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MACHINE LEARNING APPLICATIONS FOR TIME SERIES ANALYSIS

SUMMARY

In this studying, involves doing a range of tests using time series data sets collected
from stock markets (BIST30, BIST100, Apple) and cryptocurrency marketplaces.
Statistical analysis and artificial intelligence models are employed to investigate
various data sets inside the studies, and the findings are subsequently analysed. The
main objective of the study is to provide a valuable contribution to academic research
and offer practical advantages to market investors. Consequently, the researcher has
thoroughly examined the current models and studies in the literature and has chosen
the most suitable artificial intelligence models (ARIMA, SARIMA, GARCH) for the
thesis study. The paper extensively discusses and applies these concepts within its
scope.

The study’s findings indicate that no existing framework can accurately forecast the
time series-dependent pricing of crypto assets traded on stock exchanges and crypto
exchanges. These conclusions are based on the results gained from the experiments
conducted. The primary factors contributing to this unpredictability can be ascribed to
market price volatility and the fact that price variations generate outcomes regardless
of time.

Subsequent investigations might prioritise the utilisation of additional data sources to
enhance the existing time series data, hence enhancing the precision of prediction
outcomes.  Incorporating supplementary information such as macroeconomic
indicators, sector-specific data, geopolitical events, and social media sentiment can
augment the precision of prediction models. This thesis study offers essential insights
into the predictability of financial time series. The present pricing and daily price
changes alone are inadequate in providing credible predictions. This is because
elements such as seasonality, seasonal variability, and periodic trends, which are
stochastic in nature, make the prediction process more complex.

The thesis clearly demonstrates the constraints and difficulties encountered in financial
market analysis as described in the literature, with the assistance of data derived from
both literature-based research and experiments. The statistical methods used and the
data gained in this study serve as an initial investigation, with the goal of establishing a
methodological basis for future studies and opening up possibilities for further research
in many areas. This study is expected to serve as a benchmark for future market
researchers and academics conducting research in this subject.
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ZAMAN SERILERI ANALIZi iCiN MAKINE OGRENMESiI UYGULAMALARI

OZET

Giintimiizde yapay zeka teknolojilerinin hizla gelismesi ve bireylerin finansal yatirim
araclarina yonelik farkindaliginin artmasi, finansal piyasalarin daha derinlemesine
anlasilmasini gerektirmektedir. Bu gelismeler, geleneksel finans teorilerinin dtesinde,
daha karmagik ve ¢ok boyutlu analizlerin yapilmasina olanak saglamaktadir. Ozellikle
makine 6grenimi algoritmalari, biiyiik veri setlerindeki karmagik desenleri tespit etme
ve bu desenleri kullanarak gelecege yonelik tahminler yapma konusunda &nemli
avantajlar sunmaktadir. Bu baglamda, zaman serisi analizleri, finansal varliklarin
davranmiglarini modellemek ve gelecekteki hareketlerini tahmin etmek i¢in kritik bir
arag¢ haline gelmistir.

Yapay zeka ve makine 6grenimi teknikleriyle desteklenen bu analizler, yatirimcilarin
daha bilingli kararlar almasina, risk yonetimi stratejilerinin gelistirilmesine ve piyasa
etkinliginin artirrlmasina katkida bulunmaktadir. Ornegin, derin 6grenme modelleri,
geleneksel istatistiksel yontemlerin yakalayamadigi dogrusal olmayan iligkileri ve
uzun vadeli bagimliliklar tespit edebilmektedir. Bu, 6zellikle yiiksek frekansh ticaret
ve algoritmik alim-satim stratejilerinin gelistirilmesinde biiyiikk 6nem tagimaktadir.
Ayrica, dogal dil isleme teknikleri kullanilarak finansal haberler ve sosyal medya
verileri analiz edilebilmekte, bu da piyasa duyarlilifinin Olc¢iilmesine ve yatirim
kararlarinin iyilestirilmesine olanak saglamaktadir.

Finansal piyasalarin karsilastirmali analizi, global ekonomik trendlerin anlagilmasi ve
uluslararast portfoy cesitlendirmesi stratejileri icin kritik bilgiler saglamaktadir. Bu
analizler, farkl iilke borsalar1 arasindaki korelasyonlari, sektorler arasi etkilesimleri
ve makroekonomik faktorlerin piyasalar iizerindeki etkilerini incelemektedir. Ornegin,
gelismis ve gelismekte olan piyasalar arasindaki iligkilerin analizi, yatirimcilara
kiiresel risk dagitimi konusunda Onemli icgoriiller saglamaktadir.  Ayrica, bu
tiir karsilagtirmali analizler, finansal bulagsma etkilerinin ve sistemik risklerin
belirlenmesinde de kritik rol oynamaktadir.

Kripto para piyasalar1 gibi yeni ortaya ¢ikan finansal araclarin geleneksel piyasalarla
olan etkilesimi, finansal sistemin evrimini anlamak agisindan Onem tasimaktadir.
Bu yeni varlik sinifi, geleneksel finansal teorileri ve risk yonetimi yaklagimlarini
yeniden degerlendirmeyi gerektirmektedir.  Kripto paralarin yiiksek volatilitesi,
geleneksel varliklarla diisiik korelasyonu ve 7/24 islem gorebilme 6zellikleri, hem
firsatlar hem de zorluklar sunmaktadir. Farkli varlik simiflarinin giivenilirlik ve
ongoriilebilirlik agisindan karsilastirilmasi, risk-getiri profillerinin belirlenmesinde
kritik rol oynamaktadir. Ornegin, devlet tahvilleri genellikle daha 6ngoriilebilir ve
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diisiik riskli olarak kabul edilirken, hisse senetleri ve kripto para birimleri daha yiiksek
volatilite ve rastgele davranis sergileyebilmektedir. Bu farkliliklarin anlasilmast,
yatirimcilarin risk toleranslarina ve yatirim hedeflerine uygun portfoyler olusturmasina
yardimci olmakta, aym1 zamanda diizenleyici otoritelerin piyasa istikrarin1 korumak
icin gerekli politikalar1 gelistirmelerine katkida bulunmaktadir.

Bu tez calismasi, BIST30, BIST100, Apple hisse senetleri ile Bitcoin ve
Ethereum gibi kripto para birimlerinin giinliik kapanis fiyatlarini igeren cesitli veri
setlerini incelemektedir. Calismada, ARIMA, SARIMA ve GARCH modelleri
uygulanmig, veri On isleme asamasinda logaritmik doniisiimler ve duraganlastirma
teknikleri kullanilmistir. Serilerin duraganlifi Augmented Dickey-Fuller (ADF) ve
Kwiatkowski-Phillips-Schmidt-Shin (KPSS) testleri ile incelenmistir.

ARIMA modelleme sonuclari, BIST30, BIST100 ve Apple icin ARIMA(O,1,0)
modelinin en uygun oldugunu gostermis, bu da bu varliklarin basit rassal yiiriiyiis
siirecine yakin davrandigim1 ortaya koymustur. Bitcoin i¢in ARIMA(2,1,0) ve
Ethereum i¢cin ARIMA(1,1,2) modellerinin secilmesi, kripto para birimlerinin daha
karmagik zaman serisi Ozelliklerine sahip oldugunu gostermistir. GARCH modelleme
sonuglari, tiim varlik siniflar1 i¢in asimetrik volatilite modellerinin (GJR-GARCH ve
EGARCH) standart GARCH modellerinden daha iyi performans gosterdigini ortaya
koymustur. Bu, finansal piyasalardaki asimetrik soklarin 6nemini vurgulamaktadir.
BIST30 ve BIST100 i¢cin GJR-GARCH(1,1), Bitcoin ve Ethereum icin EGARCH(1,1),
Apple igcin GJR-GARCH(1,2) modellerinin en uygun bulunmasi, her bir varlik sinifinin
kendine 6zgii volatilite dinamiklerine sahip oldugunu gostermistir.

Calismanin temel bulgulari, finansal zaman serilerinin 6ngoriilebilirliginin oldukca
sinirlt oldugunu ortaya koymaktadir. Bu sonug, finansal piyasalarin karmasik ve
dinamik yapisini yansitmakta ve etkin piyasa hipotezi ile uyumlu goriinmektedir.
Mevcut fiyatlandirma veya giinliik fiyat de8isimleri, gelecekteki hareketleri tahmin
etmek icin tek basina yeterli olmamaktadir. ~ Bu durum, piyasalarin siirekli
degisen dogasint ve coklu faktorlerin etkilesimini gostermektedir. Mevsimsellik,
sezonsal degiskenlik ve donemsel trendler gibi faktorler, tahmin siirecini 6nemli
Olclide karmasiklastirmaktadir. Bu faktorler, finansal varliklarin fiyat hareketlerinde
tekrarlanan ancak diizenli olmayan kaliplar olusturabilmektedir. Ornegin, baz1 hisse
senetleri yilin belirli donemlerinde daha iyi performans gosterebilirken, digerleri
ekonomik dongiilere daha duyarli olabilir. Bu tiir karmagik etkilesimler, basit
dogrusal modellerin Otesinde, daha sofistike tahmin yontemlerinin gerekliligini
vurgulamaktadir.

Ozellikle kripto para birimlerinin, geleneksel finansal varliklara gore daha karmasik ve
degisken dinamikler sergiledigi gozlemlenmistir. Bu gozlem, kripto para piyasalarinin
gorece yeni olmasi, regiilasyon eksikligi ve teknolojik gelismelere olan yiiksek
duyarhilig1 ile aciklanabilir. Kripto paralarin fiyat hareketleri, sosyal medya trendleri,
tinlii kigilerin agiklamalar1 ve global ekonomik olaylar gibi ¢ok cesitli faktorlerden
etkilenebilmektedir. Bu durum, kripto para birimlerinin tahmin edilebilirligini daha da
zorlagtirmakta ve geleneksel finansal modellerin bu piyasalarda yetersiz kalabilecegini
gostermektedir.

Gelecekteki arastirmalar i¢in, makroekonomik gostergeler, sektorel veriler, jeopolitik
olaylar ve sosyal medya duyarlili§i gibi ek faktorlerin modellere dahil edilmesi
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onerilmektedir. Bu c¢ok boyutlu yaklasim, finansal varliklarin fiyat dinamiklerini
etkileyen karmagik iligkileri daha iyi yakalayabilir. ~ Ornegin, makroekonomik
gostergeler (enflasyon oranlari, faiz oranlar gibi) ile hisse senedi fiyatlar1 arasindaki
iligkinin incelenmesi, daha kapsamli tahmin modelleri olusturulmasina olanak
saglayabilir. Benzer sekilde, sosyal medya analizleri ve duygu analizi teknikleri,
ozellikle kripto para piyasalarindaki yatirrmci davraniglarini ve piyasa psikolojisini
anlamak i¢in degerli i¢goriiler sunabilir.

Daha kisa zaman araliklarinda (saatlik, 30 dakikalik veya 15 dakikalik) analizler
yapilmasi, piyasa dinamiklerini daha iyi yakalayabilir ve tahmin performansini
artirabilir. Bu yaklagim, 6zellikle yiiksek frekansli ticaret ve giin i¢i fiyat hareketlerinin
anlagilmasi1 acisindan kritik Oneme sahiptir.  Yiiksek frekansh veriler, piyasa
mikroyapis1 hakkinda daha detayl bilgiler saglayarak, likidite dinamikleri, emir akis1
ve piyasa derinligi gibi faktorlerin fiyat olusumu iizerindeki etkilerini inceleme firsati
sunar. Bu tiir analizler, alim-satim stratejilerinin optimize edilmesine ve piyasa
verimliliginin artirllmasina katkida bulunabilir.

Kisa vadeli fiyat hareketlerini etkileyen faktorlerin daha iyi anlagilmasi, risk yonetimi
ve portfoy optimizasyonu agisindan da onemlidir. Ornegin, ani fiyat sigramalart
veya diisiisleri, piyasa katilimcilarinin davraniglar1 ve haberlere olan tepkiler gibi kisa
vadeli dinamikler, bu tiir analizlerle daha net bir sekilde ortaya konabilir. Ancak,
yiiksek frekansl verilerin analizi, bilyiik veri setleriyle ¢calismay1 gerektirdiginden, ileri
diizey veri isleme ve analiz tekniklerinin kullanilmasi zorunludur. Bu noktada, biiyiik
veri teknolojileri, dagitik hesaplama sistemleri ve yapay zeka algoritmalar gibi ileri
teknolojilerin kullanimi1 6nem kazanmaktadir.

Bu tez galismasi, finansal piyasalarin karmagik ve 6ngoriilmesi zor dogasini ortaya
koyarak literatiire onemli katkilar sunmaktadir. Calismanin en 6nemli katkilarindan
biri, farkli varlik simiflar1 i¢in en uygun modelleme tekniklerini belirlemesidir.
Bu, yatirimcilar ve finansal analistler i¢in piyasa dinamiklerini anlamada ve risk
yonetiminde kullanilabilecek degerli icgoriiler saglamaktadir. Ornegin, hisse senetleri,
tahviller, doviz kurlar1 ve kripto para birimleri gibi farkli varlik siniflarinin her biri i¢in
optimal modellerin belirlenmesi, bu varliklarin kendine 6zgii karakteristiklerini ve risk
faktorlerini daha iyi anlamamiza olanak tanir.

GARCH modelleri ailesinin farkli varlik simiflar1 i¢in farkli performans gostermesi,
risk yOnetimi stratejilerinin varlik sinifina gore 6zellestirilmesi gerektigini vurgula-
maktadir. Bu bulgu, "tek beden herkese uyar" yaklagiminin finansal modelleme ve
risk yonetiminde yetersiz kalabilecegini géstermektedir. Ornegin, kripto para birimleri
icin EGARCH modellerinin daha uygun olmasi, bu varlik sinifinin asimetrik volatilite
yapisini yansitmaktadir. Bu tiir bulgular, portfoy yonetimi ve risk degerlendirmesi
acisindan Onemli pratik uygulamalara sahiptir. Yatinmcilar ve fon yoneticileri, bu
bilgileri kullanarak daha sofistike risk ol¢iim teknikleri gelistirebilir ve varlik tahsis
stratejilerini optimize edebilirler.
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1. INTRODUCTION

A thorough understanding of data is crucial for anyone involved in computer science
and for anyone who works with or manipulates raw data. The goal of data processing is
to obtain novel insights or forecasts about future events by manipulating and analyzing
actual information. Data analysts and data scientists primarily work with data, which

serves as the essential cornerstone of their field.

The concept of “data” has undergone changes and developments throughout its history.
The term was initially documented in 1946, referring to information that can be
transmitted and stored for computer-related tasks. The term “data-processing” was first
coined in 1954, while the term “data-base” (also known as “database”), which refers
to a structured collection of data stored in a computer, came into being in 1962. The
term “data-entry” was first used in 1970. Prior to its use in computer science, the term
“data” originally denoted a fact that was provided or acknowledged in the 1640s. The

term is taken from the Latin word “datum” which translates to “thing given” [1] [2].

Another vital factor to take into account is the way in which data is displayed. Data
can be encoded using various characters, including letters, numbers, and symbols, or

it can be represented in binary format at the machine level.

The ability to accurately comprehend and analyze data is highly valuable in the
present era. Proficiency in analyzing unprocessed data and utilizing the resulting
insights to make well-informed choices has become an essential competency. With the
continuous advancement of technology and the exponential growth of data generation,
the significance of efficient data comprehension and analysis will inevitably rise [3].
Therefore, individuals and organizations that are able to effectively utilize the potential

of data will have a strong advantage in achieving success in the future.



1.1 A Brief History of Cryptocurrencies

The initial concepts for cryptocurrencies originated in the late 1980s. The primary
objective was to create a decentralized form of currency that could be sent without the
involvement of centralized institutions like banks, with a focus on ensuring transactions
could not be traced. In 1995, David Chaum, an American cryptographer, introduced
Digicash, a form of anonymous cryptographic electronic currency. This refers to an
initial version of secure electronic payments that required specialized software for
users to withdraw funds from a bank and mandated the usage of specific encrypted

keys before transmitting the money to the intended recipient.

Next in line was Bit Gold, a creation of Nick Szabo in 1998, which is frequently
referred to as the immediate precursor to Bitcoin [4]. Participation in the activity
necessitated the allocation of a specific quantity of computational resources to resolve
cryptographic challenges, with those who successfully solved the riddles being granted
a reward. Upon combining the concepts of Chaum and Szabo, it becomes evident
that we have a construct that has resemblance to contemporary Bitcoin. Nevertheless,
we encountered a few technical issues prior to our adoption of BitCoin. Szabo
was unable to resolve the issue of double spending, which involves duplicating and
replicating digital data, in BitGold without the presence of a central governing body.
A decade later, an enigmatic individual or collective operating under the alias Satoshi
Nakamoto released a document titled “Bitcoin - The Peer-to-Peer Electronic Cash

System” marking the inception of Bitcoin and other digital currencies [5].

Let us take a historical look at the process since this article was published.

1.1.1 The beginning (2008-2010)

The period spanning from the birth of blockchain technology to the introduction
of Bitcoin’s original version holds great significance. In 2008, Satoshi Nakamoto
published a white paper titled “Bitcoin: A Peer-to-Peer Electronic Cash System",

which outlined the underlying principles of blockchain technology.



Nakamoto’s proposal laid the groundwork for Bitcoin’s infrastructure, which offers a
decentralized digital currency and payment system powered by blockchain technology.
This era is also characterized by the creation of the “genesis block" on January 3, 2009,
marking the official launch of the Bitcoin network. Nakamoto’s white paper elucidates
the operational principles of a distributed digital currency (Bitcoin) and how it ensures
a decentralized framework. The “genesis block," representing the birth of Bitcoin,
serves as the initial block of the Bitcoin blockchain, establishing the foundation for

subsequent blocks.

1.1.2 The emergence of altcoins (2011-2013)

From 2011 through 2013, a wave of alternative cryptocurrencies (altcoins) emerged,
each with unique features and use cases. Inspired by Bitcoin’s success, these altcoins
aimed to revolutionize the cryptocurrency landscape with their offerings, such as faster
transaction confirmations, decentralized domain name systems, energy efficiency, and
facilitating international payments [6]. Notable examples of these altcoins include

Litecoin (LTC), Namecoin (NMC), Peercoin (PPC), and Ripple (XRP).

Litecoin (LTC), Charlie Lee’s brainchild in 2011, swiftly rose to prominence as a
viable alternative to Bitcoin. Lee’s vision was to create a cryptocurrency that could
expedite block production using a different cryptographic algorithm called Scrypt [7]].
The aim was to offer a more efficient payment system than Bitcoin, achieved through

faster transaction confirmations.

Namecoin (NMC), launched in 2011 using Bitcoin’s codebase, is designed to swap
internet domain names and DNS records using Bitcoin’s blockchain technology. By
supporting a decentralized domain name system, Namecoin aims to make the internet

more open and censorship-resistant [§]].

Peercoin (PPC), created in 2012 by Sunny King and Scott Nadal, combines
“proof-of-stake” (PoS) and “proof-of-work” (PoW) mechanisms to reduce energy
consumption and create a more sustainable blockchain network [9]. While its PoS

algorithm secures the blockchain network, the PoW algorithm verifies blocks [[10].



Ripple (XRP) is designed to facilitate fast and low-cost international payments,
especially among financial institutions [[11]. Unlike a decentralized blockchain, Ripple
is built on its consensus protocol called the Ripple Protocol Consensus Algorithm
(RPCA) [12]. Consequently, Ripple’s blockchain technology differs from Bitcoin and
other cryptocurrencies and is governed by a central entity. Ripple was released in 2012

and quickly gained acceptance among banks and financial institutions [13]].

These altcoins were introduced to the market with the aim of providing features
and use cases different from Bitcoin. While Litecoin focuses on faster transaction
confirmations, Namecoin offers a decentralized solution for internet domain names.
Peercoin prioritizes energy efficiency, while Ripple is designed to facilitate
international payments. These alternative cryptocurrencies served as a laboratory for
exploring various use cases of blockchain technology and enriched the cryptocurrency

ecosystem [14].

1.1.3 Expansion and experimentation (2014-2016)

From 2014 to 2016, there was a rise in the adoption of blockchain technology, and
its potential uses in several industries were investigated. Financial institutions, in
particular, recognized the potential benefits of blockchain technology for payment
systems and data security, leading them to invest in projects within this realm [15].
This growing interest in blockchain technology was further fueled by the release of
Ethereum, which facilitated the development of smart contracts and decentralized

applications (DApps) [16].

In 2015, Ethereum, a platform for innovative applications like decentralized finance
and tokenization, was launched by Vitalik Buterin. This marked a significant shift in
the utility of blockchain technology, extending its use beyond simple cryptocurrency
transactions [[17]. The Ethereum Virtual Machine empowered developers to create and
deploy smart contracts and self-executing agreements, written directly into code on the
Ethereum blockchain [[18]]. This breakthrough attracted developers and entrepreneurs,

sparking a wave of exploration into the potential of blockchain technology [19].



The launch of Ethereum in 2015 paved the way for the widespread adoption of
smart contracts and the development of DApps, revolutionizing the use of blockchain
technology [20]. A standout example during this period is the development of Quorum,
an Ethereum-based blockchain platform by JP Morgan Chase. Quorum is tailored to
provide a permissioned blockchain solution for enterprises, with a focus on privacy,
security, and performance [21]]. Its creation underscores the growing interest of
financial institutions in harnessing blockchain technology for their operations and

services [22].

During the period of expansion and experimentation from 2014 to 2016, we have
witnessed significant growth in the adoption and exploration of blockchain technology
across various sectors. The release of Ethereum and the development of smart contracts
and DApps opened up new avenues for innovation and experimentation, setting the

stage for further advancements in the blockchain ecosystem [23]].

1.1.4 Mainstream adoption and regulatory challenges (2017-2019)

From 2017 to 2019, we witnessed a significant surge in the adoption of cryptocur-
rencies and blockchain technology within the mainstream financial landscape. This
heightened interest was primarily driven by the highly volatile price fluctuations
observed in Bitcoin, which attracted extensive media coverage and sparked public
fascination with digital assets [24]. As a result, the market capitalization of
cryptocurrencies experienced exponential growth, with Bitcoin reaching an all-time

high of nearly 20,000 dolar in December 2017 [25].

Concurrently, significant corporations recognized the disruptive potential of
blockchain technology and began investing heavily in projects aimed at harnessing its
capabilities across various sectors [26]. For instance, IBM launched its blockchain
platform in 2017, providing a cloud-based solution for businesses to develop and
deploy blockchain applications. Similarly, Microsoft introduced its Azure Blockchain
Workbench, a tool designed to streamline the development and deployment of

blockchain applications on the Azure cloud platform.



However, as the adoption of cryptocurrencies and blockchain technology gained
momentum, regulatory authorities worldwide faced a daunting challenge. They had
to develop comprehensive frameworks to govern the burgeoning ecosystem, a task
that was not without its complexities. The regulatory response to the rapid rise
of cryptocurrencies varied significantly across jurisdictions, reflecting the diverse

attitudes and approaches adopted by different nations [27].

Notably, some countries took a cautious stance, implementing stringent regulatory
measures or even imposing outright bans on cryptocurrency activities. This was
done to mitigate perceived risks such as financial instability and illicit activities. The
regulatory action taken by South Korea in 2017, targeting cryptocurrency exchanges
and mandating stricter know-your-customer and anti-money laundering procedures, is
a clear example of this. It underscores the challenges faced by authorities in balancing
the innovative potential of cryptocurrencies with the need to ensure financial stability

and protect investors [28]].

From 2017 to 2019, they marked a significant milestone in the mainstream adoption of
cryptocurrencies and blockchain technology, accompanied by heightened regulatory
scrutiny. As the ecosystem continued to evolve, stakeholders grappled with the
complex interplay between innovation, regulation, and the transformative potential of

these emerging technologies.

1.1.5 Institutional investment and enterprise adoption (2020-2021)

The period from 2020 to 2021 witnessed a remarkable shift in the perception
and adoption of cryptocurrencies and blockchain technology by large institutional
investors and corporations. Notably, companies like MicroStrategy, Tesla, and
Square demonstrated their strategic foresight by allocating a portion of their corporate
reserves to Bitcoin [29] [30]. This bold move not only signalled their confidence in
cryptocurrencies but also served as a catalyst for broader institutional adoption, making

the audience aware of the industry’s evolving trends [31].



Moreover, the period from 2020 to 2021 saw a surge in the popularity of
blockchain-based projects, particularly those focused on decentralized finance and
tokenization platforms. These groundbreaking initiatives provided compelling
solutions for diverse financial services, encompassing lending, borrowing, asset
management, and trading, without reliance on conventional intermediaries. The rapid
and significant increase in the total value locked in DeFi protocols, exceeding 80
billion dollars by May 2021, highlights the growing interest and acceptance of these

decentralized financial solutions, arousing curiosity among the public [32].

However, as institutional giants began to embrace cryptocurrencies and blockchain
technology, regulatory agencies intensified their scrutiny of the space. This heightened
regulatory oversight led to several countries implementing stricter controls and
regulations surrounding cryptocurrencies and blockchain technology [33]]. The
Financial Action Task Force recently issued revised recommendations for virtual asset
service providers with the aim of improving transparency and addressing the threats of

money laundering and terrorism financing in the cryptocurrency industry [34].

Furthermore, regulatory authorities in various jurisdictions imposed more stringent
compliance requirements on cryptocurrency exchanges and custodial services to
strengthen investor protection and maintain market integrity [35]. These measures
included enhanced know-your-customer and anti-money laundering procedures, as

well as mandatory registration and licensing for cryptocurrency businesses [36].

The period from 2020 to 2021 has represented a significant milestone in the
institutional investment and enterprise adoption of cryptocurrencies and blockchain
technology. While this increased adoption brought legitimacy and growth to the
ecosystem, it also attracted heightened regulatory scrutiny, emphasizing the need for
a balance between innovation and compliance in the rapidly evolving landscape of

digital assets.



1.1.6 Current developments and future outlook (2022-Present)

In the current period, blockchain technology and cryptocurrencies continue to evolve
and develop rapidly. However, regulatory frameworks play a crucial role in shaping
the future trajectory of this innovative technology. Governments and regulatory bodies
worldwide are actively developing regulations and standards for cryptocurrencies
and blockchain projects, encompassing various aspects such as taxation, identity

verification, anti-money laundering, and know-your-customer requirements [37]].

The regulatory landscape for cryptocurrencies is a tapestry of diverse approaches
adopted by different countries. ~Some nations have chosen to ban or restrict
cryptocurrencies, directly impacting their prices, adoption, and operation. For
example, China escalated its crackdown on cryptocurrencies in 2021, prohibiting
cryptocurrency mining and trading activities within its borders. In contrast, other
countries have taken a more proactive stance towards cryptocurrency adoption. In
September 2021, El Salvador made a significant milestone by formally acknowledging
Bitcoin as a legitimate form of currency, making it the pioneering nation to take this
step [38]]. This ruling has profound ramifications for the widespread recognition and

utilization of cryptocurrencies as a means of transaction.

The evolving regulatory landscape has profound implications for major cryptocurrency
exchanges and institutional investors. Compliance with regulatory requirements has
become imperative, compelling these entities to allocate resources and efforts to ensure
adherence to the ever-changing regulatory frameworks [39]. This increased focus on
compliance has led to the development of more robust KYC and AML procedures
within the cryptocurrency industry and the emergence of specialized compliance

solutions and services [40].

Moreover, one of the most significant developments in the post-2022 era has been the
growing mainstream acceptance and integration of cryptocurrencies into traditional

financial systems.



Major financial institutions, such as JPMorgan Chase, Goldman Sachs and BlackRock,
have increasingly embraced cryptocurrencies as viable investment assets, offering

cryptocurrency-related products and services to their clients [41] .

In addition, the emergence of stablecoins, which are cryptocurrencies tied to stable
assets such as the US dollar, has made it easier to incorporate cryptocurrencies into
current financial systems. This allows for smooth transactions and decreases the

potential for price fluctuations[8].

The future of cryptocurrencies and blockchain technology holds promise, but also
carries an element of uncertainty. The ongoing development and maturation of the
technology, along with increasing institutional adoption and regulatory clarity, are

projected to fuel further growth and innovation in the space [42].

Nevertheless, in order to guarantee the enduring viability and extensive acceptance
of blockchain technology, it is imperative to address obstacles such as scalability,

interoperability, and energy consumption [43].

Te current developments in the cryptocurrency and blockchain space highlight the
complex interplay between technological innovation, regulatory frameworks, and
institutional adoption. As technology evolves, stakeholders must navigate this dynamic
landscape, balancing the need for innovation with the imperative of regulatory

compliance and risk management.

Although we will delve further into the technical aspects in the following sections,
it is important to reiterate that Bitcoin and other cryptocurrencies rely on blockchain

technology, which eliminates the necessity for a centralized authority.

1.2 A Brief Introduction to the Blockchain

Blockchain technology is a game-changer in the world of data management, providing
a revolutionary decentralised and distributed ledger system. This cutting-edge
architecture guarantees a secure, transparent, and unchangeable data storage system. It
achieves this by using interconnected blocks, with each block containing distinct data
and the cryptographic hash of the previous block. Here are the key characteristics of

blockchain technology:



1. Elimination of central control: In contrast to conventional centralised databases,
blockchain technology distributes data across a network, ensuring equal

participation and access for all.

2. Trust and transparency: The cryptographic links and distributed nature create a
secure framework where every participant possesses a complete system copy, which

improves overall transparency.

3. Immutability and data integrity: The cryptographic links between blocks serve as
a safeguard against any tampering with past data, guaranteeing the trustworthiness

and consistency of the stored information.

4. Distributed consensus: The system utilises consensus mechanisms to add blocks

and validate data, ensuring that all participants must agree on any changes.

5. Resilience: The distributed nature of the system ensures that data access remains

intact, even if individual nodes experience failures.

These features make blockchain a strong alternative to traditional centralised
databases, providing improved reliability, transparency, and resilience. Blockchain
technology heavily relies on cryptographic principles, particularly one-way hash
functions. These functions ensure that the system’s rules are securely encoded within
itself, preventing any tampering or fraudulent activities. They also encapsulate,
through a mathematical procedure, the guidelines for generating new currency units

in cryptocurrency systems.

The essential components of blockchain are:

1.3 Blocks

The each block in a blockchain consists of three crucial elements:

1. Block Data: This includes transaction information and other pertinent data.

2. Nonce: A 32-bit integer that is generated when a block is created. It plays a crucial

role in calculating the hash of the block header.
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3. Hash: A 256-bit value that is closely connected to the nonce, acting as a distinct

identifier for the block and guaranteeing the integrity of the data.

1.4 Nodes

Nodes play a crucial role in upholding the integrity and decentralised structure of
a blockchain network. They perform a crucial role in maintaining the system’s
integrity by enforcing established protocols. Nodes serve as the central repository for
tokens, smart contracts, and transaction records, establishing themselves as the primary

reference for the blockchain ledger.

1.5 Miners

Miners have a crucial role in the blockchain by adding new blocks through the process
of mining. This task requires solving intricate mathematical problems to find a nonce
that produces an authorised hash. After a successful mining operation, the new block
is added to the chain, ensuring the continued growth and integrity of the blockchain.
Ultimately, blockchain technology signifies a noteworthy progression in the realm
of data management and transaction systems. With its decentralised nature and
cryptographic solid principles, this system provides a secure and transparent alternative

to traditional centralised systems.

With the rapid advancement of technology, its potential to transform numerous

industries extends far beyond its original use in cryptocurrencies.
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2. THEORETICAL FOUNDATION OF CRYPTOCURRENCIES

2.1 Cryptographic Foundations

Blockchain’s dense cryptographic infrastructure and fundamental mechanism based on

signed keys and digital signatures make it more secure and reliable.

It is important to note that while Bitcoin has faced security challenges in the past, such
as instances where bitcoins were stolen from user balances, these issues were primarily
due to the weak security protocols of certain cryptocurrency exchanges. However, the
blockchain system itself, including its ledger, has never been intentionally hacked,

highlighting the inherent security of the technology.

Thus, historically, the main goal of Bitcoin hackers has been to hack Bitcoin wallets
or exchange platforms rather than to hack Bitcoin’s cryptographic system. Let us take
Bitcoin’s cryptographic foundations as an example and see how they are used to protect
the integrity of the blockchain. Bitcoin’s cryptographic components consist of the

following:

(1) Secure Hash Algorithm (SHA-256): It is a cryptographic hash method employed
to maintain the integrity of data. The function transforms data of arbitrary
magnitude into a constant-size (256-bit) digest. = Summaries facilitate the
identification of even the most subtle alteration in the data. Bitcoin employs the

SHA-256 algorithm to guarantee the integrity of transactions and blocks [44]].

(2) Elliptic Curve Digital Signature Algorithm (ECDSA): ECDSA is an algorithm
that creates and verifies digital signatures using elliptic curve cryptography.
Bitcoin uses ECDSA for users to sign transactions and prove ownership. Each
Bitcoin address is associated with an ECDSA private key, which provides control

of the bitcoins in that address [45]].
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2.2 Cryptographic Hash Functions

Hash functions are versatile tools utilized in nearly all security applications. A hash
function is a mathematical function that transforms a given numerical value into

another compressed numerical value.

The hash function can accept inputs of varying lengths, but it always produces outputs
of a predetermined fixed length. Hash values, also known as hash values, are the values

that a hash function returns.

Hash functions are commonly employed for the purpose of data concealment. As
an illustration, passwords provided during website registration are transformed into
hash values and subsequently stored in a database. By utilizing hash functions,
users can maintain authentication while preventing anyone with access to the database
from knowing the actual password supplied by the user. This is why hash functions

consistently produce the same output for a given input.

Another application of hash functions is to generate a secure digest of any data in order
to safeguard them from tampering. The hash code can be stored for summarization
purposes, as the result will consistently have the same length, regardless of the length
of the input data. Furthermore, any alteration of the original data would result in a

modification of the hash summary.
The following are the universal characteristics of all hash functions:

Fixed-Length Output (Hash Value): A hash function is required to transform input
data of any length into a hash value of a specified length. This procedure is commonly
known as data hashing. Typically, the hash result is far smaller than the input. Hash
functions are occasionally referred to as compression functions due of this rationale.
An n-bit hash function is a hash function that produces an output of n bits. Commonly

used hash functions generate outputs ranging from 160 to 512 bits.
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Pre-Image Resistance: A hash function must possess computational irreversibility,
which serves as a safeguard against attacks targeting the retrieval of the input value
based on its hash value. Put simply, if a hash function generates a hash value, it
is highly probable that finding the input value that resulted in that hash value is

challenging.

Second Pre-Image Resistor: When provided with an entry and its corresponding
Hash, it should be difficult to locate another entry with the same hash value. In order
for a hash function to be considered secure, it should be computationally difficult to
identify an alternative input value y that returns the same hash %(y) as the original input
x. This attribute of the hash function provides defense against a potential intruder who

possesses an input-hash combination.

Collision Resistance: Collision resistance is an essential characteristic of
cryptographic hash functions that assures the integrity and security of the data being
hashed. Collision resistance is crucial in ensuring the durability and reliability of the

blockchain ledger within the framework of blockchain technology [6].

A hash function is deemed collision-resistant when it is practically impossible to
identify two distinct inputs that yield the same hash value by computational means
[46]. In simple terms, if presented with a hash function #4, it should be exceedingly
challenging to locate two different inputs x and y for which i(x) = h(y). The attribute
in question is of utmost importance due to the potential consequences of an attacker
being able to readily discover collisions. Such a capability may enable them to
manipulate or fabricate transactions on the blockchain, so jeopardizing its integrity
[47]. Mathematically, the attribute of collision resistance can be precisely defined as
follows [48]]: For a given hash function 4 : {0,1}* — {0, 1}", it is extremely difficult

to discover two different inputs x,y € 0, 1* such that h(x) = h(y).

In this context, {0,1}* denotes the collection of all conceivable binary sequences of
varying lengths, while {0, 1}" denotes the collection of binary sequences with a fixed

length of n, where n represents the predetermined output size of the hash function.

15



The collision resistance property is achieved through the careful design of hash
functions using complex mathematical algorithms. These algorithms take an input
of arbitrary length and produce a fixed-size output, typically ranging from 128 to 512

bits, depending on the specific hash function [49].

Ultimately, collision resistance is an essential characteristic of hash functions that
guarantees the safety and authenticity of blockchain technology. Hash functions like
as SHA-256 ensure the integrity and reliability of the blockchain ledger by making it

extremely difficult to identify collisions.

2.3 The SHA Hashing Algorithm

SHA, refers to a collection of hash algorithms that were created by the US National
Security Agency (NSA). The initial hashing algorithm created in this sequence was
SHA-0, which was developed in 1993. SHA-1 was introduced in 1995. The SHA-2
standard was created in 2004 in response to the discovery of security weaknesses in
SHA-0 and SHA-1. The SHA-2 standard has various subsets, including SHA-224,
SHA-256, SHA-384, and SHA-512. The Bitcoin network utilizes the SHA-256 hash
algorithm. The number 256 in SHA-256 represents the number of bits. In its binary
form, SHA-256 comprises of ones and zeros. However, reading it in binary can be
challenging, therefore it is converted into hexadecimal to make it more accessible.
Hexadecimal is a number system that has a base of 16 and includes the characters 0-9

and A-F.

The division of 256 bits by 8 yields a result of 32 bytes. Each computer character is
represented by 4 bits, resulting in a hexadecimal value consisting of 64 characters. The
SHA-256 standard algorithm consistently generates a 64-character output, irrespective
of the input data’s size, whether it be a single letter or a book spanning hundreds of

pages.

For example, the hash code for the word “bitcoin” is

b 88 c0 87 24 7a a2 f0 7e el c5 95 6b 8e la 9f 4c 7f
89 2a 70 e3 24 f1 bb 3d 16 le 05 ca 10 7b
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while the hash code for the word “Bitcoin” is

b4 05 od f£f6 69 1f 8d c7 2e 56 30 2d da d3 45 do 5f ea
d3 ea d9 29 96 09 a8 26 e2 34 4e bo 3a a4

The SHA-256 algorithm involves a series of specific steps. First, the input data is
transformed into a specific format, and then logical operations are applied to these
data blocks. These operations ensure that each part of the input influences the result

independently.

Subsequently, the intermediate values obtained through these operations are

transformed into a single fixed-length hash value.

The security of SHA-256 is contingent upon any slight alteration in the input data,
which leads to an entirely distinct hash value. This characteristic indicates that any
modification in the data will result in a corresponding modification in the hash value.
Thus, within the Bitcoin network, SHA-256 is employed to generate the hash value of
a block, which incorporates the hash code of the preceding block, establishing a strong
connection between blocks. This guarantees the integrity of the blockchain, as any
alteration in a block will change its hash value and thus impact the entire chain. This
functionality enables the identification and preemptive mitigation of any alterations

made to the blockchain.

The Bitcoin network utilizes the SHA-256 method to merge various block information,
such as current user transactions, block number, 'nonce’ value, and the hash code of
the preceding block, into a unified hash code. SHA-256, or Secure Hash Algorithm
256-bit, is a cryptographic hash function that transforms a dataset, such as a message
or file, into a hash result with a fixed length of 256 bits. The primary goal is to ensure

the genuineness and security of the provided data by creating a unique representation.

The SHA-256 algorithm consists of a series of meticulous operations. At first, the
incoming data is converted to a specific format, and then logical operations are applied
to these data blocks. These processes ensure that each element of the input has a

separate and distinct effect on the result.
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Subsequently, the intermediate values obtained from these techniques are ultimately

transformed into a solitary hash value with a predetermined length.

The security of SHA-256 relies on the feature that any slight modification in the input
data will result in a completely different hash value. This feature signifies that any
alteration made to the data will lead to a commensurate alteration in the hash value.
Therefore, the Bitcoin network utilizes SHA-256 to produce the hash value of a block,
which includes the hash code of the previous block, creating a robust link between
blocks. The integrity of the blockchain is ensured by the fact that any modification
made to a block will result in a change in its hash value, which in turn affects the entire
chain. This feature allows for the detection and blocking of any alterations made to the

blockchain.

The collision resistance of SHA-256 relies on the property that even a little alteration
in the input data will produce a substantially distinct hash value. The phenomenon
is referred to as the avalanche effect [S0]. For instance, if a single bit in the input
data is altered, approximately half of the output bits will, on average, be modified.
This greatly impedes an attacker’s ability to locate two distinct inputs that provide an

identical hash value.

Moreover, the collision resistance of hash functions is frequently assessed through the
utilization of the birthday attack [S1]. The birthday attack is a stochastic technique
used to estimate the minimum number of evaluations of a hash function needed to
discover a collision with a specific probability. The birthday attack on a hash function
with an output size of n bits necessitates around 2"/2 evaluations to discover a collision

with a 50% likelihood. [52].

2128 agsessments to

For SHA-256, the birthday assault would necessitate around
discover a collision with a 50% likelihood, which is an exceedingly vast quantity.
From a comparative standpoint, even if the collective computational power of all the
computers worldwide were harnessed, it would require billions of years to discover a

collision by the use of the birthday attack. [53]].
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2.4 Merkle Trees

A Merkle Tree is a data structure commonly employed in computer science apps.
Merkel Trees are called the structures created to encode Blockchain data is the most

efficient and secure. In other words, they are also called" Binary Hash Trees". [54]].

Merkel Trees came into limelight recently as Bitcoin and other cryptocurrencies relies
on the blockchain data which is a specific example of a Merkle tree. Merkle trees are
synonymous with blockchain now, but their discovery was long before blockchains
were created. It was discovered in 1987 by computer scientist Ralph Merkle, who
suggested this system in his article "A Digital Signature Based on a Conventional
Encryption Function" and was named after its creator [23]. Merkle was also the

inventor of the cryptographic hashing system.

Merkle trees convert a large number of data into a string of characters that proves its
accuracy without revealing the structure. This method securely stores all the data and

allows access.

A Merkle tree is a structure of data that arranges data pairs by using a hashing
function to construct tree leaves or nodes. Subsequently, the outcomes are consistently
combined and subjected to hashing operations until a final hash, referred to as the
Merkle root, is obtained. The Merkle root is the highest-level node in the tree, which
includes all other nodes in the structure. Within this particular framework, the term
“record" frequently denotes a “transaction". A Merkle tree transaction is a data packet
that is linked to a leaf node through its hash. Blocks are the permanent transaction
data entries that make up the leaves of the Merkle tree. The transactions that are now
taking place form the individual components of a block, and they are linked together
through the Merkle root. The Merkle tree’s leaf nodes store the hash of the block data,
while the non-leaf nodes contain the cryptographic hash of their child nodes. Merkle
trees effectively handle the entire record of every user’s transactions, guaranteeing the

integrity of data and enabling quick verification of large datasets.
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Figure 2.1 : Structure of Merkle Tree

To construct the tree depicted in Figure [2.1) we can begin with the four transaction
data depicted by the boxes at the bottom of the diagram. Initially, hash references are
generated for each individual transaction data (L1 to L4), and then these references
are put together in pairs. Afterwards, hash references are formed for the pairs of hash
references, namely Hash O (L12) and Hash 1 (LL34). This process is iterated until
we ultimately reach a solitary hash reference, known as the root of the Merkle tree

(referred to as the "Top Hash").
The following are the primary characteristics of Merkle tree nodes:

Target Hash:The proof of work is generated by repeatedly hashing a single 80-byte
block that contains a valid Merkle root derived from the transactions within the block.
This Merkle root serves as a unique identifier for the block, enabling its precise location

to be determined within the entire blockchain structure.

Block Header: The proof of work is generated through the continuous hashing of an
80-byte block that incorporates a valid Merkle root. This Merkle root is calculated
based on all the transactions contained within the block, serving as a unique digital
fingerprint. By including this Merkle root, the specific block can be efficiently
identified and located within the overall blockchain structure, ensuring the integrity

and traceability of the recorded transactions.

Block Time:The total time required to process the block starts when it is dispatched
(off-block) and ends when it is received at its destination (on-block). The block time

may vary depending on the routes taken within the communication network.
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Hashed Time Lock Contract (HTLC):This is a sophisticated smart contract used in
cryptocurrency channels to mitigate counterparty risk. It’s a time-bound transaction
enabler. In simpler terms, it allows a transaction only if the payment transaction
acknowledgement is done by cryptographic proof within a specific timeframe.
Otherwise, the transaction is not allowed. The HTLC is a complex but vital concept in
cryptocurrency and blockchain technology, and grasping it will significantly enhance

your understanding of these fields.
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3. TIME SERIES

A time series is a sequential collection of data points that are measured at regular
intervals over a period of time, and each data point represents the value that exists at a
particular time ¢. Time series arise in several contexts such as engineering, economics

and finance, environmental modelling, medicine, meteorology and hydrology.

In scientific, commercial, industrial, or economic fields, real-world data often show
time series behavior, and predicting the future from these time series plays a vital role
in decision-making processes based on past observations. In certain domains, such
as financial time series, this forecasting task is often challenging because the data is
noisy, non-stationary, and has a complex structure. Statistical and computational-based

approaches are frequently used to capture time series patterns [S5]].

3.1 Time Series Analysis Objectives

The following points summarize the basic objectives of time-series analysis. Different

goals may come to the fore in specific cases.

1. Summary statistics: Summarize the general characteristics of the data using

statistical summaries such as mean, standard deviation, and variance.

2. Graphs: Visualize the change in time series using visualizations such as line charts,

box plots, and histograms.

3. Analysis and interpretation: Create a model that explains the time dependence in

the data. This model is usually a mathematical equation or a statistical method.

4. Interpretation of the model: Explain the trends, seasonalities, and other

regularities in the data by looking at the coefficients of the created model.

5. Forecasting: Predict future values using the past of the data. This can be a single

future value or a forecast of multiple values.
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6. Control: Modify the control parameters in order to align the series more closely
with a desired aim. Time series analysis can be employed to manage and regulate

product quality in a manufacturing process, as an illustration.

7. Correction of error terms: In linear models, error terms can be correlated over
time. In this case, the estimated variances must be corrected to take this into

account.

3.2 Autocovariance

When we consistently examine a specific event at regular time intervals, it is probable
that the obtained results will exhibit a correlation. Time-series analysis usually
involves examining the autocovariance of a series of observations. Autocovariances
measure the relationship between observations made at different time points and

illuminate the temporal dependence structure of the data.
The autocorrelation function, denoted as p;, is defined as

pr = corr(Yiz, ¥e) = 2. 3.1)

Y

The autocorrelation function identifies the second-order properties of the time series.

We forecast ¥; by ¢;, and p; by r;, where

1 min(n—t,n) _ _
a=- Y [u-Y|r-7] (3.2)
n s=max(1,1—¢)
P (3.3)
€0

3.3 Stationarity

Time series analysis theory fundamentally rests upon the assumption of ’stationarity’.
Real-world data frequently demonstrate non-stationary behavior, such as linear trends
or seasonal effects. The stationarity assumptions outlined below are valid once any

trends or seasonal components have been eliminated from the data [56]].

The challenges posed by trends and seasonal effects will be addressed in subsequent

discussions.
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Suppose the series (¥;);—0+1 42 spans across time but is only observed at times
t =1,...,n, resulting in the observed series (Y1,...,Y,;). The theoretical properties
pertain to the underlying process (Y;);cz. The process is considered weakly stationary

or second-order stationary if it satisfies the condition for all integers 7, 7.
E(Y:) =u (3.4)

cov(Yii0,Yz) =% (3.5)
where U is constant and ¥ does not depend on 7.

A process is considered strictly stationary or strongly stationary if the distributions of
(Y,,..., Y, ) and (¥}, 4z, ..., Y, +¢) are same for all sets of time points 71, ..., and for

all values of 7 € Z.

A strictly stationary process intrinsically fulfills the requirements for weak stationarity.
However, the converse does not typically apply. Put simply, a process that is poorly
stationary may not always be strictly stationary. In the case where the process adheres
to a Gaussian distribution, the joint distribution of (¥;,,...,Y;,) is multivariate normal

for all time points tq,.. ..

When encountering such situations, the concept of weak stationarity implies the
concept of strong stationarity, thus creating a relationship between the two types of

stationarity for Gaussian processes.

It should be noted that the variance of ¥, is equal to } , and due to stationarity, y_; is

equal to 9. The autocovariance function is denoted by the sequence (7).

3.4 Models of Stationary Processes

Consider a time series devoid of trends or seasonal effects, where any such patterns

have been effectively eliminated from the data.

One common approach in constructing a linear model for such a time series exhibiting
autocorrelation involves utilizing autoregressive (AR) or moving average (MA)
models. These models capture the dependencies between observations at different

time points, allowing for the incorporation of autocorrelation effects into the model.
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The process (Y;) is referred to as a linear process if it can be expressed in the following

form.

Yi=u+ Z Cr&—r (3.6)

J=—o0
where p is a common mean, {c,} is a sequence of fixed constants and {g} are
independent random variables with mean 0 and common variance. We assume

Y ¢Z < oo to ensure that the variance of ¥; is finite.
The process (Y;) is referred a linear process if it can be represented in the following
manner. The equation is defined as follows:

i=u+ Z Cré&—r 3.7

y=—o0

In this equation, i represents the common mean, {c,} is a sequence of fixed constants,
and {&} are independent random variables with a mean of 0 and a common variance.

To guarantee that the variance of ¥; is finite, we make the assumption that ¥ ¢? < oo

The AR, MA, and ARMA processes we will discuss are all specific instances of

fundamental linear processes [56].

3.4.1 Autoregressive processes

Suppose that the current value of the series is directly influenced by its prior value,

with some degree of error. This can be described as
i=aY 1+& (3.3)

where & 1s a white noise time series. In other words, & represents a sequence
of uncorrelated random variables (which may be normally distributed, though not
necessarily so) with a mean of 0 and a variance of 6. This model is referred to
as an autoregressive (AR) model, given that Y is regressed on its own past values.

Specifically, this is an AR model with a lag of 1.

In general, in an autoregressive model, a p —th order autoregressive model, known as

an AR(p) model, is defined as follows:

p
Y, = Z oY+ &. (3.9
i=1
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If & has variance 62, then from independence we have that

Var(¥;) = 6%+ a?6? + -+ a** Va? + a®Var(¥,_;) (3.10)

The summation converges under the assumption of finite variance. However, it
converges only when the absolute value of « is less than 1. Therefore,the condition

|a| < 1 is necessary for the AR(1) process to be stationary.

3.4.2 Moving average processes

An alternative approach is to presume that the present value of the series can be

expressed as a weighted sum of previous white noise terms. For instance,
Vi =&+ P& 1. (3.11)

The model is referred to as a moving average (MA) model because the variable Y is a
weighted average of past values from the white noise series. In this case, the moving
average is delayed by 1 unit of time. The white noise series can be understood as
innovations or shocks, which refer to new and independent information that arises at
each time interval. These innovations are then joined with other innovations to produce

the observable series Y.

Within a broader framework, we can examine a moving average model with an order

g, referred to as an MA(q) model. This model is described by

q
Yy=g&+) Bj&—;. (3.12)
j=1

If & has variance 62, then from independence we have that

q
Var(V;) =0’ + Y Bo’. (3.13)
j=1

3.4.3 An example: MA(1)

We consider the MA(1) procedure: The formula for Y; is & + €. Given that & has

a variance of 62 and a mean of zero, we can compute the autocovariances as follows:

% = Var(Yy) = (1+ B?)o? (3.14)
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Thus,
B
=1 = — =0fork>2 3.15
Po ; P1 1 T Bz; Pk or ( )
are the autocorrelations.

Now evaluate the same procedure, substituting 1/ for B. It is evident from the
preceding formulae that this transformation does not alter the autocorrelation function,

making it impossible to discriminate between the two processes denoted by 8 and 1/f.

It is typical to enforce the following requirement in order to resolve this identifiability
issue: In the complex plane, all of the zeros of the function ¢g(z) are located outside

of the unit circle.

3.4.4 The backshift operator

The definition of the backshift operator or lag operator L is:

LY, =Y, (3.16)

LY, = L(LY,) = Y; 2 (3.17)

The identity operator IY; = L°Y, = ¥; is included.

The AR(p) process Y; = Zle ;Y;—; + & may be expressed as follows using this

notation:

p
<I—Za,~y'> Y, =g or gu(L)Y, =€ (3.18)
i=1

Remember that ¥; = & + ):?:1 Bj€—; represents an MA(g) process. Any complex

number 7 can be represented by the moving average polynomial as follows:
0p(2) = L+ Prz+--+Byz? (3.19)

The MA(q) process may then be expressed in operator notation as follows:
9 .
Y,=(1+) Bl |&orY,=¢g(L)e (3.20)
j=1
There is no requirement to impose a stationarity constraint on the coefficients {J3;}
for an MA(q) process. But there is another problem that requires limitation on these

coefficients.
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Let us consider the special case when By = 1. This may be expressed as follows:
¢a (L)Y = ¢p(L)& (3.2D
The prerequisites are as follows:

(i) The requirement for stationarity on {o,..., 0}
(i) The condition of identifiability on {,...,B,}

(iii)) An extra requirement for identifiability is the absence of shared roots between

¢a(2) and ¢p(z).

To prevent an ARMA(p,q) model that may be represented as a lower order model,

such as an ARMA (p — 1,4 — 1) model, condition (iii) is required [57].

3.4.5 ARMA processes

An autoregressive moving average process, denoted as ARMA(p,q), can be

represented by the following equation:
p q
Y=Y oY i+ ) Bj&; (3.22)
i=1 j=0

for By = 1.

A more comprehensive definition of an ARMA process includes a non-zero mean L,
which is achieved by substituting ¥; with ¥; — u and Y;_; with ¥;_; — u in the equation

above.

Based on the definition, it is evident that an MA(q) process is second-order stationary
for any given values of fi,..., ;. However, the same cannot be said for AR(p) and

ARMA(p, q) models, as they do not always yield second-order stationary time series.

As an example, we have previously discussed the requirement of |a| < 1 for an AR(1)
model to be stationary. This condition is essential for all AR processes of higher orders

as well.

Definition of the autoregressive polynomial for any complex number z as:

Oo(z) =1—0nz—--— 02" (3.23)
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In order for an autoregressive process of order p (AR(p)) to be stationary, all the
zeros of the function @y (z) must lie outside the unit circle in the complex plane. The
condition imposed on the coefficients {a,...,0,} ensures that the process is both

well-defined and stationary [S8|].

3.4.6 Differencing

The difference operator V is defined as the subtraction of the current value ¥; from the

previous value Y;_ 1, expressed as
VY, =Y, -Y (3.24)

The disparities give rise to a new time series VY (which is of length n — 1 if the previous

series had a length of n).

Similarly,

VY, =V(VY) =Y, -2Y_1+Y (3.25)
and so on.

If our initial time series is not stationary, we can analyze the first-order difference
process VY, or higher-order differences V¢Y. If we determine that a differenced
process exhibits stationarity, we can then pursue an ARMA model for that differenced
process. Typically, when differencing is used, a value of d = 1 or at most d = 2 is

usually adequate.

3.4.7 ARIMA processes

In the event that the original time series fails to exhibit stationarity, one approach is to
examine the first order difference process VY, or higher order differences such as V3y,
and so forth. If it is determined that a differenced process displays stationarity, then an

ARMA model can be fitted to that differenced process.

From a practical standpoint, if differencing is employed, it is usually sufficient to use
d =1, or in some cases d = 2. The process Y; is defined as an autoregressive integrated
moving average process, denoted as ARIMA(p, d, g), if the dth difference VY follows
an ARMA(p, q) process.
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An ARIMA(p,d, q) model can be expressed as follows:
0 (L)VY = ¢p(L)e (3.26)
0o (L)(I—L)"Y = ¢g(L)e (3.27)
3.4.8 Calculating Autocorrelation Function

The autocorrelation function (ACF) is calculated by dividing the k-th lag
autocovariance, denoted as Y, by the zero-lag autocovariance, denoted as 7. This
is expressed mathematically as pp = ¥%/y. It is important to mention that the
autocorrelation function becomes zero when the absolute value of k is greater than
g. The sudden termination of the autocorrelation function after lag g is a characteristic
trait of the moving average (MA) process and can be employed to determine the order

of an MA process.

3.4.9 Calculating the Partial Autocorrelation Function

In practice, the Partial Autocorrelation Function (PACF) is computed as follows.

Consider the regression of Y; on ¥;_1,...,Y; , i.e., the model:
k
Y=Y ajYij+& (3.28)
j=1
where & is independent of Yi,...,Y;_;. Given the data Yi,...,Y,, least squares
estimates of aj g, ..., ay x are obtained by minimizing:

2
1 & k
ot = -y (Y, — Y a7 j> (3.29)
j=1

r=k+1
These a; coefficients can be found recursively in k for k = 0,1,2,.... For k = 0:
Gg = ¢0, ap,p =0, and a;,; = p(1). Then, given the a;_; values, the a; values are

determined as follows:

k-1
Pr— X1 4jj—1Pk—j
1
1— Zj:l ajk—1P;j

Ajk = Ajk—1 — A kUe—jk—1 (3.31)

Ak k = (330)

where j = 1,...,k— 1. And subsequently:
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of = op(1—azy) (3.32)

This method is commonly referred to as the Levinson-Durbin recursion. The a;
value corresponds to the kth sample partial correlation coefficient. When considering

a Gaussian process, we can interpret it in the following way:

arg =corr(Y, Y, x| Y1, Y xq1) (3.33)

If the process ¥; follows an AR(p) model, then a; = 0 for k > p. Thus, the PACF plot
should display a significant decrease to almost zero following lag p, which can be used

as a diagnostic tool to identify an AR(p) process.

3.4.10 Identifying an AR(p) Process:

In an AR(p) process, the p;, values decrease gradually as k increases, which can
be difficult to identify in a plot of the acf. On the other hand, the diagnostic tool
used to identify an AR(p) process relies on a different measure known as the partial
autocorrelation function (PACF). The partial autocorrelation at lag k is calculated by
examining the correlation between Y; and Y;_; while taking into account the influence

of the intermediate variables ¥;_1,...,Y;_ji1.

We construct these partial autocorrelations by fitting autoregressive processes of
increasing orders. At each stage, we define the partial autocorrelation coefficient as

the estimate of the final autoregressive coefficient.

Put simply, ay. is the value that approximates ¢ in an AR(k) process. If the underlying
process follows an AR(p) model, then it is known that o is equal to zero for k greater

than p. Thus, the PACF plot should display a clear cutoff point after the lag p.

One way to construct the partial autocorrelation function (PACF) is by using the sample

analogues of the Yule-Walker equations for an autoregressive (AR) process with order

p:

)
Pr=Y, Cipp—i, k=1,....p (3.34)
i=1
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Replacing p; with its sample value r;, we obtain the sample analogue of these

equations:

)4
re=Y aipry—i, k=1,...,p (3.35)
i=1

In this context, the notation ag;, is employed to highlight the estimation of the
autoregressive coefficients «j,..., 0, while assuming that the underlying process
follows an autoregressive pattern of order p. These equations can be solved, resulting
in a set of unknowns that can be represented as aj j,...,ap,. The pth partial

autocorrelation coefficient is denoted as ay, .

3.4.11 Identifying an MA(g) process:

As previously mentioned, in an MA(g) time series, the autocorrelation function values
beyond lag ¢ are all zero, meaning that p; = O for kK > ¢g. Hence, the plots of
the autocorrelation function (ACF) should display a pronounced decline to almost
zero following the gth coefficient. This tool functions as a diagnostic method for

recognizing an MA(g) process.

3.4.12 Second order properties of MA(q)

The MA(g) process is defined as ¥; = Z?;o Bj€—j, when By = 1. It is clear that the
expected value of Y; is equal to zero for all values of ¢. Therefore, for values of k

greater than zero, the autocovariance function is obtained in the following manner:

Y = E(YY, )

() ()

Z iﬁ BiE (& j&—k—i) (3.36)

j:0 l:

=F

Given that the sequence & is white noise, it follows that E(&_;&_x_;) = O unless
j = i+ k. Hence, the only non-zero terms in the summation are of the form &2 ;i x

and we obtain:
q— <
Y= o Z ﬁzﬁz+|k| k| <gq (3.37)
0 k| > g
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3.4.13 Second order properties of AR(p)

Let us examine the autoregressive process of order p, denoted as AR(p):
p
Y; = Z oY, i+ & (3.38)
i=1
In this particular model, the expected value of Y at time t is equal to zero. As a result,
when we multiply both sides of the equation above by Y;_; and calculate the expected

value, we get:

P
Y=Y 0¥%_i, k>0 (3.39)
i=1

Expressing this in terms of the autocorrelations p; = ¥/, we have:
p
Pr=Y Cipx—i, k>0 (3.40)
i=1
The Yule-Walker equations are the name given to these equations. The population
autocorrelations, denoted as pg, are computed by solving the Yule-Walker equations.

All of these autocorrelations are frequently nonzero.

The Yule-Walker equations are of interest to us because they can be used to determine
the p; values, given that the o; coefficients are known. Later, we will be interested
in utilizing them to deduce the values of ¢; that correspond to a certain collection of

observed sample autocorrelation coefficients.
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3.5 Non-linear Models

Various specialized models and methodologies have been developed to analyze
financial time series, such as share prices, share price indices, spot interest rates,
and currency exchange rates. These include ARCH (Autoregressive Conditionally

Heteroscedastic) models and Stochastic Volatility models.

3.5.1 Stochastic volatility

An option to ARCH-type models is to incorporate unobserved components that affect

the volatility o.
The log-normal stochastic volatility model can be expressed as follows:
yi = exp(h; /2) (3.41)
b1 =%+ +n (3.42)

where & ~ .#°(0,1) and 1, ~ A(0, G%) are independent for all 7.

The process h; exhibits strong stationarity if and only if the absolute value of ¥ is
less than 1. Additionally, if 4; is stationary, then y; is also stationary. Monte-Carlo
techniques are frequently used for estimation because the distribution of loge? is

non-normal.

3.5.2 (G)ARCH models

The most basic ARCH model, referred to as ARCH(1), is defined as follows:
y; = 0;& where 6; = g + aly,z_l

The variable & follows a normal distribution with mean O and standard deviation 1.
The sequence of & values is independent. Here, the value of ¢ is set to be greater than
zero in order to prevent negative variances. The conditional distribution of Y; given

Yi 1 =yi-11s JV(O,Oio+061ytzf1)'
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(1)

(ii)

(iii)

The GARCH (Generalized ARCH) model is an expanded version that
incorporates moving average components to account for variations in variances.

For instance, the GARCH(1,1) model:

Yr = Glgt Where 612 = a() + Otlylz_l +ﬁ1 Gtz_l (343)

The EGARCH (Exponential GARCH) model represents the logarithm of 7 as a

function of the size and sign of &_.

Nelson (1991) proposed the exponential GARCH (EGARCH) model.

P q
logo? = @+ Zg(Z,_,-) + Z Bjlog Gtz_j (3.44)
i=1 j=1
Where,
8(Zi—i) = YiZi—i+ 0i(|Zi—i| — E(|Zi—i])) (3.45)
Define Z;,_| = 2:11 and the natural logarithm of the conditional variance equals
to:
2 ! 2 & E—i E—i L&
log(o7) =+ ) Bjlogo; ;+ ) o —E +Y 7
j=1 i=1 Or—i Or—i i=1 Or—i

(3.46)
Alexander (2004) presented o represents the symmetric effect, B measures the

lagged conditional variance and 7 reflects the asymmetric performance.

2 whenZ_ is normal distribution
E(1Zi-1D) =4 2re . o (3.47)
Var() when Z,_; is student-t distribution

In their study, Wang, Fawson, Barrett, and McDonald (2001) show that E(|Z;_;|)
vl
is constant for all i when Z; is normal distribution or is A7) depended on

VAL (%)

different v when Z; is student-t distribution.

The GJR-GARCH model, proposed by Glosten, Jagannathan and Runkle (1993),
is another asymmetric model that captures the leverage effect in financial time

series. Define the sequence & as & = z;0;, where z; follows a normal distribution.

g ~ N (0,67) (3.48)
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The GJR-GARCH model is written as:
2 4 2 I 2 - 2
o =0+ Y Bio7 ;+ Y oie’ i+ Y e dik (3.49)
j=1 i=1 k=1
Where [; is an indicator function defined as:

1, ifg <0

= 3.50
! {O, otherwise ( )

The asymmetry in the GJR-GARCH model is captured by the sign of the
indicator term. When the residual (&) is less than zero, the indicator term (/;)
is set to one; otherwise, it is set to zero. This enables the model to differentiate
between positive and negative shocks, thus taking into consideration the leverage
effect commonly observed in financial markets. Patrick, Stewart and Chris (2006)

offer a comprehensive explanation of this model in their article.
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4. STATISTICAL ANALYSIS AND MODEL FITTING

4.1 The Error Term’s Distribution
In our study, this section mostly presents two distributions. The first distribution is a

normal distribution, while the second one is a student-t distribution.

4.1.1 Normal distribution (Gaussian distribution)

The normal distribution, also known as the Gaussian distribution, is a fundamental
continuous probability distribution in mathematics and statistics. It is characterized by
two parameters: the mean (i) and the standard deviation (o). The probability density

function (PDF) of the normal distribution is given by:

1 —u)?
f(x|.ll»0):6—mexp (—<x262) ) 4.1)

where x is the random variable, it € R is the mean, and ¢ > 0 is the standard deviation.

The distribution is symmetric about its mean and has a characteristic bell-shaped curve

[59]. Key properties of the normal distribution include:

(i) The mean, median, and mode are all equal to u.

(i) Approximately 68%, 95%, and 99.7% of the data fall within one, two, and three

standard deviations of the mean, respectively (the empirical rule).

(iii) It is the maximum entropy probability distribution for a random variable with

specified mean and variance.

The standard normal distribution, where 4 = 0 and ¢ = 1, is particularly important
in probability theory and statistics. Its cumulative distribution function is denoted by

d(x) and cannot be expressed in terms of elementary functions.
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4.1.2 Student’s t-distribution

The Student’s t-distribution, introduced by William Sealy Gosset under the pseudonym
“Studen”, is a continuous probability distribution that arises in the problem of
estimating the mean of a normally distributed population when the sample size is small
and the population standard deviation is unknown. The probability density function of
the t-distribution with v > 0 degrees of freedom is given by:

v+1

r( v—l—l) t2 -2
tHv) = —=—~(1+— 4.2
1) =zt (145) “2
where ¢ is the random variable, v is the degrees of freedom, and I' is the gamma

function. The Student t-distribution possesses several important characteristics:

The distribution is symmetrical about zero and has a bell-shaped curve, however it has
fatter tails compared to the normal distribution.As v — oo, the t-distribution converges
to the standard normal distribution. For v > 1, the mean exists and is equal to 0. For
v > 2, the variance exists and is equal to ¥5. It arises as the distribution of a ratio of
a standard normal random variable and the square root of a scaled chi-squared random

variable.

The t-distribution is essential in statistical inference, specifically in hypothesis testing
and constructing confidence intervals for situations with small sample sizes or
unknown population standard deviation. It offers a more conservative approximation in
comparison to the normal distribution, taking into consideration the extra uncertainty

caused by estimating the population standard deviation from the sample [|60].

4.2 Model Performance Metrics

Several metrics are utilized to assess the effectiveness of models. In this section,
we will discuss some commonly used metrics, including their formulas and threshold

values that indicate a successful model in our study.
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4.2.1 Mean absolute error (MAE)

Mean Absolute Error (MAE) is a metric that computes the average of the absolute
discrepancies between the projected values and the actual values. The formula is as

follows: [61]]

1 & .
MAE = p Y yi—9il (4.3)
i=1

In this context, y; denotes the true values, y; denotes the estimated values, and
n represents the overall number of observations. A model’s success is directly
proportional to the decrease in the Mean Absolute Error (MAE) value. A model is
deemed to have good performance if its Mean Absolute Error (MAE) value is less than

10% of the range of the target variable.

4.2.2 Mean squared error (MSE)

The Mean Squared Error (MSE) is a mathematical calculation that determines the
average of the squared differences between the predicted values and the actual values.

The formula can be expressed in the following way:

1 & R
MSE =~} (yi—5i)’ (4.4)
i=1
Achieving a lower Mean Squared Error (MSE) number indicates a higher level of
success for the model. A model is deemed to have good performance if its Mean

Squared Error (MSE) value is less than 5% of the variance of the target variable [62]].

4.2.3 Root mean squared error (RMSE)

RMSE is obtained by taking the square root of the MSE. Its formula is as follows:

1 & .
RMSE = [~} (vi=3:)? 4.5)
i=1

RMSE has the same units as MSE, and the lower the value, the more successful the
model is. A model with an RMSE value less than percentage of 10 of the range of the

target variable is considered to have good performance [[63]].
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4.2.4 R? score

Understanding the R? score is crucial for assessing how well the model can explain the

variance in the dependent variable. The formula can be expressed as:

Yy (i — i)
Yi=1"(yi—y)*
Here, 7 denotes the average of the actual values. The R? score falls within the range of

R*=1-

(4.6)

0 to 1. Values near 1 suggest that the model effectively explains the data. A model that

achieves an R? score higher than 0.7 is regarded as having excellent performance. [64].

4.2.5 Root mean squared logarithmic error (RMSLE)

RMSLE is a variant of RMSE that incorporates a logarithmic transformation. The

formula is as follows:

RMSLE = \/ % Y (log(yi+1) —log($i +1))2 4.7
i=1

RMSLE is particularly useful for keeping the errors of large values on the same scale
as the errors of small values. A model with an RMSLE value less than 0.2 is considered
to have good performance. In general, for a model to be considered successful, it is
expected that the above metrics have low values (high values for R?) and that the model
captures the patterns in the data set well. Additionally, it is important that the model

does not experience over-fitting or under-fitting problems.

4.2.6 The akaike information criterion (AIC)

AIC, or Akaike Information Criterion, is a quantitative measure applied for the purpose
of selecting the most appropriate model [65]. The objective is to choose the most
suitable model by striking a balance between the model’s quality of fit and The AIC

formula can be expressed as:

AIC =2k —21In(L) (4.8)

42



Here, k denotes the amount of parameters in the model, while L represents the
maximum likelihood value of the model. Models with lower AIC values are favored.
A model that has an AIC value at least two units lower than the next best model is

considered to have strong support [[66].

4.2.7 The bayesian information criterion (BIC)

The Bayesian Information Criterion (BIC) is a commonly employed quantitative
criterion for selecting models. Like AIC, BIC seeks to identify the most suitable
model by taking into account both the model’s goodness of fit and its complexity.
Nevertheless, the Bayesian Information Criterion (BIC) exhibits a stronger inclination
towards penalizing intricate model complexity compared to the Akaike Information
Criterion (AIC), particularly in situations where the sample size is substantial. The

BIC formula can be mathematically represented as:

BIC = klIn(n) —2In(L) (4.9)

In this scenario, k symbolizes the count of parameters in the model, n refers to the size
of the sample, and L represents the maximum likelihood value of the model. Models
with lower Bayesian Information Criterion (BIC) values are preferable, as they imply
a superior trade-off between model fit and complexity. When doing a comparison of
models using the Bayesian Information Criterion (BIC), a difference of 2 or more in
BIC values is regarded as compelling evidence in support of the model with the lower
BIC. A disparity of 6 or greater is regarded as compelling evidence, while a disparity
of 10 or greater is regarded as highly compelling evidence [[67]. A key benefit of
BIC in comparison to AIC is its consistency. As the size of the sample increases,
the likelihood of selecting the correct model (assuming it is one of the models being
considered) approaches 1. On the other hand, the Akaike Information Criterion (AIC)
lacks consistency and has a tendency to choose excessively intricate models as the

sample size increases [68].

Nonetheless, it is crucial to acknowledge that both AIC and BIC are comparative

metrics and should only be employed for model comparison inside a given dataset.
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They do not offer a definitive assessment of the quality or suitability of the model.
Furthermore, the selection between AIC and BIC could be contingent upon the
particular circumstances and goals of the researcher. If the objective is to choose the
most concise model that yet offers a satisfactory fit, the Bayesian Information Criterion
(BIC) may be favored. If the objective is to reduce the model’s prediction error, AIC

may be a more suitable choice.

Practically, it is advisable to take into account both AIC and BIC when choosing
models, in addition to other variables including the model’s interpretability, theoretical

explanation, and practical considerations.

4.3 The Augmented Dickey-Fuller (ADF)Test

Statistical researchers often rely on the Augmented Dickey-Fuller (ADF) test to assess
the stationarity of time series. This test is used to determine if a time series contains a
unit root. When a time series has a unit root, it is considered non-stationary, which can
cause issues with spurious regression(Occurs when there are parallel local patterns).
The ADF test is an expanded version of the Dickey-Fuller (DF) test. It is assumed
that a time series follows a first-order autoregressive (AR(1)) process in the DF test.
On the other hand, the ADF test considers higher-order autoregressive processes and
incorporates lagged difference terms in the model to address autocorrelation in the

error terms [[69]]. The structure of the ADF test’s hypothesis is as follows:

* HO (Null hypothesis): The null hypothesis states that the time series, which

includes a unit root, is non-stationary.

* HI1 (Alternative Hypothesis): The time series is stationary, indicating no evidence

of a unit root.

The ADF test employs the following regression equation:
-1
Vyr=a+Br+yi1+ Y, 6V it+& (4.10)
i=1
In this case, y; refers to the time series under examination, V represents the difference

operator, ¢ represents the time trend, [ specifies the appropriate lag length, and &
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represents the error term. The coefficient y is examined for statistical significance in
order to establish whether a unit root is present. If the coefficient y is not statistically
significant (i.e., the p-value is large), the null hypothesis cannot be rejected, and it is
concluded that the time series is non-stationary [70]. Take,for instance, a time series
comprising the daily closing prices of a certain stock. The ADF test can be utilized
to assess the stationarity of this time series. If the Augmented Dickey-Fuller (ADF)
test does not reject the null hypothesis, which indicates the existence of a unit root, it
implies that the stock prices are not stable. In such cases, it may be required to apply

adjustments such differencing before doing ARIMA modeling [[71]].

4.4 The Kwiatkowski-Phillips-Schmidt-Shin (KPSS) Test

The KPSS test is specifically developed to examine whether a time series is stationary
or non-stationary, in contrast to the Augmented Dickey-Fuller (ADF) test which

focuses on detecting the presence of a unit root [72]].

The KPSS test is based on the following model:

vi=Bt+r+g& (4.11)

In the given equation, we have y; as the time series being tested, ¢ representing the
deterministic trend, r; as a random walk process, and & as the stationary error term.

The random walk process is defined as:

rr="r—_1+u 4.12)

where u; is an error term that is independently and identically distributed (i.i.d.), with
a mean of zero and a constant variance. The structure of the hypothesis for the KPSS

test is as follows:

* HO (Null Hypothesis): The time series is stationary around a deterministic trend.

* H1 (Alternative Hypothesis): The time series is non-stationary due to the presence

of a unit root.
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The KPSS test statistic can be calculated using the following formula:

Y87

KPSS = S50

4.13)

Let S; represent the partial sum of the residuals obtained from regressing y; on an
intercept and a time trend. T denotes the sample size, while 62 is an estimator of
the long-run variance of the residuals [73]. When the KPSS test statistic surpasses
the critical value at a selected significance level, we reject the null hypothesis of
stationarity and conclude that the time series is non-stationary. If the test statistic is
smaller than the critical value, the null hypothesis cannot be rejected, and it is assumed
that the time series is stationary. For instance, let’s examine a time series that consists
of monthly inflation rates. The KPSS test can be used to assess the stationarity of this
time series. When the KPSS test rejects the null hypothesis of stationarity, it means
that the inflation rates are not stationary. In such cases, it may be necessary to apply

suitable transformations or differences to the data before fitting an ARIMA model.

4.5 ARIMA Model Fitting
Three steps make up thetechnique for fitting ARIMA (Autoregressive Integrated

Moving Average) models: estimation, verification, and identification.

4.5.1 Identification

Data preprocessing is a crucial step in achieving stationarity, as it lays the groundwork
for accurate time series analysis. The selection and adjustment of the autoregressive (p)
and moving average (q) components are key, and they can be modified as the model
evolves. Time plots serve as a powerful tool for visually assessing data stationarity.
They offer a quick and intuitive way to understand the data and determine if it

originates from a stationary process.

 Take into account changing the data (for as by taking logs).

* Determine whether differencing is required to achieve series stationarity.

The autocorrelation function (ACF) should quickly decline to zero in order to achieve

stationarity. If not, consider making one or two differences in the series (going beyond
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the second change is uncommon). The initial identification of p and q is the next stage.

We utilize PACF and the Autocorrelation Function for this, keeping in mind that:

* The ACF is O for a moving average order q (MA(q)) process beyond lag g.

* The PACF for an autoregressive process with order p (AR(p)) is zero after lag p.

4.5.2 Estimation: AR processes

For an AR(p) process defined as:

P
Y, = Z oY, i+ &
i=1

We have the Yule-Walker equations:
p
Pe =Y 0pji_g, fork >0
i=1
We fit the parameters @, ..., o, by solving:
p
Iy = Za"qi*kl’ fork=1,...,p
i=1

These p equations can be solved using the Levinson-Durbin recursion for the p

unknowns o, ..., ).
The Levinson-Durbin recursion also provides the residual variance:
» 1 ¢ & i
p=, L | X Lo
1=p+1 Jj=1

One way to guide the selection of the appropriate order p is by minimizing an

information criterion such as the Akaike Information Criterion (AIC).

If (¥;), is a causal AR(p) process with independent and identically distributed white
noise errors (0,07), then the Yule-Walker estimator & is considered to be the best

choice when it comes to the normal distribution [74].
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4.5.3 Estimation: ARMA processes

For an ARMA(p, q) process, assuming Gaussian white noise errors, we can use
maximum likelihood estimation. We rely on the prediction error decomposition, where
the joint density of Y7,...,Y, is expressed as:
n
f0, o) = f) [T, Y

=2
Supposing the conditional distribution of ¥; given Y, ...,Y,_; is normal with mean ¥,
and variance F;_, and Y; ~ N(¥1, Py), the log-likelihood is:

n
—2logl = log(2m) +log P +
st~ 3 {tog(am) +1ogp 1+ U

In this case, ¥, and P,_; depend on the parameters «y,...,p,Bi,...,B,;. To find the
maximum likelihood estimators, one can numerically minimize —2log L with respect
to these parameters. By utilizing the observed information matrix at the maximum
likelihood estimates, we can obtain an estimate of the covariance matrix for the

estimators. This allows us to calculate approximate standard errors for the parameters.

4.5.4 Confirmation

Confirming that the model accurately aligns with the data is the third step. There are

two main approaches:

* QOverfitting: Include additional parameters and determine their significance using

likelihood ratios or t-tests.

* Residual analysis: For assessing consistency with white noise, you can calculate
residuals from the fitted model and then plot their ACF, PACF, spectral density

estimates, and so on.
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S. DATA SETS

For this section, we will delve into the stock market and cryptocurrency market data
that will be utilized in this thesis. We will also examine the structure of datasets, and

will describe the features as rows and columns of the datasets are going to investigate.

5.1 Yahoo!Finance API

Yahoo Finance is a media organization that provides a wealth of information on
financial news, stock prices, press releases, and financial reports. All data on this
platform is freely available for access and download. One can obtain the data directly
from the Yahoo!Finance portal, or utilize their Yahoo!Finance API to retrieve financial

information published by Yahoo!Finance.

Yahoo previously had their own official API, however it was discontinued in
2017. Currently, unapproved application programming interfaces (APIs) and software

libraries are being utilized to retrieve this data.

In this thesis, we will utilize the v f i nance python package to work with the datasets.
The library, created by Ran Aroussi, is a widely used open source tool designed to
retrieve financial data from Yahoo Finance. The library offers a dependable approach
for retrieving historical market data from Yahoo!Finance, with a level of detail as
precise as 1 minute intervals. The library encompasses comprehensive market data
on Cryptocurrencies, conventional currencies, equities, and bonds, as well as basic

and options data, along with market analysis and news.

To obtain the datasets required for this thesis, it will suffice to construct the following
python code. The Ticker () function enables us to retrieve a particular dataset based

on its ticker symbol.
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2

import yfinance as yf

BIST100 = yf.Ticker ("XUl100.IS")

The sample code we gave above gets the BIST 100 index data.

5.2 Data Sets

In this section, we will examine the structure of the four different data sets that we will

study in this thesis. These data sets are listed below:

1. BIST 30 (XUO030.1S)
2. BIST 100 (XU100.IS)
3. Bitcoin (BTC-USD)

4. Ethereum (ETH-USD)

All of the data sets are columnar data frames and share the same columns. These

columns are listed below:

* Open: The price at which a financial instrument starts when the stock market opens

on the given day.
* High: The maximum price at which a stock was traded during the day.
* Low: The minimum price at which a stock is traded during a specific day.

* Close: The price at which a financial instrument end when the stock market closed

on the given day.

* Dividend: Since the Ticker function gives the profit share values as zero, we will

not include this part in our study.

* Stock Split: Since our data is data for more than one company and cryptocurrencies
do not have stock, ticker function showed these values to be zero. We will not

include this section in our study.

* Volume: The number of stocks traded between open and close on a given day.
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5.2.1 BIST data

In this section we are going to analyse the structure of the BIST 30 and BIST 100

datasets. The datasets we use in this thesis cover the time interval from 2000 to 2010.

The Istanbul Stock Exchange divides stocks into four distinct groups. These are listed

below.

1. Class A Shares: These are the shares in active circulation with a value of 30 million

TL or more.

2. Class B Shares: These are the stocks with an active circulating share value between

TL 10 million and TL 30 million.

3. Class C Shares: Shares with an active circulating share value of less than TL 10

million.

4. Group D Stock: It is the stock traded in the Emerging Business Market, Free

Trading Platform, Qualified Investor Transactions Market or the Custody Market.

The BIST 30 is a benchmark that evaluates the returns of the stocks belonging to the 30
firms with the greatest trading volume and market capitalization, which are listed on
the Istanbul Stock Exchange. The stocks comprising the BIST 30 index are likewise
encompassed within the BIST 50 and BIST 100 indices. The shares that are part of
the BIST 30 index are meticulously selected from both group A and group B stocks.
Group C and Group D are omitted from the index because they possess a greater degree
of risk. Every corporation is restricted to a maximum allocation of 10 percent of the
stocks that make up the BIST 30 index. The goal is to reduce the effect of price changes

in stocks of companies with substantial market capitalization on the overall index.
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The BIST 30 index shares undergo a re-evaluation process every 3 months, specifically
in January, April, July, and September. Investors who prefer a long-term approach can
benefit from the index, as it offers the potential for profits with relatively low risk.
Additionally, experienced investors can capitalize on short-term buy-sell transactions

to generate profits.

The BIST 100 index holds a significant position as the most popular and widely used
index of the Istanbul Stock Exchange. It is closely monitored by all major investors.
The companies included in this index are determined by reviewing the stocks traded in
Istanbul Stock Exchange four times a year. Through the review process, companies
eligible for inclusion in the BIST 100 index are chosen from those traded on the
National Market, real estate investment partners traded on the Corporate Products

Market, and venture capital investment partners.

Shares that are actively traded are organized based on their market value and daily
average trading volume. The index includes the top 100 shares in both rankings.
Stocks eligible for inclusion in the BIST 100 index are exclusively chosen from Group
A and Group B shares. Group C and Group D groups are not part of the BIST
100 index, similar to how they were not included in the BIST 30 index. Similar
to a quantitative analyst, the index shares undergo re-evaluation every 3 months,
specifically in January-March, April-June, July-September, and October-December.
Periodic changes are announced with a minimum of 10 days notice prior to the start of

the relevant index period.

Data: The ticker code of BIST 30 and BIST 100 indices respectively are "XU030.IS"

and "XU100.IS". We will use this code in all our python code and data analysis.

Open High Low Close Volume Dividends Stock Splits

Date

2000-01-04 15208.799805 17639.300781 15208.799805 17512.199219 54538700
2000-01-05 17512.199219 17802.099609 16237.700195 16932.000000 66720900
2000-01-06 16932.000000 17460.699219 16086.799805 16200.000000 66095000

2000-01-07 16200.000000 16305.599609 15623.500000 15837.400391 25444400

©o o o o o
o o o o o

2000-01-11 15837.400391 16388.300781 15293.200195 16347.400391 53618400

Figure 5.1 : BIST100 Sample
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In Figure [5.1] one can see a sample of the BIST 100 index dataset from January 4th,
2000 to January 11th, 2000. Also, in Figure 5.2 shows the four-year opening index of
BIS100.

BIST100

20k

Open

10k

Jul 2000 Jan 2001 Jul 2001 Jan 2002 Jul 2002 Jan 2003 Jul 2003 Jan 2004 Jul 2004
Date

Figure 5.2 : BIST100 Date and Open

5.2.2 Crypto currency data

In this thesis, we are going to use the price time series data of ethereum, bitcoin from
their beginning to the present. We retreived the data from Yahoo API. We will use the
American dollar (USD) as the base currency. The value corresponding to each unit
of cryptocurrency will be expressed in USD. In Figure [5.3] shows a small sample of

BitCoin prices (in USD) from September 30th, 2021 to October 8th, 2021.

Open High Low Close Volume Dividends Stock Splits
Date

2021-09-30 41551.269531 44092.601562 41444.582031 43790.894531 31141681925 0 0
2021-10-01 43816.742188 48436.011719 43320.023438 48116.941406 42850641582 0 0
2021-10-02 48137.468750 48282.062500 47465.496094 47711.488281 30614346492 0 0
2021-10-03 47680.027344 49130.691406 47157.289062 48199.953125 26638115879 0 0
2021-10-04 48208.906250 49456.777344 47045.003906 49112.902344 33383173002 0 0
2021-10-05 49174.960938 51839.984375 49072.839844 51514.812500 35873904236 0 0
2021-10-06 51486.664062 55568.464844 50488.191406 55361.449219 49034730168 0 0
2021-10-07 55338.625000 55338.625000 53525.468750 53805.984375 36807860413 0 0
2021-10-08 53802.144531 55922.980469 53688.054688 53967.847656 34800873924 0 0

Figure 5.3 : Bitcoin-USD Sample
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5.2.3 Apple stock market data

Yahoo Finance also provides historical pricing of AAPL shares on the NASDAQ
exchange. Apple Inc. Yfinance provides the option to access data on a daily, weekly,
or monthly basis until the date when shares are issued. We will be progressing our

work using this source within the specified time frames.
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6. EXPERIMENTS

The data sets to be used in all experiments throughout the research were downloaded

from yfinance in accordance with the required date ranges.

Additionally, the experiments were conducted using Jupyter Notebook as the
computational tool, specifically employing Python version 3.8.3 within the Anaconda

distribution.

6.1 Computational Tools

What we were primarily looking for when searching the literature was that the library
contains the ARIMA/SARIMA and GARCH models. In this direction, we conducted a
systematic literature review. We decided to use PyF1lux, Skt ime and Dart s among

the software packages that contain the models we need.

6.1.1 PyFlux

PyFlux is a Python package that is open-source and specifically designed for tackling
statistical challenges. The library offers a comprehensive selection of contemporary
time series models, together with a versatile range of inference approaches (both

frequentist and Bayesian) that can be utilized with these models.

Users have the ability to construct a comprehensive probability model in which four
data and hidden variables (known as parameters) are considered as random variables
using a shared probability distribution denoted as p(y,z). The benefit of employing
a probabilistic approach lies in its ability to provide a comprehensive representation
of uncertainty, which holds significant importance in time series activities like
forecasting. Alternatively, users can utilize the Maximum Likelihood estimate to

enhance the speed of their operations within the unified API.

Models provided by PyFlux are as follows:
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(i) ARIMA models
(i1) Dynamic Paired Comparison models
(ii1) GARCH models
(iv) GAS models
(v) GAS State Space models
(vi) Gaussian State Space models
(vii) Non-Gaussian State Space models

(viil)) VAR models

6.1.2 sktime

sktime is a powerful Python library for analyzing time series data. It brings together
various functionalities found in multiple Python libraries. In addition, it brings
its own distinct characteristics for making predictions. We can use it to train,
fine-tune, and evaluate models for time series. It aligns well with scikit-learn. sktime
offers a cohesive interface for various time series learning tasks, such as time series

classification, regression, clustering, annotation, and forecasting.

Sktime aims to provide a unified API for various time series tasks, expanding on the
familiar scikit-learn interface to accommodate temporal data. It strives to maintain a

similar syntax and logic whenever feasible.

6.2 The Experimental Setups

6.2.1 The BIST setup

The BIST 30 data we use in our study is based on daily data between 2000 and 2010.
Our data set consists of 2744 rows and 7 columns. Details about our data set can be

found in Section

After the data set check, there were no null values, so no null treatment was applied to

our data set.
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Table 6.1 : Descriptive Statistics of the BIST30

Open High Low Close Volume Div. Splits
count 2744 2744 2744 2744 2744 2744 2744

mean 36721 37212 36175 36732 33x10* 0 0
std 21018 21194 20814 21017 1.0x 10° 0 0
min 9073 9633 8701 9073 0 0 0
25% 16109 16374 15722 16109 0 0 0
50% 32925 33372 32508 32956 0 0 0
75% 53712 54363 52882 53715 0 0 0
max 91188 91485 90007 91249 8.7 x 10° 0 0

In Figure [6.1] shows the line chart of the BIST30 index in the last specified date range
of the stock market closing. Table[6.1|shows the statistical distributions of the BIST30

dataset. There are no null values in this data set.
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Figure 6.1 : BIST30 Closed Price between 2000 and 2010

The BIST 30 data we use in our study is based on daily data between 2000 and 2010.
Our data set consists of 2744 rows and 7 columns. Table shows the statistical

distributions of the BIST100 dataset. There are no null values in this data set.

6.2.2 The bitcoin setup

Table [6.3|presents various statistical summaries of the Bitcoin-USD data set. The table
presents various statistical summaries of the Bitcoin-USD data set. The table provides
a comprehensive set of statistical measures for various financial indicators, including
opening, high, low, and closing prices, trading volume, dividends, and stock splits.

The data includes various statistical measures for different aspects of the stock, such as
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Table 6.2 : Summary Statistics of the Dataset

Open High Low Close Volume Div.  Splits
count 2744 2744 2744 2744 2744 2744 2744
mean 29100.88 29460.63 28701.49 2911020 2.945 x 108 0
std  16705.10 16827.40 16562.10 16706.55 2.233 x 10®
min  7159.70 747740  6796.90  7159.70 0
25% 12818.67 13112.75 12520.00 12818.67 1.250 x 108
50% 25719.90 26010.70 25442.65 25720.10 2.459 x 108
75% 42889.03 43434.10 42312.02 42863.77 3.986 x 108
max 71503 71776.90 70815.20 7154330 1.312x 10°

el elNeleololoNel
S O OO OO

mean, standard deviation, minimum, maximum, and quartiles. These measures cover

opening, high, low, and closing prices, trading volume, dividends, and stock splits.
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Figure 6.2 : Bitcoin Closed Price between 20018 and 2023
In Figure[6.2] the five-year closing price distribution of our data set is shown.

6.2.3 The ethereum setup

Table [6.4] displays a range of statistical summaries for the Ethereum-USD dataset,
which are comparable to the Bitcoin-USD dataset seen in Table 3. The table presents an
extensive range of statistical metrics for several financial indicators, such as opening,
high, low, and closing prices, trading volume, dividends, and stock splits. The dataset
comprises diverse statistical indicators for several stock attributes, including mean,

standard deviation, minimum, maximum, and quartiles.
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Table 6.3 : Summary Statistics of the Bitcoin-USD

Open High Low Close Volume Div.  Splits

count 1826 1826 1826 1826 1826 1826 1826
mean 20337.65 20838.15 19770.46 20337.36 2.660 x 10!°
std  16991.66 1743546 16476.29 16986.40 1.982 x 100
min 323627 3275.38 3191.30 3236.76  2.923 x 10°
25% 7686.93 7908.67 751731 7682.07 1.273 x 10'°
50% 10966.99 11301.31 10652.98 10960.59 2.432 x 10'°
75% 33789.31 34790.41 32267.99 33740.26 3.580 x 1010
max 67549.73 68789.63 66382.06 67566.83 3.509 x 10'!

[l elNelNeloloNel
SO OO O OO

These metrics encompass the opening, high, low, and closing prices, trading volume,
dividends, and stock splits. The summary statistics offer useful insights into the
behavior and characteristics of the Ethereum-USD dataset. Through analyzing the
mean, standard deviation, minimum, maximum, and quartiles, we may enhance our
comprehension of the central tendency, dispersion, and range of the data. These
statistics can assist investors and analysts in making well-informed decisions and

evaluating the potential risks and opportunities linked to Ethereum-USD.

Table 6.4 : Summary Statistics of the Ethereum-USD

Open High Low Close Volume Div.  Splits

count 1826 1826 1826 1826 1826 1826 1826
mean 114697 1183.51 1105.15 1147.01 1.322x101% 0
std  1200.83 1237.66 1158.30 1200.30 1.078 x 109 0
min 84.28 85.34 82.83 8431  9.485x 108 0
25% 209.03 21373  203.59 208.92 5.157 x 10° 0
0

0

0

50% 519.07 53295 49945 518.85 1.105x 1019
75% 1802.36 1840.00 1732.77 1803.34 1.836 x 1019
max 4810.07 4891.70 4718.04 4812.09 8.448 x 100

cleoleNeoNoRohe

6.2.4 The apple setup

Apple shares adhere to the same data structure and terminology, as you see in table[6.5]
We retrieved Apple shares data from YahooFinance and conducted the pre-processing

procedure.
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Table 6.5 : Summary Statistics of the Apple

Open  High Low  Close Volume Div.  Splits

count 2515 2515 2515 2515 2515 2515 2515
mean 25.228 25.452 25.000 25.234 2.998 x 108 0.002 0.003
std  13.925 14.047 13.822 13.944 2.353x10® 0.016 0.140
min  5.808 5918 5.744 5798 4.545x 107 0.000 0.000
25% 13.905 14.017 13.755 13.871 1.248x10® 0.000 0.000
50% 22350 22.550 22.181 22378 2.222x10® 0.000 0.000
75% 35.426 35.723 35.039 35355 4.068 x 10® 0.000 0.000
max 70.718 71.410 69.989 70.424 1.881x10° 0.193 7.000

6.3 ARIMA Models

The process began with thorough data preprocessing, which involved checking for
missing values (null) and examining the statistical distribution of the data. We applied
logarithmic transformations to the data to facilitate the modelling process, aiming to

stabilize the variance and improve the model’s performance.

Our study leveraged the power of visual exploratory analysis using the matplotlib
library in Python. This approach, which involved creating various plots and charts,
not only provided a clear picture of the data’s behaviour but also unearthed valuable
insights into the patterns, trends, and seasonality present in the data. These insights not
only deepened our understanding of the data but also opened up intriguing possibilities

for further analysis.

Before delving into the model selection, we conducted two crucial tests-the
Augmented Dickey-Fuller (ADF) test and the Kwiatkowski-Phillips-Schmidt-Shin
(KPSS) test-to assess the stationarity of the time series. These tests played a pivotal
role in determining the appropriate differencing order for the ARIMA model. We also
examined the autocorrelation and partial autocorrelation plots, which provided key
insights into the potential autoregressive (AR) and moving average (MA) terms for the
model. These plots, by revealing the correlation between the time series and its lagged
values, helped us identify the significant lags and the order of the AR and MA terms
to be included in the ARIMA model.
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Finally, we proceeded with ARIMA modelling, where we iteratively tested different
combinations of parameters (p, d, q) to find the optimal model. The selection criterion
was based on the Akaike Information Criterion (AIC), which balances the goodness of
fit with the complexity of the model. We searched stepwise to minimize the AIC value
and identify the best-performing ARIMA model. The chosen model was then used to

make forecasts and assess its performance on the given time series data.

6.3.1 Constructing the ARIMA models

In this experiment, we will use five different data sets to try to determine the

appropriate model for the ARIMA model, whose technical details we have given.

Table 6.6 : ADF and KPSS Test Results (without Log Transformation)
BIST 30 BIST 100 Bitcoin Ethereum Apple Stock

ADF Statistic -0.521 -0.481  -0.993 -1.015 -0.788

ADF p-value 0.888 0.896 0.756 0.748 0.823

KPSS Test Statistic 0.659 0.654 0.591 0.887 0.289
KPSS p-value 0.010 0.010 0.010 0.010 0.010

KPSS Lags Used 31.000 31.000 27.000 27.000 30.000
KPSS Critical Value (10%) 0.119 0.119 0.119 0.119 0.119
KPSS Critical Value (5%)  0.146 0.146 0.146 0.146 0.146
KPSS Critical Value (2.5%) 0.176 0.176 0.176 0.176 0.176
KPSS Critical Value (1%)  0.216 0.216 0.216 0.216 0.216

In the provided results, in Table [6.6] the ADF test statistics for all the time series are
negative but quite close to zero, and the corresponding p-values are relatively high
(ranging from 0.747834 to 0.895752). Based on the results, it appears that we are
unable to reject the null hypothesis of a unit root at commonly used significance levels
(such as 1%, 5%, or 10%) for any of the series. Based on the ADF test results, it seems

that all the time series are non-stationary.

On the other hand, the provided results show that the KPSS test statistics for all the time
series are high (ranging from 0.289036 to 0.886764), and the corresponding p-values
are low (all equal to 0.010000). Moreover, the test statistics exceed the critical values at
all conventional significance levels (1%, 2.5%, 5%, and 10%). These findings indicate
that we can reject the null hypothesis of trend-stationarity for all the series, suggesting

that they are non-stationary.
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The ADF and KPSS test findings consistently indicate that the time series of BIST
30, BIST 100, Bitcoin, Ethereum, and Apple stock are non-stationary in their original
form. Consequently, when we perform the tests using the logarithmic transformation

of the feature utilized in the data sets, the following findings are found.

Table 6.7 : ADF and KPSS Test Results for Log Transformed Data

BIST 30 BIST 100 Bitcoin Ethereum Apple Stock

ADF Statistic -15.542  -15.221 -29.666 -12.962 -12.896
ADF p-value 0.000 0.000 0.000 0.000 0.000
KPSS Test Statistic 0.085 0.084 0.218 0.207 0.063
KPSS p-value 0.100 0.100 0.010 0.013 0.100
KPSS Lags Used 7 5 8 8 6
KPSS Critical Value (10%) 0.119 0.119 0.119 0.119 0.119
KPSS Critical Value (5%)  0.146 0.146 0.146 0.146 0.146
KPSS Critical Value (2.5%) 0.176 0.176 0.176 0.176 0.176
KPSS Critical Value (1%)  0.216 0.216 0.216 0.216 0.216
Differencing 1 1 1 1 1

The results of ADF and KPSS tests applied to transformed data show a significant
improvement in the stationarity properties of all data sets in Table [6.7. Once
differencing, ADF test statistics had high negative values for all series, and p-values
were calculated at 0.000000. KPSS test results also generally support the stationarity
of transformed data. These findings reveal that differencing eliminated the original
series’ trend and unit root problems, and the transformed data became suitable for

model selection.

In this phase of the study, we made sure that the close prices were stationary, as this
is a common feature in all of our 5 datasets. We utilised the auto arima function
from the pmdarima library to identify the most suitable ARIMA model parameters.
This function conducts a grid search across different combinations of p, d, and q
values, taking into account a maximum of 10 lags for both the autoregressive and
moving average components. It also automatically determines the suitable level of

differencing.
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The auto arima function also includes seasonal components with a period of 12,
making it ideal for analysing monthly data. Once the optimal model was identified, we
proceeded to extract the model order, the differenced series based on this order, and
the model residuals for further analysis. By utilising this approach, we can effectively

identify the optimal ARIMA model structure for every dataset.

In Table @ , the selected models from all model grid searches are as follows.

Table 6.8 : Results of Grid Search and AIC Scores for Different Data Sets

Data Set Result of Grid Search AIC

BIST30 ARIMA(0,1,0)(0,0,0)[12] -12238.825
BIST100 ARIMAC(0,1,0)(0,0,0)[12] -12477.416
Bitcoin ARIMA(2,1,0)(0,0,0)[12] -6661.455
Ethereum ARIMA(1,1,2)(0,0,0)[12] -5698.832
Apple ARIMA(0,1,0)(0,0,0)[12] -13570.951

End of this studying, ARIMA modelling experiments have uncovered fascinating
patterns across various financial instruments. The low AIC values indicate that the
models may not perfectly fit the data, but this doesn’t always make them completely
unsuitable. Interestingly, incorporating seasonal components (SARIMA) did not have
a substantial impact on the model’s performance. The BIST30, BIST100, and Apple
stock series can be accurately characterised by ARIMA(0,1,0) models, which suggest
that they follow simple random walk processes after first-order differencing. On
the other hand, Bitcoin and Ethereum showcase more intricate dynamics. Bitcoin
adheres to an ARIMA(2,1,0) model, while Ethereum follows an ARIMA(1,1,2) model.
The difference in dynamics between cryptocurrency markets and traditional financial
markets is evident from this disparity. Random walk models are commonly observed
in line with the Efficient Market Hypothesis, suggesting limited predictability of price

movements for the majority of assets in our study.

To support these results, the results of the Ljung-Box tests of the results of grid search

are as follows:
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Table 6.9 : Results of Ljung-Box for Results of Grid Search

Data LB Statistics LB p-value
BIST30 1.250 1.000
BIST100 1.102 1.000
Bitcoin 2.715 0.656
Ethereum 6.268 1.000
Apple 6.418 1.000

When we examine Table [6.9] the p-values of BIST30 and BIST100 data are equal
to 1.0, indicating no autocorrelation. On the other hand, the p-values for Bitcoin,
Ethereum, and Apple data are relatively lower but still above the 0.05 significance

level. Therefore, there is no strong evidence for autocorrelation in these data sets.

In addition, the results of the Ljung-Box test suggest that there is no significant
autocorrelation in the residuals of our model, which confirms that our models’
underlying assumptions are valid. Nevertheless, the AIC values for all models indicate
a lack of strong predictive ability, emphasising the intricate nature of financial time
series and the potential requirement for more advanced modelling techniques in future

studies.

The information provided sets exhibit either a lack of autocorrelation or a very weak
autocorrelation. It is evident that these data sets exhibit a random walk pattern, where

past values have no impact on future values.

Considering this analysis, future studies may want to include macroeconomic factors
or market sentiment as external variables . In addition, conducting analyses with
shorter time intervals, such as hourly or 30 or 15-minute intervals, may result in the
creation of more appropriate models. These approaches have the potential to enhance

our understanding of market dynamics and increase the precision of predictions.

64



6.4 (G)ARCH Models

In this phase of the study, we focused on conducting a comprehensive analysis of
the time series data to assess its stationarity. We started by calculating returns
and summarising the results. Furthermore, we performed various hypothesis tests,
including the Augmented Dickey-Fuller (ADF) test, to evaluate the stationarity of the
series. After conducting a thorough analysis of the results, it has been determined
that returns, especially log returns, are highly advantageous for practical purposes,
especially in the field of mathematical modelling. This preference stems from their
ability to handle changing characteristics and enhance the stability of time series data.
Furthermore, we performed an assessment of ARCH effects using the Box-Ljung test,

which yielded support for utilising GARCH-type models for our analysis.

6.4.1 Return Calculations and Volatility Measures

In the experiment phase of this research endeavour, we depart from the approach
adopted in the initial experiment, which used closing prices of financial instruments as
input variables. Instead, we introduce three innovative features: returns, logarithmic
returns, and volatility (squared returns). These novel measures allow for a more

comprehensive analysis of the intricate dynamics underlying price fluctuations [75].

Returns: It is denoted by R(z), quantify the relative change in an asset’s price over a
specified time interval. Mathematically, this is expressed as:

P(t)—P(t—1)

Rt =—pa=1y

6.1)

where P(¢) represents the asset’s price at time 7, and P(¢f — 1) denotes the price during

the preceding period [76].

Logarithmic Returns: Logarithmic returns, represented by r(z), involve taking the
natural logarithm of the ratio of prices at consecutive time points [77]:

r(t):ln( P(t) ) 6.2)

P(t—1)
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Volatility: Volatility, denoted as 62(¢), is a measure of the dispersion of returns. It is

calculated as the squared value of the logarithmic returns:

o2(t) = r(1)? = [m (%)} 2 6.3)

It also gives more importance to larger price movements, allowing for a more accurate
representation of the extent of fluctuations [78]]. Volatility offers valuable insights into
the risk level of a financial instrument. Higher volatility suggests increased uncertainty

and the possibility of both gains and losses.

By incorporating returns, logarithmic returns, and volatility as input features, rather
than solely relying on price data, our models are able to capture complex patterns and
inherent characteristics in the evolution of asset prices. This significantly improves the
overall predictive capabilities of the modelling process, making it more effective and

reliable.

After adding new features and completing the data preprocessing steps, our current

data structure is shown in figure[6.3] The time series graph of each data set for return
are in figure[6.4] figurd6.5] figure [6.6] figurd6.7]and figurd6.§|

Open High Low Close Volume returns log_returns Sq_Returns

Date

2010-01-04 6.444463 6.476771 6.412758 6.461976 493729600 1.556469 0.015445 2.422596
2010-01-05 6.479790 6.509683 6.439027 6.473147 601904800 0.172885 0.001727 0.029889
2010-01-06 6.473149 6.498815 6.363542 6.370185 552160000 -1.590602 -0.016034 2.530015
2010-01-07 6.393737 6.401286 6.312211 6.358409 477131200 -0.184868 -0.001850 0.034176

2010-01-08 6.349954 6.401286 6.312514 6.400681 447610800 0.664829 0.006626 0.441998

Figure 6.3 : Apple Data after new features are added
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6.4.2 Summary Statistics of Returns

In the following paragraphs, we provide a thorough analysis of the log returns for our
datasets. Through an analysis of the statistical distributions of their log returns, we
seek to uncover valuable insights into the behaviour and characteristics of these varied
assets. We include important statistical measures in our analysis, such as sample size,
minimum and maximum values, mean, standard deviation, skewness, volatility and
kurtosis. These metrics offer valuable insights into the characteristics of each asset’s
return distribution, helping to understand its central tendencies, asymmetry, and tail

behaviour.

Table 6.10 : Descriptive Statistics of Different Data Sets for Log Returns

Statistics BIST100 BIST30 APPLE Bitcoin Ethereum
Sample size 2743 2743 2515 1825 1825

Min -0.181  -0.182 -0.124 -0372  -0.423
Max 0.195 0.193  0.089  0.187 0.259
Mean 0.001 0.001  0.001  0.001 0.002
SD 0.025 0.026 0.016 0.038 0.050
Skewness 0.288 0.343 -0.178 -0.390  -0.308
Kurtosis 6.191 5502 4401 7.271 5.252

In Table [6.10, The skewness values for BIST100, BIST30, APPLE, Bitcoin, and
Ethereum are as follows: 0.2881, 0.3433, -0.1780, -0.3897, and -0.3082, respectively.
All of these values are non-zero, suggesting that all return distributions exhibit

asymmetry.
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The BIST100 and BIST30 demonstrate a positive skewness, indicating a distribution
with a longer right tail. On the other hand, APPLE, Bitcoin, and Ethereum display a

negative skewness, indicating a distribution with a longer left tail.

The kurtosis values for these financial instruments, 6.1914, 5.5020, 4.4012, 7.2710,
and 5.2523 respectively, exceed 3, which is the kurtosis of a normal distribution. This
finding is quite significant, as it suggests that all return distributions exhibit fat tails.
This characteristic indicates that extreme events or outliers have a higher probability of
occurring compared to what would be expected in a normal distribution. It is important

to recognise the significance of this fact.

Bitcoin exhibits the highest kurtosis (7.2710), suggesting that it possesses the most
pronounced tail thickness compared to other assets. This may suggest increased
volatility and more frequent occurrences of extreme returns. Apple has the lowest
kurtosis value of 4.4012, indicating that it still has fat tails, although not as pronounced

as the other assets.

The values of standard deviation (SD), which offer valuable insights into the volatility
of these assets, are quite revealing. Among these assets, Ethereum has the highest
standard deviation (0.050012), making it the most volatile. On the other hand, APPLE
has the lowest standard deviation (0.016235), suggesting relatively lower volatility. It’s

important not to overlook this significant difference in volatility.

Based on the statistics, it is evident that none of these financial instruments adhere to
a perfectly normal distribution in their returns. Instead, each of them exhibits different

levels of asymmetry and fat tails.

6.4.3 GARCH Modeling and Volatility Analysis of Returns

During this phase of the study, modelling procedures were conducted using the data
from the ‘log returns’ column. The data was split into two sets: the train set and the

test set. The data was rescaled and adjusted to enhance the performance of the model.

The GARCH model was applied to the training data and the calculated conditional

volatility attribute was acquired for the training phase of the time series.
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Next, the scaler was applied to the training data’s conditional volatility arrays, resulting
in a transformation. The converted data was then plotted and compared to the scaled
realized volatility. Upon comparison, it was found that none of the coefficients
exhibited statistical significance. This expansion of the model specifically accounts for
the observation that negative shocks have a greater influence on volatility compared to

positive shocks.

In addition, the study utilized a wide range of forecast performance indicators to
thoroughly examine the accuracy of time series forecasts and evaluate the predictive
ability of the GARCH models. The field commonly employs many metrics such
as Mean Absolute Percentage Error (MAPE), Mean Squared Error (MSE), Mean
Absolute Error (MAE), and Root Mean Squared Error (RMSE). The meticulous use
of these techniques in this research provides a thorough assessment of the predictive
capacities of GARCH models, therefore bolstering the dependability of the study’s
findings.

6.4.4 Constructing the (G)ARCH Models

To initiate the experiment, we generated data for the new features using the Python
codes provided below for the features with mathematical definitions outlined in section

6.4. 1}

df['returns'] = 100xdf.Close.pct_change () .dropna ()

df['log_return'] = np.log(df.Close/df.Close.shift (1))

The code above calculates the simple returns and logarithmic returns. We proceeded
with an analysis using this expanded dataset. The analysis of stationarity, as mentioned
earlier, was conducted on the log returns to ensure that the necessary conditions for

stationarity were satisfied prior to proceeding with the modelling process.

As seen in Tabld6.T1] we obtained stationary evidence for the Log Return column with
ADF test results. Notice that we provided the stationary status with the columns we

created directly without any transformation.
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Table 6.11 : Dickey-Fuller test results for the log returns columns of the 5 datasets

BIST30 BISTI00 Bitcoin Ethereum Apple
Test Statistic -15.55  -15.23 -29.67 -1297 -12.89
p-value 0.00 0.00 0.00 0.00 0.00
Critical Value (1%)  -3.43 -3.43 -3.43 -3.43 -3.43
Critical Value (5%)  -2.86 -2.86 -2.86 -2.86 -2.86
Critical Value (10%) -2.57 -2.57 -2.57 -2.57 -2.57

In Table [6.T1] based on the Dickey-Fuller test results, we can conclude that the returns
series for all five datasets (BIST30, BIST100, Bitcoin, Ethereum, and Apple) are

stationary.

This is evident from the test statistics, which are less than the critical values at the
1%, 5%, and 10% significance levels. Additionally, the p-values for all datasets are
incredibly close to zero, indicating concrete evidence against the null hypothesis of a

unit root (non-stationarity).

In the table [6.12] presents the Box-Ljung test, a tool used to determine if the rate of
returns exhibits the ARCH effect. The null hypothesis states that the rate of returns
does not have the ARCH effect, while the alternative hypothesis suggests otherwise.

Refer to the publication by Forsberg and Bollerslev (2002).

Table 6.12 : Box-Ljung Test Results for Data Sets

Data Sets Test Value p-value
BIST100 18.590 0.029
BIST30 19.599 0.021
APPLE 16.125 0.064
Bitcoin 14.617 0.102
Ethereum  22.843 0.007

The Box-Ljung test results for the analyzed financial instruments (BIST100, BIST30,
APPLE, Bitcoin, and Ethereum) indicate the presence of ARCH effects, albeit with

varying degrees of strength:

1. BIST100, BIST30, and Ethereum demonstrate strong ARCH effects at the 5%

significance level (p-values less than 0.05).

2. APPLE shows borderline ARCH effects at the 5% significance level (p-value =

0.0643), which are statistically significant at the 10% level.
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3. Bitcoin, while having the highest p-value (0.1020), still shows some evidence of
ARCH effects, although not statistically significant at the conventional 5% or 10%

levels.

The results suggest that the return series of these financial assets display different
patterns of volatility clustering and time-dependent variance. This discovery supports

the use of GARCH-type models for predicting volatility in these assets.

ARCH effects indicate that previous levels of volatility can have an impact on future
levels of volatility in these markets. The significant ARCH effects observed in
BIST100, BIST30, and Ethereum suggest that these markets might be more responsive
to previous shocks and necessitate more advanced volatility modelling techniques.
However, the less compelling evidence for Bitcoin and the ambiguous case of APPLE

suggest that although ARCH effects exist, they might be less prominent or more

intricate.

Bist30 Model Selection: The results of the top 7 models are given in table

Table 6.13 : Top 7 GARCH Model Performances for BIST 30 Log Return

Model Distribution Log-Likelihood AIC BIC
GJR-GARCH(1,1) Student’st -5009.021 10030.043 10064.204
GJR-GARCH(2,1) Student’s t -5008.801 10031.602 10071.457
GJR-GARCH(1,2) Student’s t -5009.021 10032.043 10071.897
GJR-GARCH(2,2) Student’st -5008.313 10032.627 10078.175

GARCH(1,1) Student’s t -5015.976 10041.952 10070.420
GARCH(1,2) Student’s t -5015.951 10043.903 10078.064
GARCH(2,1) Student’s t -5015.976 10043.952 10078.113

Bist100 Model Selection: The results of the top 7 models are given in table

Table 6.14 : Top 7 GARCH Model Performances for BIST 100 Log Return

Model Distribution Log-Likelihood — AIC BIC
GJR-GARCH(1,1) Student’st -4884.207 9780.414 9814.574
GJR-GARCH(2,1) Student’s t -4883.950  9781.900 9821.754
GJR-GARCH(1,2) Student’s t -4884.201 9782.401 9822.255
GJR-GARCH(2,2) Student’s t -4883.318 9782.636 9828.184

GARCH(1,1) Student’s t -4892.059 9794.119 9822.586
GARCH(1,2) Student’s t -4892.018 9796.037 9830.198
GARCH(2,1) Student’s t -4892.059 9796.119 9830.280
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Apple Model Selection: The results of the top 7 models are given in table

Table 6.15 : Top 7 GARCH Model Performances for Apple Log Return

Model Distribution Log-Likelihood — AIC BIC
GJR-GARCH(1,2) Student’s t -3596.084  7206.168 7245.416
GJR-GARCH(1,1) Student’s t -3597.425  7206.850 7240.491
GJR-GARCH(2,2) Student’s t -3596.083  7208.167 7253.022
GJR-GARCH(2,1) Student’s t -3597.425  7208.850 7248.098

EGARCH(2,1)  Student’st -3600.583  7213.166 7246.808
EGARCH(1,2)  Student’s t -3600.612  7213.225 7246.866
EGARCH(2,2)  Student’s t -3600.583  7215.166 7254.415

Bitcoin Model Selection: The results of the top 7 models are given in table [6.16]

Table 6.16 : Top 7 GARCH Model Performances for Bitcoin Log Return

Model Distribution Log-Likelihood — AIC BIC
EGARCH(1,1)  Student’st -3826.778  7663.556 7689.987
EGARCH(1,2)  Student’st -3826.676  7665.352 7697.069
EGARCH(2,1)  Student’s t -3826.731 7665.462 7697.180
EGARCH(2,2)  Student’st -3826.610  7667.220 7704.224

GARCH(1,1) Student’s t -3835.859  7681.718 7708.149
GJR-GARCH(1,1) Student’s t -3835.393  7682.786 7714.503
GARCH(2,1) Student’s t -3835.836  7683.671 7715.388

Ethereum Model Selection: The results of the top 7 models are given in table|6.17

Table 6.17 : Top 7 GARCH Model Performances for Ethereum Log Return

Model Distribution Log-Likelihood — AIC BIC
EGARCH(1,1)  Student’st -4285.422  8580.845 8607.276
EGARCH(2,1)  Student’st -4285.312  8582.625 8614.342
EGARCH(1,2)  Student’st -4285.422  8582.845 8614.562
GARCH(1,1) Student’s t -4287.125  8584.250 8610.681
GARCH(2,1) Student’s t -4286.283  8584.567 8616.284
EGARCH(2,2)  Student’st -4285.312  8584.625 8621.628

GJR-GARCH(1,1) Student’st -4287.045  8586.091 8617.808
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The total results of all analyzes for GARCH models are as seen in tablo[6.1§|

Table 6.18 : Best GARCH Models for All Data Sets

Data Best Model Distribution AIC BIC
BIST30 GJR-GARCH(1,1) Student’st 10030.043 10064.204
BIST100 GJR-GARCH(1,1) Student’st 9780.414 9814.574
Bitcoin EGARCH(1,1) Student’st 7663.556 7689.987
Ethereum EGARCH(1,1) Student’st 8580.845 8607.276
Apple GJR-GARCH(1,2) Student’st 7206.168 7245.416

Through a thorough examination of different financial assets, one can uncover
fascinating patterns in the modelling of volatility. The GJR-GARCH(1,1) model
proved to be the most effective for the Turkish markets, specifically BIST30 and
BIST100. It revealed notable asymmetric volatility effects. In the cryptocurrency
sphere, Bitcoin and Ethereum exhibited a strong correlation with EGARCH(1,1)
models, indicating the significance of leverage effects and asymmetric volatility
structures in the crypto markets. The GJR-GARCH(1,2) model proved to be the most
accurate in capturing the returns of Apple stock, further emphasising the existence of
asymmetric effects in its volatility. Across all datasets, asymmetric volatility models
(GJR-GARCH and EGARCH) consistently outperform standard GARCH models.
This consistent finding highlights the prevalence of unequal reactions to positive
and negative shocks in financial markets, emphasising the importance of advanced
modelling approaches to accurately capture these complex volatility dynamics across

various asset classes and markets.
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As shown in table [6.19] the Root Mean Square Error (RMSE) performance results for
various GARCH models (GARCH, EGARCH, and GJR-GARCH) using both normal
and Student’s t distributions are presented comparatively for different financial data

sets (BIST100, BIST30, Apple, Bitcoin, and Ethereum).

Table 6.19 : The Result of RMSE About Performances for Models

Data Set Model RMSE

BIST100 GARCH (1,1)-Normal 4.343
GARCH (1,1)-student-t 4.031
EGARCH (1,1)-Normal 3.915

EGARCH (1,1)-student-t 3.429
GJR-GARCH (2,2)-Normal 4.372
GJR-GARCH (2,2)-student-t 4.221

BIST30 GARCH (1,1)-Normal 4.440
GARCH (1,1)-student-t 4.195
EGARCH (1,1)-Normal 4.047

EGARCH (1,1)-student-t 3.589
GJR-GARCH (2,2)-Normal = 4.543
GJR-GARCH (2,2)-student-t 4.422

Apple GARCH (1,1)-Normal 1.599
GARCH (1,1)-student-t 1.599
EGARCH (1,1)-Normal 1.652

EGARCH (1,1)-student-t 1.446
GJR-GARCH (2,2)-Normal  1.625
GJR-GARCH (2,2)-student-t 1.626

Bitcoin  GARCH (1,1)-Normal 4.026
GARCH (1,1)-student-t 4.107
EGARCH (1,1)-Normal 4.351

EGARCH (1,1)-student-t 5.357
GJR-GARCH (2,2)-Normal  4.163
GJR-GARCH (2,2)-student-t 3.664

Ethereum GARCH (1,1)-Normal 5.153
GARCH (1,1)-student-t 6.093
EGARCH (1,1)-Normal 5.552

EGARCH (1,1)-student-t 5.425
GJR-GARCH (2,2)-Normal  5.130
GJR-GARCH (2,2)-student-t 6.034

The table above presents a comparison between the best models selected by
AIC/BIC criteria and the models with the lowest RMSE for each asset. The analysis

provides intriguing insights into the volatility dynamics of various financial assets.
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Table 6.20 : Comparison of AIC/BIC Best Models and Lowest RMSE Models

Data Set AIC/BIC Best Model RMSE (AIC/BIC) Lowest RMSE Model Lowest RMSE

BIST100 GJR-GARCH(1,1) 4.221 EGARCH(1,1) 3.429
BIST30 GJR-GARCH(1,1) 4.422 EGARCH(1,1) 3.589
Apple GJR-GARCH(1,2) 1.698 EGARCH(1,1) 1.446
Bitcoin EGARCH(1,1) 5.357 GJR-GARCH(2,2) 3.664
Ethereum EGARCH(1,1) 5.425 GARCH(1,1) 5.153

e BIST100 and BIST30: The GJR-GARCH(1,1) model is recommended as the
best fit for both Turkish market indices based on the AIC/BIC criteria. On
the other hand, the EGARCH(1,1) model produces lower RMSE values of
3.4291 for BISTIO00 and 3.5892 for BIST30. This difference implies that
although GJR-GARCH(1,1) achieves a satisfactory trade-off between model fit and
complexity (as indicated by AIC/BIC), EGARCH(1,1) more precisely captures the
asymmetric impact on volatility, resulting in improved point forecasts as measured

by RMSE.

» Apple: The AIC/BIC criteria favor the GJR-GARCH(1,2) model, which yields an
RMSE of 1.6979. However, the EGARCH(1,1) model achieves a notably lower
RMSE of 1.4459. 1t is evident that the stock returns of Apple display notable
asymmetrical volatility effects, which can be more accurately represented by the
EGARCH model. The reason why AIC/BIC is preferred for GJR-GARCH(1,2)
is because it provides a better fit to the data without introducing unnecessary

complexity.

* Bitcoin: Interestingly, while AIC/BIC suggest EGARCH(1,1) as the best model,
the lowest RMSE is achieved by GJR-GARCH(2,2) (3.6644 compared to 5.3571
for EGARCH(1,1)). The significant disparity in RMSE values suggests that
the volatility of Bitcoin may possess a more intricate framework that the
GJR-GARCH(2,2) model is able to capture more effectively. The preference for
EGARCH(1,1) in terms of AIC/BIC indicates a balance between the complexity of

the model and its fit.
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e Ethereum: For Ethereum, AIC/BIC criteria recommend the EGARCH(1,1) model,
but the simple GARCH(1,1) model achieves a lower RMSE (5.1526 vs 5.4248). It
appears that the volatility of Ethereum may have a more balanced structure than
originally thought. The EGARCH model, although it captures potential asymmetric

effects, may introduce unnecessary complexity in this situation.

Our research highlights the significance of taking into account various factors when
choosing a model. RMSE is specifically designed to measure forecast accuracy, while
AIC/BIC consider both model fit and complexity. The variations in these criteria
emphasise the intricate nature of volatility in financial markets and the difficulties

involved in modelling it.

In addition, our findings suggest that different assets may necessitate unique modelling
methods. Market indices such as BIST100 and BIST30, along with established stocks
like Apple, can be enhanced by utilising models that effectively capture asymmetric
effects, such as EGARCH. On the other hand, cryptocurrencies like Bitcoin and
Ethereum display a broader spectrum of behaviour, which could be attributed to their

operation in newer and less predictable markets.

It would be advantageous to conduct out-of-sample tests in future research to assess
the real predictive performance of these models. In order to ensure precise volatility
forecasting and efficient risk management, it is essential to take into account the unique
attributes of each asset class when choosing the suitable model. This approach would
allow for a more customised and accurate analysis of different financial instruments

under different market conditions.
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6.5 Conclusions

This research mainly investigates the predictability of various datasets important to
investors in financial markets by using the time series of these datasets at certain
date intervals. The findings of the experiments conducted within the scope of the
research are presented with statistical evidence, and the results are interpreted. Based
on these results, it is understood that a prediction cannot be made only by observing
current pricing or daily price changes but also that factors such as seasonality and
trend are stochastic. These stochastic price changes prevent our studies from making
forecasts. From an economic point of view, the results can help investors and finance
professionals to make more informed decisions by providing information about the
behaviour and predictability of these markets. To summarise, neither investment
planning nor risk analysis is possible with time series alone, and the dataset should

be enhanced with additional features.
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