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Abstract

In recent years we have seen a huge increase in digital currencies and especially cryp-
tocurrencies with the most prominent being Bitcoin, Etherium, and Ripple. Investors,
Financial experts, and the scientific community have various opinions, both positive and
negative, regarding on the future of these currencies and on transactions with them. For a
long-time, attempts to develop a reliable and accurate predictive model for cryptocurrency
prediction have been made. Many machine learning and deep learning algorithms have
been used by the researchers to predict and analyze factors that affect the cryptocurrency
prices. The purpose of this thesis, is to focus on the challenge of cryptocurrency price
prediction, with a particular emphasis on Bitcoin, due to its leading role in the market.
Utilizing a comprehensive dataset that contains daily Bitcoin prices from September 24,
2019, to February 6, 2024, we developed and compared three distinct deep learning models:
ARIMA (AutoRegressive Integrated Moving Average), SVM (Support Vector Machine),
and LSTM (Long Short-Term Memory). Each model was carefully trained and tested to
evaluate its effectiveness in predicting future cryptocurrency prices. Our findings reveal
significant differences in the performance and reliability of each model, with the ARIMAX
model demonstrating superior accuracy and forecasting capabilities. This research con-
tributes to the ongoing dialogue on the effectiveness of predicting cryptocurrency prices
and offers valuable insights for investors, financial experts, and the scientific community.
By analyzing the predictive power of these models, we aim to shed light on the poten-
tial of deep learning methods in financial forecasting, particularly in the unstable and

unpredictable realm of cryptocurrencies.
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Chapter A

Introduction

In recent years, the emergence of digital currency has become increasingly prominent,
with a rapidly growing acceptance rate as a means of conducting transactions, surpassing
that of traditional physical currency. Cryptocurrency is a type of digital currency that
utilizes cryptographic functions along with blockchain technology. These features com-
bine transparency, decentralization, and immutability [33]. The first and most well-known
cryptocurrency is Bitcoin (BTC), which was created in 2009. Although Bitcoin and other
cryptocurrencies initially experienced a gradual rise in popularity over the course of sev-
eral years, they have subsequently undergone a swift and extensive expansion. We now
have more than 5000 cryptocurrencies available, and the most popular alongside Bitcoin
are Ethereum (ETH) and Ripple (XRP) [37]. The quantity of available cryptocurrencies
indicates the emergence of the cryptocurrency market in the financial sector. As a result,
studying and researching cryptocurrencies has piqued the interest of researchers. A very
interesting research topic that has been explored by numerous scholars is that of predicting
the future prices of cryptocurrencies. Although many will contend that accurate price fore-
casting is unachievable, examining various methods and seeing the outcomes of research
are fascinating. Forecasting cryptocurrency prices can offer valuable assistance to investors
in making well-informed investment choices, enabling them to optimize returns. Simulta-
neously, it can also aid policymakers in decision-making and assist financial researchers in
examining the behavior of cryptocurrency markets [37]. There are two distinct approaches
for predicting the dynamics of currency exchange rates. The first approach is similar to

forecasting stock prices, where predicting cryptocurrency prices is considered a time series
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challenge. This method involves making predictions based on the processing and analysis
of past observations. A commonly used model in this approach is the Auto-Regressive
Integrated Moving Average (ARIMA) model. The second approach involves employing
machine learning, particularly deep learning algorithms. In this method, relationships be-
tween variables are modeled in a deep and layered hierarchy. By employing this approach,
we can capture intricate non-linear patterns in complex prediction problems, resulting in

enhanced performance when forecasting time series [42].

Machine learning involves the examination of algorithms capable of learning from experi-
ence. As a machine learning algorithm gains more experience, often through observational
data or interactions with environments, its performance tends to enhance [51]. Deep
learning refers to powerful machine learning algorithms that consist of multiple processing
layers, enabling them to acquire representations of data characterized by various levels
of abstraction. These algorithms tackle intricate and non-linear challenges, frequently
harnessing extensive datasets to augment their efficiency as predictive models [28]. Con-
sequently, capabilities in various domains, including genomics, speech recognition, visual
object identification, and object detection, have experienced notable enhancements. Pre-
dicting cryptocurrency prices with precision is an intricate and challenging endeavor, given
their substantial and dynamic variations over time, which manifest in almost chaotic and
unpredictable patterns [37]. Consequently, the utilization of deep learning methodologies

emerges as a valuable approach to navigating this complex problem.

In this thesis, the effectiveness of advanced deep learning algorithms is examined for
forecasting the price dynamics of cryptocurrencies. The focus of this study is on addressing
three key questions: (i) To what extent can statistical models and deep learning methods,
including neural networks, efficiently forecast short-term fluctuations in cryptocurrency
prices? (ii) How does the predictive accuracy of these models in cryptocurrency price
prediction respond to external factors such as market sentiment, regulatory developments,
and macroeconomic indicators? (iii) In what ways does the inclusion of traditional time
series forecasting methods, improve the overall predictive capabilities of deep learning

models in the context of cryptocurrency price prediction?

The structure of the remaining chapters in this research is as follows: Chapter B encom-
passes the Background and Literature Review, offering an in-depth exploration of foun-
dational knowledge and existing literature relevant to the forecasting of cryptocurrency

prices. Chapter C begins by analyzing Design Principles, which includes the dataset, an
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evaluation of the programming language and a review of the utilized environment . It then
moves on to Implementation, where it presents our three models: ’ARIMA’, 'SVM’, and
"LSTM’. Finally, Chapter D presents the Conclusions, synthesizing insights and discoveries

resulting from the research efforts.



Chapter B

Background and Literature Review

B.1 Background

Forecasting prices in financial markets can be advantageous for several reasons. It can
improve investment decision-making by leveraging historical data, provide valuable assis-
tance to investors, aid policymakers in decision-making, and assist financial researchers
in their analyses. A diverse array of methods and approaches has been tested and em-
ployed. Among the widely recognized prediction techniques, Neural Networks and Genetic
Algorithms stand out as particularly popular. These methods adeptly uncover non-linear
connections in time series sequences, often demonstrating superior performance compared

to traditional linear approaches such as Box-Jenkins ARIMA models [53].

Forecasting cryptocurrency prices can prove to be quite challenging. The price dynamics
of cryptocurrencies are influenced by numerous latent factors, and these key drivers have
not been fully understood and identified yet [41, 12, 13]. The prevailing belief among the
majority of researchers is that fundamental factors do not exert a significant influence on
cryptocurrency rates. Instead, it is argued that their prices are primarily determined by

the demand-supply ratio [16].

This chapter will concentrate on the background research related to cryptocurrency price
prediction, deep learning, cryptocurrency terms, and will also delve into a comprehensive

literature review on the subject.
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B.1.1 Cryptocurrencies

Investors, entrepreneurs, regulators, and the general public have garnered substantial at-
tention over the years for cryptocurrencies. The noteworthy fluctuations in cryptocurrency
prices, along with claims that the cryptocurrency market lacks intrinsic value and may
resemble a speculative bubble, have fueled widespread discussions. These concerns about
the evasion of regulatory and legal oversight have prompted extensive public discourse,

occasionally resulting in heightened regulations or even complete bans [21].

Cryptocurrencies possess the capability to streamline financial transactions by eliminating
intermediaries, reducing transaction fees, ensuring accessibility to anyone with an internet
connection, and providing enhanced security and anonymity[9, 39]. Nevertheless, the
precise extent of actual economic value exchanged in transactions involving freely floating

cryptocurrencies such as Ethereum’s Ether and Bitcoin’s BTC remains uncertain [21].

Bitcoin, proposed by Nakamoto in 2008 as the pioneering decentralized digital currency,
marked a transformative milestone in the financial landscape [32]. While the term cryp-
tocurrency was not used in the original proposal, Nakamoto pitched the project as a
peer-to-peer ’currency’ in a network and cryptography email list [36]. Since then, the
cryptocurrency ecosystem has burgeoned, with over 5000 cryptocurrencies currently in
existence[29]. Peer-to-peer electronic currency systems, or cryptocurrencies, enable inter-
net payments to be transferred straight between parties without passing via a banking
institution. As such, what sets cryptocurrencies apart from most conventional financial
instruments is their infinite divisibility, non-physical form, and decentralized operation.
Furthermore, blockchain contributes to the immunity of the traditional approach of the
government regulating system and the decentralization of the cryptocurrency mechanism.
As a result, the primary goal of cryptocurrencies is to enable transaction and transfer

while confirming required security via the private or public key.

In contrast to traditional assets, the value of cryptocurrencies is determined by the strength
of the algorithm that monitors each transaction, rather than relying on a physical asset,
the national economy, or a company. The inherent value of cryptocurrencies is primar-
ily derived from the confidence of their users, which is further reinforced by distinctive
features and properties. The growing popularity of cryptocurrencies is driven by their
decentralized, peer-to-peer structure, cost-effectiveness, and independence from govern-

mental regulation.
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In today’s digital landscape, this form of currency is gaining massive interest and emerging
as an independent payment mechanism, particularly in digital finance regimes worldwide.
These factors have contributed to significant upswings in cryptocurrency trade volume,

pricing dynamics, and volatility, leading to regular mentions in mainstream media [14].

B.1.2 Blockchain

Blockchain emerged as a decentralized system for managing transactions and data, origi-
nally conceived for the Bitcoin cryptocurrency. Since its introduction in 2008, Blockchain

technology has gained considerable attention, primarily driven by its core attributes:

e Encompassing Security. It suggests that security is not limited to a specific as-
pect but includes a broad range of measures and considerations to ensure the overall
safety, protection, and integrity of a system, process, or entity. In the context of
Blockchain it implies addressing various security aspects such as data protection, en-
cryption, access control, and overall system resilience to safeguard against potential

threats and vulnerabilities comprehensively.

e Anonymity. Refers to the state of being anonymous or unidentified meaning that
the identity of a person or entity is concealed or not readily apparent to others.
Anonymity allows individuals to participate in activities, transactions, or communi-

cations without revealing their personal information or true identity.

e Data Integrity. Data integrity refers to the accuracy, consistency, and reliability of
data throughout its lifecycle. It ensures that data remains unaltered and unchanged
during storage, transmission, or processing. The concept of data integrity is crucial
in maintaining the trustworthiness and reliability of information in various systems

and databases.

All these attributes operate without the involvement of any central authority in transaction
control [45]. Transactions between individuals or businesses often involve the intervention
of a third-party entity for consolidation and management. Whether it’s a digital pay-
ment or currency transfer, a bank or credit card issuer traditionally plays the role of a
mediator, accompanied by transaction fees. This centralized transaction system is not

limited to financial interactions; it extends to various fields such as gaming, music, and
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software. In this conventional setup, a third party oversees and manages all data and
information, diverging from a direct interaction between the two main entities involved in
the transaction. Blockchain technology has emerged as a solution to this challenge, aiming

to decentralize and enhance the efficiency of transaction systems.

Blockchain is a distributed database system that maintains an expanding record of data
entries verified by participating nodes. This data is stored in a public ledger, documenting
every completed transaction. Unlike centralized systems involving third-party organiza-
tions, it operates in a decentralized manner. All transactions conducted in Blockchain
are openly shared and accessible to every node, enhancing transparency compared to cen-
tralized third-party transactions. Additionally, the anonymity of all nodes in the system
contributes to a safer environment for transaction confirmation. Bitcoin was the pioneering

application to adopt this technology.

A Blockchain consists of sets of data organized into a sequence of data packages known as
blocks. Each block comprises multiple transactions (TX1-n), as illustrated in Figure B.1.
As new blocks are added, it expands, creating a comprehensive record of all transactions.
Verification of blocks within the network involves the application of cryptographic tech-
niques. Each block includes transactions, a timestamp, the hash value of the preceding
block (referred to as the ”parent”), and a nonce—a randomly generated integer utilized
to validate the hash. This concept ensures the integrity of the Blockchain up to the initial
block, or ”genesis block.” Since each hash value is unique and immediately alters if any
block in the chain is altered, the system effectively prevents fraudulent activities. The
addition of a block to the chain is contingent upon a consensus mechanism wherein a

majority of nodes in the network must concur on the block’s validity and the transactions

it contains.

Genesis Block Block i+1 Block i+2
’ Hash of block 0 ‘ ’ Hash of block i-1 ‘ ’ Hash of block i ‘ ’ Hash of block i+1 ‘
’ Timestamp ‘ Nonce ’ Timestamp ‘ Nonce | [€ ’ Timestamp ‘ Nonce ’ Timestamp ‘ Nonce
’TX1HTX2‘---’TXN‘ ’TX1HTX2‘---’TXN‘ ’TX1HTX2‘---’TXN‘ ’TX1HTX2‘---’TXN‘

Figure B.1: Ezample of a blockchain [52]

This mechanism constitutes the method which a majority, or sometimes all, of the network
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validators reach agreement regarding the state of a ledger [46]. It entails a set of rules
and procedures facilitating multiple participating nodes to uphold a unified and accurate
set of information. Consequently, the ledger doesn’t instantly reflect new transactions;
instead, they are held in a block for a specific duration (such as ten minutes in the Bit-
coin blockchain) before being incorporated into the ledger through consensus process [35].
Following that, the data contained on the blockchain becomes immutable. Individuals can
trust each other and transfer various types of assets peer-to-peer across the internet by
using cryptography. Unlike centralized systems, the network remains operational even
if a particular node experiences a malfunction. This increased resilience eliminates the
need for individuals to assess the reliability of intermediaries or other members within the

network, leading to enhanced trust.

B.1.3 Bitcoin

Bitcoin is a communication protocol that runs over the internet and makes it easier to
utilize virtual currencies for electronic payments. It was created in 2009 by a group of
developers that want to remain unknown (Nakamoto 2008). The daily transaction volume
of Bitcoin is approximately $650, 040, based on the data for December 2023[1]. Table B.1
provides a concise overview of the Bitcoin transactions and operations that took place in
December 2023.

Table B.1: Bitcoin Transaction Statistics:

Transactions avg. per hour: 27,085

Avg. Transaction Value: 0.5094 BTC ($21,803)

Median Transaction Value: 0.0000054 BTC ($0.233)

Avg. Transaction Fee: 0.00066 BTC ($28.12) 355.1 sats/vB
Median Transaction Fee: 0.00038 BTC ($16.26) 205.3 sats/vB

Source: https://bitinfocharts.com/bitcoin/

The foundation of Bitcoin is a decentralized ledger of transactions, maintained by a net-
work of interconnected computers. Engineers established the protocols, and no regulatory
body or attorney was visibly involved in the process [10]. The system’s design incorporates

features that promote genuine participation, facilitate early user adoption, and mitigate
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the risk of power imbalances. Bitcoin is crafted to enable irreversible transactions, pro-
duce currency in a predetermined manner, and maintain a transparent public transaction
record. It employs a distinct unit of value measurement known as bitcoin (indicated with
a lowercase ”b” and abbreviated as BTC). The system is intricate, encompassing elements
such as cryptography, distributed algorithms, and incentivized behavior. Essentially, a
bitcoin can be defined as a digital token that lacks any connection to a tangible asset
or official currency, and does not represent a liability on any financial statement. The
possession of bitcoins primarily entails the capacity to transfer these digital assets within
the Bitcoin ecosystem. Users can create an account without incurring fees, bypassing cen-
tralized screening processes, and without disclosing their actual identity. In comparison
to alternative payment methods, this system is perceived as more flexible, private, and

resistant to regulatory oversight.

Figure B.2 depicts a schematic representation of the payment structure within the Bit-
coin users’ network. The entities within the system are represented as nodes, while the
directional arrows symbolize the flow of payments in the form of bitcoin. According to
the diagram provided, the entities engage in direct transactions. This stands in contrast
to conventional payment systems, wherein intermediaries such as banks, processors, and
networks typically mediate between the payer and the recipient. In the case of Bitcoin,

however, there is no designated intermediary involved.

Blockchain ‘

r

Transaction 1

Transaction 2 G e’

Figure B.2: The Bitcoin paradigm [8]

Note: In this scenario, entities A, B, C, and D directly transact with each other,
without intermediaries. The diagram also suggests B and D could trade with itself.

Blockchain public ledgers record all transactions chronologically.
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Participants in the network diligently record each transaction in a publicly accessible ledger

known as the blockchain, ensuring a chronological order of entries.

B.1.3.1 Bitcoin Transactions

In order to authenticate transactions, facilitate the processing of payments, and regulate
the availability of bitcoins, the process of making Bitcoin transactions is dependent on the
application of cryptographic techniques. There is nothing new about the cryptographic
schemes that are utilized within the Bitcoin protocol; in fact, these schemes have been
utilized in a variety of information security applications. Two cryptographic mechanisms,
namely digital signatures and hash functions, are essential to the operation of Bitcoin [§].
When it comes to recording transaction details in a ledger that is accessible to the public,
digital signatures allow for the secure transmission of precise payment instructions among
participants in the transaction, while hash functions ensure compliance with established
protocols. Digital signatures provide a means of verifying the authenticity of a message

exchanged between a sender and a receiver, guaranteeing:

e Integrity. Digital signatures guarantee that the message remains unchanged during

transmission, preventing tampering.

e Non-repudiation. Ensures that the sender cannot disavow sending the message,

thereby establishing a degree of responsibility.

e Authentication. Digital signatures verify the identity of the sender by confirming

that the message truly originated from the alleged sender.

Implementing digital signatures entails utilizing public key encryption, which involves a
pair of public and private keys are created with specific advantageous characteristics. A
cryptographic hash function takes an input string of any length and generates an output
string of a predetermined length. The input, known as message m, and the output,
represented as hash h, adhere to a deterministic pattern, guaranteeing that the identical
input m will always produce the same output h. However, possessing knowledge of the
hash value offers little to no insight into the original message. This attribute is crucial for

hash functions and is formally articulated as follows:
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1. Pre-image Resistance. Given a hash h, it is computationally difficult to find any

message m such that hash(m) = h.

2. Second Pre-image Resistance. Given a specific message my, it is computation-

ally difficult to find a different message mo such that hash(mi) = hash(mz).

3. Collision Resistance. It is computationally difficult to find two different messages

mq and mg such that hash(mi) = hash(mz).

These properties together enhance the overall security and dependability of cryptographic
hash functions. They guarantee the resistance of hash functions against different types
of attacks and ensure a high level of confidence in the integrity and uniqueness of hash
values. Another favorable attribute of the hash function is that even slight modifications
to the message m produce a substantial alteration in the hash value h = hash(m). This
significantly reduces the likelihood of deducing the content of the message based on its
hash. In summary, hash functions yield results that appear highly unpredictable in their

appearance, despite operating deterministically.

B.1.4 Etherium

Ethereum, established in 2015, is the second most prominent digital currency. Compared
to Bitcoin, it serves not only as a cryptocurrency but also as a platform for creating and
executing smart contracts. It is a decentralized network of virtual machines that enables
developers to execute distributed applications and utilizes ether as its native currency.
These programs have the potential to encompass a wide range of functionalities, how-
ever, the network is specifically designed to execute them only when certain conditions
are fulfilled, similar to a contractual agreement. Ethereum utilizes a decentralized and
publicly accessible Blockchain to securely store, execute, and safeguard contracts through
the implementation of cryptographic technologies. Every computer within the network
downloads a compact virtual machine to synchronize with the Ethereum Blockchain and
remains accessible for contract execution. This decentralized network of computers pro-
vides robust security, unwavering reliability, and substantial computational capabilities

for various applications[30].

The daily volume of Ethereum transactions is approximately $1,220,343, based on the

data available for December 2023[1]. Table B.2 presents a succinct summary of the
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Etherium transactions and operations during December 2023.

Table B.2: Etherium Transaction Statistics

Transactions avg. per hour: 50,848

Avg. Transaction Value: 1.68 ETH ($3,713)

Median Transaction Value: 0.0000000004 ETH ($0.00000089)
Avg. Transaction Fee: 0.005 ETH ($10.96)

Median Transaction Fee: 0.0022 ETH ($4.94)

Source: https://bitinfocharts.com/ethereum/

At this point it is crucial to distinguish between Ethereum and Ether. Ethereum refers
to the decentralized network that is programmable and supports various functions. In
contrast, Ether is the currency utilized on the network for conducting transactions. Ether
operates similarly to Bitcoin as a value storage and exchange platform. The significant dis-
tinction lies in its utilization within smart contracts and its role in facilitating transactions
within the contracts and the broader network, as all payments are conducted exclusively
with it. The Ethereum network guarantees the security of ether transactions, similar to
how Bitcoin transactions are safeguarded by its own network. The nodes responsible for

validating transactions expend significant computational power to ensure their legitimacy.

Although the Ethereum network is considered secure because of its open source software,
allowing for the identification of any vulnerabilities, the applications operating on the
network lack a similar level of security. This is primarily due to the insufficient review
and verification of the code used in these applications, despite their open source nature.
The Ethereum network protocol is in continuous development, with the introduction of
significant changes (Ethereum 2.0) that aim at enhancing the security, speed, and cost-

efficiency of the decentralized network.

B.1.4.1 Advantages of Ethereum

Ethereum is a pioneering force in the world of digital currencies. It possesses distinct
advantages in the dynamic field of blockchain technology due to its decentralized platform,

smart contract capabilities, and thriving ecosystem. These advantages are:
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e Multi-functional Purpose. Ethereum’s objective extends beyond serving as a
mere currency. In contrast to Bitcoin, its primary aim is to allow the creation and

advancement of decentralized applications.

e Efficient Transaction Processing. The Ethereum Blockchain does not have a
specific size limit. The number of transactions that can be included in a block is
determined by the miners. At present, a block in Ethereum is found approximately

every 12 seconds [2].

e Comprehensive State Handling. Ethereum has the ability to remember and
maintain more states at the Blockchain level. Other cryptocurrencies like Bitcoin
lack the capability to have states as they are limited to conducting transactions [5].
In contrast, Ethereum not only supports maintaining a monetary balance but also

has the ability to handle contract code and data.

e Turing Complete Architecture. Ethereum is constructed using code that pos-
sesses Turing completeness [5]. A software or program is considered Turing complete
if it contains sufficient system resources that can execute any code. This eliminates
the requirement for specialized software or computers that are limited to running

specific code.

Ethereum employs a blockchain that incorporates a Turing-complete programming lan-
guage, allowing individuals to create smart contracts and decentralized applications. This
platform enables users to create personalized rules for owning smart contracts, carry out
various types of transactions, and implement functions that can be simple or complex,
ultimately leading to changes in the stored data. This leads to the development of an
alternative protocol designed for the execution of decentralized applications. It prioritizes
scenarios where swift deployment, security for less frequently utilized applications, and

the seamless interaction between diverse applications are crucial factors.

B.1.4.2 Etherium 2.0

Ethereum has a rich and eventful past, marked by numerous advancements and occur-
rences that brought about notable improvements as well as setbacks. In September 2022,
Ethereum underwent a significant transition from the proof-of-work (PoW) to the proof-

of-stake (PoS) model[23]. Its primary objective is to optimize velocity and efficiency
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(network throughput), while upholding stringent security measures and minimizing en-
ergy consumption. This is a courageous and demanding decision, given that the consensus

mechanism is the pivotal characteristic of a decentralized system.

The PoS consensus algorithm is not only utilized in the Ethereum 2.0 network upgrade
but also in numerous third-generation cryptocurrencies, as it is favored over the PoW
algorithm. Through the utilization of PoS, the role of miners, who previously employed
computational power to solve the mathematical problem, is effectively replaced by the
validators. The validated users are chosen at random to verify transactions within a block

and receive the corresponding reward in Ether.

Over the course of several years, the Ethereum developers have carefully polished the
platform with the goal of long-term adoption. Thus, the upgrade wasn’t an isolated
incident. However, the Beacon Chain, which enabled ether staking[?], was introduced in
December 2020, marking the official launch. The two current blockchains will combine

into one, unified blockchain after Ethereum 2.0 is finished and thoroughly tested.

B.1.4.3 Smart Contracts

Smart contracts represent complicated transactions that function as a result of the com-
plete digitization, storage, and verifiability associated with all components related to each
individual transaction by the blockchain. They rely on the accuracy of their governing
code, making programming errors potentially destructive. However, correct code guaran-
tees the desired outcome consistently. Smart contracts have the capability to store data,
engage with decentralized digital currencies, and receive user input. They utilize digi-
tal agreements on the decentralized protocol, allowing them to carry out both economic
functions and application-related operations, such as rule enforcement, verification, and
leasing. Smart contracts are designed to automatically execute agreement terms once pre-
determined conditions are satisfied and provide a cost-effective alternative to traditional
systems that rely on a middleman to carry out agreement terms, resulting in reduced
transaction fees. A smart contract comprises three essential components: an account bal-
ance, a private storage space, and executable code. The contract’s state consists of the
allocated storage space and the current balance. The state is stored on the blockchain
and is updated every time the contract is invoked by a user. In Figure B.3, we are able to

observe the interaction among a smart contract and users as well as the blockchain|6].
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Figure B.3: Ezample of a Smart Contract [6]

In order to avoid infinite program execution and ensure equitable compensation for client
applications that uses the smart contract system, it is necessary for the sender of each
transaction to remunerate the miners for their involvement in the blockchain-based in-
teraction. A fee is charged which is equivalent to the quantity of gas consumed by the
contract. The network has reached a complete consensus on the fee schedule for execution.
Every transaction also says how much gas it is willing to use and how much Ether it is
worth in gas. In the event that a transaction exhausts its gas supply during execution, it
halts, reverses any modifications made to the system’s state, and the miners retain all of

the gas fees associated with the transaction[22].

B.1.4.4 EVM (Ethereum Virtual Machine)

Ethereum utilizes the Ethereum Virtual Machine (EVM) to guarantee its programmabil-
ity. It can be compared to a vast and worldwide computer made up of multiple individual
computers that all use Ethereum’s software. The Ethereum network relies on it as the
computational engine for executing and verifying transactions, as well as for operating
decentralized applications. The EVM is responsible for overseeing the creation and im-
plementation of smart contracts within the Ethereum network and consists of numerous
executable entities, each possessing its own dedicated storage area. It plays a crucial role
in maintaining the programmability and flexibility of the Ethereum blockchain by allow-

ing developers to deploy and execute code on a decentralized and trustless platform|[22].
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This worldwide computer is a state machine that is nearly Turing-complete and performs
any computational process that modifies the data’s state, excluding basic transactions
involving accounts. However, the number of computational steps in executable processes

is restricted by the amount of gas allocated for executing smart contracts.

B.1.5 Ripple

Ripple is the name of a payment network and the payment protocol, authored by Arthur
Britto, David Schwartz, & Ryan Fugger[24]. It is a decentralized payment system that
operates on credit networks and was developed before Bitcoin[20, 31]. At the beginning it
was a payment processor that was similar to PayPal in many aspects. The Ripple network
does not involve the mining process and transactions are verified by the participants of the
network, which operates at a higher speed compared to Bitcoin. Approximately $677,374
worth of Ripple XRP transactions occur every day, according to data available through
December 2023[1]. Table B.3 provides a concise overview of the XRP transactions and

operations that took place in December 2023.

Table B.3: XRP Transaction Statistics

Transactions: 567,086 txs
Payments: 129, 796
Ledgers closed: 10, 448

Tx rate: 14.106 txs/sec
Successful txs: 553, 566

Source: https://xrpscan.com/

Ripple was created and made available in 2012 by a company with the same name. Its pur-
pose was to facilitate secure, immediate, and almost cost-free global financial transactions.
It is widely recognized as a cryptocurrency that shares similarities with Bitcoin in terms
of its underlying principles. However Ripple’s technological framework distinguishes itself
from Bitcoin, primarily through the private ownership of its source code by the company.
Ripple adopts a different strategy from Bitcoin, whose source code is available for public
inspection. The XRP Ledger, which serves as the foundational blockchain protocol for

Ripple, is not fully open-sourced. This proprietary nature of the XRP Ledger’s source
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code implies limited accessibility for external entities seeking to verify or scrutinize its
inner workings. Nevertheless Ripple offers distinct open-source elements and utilities re-
lated to its technology. Although the company’s blockchain protocol is proprietary, it has
made certain aspects available for public use. Any individual possesses the capability to

deploy a Ripple instance. In the Ripple network, nodes can assume three distinct roles|7]:

e Users. Engage in payment transactions.
e Market Makers. Facilitate trades.

e Validating Servers. Execute Ripple’s consensus protocol to verify and validate all

system transactions.

Ripple utilizes a set of public and private keys for transactions. When a user initiates a
payment to another user, they authenticate the money transfer cryptographically using
either Ripple’s native currency, XRP, or any other currency[7]. It’s important to note
that Ripple cannot enforce payments for transactions conducted in currencies other than
XRP. Instead, it maintains records of outstanding amounts owed between two parties. To
elaborate, Ripple employs a decentralized credit network system in this specific instance.
Users on the platform are identified using pseudonyms and money can be transferred
instantly and directly between two parties thanks to the Ripple Transaction Protocol
(RTXP). As a result, the protocol can avoid the costs and waiting periods associated
with the conventional correspondent banking system. Additionally, any kind of currency,
including dollars, euros, yen, gold, airline miles, and rupees, can be traded[24]. The
security is ensured by using a shared ledger that is overseen by a network of autonomous
validating servers, which consistently compare their transaction records. Servers may be

owned by various entities, such as banks or market makers.

B.1.5.1 XRP Ledger Consensus Protocol

By leveraging the decentralized payment infrastructure of the XRP Ledger Consensus
Protocol, individuals can easily and universally send money. It operates in a distributed
peer-to-peer network and encounters similar obstacles as other digital currencies in pre-
venting the duplication of funds and guaranteeing agreement across the network regarding
the status of user accounts and balances. The XRP Ledger Consensus Protocol is a Fed-

erated Byzantine Agreement (FBA) protocol where each participant selects a validator
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from a Unique Node List (UNL)[11]. While these validators may not be trusted on an
individual basis, it is believed that they do not engage in collusion as a collective[47]. The
Ledger contains a collection of nodes that operate using the rippled software[49]. The
interconnected servers create a decentralized peer-to-peer overlay network with rippled
architecture. The node owners set up the configuration to allow a specific number of
incoming and outgoing connections[47]. Every outbound connection corresponds to an
inbound connection at another node. When nodes establish a connection, the communi-
cation that occurs over the link is capable of transmitting data in both directions. The

XRP Ledger Consensus Protocol features three main parts:

e Deliberation: A process where nodes suggest a set of transactions based on pro-
posals received from reliable nodes. Following the attainment of a consensus, a node
carries out the associated transactions on the preceding ledger, adhering to the rules
outlined by the ledger protocol. Following this, it undergoes a validation process for

the generated ledger.

e Preferred Branch: Refers to specific nodes determining the working branch of the
ledger history. In instances of network difficulty or Byzantine failure, nodes may
initially fail to achieve a consensus on validating the identical ledger. Nodes rely on
trusted validations’ ledger ancestry to resume deliberating on the network’s preferred

ledger, ensuring forward progress and complete validation of subsequent ledgers.

e Validation: Involves nodes making decisions on fully validating a ledger, relying
on validations provided by trusted nodes. Upon reaching an adequate number of
validations for the same ledger, that ledger and its preceding versions are regarded

as fully validated. The status becomes authoritative and immutable.

Essentially, each peer issues a validation for a ledger, anticipating comprehensive vali-
dation. During civil executions, the process of deliberation increases the probability of
reaching agreement with trusted peers and in atypical network situations, the preferred
branch guarantees that peers reach a consensus on a specific branch for complete validation

of the ledger.
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B.2 Exposition of Diverse Forecasting Models

Researching financial markets and cryptocurrencies for the purpose of predicting future
trends has been a longstanding subject of study. Accurately forecasting the path of market
movements is crucial for numerous investment professionals in the market. A diverse range

of strategies and techniques have been employed and utilized by market participants.

There are two separate methodologies that can be used to forecast changes in currency
exchange rates. The initial approach shares similarities to the prediction of stock prices,
as forecasting cryptocurrency prices is regarded to a time series activity. This approach
entails generating forecasts by utilizing the processing and analysis of previous obser-
vations. The ARIMA model is frequently employed in this methodology. The second
method involves making use of machine learning, specifically deep learning algorithms.
This approach involves constructing a complex and multi-level hierarchy to represent the

connections between variables.

By utilizing this methodology, we can effectively capture intricate non-linear patterns in
complex prediction problems, leading to improved performance in forecasting time series.

Figure B.4 illustrates the different methodologies employed in forecasting techniques.

Forecasting Models

Statistical Models

Machine Learning

ARMA

B
Bl

T

Figure B.4: Forecasting Models
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B.2.1 ARIMA

Classical regression is frequently inadequate in elucidating the entirety of the captivating
dynamics displayed by a time series. Instead, the inclusion of correlation that can arise
from delayed linear relationships results in the proposal of autoregressive (AR) and au-
toregressive moving average (ARMA) models, as outlined in Whittle’s work[48]. ARMA
models are widely utilized for forecasting due to their versatility and applicability to
various objectives. The model exclusively incorporates autoregressive and moving aver-
age processes, rendering it highly adaptable. The ARIMA model is an extension of the
ARMA model. ARIMA models characterize the present behavior of variables by express-
ing it in relation to linear associations with their previous values. An ARIMA model can

be partitioned into three components[34]:

e The Autoregressive (AR) component elucidates the correlation between the

present value of the temporal sequence and a selection of its preceding values.

e The Integrated (I) component indicates the level of differencing required to trans-

form the series into a stationary one.

e The Moving Average (MA) component represents the length of time that a

random (unexplained) shock continues to have an effect.
A nonseasonal ARIMA model can be defined as a ”ARIMA (p,d,q)” model, where[34]:

e p is the number of autoregressive terms,
e d is the number of nonseasonal differences needed for stationarity, and

e q is the number of lagged forecast errors in the prediction equation.

The forecasting equation is formulated in the following manner. Let y represent the dth

variant of Y, indicating[34]:
e Ifd=0:y; =Y,
e lfd=1y=Y,—Y;

e lfd=2yy =Y - Y1) - (Vi1 Y 2) =Y - 2Y, 1 + Y 2
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The second difference of Y (when d=2) does not correspond to the difference from 2
periods ago. Instead, it refers to the first-difference-of-the-first difference, which is the
discrete analog of a second derivative. In other words, it measures the local acceleration

of the series rather than its local trend. The general equation for forecasting y is as follows:

U =p+o1yt—1+...+OpYt—p —bher 1 — ... — 014

The moving average parameters (¥’s) are defined with negative signs in the equation, in
accordance with the convention established by Box and Jenkins[34]. While ARIMA is
a powerful model for predicting time series data, the preparation and parameter tuning
procedures can be time-consuming. Prior to implementing ARIMA, it is imperative to
ensure that the series remains stationary. Therefore, it is important to determine the

values of p and q.

B.2.2 Garch

The Generalized Autoregressive Conditional Heteroscedasticity (GARCH) model, was in-
troduced by Engle (1982) and Bollerslev (1986)[19]. It is a statistical modeling technique
that is highly regarded for accurately predicting short-term returns on financial assets,
especially when these returns seem unpredictable. In a GARCH process, the error vari-
ances can be modeled using an ARMA process. The GARCH model has the advantageous
capability of successfully reducing the excessive kurtosis present in returns. Assuming &,

represents the innovation process, it can be expressed as:
Etlhi—1 ~ N(O, hy)

In this equation, h; represents the conditional variance, 1,_; represents the set of all
information available at time ¢t — 1, and N represents the conditional normal distribution.
The GARCH(p, ¢) model, also known as GARCH-n, is defined as follows:

q p
hy = o + Z 041'5%_7; + Z Bihi—j,
i=1 j=1

where a9 > 0, a; > 0, and 3; >0 for i =1,2,...,¢; j = 1,2,...,p[17]. GARCH models
forecast the future volatility and assume that the time series is stationary, except for
the variation in volatility, indicating the absence of a trend or seasonal pattern. These
models demonstrate mean reversion and conditional heteroskedasticity, while maintaining

an unchanged unconditional variance.
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B.2.3 SVM

The field of machine learning encompasses four fundamental approaches: supervised learn-
ing, unsupervised learning, semi-supervised learning, and reinforcement learning. Support
Vector Machines (SVM) are supervised learning models that use specific algorithms to an-
alyze data for classification and regression analysis. Classification is a type of supervised
learning that involves mapping input data to output data using multiple example input-
output pairs obtained during a training phase. This process involves utilizing features from
a collection of example observations to train a decision function that accurately assigns
class labels. These features can vary greatly, ranging from functional neuroimaging data
to social media posts. Once the decision function ”classifier” is constructed using these
features, it can automatically assign class labels to new, unseen observations by applying
the previously established trends. The SVM’s strength lies in its capability to acquire data
classification patterns with equal accuracy and consistency. While SVM is occasionally
employed for regression (Support Vector Regression SVR), it has gained significant popu-
larity as a versatile tool for classification across various types of data[38]. The advantages

of Support Vector Machines include:

e The effectiveness when the number of dimensions exceeds the number of samples.
e The ability to work well with a clear margin of separation.

e The effectiveness in high-dimensional spaces.
The drawbacks include:

e Poor performance of SVM with extensive datasets.

e Reduced performance of SVM with noisy datasets containing a large amount of

irrelevant information.

An SVM decision function is an optimal ”hyperplane” that effectively classifies observa-
tions into different categories based on patterns of information, known as features. The
hyperplane can be utilized to ascertain the most likely label for unobserved data. The
features utilized to deduce the hyperplane are usually not in their original form, but
rather they are frequently derived data obtained through interpolation during the feature

selection phase. Features are identified and located by considering their relationship to
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one another and serve as the support vectors. Working with SVM involves the task of

reconciling two mutually beneficial objectives|38]:

1. Maximizing the accuracy of the classifier by assigning correct labels to new examples.

2. Optimizing the reproducibility of the classifier to be applicable to new data.

An SVM can be linear or nonlinear. The training process for an SVM decision function
involves discovering a reliable hyperplane that maximizes the separation, referred to as
the 'margin,” between the support vectors associated with each class label (Figure B.5).
The most suitable hyperplane is the one that maximizes the margin across classes. The
complexity of linear SVM problems varies depending on the number of features involved.
If we consider a scenario with two feature dimensions, the hyperplane can be represented
by a line. However, if we have three features, the hyperplane corresponds to a plane that

has two dimensions.
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Figure B.5: Linear SVM

Note: Visualization of the hyperplane that effectively separates the support vectors to the

greatest extent.
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Despite the complexity of the SVM, classification problems typically involve linear hy-
perplanes, which are straight rather than curved[38]. If the features are assumed to be
linearly separable, a straight hyperplane, known as a linear classifier, can be easily drawn
on a graph of the features to separate the two labels of the class of interest. As a result,

there are essentially two categories of margins that need to be maximized for a linear
SVM.

B.2.4 LSTM

Machine learning focuses on the creation of algorithms that enhance their performance
through practice. Optimally, the algorithm’s performance improves with each iteration
of the learning process. The learning algorithm is responsible for generating a classifier
function based on the provided training data. The efficacy of this constructed classifier
is subsequently evaluated by applying it to data that has not been seen before[44]. Long
Short-Term Memory Recurrent Neural Networks (LSTM-RNN) are widely recognized as
highly effective dynamic classifiers and have a significant influence in language modeling,

speech-to-text transcription, machine translation, and various other applications.

The main distinction between RNN and LSTM lies in the temporal range they can con-
sider. Figure B.6 demonstrates that RNNs utilize their internal state, also known as
memory, to handle sequences of inputs. On the other hand, LSTM networks incorporate

an additional long-term memory component to retain information from previous data.
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Figure B.6: Differences Between RNN and LSTM [50]
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RNNSs are constrained to examine the past for around ten time steps[44]. This occurs when
the feedback signal either diminishes to zero or increases exponentially. This matter was
resolved when LSTM-RNN was introduced. The primary component of an LSTM network
is the memory block within the recurrent hidden layer. This block consists of memory cells
that have self-connections, allowing them to retain temporal information[29]. Additionally,
there are adaptive gate units that regulate the flow of information within the block. By
addressing the concealed layer as a memory unit, LSTM has the ability to learn beyond
1,000 time steps, which depends on the complexity of the network architecture and can
effectively manage the dependencies within time-series data across both brief and extended

durations.

B.3 Literature Review

This section focuses on the literature review. The emphasis is specifically on showcasing
article papers that possess a prominent research quality. Their empirical research shares

several similarities with the research conducted in the subsequent chapters.

The present analysis tries to analyze and evaluate published articles related to cryptocur-
rency prediction-forecasting. By conducting reviews on other research, we can gain a
better understanding of the methodology and techniques employed by other researchers.

Additionally, this facilitates the comparison of the research that is covered in this thesis.

The analysis of Literature review can also provide valuable insights for other researchers
and practitioners regarding the current topic. To conduct the research review, we utilized
databases such as IEEE Xplore, Springer Link, and Google Scholar to ensure a thorough

examination of research papers.

B.3.1 Forecasting Ethereum: Deep Learning Insights by Zoumpekas,
Houstis, & Vavalis [53]

Cryptocurrency markets have emerged as an important area of research due to their rapid
growth and volatility. The decentralized nature of these currencies, along with their tech-
nological background, presents unique challenges and opportunities for data analysis and
predictive models. This paper makes a contribution to the growing field of research by

using advanced statistical and machine learning methods to examine changes in prices and
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make predictions about how Ethereum prices will end up.

Previous work in this area has extensively explored various aspects of cryptocurrencies,
focusing particularly on Bitcoin due to its popularity and market capitalization. How-
ever, the rise of Ethereum as a leading platform for decentralized applications has in-
creased interest in its market behaviors and predictive analysis. The research conducted
by Zoumpekas et al. builds on existing studies, not only by analyzing the Ethereum mar-
ket, but also by developing comparative deep learning models to predict its closing prices.
Specifically, the study uses a Convolutional Neural Network (CNN) and four types of Re-
current Neural Networks (RNNs): Long Short Short Term Memory Networks (LSTM),
Stacked LSTM, Bidirectional LSTM and Gated Recurrent Unit (GRU). These models are
evaluated based on their prediction accuracy and their potential for real-time application

to trading strategies.

Analysis of the literature reveals a growing degree of consensus on the effectiveness of
deep learning approaches for financial market forecasting. The novelty of the Zoumpekas
et al. approach lies in the integrated evaluation of multiple deep learning architectures
and their application to the relatively less studied Ethereum market. Their findings high-
light the potential to use these models for real-time predictions with promising accuracy,

contributing to the development of expert systems for cryptocurrency trading.

This paper’s focus on Ethereum and its research methodology aligns with the broader
research path that seeks to understand the power of machine learning to navigate the
complexities of cryptocurrency markets. It is an important step towards understanding
the dynamics of these markets and developing tools for investors and analysts to make

better and well-informed decisions.

B.3.2 Deep Learning in Cryptocurrency Forecasting: A Comprehensive
Study by Maglogiannis, Iliadis, & Pimenidis [37]

The financial sector has witnessed the rapid emergence of cryptocurrencies as a major
factor influencing investment tactics and market growth. The unpredictable nature of
cryptocurrency prices, which is also marked by their random movements, poses a signifi-
cant challenge for predictive modeling. Traditional time series forecasting methods, such
as ARIMA, have been proven to be unsuccessful in capturing the non-linear complexity

that is present in cryptocurrency price movements. In contrast, deep learning approaches,
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with their ability to model complex and non-linear relationships in the data, have been
considered to be potentially more capable at helping to effectively navigate the complexi-

ties of cryptocurrency markets.

This study provides a research that determines how well three deep learning algorithms
can predict the values of the top three cryptocurrencies, Ethereum (ETH), Ripple (XRP),
and Bitcoin (BTC). CNNs, LSTMs, and bipolar LSTMs were the models that were im-
plemented. Despite the theoretical promise of these deep learning models for handling
complex predictive tasks, the findings presented in the study question their practical util-
ity for predicting cryptocurrency prices. The results highlight the mysterious nature of
cryptocurrency price movements, showing that even the most advanced deep learning

models are unable to produce accurate and dependable predictions.

Moreover, the study compares the performance of these models with traditional machine
learning algorithms, finding only small improvements in prediction accuracy. This re-
sult suggests that the problem of predicting cryptocurrency prices may be approaching a
random walk process, where predictability is minimal and historical data offers little in-
sight into future price movements. Such a discovery questions the application of advanced

forecasting models in the cryptocurrency sector.

By combining these insights, the paper not only contributes to the academic field of finan-
cial forecasting models, but also offers a reflection on the limitations of current technologies
in dealing with the volatility of cryptocurrency markets. It opens the way to future re-
search aimed at developing more sophisticated and effective models that can explore the
complexity of cryptocurrency price behavior, helping investors and researchers to make

more informed decisions.



Chapter C

Design Principles and

Implementation

C.1 Design Principles

The design principles are presented in this section. This presentation includes the dataset,
the selection of programming environments and the tools that have been used to implement
the forecasting models. This decision influences not only the design and implementation
but also the efficiency, reproducibility, and scalability of the research outcomes. In this
section, we will analyze the dataset that forms the foundation of our study and explore
the basic concepts of the design phase of our research. We will explain in a clear and
detailed way the reasons behind selecting Python as the programming language, given its
wide use in scientific computing and data analysis. Furthermore, we will discuss the choice
of Visual Studio Code as our preferred integrated development environment (IDE). This
choice is motivated by its versatility, extensive support for Python, and a robust set of
extensions facilitating efficient development workflows. These decisions helped us ensure

a balance between flexibility, performance, and ease of use.

C.1.1 Dataset Overview

The dataset that we used to train and test the models is formatted in a CSV file, fea-

turing the following columns: timeOpen, timeClose, timeHigh, timeLow, name,

28
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open, high, low, close, volume, marketCap, and timestamp. Each column provides
a unique insight into the market’s behavior on a given day, from opening and closing
prices to daily highs and lows, volume traded, and market capitalization, with timestamps

indicating the precise period of data capture.

The data collection spans over four years, and they capture a critical phase in the cryp-
tocurrency market. This makes our dataset valuable for understanding market trends and
predicting future prices. Each record inside the dataset represents a day of market activity
for the Bitcoin cryptocurrency and provides a daily snapshot of its performance. These

details allow for an in-depth analysis of price trends over time.

The data was sourced from CoinMarketCap, a provider that contains many cryptocur-
rency market data, ensuring its accuracy and reliability[3]. Many different steps were
taken to verify the integrity of the data, including cross-referencing with other sources
and validating the consistency of the data points. The dataset underwent cleaning and
preprocessing before being used on each model. This included checking for handling any
missing values, correcting any detectable anomalies, and ensuring the dataset was format-
ted correctly for analysis. More details of the preprocessing process are being presented

in the implementation chapter of each model.

This dataset forms the foundation for developing each model that is presented in this
thesis.Using it we aim to predict future Bitcoin prices based on historical data. Key
features such as daily price movements, volume, and market capitalization were used for

the train process, with a focus on identifying patterns that show significant price changes.

The dataset’s coverage of Bitcoin’s daily market activity from September 2019 to February
2024 provides a solid foundation in analyzing the complicated price trends of cryptocurren-
cies and predicting future movements. The datasets breadth and depth has a significant

role in developing a robust model for cryptocurrency price prediction.

C.1.2 Python

Python is a high-level, object-oriented programming language that incorporates dynamic
semantics. In combination with dynamic typing and binding, its high-level built-in data
structures make it an extremely attractive language for Rapid Application Development,
scripting, and tracking existing components[18]. Python is an easy to learn, straightfor-

ward and accessible programming language. The syntax prioritizes legibility and is simple
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to maintain. One major advantage is the robust support that it has for modules and
packages, helping at the organization of our programs as we can break them into smaller,
reusable components. Python has become known as the favored programming language
for data science because of a number of elements that serve both novices and seasoned
industry professionals. The reasons Python does well in data science, and was chosen for

our task such to predict cryptocurrency trends, are demonstrated below:

1. Ease of Learning and Use: Python is known for its simplicity and readability.
This makes it an ideal choice for beginners. It has a straightforward syntax that
resembles natural language, which helps beginners as well as experts to quickly

write and understand code, reducing the learning curve and increasing productivity.

2. Extensive Libraries and Frameworks: Python has a rich ecosystem of libraries
and frameworks specifically designed for data science and machine learning. Libraries
like NumPy and pandas make the data manipulation and analysis more simple, while
TensorFlow, PyTorch, and Keras are some of the many powerful tools that can help
build and train deep learning models. These libraries offer pre-built functions and
utilities to streamline the development of complex algorithms, making it easier to

implement models.

3. Community and Support: Python has a large community of developers and data
scientists. This community helps by contributing in the vast repository resources,
including tutorials, forums, and documentation, which can be very useful in solving

problems and improving skills.

4. Versatility and Integration: Python’s versatility allows it to be used for the
entire data science workflow, from data collection and cleaning to model training and
deployment. It can be easily integrated with other languages and tools, enabling data
scientists to leverage specialized algorithms or technologies as needed. Python also
supports various data formats and sources. This is crucial for our task in analyzing

cryptocurrency markets where data comes from diverse sources.

5. Performance and Scalability: While Python is not the fastest language, its per-
formance is more than enough for most data science applications. With libraries like
NumPy that are optimized for performance, and the ability to use Python together

with faster languages like C or C++, it strikes a good balance between speed and
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usability. Additionally, Python’s compatibility with distributed computing technolo-

gies helps in scaling complex computations over large datasets.

6. Visualization Tools: Python offers powerful libraries such as Matplotlib, Seaborn,
and Plotly, which are crucial for data exploration and the visualization of models’
results. These tools has helped us to visualize the cryptocurrency market trends and
predictions made by the statistical and deep learning models. Furthermore, it helps

in understanding the complex dynamics of these markets.

Due to the numerous benefits pointed above, Python was selected as the programming
language for this project. It is a user-friendly programming language and can effectively
handle extensive datasets, execute and evaluate intricate algorithms, and display patterns

and forecasts.

C.1.3 Visual studio Code

The selected editor for implementing our models was Visual Studio Code (VS code). It is a
free and open source code editor developed by Microsoft for Linux, Windows, and MacOS
operating systems. Visual Studio Code is a versatile tool that enables the implementation
of a wide range of projects. It offers support for almost all the programming languages
including JavaScript, Python, Java, and C+4. The main reason for selecting VS code for
our project’s implementation is its support and wide range of extensions for Python-based
projects. As an Editor, it is highly efficient, rapid, and simultaneously provides a plethora
of features to the user. One of the features we previously mentioned are the extensions.
By adding them to the project, we can enhance the Editor with additional features and
functions. This makes possible to implement the Project at a faster pace, more efficient
and expedient. The VS code Debugger is a highly valuable feature that allows us to
identify and address different bugs present in the Project. It enables us to navigate to the
source code, examine variables, and execute commands in the console. Additionally, it
offers Git integration, allowing us to conveniently work with source control without having
to switch to a separate application. Overall VS code is a straightforward and user-friendly

editor that can be easily customized and it offers several useful features.
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C.2 Implementation

This section outlines the practical aspects of applying statistical models and deep learning
to predict cryptocurrency prices, specifically focusing on the Bitcoin dataset that was in-
troduced on the Section C.1.1. We will discuss the implementation details of three different
models: Autoregressive Integrated Moving Average (ARIMA), Support Vector Machine
(SVM), and Long Short-Term Memory (LSTM) networks. Each model was selected for its
unique approach to time series forecasting, offering a detailed perspective on the predic-
tive performance of each model. The implementation process involves data preprocessing,
model configuration, training, and evaluation, based on the specific characteristics and
assumptions of each model. The goal is to analyze their effectiveness in capturing the
complex dynamics of cryptocurrency markets and predicting future price movements with

high accuracy.

C.2.1 Implementation of Arima model

The purpose of this section is to provide a comprehensive analysis about the application of
the Autoregressive Integrated Moving Average (ARIMA) model in predicting cryptocur-
rency prices. To evaluate the model, we utilized the dataset that has been presented in
C.1.1. The dataset included the Bitcoin prices spanning from September 24, 2019, to
February 6, 2024. Due to the unpredictable nature of cryptocurrency markets, precise
forecasting tools are extremely valuable to investors and analysts. This ARIMA model is
a fundamental tool in our time series analysis. It provides a simple and logical approach
to understanding and predicting future Bitcoin prices using past data. This model has

been created using the following structure:

1. Data Preprocessing: The analysis starts with data acquisition, where the closing
values of Bitcoin were imported from the CSV file and stored in a pandas data frame.
The timestamps were converted to datetime objects and assigned as an index, ensuring
the ability to efficiently perform time series operations. Initial examination of the chart
shown in Figure C.1 revealed the highly unpredictable behavior of Bitcoin prices over the

time period.
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Figure C.1: Bitcoin Closing Price

2. Stationarity Assessment: Before fitting the ARIMA model, it is important to
determine the state of the time series, as the model requires a stationary series. The
Augmented Dickey-Fuller (ADF) test is used for this purpose. The initial result of the
test revealed a p-value of 0.5649, exceeding the conventional threshold of 0.05. This
suggests that the data is non-stationary. To address this issue, differencing was performed,
resulting in a significantly reduced p-value (approximately 1.53e-23) in the differenced data

set, which confirmed its stationarity.

3. ACF and PACF Analysis: In order to clarify the sequence of the model, autocor-
relation function (ACF) and partial autocorrelation function (PACF) were applied to the
differenced series. Based on the analysis of the Bitcoin dataset, it can be observed from
the figure C.2 that both plots do not show significant delays, indicating that a low-order
ARIMA model may be appropriate.

Autocorrelation Partial Autocorrelation
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Figure C.2: Autocorrelation and Partial Autocorrelation Function
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4. Model Training and Diagnostics: An ARIMA(1, 1, 0) model was fitted to the
training dataset, which includes 80% of the total data. By choosing as parameters (p=1,
d=1, q=0) we created a model with one autoregressive term and one difference, with no
moving average components. The model summary is indicated in the table C.1. The lack of
significance in the Autoregressive term (p-value: 0.204) indicates that the model does not
adequately capture the process. Further diagnostics show that the model does not find all
parameters statistically significant and there are problems with the distribution of residuals
and heteroskedasticity. The model may be able to help us understand the patterns behind
the data, however the lack of normality and stable variance in the residuals suggests that

the assumptions of our model are invalid and the results must be treated with caution.

Table C.1: Arima Diagnostics

coef std err z P > |z| [0.025 0.975]

ar.L1 —0.0277 0.022 —-1.270  0.204 —0.070 0.015
sigma2 1.029¢ +06 2.06e+ 04 49.895  0.000 9.88¢+05 1.07e+ 06

Ljung-Box (L1) (Q) 0.00 Jarque-Bera (JB) 1818.77
Prob(Q) 1.00 Prob(JB) 0.00
Heteroskedasticity (H) 9.42 Skew —0.19
Prob(H) (two-sided) 0.00 Kurtosis 8.84

During this stage, four evaluation plots were also used to assess the reliability of the model
as presented in Figure C.3. Below we give an explanation for each of the diagnostic plots

and what they indicate about the performance of our model:

e Standardized Residuals: This plot shows the residuals of our model over time.
Ideally, we want to avoid seeing obvious patterns (e.g., cycles or trends). This would
indicate that a certain aspect of the data structure was missed by the model. In
the figure plot, the residuals appear to move randomly around zero with no clear
pattern, which is a good sign. However, there are some notable spikes, which could

indicate occasional shortcomings of the model in capturing price movements[26].
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e Histogram and Density Plot: This plot includes the histogram of standardized
residuals, overlaid with a kernel density estimate (KDE) and a normal distribution
(N(0,1)). The goal here would be that the KDE follows closely the curve of the nor-
mal distribution, suggesting that the residuals are normally distributed. A normally
distributed residual indicates that the model errors are random and not biased. In
the diagram provided, there are deviations from the normal distribution, particularly
in the tails, indicating potential problems with the model, such as non-normality in

the residuals[26].
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Figure C.3: Model Diagnostic Plots

e Normal Q-Q Plot: The Quantile-Quantile chart is used to visually check the
normality of the residuals. If the residuals are normally distributed, the points
should fall approximately along the red line. In the plot of our model, the points

deviate from the line, particularly in the tails, suggesting that the residuals have
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a distribution with heavier tails than the normal distribution. This means that
our model cannot fully capture the risk of extreme price movements (clustering of

volatility that is common in financial data)[27].

e Correlogram (ACF plot): This diagram shows the autocorrelation of the residuals
at different lags. Ideally, all autocorrelations should be within the blue band, which
represents a 95% confidence interval for statistical significance. If they are within the
band, this indicates that there is no significant autocorrelation. In the plot shown,
almost all autocorrelations are within the band, indicating that the residuals are not
autocorrelated and that the model has effectively captured the autocorrelations of

the time series.

5. Prediction and Evaluation: The next step was to actually use the model and
produce predictions for the length of the test set. The predicted values were then compared
against the actual test data. The Mean Absolute Error (MAE) and Root Mean Squared
Error (RMSE) were computed to measure the accuracy of the prediction, resulting in
values of approximately 4601.57 and 7012.59, according to the Table C.2. These metrics
indicate that the predictions have a significant margin of error, which could be attributed

to the unpredictable nature of Bitcoin prices or inaccuracies in the model.

Table C.2: Arima Performance Metrics

Metric Value

Mean Absolute Error (MAE): 4601.57
Root Mean Squared Error (RMSE): 7012.59

6. Visualization of the Prediction: The final plot presented in Figure C.4, illustrates
the actual versus predicted Bitcoin prices. The visual comparison shows that the model
has not captured the recent increase in Bitcoin prices. We can clearly observe that the
predicted prices deviate significantly from the actual data, especially during periods of
sharp price changes. This misalignment can be explained by the simplicity of the model

and the natively unpredictable nature of financial markets.

The forecasted data appear as a flat line, indicating that the ARIMA(1,1,0) model predicts
future values of the series to remain constant, a behavior typical in models specified with

a non-seasonal MA(0) component. This suggests the model’s inadequacy in capturing the
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Figure C.4: Arima Actual vs. Predicted Bitcoin Prices

volatility and trend of Bitcoin prices due to its simplicity and reliance on only one lagged
value for predictions. The lack of strong autocorrelation at lag 1 results in a forecast that

is not dynamic, highlighting the model’s poor fit for the dataset.

The model’s oversimplified approach fails to align with the known volatility and potential
non-linear patterns of Bitcoin price data. Experimenting with additional lags for the
autoregressive (p) and moving average (q) components, as well as including a seasonal
component, might address these issues. Financial time series like Bitcoin prices, influenced

by numerous external factors, pose a challenge for models relying solely on historical data.

Given these observations, it is clear that the ARIMA(1, 1, 0) model’s limitations neces-
sitate a more advanced approach for accurately predicting Bitcoin prices. Incorporating
external factors or adopting more complex time series models could enhance predictive
accuracy. The cryptocurrency market’s dynamic nature demands a periodic evaluation

and adjustment of model parameters in order to capture the emerging trends[4, 34, 42].

C.2.1.1 ArimaX model

The ARIMAX model extends our ARIMA model by adding exogenous variables (other
variables besides the time series itself) to potentially improve the forecasting accuracy.

We applied the same differencing and autoregressive terms as the ARIMA model but we



CHAPTER C. DESIGN PRINCIPLES AND IMPLEMENTATION 38

included additional features such as *volume’, 'marketCap’, and the 7-day moving average
of the closing price. By adding these extra features in the model we provide more context
to analyze other factors that may have an effect on Bitcoin price and as a result those
factors will lead to a more accurate forecast. We used the same dataset to the ARIMAX

model and we followed these steps in order to train the model:

1. Data Preprocessing: In order to preprocess our dataset we began with the loading
of Bitcoin price data into a Data Frame. We followed a similar approach as that in
the ARIMA model and we transformed the timeClose column to datetime format. The
datetime was set as the Data Frame’s index, followed by a sort to ensure order. We
chose the ’close’ price, along with ’volume’ and 'marketCap’ for the ARIMAX model.
To align these features on a consistent scale, MinMaxScaler was used for normalization.
Additionally, we created a new feature to represent the 7-day moving average of the ’close’
price, providing a smoothed trend indicator. Any NaN values that showed up during the
phase of the rolling mean calculation were thrown away. The dataset was then split into
80% training and 20% test sets. We chose the ”close” price as the target and added the

external factors ”volume”, ”marketCap”, and 7-day moving average for training.

2. Model Training and Evaluation: For the model training we used the order (1,1,1),
which means that we included one autoregressive term, one differencing step, and one
moving average term. The training phase did not enforce stationarity, allowing the model
to adapt more freely to the data’s characteristics. The training was done using ” close” price
data and the specified exogenous variables ”volume”, "marketCap”, and 7-day moving
average. The next step was to test the performance of our model by trying to predict
the test data along with the exogenous variables that were linked to it. In table C.3
The Root Mean Squared Error (RMSE) was used to measure the accuracy of the model’s
predictions and was found to be approximately 508.45, indicating a high level of precision.
Furthermore, the R? score of 0.992 suggests that the model explains 99.2% of the variance

in the target variable, demonstrating an excellent fit to the data.

Table C.3: ArimaX Performance Metrics

Metric Value

Root Mean Squared Error (RMSE):  508.45
R?: 0.9920
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3. Visualization of the Prediction: Figure C.5 showcases the performance of the
ARIMAX model. The Bitcoin prices are visually distinguished by a blue color, while the
predicted prices are indicated by red 'x’ marks and dashed lines. It is clear that the model
did a good job on following the ups and downs in Bitcoin’s value. The close match between
the predicted and real prices indicates that the model worked well. When the predicted
line is close to the actual line, it means that the predictions are accurate, showing that

the ARIMAX model understood the historical patterns well.

Comparison of Actual and Predicted Closing Prices

—8— Actual Closing Prices
—-x- Predicted Closing Prices

40000

35000

Price

30000 4

25000

& © &£ & & ) K > & &> S

)
o 5 o el o5 05 3 o5 o ¥
& s & & & & & L & o
o o o o o o o o

o

Figure C.5: ArimaX Actual vs. Predicted Bitcoin Prices

The model’s accuracy was also hinted by the RMSE value, which we discussed on model
training and diagnostics. RMSE is an important measuring that indicates how good
the predictions of a model are. An RMSE value of about 508.45, given Bitcoin’s price
changes and unpredictability, means the model made some errors in predicting but still
did reasonably well considering how complex financial markets can be. However, without
comparing it to other models or standards, we can’t say for sure if it’s the best option
for predicting the cryptocurrency prices. Any differences between the predicted and real
prices would be key areas to work on. It is also important to bear in mind that the model

is not perfect, as indicated by the RMSE.



CHAPTER C. DESIGN PRINCIPLES AND IMPLEMENTATION 40
C.2.2 Implementation of SVM

The following model represents a Support Vector Machine (SVM) model for predicting
Bitcoin prices. The model was trained using the same historical data as the ARIMA and
ARIMAX models (from September 24, 2019, to February 6, 2024). The data included
features that are widely recognized as having a significant impact on price fluctuations
in financial markets so preprocessing of the original dataset was done by applying the

following steps:

1. Data preprocessing: Based on the foundation laid by the ARIMA and ARIMAX
preprocessing steps, the preparation for the SVM model similarly begins with the import
of Bitcoin pricing data into a pandas DataFrame. This process extends to include a wider
range of characteristics ("open”, "high”, ”low” and ”volume”) alongside the ”close” price
which is the predict target. The carefully chosen characteristics aim to take advantage
of SVM’s ability to recognize complicated patterns, with an emphasis on the relations
between different market indicators. To maintain chronological accuracy, the conversion
of the timestamp to datetime format is performed and this timestamp is being set as the
index. Using the same practices from previous models, the dataset is divided into an
80% training set and a 20% testing set. This approach facilitates direct comparison of
model performance under uniform conditions, allowing for unbiased evaluation of their
predictive strengths and weaknesses. The next step is to perform feature scaling. Feature
scaling is particularly important for SVMs, because this algorithm is sensitive to the scale
of the input attributes. By scaling the features to a similar range, such as [0, 1] or [-
1, 1], we ensure that each feature contributes accordingly to the distance calculation,
resulting in a more balanced and well-generalized model. We used the StandardScaler
function to normalize our features, making certain that each feature contributes equally
to the predictions made by the model. Given that we’re trying to predict bitcoin prices,
which may vary greatly in scale, this normalization is crucial to prevent any feature from

negatively impacting the model’s performance.

2. Model Training and Diagnostics: Following that, the SVM model was configured.

Four distinct configurations must be implemented:

1. Kernel: The kernel function is a fundamental component of an SVM that transforms
the input data into a higher-dimensional space where a hyperplane can more easily

separate different classes. This transformation is crucial for dealing with non-linear



CHAPTER C. DESIGN PRINCIPLES AND IMPLEMENTATION 41

relationships between features and the target variable[40]. Common types of kernels

include:

e Linear: No transformation, suitable for linearly separable data.

e Polynomial: Transforms data by considering polynomial combinations of fea-

tures, controlled by the degree of the polynomial.

e Radial Basis Function (RBF): Uses the distance between points in a multi-
dimensional space to determine similarity, effectively creating complex bound-

aries.

e Sigmoid: Mimics the logistic function, transforming data in a sigmoidal man-

ner.

2. Regularization (C): Regularization parameter (denoted as C) controls the trade-
off between achieving a low error on the training data and minimizing the norm of
the weights, which helps to prevent the model from overfitting. A smaller value of C
encourages a larger margin (allowing more misclassifications) for better generaliza-
tion, while a larger C value aims for a stricter margin that tries to correctly classify

all training examples, which can lead to overfitting[15].

3. Gamma: The gamma parameter is specific to certain kernels like the RBF. It con-
trols the influence of individual training examples on the decision boundary. In sim-
ple terms, gamma defines how far the influence of a single training example reaches,
with low values meaning ’far’ and high values meaning ’close’. A high gamma value
leads to more complexity by allowing the model to capture more information about
each specific data point, potentially leading to overfitting. In contrast, a low gamma
encourages the model to consider points at a greater distance, promoting a smoother

decision boundary.[25]

4. Epsilon: Epsilon is a parameter used primarily in SVM models for regression (SVR),
controlling the width of the epsilon-insensitive zone, used to fit the training data.
The idea is to find a function that deviates from the actual observed targets (y values)
by a value no more than epsilon for each training point. It helps in determining the
level of tolerance for errors in the model’s predictions, where a larger epsilon means
we’re allowing more errors within a certain margin, and a smaller epsilon tightens

the criteria for what is considered an error.[43]
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The Radial Basis Function (RBF) was utilized for the Kernel, as it is well-suited for non-
linear data. A value of 100 was employed for the normalisation parameter (C) in order
to successfully achieve a balance between minimizing the size of the weights and ensuring
low error in the training set. Gamma and Epsilon were both set to 0.1 to determine
the impact of an individual training example and to determine the epsilon-tube, which
represents the range of predictions that avoid any penalty. Optimizing the performance
of an SVM model relies heavily on tuning these parameters. This process involves finding
the right balance between the model’s complexity, which allows it to capture underlying

patterns, and its ability to work well with new data that it hasn’t seen before.

3. Prediction and Evaluation: The trained model is used to predict the closing prices
on the scaled test data. The performance of the model is evaluated using two metrics:

RMSE and R-squared (R?). By reviewing table C.4, the results are as follows:

e RMSE: The value of 793.323 suggests that the predictions of the model are ap-
proximately 793.323 units away from the actual data points. Since Bitcoin prices
can change a lot going up and down by thousands of dollars, an RMSE of this level

could work fine in some situations. One such situation is that of our model.

e The R? score: It shows how close the regression predictions are to the actual data
points. A value of 0.9807 for R? is very close to 1, meaning that the model can
explain about 98.07% of the changes in that same variable. This level of accuracy
is considered very high, meaning that the model’s predictions are very close to the

true values.

Based on the high R? score, it looks like the model can explain a good amount of the price
changes in Bitcoin. However, the RMSE shows that the wrong predictions can be very

different from the actual prices.

Table C.4: SVM Model Performance Metrics

Metric Value

Root Mean Squared Error (RMSE) 793.32
R? Score 0.9806
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4. Visualization of Prediction: In Figure C.6, the Bitcoin values are displayed with
blue dots, which serve as a baseline for evaluating the accuracy of the forecast model. The

predictions made by our model are denoted by red ”x” symbols.

The proximity of the red ”"x” symbols to the blue dots provides a clear indication of
the accuracy of the model in predicting Bitcoin price movements. The instances where
the predicted prices are found close to the actual prices indicate the model’s ability to
understand market trends. On the other hand, the deviations between the red ”x” symbols
and the blue dots show occasions where the model’s predictions differ from the recorded

values, signaling potential areas for further improvement of the model’s accuracy.

This visual analysis highlights the potential of the prediction model, but also helps to
understand the dynamic and often unpredictable nature of Bitcoin’s market value. De-
spite the occasional mismatches, the overall trend captured by the model’s predictions
reflects an important understanding of market directions, providing valuable insights for
market participants who depend on accurate predictions to navigate the cryptocurrency

investment landscape.
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Figure C.6: SVM Actual vs. Forecasted Bitcoin Prices

It’s important to note though that past performance is not always indicative of future re-
sults, especially in cryptocurrency markets known for their volatility and unpredictability.
This model would need constant reevaluation and updating with new data to maintain its

accuracy.
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C.2.3 Implementation of LSTM

When it comes to economic forecasting such as cryptocurrency price prediction, the cre-
ation of a robust predictive model is very important. The long short-term memory (LSTM)
neural network is considered to be one of the best architecture for this job because it can
remember things for a long time. The model we will present has a carefully designed
structure that aims to make it better at making predictions while reducing the risk of
overfitting, which is a common mistake in machine learning. The procedure for creating

the model is presented below:

1. Data preprocessing: As we already did in the previous models we loaded the dataset
containing the Bitcoin values into a Pandas DataFrame. The attributes that we selected
for the LSTM model were ”Open”, "High”, "Low”, ”Close” and ”Volume”, and we also
selected the timestamps to indicate the date and time of each record accordingly. To
preprocess the data, these features were normalized to a range between 0 and 1 using the
MinMaxScaler function in order to train the model more efficiently. A function was also
defined to transform the data into sequences, with a selected length of 60 time steps per
sequence, which makes the prediction of the closure value at the next time step. The
preprocessed data were then divided into training and test sets of 80-20%. We used the
same train-test split as with the previous models so this way we are able to compare them

at the end.

2. Model Training: The next step is the training of the model. The chosen model
features a design of a layered sequential model, aiming to enhance its prediction accuracy
while reducing the risk of overfitting, a common problem that is faced in machine learning.
The first layer of this model is an LSTM layer made up of 50 units that were uniquely set
up to return sequences. This made it easy to combine with another LSTM layer that also
had 50 units and helped to improve the model’s ability to understand how data changes
over time. A dropout layer with a dropout rate of 0.2 was added after each LSTM layer
to lower the risk of overfitting. At the end of this sequential model was a Dense output
layer with a single unit that was designed to predict the next close price. In order to
build this complex model, we chose the Adam optimizer as it works quickly and well.
It was combined with the mean square error loss function to measure how accurate the
predictions are. For the training of the model we used the preprocessed training data for

100 epochs (times), with a batch size of 32.
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3. Prediction and Evaluation: When the training of the LSTM model was complete,
we used it to make price predictions on the test data. These predictions were then inverse
transformed to the original price scale in order to make them understandable. Table C.5

provides the model’s performance that was evaluated using two metrics:

e RMSE: The model achieved an RMSE of 943.1766, indicating that the model’s
predictions deviate from the actual prices by an average of approximately 943 units
away. This level of error provides an aggregate value that indicates how accurate

the prediction is.

e R? Score: The R? score was 0.9732, which suggests that the model explains about
97.32% of the variance in the actual Bitcoin prices. This high score indicates a strong

predictive power and a good fit to the data.

Table C.5: LSTM Model Performance Metrics

Metric Value

Root Mean Squared Error (MSE) 943.1766
R? Score 0.9732

4. Visualization of Prediction: Figure C.7 shows how the actual and predicted prices
of Bitcoin have changed over time. Similarly to the previous visualizations, the Bitcoin
values are displayed with blue dots, which serve as a baseline for evaluating the accuracy of

the forecast model. The predictions made by our model are denoted by red ”x” symbols.

This visualization showcases that the model can closely monitor how Bitcoin prices are
changing, catching the overall trend and responding to major changes. However, there are
clear differences at certain points, which correspond to the RMSE value and show that

the model could be improved.

In conclusion, the R? score demonstrates the high efficiency of our LSTM model in ac-
curately predicting Bitcoin prices. The RMSE shows that some predictions were wrong,
which is normal in the volatile cryptocurrency market. The model effectively captures
the general pattern, which is important in predicting time series in financial markets.
For enhanced accuracy in future predictions, we could employ techniques such as tun-
ing the hyperparameters, performing feature engineering, or incorporating additional data

sources.
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Bitcoin Price Prediction using LSTM

—e— Actual Bitcoin Price
42500 1 -x- Predicted Bitcoin Price

40000

375001

35000 1

Price

32500 1

30000 1

27500 4

25000 1

22500 1

i $ ~ ~ & 3

®
o N
i il
» »

o
o
[

Time

Figure C.7: LSTM Actual vs. Forecasted Bitcoin Prices
C.3 Comparison of the models

This section looks into the comparative analysis of the three advanced models; ARIMAX]
SVM and LSTM, focusing on their performance in predicting the Bitcoin prices contained
in the dataset. The evaluation is based on two primary metrics: root mean square error
(RMSE) and coefficient of determination (R? score), which along with the plots provide
information on accuracy, error rates and the ability of the models to capture the variance

of actual prices.

ArimaX model: The ARIMAX model stands out with an RMSE of 508.45, the lowest
among the three models. Moreover, the impressive R? score of 0.9920 suggests that the
ARIMAX model can explain 99.20% of the variance observed in the actual prices. Such a
high level of predictive accuracy and variance explanation positions the ARIMAX model

as a potentially reliable tool for forecasting Bitcoin prices.

SVM model: The SVM model, with an RMSE of 793.32, demonstrates a less accurate
performance compared to the ARIMAX model. This higher RMSE suggests that the
predictions made by the SVM model tend to deviate more from the actual prices. In
addition, its R? score of 0.9806 is impressive, explaining 98.06% of the price variance.
Although it does not match the ARIMAX model’s accuracy, the SVM model’s ability to

account for a significant portion of the variance makes it a strong contender.

LSTM model: The LSTM model displays the highest RMSE of 943.17 among the three
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models, indicating that its predictions are the furthest from the actual Bitcoin prices.
Together with the lowest R? score of 0.9732, it is evident that the LSTM model, while
still capturing a considerable 97.32% of the variance, trails behind the ARIMAX and SVM
models in predictive accuracy. This gap highlights the LSTM model’s challenges in closely

mirroring the actual price movements, particularly during periods of high volatility.

A closer examination of the predictive performance through the visual graphs reveals some

little differences among the models (Figure C.8):

e ArimaX: Shows an impressive match between predicted and actual prices, which

indicates how accurate the model is.

e SVM: Although capturing the general trend, it shows deviations, especially in

volatile market phases.

e LSTM: Mirrors the SVM’s performance in capturing the trend but with noticeable

deviations, underlining the model’s difficulty with big changes in prices happen.

Comparison of Actual and Predicted Closing Prices
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Figure C.8: Comparison of Model Performance: ARIMAX, SVM, and LSTM Actual vs.

Forecasted Bitcoin Prices
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Table C.6 provides a summary of all model performance metrics. The comparative analysis
highlights that the ARIMAX model does a better job in predicting Bitcoin prices, demon-
strated by the lowest RMSE and highest R2score. It showed an unmatched precision and

an ability to cover nearly all variances of the data.

Model RMSE R? Score Observations
ARIMA 7012.59 - High error, indicates challenges in captur-

ing price movements
ARIMAX  508.45 0.992 Best performance, accurately predicts

price movements

SVM 793.32 0.9806 Good performance, but less accurate than
ARIMAX
LSTM 943.17 0.9732 Captures trends well, but with higher er-

ror than others

Table C.6: Summary of Model Performance Metrics

The SVM model, while less accurate than ARIMAX, still presents a possible option with
a strong variance explanation capability. On the other hand, the LSTM model, despite
its higher error rates and lower variance capture, could still be preferable in scenarios
demanding the identification of complex patterns or real-time predictions, highlighting
the significance of selecting a contextual model based on more than just performance

metrics.



Chapter D

Conclusions and future research

This thesis aimed to investigate the effectiveness of advanced deep learning algorithms in
predicting the price dynamics of cryptocurrencies, with a focus on Bitcoin. The goal was
to identify the most suitable model for the Bitcoin Historical Price time-series dataset.
We used a four-year span of data to train and test the models. This period captures a

critical phase in the cryptocurrency market.

Through a careful examination of the three different models -ARIMA, SVM and LSTM-
this study is attempting to evaluate their quality and ability to accurately predict future
Bitcoin prices. The comparative analysis was based on two primary metrics: root mean
square error (RMSE) and coefficient of determination (R? score), followed by visual graphs

to highlight the accuracy, error rates and variance capturing capabilities of the models.

The research highlights the importance of selecting an appropriate forecasting model based
on specific needs and conditions. The proven ability of the ARIMAX model to make better
predictions on our Bitcoin dataset makes it an excellent choice for scenarios that require
high accuracy and precision. On the other hand, the SVM model, with its impressive
ability to explain variance, additionally provides a good choice for applications where a
balance between accuracy and computational efficiency is required. Lastly, the LSTM
model, despite its higher error rates, could be preferred in situations that require the

identification of complex patterns over time or real-time prediction capabilities.

This thesis is a contribution to the existing literature by providing a comparative anal-
ysis of deep learning methods applied to cryptocurrency price prediction. It highlights

the strengths and limitations of each model, thus providing valuable information for re-

49



CHAPTER D. CONCLUSIONS AND FUTURE RESEARCH 50

searchers and analysts in the field of cryptocurrency trading and investment.

Future research could focus on developing hybrid models that combine the advantages of
ARIMAX, SVM and LSTM to further enhance the accuracy and efficiency of prediction.
Furthermore, expanding the data set to include more cryptocurrencies and longer time
frames could provide deeper insight into the performance of the models in different market
conditions. Investigating the impact of external factors, such as regulatory changes or

major market events could also provide further improvements in forecast accuracy.
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Chapter E

Appendix: Python code of the

Prediction Models

Arima Model

import pandas as pd

import matplotlib.pyplot as plt

import numpy as np

from statsmodels.tsa.stattools import adfuller

from statsmodels.graphics.tsaplots import plot_acf,
from statsmodels.tsa.arima.model import ARIMA

from sklearn.metrics import mean_absolute_error, <

mean_squared_error

# Load the dataset
df = pd.read_csv('dataset/BitcoinData.csv', sep=";")

# Convert the timestamp column to datetime

df [ "timestamp '] = pd.to_datetime (df['timestamp'])

# Set the 'timestamp' as the index

df .set_index( 'timestamp', inplace=True)

# Focus on the closing price

51

plot_pact
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df =

df

['close ']

# Print the first few rows
print(df.head())

# The plot of the dataset
df .plot(title='Bitcoin Closing Price')
plt.xlabel( 'Date')
plt.ylabel('Close Price')
plt.show ()

# ADF statistic and p—value

t = adfuller(df.dropna())
print (f '"ADF Statistic: {result[0]}")
print (f'p—value: {result[1l]}")

resul

for key, value in result[4].items():
print (f'Critical Value {key}: {value}')

# Differencing the series in order to make it stationary

# and check if the differenced

df _di

ff

= df .diff () .dropna()

series is stationary

result_diff = adfuller(df_diff)

print (f '"ADF Statistic

(Differenced Series): {result_diff[0]} ")

print (f 'p—value (Differenced Series): {result_diff[1]}")

# Plot the ACF and PACF on the

fig,

differenced series

(axl, ax2) = plt.subplots(l, 2, figsize=(16, 4))
plot_acf (df_diff, ax=axl)
plot_pacf (df_diff, ax=ax2)
plt.show ()

# Reverse the dataset because

df =

df

.iloc[:: —1]

it's currently in descending order

# Split the data into training and test 80—20%
split_idx = int(len(df) x 0.8)

train

test

df .iloc [:split_idx]
df .iloc[split_idx:]
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# Fit the ARIMA model on the training data
model = ARIMA(train, order=(1, 1, 0))
fitted_model = model.fit()

# Summary of the fitted model on the training set

print(fitted_model.summary ())

# Diagnostics
fitted_model.plot_diagnostics(figsize=(15, 12))
plt.show()

# Genenerate the forecast for the length of the test set

forecast = fitted_model.get_forecast(steps=len(test))

forecast_mean = forecast.predicted_mean
forecast_series = pd.Series(forecast_mean.values, index=test.<
index)

# Calculate error metrics

mae = mean_absolute_error(test, forecast_series)
rmse = np.sqrt(mean_squared_error(test, forecast_series))
print (f 'Mean Absolute Error (MAE): {mae}')

(f
print (f 'Root Mean Squared Error (RMSE): {rmse}')

# Plot of Actual vs Forecasted values

plt.figure(figsize=(15, 7))

plt.plot(test, label='Actual Test Data', color="blue')

plt.plot(forecast_series, label='Forecasted Test Data', color='«
red', linestyle='-—1")

plt.title('Bitcoin Price: Actual vs Forecasted')

plt.xlabel('Date")

plt.ylabel('Price’)

plt.legend()

plt.show ()

ArimaX Model
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import pandas as pd

from statsmodels.tsa.statespace.sarimax import SARIMAX
from sklearn.metrics import mean_squared_error, r2_score
import numpy as np

from sklearn.preprocessing import MinMaxScaler

import matplotlib.pyplot as plt

# Load the Bitcoin price data
bitcoin_data_file = 'dataset/BitcoinData.csv'

bitcoin_prices_data = pd.read_csv(bitcoin_data_file, delimiter=';+

")

# Change 'timeClose' to datetime format and use it as the index

bitcoin_prices_data['date'] = pd.to_datetime(bitcoin_prices_data[«
"timeClose'])

bitcoin_prices_data.set_index('date', inplace=True)

bitcoin_prices_data.sort_index(inplace=True) +# Make sure the <>

dates are in order

# Set data frequency to daily
bitcoin_prices_data = bitcoin_prices_data.asfreq('D')

" price and other features for the model

# Choose 'close
selected_features = ['volume', 'marketCap']
close_prices = bitcoin_prices_data['close']

other_features = bitcoin_prices_data[selected_features]

# Scale the features to a range

feature_scaler = MinMaxScaler ()
scaled_features = feature_scaler.fit_transform(other_features)
scaled_features_df = pd.DataFrame(scaled_features, columns=¢

selected_features, index=bitcoin_prices_data.index)

# Combine the scaled features with the closing prices

combined_data = close_prices.to_frame().join(scaled_features_df)

# Add a 7—day moving average of the close prices to the dataset
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combined_data|'7_day_moving_average'] = combined_data|'close'].+
rolling(window=7).mean ()
combined_data.dropna(inplace=True) # Remove rows with missing <

values due to moving average calculation

# Divide the dataset into training and testing parts
train_test_split_ratio = 0.8

split_point = int(len(combined_data) * train_test_split_ratio)
training_data, testing_data = combined_data.iloc[:split_point, «

:], combined_data.iloc[split_point:, :]

# Prepare the target and features for the model

training_target = training_data['close']
updated_features = selected_features + ['7_day_moving average']
training_features = training_data|[updated_features]

# Create and train the ARIMAX model

model = SARIMAX(training_target, exog=training_features, order<+
=(1,1,1), enforce_stationarity=False, enforce_invertibility=¢«
False)

model_fit = model.fit(disp=False)

# Predict future values

testing_features = testing_data[updated_features]

predictions = model_fit.get_forecast(steps=len(testing_data), «
exog=testing_features)

predicted_values = predictions.predicted_mean

# Model performance evaluation

root_mean_squared_error = np.sqrt(mean_squared_error(testing_data¢+>
['close'], predicted_values))
r_squared_value = r2_score(testing_data['close'], <«

predicted_values)
print (f 'Root Mean Squared Error: {root_mean_squared_error}')

print (f 'R—squared Value: {r_squared_value}')

# Visualization of actual vs predicted closing prices

plt.figure(figsize=(12, 6))
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plt.plot(testing_data.index, testing_data|'close'], label="Actual«
Closing Prices', color='blue', marker='o0")

plt.plot(testing_data.index, predicted_values, label='Predicted «

! 1

Closing Prices', color='red', linestyle='—"', marker='x"')
plt.title('Comparison of Actual and Predicted Closing Prices')
plt.xlabel('Date")

plt.ylabel('Price’)

plt.legend()

plt.grid(True)

plt.xticks(rotation=45)

plt.tight_layout ()

plt.show()

SVM Model

import pandas as pd

import numpy as np

from sklearn.model_selection import train_test_split
from sklearn.preprocessing import StandardScaler

from sklearn.svm import SVR

from sklearn.metrics import mean_squared_error, r2_score

import matplotlib.pyplot as plt

# Load the Bitcoin price data
bitcoin_prices = pd.read_csv('dataset/BitcoinData.csv', delimiter«

1
-

# Convert the 'timestamp' column to datetime format and use it as<+
the dataframe index

bitcoin_prices|'timestamp'] = pd.to_datetime(bitcoin_prices|[ '+
timestamp '])

bitcoin_prices.set_index( 'timestamp', inplace=True)

# Ensure the data is ordered by date

bitcoin_prices.sort_index(inplace=True)
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# Define features and the target variable for the prediction <«
model

features = bitcoin_prices[['open', 'high', 'low', 'volume']] # <«
Predictor variables

target = bitcoin_prices|['close'] # Prediction target

# Split the data into training and testing sets with an 80/20 <«

split
train_size = int(len(features) x 0.8)
features_train, features_test = features.iloc|[:train_size], ¢«

features.iloc|[train_size:|
target_train, target_test = target.iloc|[:train_size]|, target.iloc«

[train_size:]

# Normalize the feature data

feature_normalizer = StandardScaler()

features_train_normalized = feature_normalizer.fit_transform(+
features_train)

features_test_normalized = feature_normalizer.transform(«

features_test)
# Create and train the Support Vector Regression model
svr_model = SVR(kernel='rbf', C=100, gamma=0.1, epsilon=0.1)

svr_model.fit(features_train_normalized, target_train)

# Predict target values using the trained model

predictions = svr_model.predict(features_test_normalized)

# Calculate performance metrics of the model

mean_squared_err = mean_squared_error(target_test, predictions)
root_mean_squared_err = np.sqrt(mean_squared_err)
r_squared_value = r2_score(target_test, predictions)

print (f 'Root Mean Squared Error: {root_mean_squared_err}')

print (f 'R"2 Score: {r_squared_value}')

# Visualize actual vs. predicted Bitcoin prices

plt.figure(figsize=(12, 6))
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plt.plot(target_test.index, target_test, label='Actual Prices', «
color="'blue', marker='o")

plt.plot(target_test.index, predictions, label='Predicted Prices '«
, color="red', linestyle='—'

plt.title('Bitcoin Price Prediction using SVM')

plt.xlabel('Date")

plt.ylabel('Price’)

plt.legend()

, marker="x")

plt.grid(True)
plt.xticks(rotation=45)
plt.tight_layout ()
plt.show()

LSTM Model

import pandas as pd

import matplotlib.pyplot as plt

import numpy as np

from math import sqrt

from sklearn.metrics import mean_squared_error, r2_score
from sklearn.preprocessing import MinMaxScaler

from tensorflow.keras.models import Sequential

from tensorflow.keras.layers import Dense, LSTM, Dropout

# Load Bitcoin price data

bitcoin_data = pd.read_csv('dataset/BitcoinData.csv', delimiter='<«>

i)

# Change the 'timestamp' column to datetime type
bitcoin_data['timestamp'] = pd.to_datetime(bitcoin_data['«+

timestamp '])

# Ensure data is ordered by date
bitcoin_data = bitcoin_data.sort_values(by='timestamp', ascending«+

=True)
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# Define the set of features for the model
selected_features = bitcoin_data[[ "timestamp', 'open', 'high', '«

low', 'close', 'volume']]

# Prepare data for normalization , excluding 'timestamp'
data_for_scaling = selected_features[['open', 'high', 'low', '+

close', 'volume']].values

# Normalize the features
scaler = MinMaxScaler(feature_range=(0, 1))

normalized_data = scaler.fit_transform(data_for_scaling)

# Combine normalized data with timestamps
normalized_df = pd.concat ([selected_features]|'timestamp'].<«+
reset_index (drop=True), pd.DataFrame(normalized_data, columns<

=['open', 'high', 'low', 'close', 'volume'])], axis=1)

# Function to create sequences for LSTM input

def create_sequences(data, sequence_length=60):

sequences, targets, sequence_dates = [], [], []

for i in range(len(data) — sequence_length):

sequence = data.iloc[i:i + sequence_length, 1:].values # Exclude«

"timestamp '

target = data.iloc[i + sequence_length, —2] # Target is 'close' <>
price

sequence_date = data.iloc[i 4+ sequence_length, 0] # Date for the<
sequence

sequences . append (sequence)

targets.append(target)

sequence_dates.append(sequence_date)

return np.array(sequences), np.array(targets), np.array(«

sequence_dates)

# Generate data sequences
sequence_length = 60
X, y, test_dates = create_sequences(normalized_df, «

sequence_length)
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# Split data into training and test sets based on time sequence

test_size = int (0.2 % len(X))

X_train, X_test = X[:—test_size|, X[-test_size:]
y_train, y_test = y[:—test_size], y[—test_size:]
dates_test = test_dates|[—test_size:]

# Define LSTM model

model = Sequential (|

LSTM(units=50, return_sequences=True, input_shape=(X_train.shape+>
[1], X_train.shape[2])),

Dropout (0.2) ,

LSTM(units=>50),

Dropout (0.2) ,

Dense(units=1) # Output layer for predicting the next 'close'
price

1)

# Compile model

model.compile(optimizer="adam', loss='mean_squared_error')

# Train model

model.fit(X_train, y_train, epochs=100, batch_size=32)

# Predict prices

predicted_prices = model.predict(X_test)

# Inverse transform predictions to original price scale
dummy_predicted = np.zeros((len(predicted_prices), <

normalized_data.shape[1l]))

dummy_predicted[:, —2] = predicted_prices|[:, 0] # Place «
predictions in the correct column

predicted_prices_original = scaler.inverse_transform(«
dummy_predicted) [:, —2]

# Inverse transform actual prices to original scale
dummy_actual = np.zeros((len(y_test), normalized_data.shape[l]))

dummy_actual [:, —2] = y_test
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actual_prices_original = scaler.inverse_transform(dummy_actual)«
[:a 72]

# Calculate performance metrics
rmse = sqrt(mean_squared_error (actual_prices_original, «
predicted_prices_original))

r2 = r2_score(actual_prices_original, predicted_prices_original)

print (f 'Root Mean Squared Error: {rmse}')
print (f 'R"2 Score: {r2}")

# Visualize actual vs. predicted prices

plt.figure(figsize=(12, 6))

plt.plot(dates_test, actual_prices_original, color='blue', label=¢

"Actual Bitcoin Price', marker='o')
plt.plot(dates_test, predicted_prices_original, color='red', <«

', marker='x")

label='Predicted Bitcoin Price', linestyle='-—
plt.title('Bitcoin Price Prediction using LSTM')
plt.xlabel('Time")
plt.ylabel('Price’)
plt.legend()
plt.grid(True)
plt.xticks(rotation=45)
plt.tight_layout ()

plt.show ()
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MAE
MSE
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RBF
RNN
RMSE

Autocorrelation Function

Augmented Dickey-Fuller
Autoregressive

Auto Regressive Integrated Moving Average
Autoregressive Moving Average
Bitcoin

Convolutional Neural Network
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Ethereum Virtual Machine
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Generalized Autoregressive Conditional Heteroscedas-
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Gated Recurrent Unit

Integrated Development Environment
kernel density estimate

Long Short-Term Memory

Moving Average

Mean Absolute Error

Mean Squared Error

Partial Autocorrelation Function
Proof of Stake

Proof of Work

Radial Basis Function

Recurrent Neural Networks

Root Mean Squared Error
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UNL
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XRP

Ripple Transaction Protocol
Support Vector Regression
Support Vector Machine
Unique Node List

Visual Studio Code
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