tanh 0.000406
rmsprop tanh 0.000417
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Figure 4.10. Tensorboard parallel coordinate view LSTM in Table 4.10

Looking at Figure 4.10 and Table 4.10, the best optimizers corresponding to the activation
functions relu and tanh, giving the best results, are Rmsprop, Adam, Adagrad, and Adamax with
blue-ranked arrows.

Learning Rate (Lr): Choosing the correct learning rate can significantly affect generalization
accuracy and training speed. Neural networks determine how much the weights can change in
response to an error observed during the training period in the training dataset by the value of the

learning rate parameter (Wilson and Martinez, 2001).
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Table 4.11. The effect of the learning rate (Activation=tanh, batch size=128, neuron=128)

Model  Optimizer Lr MSE RMSE MAE MAPE

0.1 0.016778  0.129529  0.115756  0.209804

Rmsprop 0.05 0.007685  0.087663  0.080915  0.204880
0.001 0.000513  0.022645 0.017139  0.034864

0.0001  0.000396 0.019893  0.013921  0.026779

0.1 0.000397  0.019930  0.013784  0.025435

Adamax 0.05 0.000394  0.019841  0.013819  0.026438

RNN 0.001 0.000380  0.019504  0.013389  0.025144
0.0001  0.000381  0.019523  0.013403  0.025112

0.1 0.000612  0.024736  0.019010  0.037969

Adam 0.05 0.001323  0.036375  0.030577  0.061105

0.001 0.000380  0.019506  0.013402  0.025241

0.0001  0.000380  0.019491  0.013369  0.025117

0.1 0.006897  0.083048  0.073517  0.179949

Rmsprop 0.05 0.003852  0.062063  0.054564  0.106817

0.001 0.001155  0.033986  0.029518  0.065547

0.0001  0.065999  0.256903  0.228539  0.407339

0.1 0.000394  0.019848  0.013975  0.027109

LSTM Adamax 0.05 0.000384  0.019603  0.013453  0.025251
0.001 0.000380  0.019497  0.013369  0.025055

0.0001 0.110814  0.332887  0.296252  0.527911

0.1 0.000404  0.020110  0.013914  0.025627

Adam 0.05 0.000387  0.019674  0.013674  0.026172

0.001 0.000380  0.019495  0.013371  0.025083

0.0001  0.100432  0.316910  0.281850  0.501889

0.1 0.005210  0.072178  0.068253  0.144570

Rmsprop 0.05 0.001104  0.033221  0.028279  0.069826

0.001 0.000394  0.019840  0.013877  0.026167

0.0001  0.000386  0.019638  0.013439  0.025070

0.1 0.000394  0.019851  0.013874  0.026708

GRU Adamax 0.05 0.000451  0.021237  0.014859  0.026841

0.001 0.000389  0.019719  0.013622  0.025534
0.0001  0.001396  0.037364  0.030711  0.056126
0.1 0.000898  0.029970  0.022989  0.043170
0.05 0.000423  0.020567 0.014485  0.027717
0.001 0.000382  0.019543  0.013419  0.025193
0.0001  0.000390  0.019742  0.013599  0.025439

Adam

RNN obtained approximately the same values with all three optimizers. When analyzed
regarding the RNN learning rate, it reached the best results with Lr=0.0001. Adam and Adamax,
when the very small and large values of Lr are evaluated in terms of results, very large deviations
are not observed. On the contrary, results close to each other are obtained. Rmsprop had poor
results at large Lr with RNN, LSTM, and GRU. However, as Lr gets smaller, it is seen that it closes
the values obtained by other optimizers.

When the neural networks RNN, LSTM and GRU are compared between them, LSTM
outperformed the other two. For LSTM, Adamax and Adam were close to each other and achieved
the best result. However, for Rmsprop, the results other than Lr=0.001 are bad. For all activation
functions for GRU and LSTM, the best result was obtained with Lr=0.001. RNN obtained the best

prediction value in all three activation functions with an Lr=0.0001 value.
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Batch Size: Batch is the slice size at which the dataset is sliced for processing during the learning
process. Each batch of data is a collection of independently processed data in parallel. Increasing
the batch size learns from more data at each step while the time and memory requirement for the
process grows. Since the data set used in this thesis is time series, shuffle=False feature is used.

They concluded that the larger the batch size, the better the performance (Golmant et al., 2018).

Table 4.12. The effect of the batch size on performance

Model Bs";;zh MSE RMSE MAE MAPE

32 0.003201 0.056581 0.050357 0.096757
64  0.000676 0.025991 0.019227 0.034605

RNN
128 0.000558 0.023630 0.017665 0.034671
256 0.000395 0.019875 0.013930 0.026264
32 0.000393 0.019817 0.013715 0.025819
64 0.000455 0.021326 0.014925 0.026969
LSTM
128 0.000437 0.020912 0.014962 0.029100
256 0.000388 0.019702 0.013597 0.025280
32 0.000480 0.021907 0.016358 0.032902
64 0.000459 0.021430 0.015581 0.030572
GRU

128 0.000450 0.021217 0.015159 0.029247
256 0.000389 0.019722 0.013622 0.025825

In Table 4.12, the values of neuron=128, activation= tanh, optimizer=adam, and Lr=0.001
are fixed, and the variable tested value is batch size. As a result of the tests performed for the 32,
64, 128, and 256 values of the variable batch size, the performance values improved as the batch
size increased for all three methods. When the performance is evaluated in terms of models, the
results of all three methods are very close to each other, and GRU and RNN follow the best LSTM.
Dropout: In standard neural networks, all units change and adjust their parameters individually to
reduce loss, and as a result, the final loss is reduced. But the problem is that there is no common
adaptation, leading to overfitting. Dropout is random neurons are removed during the training of a
neural network to drop incoming and outgoing edges to neurons (Srivastava, 2013). These
networks, thinned during training, are combined to form an approximate model mean when applied
to the test dataset. Thanks to this approximate model, the problem of overfitting is essentially
eliminated. Dropout prevents neural networks from adjusting weights and biases to overfit the
dataset, improving the neural network's generalization feature, helping it to perform better when

new data is added.
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Figure 4.11. Conventional neural network and Neural network with dropout (Srivastava et al.,
2014)

In Table 4.13, the values of neuron=128, two layer, activation= tanh, optimizer=adam,

batch-size=128 and Lr=0.001 are fixed, and the variable tested value is a dropout.

Table 4.13. The effect of the dropout on the performance test set

Model Dropout MSE RMSE MAE MAPE

- 0.000386 0.019652 0.013498  0.025396
0.1 0.000591 0.024301 0.018129  0.033524

RNN
02 0.000492 0.022190 0.016007  0.030653
03  0.000396 0.019911 0.013831  0.026344
- 0.000382 0.019549 0.013411  0.025006
0.1 0.000518 0.022755 0.016006  0.028333
LSTM
02 0.000391 0.019770 0.013879  0.026692
03  0.000423  0.020564 0.014310  0.026221
- 0.000395 0.019875 0.013885  0.026119
0.1 0.000467 0.021612 0.015770 0.031027
GRU

0.2 0.000421 0.020526  0.014331  0.026266
0.3 0.000433  0.020797  0.014495  0.026302

When Table 4.13 is interpreted, the effect of dropout on performance is not very big, but
the results are very close to each other. In a data set of 2686 rows, not applying drop gave better

results in all three models.
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Dropout effect Bitcoin price prediction
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Figure 4.12. Dropout effect on RNN, LSTM, and GRU

Epoch: Epoch shows how many times a dataset is given to the network to train the network. In
deep learning algorithms, we need to update the weights and thus pass the whole dataset multiple
times to obtain a better and more accurate prediction model to optimize gradient descent. However,
it is not clear how many epochs are needed to train a model with the same dataset to achieve
optimum weights. For the best train to the network, different datasets proceed differently.
Therefore, epoch numbers are different (Siami-Namini et al.,2018).

Adadelta, Adagrad, and SGD require many epochs. As stated by (Reimers and Gurevych,
2017), they measured the number of epochs for an optimizer, and convergence observed
considerable variations in the number of epochs until Nadam converged the fastest and only
required a few training epochs to achieve good performance. The increased number of epochs
improved the RMSE and MSE values. However, after a certain increase, the number of an epoch

does not improve the performance, which varies according to the training dataset.

4.9. Optimization Results

Better predictions can be made through price prediction model selection and optimization
by combining different data sources. This thesis uses data sets consisting of Bitcoin closing, Gold,
crude oil, natural gas, Ethereum, and dollar-euro parity prices. ML and DL algorithms results are
examined from sections 4.1 to 4.7 to provide a reference for investors to avoid risks. In section 4.9,
in previous articles (Buslim et al., 2021; Pour et al., 2022), the effect of parameters on performance

is examined, showing us the importance of hyper-parameter optimization.

4.9.1. Hparam Parameters

This section emphasizes hyper-parameter optimization, which is concluded to affect
performance (Kervanci and Akay, 2023). The hparam parameters of the Tensorboard were tested
by giving the values in Table 4.14. We observed that the test MSE values of the hourly dataset gave

better results than the daily dataset. The dropout technique prevents overfitting and leaves unrelated

54



information from the network to improve performance (Rehman et al., 2019). Education of deep
neural networks is complicated as the parameters of the previous layer change. The distribution of
each layer's inputs changes during training (loffe and Szegedy, 2015), so the effect of the
parameters (activation function, optimizer, batch size, learning rate, and dropout) with a single

layer for LSTM has been observed.

Table 4.14. Hyper-parameters and their values

Hyper-parameters Values

HP_NUM_UNITS 32,64,128

HP_DROPOUT [0.1,0.2]

HP_LEARNING RATE 0.1, 0.05, 0.001, 0.2

HP_OPTIMIZER Adam, sgd, adadelta,adagrad, rmsprop,
adamax

HP_ACTIVATION Tanh, softmax, relu,sigmoid

METRIC Mean squered error

These tests were carried out to see the contribution of daily and hourly datasets to Bitcoin

price prediction.

Table 4.15. The results of the hourly dataset with hparam parameters (epoch=100)

Batch size  Optimizer  Activation Dropout Lr Test MSE
64 Adamax tanh 0.2 0.001 0.000043633
64 Adadelta tanh 0.1 0.05 0.000045415
64 Adadelta tanh 0.1 0.1 0.000047583
64 Adadelta tanh 0.2 0.05 0.000047906
32 Adagrad tanh 0.1 0.1 0.000048397
64 Adamax tanh 0.1 0.001 0.000048572
32 Adamax tanh 0.1 0.001 0.000050041
64 Adagrad tanh 0.2 0.1 0.000051697
64 Adadelta tanh 0.1 0.2 0.000052008
32 Adagrad tanh 0.2 0.2 0.000052436

Table 4.14 shows the best 10 values and parameters out of 576 combinations (Table 4.14)

for the hourly dataset.
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Table 4.16. The results of the daily dataset with hparam parameters (epoch=100)

Batch size  Optimizer  Activation Dropout Lr Test MSE
128 rmsprop relu 0.1 0.001 0.00073843
128 adam relu 0.1 0.001 0.00079225
128 Adamax tanh 0.2 0.001 0.00079877
64 Adamax tanh 0.2 0.001 0.00081403
128 adam tanh 0.2 0.001 0.00081657
128 adam tanh 0.1 0.001 0.00084659
128 Adamax tanh 0.1 0.001 0.00086999
64 Adamax tanh 0.1 0.001 0.00088882
64 rmsprop tanh 0.1 0.001 0.00089062
64 Adamax relu 0.1 0.001 0.00092647

Table 4.16 shows the best ten values and parameters out of 576 combinations (Table 4.14)
for the daily dataset. The daily dataset produces better results with a small learning rate and small
dropout values, whereas the hourly dataset produces better results with a large learning rate and
large dropout values. The results of Tables 4.15 and 4.16 show better MSE values were obtained
when Lr decreased and batch size was constant, or Lr was constant, and batch size increased, or
dropout increased, and the other parameters were fixed. When the test MSE values of the daily and
hourly datasets are examined, the hourly dataset is recommended since the hourly dataset produces

better test MSE values.

4.9.2. Grid Search
The results do not affect each other as each parameter combination is run independently of

the other. GRU, LSTM, and RNN processes take minutes 24, 23, and 16, respectively.

Table 4.17. Grid search best parameter for each model

Model Optimizer Activation Dropout Lr Neuron
Function

RNN Adamax tanh 0.2 0.05 64

LSTM Adam relu 0.1 0.001 128

GRU Adamax sigmoid 0.1 0.0001 128
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Figure 4.13. Grid search Table 4.16 result in Tensorboard MSE, MAE, MAPE for the test set (blue:
GRU, dark blue: LSTM, green: RNN)

In Figure 4.13, the results of the tests for GRU, LSTM, and RNN in the Grid search are
visualized on the Tensorboard for MSE, MAE, and MAPE. When these results visualized in
Tensorboard are evaluated, LSTM and RNN come best behind GRU among all three error metrics.

4.9.3. Random Search

Table 4.18. Random search best parameter for each model with univariate time series

Model Optimizer Func Dropout Lr Neuron MSE MAE MAPE

RNN Adam tanh 0.2 0.001 64 0.000426  0.014335 0.026198
LSTM  rmsprop  tanh 0.1 0.05 128 0.019617 0.130829  0.262235
GRU rmsprop  tanh 0.1 0.001 128 0.001277  0.029441  0.058585

GRU, LSTM, and RNN processes take minutes 18.5, 16.8, and 9.6 respectively.
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Figure 4.14. Random search MSE values

Table 4.19. The results of different models with Random search

Error 1-Layer 1-Layer 2-Layers 2-Layers 3-Layers 3-Layers
Metrics GRU LSTM GRU LSTM GRU LSTM

MAPE 0.012479 0.016798 0.060828 0.043883 0.017961 0.088956
MAE 0.005431 0.007045 0.027493 0.017537 0.006493 0.039999
MSE 0.000040 0.000061 0.000809 0.000345 0.000081 0.001686
RMSE 0.006327 0.007791 0.028445 0.018577 0.009020 0.041065

Table 4.20. The results of different models with their best parameters for a random search

Models Neurons  Activation  Dropout  Optimizer Lr MSE

1-Layer GRU 128 tanh 0.2 adamax 0.05 0.000040
2-Layers GRU 32 tanh 0.2 rmsprop 0.001 0.000809
3-Layers GRU 128 tanh 0.2 adam 0.0001 0.000081
1-Layer LSTM 128 tanh 0.1 adam 0.05 0.000061
2-Layers LSTM 64 tanh 0.2 adam 0.001 0.000809
3-Layers LSTM 128 tanh 0.2 rmsprop 0.001 0.001686

As we can see from Table 4.19, the best results for GRU and LSTM with 1, 2, and 3 layers
worked better in 1 layer, and GRU outperformed LSTM. Table 4.19 shows a graphically
represented in Figure 4.15 for test MSE values. For the test results in Table 4.19, the best
parameters for each layer are shown in Table 4.20. The 'tanh' activation function produced the best
result for each situation, and the number of neurons 128 is the best result in both LSTM and GRU.
Considering Table 4.19 and 4.20 together, optimizer = adam generally fits the dataset. As a result
of the papers, learning rates and nonlinearity 'tanh' activation function significantly affect

performance (Breuel, 2015; Tandon et al. , 2019).
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Figure 4.15. Random search, MSE results with layers (8000 and 100 time step)

4.9.4. Bayesian Optimization

According to (Wu et al., 2019), BO can find the optimal value even with a small number of
samples. It is also quite efficient when compared to grid search and random search in terms of
uptime. While minimizing the f(x) function, a random restart should be used in the code so that it
can be tested on parameters other than the hyper-parameters around the local minimum. As a result
of the tests, as we can see in Tables 4.22 and 4.23, in terms of the number of layers. Both LSTM
and GRU give the best results in a layer, and GRU outperformed LSTM.

Table 4.21. BO with LSTM and GRU layers

Error 1-Layer 1-Layer 2-Layers 2-Layers 3-Layers 3-Layers
Metrics GRU LSTM GRU LSTM GRU LSTM

MAPE 0.005807 0.010949 0.006991 0.044789 0.050767 0.022976
MAE 0.002725 0.004762 0.003319 0.017208 0.020365 0.011783
MSE 0.000017 0.000033 0.000024 0.000348 0.000455 0.000202
RMSE 0.004088 0.005763 0.004849 0.018662 0.021341 0.014216

In Tables 4.21 and 4.22, as a result of the experiments performed with BO, for the different
numbers of layers of GRU and LSTM, the parameters that give the best results among the
parameter combinations are activation function=tanh, optimizer=adam, dropout=0.1, neuron=128
and learning rate=0.001' (epoch=100). Activation functions, generally, the most suitable activation
function is tanh for the data set. Although not like the activation function for optimizers, it
generally gives better results with the adamax, adam and rmsprop with the dataset. But when all

experiments are examined, the adam optimizer is recommended.
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Table 4.22. The results of MSE with their best parameters for BO.

Models Neurons Activation  Dropout  Optimizer Lr MSE

1-Layer GRU 128 tanh 0.1 adamax 0.05 0.000017
2-Layers GRU 128 tanh 0.1 rmsprop 0.0001 0.000024
3-Layers GRU 128 tanh 0.2 adamax 0.001 0.000455
1-Layer LSTM 32 tanh 0.1 adam 0.05 0.000033
2-Layers LSTM 128 tanh 0.2 adam 0.001 0.000348
3-Layers LSTM 128 tanh 0.2 adam 0.001 0.000202

Figure 4.16 is the visualized form of Table 4.22 according to MSE values.

Bitcoin price prediction LSTM and GRU layers with Bayesian Bitcoin price prediction LSTM and GRU layers with Bayesian
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Figure 4.16. Bayesian optimization LSTM and GRU MSE results with layers (8000 and 100 time
step)

Table 4.23. BO with LSTM, GRU, and hybrids

Error 1-Layer 1-Layer LSTM Hybrid GRU- Hybrid
Metrics GRU LSTM LSTM-GRU
MAPE 0.005807 0.010949 0.006927 0.005497
MAE 0.002725 0.004762 0.003083 0.002302
MSE 0.000017 0.000033 0.000019 0.000015
RMSE 0.004088 0.005763 0.004306 0.003269

Hybrid GRU-LSTM and LSTM-GRU best performing parameters activation function is
tanh, and optimizers are sgd and adamax, dropout=0.1, neuron=128 and learning rates are 0.1 and
0.05 (epoch=100). Both hybrid models, LSTM-GRU and GRU-LSTM, give reasonable results, and
LSTM-GRU outperformed GRU-LSTM and all other models in the thesis.

Figure 4.17 is the visualized form of Table 4.23 according to MSE values.
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Figure 4.17. Bayesian optimization LSTM, GRU, and hybrid MSE results (8000 and 100 time step)

4.10. Discussions

Table 4.24. In terms of ML algorithms, and data sets

Models Dataset MSE RMSE MAE MAPE

MLP X1 0.000512 0.022622 0.015445 0.028022
SVM X1 0.000976 0.031237 0.026301 0.066896
GRNN X6 0.000347 0.018638 0.013778 0.038527
RNN X1 0.000499 0.022343 0.015227 0.027981
LSTM X1 0.000380 0.019486 0.013338 0.024971
GRU X5 0.000398 0.019943 0.013771 0.025526
CNN X2 0.000380 0.019501 0.013339 0.025092

Table 4.24 shows that models with the X1 dataset generally produced better results, while
GRU with dollar-euro parity and GRNN with natural gas produced good results. Generally, models
with the X1 data set produced good results, while GRU with X5 and GRNN with X6 produced
good results. Except for SVM, the results are pretty close to each other. Acceptable results were
obtained with X17, except GRNN and SVM. Except for SVM, there is at least one parameter set
that generates MAPE values of around 0.03.

In terms of parameters, in ANN models, it is recommended to use the Lr parameter as it
significantly improves performance. For numerical time series, setting the go-backward parameter
to False is recommended. Tanh and relu activation functions are suitable for these datasets. It is
quite clear that the SGD optimizer gives better results with the learning rate parameter. We
recommend they be used together. In general, the impact of batch size on performance, the larger
the batch size, the better the test MSE value. When all other parameters were fixed, it was seen that
tanh and relu activation functions with SGD, Adam, RMSprop, and Adamax optimizers, and
sigmoid activation function with Adadelta optimizer gave good results. We achieved the same

results as the two-layer LSTM with the parameters we optimized the LSTM network, while we
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obtained better results than the 3 and 4-layer LSTM, which shows us the importance of hyper-
parameter optimization. Better MSE values were obtained when Lr decreased, batch size was
constant, or Lr was constant and batch size increased, or dropout increases and the other parameters
fixed. When the test MSE values of the daily and hourly datasets are examined, the hourly dataset
is recommended since the hourly dataset produces better test MSE values.

In terms of Optimization methods, are used; the hybrid CNN-LSTM model with BO
achieved the best results when compared to other models in the paper (Min et al., 2022). Hybrid

model gave better results than convolutional neural networks.

Table 4.25. The results of the literature review comparison of the articles MSE, RMSE, MAE, and
MAPE values with our best results

References Method MSE RMSE MAE MAPE
(Aggarwal et al., 2019) 4 layer LSTM - 32.98 - -
2 layer LSTM with 10
(Tandon et al., 2019) - - 0.0043 -
Fold Cross validation
(Saad et al. , 2020) Random Forest - 0.0141 0.0072 -
o MLP (learnable
(Rajabia et al., 2022) ) ) - - - 0.310048
window size)
(Drahokoupil, 2022) XGboost with BO 32733 - - -
(Pour et al., 2022) LSTM and BO 18155370 4260.9121 - -
(Patra and Mohanty, _
GRU with 3 layers 63307.312 251.6094  164.4882 0.0031
2022)
BO hybrid LSTM-
Our best result GRU 0.000015  0.003269  0.002302 0.005497

When Table 4.25 is investigated, it is seen that we obtained the best result in the examined

literature, our results for MSE, RMSE, and MAE are better except for MAPE.
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Figure 4.18. Prediction of the next 30 days with hybrid LSTM-GRU loss

As can be seen from this result and Figure 4.18, the loss in long-term prediction in Bitcoin

is increasing gradually, affecting the prediction's performance.
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Figure 4.19. Sensitivity analysis of the hyperparameters, LSTM-GRU optimized with BO-GP

It is very useful to have sensitivity analysis when there are many predictive variables to
help interpret the models produced by the "black box" estimation method of partial dependency

functions. For many hyper-parameters and their values in Figure 4.19, it would be quite helpful to
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have relevance to reduce combinations of variables to consider. Since the distribution for the
number of neurons shifts towards 128, it is concluded that the number of neurons should be
increased, while values less than 0.05 are preferred for Lr instead of values greater than 0.05.
Thanks to these interpretations, gain computational cost and stability, it is ensured that the correct

parameter values are preferred from unrelated regions to the relevant regions.
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5. CONCLUSIONS

The following conclusions were reached considering all the experiments made in the
'Results and Discussions' section. In general, dataset size increases when the larger date range is
used, and the accuracy increases accordingly. However, due to Bitcoin's extreme volatility, the
dataset's variability may also increase. For this reason, it cannot be said that a large dataset for
Bitcoin always improves performance. For this reason, it cannot be said that a large dataset for
Bitcoin always improves performance. The most appropriate activation function for the proposed
time series dataset is 'tanh'.

The parameters affecting Bitcoin are generally unique, although some dependencies have
been found in some periods. In general, it is seen that the parameters affecting Bitcoin have
temporary effects. We believe in the necessity of utilizing deep learning and optimization methods
when predicting the future price of Bitcoin. In this direction, we have obtained very low loss results
in the thesis. Optimizing the surrogate function contributed to the improvement of reducing the
loss. We have obtained the following results by adding the hybrid structure to our experiments for
the two models that give the best general results within the thesis. Hybrid LSTM-GRU and GRU-
LSTM experimented with BO-GP. The best performing parameters from the hourly dataset of the
hybrid method LSTM-GRU is activation function=tanh, optimizers=sgd and adamax, dropout=0.1,
neuron=128, and learning rates=0.1 and 0.05. As seen in Table 4.22 and Table 5.2,
MAPE=0.005497, MAE=0.002302, MSE=0.000015, and RMSE=0.003269 values are quite good,
except for the MAPE value of the (Patra and Mohanty, 2022) from the results obtained as a result
of the literature review. Experiments with BO using different surrogate functions such as GP, ET,
RF, and GBRT showed good interpolation ability in the operating range. But, applying the
Gaussian process is also quite flexible to fit the data and update the posterior distribution.
Therefore, GP is considered very suitable for BO. Sensitivity analysis is recommended to be used
because it provides gain calculation cost and stability, and helps to choose the right parameter
values from unrelated regions to relevant regions.

When we predict the next 30 days by applying these parameters (activation function=tanh,
optimizers=sgd and adamax, dropout=0.1, neuron=128 and learning rates=0.1 and 0.05 ) to our
daily data set (bitcoin close price) with hybrid LSTM-GRU, the results of loss increases as can be
seen below Figure 5.1. The difference between the predicted price and the actual price is under $50
for five day, under $100 for eight days, and under $1000 for nineteen days. Looking at the real
price differences between the following two days for the same date range, ten days with more than
$100 and two days with around $1000. Although the effects of methods, datasets, optimization and

causality relationships are examined, long-term predictions involve quite high risks.
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