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Preface

Cryptocurrencies — Financial Technologies of the Future provides knowledge, recommen-
dations, and practical solutions to new challenges within the contemporary processes
of globalization and international trade thanks to cryptocurrencies.

This book explores all the processes involved in cryptocurrencies. Money is a
fundamental payment element of the economy, and this book examines the role,
importance, and benefits of introducing cryptocurrency as a new means of economic
exchange. It describes the legal possibilities of integrating cryptocurrencies into
payment systems, analyzes their benefits and risks, and assesses their development
prospects and economic implications.

In today’s global marketplace, financial phenomena are crucial, with ITC technology
and financial flow regulations driving important changes. Cryptocurrencies are a key
topic in this context, warranting ongoing exploration and establishment of opera-
tional principles. This book aims to address current topics related to social conditions
and technical solutions, providing both theoretical insights and practical solutions
concerning the functioning of cryptocurrencies in society.

Digital finance, often referred to as financial technology (FinTech), is the application
of digital technologies to financial activities. The increasing use of digital financial
services by consumers and businesses highlights the need for financial education
across societies. The digital transformation of financial services and the rise of
cryptocurrencies necessitate changes in global financial markets.

Cryptocurrencies — Financial Technologies of the Future presents comprehensive knowl-
edge, current considerations, and practical solutions in financial science, focusing
on cryptocurrencies as a new form of money. We would like to thank everyone who
contributed to this publication, especially the authors for their inspiring scientific
considerations. As the editor, I hope that this book will spark interest in the subject
and inspire new solutions to the research problems discussed.

Ireneusz Miciula

Department of Sustainable Finance and Capital Markets,
Institute of Economics and Finance,

University of Szczecin,

Szczecin, Poland






Chapter1

Introductory Chapter:
Cryptocurrencies as Financial
Technologies of the Future

Ireneusz Miciuta

1. Introduction

Money is undoubtedly the basic payment element in the economy. Therefore, the
history of money is also a picture of changes in financial markets [1]. We are currently
witnessing technological changes in making payments in the economy. Therefore, we
observe the importance and benefits of the possibility of introducing a new means
of economic exchange. Cryptocurrencies may become one of the means of payment
in the history of the world. There will certainly be changes in financial markets, with
more possible payment methods. However, the form in which this will take place
is currently being clarified, among other things, by the need to determine the legal
standards that will apply to this development of financial resources. And financial
phenomena are crucial in today’s global market because ITC technology and the rules
of financial flows are the most important changes in the modern global economy.
Therefore, many current topics concern cryptocurrencies, which are extremely
important and require constant discovery and determination of the principles of
operation. This is related to the risks of introducing new forms of payment and the
desire to highlight all the benefits that will support this innovative form of transaction
in the economy. The development prospects of cryptocurrencies are undoubtedly the
next milestone among forms of money, which has huge implications for the world’s
economies.

Thanks to the use of modern technology, cryptocurrencies are a kind of financial
innovation (another milestone in the history of money) that has a chance to influ-
ence the global financial system. Cryptocurrencies are electronic money that does
not require an intermediary, such as a bank, to complete the transaction. Thanks to
this, the transaction and its parties are completely anonymous to the financial system
controlled by global institutions. On the one hand, it provides enormous benefits by
preventing global institutions from controlling and influencing world transactions.
On the other hand, it does not provide an adequate level of security. Therefore, once
the legal issues are settled and security is improved, it will be possible to use the
advantages of this form of payment. Namely, it will allow us to speed up the settle-
ment of payment transactions and thus become independent from traditional forms
of payment and the restrictive control of global financial institutions.

Cryptocurrencies are an innovative and technologically advanced alternative to
a fully globalized future. They can be an alternative to processing payments made
across geographical borders [2]. Additionally, if cryptocurrencies are effectively
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regulated through current adjustments, they will be able to help future generations
meet the challenges of financial transactions in various forms. Cryptocurrencies
perform the same functions as traditional money because they have features such as
durability, divisibility, and originality, which, if socially accepted, will mean that they
can be a full-fledged means of exchange. Over the last dozen or so years, cryptocur-
rencies have been gaining popularity, and their importance in financial markets is
increasing [3]. The innovative nature of cryptocurrencies for society may prove to be
something that will force changes and will have a huge impact on the functioning of
the global financial sector in the future.

Cryptocurrencies are already recognized as an innovative payment method [4].
Currently, they are only complementary to official currencies. They do not generally
have the legal status of a means of payment, but the number of transactions using
them is growing. The number of service and commercial points accepting crypto-
currencies as a payment method is also increasing. The adaptation of commercial
establishments to payments in cryptocurrencies is constantly growing. Therefore, this
technology, with certain legal regulations, will undoubtedly have a huge impact on
changes in the functioning of financial markets in global economies.

2. Cryptocurrencies: the definition of financial innovation

Finance is monetary resources, operations, and legal norms relating to them.
Finance is also a social relationship that arises from collecting and spending money.
Therefore, the science of finance examines money streams flowing between
economic entities during the processes of production, distribution and exchange
(consumption), and material accumulation, as well as money resources collected and
distributed during these processes [5]. Finance is a field of science that deals with
the analysis of how people allocate available financial resources in a given period,
or it should be defined as all economic phenomena related to the accumulation and
distribution of monetary resources, which can be defined as economic relations
resulting from the movement of money, with the collection and spending of mon-
etary resources [6]. Defining cryptocurrencies is a big challenge and may lead to
inconsistencies in terms of economic sense and legal aspects.

The history of the concept’s evolution can be seen in the literature due to its
continuous development. Thanks to this, digital means of exchange are classified. The
first concept refers to a virtual currency, which is a means of payment not issued by
any financial institution (e.g., a bank), while also being a means of exchange of value
between the issuer and the user. However, they operate within strictly defined limits
and are used only to purchase virtual goods and services. Therefore, virtual currency
in this understanding is presented in a narrow scope and mainly concerns virtual
currencies that appear in mass online games. This approach proves that these cur-
rencies are not intended for the purchase of real tangible items but for the purchase
of virtual goods or services that can only exist in the area of a limited virtual world
[7]. Therefore, the term digital currency is a broader concept and refers to a means of
payment in a specific jurisdiction in the conventional sense [8]. Currently, thereisa
separation of concepts and a desire to specify the full definition for cryptocurrencies.
It seems that this will only happen when legal regulations are established and when
they are applied in practice on a large scale.

Legal regulations in different European countries are different, or there are no
regulations at all in relation to cryptocurrencies [9]. This may lead to inconsistencies
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and difficulties in the exchange of goods and services, as well as a lack of trading
certainty. In 2015, the European Central Bank provided the following definition of
avirtual currency: a digital representation of values that are not issued by a central
bank, electronic money institution, or credit institution, which in certain condi-
tions can be used as an alternative to money [10]. In its resolution of 26 May 2016

on virtual currencies, the European Parliament adopted that virtual currency is a
synonym for digital cash that is not issued by a central bank or any public authority
and is not linked to fiat currency but is used by natural or legal persons as a medium
of exchange that can be transmitted, stored, and thus subjected to electronic trad-
ing [11]. Referring to the technology by which cryptocurrencies are created, which
may also be called cryptocurrencies, they are defined as an accounting system based
on cryptography whose characteristic feature is its dispersion [12]. This system is
responsible for storing messages related to the ownership status in conventional units.
The ownership status is linked to individual nodes of the so-called system—wallets, in
such a way that only a person who has a specific and private key can control this wal-
let; a situation in which it would be issued twice to the same entity is impossible [13].
S. Nakamoto, the creator of bitcoin—the most popular cryptocurrency, defines it as
an electronic coin in the form of a chain of digital signatures. Each holder of the coin
transfers it to the next one, digitally signing the “hash” of the previous transaction
and the public key of the next holder, adding them to the end of the coin. The recipi-
ent can verify the signatures to verify the chain of ownership [14]. This feature offers
great opportunities to improve the security of financial transactions and to regulate
legal solutions that will ensure full trust in this technology and influence changes in
the global information society.

3. Financial technology (FinTech) era

Nowadays, running a business or investment activity requires the ability to search,
analyze, and use selected information to support decision-making processes. A
special role in obtaining information about economic entities is assigned to financial
statements, which should provide useful financial information. This is why financial
information is so fundamental in the information society. Especially since new infor-
mation technologies are rapidly developing and being used in this field, the world has
designated a new area of interest under the term financial technology (FinTech).

Digital finance, often referred to as financial technology (FinTech), is the applica-
tion of digital technologies to financial activities [15]. Consumers and businesses
are increasingly using digital financial services [16]. We are currently witnessing the
digital transformation of financial services, which additionally increases the need
for financial education of entire societies [17]. The digital revolution of the financial
system along with the development of cryptocurrencies requires changes in the
functioning of global financial markets.

The ongoing globalization of the world economy and the increasing number
of free trade zones along with the simplification of trade processes are factors that
facilitate the rapid implementation of trade contracts [18]. The demand for a fast,
cheap, and functional trading system continues to grow. The use of cryptocurrency
settlements may be particularly beneficial in global financial markets [19]. European
Union authorities are working on new regulations that are intended to increase the
potential of cryptocurrencies and reduce the risks associated with them (e.g., regula-
tion on markets for cryptoassets - MiCA). MEPs reviewed and introduced changes to
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the draft prepared by the European Commission, and in March 2022, they decided
to start negotiations on the final shape of these regulations with EU countries in the
Council. To encourage development and use of these technologies, the new regula-
tions are intended to ensure legal certainty and support innovation, consumer and
investor protection, and financial stability [20]. The regulations also include provi-
sions on transparency, disclosure of information, and authorization and supervision
of transactions. The most common opinions regarding cryptocurrencies are that
virtual currencies will be a new stage of development in the world’s financial markets.
However, certain solutions and regulations need to be developed, possibly based on
trust in international institutions, which will result in shifting the likelihood of using
the advantages and possibilities of using cryptocurrencies toward the development of
the information society, thereby limiting possible crimes.

The aim of the book “Cryptocurrencies - Financial Technologies of the Future”
will be to present knowledge, current considerations, and practical solutions in
the field of broadly understood financial science and in particular the new form of
money, which is cryptocurrencies. We would like to thank everyone who contributed
to the creation of this publication, especially the authors, for their inspiring scien-
tific considerations. As the editor of this monograph, I hope that many of the issues
presented will motivate the reader to become interested in the subject, which will
translate into new solutions to the research problems raised.

Author details

Ireneusz Miciula

Department of Sustainable Finance and Capital Markets, Institute of Economics
and Finance, University of Szczecin, Szczecin, Poland
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Chapter?2

Origins, Theoretical Foundations,
and Economic Implications of
Cryptocurrencies

Jérome Verny, Yacine Aiat, Stephane Fourneaux
and Eric Lambourdiére

Abstract

The theoretical foundations and indeed implications related to the emergence of
digital assets, particularly cryptocurrencies, remain a scarcely explored area in recent
academic literature. This chapter aims to analyze the presumed influences of various
economic schools of thought on the genesis of Bitcoin, the monetary policies underly-
ing several digital assets, and the evolution of their market capitalization since 20009.
The study also addresses the case of several cryptocurrency exchange platforms, com-
monly known as crypto exchanges, and focuses on industrial entities, such as Ledger
and Bitmain. An overview of use cases involving “smart contracts” and Blockchain
technology is provided. This chapter seeks to revisit the emergence of different
approaches to national regulation on a global scale and to establish international com-
parisons. The examples of Japan, long trapped in a deflationary spiral, and Argentina,
facing hyperinflation, are particularly enlightening for understanding the legal treat-
ment of digital assets and their perception by local authorities. Two central questions
guide this exploration: what are the economic and ideological foundations underlying
the conception of Bitcoin, and to what extent does the current development of the
digital asset ecosystem remain true to the initial ideas of Satoshi Nakamoto?

Keywords: cryptocurrencies, stablecoins, fiat money, real assets, digital assets, tokens,
smart contracts, Blockchain, exchange, supply chain
1. Introduction

The financial crisis (2007-2008) and the massive adoption of new information

and communication technologies (NICTs) have created a favorable environment for
innovation'. In this context, the Blockchain and Bitcoin emerged, providing a solu-

! A digital asset commonly referred to as a cryptocurrency does not meet the established criteria of a
currency since it lacks the backing of a Central Regulatory Body and is not acknowledged as official legal
tender for settling all types of debts and transactions. Moreover, its significant fluctuations in price under-
mine its ability to serve as a consistent store of value and a reliable measure for pricing goods and services,
which are fundamental attributes of conventional currencies.
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tion to double spending while introducing a single consensus mechanism. Indeed, the
Blockchain has been one of the most important technological and technical innova-
tions in recent years. In his paper on Bitcoin “a peer-to-peer electronic system,‘Satoshi
Nakamoto explains the use and the structure of this new system. The abstract of the
paper explained the direct online payment from one source to another source without
relying on a third-party source. The paper describes an electronic payment system
based on the concept of cryptography. Nakamoto’s paper offered a solution to double
spending, where a digital currency cannot be duplicated and spent more than once.
The concept of a public ledger is introduced, where an electronic coin’s transaction
history can be traced and confirmed if the coin has not been spent before, preventing
the problem of double spending.

This new movement has evolved very rapidly, bringing with it new cryptocur-
rencies (presented as a better alternative to Bitcoin) and new concepts. In 2014, the
arrival of Ethereum and smart contracts ushered in a new era for crypto-assets. The
concept of decentralized applications, decentralized finance, and the explosion of
ICOs have fundamentally changed our ecosystem. The purpose of this chapter is to
present the origin and functioning of Blockchain, as well as its practical use in the
industrial world. In addition, the development of this new technology has raised
many questions from governments as to how it should be regulated. This important
factor in the regulation of Blockchain will be analyzed through a comparative study
between European countries, Japan, Canada, and the BRICS group. The transparent
and decentralized platform of the Blockchain has attracted different types of indus-
tries, and organizations are increasingly moving toward the use of the Blockchain for
various business purposes. An example is the employment of the Blockchain in the
supply chain industry. Even if the Blockchain adoption in the supply chain industry
is still something recent, studies have been conducted, indicating the Blockchain’s
potential impact on supply chains. In the latest literature on supply chain operations,
researchers and professionals claim that Blockchain can offer real-time transparency
in the shipping industry among stakeholders such as port authorities, customs, and
freight forwarders. The Blockchain provides a framework with secure data sharing,
forecast, and risk analysis functions. According to Bocek et al. [1], smart contracts
can decrease the number of intermediaries and allow for further automation in the
supply chain process. Smart contracts can also cut operational costs. Pan [2] indicates
that Blockchain technology can improve also information sharing between the supply
chain stakeholders.

The use of Blockchain and, by implication, Bitcoin, has turned several industries
in the global economy upside down, representing a major revolution in terms of regu-
lation. Several financial institutions and organizations are now exploring different
approaches to managing this new technology in the most efficient possible way. This
chapter explores and presents the points of convergence and divergence regarding
the regulations undertaken by the European Union countries, Japan, and the BRICS
about the use of the Blockchain. To analyze and present the Blockchain, its challenges,
its industrial applications, and the different regulatory approaches, this chapter is
structured into four main sections. The rest of this section ends with a presentation
of the origins and rise of Blockchain, and how it stands in comparison with the main
economic theories. The second section covers the use of the Blockchain and smart
contracts in the industrial world with a focus on the supply chain. The third section
presents the different regulatory approaches taken by the countries considered in the
analysis. Finally, the book chapter concludes with a fourth section dedicated to sum-
marizing key findings and presenting conclusions.
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1.1 Origins of the Blockchain

The 1970s and 1980s marked the beginning of two major phenomena that pro-
foundly transformed societies worldwide: the liberalization of the economy and
international financial markets and the rapid development of ICTs. The rise of new
technologies accelerated sharply in the 1990s with the development of the Internet,
then in the early 2000s with the advent of the smartphone and social networking.
This enabled people to access computing power and data processing capabilities
from their own homes. Consequently, these changes have introduced unprecedented
challenges, particularly in terms of the role of the state, the protection of privacy, and
respect for individual freedoms.

Moreover, the 2008 financial crisis has created favorable conditions for the
emergence of new alternatives to the traditional monetary and financial system. This
dynamic context has led to the emergence of Bitcoin, creating an opportunity for
innovations likely to provide more transparent, secure, and decentralized solutions.
This event led to the reintroduction of decentralized and secure concepts, such as those
outlined in Satoshi Nakamoto’s white paper. Published at the peak of the crisis to a
private list of cryptographers on October 31, 2008, the eight-page white paper entitled
“Bitcoin: a peer-to-peer electronic payment system” describes the technical founda-
tions of Bitcoin [3]. Indeed, Bitcoin represents one of the most popular Blockchain
technologies that hosts a digital ledger. Bitcoin provides the platform to mine, store,
and trade Bitcoins via a complex computer algorithm that is tied to a distributed
network [4]. In the traditional financial system, banks and other financial institutions
solve the double-spending issue by keeping centralized records of transactions and
checking each transaction against this record to ensure that a unit of currency is only
spent once. However, Satoshi Nakamoto, a supporter of the cypherpunk movement,
did not want to rely on a central entity that was vulnerable to attack, expensive to
run, and likely to delay transactions. To avoid this problem, Nakamoto proposed a
decentralized solution where all transactions are broadcast and recorded on a “public
ledger” called the Blockchain, and where participants can agree on a single transaction
order history. In other words, the Blockchain can be defined as a database of records of
transactions that are distributed, maintained, and validated by a network of comput-
ers worldwide. Records are controlled by a large community, and no single person has
control over them, making it impossible to modify or delete a transaction’s history.
Each time, a person makes a transaction, it is transmitted to the network, and com-
puter algorithms verify its authenticity. Once the transaction has been verified, this
new transaction is then linked to the previous one to form a chain of transactions. And
that is how it is called Blockchain, such as explain by Lambourdiere & al. [5].

Thus, Wamba & Queiroz define the Blockchain as a shared (distributed) and
decentralized ledger. This is probably the biggest idea behind Blockchain. It is the
idea that distinguishes it from databases or regular ledgers. Moreover, not all the
Blockchains have the same characteristics. Two types of Blockchains exist, the “per-
missioned” and “permissionless” [6]. With permissionless Blockchains, anyone can
participate. This is the case with Bitcoin and Ethereum, two cryptocurrencies that any
individual can participate in and trade. Permissionless Blockchains are in theory more
secure as there are more ledgers to confirm or deny claims. These types of Blockchains
are also subject to malicious actors being able to enter the network and wreak havoc as
they are more exposed and have no vetting process (Figure1).

In complement to the security that comes from the distributed ledger, Blockchain
technology also uses cryptography to add a higher level of security. The emergence
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Presentation of the Blockchain technology. Source: [5].

of Blockchain, thus, marked a decisive milestone in the pursuit of a decentralized
system free from the constraints of traditional financial institutions. The architecture
of Blockchain, combined with an innovative approach to confidentiality and game
theory, has made it possible to solve several challenges and to achieve significant noto-
riety. Following the success of Bitcoin, an increasing number of developers became
interested in the potential benefits of Blockchain and sought to improve, diversify, or
simply imitate the Bitcoin proposition.

The year 2011 witnessed the arrival of the first Altcoins (i.e. tokens other than
Bitcoin). The rise of Altcoins, with their different approaches and innovations, has
highlighted the diversity and flexibility of Blockchain technology. Although Bitcoin
was the pioneer and remains the best-known digital asset, Altcoins have introduced
varied ideas and solutions for existing problems and explored new use cases. These
new currencies have attracted growing interest, creating a need for investors and
users to trade them efficiently, securely, and conveniently. In this context, the first
centralized crypto exchanges of asset emerged, offering a platform to buy, sell, and
trade various digital currencies. With the proliferation of crypto-assets, a mecha-
nism to facilitate their trade quickly became a critical necessity. While the original
philosophy of digital assets emphasized decentralization, a distortion has become
apparent in the development of centralized institutions to facilitate their exchange.
Centralized exchanges for crypto- assets, often referred to as “exchanges,” operate as
intermediaries, bringing buyers and sellers together under a single virtual roof. Unlike
peer-to-peer systems, where transactions are direct between users, a centralized
exchange functions as a trusted third party. Users deposit their assets on the platform,
and the platform ensures that bids and ask prices are matched, facilitates transactions,
and maintains an internal ledger. The growth of Bitcoin’s price from negligible value
to several thousand dollars in just a few years demonstrates its growing adoption and
recognition as a potential investment asset worldwide. Altcoins have followed, each
with its innovations and solutions to the challenges presented in Bitcoin.
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1.2 The theoretical foundation of the Blockchain

The reference to the gold standard brings to mind the link between the classical
theory of the late nineteenth century and Bitcoin. The comparison between proof-
of-work and the gold standard is often made by many developers, professionals, and
observers of the digital asset industry, who also refer to Bitcoin as “digital gold.” The
terminology used by Satoshi to define the role of those in charge of the network’s
security (the “miners”) may refer to the energy-intensive activity of mining. Bitcoins,
such as gold, exist in limited quantities, which no state or entity can control. However,
a debate remains over Bitcoin’ intrinsic value, which can be resolved by admitting
that the intrinsic value of a Bitcoin is at least equivalent to the average cost of the
energy used to secure the network. Finally, it is by looking at the criticisms made by
neoclassical economists regarding the gold standard and those made today about
Bitcoin that we can observe some common features between the systems:

* Both systems lack monetary flexibility: Under the gold standard, a country’s
monetary policy is closely tied to its gold reserves. This limits the ability of
central banks to adjust the money supply to meet economic needs, whether to
combat recession or control inflation. For Bitcoin, the emission is scheduled from
the moment the network goes online.

* Pressure on gold reserves and energy consumption for Bitcoin: The limited
increase in gold reserves has compromised the ability of the USA to increase the
supply of dollars in circulation while maintaining its parity with gold. To some
extent, concerns about the energy consumption required to secure the Bitcoin
network may represent a threat to the network’s long-term durability.

* Cost and inefficiency: Maintaining gold as a reserve requires storage and security
costs. In addition, mining gold to support an expanding monetary base can be
seen as an inefficient use of resources. As the Bitcoin network becomes more
widely adopted, technical limitations will emerge, particularly in terms of
transaction processing times and higher fees in the event of heavy use.

* Physical counterpart: While traditional fiat money does have physical notes and
coins (or gold in the past with the gold standard), a large portion of it exists as
digital data, similar to Bitcoin, which exists only in digital form and has no physi-
cal counterpart.

* Confidence: “Fiat” refers to money that a government has declared to be legal
tender, but it is not backed by a physical commodity (gold-backed dollar until the
early 1970s) but rather by the trust that individuals, and governments have that
other parties will accept that currency. The value of both fiat money and Bitcoin
is largely driven by trust and perception. Fiat money has value because people
trust the government and the economic system. Similarly, Bitcoin holds value
because its users have confidence in its technology and its scarcity.

* Stability: The value and stability of both fiat money and fiat-collateralized stable-
coins are underpinned by trust in their issuing authorities. For fiat moneyj, it is
the trust in the government and central bank. For stablecoins, it is the trust in
the issuing company’s ability to maintain the peg to the fiat currency such as the
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US dollar, Euro, or other national currencies. This means their value is directly
tied to the value of the respective fiat currency, making them similar in terms of
stability and valuation. Both can act as a store of value, such as gold, although the
stability of stablecoins depends on the mechanisms maintaining their peg to fiat
currencies.

Furthermore, the comparison of Bitcoin with monetarist and neoliberal reveals
also several similarities.

One of the key concepts of monetarism is that the money supply should grow ata
predetermined, slow, and stable rate, given that money does not affect real variables,
but can affect inflation. Furthermore, monetarists consider that the central bank
should give priority to restricting the quantity of money in circulation. These ideas
are compatible with Bitcoin’s code; new Bitcoins are created when a block is validated,
the halving is programmed every 210,000 blocks, and the maximum quantity is 21
million Bitcoins.

Over the years, economic and monetary theory has played a key role in the way
money is perceived and used. The twentieth century saw the development of several
economic currents. Each of these movements took different approaches to economics
and monetary policy in general and were more or less predominant at one time or
another. However, the advent of digital technology has brought with it a new layer of
complexity. The digital economy requires new methods of securing and authenticat-
ing transactions and data, which has become a major challenge in the information era.
The cypherpunk movement, which emerged in the 1980s and 1990s, has its roots in
the evolution of new technologies and their impact on privacy and individual free-
dom. As technological progress offered new perspectives, programmers, cryptogra-
phers, and activists came together to unleash the potential of cryptography to protect
personal data. In 1976, a paper entitled “new directions in cryptography” addressed
the concept of a distributed ledger was published. With advances in cryptography,
another paper published under the title “Hot to Time-Stamp a Digital Document” in
1991 by Stuart Haber and Scott Stornetta introduced the concept of time-stamping
the data rather than the medium.

Nevertheless, there are some incompatibilities regarding the origin and trust in
currency. For Friedman, money gains its value from trust and credit in the monetary
authority that issues it, whereas Bitcoin is not endorsed by any government or institu-
tion. Finally, monetarists do not preclude adjustments to monetary policy in response
to economic conditions, which Bitcoin does not allow. By creating a decentralized,
immutable, and self-sufficient system, Bitcoin is part of this movement centered on
the defense of privacy and freedom in the digital age by offering the possibility of car-
rying out transactions without having to disclose one’ identity and without possible
censorship by third parties. Bitcoin could therefore be seen as a form of translation of
crypto-anarchist ideas to economics and monetary policy.

The evolution of Bitcoin and other assets has helped to diversify and enrich the
ecosystem while highlighting the importance of the “triangle of incompatibilities”
that balances security, decentralization, and scalability. The Mundell-Fleming tri-
angle, also known as the incompatibility triangle, is an economic theory developed by
the monetarist economists Robert Mundell [7] and Marcus Fleming [8] in the 1960s.
He conceptualized the limitations faced by countries seeking to pursue an indepen-
dent economic policy in a globalized world.

Vltalik Buterin applies the triangle of incompatibilities to the Blockchain, calling it
the “Blockchain trilemma.” Returning to the theoretical framework, he explains that a
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Blockchain cannot fully satisfy all requirements and must choose between two of the
following three objectives: the network’s security is its ability to process transactions
irreversibly, validating them to ensure their authenticity while effectively repelling
attacks. This dimension guarantees that transactions, once recorded, cannot be
altered or falsified. The second objective is decentralization, it reflects the idea that
the network should not depend on a central authority or a single entity. By operating
without a central body, it offers every participant uninterrupted and equal access to
the network. The third and last objective taken into consideration in this trilemma is
“scalability,” representing the network’s adaptability and responsiveness to increasing
numbers of users and transaction volumes.

Buterin also identified some limitations inherent in Bitcoin’s design. While recog-
nizing Bitcoin’s revolutionary advantages as a decentralized cryptocurrency, he found
that its structure was unable to accommodate diversified applications and functions.
For Buterin, this represented an obstacle to innovation in the sector. It was against
this backdrop that he theorized the Blockchain trilemma. As a result, in 2013 Buterin
began conceptualizing Ethereum, a platform that would incorporate full programma-
bility without eliminating decentralization. Ethereum would be not just only a digital
asset but also a platform for decentralizing any type of service or application. This
vision was the driving force behind Ethereum’s development and laid the foundations
for what would be the next major evolution in the cryptocurrency space. Published
on January 23, 2014, on the Bitcointalk forum. The main aim of the Ethereum white
paper is to offer an open platform where developers could create any decentralized
application (dApps) with no need to build a new Blockchain for each application [9].
The central idea was that rather than having separate Blockchains for each application
(such as Bitcoin for peer-to-peer transfer or Namecoin for domain name resolution),
there could be one universal platform for all kinds of applications. At the core of this
vision was the introduction of “smart contracts,” self-executing scripts that work
when certain conditions are met. Ethereum’s networking capabilities, via the use of
smart contracts, allowed the field of possibilities opened up by Bitcoin to be extended
even further. So far, Bitcoin’s relatively small size compared to the financial sector as
a whole means that it is not directly designed to influence macroeconomic variables,
but as an innovative payment system.

2. Blockchain and smart contracts: how they work and use cases

The potential applications of smart contracts could range from simple financial
transactions to the management of complex supply chains and the creation of
decentralized voting systems. Moreover, until now, there has not been any techno-
logical innovation that has more potential to advance the supply chain industry than
Blockchain technology. In finance, smart contracts enable the creation of decentral-
ized financial instruments such as loans, bonds, decentralized exchanges (DEX),
and even derivatives. These innovations have made it possible to carry out financial
transactions without the need for a trusted third party, thereby reducing costs and
increasing efficiency. The main feature that distinguishes Blockchain from traditional
databases is the combination of distribution, decentralization, and a consensus
mechanism. If a business needs decentralized information, Blockchain is generally the
solution because it is more efficient and less expensive than a traditional database.
The business does not need to rely on intermediaries to register, track, and maintain
the transaction data’s integrity.
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Furthermore, the Ethereum white paper refers to smart contracts as “"'more
complex applications (than Bitcoin) in which digital assets are directly controlled by a
small amount of code that executes various rules.” In simple terms, a smart contract is
a computer protocol for defining the terms of an agreement between two parties, veri-
fying its execution, and implementing it automatically (without human intervention)
after the terms of the agreement have been written directly into lines of code. These
contracts are stored and replicated on the Blockchain, which in principle guarantees
their immutability and transparency.

Over the last few years, companies of all sizes have identified and tested dozens of
Blockchain use cases and applications to help address operational problems, improve
processes, and reduce business costs. These potential applications range from end-to-
end process visibility and real-time product traceability to data security and transac-
tion reconciliation. While these potential benefits are quite promising, some hurdles
remain that prevent Blockchain technology from seeing widespread adoption. One of
these key challenges is the lack of knowledge and understanding of this technology
by executives and professionals. The aim of this section is, therefore, to clarify the
functions and potential of this technology in the business world.

2.1 Smart contracts: functioning and trust-building benefits for an ecosystem of
market participants

As an emerging technology with great potential, Blockchain offers a program-
mable environment for smart contracts. With the advantages of Blockchain, smart
contracts have been widely used in Blockchain. Smart contracts can not only change
the existing business model but also bring a lot of convenience to public life in reality
[10]. The concept of a “smart contract” was first introduced in 1995 by Nick Szabo,
who defined it as follows: “a smart contract is a set of commitments defined in digital
form, including the agreement that the participants in the contract can implement
these commitments” [11]. Therefore, smart contract, which is characterized by high
development efficiency, low maintenance cost, and high execution accuracy, is a
perfect fit for Blockchain technology. Indeed, it can be said that smart contract is one
of the major characteristics of Blockchain technology. Being the core technology of
Blockchain, Blockchain smart contract has become increasingly popular in Blockchain
projects with great influence, such as Ethereum and Hyperledger.

With the advent of Blockchain technology, the smart contract has been defined
and become possible. A smart contract is an integrated programming contract that
can be embedded into any Blockchain data, transaction, or asset to create a system
that forms a system, market, or asset managed by the program. Smart contracts can
be found in a wide range of sectors. They can provide innovative solutions not only
in the financial sector but also in business management such as assets, supervision,
contracts, and others in the social system.

Contracts, whether for leases, mortgages, property sales, loans, or services, have
been around for a very long time. Their purpose is to bring two parties together and
to enforce the rights of each party. However, when one of the parties fails to fulfill its
obligations, the result is a dispute and a considerable loss of time and money. This is
how smart contracts come into play and provide innovative solutions. A simple way to
understand smart contracts is to think of them as “programmable money.”. While both
parties in a traditional contract must perform their responsibilities, smart contracts
self-execute predefined actions when certain conditions related to a particular trans-
action are met (Figure 2) [6].
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The terms and details of the Agreement are code in the smart contract

Event or action triggers execution of contract

Smart contract is auto-executed based on pre-agreed terms

Actions such as payment, notification, API call are processed

Transaction settiement and clearing are completed instantly

Figure 2.
Smart contract stages. Source: BusinessBlockchain.com.

The smart contract contains key data for both parties such as name, contact
details, bank account details, and signatures, as well as information about the nature
of the contract (lease, property sales, etc.), including the amount and payment date.
When a smart contract is executed on the predefined payment date, it automatically
withdraws the funds from the bank account and deposits them into the other party’s
account. This makes the procedure more systematic and organized and avoids any
problems associated with late payment.

Following the progressive evolution of Blockchain technology, the development
of smart contracts can be classified into three stages: Blockchain 1.0, 2.0, and 3.0
[10]. In Blockchain 1.0, the main application is Bitcoin. The contract is mostly used to
realize cryptocurrency transactions, and its function is relatively limited. And RSK
(rootstock), the smart contract development platform, which is based on the Bitcoin
ecosystem, also needs to be strongly compatible with Ethereum at this stage [12].

In Blockchain 2.0, with the rise of smart contracts, DApp (decentralized
application) can be built on Blockchain, which improves transaction speed. The
system performance is also enhanced and presents diverse functions. Based on
the openness of Blockchain, it can be divided into public Blockchain and consor-
tium Blockchain [13]. Among these, the most common development platforms
are Ethereum and Hyperledger Fabric in the public and consortium Blockchains,
respectively. Finally, the Blockchain 3.0 is characterized by the development of
the Blockchain ecology and the rise of new platforms [14] (i.e., side chain/cross
chain, etc.) [15, 16] with the aim of providing solutions to the problems existing
in Blockchain 2.0. At the same time, they are also highly anticipated and contro-
versial. The most prominent platforms for the development of smart contracts are
represented by Ethereum, Hyperledger Fabric, and EOS. As these three platforms
continue to develop, we are able to understand how Blockchain technology, driven
by smart contracts, can support the development of the real economy at a deeper
level in a new form of cooperation.

Given the decentralized nature of Blockchain-based smart contracts and the
nature of the contracts themselves, Blockchain-based smart contract applications
can be separated into three technical categories: Ethereum, Hyperledger Fabric, and
Enterprise Operation System (EOS).

The first one (Ethereum) is an open source and universal public Blockchain
platform with the function of smart contracts, where the point-to-point contract is
executed via its special cryptocurrency Ether (ETH) and Ethereum virtual machine

15



Cryptocurrencies — Financial Technologies of the Future

(EVM) [17]. Its applications cover sectors such as finance, smart grid, IoT, and sports
quizzes. It can be used to create autonomous organizations, decentralized programs,
and smart contracts.

The second, designed for use in the enterprise environment, is a modular and
open-source licensed distributed ledger technology (DLT) platform for the corporate
market. Key features include channel creation and pluggable implementation of
multiple components [18]. It also offers innovation, adaptability, and optimization
for insurance, banking, finance, real estate, healthcare, luxury, supply chain, and
even digital music industries due to its modular and configurable architecture. An
Enterprise Operation System (EOS) is a Blockchain underlying public Blockchain
operating system. It is specifically developed for commercial distributed applications.
It aims to achieve performance scalability of distributed applications by overcom-
ing the issues of low performance, insufficient security, difficulty in development,
and overdependence on transaction fees of existing Blockchain applications [19].
E-commerce, financial technology, and marketing are the main decentralized appli-
cations of EOS.

Moreover, the major difference between a smart contract and a traditional
contract is that a smart contract uses computer language to record terms instead
of legal language [20]. More precisely, smart contracts are automatically executed
by a computing system and entirely stored in the computer. Smart contract built
on Blockchain technology have the properties of tamper-proof and distributed
transaction. Tamper proof is the main distinguishing characteristic of Blockchain,
and its particular function is that once the smart contract has been successfully
deployed, it can no longer be changed. Furthermore, thanks to the distributed
function, each executed contract can be synchronized with each user’s data termi-
nal. In a smart contract, the contract terms are digitally deployed to the Blockchain
network in code format and are automatically performed when the trigger terms
of the protocol set are met. These features make smart contracts ideal for contract
term scenarios as they can reduce malicious manipulation and human interven-
tion [21]. The use of smart contracts is still developing, mainly in the financial
and government sectors. Programmable currency and financial functions can be
achieved through smart contracts. In addition, smart contracts can increase the
degree and efficiency of automatic transactions, decrease the costs of transaction
and execution, and simplify the control of transaction actions. Hence, it has caught
the attention of financial organizations and central banks. In addition, smart con-
tracts have broad application prospects such as cloud computing, financial assets,
property sales, digital payment, IoT, and sharing economy [22]. The importance
of Blockchain is characterized by the interconnection and cooperation of differ-
ent parts, rather than a single part, allowing the smart contract to play a central
role. This is to say that a large number of practical functions can be done on the
Blockchain, and the current application system can achieve a level of transparency
and trust that is unprecedented [23].

2.2 Smart contract applications: supply chain and donation examples

According to the latest report by PwC (Pricewaterhouse Coopers), 2025 will be
a turning point if Blockchain is widely applied across the world. Moreover, by 2030,
the application of Blockchain will lead to a growth of $1.76 trillion in global GDP
(1.4% of global GDP) [24]. As a result, Blockchain can not only boost the develop-
ment of technological innovation but also be a driving force for the world economy.
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Countries around the world have developed the overall strategy for the development
of the Blockchain industry, and Blockchain technology seems to have become the next
playing field. Foreign giants, such as Google, Microsoft, JPMorgan Chase, Facebook,
Amazon, and IBM, have all started to study Blockchain technology and introduced
related technical solutions and applications. The Blockchain ecosystem embraces all
aspects of the global economy and society. This technology has experienced expo-
nential development and has been applied to areas such as intelligent manufactur-
ing, financial services, tokenization of property, supply chain management, social
welfare, and healthcare [25, 26].

In recent years, Blockchain technology has attracted the attention of central banks
and financial institutions all over the world with smart contracts being the most
significant characteristic of Blockchain applications. Thus, smart contracts can be
applied to address fair trading or security problems in the financial sphere. In the
Ethereum platform, to address the problem that the centralized TTP may expose the
contract content, Zhang et al. [27] suggested a fair contract signing scheme for both
parties using the Ethereum smart contract. In the signing process, the automatic
smart contract is used to replace the original TTP agreement. This provides the fair-
ness of signing to a certain extent, but the signature verification process cannot be
performed directly by the smart contract. To address the problem that taxi charging
is carried out by a third party, which causes conflicts between drivers and passengers,
Zhang et al. [28] developed a secure charging protocol for agent driving service that
is based on a Blockchain smart contract. Thus, the protocol removes the presence
of an online third party via a publicly verified smart contract on the Blockchain of
both parties, which ensures the fairness and transparency of the charging process.
However, this agreement only applies to a “one-to-one” situation. Moreover, the use
of smart contracts can be found also in the operations related to electronic cars. To
tackle the problem that the charge indicated by an electric vehicle charging system
may be different from the actual charge, and the potential security and privacy issues
caused by the unreliable and opaque energy market, Sheikh et al. [29] proposed the
consensus algorithm of energy security exchange. The goal is to process transactions
on smart contracts, even if the processing cost is higher and the scalability needs to
be improved. In the financial transaction sector, Ethereum has evident advantages in
the public Blockchain. Besides being able to achieve procedurally secured transactions
and financial contracts, in the public Blockchain, the synergy strength allows the
contracts in Ethereum to fulfill different functions. As a result, this means that any
application created on Ethereum can theoretically use the features of other applica-
tions. In addition, Hyperledger Fabric is more suitable for handling transactions on
the consortium Blockchain. Since the official version was released, Fabric has been
supported by many financial institutions, with many banks, using Fabric to create
a consortium Blockchain, to realize Blockchain-based business innovation. Both
technologies (Ethereum and Hyperledger Fabric) have their specific advantages, but
the main point is to solve the problems of privacy and scalability.

Through smart contracts, all data in the supply chain can be displayed in real time.
In addition, the decentralized, tamper-proof, and traceable nature of Blockchain
facilitates inventory tracking at a detailed level, ensuring the security and reliability
of all information in the supply chain and minimizing the risk of theft and fraud.

In order to solve the problem of product information traceability in cross-border
business of manufacturing companies, Xu et al. [30] designed a smart management
scheme for manufacturing supply chain based on Ethereum Blockchain. It employs
smart contract to implement process management and cross-chain architecture
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and ensures the compatibility, scalability, and security of the system. For the medi-
cal treatment of COVID-19, there were issues like inefficiency, one-point failure,
and traceability in the existing system for handling the forward supply chain of
COVID-19 medical equipment and the waste generated from medical equipment.

To overcome these difficulties, AHMAD et al. [31] conceived and implemented the
COVID-19 medical device supply chain based on Ethereum and IPFS (interplanetary
file system) technologies. The purpose is to improve the data traceability of waste
disposal and to implement automatic management by using intelligent contracts.
Yet, data confidentiality and system scalability need to be promoted. Nirav et al. [32]
presented an agricultural food supply chain system (KranTi) using Blockchain and a
5G network, which implements an automated credit payment system by using smart
contracts. As a result, this technology is used to control the data flow of each role in
the supply chain, as well as to manage order transactions and provide traceability of
farmers’ financial data and goods information, although the overall cost is relatively
high. To support information sharing in supply chain inventory management, Tobias
etal. [33] developed a decentralized information-sharing model using Fabric. It
applies chain code to handle the transaction process and realizes the administration
of complex multi-access rights. In addition, it can secure the implementation of
privacy policy in the process of information sharing. However, it is not suitable for
large-scale applications due to the low-performance benchmark and poor scalability.
To summarize, Blockchain smart contract is mainly used to solve the problems of data
transparency, information traceability, and supervision in the supply chain. Thus, it
can greatly simplify the transaction process in practical application areas.

The management of humanitarian information is often hampered by unreliable
information and information silos between different humanitarian actors. Frictions
can cause the exchange of assets between two parties to be slow or hindered. Tax,
regulation, bureaucracy, fraud, intermediary participation, etc. are just some of the
reasons for friction that can lead to increased costs or deadlines. The distributed
register of the Blockchain enables it to address these problems by sharing informa-
tion across the network instead of being held by a single party. Members can validate
transactions and verify the identity of each participant. All members of the network
of the “permissioned” network also have a unique identity, as well as different roles
and access rights to information. The network’s secureness through cryptography
and permissions significantly decreases the risk of unauthorized access to perform
fraudulent acts. Also, with the consensus mechanism, all transactions are validated
before being recorded in the Blockchain, which is inviolable and immutable. Supply
chain visibility and data traceability can often be complex or impossible due to the
dynamic nature of the humanitarian supply chain. Humanitarian operations can
be significantly improved by increased supply chain transparency, which provides
data to make decisions more efficiently and accurately and enables evidence-based
interventions and management by exposing supply chain issues. This could lead to
more effective treatment and increased accountability for different stakeholders.
Blockchain offers the potential to increase transparency in the humanitarian supply
chain. By providing a shared registry through a platform that enables the traceability
and destination of physical humanitarian aid. This technology allows users to know
who has handled different physical assets throughout the supply chain and how those
assets have been transformed along the way. It allows for breaking down informa-
tion silos by revealing the origin of a product from the supplier/donor to the final
beneficiary. Thus, instead of waiting for reports at the end of a humanitarian mission,
Blockchain can ensure a real-time record of all activities and products. This provides
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for closer collaboration, less duplication of resources, improved accountability, and
more time efficiency. After applying Blockchain in the supply chain of the humanitar-
ian sector, several studies highlight the added value of applying this technology in the
financial supply chain of associations. Therefore, there is a real challenge to establish
a peer-to-peer funding network to strengthen current funding models to reach people
in need much faster and without the intermediation of a trusted third party, such as
banks. This would cut the cost of financing international humanitarian aid. There

is a need for more transparent, flexible, and efficient solutions for the organization

of donations, as well as greater transparency and visibility of the use of these dona-
tions to reduce fraud and corruption, but also to identify funding gaps. Blockchain
would, therefore, allow associations to better manage the distribution of donations
and ensure that they are properly used to reach the final beneficiaries while having a
record of each transaction that is distributed and publicly available.

3. Focus on the regulatory framework: a comparative study

It was during the period from 2014 to 2017 that institutional actors began to signal
their interest in digital assets and in the opportunities offered by the Blockchain tech-
nology. The first traditional financial players to take an interest in Blockchain were
venture capital funds. These investment funds quickly proved to be essential inter-
mediaries between Silicon Valley’s “traditional technology” sector financiers and the
foundations/teams working on the development of Blockchain initiatives. They will
also help to attract the interest of certain retail investors, whose options have been
strengthened by the arrival of “smart money” in the crypto market. Although exist-
ing regulations to date are mainly national [34], some international organizations are
taking a stand on the subject of digital asset regulation. In June 2014, the Financial
Action Task Force, an organization set up to establish international standards to
prevent money laundering and the financing of terrorism, took an interest in digital
assets for the first time. In a report published in 2015 [35] and completed in 2019 [36]
it suggested guidelines not for a ban but for a risk-based approach to digital assets,
and to strengthen international cooperation for an effective regulation. In December
2022, the Bank for International Settlements published a report entitled “prudential
treatment of crypto-asset exposures” [37] in which it announced that from January
2025, commercial banks would be able to hold 1% of their Tier 1 capital in crypto-
assets, and up to 2% for their Tier 2 capital.

3.1 The European and North American legislation

In 2012, the European Central Bank (ECB) published its first report on virtual
currencies. It acknowledged not only their existence but also highlighted the associ-
ated risks [38]. In 2014, the more conservative European Banking Authority (EBA)
warned of the risks associated with virtual currencies, suggesting that banks should
be discouraged from buying, selling, or holding them and that exchange platforms
should be subject to the anti-money laundering directive [39]. In 2017, the European
Securities and Markets Authority issued warnings about the risks associated with
ICOs [40]. In 2018, the European Union adopted rules to regulate crypto-assets as
part of the fifth Anti-Money Laundering Directive (AMLDS). In a statement made
in 2019, Mario Draghi considers that Bitcoin and digital assets do not fall within the
ECB’ remit, and the does not classify them as money but as assets. In France, the
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regulation of crypto-assets is framed by articles 85 to 88 of the 2019 PACTE (Action
Plan for Business Growth and Transformation) law [41], which establishes transpar-
ency and investor protection requirements for crypto-asset issuers. In compliance
with European AML directives, supervision of digital asset service providers (DASPs)
and issuers of token offerings to the public at the French Financial Markets Authority
(AMF). Issuers of tokens must obtain an optional visa from the AMF to be able to
communicate about the operation to French investors [42]. In September 2020, the
European Commission published a proposal for a Markets in Crypto-Assets (MiCA)
regulation aimed at harmonizing the regulation of digital assets within member
states. After years of negotiations between European co-legislators, the MiCA regula-
tion, based largely on the French model and reinforced by stricter requirements in
terms of share capital, risk management, supervision, and control, was adopted on
April 20, 2023. It is scheduled to come into force on January 1, 2025 [43].

Around 11% of Americans [44] and 13% of Canadians [45] will own digital assets
in 2021. In North America, the regulation of digital assets in the U.S. and Canada
share the common feature of being two federal states within which state regulation is
important. However, the approaches of U.S. and Canadian regulators differ in several
respects. It is hard to find uniformity in the legal treatment of digital assets in the
U.S. among the various federal agencies. The Financial Crimes Enforcement Network
(FinCEN) does not consider cryptocurrencies to be legal tender, but since 2013 it
has considered exchanges to be money transmissions (under its jurisdiction) and
considers tokens to be “other value that substitutes for money.” The Security Exchange
Commission defines a security as a financial instrument issued by individuals, corpo-
rations, and governments that is traded on a financial market [46]. The SEC generally
considers that “coins,” such as Bitcoin, are not securities because they do not represent
an ownership or profit interest in a company, and they function as a “form of currency
and are used to conduct transactions on a decentralized network [47]”. Tokens, on the
other hand, can take a variety of forms and may be considered securities by the SEC
depending on their nature and use. If a token meets the definition of a security, it is
subject to securities regulation and must be registered with the SEC unless it meets an
exemption. From a tax perspective, the internal revenue service (IRS) considers digital
assets to be property and taxes them as such. The coins or tokens obtained from min-
ing are taxed as gross income at the value of the digital asset on the day it is obtained.

On June 19, 2014, Canada enacted Bill C-31, the world’s first federal crypto-asset
legislation, subjecting “virtual currencies” to the same obligations as money services
businesses regulated under anti-money laundering laws. However, Ontario, home to
the country’s largest capital markets, is making its own decisions on access, although
it is looking to the primary regulator for guidance. The CSA, in conjunction with
IIROC (the Investment Industry Regulatory Organization of Canada, the regulatory
umbrella for the provincial regulators), has published clear guidelines for crypto-
asset companies, emphasizing that public dialog is encouraged and that these guide-
lines are not permanent, but will evolve with the cryptocurrency world.

3.2 Regulation in Bresil, Argentina, Japan and China

In February 2014, the Banco Central do Brasil (BACEN) warned the Brazilian
public about the use of crypto-assets [48] and specifically highlighted their volatility.
This instability was attributed to various factors, such as the low volume of transac-
tions and the lack of recognition of crypto-assets as a reliable payment instrument.
Although BACEN was aware of these risks, it did not introduce strict regulations at
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the time, leaving itself open to intervene later in the situation. The Federal Revenue
Service (Receita Federal) has established guidelines for the declaration of crypto-
assets. In fact, already at the end of 2014, it required that Bitcoins be declared under
the category of “other goods and rights.” Thus, Bitcoins were considered similar to
financial assets and were defined as “income” received in the form of goods or rights
valued in currency. Consequently, if a Bitcoin transaction generates a profit of more
than R$35,000, this profit is subject to a 15% tax.

Crypto-assets are an innovation that does not easily coexist with the current legal
Argentinian structure (Ley 26.831 de Mercado de Capitales) and requires legal adap-
tations. The Central Bank of the Argentine Republic (BCRA) has warned of the risks
associated with crypto-assets and has declared its competence to regulate them, but
has not yet established concrete regulations. The Financial Information Unit (UIF),
responsible for the prevention of money laundering, has recognized crypto-assets
and has established the need for increased monitoring of transactions involving these
currencies [49]. In 2019, the BCRA implemented restrictions to prevent currency out-
flows when trading crypto-assets, but foreign exchange firms in Argentina said they
could still acquire crypto-assets with Argentine pesos. The country, still affected by
hyperinflation (+113.4% year-on-year in July 2023), wants to prevent a drain on the
country’s dollar reserves, while an increasing number of Argentines see Bitcoin and
stablecoins as an alternative to the current monetary system and a means of protect-
ing their purchasing power against inflation [50].

In April 2017, Japan recognized Bitcoin as legal property under the Payment
Services Act. The Virtual Currency Act of 2017 [51] allows cryptocurrencies to be
used to make payments. The regulatory framework regulates exchanges. Exchanges
must comply with anti-money laundering and anti-terrorist financing obligations.
Foreign platforms are also allowed to offer their services in Japan as long as they
are subject to similar obligations. Completely anonymous digital assets are strictly
forbidden. Japan’s originality is symbolized by the Japan Virtual Currency Exchange
Association (JVCEA). The JVCEA was established in October 2018 by 16 digital asset
exchanges operating in Japan. JVCEA is a self-regulated organization recognized
by the FSA. The association is working on various issues, such as the integrity of
exchanges and the amount of customer assets held in hot wallets, which are more
susceptible to theft. The offering of digital assets to investors is under the supervision
of the FSA, which is responsible for the approval of each listing. For example, USDT,
the world’s most traded digital asset, is not approved by the regulator, which consid-
ers the issuer to be risky. Regarding taxation, Japan has abolished value-added tax on
exchanging cryptos for fiat currencies.

China banned crypto-assets and related activities (including mining and ICOs)
in 2017 [52]. However, the use of Blockchain technology is not completely closed in
China. In September 2018, the Hainan Free Trade Zone Blockchain Experimental
District, where the Huobi exchange is headquartered, was approved by the Chinese
Government. Additionally, China’s central bank is the world’s first to offer its own
digital version of central bank money. This Central Bank Digital Currency (CBDC)
is based on Blockchain, although the lack of decentralization of the network makes
this technology almost “unnatural.” Another example is Hong Kong, which is actively
participating in the development of the Blockchain industry as its special status
means that regulations are more favorable to digital assets.

The Russian Government has long been critical of digital assets [53]. In July 2020,
the Russian Government adopted the Federal Law on Assets to Digital Financial
Assets and Digital Currency, which sets out general concepts for the regulation of
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digital assets. According to a study by the United Nations Conference on Trade and
Development (UNCTAD), despite a very theoretical framework for the sector, in
2022, Russia is the second country with the highest proportion of its population hold-
ing digital assets, after Ukraine (11.9 and 12.7%, respectively). In 2022, Kozhedubova
and Kovaleva’s study shows that by the end of 2020, Russia will be the country with
the highest volume of undeclared digital asset transactions (41% of global transac-
tions) and whose population will be the most targeted by cyberattacks involving
crypto-assets (11.2% of global attacks).

4, Conclusion

In conclusion, the emergence of Blockchain and Bitcoin has significantly reshaped
industries, providing innovative solutions to financial challenges and technological
advancements. Satoshi Nakamoto’s pioneering paper on Bitcoin established a decen-
tralized, transparent ledger that addressed the critical issue of double spending. The
evolution of this technology has led to the emergence of various cryptocurrencies and
concepts, such as Ethereum’s smart contracts and decentralized applications, which
are transforming the crypto-asset landscape. Moreover, the Blockchain trilemma,
which reflects the trade-off between security, decentralization, and scalability, is
evident in the evolution of Bitcoin and the subsequent development of Ethereum.
Ethereum’s introduction of smart contracts addresses the limitations of Bitcoin’s
design and fosters a new era of decentralized applications. The programmable nature
of the smart contract is revolutionizing various industries, particularly in finance and
supply chain management.

Smart contracts, which operate on Blockchain platforms, such as Ethereum and
Hyperledger Fabric, offer benefits such as increased efficiency, reduced costs, and
greater transparency. Potential applications range from financial instruments to
supply chain management, with real-world examples demonstrating the technol-
ogy’s transformative impact. As countries and businesses around the world recognize
Blockchain’s potential, overcoming challenges, such as understanding the technology,
will be critical to widespread adoption. Blockchain’s decentralized, tamper-proof
nature is particularly relevant in supply chain management, ensuring real-time
visibility and traceability. Applications in humanitarian efforts further demonstrate
the potential for transparency, accountability, and efficiency. While challenges such
as scalability remain, Blockchain’s ability to reshape industries and redefine trust
in transactions positions it as a critical technological innovation with far-reaching
implications for the global economy.

There has been a notable shift in the regulatory landscape surrounding digital
assets and Blockchain technology over the period studied from 2014 to 2023. The
involvement of institutional actors, in particular venture capital funds, has played
a crucial role in bridging the gap between traditional financial institutions and
Blockchain initiatives. International organizations, such as the Financial Action Task
Force and the Bank for International Settlements, have shown interest in establishing
guidelines for a risk-based approach to digital assets, although existing regulations
remain predominantly national. Overall, the regulatory landscape is evolving globally.
Jurisdictions are shaping their approaches based on the unique challenges and oppor-
tunities presented by digital assets and Blockchain technology. To ensure effective and
harmonized regulation in this rapidly evolving area, the adoption of international
standards and cooperation will become increasingly important.
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To conclude, this study provides an overview of the existence and implementation
of Blockchain technology in the world’s modern economy. It focuses on the ongoing
development of smart contracts. It also takes a “theoretical” look at the characteristics
of Blockchain, drawing on various economic theories and comparing common and
different approaches. Given the importance of this technology, the functioning of
the Blockchain and the mechanisms of smart contracts are presented. This has led
us to present an overview of the use of Blockchain and smart contracts. Three main
sectors have been analyzed: finance, supply chain, humanitarian donations, and
supply chain. Given the importance of this new technology, the regulatory response
of the world’s economies is different. In this context, we present the main regulatory
features of the EU, North America (USA and Canada), Japan, Brazil, Argentina,
China, and Russia.
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Chapter 3

Novel Cryptocurrency Investment
Approaches: Risk Reduction and
Diversification through Index
Based Strategies

Stanislaw P Stawicki

Abstract

Cryptocurrency investment approaches continue to evolve rapidly. Traditionally,
cryptocurrency holders tend to actively support up to several distinct projects,
focusing their selection criteria on specific project characteristics, project team and
community, existing markets and liquidity levels, as well as the perception of each
unique project’s broadly understood “mission and vision” and “future potential.” In
this chapter, we will explore an index-based investment strategy as an alternative to
the more traditional single- or oligo-asset approaches. In the index-based paradigm,
multi-asset strategy involves equalization and redistribution of risk exposure across
multiple, pre-vetted portfolio positions. This strategy, novel to the cryptocurrency
space, also involves risk reduction through cost averaging, dilution of cyber security-
related risk(s), as well as mitigation of liquidity restrictions related to individual-
position market liquidity characteristics. Additional discussion of software platforms,
including both custodial and non-custodial wallets, and the associated risk-benefit
considerations, will also be included in this manuscript.

Keywords: cryptocurrency, diversification, index, investing, risk modulation

1. Introduction

Cryptocurrencies are among the most recent entrants into the “investment
vehicle” arena, dating back to the late 2000’s and the development and introduction
of Bitcoin (BTC) as the first and prototypical cryptographically secured asset [1, 2].
Ever since the introduction of early cryptocurrencies, it became evident that these
largely experimental assets are prone to significant manipulation and volatility, not to
mention scamming and other forms of fraud [3, 4]. Consequently, research into the
various safety-focused and financially optimized approaches to “cryptographic asset
investing” (CAI) came to the fore of the contemporary investment community, driven
largely by early adopters [5-7]. As interest in CAI grows among mainstream inves-
tors around the globe, many questions naturally arise among potential new market
participants, with key concerns increasingly in-line with traditionally “mainstream”
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Figure 1.

A word cloud pictogram showing the high complexity of the overall cryptographic asset investment spheve.
This asset space continues to evolve actively, with significant progress made since the 2010s, but a lot more work
remaining to achieve full mainstream adoption.

issues (e.g., safekeeping, asset insurance, market liquidity and volatility, and other
forms of guarantees) with each successive adoption cycle [8-10].

Among proposed strategies and approaches, index-based CAI emerged as one of the
safest and less volatile options for long-term investors who are attracted by the potentially
high returns associated with cryptographic assets, without the excessive exposure to
risks associated with the traditionally high volatility of cryptocurrency markets [11-13].
In addition, index-based CAI (ibCAI) provides a degree of protection against any one
component of the index itself becoming non-viable as an “investment vehicle,” either due
to hacking or other factors, such as a numerically dwindling cryptocurrency community
or lack of project-specific infrastructure/support [14-17]. There are multiple intersect-
ing concepts involved within the overall cryptographic investment space, reflected in
Figure 1 pictogram. This chapter will discuss the importance and potential advantages
of ibCAI, with an in-depth discussion of risks, benefits, and alternatives associated with
this approach. Other key concepts discussed herein will include ibCAI storage strategies,
inclusive of various types of software platforms (e.g., wallets and multi-wallets) required
for the successful implementation of individualized ibCAI portfolios.

2. Cryptocurrency basics: the “currency versus investment” argument

Initially intended to serve as alternative (and often idealized) media of exchange
[18-21], cryptocurrencies fairly quickly evolved and transformed to encompass vari-
ous philosophies and different methodologies of decentralized ledger propagation and
verification. Purposes behind individual cryptocurrencies vary widely, from socially-
focused platforms to specialized data archival instruments, to purely financial-minded
applications [22-24]. Consequently, a broad range of phenomena and behaviors have

30



Novel Cryptocurrency Investment Approaches: Risk Reduction and Diversification through Index...
DOI: http://dx.doi.org/10.5772/intechopen.1004097

been described in association with cryptocurrencies as “investment vehicles,” from vari-
ous forms of data storage to conduits for mass-scale speculation and hoarding [25, 26].
Diversification within the cryprographic asset “investment vehicle” microcosm
can be defined across numerous stratification categories. Perhaps the most important
characteristic of each unique cryptographic asset is the way the actual decentralized
ledger is propagated, from block to block [27, 28]. While the early pioneers, such
as Bitcoin and Litecoin belonged to the so-called Proof-of-Work (PoW) family of
cryptocurrencies [29, 30], the arrival of Peercoin introduced Proof-of-Stake (PoS)
as an alternative [31, 32]. Further code development resulted in “hybrid” PoW and
PoS block verification [33]. Further, diverse cryptography approaches have also been
employed in parallel, with the emergence of multi-algorithm coins that provided
greater overall blockchain security [34, 35].

3. The argument “in favor of” index-based cryptographic asset
investment approach

Similar to traditional financial markets and other mainstream “investment
vehicles,” cryptography-based assets exhibit certain characteristic (and at times
predictable) features. In fact, analogous general approaches can apply to both
individual cryptocurrencies and index-based vehicles alike. To begin with, ibCAI
provides reduced minute-to-minute and day-to-day volatility [36]. Moreover,
potential risk reduction benefits may also be present when cryptographic-based
assets are included within a portfolio consisting of other asset classes (e.g., precious
metals, commodities, real estate, fiat currencies, stocks, and bonds) [37, 38]. In the
author’s personal observations, the smoothing effect of multi-class asset portfolios
can substantially reduce overall volatility, but at the same time is less likely to result
in above-average gains (and losses) characteristic of higher-risk, less diversified
strategies.

It has long been known that long-term investment portfolio gains correlate with
minimizing downside losses during market drops [39, 40]. It is also well established
that market drops occur more abruptly (both in terms of time scales and price move-
ments) than most market uptrends [41, 42]. Perhaps less known fact about market
drops is that the overall “universe of assets” must account for both gains and losses,
and that efficient market operations result in risk-based concentration of wealth
(e.g., those who make risky bets in volatile markets, stand to gain more than those
who are risk averse) [43, 44]. Consequently, a highly diverse portfolio, complete with
defensive assets and non-traditional assets, such as cryptocurrencies and commodi-
ties, may help reduce the overall “downside risk” by more effectively capturing the
flight of capital during significant market upheavals [45-48]. One can also reason (at
least for most investors) that in the long run, “fewer overall losses” strategy will tend
to outperform various “high gain / high loss” strategies, provided that the occasional
“large losses” incurred in the latter are more likely to eclipse any “short-term gains”
associated with high-risk bets.

Similar observations have been noted by our ibCAI expert group. More specifi-
cally, there are fairly well defined asset migration cycles between our large-cap,
mid-cap, and small-cap portfolios. Such asset migration is highly reminiscent of
stock market cycles based on indexed asset capitalization (small-, mid-, and large-
caps) [49, 50]. For investors with shorter and medium-term horizons, this repre-
sents an excellent opportunity to “play the market” while reducing their overall
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downside risk. At the same time, those who own a balanced portfolio of assets
across all market capitalization categories, are able to enjoy the “long and steady”
rise of their entire portfolio, without the need to worry about day-to-day asset class
fluctuations [51-53].

Finally, additional important arguments “in favor of ” a more diversified ibCAI
portfolio have to do with liquidity and cybersecurity considerations. In terms of
market liquidity, it is well established that low-liquidity markets can be easily over-
whelmed by large-scale buy or sell orders, resulting in heightened volatility and
limited options for market entry / exit tactics [54, 55]. Given the often brutal realities
of low-liquidity cryptocurrency markets, investors have coined the term “pump and
dump” where timing of market entry/exit must be very precise, or one will end up
“holding the bag” once the post-rally market liquidity dries up [56, 57]. Asset hold-
ers within a well-balanced ibCAI portfolio are therefore more likely to be able to exit
markets (at any given time) without triggering significant market declines due to
inherently low market liquidity.

In terms of cybersecurity-based considerations, a more diversified cryptocurrency
portfolio provides significant protection against single-position or even few-positions
loss due to hacking. Under such circumstances, the diversity of blockchains within an
individual portfolio, along with the equal distribution of funds across all of the par-
ticipating assets, reduces the overall single-position risk to (1/n) where “n” represents
the total number of assets within the portfolio. In other words, a successful hack and
aresultant loss of one of the positions in a portfolio of 30 positions will result in an
overall loss of only 3.3%. This aspect of ibCAI portfolio management is often over-
looked in favor of holding either a single or only a handful of assets.

4. Asset custody and reliability issues: know-your-customer (KYC)
and other privacy related considerations

In the realm where privacy and confidentiality reign supreme, any approach to
CAl is bound to meet the ever-present eyes of various regulatory agencies and entities
responsible for taxation, legal and custody issues, and other aspects of financial mar-
ket oversight [58-60]. For the purposes of this chapter, we will take a long-term view
of traditional (non-speculative) investment approaches. In fact, the very concept of
ibCAI represents the opposite of speculative, high-risk approaches of day-trading
(e.g., time horizons of minutes to hours) and short-term (e.g., time horizons of
<12 months) trading [61-63].

Inherent to the long-term stability and reliability of any “investment vehicle,”
whether traditional or non-traditional, is one’s ability to reasonably closely follow
the value and status of the portfolio/ holdings, as well as the general perception that
the assets “will still be there” at the time of expected future redemption [64-66].
Thus, the issue of (legal) custody and associated systemic guarantees are central to
such long-term stability. Moving further along this line of reasoning, the concept of
“know-your-customer” (a.k.a., KYC) is also very important. After all, KYC-specific
considerations (assuming that funds were initially procured in an honest/legitimate
way) are among key protections the customer/holder has at his or her disposal to
prove their ownership of a specific lot of cryptographic asset(s). In addition, KYC-
based protections can also help prove that specific assets were lost to theft, even if
investigations of said claim(s) are long and/or delayed [67-69].
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5. Multi-wallets: the optimal individual investor approach?

Multi-wallet is a term that describes specialized software that is designed to securely
hold multiple cryptocurrencies within a single shell or visual interface/container
[70, 71]. Two broad categories of multi-wallets exist — Custodial and non-custodial.
The former entails third-party control over end-user cryptocurrency private keys/
account(s), with a well-defined set of vulnerabilities and potential downsides inherent
to lack of direct end-user control [72, 73].

Non-custodial wallets, on the other hand, enable the end-user to fully control all
aspects of the cryptographic asset custody and access considerations [74]. That said,
there are important data security considerations, with significant vulnerabilities and
opportunities for criminal exploitation of asset via both social engineering techniques
and software hacking [70, 75]. Consequently, it is recommended at this time that
individual users not only diversify their cryptocurrency portfolios, but also diversify
the multi-wallets within which these portfolios are held.

With the introduction of simplified payment verification (SPV) methodology,
transition from the more rigid architecture of “desktop-based wallets” (DBW) to
“mobile-based multi-wallets” (MBMW) became possible [76, 77]. With the emer-
gence of MBMWs, the end-user gained the power to essentially design his or her
own, highly customized and personalized “do-it-yourself” (DIY) cryptocurrency
portfolios. Such portfolios are complete with real-time price data inputs, user ability
to determine and control asset ratios, as well as aggregate reporting of individual asset
and portfolio values. Some software platforms, such as the Komodo Wallet, offer a
multi-folio option, where several parallel portfolios can be created, each with its own
set of private keys and secure password (Figure 2) [78, 79].

©)
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Figure 2.

An example of a software multi-wallet (Komodo Wallet) that constitutes a self-contained portfolio of
cryptographic assets. Each asset is vepresented by its own line entry, complete with asset name, ticker symbol,
current price, price change over a period of time, and other customized interface features.
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Vaults and other multi-stakeholder custodial solutions have also been introduced,
where assets are essentially “irretrievably locked” until a certain pre-defined number
of authorized users “agree in principle” to release such assets to a third-party address
[80]. This approach represents an attractive option for multi-person entities, such as
families or small investment clubs, where assets can only be moved when a pre-deter-
mined number of participants all agree on a specific transfer operation. The multi-
signature “vault storage” approach has also been popular among owners of various
high-value cryptographic assets (such as non-fungible tokens or NFTs) [81, 82].

6. Technical aspects of index-based approaches

The overall diversification of the blockchain/cryptocurrency space resulted in
significant diversification of customized code that allowed alternative cryptocur-
rencies (e.g., “AltCoins”) to proliferate within the early (2009-2017) phases of the
cryptographic asset era [83, 84]. In the context of asset holding, the logistics of
diversification became formidable because of the requirement for cryptocurrency-
specific “wallets” to be deployed for each unique asset. Two durable alternatives
emerged to help solve this conundrum - the previously outlined implementations of
SPV [77] and asset tokenization (AT) [85]. The latter, in general, relies on a primary
blockchain (such as Ethereum or Quantum) to provide an “entry point” for differ-
ent token-assigned value units (e.g., a single token represents a pre-defined item, a
primary asset, or some other quantity, etc.) that is then uniquely identified under
its own “contract address” (or essentially a “subaccount” that then holds secondary
assets/tokens on the primary blockchain).

At this time, both custodial and non-custodial approaches to ibCAI management
exist, both for different blockchains and for various unique tokens/tokenized assets.
As outlined in previous sections, each of the approaches, along with some other asso-
ciated nuances, may have a unique risk-benefit profile. Each end-user is encouraged
to carefully consider all of the available options before proceeding. Factors that need
to be taken into consideration include one’s technical/computer/blockchain expertise,
financial risk tolerance, the choice between active or passive management styles,
the balance between privacy versus convenience, and the availability of specialized
adjunctive financial products (such as “asset loss” insurance policies) [86, 87]. Finally,
one must consider portfolio entry/exit points, such as either centralized or decentral-
ized cryptocurrency exchanges. After all, most wallets only “hold assets” but are not
able to facilitate active on/off-boarding of said assets. This aspect of ibCAI manage-
ment also requires careful and comprehensive evaluation of risks, benefits, and
alternatives by the end-user.

7. Conclusion

Cryptographic assets are here to stay, and so is cryptographic asset investing
(CAI). Within this greater universe of asset management options, index-based CAI
represents an emerging and increasingly popular option for volatility and risk reduc-
tion, with multiple potential advantages when compared to single- or oligo-asset
CAI strategy. More specifically, the ibCAI approach minimizes the magnitude of
any single-asset loss due to hacking or other exploits. It also helps facilitate portfolio
off-loading in the setting of low-liquidity markets. Asset custody and software-based
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conduits for secure storage of cryptocurrencies and cryptocurrency portfolios
continue to evolve, and represent a significant potential risk/attack surface. The area
of ibCAI is likely to evolve and mature over the coming years, with emerging legal,

KYC, and tax frameworks that will help introduce this approach to cryptocurrency
investment into the mainstream.
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Chapter 4

The Architecture of Blockchain
Technology and Beyond

Artina Bedjeti Baftijari and Leonid Nakov

Abstract

Blockchain technology utilizes a decentralized and distributed ledger system
(alist of all transactions across a peer-to-peer network) to securely record transactions
across a network of computers. Using this technology, participants can transfer value
across the Internet without the need for a central third party. Blockchain is the corner-
stone of cryptocurrencies, offering a secure and transparent framework for recording
transactions along with its unknowns and benefits. In the realm of digital currencies
like Bitcoin, blockchain functions as a decentralized ledger, documenting every trans-
action across a distributed network. Its pivotal roles include decentralization, trans-
parency, immutability, consensus mechanisms, security, and mining. Collectively,
blockchain technology furnishes the infrastructure that empowers cryptocurrencies,
enabling them to function as decentralized, secure, and trustless systems for the
transfer of value. The fundamental principles of blockchain contribute to the robust-
ness and dependability of cryptocurrencies in the digital landscape.

Keywords: blockchain, distributed ledger, decentralization, cryptocurrencies, bitcoin

1. Introduction

Blockchain, a contemporary buzzword, is an evolving technology with a firm
foothold in commercial, financial, governmental, and academic domains. Its
architectural features, such as decentralization, cryptocurrency, and consensus, are
pivotal in ensuring security. Blockchain comprises validated transaction blocks, and
its decentralized structure, free from a single point of failure, enhances safety. This
chapter delves into blockchain architecture and security considerations, explor-
ing decentralization, mining, consensus, smart contracts, and more. It serves as a
launchpad for delving deeper into the multifaceted realm of blockchain technology [1].

In essence, blockchain refers to a distributed database system where data is
organized into interconnected blocks forming a chain. The substantial attention
garnered by this concept stems from its inventive utilization of established technolo-
gies in a novel manner. The power of blockchain technology is intricately linked to
the emergence of digital currencies, notably Bitcoin. It’s crucial to note that Bitcoin
and blockchain are distinct entities. Drawing a parallel, Bitcoin is to blockchain what
electronic mail (e-mail) is to the Internet — one represents the product, while the
other is the underlying technology enabling its existence.
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The introduction to this chapter on blockchain architecture and security
concerns underscores the transformative power of blockchain as a technology with
broad applications across diverse sectors. Let us dissect the key points highlighted
earlier:

* Decentralization: Decentralization of Blockchain is a fundamental characteristic
that sets it apart from traditional systems. Instead of relying on a central author-
ity, data is distributed across a network of nodes.

* Cryptocurrency: Like Bitcoin and Ethereum cryptocurrencies, they are often
associated with blockchain technology. They utilize blockchain for secure,
transparent, and decentralized transactions.

* Consensus: The mechanism of consensus is crucial for validating and verifying
transactions in a blockchain. Different blockchains may use various consensus
algorithms, such as Proof of Work (PoW) or Proof of Stake (PoS), to achieve
agreement among nodes.

* Security: The security of blockchain stems from its inherent decentralization.
By eliminating a single point of failure, it gains resilience against attacks. Every
block is intricately linked to the preceding one through cryptographic hashes,
establishing an immutable chain.

* Cost-cutting: Blockchain can lead to cost reductions by eliminating intermediar-
ies, streamlining processes, and reducing the need for manual verification.
Smart contracts, self-executing contracts with terms directly written into code,
automate many processes.

* Smart contracts: Smart contracts are self-executing contracts with the terms
directly written into code. They automate and enforce the terms of an agreement,
reducing the need for intermediaries and increasing efficiency.

* Mining: Mining is the process by which new transactions are added to the block-
chain. In PoW-based blockchains, miners solve complex mathematical problems
to validate transactions and create new blocks.

* Security concerns: While blockchain is considered secure, there are still concerns
such as potential vulnerabilities in the implementation of smart contracts, the
51% attack in PoW systems, and regulatory challenges.

Blockchain technology, as of the last quarter of 2023, is reshaping industries
and fueling a new era. The increasing interest in blockchain and digital finances is
evident across both private and public sectors, with governments globally sup-
porting and adopting this transformative technology. Blockchain’s crucial role
in enhancing transparency and security has become indispensable, addressing
critical concerns across various sectors. It is important to note that the blockchain
space is dynamic, and developments may occur very fast. Here is a recap of the
latest trends [2]:
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DeFi (Decentralized finance): The continued rise of decentralized financial
applications providing services like lending and trading without traditional
intermediaries.

NFTs (Non-fungible tokens): The surge in popularity of NFTs, representing
unique digital assets and fostering innovation in digital art, collectibles, and
virtual real estate.

Interoperability: Projects aiming to enhance interoperability between different
blockchains, fostering a more connected and collaborative blockchain ecosystem.

Blockchain and Al integration: Exploration of the integration of blockchain and
artificial intelligence to leverage transparency for Al model accountability and
secure data sharing.

Sustainability and green blockchain: Increased awareness of the environmental
impact of blockchain, leading to a focus on sustainable and eco-friendly alterna-
tives, especially in the context of Proof of Work consensus mechanisms.

CBDCs (central bank digital currencies): Various countries exploring or piloting
their central bank digital currencies, using blockchain for more efficient and
transparent financial systems.

Layer 2 solutions: Efforts to address scalability concerns in blockchain networks
through the development and adoption of Layer 2 solutions, including sidechains
and off-chain scaling.

Privacy solutions: Attention to enhancing privacy features on public blockchains
and the development of privacy-focused blockchains to address concerns related
to data confidentiality.

Blockchain in supply chain: Increased adoption of blockchain in supply chain
management for improved transparency, traceability, and efficiency in tracking
the movement of goods.

Cross-industry blockchain adoption: Expansion of blockchain technology beyond
finance, finding applications in healthcare, real estate, logistics, and various
other industries.

2. Alook at blockchain technology: how does it work?

What is blockchain and why is so innovative?

The blockchain functions as a decentralized ledger, capturing a comprehensive
record of all transactions within a peer-to-peer network. Through this technology,
participants have the ability to exchange value over the Internet, bypassing the
requirement for a central third party. Its innovativeness effectively tackled a long-
standing challenge in the digital domain known as double spending [3], resolving an
issue that had persisted for an extended period. Let us consider a simple case:
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Dori and Aris are friends. Dori has $100 in her wallet, and Aris has none. Dori decides to transfer $100 to Aris. In
the physical world, it’s a straightforward exchange: Dori now has no money, and Aris has $100.

Simple, right?! But let us imagine the following situation:

In the digital scenario, Dori’s transfer of a photo representing $100 to Aris introduces a unique challenge.
Unlike the physical transfer of money, the digital photo is duplicable, leading to questions about its ownership
and potential misuse. Did Dori retain a copy of the photo, share it with additional friends, or even post it pub-
licly on social media where it could be freely downloaded? The inherent replicability of digital assets like these
challenges the traditional notion of ownership and transfer, highlighting the need for a secure and trustworthy
system to manage digital transactions. Blockchain technology, with its decentralized and tamper-resistant
characteristics, aims to address such issues in the digital realm.

Digital Ledger

To address the questions raised earlier, we rely on the concept of a digital ledger. The key is to have a
record of the quantity of $100 digital photos owned by Dori and how she distributes them among her friends.
However, it’s not Dori’s responsibility to maintain these records.

In the contemporary landscape of digital banking transactions, this record-keeping role is assumed by the
bank. The bank, subject to regulatory oversight, ensures transparency about the funds Dori possesses and how
she utilizes them. In this context, the bank functions as a third-party entity, independent and responsible for
maintaining accurate records.

Nonetheless, it’s crucial to remember that digital banking transactions are underpinned by actual, physical
banknotes. The quantity and issuance of these banknotes are regulated by the respective central bank. Here,
we return to the initial point: the bank resolved the issue of digitally distributing physical banknotes. However,
in the second scenario, Dori possesses a digital photo of a banknote. Questions arise: Who captured that
photo? How did Dori obtain it? What are her intentions for spending it? Furthermore, uncertainties linger
regarding the total number of such digital photos and whether they hold genuine value.

Blockchain digital ledger concept

Blockchain provides a straightforward solution to the scenario involving the digital photo on Dori’s phone
and the question of record-keeping. Rather than relying on a third party like a bank, trusted friend, or notary,
blockchain proposes that the record should be decentralized and shared with everyone interested in sharing
digital photos of banknotes through their mobile phones or computers.

In contrast to a centralized model, blockchain introduces a distributed approach. Rather than having a
centralized ledger tracking the number of digital photos of $100 on Dori’s phone or computer, this informa-
tion is dispersed among the phones and computers of all participants involved. This includes not only Dori
but also Aris and others engaged in exchanging digital photos for $100 via mobile phones or computers. The
blockchain diligently records and disseminates this information to everyone. If Dori shares her unique digital
photo of $100 with Aris, the blockchain accurately registers an “outflow” from Dori and an “inflow” to Aris,
ensuring verification and distribution across the network. Attempting to send the same digital photo to 100
more friends becomes impractical since the blockchain records of all others are not synchronized. In their
records, Dori no longer owns a digital photo of $100, leading to the rejection of her attempted transaction.
Consequently, Dori no longer possesses the digital photo, while Aris does.

2.1 Distributed and traditional database

Blockchain operates as a decentralized database, recording a comprehensive audit
trail of all transactions. Unlike traditional databases, it is managed by a network of
computers, with no single computer holding sole responsibility for storage or adminis-
tration. This ensures that any computer can join or leave the network without compro-
mising data integrity or availability. The database can be restored from scratch by any
computer, simply by downloading it from the network and processing the audit trail.

In contrast, traditional databases are typically controlled by a single organization
with complete authority, including the ability to manipulate data. While this may not
pose issues in certain contexts, the sensitive nature of financial transactions creates a
risk of data manipulation and falsification. To counter this, banks undergo continuous
audit and regulatory scrutiny, facing persistent threats from external malicious hackers.

Blockchain addresses these challenges by allowing the database to be managed by a
distributed network, making it publicly accessible to everyone. This open model enables
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anyone to create a redundant copy of the database and verify it against other copies.
However, this approach is best suited for static data that does not change over time.

For dynamic data, a consensus problem arises when changes are needed after the
database has been distributed. Determining the validity, permission, and order of
changes becomes crucial. Allowing any entity with a copy of the database to make
changes could lead to desynchronization, and a consensus must be reached on which
database reflects the true state.

Introducing an entity with the privilege to make changes first, followed by others
copying the database, attempts to address this issue. However, this raises concerns of
potential data manipulation and censorship by the chosen entity for personal gain.

A solution could involve a rotational system for managing entities and copying the
“correct” state of the database. Yet, determining the order and process of changing
controlling entities remains a question [4].

2.2 Blockchain: the final solution

Blockchain technology addresses these challenges by establishing a network of
computers, known as nodes, each of which possesses a copy of the database and
adheres to a set of rules defined as a consensus protocol. The consensus protocol
outlines the sequence in which nodes can introduce changes to the database, ensuring
unanimous agreement among all network nodes regarding the database’s state. This
structure prevents any single entity from having the authority to manipulate or censor
transactions.

Moreover, the blockchain includes an immutable audit trail documenting all
modifications to the database. This feature enables all controlling entities to scruti-
nize and validate the accuracy of the database. The audit trail comprises individual
changes referred to as transactions. A set of transactions added to the database by a
single node constitutes a “block.” Each block contains a reference to the preceding
block in the blockchain, establishing a chronological order [4]. The blockchain,
essentially a chain of blocks, interconnects each block with the previous one and
includes a list of new transactions occurring after the preceding block. When a
new node joins the network, it initiates an empty database and retrieves all previ-
ous blocks from the network. This process ensures alignment with the databases of
all other nodes.

Fundamentally, blockchain orchestrates the sequence of transactions within
the database, enabling anyone to verify its accuracy by reconstructing it from the
beginning.

2.3 Blockchain in action

Blockchain technology finds widespread application in Bitcoin, a prominent
example of its utilization. Bitcoin operates as a digital cryptocurrency, employing
blockchain for monitoring transactions and issuing digital currency units.

When an individual intends to spend Bitcoins, they generate a transaction specify-
ing the amount and recipient. This transaction is digitally signed and disseminated
to nodes within the Bitcoin network. Upon the creation of the next block in the
transaction chain by one of the nodes, it verifies the validity of the new transaction. If
deemed valid, the transaction is included in the block, which, as part of the replicated
chain, is distributed across all nodes in the network. This process effectively records
an outflow from the sender and an inflow to the recipient [5].
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2.4 Blockchain consensus protocol

The primary function of a consensus protocol is to establish rules governing the
addition of blocks to the chain in terms of order and timing. This is crucial for a block-
chain to maintain a consistent and unalterable sequence of events, universally agreed
upon by all nodes, representing the current state of the database. Furthermore, this
event sequence should be immune to censorship, ensuring that no single node pos-
sesses unilateral control over the admission of information. Currently, there are two
main types of consensus protocols in use [6]:

2.4.1 Proof of work (PoW)

Proof of Work (PoW) serves as the original consensus protocol within the Bitcoin
network. This protocol relies on solving intricate logic puzzles that are challenging
to solve but easy to verify once completed. It can be likened to assembling a complex
jigsaw puzzle with a multitude of tiny pieces — a formidable task to piece together,
but a quick glance can confirm if the picture is complete and accurate. In the PoOW
protocol, the exertion involved in solving the puzzle is termed “Work,” and the puzzle
solution is the “Proof of Work.” Essentially, the ability to verify the correctness of the
solution confirms that someone has performed the work accurately.

A blockchain utilizing a PoOW consensus protocol requires proof for each block
added to the chain. As a reward for their efforts, the node receives a specific number
of digital tokens, characteristic of the network. In the case of the Bitcoin network, this
reward is in the form of Bitcoins, constituting the initial generation of these digital
tokens. All circulating Bitcoins and those to be released in the future are generated as a
reward for the work executed by the nodes in the block generation process, commonly
known as “mining” The PoW protocol inherently values the chain with the most
blocks as the current “correct” chain, given the greater cumulative work invested in it.

Considered highly secure, the PoOW protocol presents a significant challenge for
any attempt to overwrite or forge a block. Such an alteration would invalidate previous
blocks, requiring the reworking of all prior blocks before a new block could be added.
For a successful alteration, a node would need a processing speed exceeding 51% of
the combined speed of all other nodes — an event known as a “51% attack.” While
configuring such a system is currently nearly impossible, the potential rise of quantum
computers may necessitate a reevaluation of this blockchain protocol in the future.

2.4.2 Proof of stake (PoS)

Proof of Stake (PoS) represents a more recent consensus protocol model, presently
adopted by networks such as Peercoin and BitShares. In contrast to Proof of Work
(PoW), the PoS consensus protocol operates on distinct principles unrelated to the
high processing power of verification nodes. Instead, preference is granted to nodes
with a larger share of the digital (crypto) currency underpinning the process.

Advocates of the PoS protocol argue that nodes possessing a substantial stake in
the background cryptocurrency exhibit a heightened interest in preserving its market
value. Safeguarding their investment becomes paramount, as any network attack or
data falsification would erode trust and, consequently, diminish value. Consequently,
it is not in their interest to engage in censorship or the falsification of transactions.

While PoW necessitates substantial processing power, with technologically
advanced nodes operating complex puzzle-solving processes in specialized facilities
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(often termed computer farms), PoS imposes minimal requirements on processing
power. This means that even an ordinary smartphone can effectively contribute to the
creation of complete blocks. This characteristic significantly enhances the decentral-
ized nature of the network, as a broader range of entities can afford to participate in
the validation process.

2.5 Types of blockchain

Blockchain technology is characterized by its openness and accessibility, allowing
for diverse implementations based on specific needs. There are essentially three types
of blockchain implementations [7]:

i. Public blockchain: This type constitutes a fully distributed network that is
openly accessible to anyone with internet connectivity. Participants can engage
at any level, the program code is open and community-maintained, and the
validation process can be undertaken by any participant with the requisite
technical equipment. Participants typically remain anonymous. Examples
include Bitcoin and Ethereum.

—

ii. Controlled blockchain (permissioned or hybrid blockchain): In this model,
participants assume strictly controlled roles within the network. The valida-
tion process is not open to just anyone; instead, it is managed by pre-selected
entities. The program code may or may not be available to participants. Ripple

is an example of a controlled blockchain.

iii. Private blockchain: Access to private blockchain networks is meticulously con-
trolled and centrally managed. These networks are closed, permitting entry
only to pre-approved participants. The program code is closed and not publicly
accessible. Private blockchains find utility in consortia and larger corporations
that necessitate sharing information and documents among approved entities.
In the financial sector, developing a private blockchain is meant to facilitate
back-office operations related to clearing and settlement.

3. The application of blockchain in worldwide financial systems: its
advantages and implications!

The intersection of financial systems with information technologies has witnessed
arevolutionary shift with the advent of blockchain technology, offering the potential
to fundamentally reshape financial landscapes. Several key advantages of blockchain
contribute to its transformative impact [8]:

* Publicly available ledger system: Blockchain operates as a publicly accessible ledger,
where all transactions are recorded and verified. This inherent transparency
ensures a secure and reliable system, instilling trust among participants.

* Transaction immutability: Every transaction within the blockchain is autho-
rized and validated by controllers known as “miners.” Once recorded, transac-
tions become immutable, meaning they cannot be altered or tampered with.
This feature enhances security, providing robust protection against malicious
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intrusions and hacks—common concerns in contemporary financial IT
systems.

* Elimination of intermediaries: Blockchain technology eliminates the need for
intermediaries, enabling direct peer-to-peer transactions. Traditional financial
systems often involve intermediaries such as banks or clearinghouses, intro-
ducing delays and costs. Blockchain streamlines the process, facilitating more
efficient and cost-effective transactions.

* Decentralization: One of the core tenets of blockchain is decentralization. This tech-
nology is practically available to everyone, fostering a decentralized network where
no single entity holds exclusive control. This decentralization not only enhances
accessibility but also contributes to the resilience and security of the system.

As blockchain continues to evolve, these advantages pave the way for more
inclusive, efficient, and secure financial systems. The elimination of intermediaries,
coupled with enhanced transparency and immutability, opens doors to innovative
financial applications and services, driving a shift towards more direct and peer-to-
peer interactions in the digital economy.

The above-mentioned advantages of blockchain technology are manifested in
various ways, particularly within financial systems, bringing about transformative
possibilities:

* Cross-border payments: Enable fast, direct one-to-one payments, reducing costs
for international transactions.

* Faster and better trading: Facilitates faster and more extensive trading, addressing
constraints in international trade and finance. Allows for the creation of decen-
tralized organizations and micro-investments.

* Guaranteed payments: Ensures guaranteed payments, enhancing trade in low-trust
countries. Levels the playing field for poorer countries in international trading.

* Micropayments: Supports efficient micropayments, reducing fraud risks and
transaction costs.

* Control of payments and prevention of money laundering: Acts as a decentralized
tool for controlling payments and preventing money laundering. Provides a glob-
ally accessible ledger for anti-money laundering and anti-terrorist financing.

Despite these benefits, challenges include the risk of fund loss due to hacker
attacks, and users bear the responsibility for their security in the absence of a cen-
tralized resolution authority. As blockchain continues to evolve, addressing these
challenges is crucial for maximizing its impact on financial systems and global trade.
Moreover, companies venturing into the implementation of blockchain technology,
particularly in its early stages, face a spectrum of risk factors that demand thorough
understanding and careful management [8]:

* Limited major implementations: Blockchain is a developing technology with a rela-
tively small number of major implementations. The full scope of its limitations is
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not yet understood and is actively under research. Unanswered questions persist,
such as how the model would scale with the substantial volume of daily transac-
tions in financial markets.

* Transaction cost volatility: Observations from current implementations, notably
with Bitcoin, reveal considerable fluctuations in transaction costs, ranging
from minimal to unprofitable. Managing this volatility is crucial, particularly in
domains like micropayments, where transaction costs can surpass the value of
the payment itself.

* Rapid evolution of code and implementation methods: As a developing technol-
ogy, the programming code and implementation methods are evolving rapidly.
Organizations in the early stages of implementation may face risks associated
with rule changes, modifications, or discontinuation of support for certain
aspects of the technology.

* Security risks: Security risks in blockchain technology are multifaceted and
demand comprehensive attention. Considerations include access control, the
robustness of cryptographic algorithms, the security of control nodes in the
network, the potential dominance of processors (e.g., quantum processors), and
the risk of denial-of-service attacks leading to potential unavailability.

While these risks are inherent in the current state of blockchain technology, ongo-
ing advancements, research, and industry maturation are expected to mitigate these
challenges over the long term. Companies should adopt a proactive approach to risk
management and stay abreast of developments to ensure the successful and secure
implementation of blockchain solutions.

4, Conclusions

Blockchain, at its core, operates as a decentralized and tamper-resistant digital
ledger, offering a transparent and secure way to record and verify transactions. While
it initially gained prominence through its association with cryptocurrencies like
Bitcoin, the technology’s potential extends far beyond the realm of digital money.

In the modern financial industry, blockchain’s distributed ledger concept is par-
ticularly promising. Traditional financial systems often rely on centralized databases
maintained by trusted intermediaries, introducing vulnerabilities to fraud, errors,
and data manipulation. Blockchain addresses these challenges by distributing the
ledger across a network of nodes, ensuring consensus and transparency. This decen-
tralized nature reduces the dependence on a central authority, fostering trust and
integrity in financial transactions.

However, blockchain technology is recognized as a foundational element in the
financial sector, offering promising prospects for economic development, financial
innovation, and internet advancement. As the financial industry undergoes a digital
transformation, successful adoption of blockchain technology becomes imperative.
Current research delves into the mediating role of blockchain adoption in the rela-
tionship between digital business strategy and process innovation, as well as financial
performance. Furthermore, new findings investigate how information technology
alignment plays a moderating role in this scenario. The investigation seeks to unveil
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the nuanced dynamics and interconnections among these crucial components, with
the overarching goal of utilizing blockchain for strategic and operational improve-
ments within the financial sector [9]. Moreover, Blockchain technology significantly
impacts the financial sector by enhancing security through decentralization and
cryptography, leading to efficient processes and reduced costs. Its transparency

and traceability improve risk management, support cross-border transactions,

and facilitate innovations such as decentralized finance (DeFi) and tokenization.
Blockchain ensures regulatory compliance, strengthens data security, and prevents
fraud, fostering financial inclusion and revolutionizing traditional financial products
and services.

Beyond finance, various industries are exploring blockchain applications. Sectors
such as supply chain management, healthcare, real estate, and even governance are
considering how blockchain can enhance efficiency, security, and transparency. For
instance, in supply chain management, blockchain can enable real-time tracking of
products from manufacturing to delivery, reducing fraud and ensuring the authentic-
ity of goods.

However, the adoption of blockchain technology comes with its share of challenges
and risks. Issues such as scalability, regulatory uncertainties, and the environmental
impact of certain consensus mechanisms (like Proof of Work) are subjects of ongo-
ing discussion and exploration. It is crucial for organizations to carefully evaluate
their specific use cases and consider the potential risks associated with implementing
blockchain solutions.

Moreover, blockchain should not be seen as a one-size-fits-all solution. Each
industry and business process affected by blockchain requires a thoughtful examina-
tion of whether the technology can address existing weaknesses or inefficiencies.
While blockchain holds tremendous promise, successful implementation requires a
comprehensive understanding of its capabilities, limitations, and the unique require-
ments of each use case.

As the technology continues to mature, ongoing research, development, and
collaboration among industries, regulators, and technology innovators will contribute
to unlocking the full potential of blockchain in reshaping the way we manage, secure,
and share data across various sectors.
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Chapter 5

Modelling Extreme Tail Risk of
Bitcoin Returns Using the
Generalised Pareto Distribution

Providence Mushori and Delson Chikobvu

Abstract

This paper analyses the extreme tail behaviour of Bitcoin returns by fitting a Gener-
alised Pareto Distribution (GPD). The GPD is used to model the extreme daily Bitcoin
returns over the period 2008 to 2023. The returns above the chosen thresholds, for both
Bitcoin gains and losses, are selected. The GPD is then fitted to the selected excess
returns. The Anderson Darling (AD) and Kolmogorov Smirnov (K-S) goodness-of-fit
tests reveal that the GPD captures the distribution of the Bitcoin excess returns. The
Value at Risk (VaR) and Expected Shortfall (ES) under the GPD are used to measure the
extreme tail risk of the Bitcoin returns. The upside risk (gains) is found to outweigh
downside risk (losses), and this gives insight to investors interested in Bitcoin.

Keywords: generalised Pareto distribution (GPD), value at risk (VaR), expected
shortfall (ES), bitcoin, tail risk

1. Introduction

Predicting the likelihood of an extreme event within a given period is often
reflected in the volatility of that event. Statistical methods have proved effective in
forecasting extreme movements of financial events, and in this case, focus is given to
Bitcoin extreme price index movements. A Generalised Pareto Distribution (GPD) is a
family of continuous probability distributions which falls under extreme value theory
(EVT) [1]. Ever since the EVT was developed in the 1920s, it has been used to predict
the occurrence of several different extreme events including financial market crashes
and other black swan events [2, 3]. EVT has been applied to the crypto currency
market to predict cryptocurrency price movements using the Generalised Extreme
Value distribution [4]. The aim of this paper is to show how the EVT based GPD
models extreme Bitcoin gains and losses and assessing the risk levels thereof.

2. Review of literature

Bitcoin, for several years, has had the largest market share in the crypto industry.
Evidence in the literature suggests that much research has been done on Bitcoin [5-9].
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Research done by Osterrieder and Lorenz [10] showed Bitcoin extreme price changes
to be violating the usual normal distribution assumption. The selection of an appro-
priate statistical distribution to asset returns becomes the challenge. Osterrieder and
Lorenz [10] conducted a study on the extreme tail behaviour of Bitcoin where he
performed an in-depth extreme univariate analysis. Bitcoin was found to exhibit
volatility that was higher than the Group of 10 (G10) countries’ currencies. The G10
countries comprise of Belgium, Canada, France, Germany, Italy, Japan, the Nether-
lands, Sweden, Switzerland, the United Kingdom and the United States. Non-
normality and heavier tails were observed to be stronger in Bitcoin prices, in compar-
ison to the G10 countries’ currencies. In extreme value analysis, there are two
approaches to selecting extremes, and these are the block maxima and the peaks-over
threshold methods [11]. Islam and Pial Das [7] conducted a study on predicting
Bitcoin returns using Extreme Value Theory (EVT). Extreme Bitcoin returns were
modelled using the block maxima and the peak over threshold approaches. It was
concluded that Bitcoin extreme tail distributions are well represented by the EVT
based distributions and that investors can make use of the results of their findings.
The authors used return levels as measures of risk. This paper uses the Basel III
recommended Value at Risk (VaR) to quantify risk. VaR is used in quantifying mini-
mum capital requirements. The Expected Shortfall (ES) is also used in this paper to
quantify extreme risk in Bitcoin on this updated dataset. Moreover, this paper sepa-
rates gains from losses in the analysis.

Cryptocurrencies are considered highly volatile and show extreme tail movements
when compared to traditional financial markets and fiat currencies [12, 13]. In this
study, research is conducted on the Bitcoin extreme gains and losses by fitting the
GPD. Risk analysis measures, such as VaR and ES are computed on the Bitcoin
extreme returns. The peaks over threshold based GPD is chosen over the block max-
ima based Generalised Extreme Value Distribution (GEVD) as the former makes use
of the data more efficiently.

This research extends EVT applications by fitting the GPD and in quantifying the
extreme volatile behaviour of Bitcoin log returns using the VaR and the ES as mea-
sures of risk.

3. Methodology

This section describes the methods and tools that are used in the study. The
properties of empirical distribution used in the analysis of the returns are also
explained. Descriptions of the criteria that are used in the data selection process and in
the goodness of fit tests on the extreme tails of the Bitcoin returns are explained as
well. The GPD is applied on the Bitcoin extreme price returns data in order to
analyse the tail behaviour of Bitcoin extreme returns. The threshold selection
methods to be applied to the Bitcoin returns data are also discussed. The returns are
defined as:

Z = log(PP—t> = log(P;) — log(P;-1), ™

t—1

where P, represents the price of Bitcoin at time ¢ and P,_; represents the price at
time? — 1.
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3.1 Data selection process

The data used in the study are taken from CoinMarketCap “Cryptocurrency Mar-
ket Capitalizations” and retrieved from https://coinmarketcap.com/ on September 01
of 2023. The data is of the period 28 April 2013 to 1 September 2023. There are four
data sets for Bitcoin prices considered, which are the daily opening prices, daily
closing prices, daily low and daily high prices. The Bitcoin daily closing price data
were finally chosen for carrying out the analysis. Any of the 4 data sets could have
been used since they all had similar descriptive statistics features. The Bitcoin daily
closing prices used in this study are an average of the closing price values from several
Bitcoin exchanges.

3.2 Extreme value theory (EVT) - peak over threshold

The peaks-over-threshold (PoT) analysis, also known as the partial durations series
analysis in some more applied fields, has played a fundamental role in the develop-
ment of statistical EVT. It is based on fitting a GPD to the data exceedances above a
large enough threshold.

3.3 Generalised Pareto distribution (GPD)

The GPD emerges from the EVT. It models values of a given random variable that
are above a certain threshold value. Threshold simply means a point on a statistical
distribution above which values can be taken as extreme. The data used for a GPD can
be ordered from the smallest observed excess to the highest observed excess. The
excess of the values observed above the threshold is also known as the exceedances
and are peaks over a threshold. For instance, if there is an ordered set of values of a
random variable such that Z is 21,22,23, ... ,24—1, 2., Where 2, is the largest of the
values of Z, then the peaks over threshold or excesses/exceedances are denoted as
X; =% — W

The data of the exceedances is known to follow the GPD and with a probability

density function of the form:
1 Zi— =1
“l1+y(= for 0
ﬁ( y(/?) ) '

flasbr) =1
exp <

H—23
fory =0,
; ) d

()

p

where y is the threshold value, f§ is the scale parameter and y is the shape
parameter.

From Eq. (2) a corresponding Cumulative Distribution Function (CDF) for the
GPD is derived and is given as:

1

1- (1+M>/ forz€u,o0]andy # 0
F(zi3,7) = / 3)

1-— exp(—%) forz€[u,o]andy =0
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From Eq. (3), if z follows the GPD (7, ), thenz + p is a GPD (y, f + uy), given
that z > u for any threshold value y. It also implies that z — p, provided z > y, follows a
GPD (y,p — py). Castillo and Hadi [14] stipulated that consistence of a model with a
data set goes hand in hand with the model being consistent with the same data set for
all high threshold values. Another interesting fact about the GPD is that, for a certain
range of values for y, the GPD reduces to certain types of common distributions.

The following cases show a resulting distribution from a GPD when the parameter
y takes certain values:

Case 1: when y = 0, the GPD reduces to a two-parameter exponential
distribution with a mean denoted by f. This distribution is often described as
light tailed.

Case 2: when y < — 0.5, its variance is equal to oo, meaning that if y> — 1, and
then the nth central moment exists.

Case 3: if y <0, the GPD becomes a Pareto type II distribution which has a
bounded tail.

Case 4: when y = 1, the GPD reduces to a uniform distribution U [0, f].

Case 5: when y > 0, the GPD becomes an ordinary heavy tailed Pareto
distribution.

3.4 Threshold selection for the GPD

Adopting a low threshold value results in sensible approximations to the peaks-
over threshold for the GPD with a relatively large sample size [15]. Lower threshold
values give an advantage of credibility especially in cases where the main body of data
is not sufficient for analysis. However, the theory of convergence to the GPD may not
hold and often results in bias in such cases. Too large of a threshold result in fewer
observations with a high variance in parameter estimation. The high variance is a
result of having fewer extreme values caused by a selection of this very high threshold.
Hence a good threshold value is chosen such that a balance should be achieved
between variance and bias. There are several threshold selection methods but only
three are used in this study, and these are the Pareto Q-Q plot, the mean excess plot
and the parameter stability plot. Graphs in Figure 1 show the peaks-over thresholds

Bitcoin gains MRL plot Bitcoin losses MRL plot
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g g
w w
[ = c
L] o
@ L)
= =
o - |
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Threshold (u) Threshold (u)
Figure 1.

Mean residual live plot of bitcoin positive and negative returns.
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selection methods for the Bitcoin gains and losses data respectively. Losses are nega-
tive returns turned to positive values by multiplying with a negative one. This is done
for easier analysis and distribution fitting.

3.5 Mean excess plots

The main idea behind the mean excess plots is to find the extent to which an
observed value z exceeds a certain extrema threshold value given that the observed
value is greater than the threshold value, y. In mathematical terms, the mean excess
equation is denoted as:

e(u) = E(Z — ulZ>p). (4)

For a set of independent extreme events, the mean excess is defined as the mean of
all the values above the threshold, provided the values are arranged in order such that
the last is the maximum. If 21,2, 23, ...,24—1,2, are the values of the variable Z
arranged in order, then z, would be the maximum. This method is carried out at 95%
confidence level such that the expected threshold value is found to be lying in the
expected confidence interval. Observing a straight positive gradient from bottom left
to top right depicts a fat tailed GPD that has a positive shape parameter. If the
gradient of the slope is negative, then the mean excess plot depicts or indicates a
thin-tailed behaviour. The mean residual plots for the Bitcoin gains and losses are
shown Figure 1.

Based on the two graphs in Figure 1, the threshold is favourably stable between
0.02 and 0.08 for both the Bitcoin gains returns and the Bitcoin losses as shown by the
green lines on the graphs above, therefore the threshold value is most likely to be
between the values 0.02 and 0.08.

3.6 Pareto Q-Q plot

The Pareto Q-Q plot method pinpoints the threshold and involves fitting a regres-
sion line to the data points in the Pareto Q-Q plot. It is possible to check whether a
model is plausible enough to be a good fit for the data. The Q-Q plots are easy to
compute, especially for the exponential distribution [16]. The point where the fitted
tangent regression line cuts the y-axis (z-axis in this instance) is used to calculate the
threshold value in the data set. The exponent of the value where the regression line
cuts through the y-axis (z-axis) is taken as the threshold value. The green dotted line
in the two graphs in Figure 2 shows the regression line.

The threshold values for the Bitcoin gains and for the Bitcoin losses are observed to
be approximately equal to the exponent of —3.5 and —3.7 respectively, corresponding
to 0.03 and 0.025 respectively. The Q-Q plots for the Bitcoin price returns for gains
and losses are shown in Figure 2.

Based on Figure 2, threshold values of 0.03 and 0.025 are selected for gains and
losses respectively (after rounding to three decimal places), and 578 and 613
exceedances are obtained for gains and losses respectively. The parameter stability
plots for gains are in Figure 3a.

The parameter stability estimate plots in Figure 3a and b, support the reasonable
and suggested thresholds from the pareto Q-Q plots of 0.0302 and 0.0247 for Bitcoin
gains and losses respectively, since stability is observed at around these threshold
values. The same can be said of the results from the mean residual live plots.
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Pareto QQ-plot for Bitcoin gains data Pareto QQ-plot for Bitcoin losses data
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Figure 2.

Q-Q plots for bitcoin positive and negative log returns.

3.7 Risk measures

Risk measures used in this study are the VaR and ES.

3.8 Value at risk (VaR)

The VaR refers to the maximum amount of potential loss on a security or a
portfolio over a period, with a given degree of confidence. In other words, it general-
ises the probability of underperforming by providing a statistical measure of downside
risk. VaR can be in two forms, depending on the state of the data or distribution being
considered. We will only look at the continuous case since the distribution of Bitcoin
gains and losses data is continuous in nature. For a continuous random variable Z, VaR
is defined as:

VaR(Z) = —t where P(Z <t) = p. (5)
VaR is measured based on assumptions that may not be apparent on immediate
terms. In most practical terms, normality is assumed. It is known that securities or
portfolios exposed to systematic bias, credit risk or derivatives may not exhibit nor-
mality [17]. In such circumstances, the usefulness of VaR would depend on modelling

the skewness of the returns data in the form of the GPD or via monte carlo simula-
tions. The fatter the tail, the more lacking the data is in the very extremities.

3.9 VaR in extreme value using GPD

The VaR for the GPD is computed as:

(6)
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Figure 3.
(a) Parameter stability plots for gains. (b) Parameter stability plots for losses.

where the period length is denoted by #, with p and y being the scale and shape
parameters respectively, of # returns in a period [17]. The maximum likelihood esti-
mate (MLE) is used to estimate the parameters as it results in unbiased, more effi-
cient, and minimum variance estimators. The variable p denotes the probability of the
small upper tail.

3.10 Expected shortfall (ES)

The ES is the average of all the returns in a distribution that are worse than VaR of
the portfolio at a given level of confidence. For example, for a 95% confidence level,
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ES is obtained by taking the average of returns in the worst 5% of cases. It provides a
return expected that exceed VaR for a given level of probability. In a general contin-
uous case, the ES is given as:

ES — Efmax(L — Z, 0)] = JL (L — 2)f (z)dz, @)

where L is the chosen benchmark level. In a general discrete case, the ES is
given by:

ES = E[max (L - Z,0)] =Y ___ (L —2)P(Z ==). (8)

z<L(
In extreme value for the GPD, ES = VaR, + E(Z — VaR,|Z > VaR,), where VaR,
represents the threshold given value.

4, Results and discussion

The calculated thresholds are used to find the exceedances/excesses in fitting the
GPD to the losses and gains.

4.1 GPD for the bitcoin losses data

The Bitcoin losses which are above the chosen threshold of 0.025 are used in the
analysis using the GPD. The GPD is fitted, and the parameter estimates are found
through the MLE approach. This threshold value is obtained from the Q-Q plot and
other threshold selection methods used in the previous section. The maximum likeli-
hood estimates for both the shape parameter y and scale parameter § are observed to
be approximately 0.1796 and 0.0271 respectively. Since the confidence interval of the
shape parameter y is greater than 0 at the 95% level of significance, it means that the
GPD reduces to a type two Pareto distribution. Thus, a heavy tailed Pareto type two
distribution can be used to model the Bitcoin losses. However, we begin by finding if
the Bitcoin data can be modelled by the GPD. Figure 4 shows the likelihood function
of both the scale and shape parameters.

It can be seen from Figure 4 that the shape parameter y has a value of 0.1796 with a
calculated standard error of 0.0499, whereas the scale parameter § has a value of
0.0271 with standard error 0.0017. The shape parameter is above 0, and this means
that tail losses are heavier than implied by the normal distribution tail. As a result,
extreme losses may occur than anticipated if the data was normally distributed.

Figure 5 shows the model diagnostic plots for the GPD fit to the Bitcoin losses.

The plots in Figure 5 show that the model is a good fit to the data since most of the
data points are collinear and inclined at 45° to the horizontal on the Q-Q plot. The
density plot also shows the same evidence as that provided by the Q-Q plot. Therefore,
it is concluded that the GPD model is a good fit. A further analysis is done by testing
the following hypotheses:

Hy : The Bitcoin losses follow the GPD.
H, : The Bitcoin losses do not follow the given GPD.

The results of the tests, using maximum likelihood estimation, are given
in Table 1.
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Table 1 results show that the Bitcoin losses follow a GPD since the p-values are
large and hence there is not enough evidence to reject the null hypothesis.
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GPD AD statistic AD p-value K-S statistic K-S p-value
Negative bitcoin returns 0.4871 0.76 0.0058 0.8895
Table 1.

Tests on goodness-of-fit of the GPD.

4.2 GPD for the bitcoin gains data

The Bitcoin gains data over the chosen threshold of 0.03 are used to find out if the
GPD can be a good fit to the data, and parameter estimates are found using the MLE
approach. This threshold value is derived from evidence given by the Pareto Q-Q plot
and other methods used. The log likelihood estimated values for both the shape
parameter y and scale parameter f are observed to be 0.0842 and 0.0278 respectively.

Figure 6 shows the likelihood functions for both the scale and shape parameters.

Figure 6 shows that the shape parameter y has a value of 0.0842 and the calculated
standard error is 0.0433. The scale parameter is 0.0278 with standard error of 0.0017.
Figure 7 shows model diagnostic plots for the GPD fit to the Bitcoin gains data above
the threshold of 0.0302. The shape parameter is above 0, and this means that the left
tail is heavier than the normal distribution tail. As result, extreme gains are more
probable to occur.

The plots in Figure 7 show that the model is a good fit to the data points using the
GPD. From the Q-Q plot (top left), there is a strong indication of linearity for most of
the data points. Moving from left to right, the largest quantiles divert from the 45°
reference line with few values in the extreme top right. One can still say that the GPD is
a good fit for the gains. The top right plot in Figure 7 shows the quantiles from a sample
drawn from the fitted GPD against the empirical data quantiles with 95% confidence
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Diagnostic plots for the GPD fit to the bitcoin gains data above the threshold of 0.03.

bands in dashed lines. Most of the quantiles (black dots) align with the 45°line dashed
orange and fall in the confidence bands, which makes for a reasonable GPD fit.

The GPD density function (dashed blue) is overlaid on the empirical density in the
bottom left plot and there are some similarities in kurtosis as is in the case for losses.

The return level plot is shown on the bottom right with 95% confidence intervals
for the 5-year return level of the logarithm returns of monthly data. Therefore, it can
be said at 95% confidence level, that the logarithmic returns will be above the range
0.2 to 0.3, at 95% confidence level.

However, we further investigate the goodness-of-fit of the GPD on Bitcoin gains
data by carrying out a goodness of fit test on the following hypotheses:

Hy : The Bitcoin gains data follow the GPD.

H, : The Bitcoin gains data do not follow the GPD.

Table 2 gives the results of the test.

It is evident that Bitcoin gains data follow a GPD as shown by the AD and K-S
statistics since the p values are greater than 0.05. It follows that an ordinary Pareto
distribution can be a good fit since y is greater than 0 at 5% significance level. Two risk

GPD AD statistic AD p-value K-S statistic K-S p-value
Gains 0.3730 0.8751 0.0055 0.9202
Table 2.

Tests on goodness-of-fit of the GPD on bitcoin gains data.
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Alpha (probability) 0.1 0.05 0.01

Gains 0.0581 0.0735 0.1060

Losses 0.0512 0.0628 0.0850
Table 3.

VaR results.

Alpha (Probability) 0.1 0.05 0.01
Gains 0.0792 0.0934 0.1233
Losses 0.0664 0.0763 0.0950
Table 4.
ES results.

measures, VaR and ES, are applied to the data on gains and losses. The risk values
obtained are shown in Tables 3 and 4.

4.3 Measures of risk from the GPD

Gains are riskier than losses as the gains are associated with higher values of VaR.
Gains are confirmed to riskier than losses in Table 4 as the gains are associated
with higher values ES.
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Figure 8.

GPD VaR and ES values to the bitcoin gains and losses returns data.
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The GPD VaR and ES values at 99% confidence level are 0.1060 and 0.1233 for the
gains, and 0.0850 and 0.0950 for the losses respectively. The interpretation of the
upper tail risk values is that the expected gain in the Bitcoin market has a 99%
likelihood that it will not exceed 0.1060 but if it does exceed, it will come to an
average of 0.1233. The interpretation of the losses risk value is that the expected loss in
the Bitcoin market has a 99% likelihood that it will not exceed 0.0850 but if it does
exceed, it will come to an average of 0.0950. Analogously, the VaR and ES values, at
different probability levels, are explained in the same way.

The Figure 8 shows the risk measurement values on Bitcoin market returns from
75% confidence level to as much as 99% confidence level. The risk values are plotted
against the alpha probability values. It is clearly that the gains have a higher VaR and
ES than the losses. In other words, gains seem to outweigh losses, and this can have a
good implication to interested investors in Bitcoin, especially the risk seeking inves-
tors, in exploring the possibility of higher returns whilst minimising losses. At all
alpha values, the VaR and ES of gains are greater than the corresponding values for
losses. It is possible to net in those extreme gains. The losses would be smaller is they
were to occur.

5. Conclusion

Bitcoin extreme returns were analysed using the GPD. The method of parameter
estimation used is the MLE. The GPD is fitted to the peaks over threshold data for the
two data sets, viz.: gains and losses. The diagnostics of the model, including goodness-
of-fit tests indicators, the AD and K-S tests, confirm the returns data are well
modelled using the GPD. The evidence gathered from the descriptive statistics, diag-
nostic plots, Q-Q plots, pp-plots, and other statistical tools used, show that the GPD is
a good fit to the Bitcoin losses and gains data. The VaR and ES values for the gains are
higher than those for losses which implies that the possibility of higher gains out-
weighs the losses when invested in Bitcoin. These results give insight to investors
interested in Bitcoin.
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Chapter 6

The Inclusion of Bitcoin and
Other Cryptocurrencies in
Investors’ Portfolios

Prosper Lamothe-Lopez, Prosper Lamothe-Ferndndez
and Leslie Rodriguez-Valencia

Abstract

Cryptocurrencies have become an attractive asset class for all types of investors.
A relevant question is whether their inclusion in portfolios improves their risk-return
output. In this chapter, we conduct an empirical study of the effect of the inclusion of
Bitcoin and Ethereum in the portfolio of a European investor. Additionally, we
analyze the results of previous studies on this question under other assumptions. The
empirical data are overwhelming regarding the attractiveness of Bitcoin and by
extension other cryptocurrencies as an asset class. The important question is whether
this appeal is temporary and will eventually disappear so investors do not have to
worry about this new asset class. In the chapter we discuss this issue.

Keywords: cryptocurrency, portfolio performance, diversification, Bitcoin, Ethereum

1. Introduction

One of the initial issues we must address when analyzing cryptocurrencies as an
investment alternative is whether they represent a new asset class. Following
Greer [1], asset classes can be classified as shown in Table 1.”

In his analysis, Greer distinguishes three broad categories of asset classes: capital
assets, consumable/transformable assets, and store-of-value assets. In Table 1,
traditional asset classes are classified within these three categories.

Based on Greer’s work, Burniske and White [2] list the four factors that define the
boundaries between different asset classes:

* Investment possibilities.
¢ Economic and financial characteristics.
¢ Correlation of returns with other asset classes.

¢ Risk-return trade-off.
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Categorization of traditional asset classes by their superclass

Capital assets Consumable/ Store of value assets
transformable assets

“Ongoing source of “You can consume it. You “Cannot be consumed; nor
something of value... valued can transform it into can it generate income.
on the basis of net present another asset. It has Nevertheless, it has value;
value of its expected economic value. But it does it is a store of value asset.”
returns.” not yield an ongoing stream
of value.”

Equities X

Bonds X

Income- X

producing real

estate

Physical X

commodities

(e.g., grains or

energy

products)

Precious X X

metals (e g.,

Gold)

Currency X

Fine art X

Table 1.

Categorization of traditional asset classes by their superclass.

Investment possibilities’ refer to the ease and costs involved in buying or selling a
particular asset class. These possibilities depend on the liquidity of the instrument, the
existence of multiple instruments in the market that allow you to acquire or expose
yourself to the asset class, transaction costs in operations, etc.

The liquidity of transactions in Bitcoins and other cryptocurrencies has continually
increased since their creation.

On the other hand, investing in cryptocurrencies and/or acquiring exposure to
cryptocurrencies is very easy and inexpensive due to the availability of various
instruments that allow direct or “virtual” purchase of these assets, such as:

* Cryptocurrency-referenced ETFs.

* Cryptocurrency-referenced CFDs.

* Cryptocurrency investment funds, etc.

* Futures and options with cryptocurrencies as underlying assets.

Regarding investment via ETFs, Table 2 shows the characteristics of the most
popular ones in the market according to the Bitcoin Market Journal.

1 Investability as termed by Burniske and White.
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ETF name Ticker Exchange Type Fees
(%)

The VanEck Vectors Bitcoin ETN VBTC Deutsche Boerse Xetra Spot 2

The Bitcoin Investment Trust from GBTC (on the OTCQX Off-exchange, via Spot 2

Grayscale ticker) registered dealers

XBT Provider ETN CXBTF Nasdaq Stockholm Stock  Spot 25

Exchange
WisdomTree Bitcoin ETP BTCW SIX Swiss Exchange Spot  0.95
CI Galaxy Bitcoin ETF BTCX Toronto Stock Exchange ~ Spot  0.45

Source: Bitcoin Market Journal

Table 2.
ETFS about Bitcoin.
Contract unit 5 bitcoin, as defined by the CMECF Bitcoin Reference Rate [BRR]
Minimum price Outright: $5.00 per bitcoin = $25.00 per contract
fluctuation Calendar Spread: $1.00 per bitcoin = $5.00 per contract
CME Globex: Sunday-Friday 6:00 p.m. — 5:00 p.m. ET (5:00 p.m. — 4:00 p.m. CT)
with a 60-minute break each day beginning at 5:00 p.m. ET (4:00 p.m. CT)
Trading hours CME ClearPort: 6:00 p.m. Sunday to 6:45 p.m. Friday ET (5:00 p.m. — 5:45 p.m. CT)
with a 15-minute maintenance window between 6:45 p.m. - 7:00 p.m. ET (5:45 p.m. —
6:00 p.m. CT) Monday-Thursday.
Product code Outright: BTC
Listing cycle Six consecutive monthly contracts inclusive of the nearest two December contracts.
Table 3.

Characteristics of the Bitcoin futures contract. CME.

Contract unit 50 ether

Price quotation US dollars and cents per ether

CME Globex: Sunday-Friday 6:00 p.m. — 5:00 p.m. ET (5:00 p.m. - 4:00 p.m. CT)
with a 60-minute break each day beginning at 5:00 p.m. ET (4:00 p.m. CT)

Trading hours CME ClearPort: 6:00 p.m. Sunday to 6:45 p.m. Friday ET (5:00 p.m. — 5:45 p.m. CT)
with a 15-minute maintenance window between 6:45 p.m. - 7:00 p.m. ET (5:45 p.m. —
6:00 p.m. CT) Monday-Thursday.

Minimum price Outrights: $0.25 per ether = $12.50 per contract

fluctuation Calendar spreads: $0.05 per ether = $2.50 per contract

Product code ETH

Listed contracts Six consecutive monthly contracts inclusive of the nearest two December contracts.

Settlement method Yes, five contracts minimum

Final settlement Last Day of Trading is the last Friday of contract month, Trading in expiring futures
day terminates at 4:00 p.m. London <?> Day of Trading.
Final settlement Delivery is by cash settlement by reference to the final settlement price, equal to the
price CMECF <?> Reference Rate on the last day of trading.

Table 4.

Characteristics of the futures contract on Ethereum.cme.
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Figure 1.
Open interest and volume of Bitcoin futures contracts.
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Figure 2.
Open positions on Bitcoin in different instruments. Source: Fireblocks and COINGLASS.

Investment via ETFs has several advantages over direct investment, as proposed
by Kaushik [3]. As an illustration of these possibilities, Tables 3 and 4 present the
main characteristics of futures contracts on Bitcoin and Ethereum listed on the
Chicago Mercantile Exchange (CME).

With regard to the liquidity of operations in Bitcoins, Figure 1 presents the trading
volume and open interest data in futures contracts traded in Chicago.

Many cryptocurrency investors, however, prefer alternative access options to
traditional futures, as depicted in Figure 2.

As for the correlation with other asset classes and the risk-return trade-off, in the
next section, we will conduct a specific analysis of Bitcoin and its effects on its
inclusion in investors’ portfolios.”

2 In Kriickeberg and Scholz [4], a thorough analysis of cryptocurrencies as an asset class is conducted.
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2. Introduction to the analysis methodology

The emergence of Bitcoin and other cryptocurrencies and their rapid success as
destinations for the investments of hundreds of thousands of investors raises the
question of how the inclusion of positions in Bitcoins and other cryptocurrencies
influences the risk-return trade-off of a portfolio.

Estimating the profitability of different financial assets in which one can invest is a
key consideration in portfolio construction. There are many definitions of the
profitability of financial assets, as well as different definitions for each type of asset
(fixed income, equities, derivatives, etc.), each with its different valuation
methods. Among the more generic and commonly used definitions of the
“profitability of a financial asset or security,” we highlight the one that states that the
profitability of an asset is “the income generated by an investment, expressed as a
ratio or percentage.”

If we consider the time at which the asset is valued, we can distinguish between:

* Ex-post or historical veturn: this is the return obtained once the transaction is
liquidated. This return is known with certainty, as the investment has already
been settled. It has no risk because the data is known with certainty. There are
multiple academic studies that focus on the analysis of this concept of return for a
particular class of assets. In this chapter, we will also analyze the historical
returns that investors have obtained with their positions in different
cryptocurrencies. Obviously, as stated in financial advertising, past returns do
not guarantee future returns. In any case, financial doctrine and practice advise
us to study these returns as what seems more stable are the performance
differentials between asset classes.

o Ex-ante or expected return: this is the estimated return before making the
transaction and, therefore, the expected return. The expected return is a random
variable that will take different values depending on different scenarios in the
future. The statistical measure of the expected return is the mathematical
expectation, while the variance and, particularly, the standard deviation will
measure the risk borne by the investment.

To determine historical returns, we must set the review period, which we will call
“t.” In general, the so-called simple return is used as a measure of ex-post return. In
this sense, we must reiterate that investors know in advance the return obtained in the
past for individual assets. Therefore, the historical return on assets is a magnitude
known with certainty.

Generally, the return of asset

[7232)
1

in the period “t” will be:

_ Pt+1 - Pt + dt

Ri
i P,

ey

Where:
R; = return or yield of asset “i”.
P.,1 = selling price of asset “i” at the end of the considered period.
P, = purchase price of security “i”.
« = intermediate cash flow received from holding the asset (dividends, coupons, etc.).
In the case of cryptocurrency investment, this component is zero.
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In our analysis of cryptocurrencies, the analysis period will be daily. From daily
data, it is trivial to obtain monthly, annual, etc., return data. From these data, we will
obtain annualized data for the different assets considered in our analysis to infer the
effect of including cryptocurrencies in a portfolio of risky assets.

The other parameter to consider is the risk of assets and portfolios. The most
widely used definition by financial markets is that “the risk of an asset is the degree of
uncertainty about obtaining the expected return on its financial investments.” In this
definition, it is considered that risk reflects any variation in this return, whether what
we obtain is higher than expected or lower.

There are many ways to assess these potential variations in the return of an asset,
with variance being the most commonly used statistical measure. Variance is a mea-
sure that expresses the sum of the squares of the deviations of the return of a security
from its expected return or its historical return. In our analysis, we will estimate it
based on historical data, so we will obtain an estimate of historical volatility.

The most used measure in finance as a risk measure is the standard deviation,
which is the square root of the variance and is known in markets as volatility. It is a
statistical measure expressed as a percentage and therefore comparable to the
other measure we will use, such as return. We refer to this measure as “absolute
volatility” because it indicates in absolute value the dispersion of the data that has
led to historical returns.? If we extend the calculation of these concepts to a
portfolio, the return and risk of a combination of assets are obtained by the following
formulas:

R, = X3pRs + XopRo + .. + XopRp = T XpR )
Where:
* R, = certain return or yield of Portfolio P.
* Xips Xops - s Xnp = percentage distribution of Portfolio P.
* Ry, Ry, ..., Ry, = certain returns obtained from each security in Portfolio P.
And for risk,

op” = X Xy Xjp 6 = Z X1p” 05> + Z Xip Xp 05 (3)

(For all i different from j)
Where:

* Xips Xops -y Xnp = weight of each asset in Portfolio P.

* o; = covariance between the returns of asset i and asset j. Therefore, o is the
variance of the returns of asset i.

? Regarding the risk-return characteristics of Bitcoin, the work of Chaim and Laurini [5] provides valuable
insights. Additionally, Chan et al. [6] analyze stochastic distributions that best fit the return series of

various cryptocurrencies.
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It can be observed that the risk of a portfolio is the sum of the risks of individual
assets weighted by their squared weight, plus the sum of the product of the weights of
each pair of assets multiplied by their covariance. We know that covariance is equal to:

Gij = Gi.0j.Pjj (4)

Where:
o; is the standard deviation of security i
pj is the correlation coefficient between i,j

In this breakdown of the covariance calculation, we see the importance of the
correlation between the returns of assets in the diversification of portfolios. This idea
already appears in the early works of the Modern Portfolio Theory, initiated by
Markowitz [7].* In the field of finance professionals, the importance of seeking
uncorrelated profitable assets to build portfolios began in the 1970s when knowledge
of the Modern Portfolio Theory began to spread. The quest for low correlation
explains the trends of:

* Internationally diversifying portfolios since the 1970s.
¢ Investing in commodities-linked instruments since the 1990s.

* The growing interest of professional investors in “absolute return” investments
such as hedge funds since the late 1990s.

As we will explore and analyze, Bitcoin and cryptocurrencies have had a very low
or even negative correlation in certain periods with traditional asset classes. This
explains why, for many investors guided by quantitative asset management models,
this new asset class is very interesting, and they begin to incorporate it into their
portfolios.

On the other hand, we should note that most empirical analyses conducted on the
effect of including Bitcoin in portfolios use the original version or modified versions of
the so-called Markowitz model [7]. Therefore, we believe it is useful to conduct a brief
analysis of this model, the cornerstone of Modern Portfolio Theory.

The main contribution of H. Markowitz is to have incorporated into his model the
fundamental characteristics of the “rational behavior of the investor,” consisting of
seeking a portfolio distribution that maximizes returns for a certain level of risk or
minimizes risk for a specific return. This process is called the search for efficient
portfolios.

The investor has to choose a specific return-risk combination, depending on
whether they prefer to achieve more profits by taking on higher risk or by being
exposed to lower risk with less profit. The return or yield of the portfolio that an
investor expects to obtain in the future is measured, as explained earlier, by the
mathematical expectation of the portfolio’s return. Risk is measured by the standard
deviation or standard deviation of expected returns.

H. Markowitz’s model is also known as the Mean-Variance Decision model. In this
context, H. Markowitz’s fundamental objective was to graphically and analytically

* The pioneering work of Markowitz is complemented in his 1958 publication.
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demonstrate (linear programming) the relationship between investor expectations
(their attitude toward risk) and the choice of an optimal portfolio, always taking into
account the two parameters of expected return and risk existing in the market.

The Markowitz model is based on the following assumptions:

1. The return of any asset or portfolio is a subjective random variable, whose
probability distribution for the reference period is known by investors. The
expected return of the investment is accepted as the measure of the expected
return of this random variable.

E [Rp ] = Xip E[Rq] + Xop E[Ry] + ... + Xyp E[Ry] = Z Xjp E[R|] (5)

Where:
* Xips Xaps - » Xpp = Weight of each asset in Portfolio P.
* E[Rp], E[Rq] ... E[R;] = expected return of the portfolio, asset 1, asset i

2.The measure of risk is the dispersion of returns, measured by the variance or
standard deviation, of the expected return, whether of an individual asset or a
portfolio.

op° = Xyp’ 01> + = Xjp Xjp 0 (6)
Where:
* Xips Xap, - » Xnp = Weight of each asset in Portfolio P.

* o; = Covariance between the returns of asset i and asset j. Therefore, o;” is
the variance of the returns of asset i.

3.The investor’s utility function is a function only of the expected return and risk,
provided there is rationality in the investor’s economic decision-making;

U=rf (E[RP }’ 6P2> @)

The investor’s behavior leads them to prefer portfolios with higher returns and
lower risk. Investors prefer to maximize the return on their investment and minimize
the risk they must bear. Moreover, as the expected return of the portfolio increases,
the utility for the investor increases, and as the risk increases, the utility for the
investor decreases.

These three hypotheses or basic assumptions are the basis of H. Markowitz’s
theory, and they are fulfilled when the probability distribution law followed by the
random variable R;, is completely defined by these assumptions or when the investor’s
utility function is a quadratic function.

> This theoretical approach is explained in any finance and/or investment management textbook. In my
opinion, the analyses conducted in Elton and Gruber [8] chapters 2-4, Bodie et al. [9] chapters 5 and 6, and
Francis and Kim [10] chapters 5 and 6 are very illustrative.
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Markowitz’s goal with his model was to define and obtain the best portfolio or
optimal portfolio for each investor. The optimal portfolio is the best one among all
that can be formed considering the expected returns of the market and their attitude
or aversion to risk. Therefore, the optimal portfolio for one investor may not be
optimal for another.

To solve the problem of obtaining efficient portfolios, Markowitz uses a paramet-
ric linear optimization model, which can be formulated in two different ways:

(a) For a given value of risk, maximize the expected return:

Maximize E [R, | = Xip E[Rq] + Xop ERy] + ... +Xup ERa] =X, ERi]  (8)
The constraints are:
1. Parametric constraint: the assumed risk
op° = X1p” 07 + Z Xjp Xjp 03 = V* ©)
where V* is the value of risk the investor is willing to assume.

2.Investment budget constraint:

le + sz + ...+ an =1 (10)

3.Non-negativity condition®:
X1p§ X2p; ;an >0 (11

The result for each value of V* (assumed risk) is a portfolio composition (x1p, X2p,
. » Xpp), which, when substituted into the objective function, provides the maximum
expected return for that level of risk. Each assumed level of risk will provide a
different portfolio composition (%1p, Xap; ... » Xnp) that is efficient. Thus, the set of
efficient portfolios will form the efficient portfolios frontier, commonly called the “effi-
cient frontier.”

The optimization procedure can be done with a second approach:

(b) Given a certain expected return level, minimize the risk for that return:

Minimize 6,> = X X3, i + £ X Xjp 0 (12)
The constraints are:
1.Parametric Constraint: The expected return of the portfolio.

E [R, | = Xip E[Rq] + Xop E[Ro] + ... +Xup E[Ry] = = Xjp E[R] = E* (13)

® In modern applications of the Markowitz model, the budget constraint and the non-negativity constraint
on weights are sometimes not considered due to the possibilities of taking "short" positions in assets and the

leverage that can be achieved using derivatives, for example.
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Where E* is the expected return the investor wants to achieve, and thus the
optimization problem must be solved with it.

2.Investment budget constraint

Xip + Xop + oo + Xnp =1 (14)

3.Non-negativity condition
le;XZP; ---;anZO (15)

The result for each value of E* is a portfolio composition (Xip+ Xop+ ... + Xp),
which, when substituted into the objective function, provides the minimum risk of
the portfolio for that specific level of return. The set of efficient portfolios will form
the efficient frontier.

A portfolio is said to be efficient if there is no other portfolio that provides a
higher return for the same level of risk or that provides a lower risk for the
same return. Such portfolios are graphically located at the upper end of the
possible portfolio space so that the set of all efficient portfolios forms a curve
commonly called the “efficient frontier.” The efficient frontier has a parabolic shape,
as seen in Figure 3.

The analysis of the positive effects that cryptocurrencies, such as Bitcoin, can have
on investors’ portfolios must objectively determine, based on optimization models,
whether this asset class should be present in the composition of efficient portfolios. As
we will discuss, this has already been investigated by various authors who generally
conclude that cryptocurrencies improve (shift upward and to the left) the efficient
frontier for investors.
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Figure 3.
Graphical representation of the efficient frontier in portfolio analysis.
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3. Analyses have been conducted on the diversification effects in Bitcoin
and cryptocurrency portfolios

In Gangwal [11], one of the initial analyses of the positive effects of introducing
Bitcoin into portfolios” is found, conducted at a simple and introductory level. One of
the most comprehensive pioneering studies on the effects of including Bitcoin in a
portfolio of financial assets was conducted by Katjazi and Moro [13], using monthly
data from January 31, 2012, to January 31, 2017. The asset classes used in the analysis
are listed in Table 5. The selected asset classes include gold, equities, fixed income,
money markets, commodities, real estate, and even alternative investments through a
hedge fund index. These authors approach the analysis of the effect of including
Bitcoin from the perspective of an investor based in the USA, the eurozone, or China.

Name Mnemonic Asset class
United BTC-USD-Index billus Cryptocurrency
States S&P U.S. TREASURY BILL INDEX billus Money Market
S&P U.S. TREASURY BOND INDEX condus Fixed-income
DOW JONES EQUAL WEIGHTS U.S. ISSUED corpus Fixed-income
CORPORATE BONDS
S&P WCI GOLD (ER) gold Gold ETF
S&P 100 sp100 Equity (large
cap)
S&P 500 sp500 Equity (mid
cap)
S&P 600 spsml Equity (small
cap)
S&P WCI wcig Commodities
DOW JONES U.S. REAL EASTATE INDEX resus Real Estate
Global hedge fund index hfrx Alternative
Dow Jones FXCM Dollar Index usdollar Currency
Europe BTC btceur Cryptocurrency
S&P Pan-Europe Developed Sovereign Bond Index condeu Fixed-income
S&P Eurozone Investment Grade Corporate Bond Index corpeu Fixed-income
S&P WCI GOLD (ER) gold Gold ETF
S&P EUROPE 350 sp350eu Equity
S&P WCI Europe wcie Commodities
Dow Jones Europe Select Real Estate Securities Index reseu Real Estate
Global hedge fund index hfrx Alternative
S&P EURO Futures Index Spot speuf Currency

7 In Gasser et al. [12], one can find one of the first analyses of this issue. The problem is that at the time of
conducting the analysis, there were few data available, and the first months of Bitcoin's operation are
included, which may distort the results.
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Name Mnemonic Asset class
China BTC-CNY-Index btceny Cryptocurrency

S&P CHINA GOVERNMENT BILL INDEX billen Money Market

S&P CHINA SOVEREIGN BOND INDEX condcn Fixed-income

S&P CHINA CORPORATE BOND INDEX corpcn Fixed-income

S&P WCI GOLD (ER) gold Gold ETF

S&P CHINA A 100 INDEX (RMB) spc100 Equity (large
cap)

S&P CHINA A 200 INDEX (RMB) spc200 Equity (mid
cap)

S&P CHINA A SMALLCAP INDEX (RMB) spesml Equity (small
cap)

S&P WCI ASIA wcia Commodities

Guggenheim China Real Estate ETF (TAO) tao Real Estate

Global hedge fund index hfrx Alternative

USDCNY Exchange rate (holding USD as investment) usdeny Currency

Source: Katjazi and Movo [13].

Table 5.
Asset classes used in the study by Katjazi and Morvo.

Additionally, they propose four optimization scenarios using the Markowitz
approach discussed earlier:

1.Equitably distributing the portfolio among the various possible asset classes. This
alternative does not aim to identify an optimal investment portfolio but to verify
whether, in the case of Bitcoin, what was stated by Demiguel et al. [14] holds
true—that an equally weighted portfolio behaves similarly to an optimized
portfolio in terms of mean-variance, using the well-known Sharpe performance
ratio. This ratio, developed by Nobel laureate economist Sharpe [15], is defined
by the expression:

S = (16)

Where:

* S: is the Sharpe ratio.

* R:is the portfolio/asset return to be analyzed.
¢ Rg is the risk-free asset return.

* ¢ is the standard deviation of portfolio returns.

2. All weights in the portfolio are positive, meaning no short positions are allowed
in any asset class.
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3.Short positions are allowed without leverage, meaning all weights w; must be
between —1 and 1, and the sum must equal unity. In this case, the possibility of
leverage on assets is restricted.

4.Short positions are allowed with the rule of the previous alternative, except for
Bitcoin, which cannot be included as a short position.

For the three economic areas considered in the analysis, Bitcoin appears as the
most profitable asset class. Additionally, they propose an analysis where the portfolio
is reviewed monthly to dynamically analyze the effect of Bitcoin on portfolios. In
Table 6, we present, for simplicity, only the results for the European investor. It can
be verified that, in an optimized portfolio, particularly in portfolios without leverage
and without short positions, Bitcoin becomes a relevant asset for Eurozone investors.

Although there are a couple of months where the optimized portfolio takes short
positions in Bitcoins, in general, a positive exposure is always adopted. The conclu-
sions of the analysis are as follows [13]:

1.The inclusion of Bitcoin improves the profitability of portfolios in most cases.

2.0Only in some cases of optimization from the perspective of U.S. and Chinese
investors does the inclusion of Bitcoin worsen the profitability of portfolios.
According to these authors, this happens in 3 out of the 21 scenarios analyzed.

Subsequently, Bakry et al. [16] conducted a very interesting analysis from the
perspective of an American investor, using variables similar to those in the study by
Katjazi and Moro [13] and adding others such as the Baltic Exchange Dry Index (BDI),
considered a good indicator of real economic activity, and an index linked to the
energy sector, DJUBENS (Dow Jones-UBS Energy Spot Subindex). The time period
used to build the database was from August 2011 to May 2021 with weekly observa-
tions, which means using 508 observations for each variable.

Semi-annual BTC weights

Portfolio Long-only (%) Semi-C. (%) btc > 1 (%)
Jun-13 35.46 11.52 11.52
Dec-13 17.53 6.82 6.82
Jun-14 16.25 1.39 1.39
Dec-14 0.28 0.01 0.01
Jun-15 0.00 —2.02 0.00
Dec-15 55.05 —2.37 0.00
Jun-16 26.15 1.26 1.26
Dec-16 56.31 1.71 1.71
Bitcoin mean 25.88 2.29 2.84

Source: Katjazi and Movo [13].

Table 6.
Dynamic inclusion of Bitcoin in the portfolio of a European Investor.
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Their analysis approach starts with the typical mean-variance optimizer proposed
by Markowitz [7], using the Sharpe ratio as the variable to maximize. The conclusion
these authors reach is that Bitcoin represents an asset class with a positive diversifica-
tion effect in portfolios. This is because the risk-return or performance® combination
of portfolios that include this cryptocurrency is better than that obtained with port-
folios without the cryptocurrency.

Additionally, the study by Kim [17] also confirms the positive effects of including
cryptocurrencies in investor portfolios.

Finally, we must refer to the study by Liu [18], which analyzes the characteristics
for investors of portfolios composed only of cryptocurrencies. Obviously, it does not
make sense for an investor to only invest in crypto-assets, but analyzing the diversifi-
cation effects within this investment universe is useful. The data used in the study
includes daily prices from August 7, 2015, to August 8, 2018.

In Figure 4, we present the correlation matrix between the returns of the
cryptocurrencies included in the analysis. Interestingly, the correlations are not very
high, so if this characteristic holds over time, the diversification benefits among
cryptocurrencies will be notable.

Based on these data and those related to the performance and volatility of the
different cryptocurrencies analyzed, Liu [18] constructs an efficient frontier for this
asset class, which we reproduce for its interest in Figure 5.

As observed in Figure 5, neither Bitcoin nor Ethereum is on the efficient frontier,
implying that there are theoretical potential benefits for investors who explore the
possibilities of other cryptocurrencies present in the market.

It is also true that expanding the range of investment assets to lesser-known
cryptocurrencies dramatically increases the risk of fraud, operational risks, liquidity
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Figure 4.
Correlations between cryptocurvency veturns. Source: Liu [18], p. 202.

8 In the language of portfolio management, performance is the measure of risk-adjusted return that allows
us to compare portfolios exposed to different levels of volatility. See Bodie et al. [9], chap. 20.
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Efficient cryptocurvency frontier. Source: Liu [18], p. 203.

risk, etc., issues that cannot be adequately captured by quantitative portfolio optimi-
zation models.

On the other hand, Lotho et al. [19] analyze the effects of including crypto assets in
a portfolio of a South African investor, an example of an investor based in an emerg-
ing market. The results are spectacular, as shown in Figure 6.

The blue line represents the efficient frontier using traditional asset classes and
alternative investments except for cryptocurrencies. The red line shows the efficient
frontier when considering the possibility of investing in cryptocurrencies through the
CRIX index. This index is calculated in real-time by the Chair of Statistics Ladislaus
von Bortkiewicz at Humboldt University, Berlin, Germany, supported for this pur-
pose by professors from Singapore Management University. The index is composed of
the 10 most relevant cryptocurrencies.

There is no doubt that the positive results in terms of risk-return performance
from including crypto assets in portfolios are remarkable in all analyzed studies. An
important question that we will later examine is whether these results can be sustained
over time.

4. Empirical analysis from the perspective of a European investor

To test the hypothesis that Bitcoin, Ethereum, and, by extension, other
cryptocurrencies have positive effects on the risk-return profile of financial asset
portfolios for European investors, we conducted an empirical study based on the
following methodology and databases.

Regarding the data, we considered daily observations of the following indices and
prices from July 18, 2010, to December 31, 2021, for Bitcoin and from January 18,
2018, to December 31, 2021, for Ethereum.

To represent other risky asset classes, we selected the following indices:

* Future price of gold on CME expressed in dollars.
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Efficient Frontier and Optimal Portfolio
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Figure 6.
Effects of including crypto assets for a South African investor. Source: Lotho et al. [19].

* Bitcoin price expressed in dollars according to the COINBASE platform.
* Ethereum price expressed in dollars according to the BIBOX platform.
* Standard & Poor’s 500 index from the U.S. stock market.

* EUROSTOXX 50 index from the European stock market.

* EONIA interest rate index for day-to-day money market operations in euros. It is

a proxy for the risk-free interest rate for European investors.
* Day-to-day interest rate index for the U.S. dollar.

* Dollar/euro exchange rate.

We obtained data for stock market indices, gold futures, and cryptocurrency
prices from the INVESTING.COM portal. The interest rate and exchange rate data
come from the BLOOMBERG database.

The performance data of the two cryptocurrencies against other risky assets pro-
vide a profile of much more profitable assets, although, as we will see later, with very

high risk (Table 7).

The level of risk is measured through the standard deviation of the daily returns of
different assets, subsequently annualized. The data obtained for this variable for the

last two years are presented in Table 8.

It is evident that the high returns of cryptocurrencies were achieved at the cost of
assuming high volatility. To complete this descriptive analysis, we have estimated the
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Fecha Gold (%) S&P (%) EuroStoxx50 (%) Bitcoin (%) ETH (%) Eonia USD 1D USDEUR
Index (%) Index (%) (%)
1YEAR —4,471 25,054 20,992 55,577 372,418 —-0,007 —0,001 —6,837
2 YEARS 16,803 48,236 14,773 550,385 2787,572  —0,060 -1,504 1,499
SYEARS 48,319 122,140 30,630 5106,415 - -0,178 —0,640 8,197
Table 7.

Performance in Euros of the analyzed assets.

Volatility 2021 (%) Volatility 2020-2021 (%)
Gold 15,038 19,017
S&P 13,067 26,115
EuroStoxx50 15,076 25,206
Bitcoin 77,098 73,477
ETH 97,587 92,881
Eonia Index 0,061 0,056
USD 1D Index 0,511 1,054
USDEUR 5,831 6,759

Table 8.
Volatility data of analyzed assets.

Sharpe ratio of the risky assets considered in our analysis, taking the EONIA return as
the risk-free return. To avoid favoring cryptocurrencies, we exclusively used data
from 2021. The data is presented in Table 9.

To complete the analysis, we also estimated for each asset class from the beginning
of Bitcoin on July 18, 2010, until December 31, 2021, except for Ethereum, whose data
starts on January 18, 2018. Based on this widely used ratio in the markets, it is clear
that cryptocurrencies present a great appeal in terms of the risk-return trade-off they
offer for any European investor. It is noteworthy that, among the chosen asset port-
folio, Bitcoin is the most attractive from its appearance date.

Moreover, it is crucial to understand the correlations between the returns of risky
assets and cryptocurrencies to decide on the portfolio composition.

In Table 10, we present these correlations for the year 2021 and the period 2021-
2022.

Sharpe Ratio Historical profitability Historical Vol Historical sharpe
2021 (%) (%) Ratio
Gold —0,24 4,20 24,00 0,17
S&P 0,96 12,72 17,16 0,74
EuroStoxx50 0,83 2,99 20,50 0,15
Bitcoin 0,76 196,53 131,96 1,49
ETH 4,01 38,66 83,42 0,46

Table 9.
Sharpe ratio for the European investor of different asset classes.
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A relevant question is the timeperiod to consider for estimating correlations. In this
case, the furthest initial date should be taken as July 2015, as Ethereum was introduced
in that month. Additionally, in the early years of cryptocurrency operation, factors
could bias their correlation downward and obviously alter their return and risk
parameters. These factors include:

* Investors’ lack of awareness of the investment attractiveness of cryptocurrencies.
* Lack of liquidity in cryptocurrencies.

* The initial segmentation of the cryptocurrency market to investors and economic
agents seeking fiscal and financial “opacity,” etc.

These factors likely alter the distribution of returns of these assets. From 2020
onwards, we can consider that well-known cryptocurrencies such as Bitcoin and
Ethereum are integrated into the universe of potential investment assets for millions
of investors worldwide, and their returns should be more representative of possible
future behavior than returns from previous years.

In any case, we have studied the evolution of the correlation between Bitcoin
and stock market assets based on different analyzed studies. In Figure 7, we represent
the evolution of the correlation between the price of Bitcoin in US dollars and the
SP500 index.

Regarding the relationship between Euro-denominated Bitcoin returns and Euro-
pean equities, the correlation increases from the value obtained of 0,145 in the study
by Katjazi and Moro [13] to the value of 0,295 in Table 10. A significant increase in
Bitcoin correlation over the last two years can be observed compared to the analysis of
a more extended period. This is logical as Bitcoin becomes more integrated with the
rest of the financial asset markets. Regardless of the comments we will make later on
the future of cryptocurrencies as an asset class, investors should assume the hypothe-
sis of an increase in future Bitcoin correlation with equities as crypto assets become
more integrated with publicly traded stocks.

0,35 0,334

0,244

0,107
0,05

1/2012-12/2017 KATJAZI 8/2011-5/2021 BAKRY RT AL 1/2020-12/2021 LAMOTHE
MORO

Figure 7.
Evolution of the correlation between Bitcoin and the SP 500 Index.
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PROFITABILITY (%) RISK (%)
DIVERSIFICATION NAIF 31,65 23,17
OPTIMA RATIO SHARPE 47,46 17,74
MIN VARIANCE -0,10 0,58
MIN VARIANCE 5% 5,00 1,87
MIN VARIANCE 10% 10,00 3,74
MIN VARIANCE 20% 20,00 7,48
MIN VARIANCE 30% 30,00 11,21
MIN VARIANCE 40% 40,00 14,95
Table 11.

Performance and risk of optimized portfolios.

With the mentioned data, we conducted different portfolio optimization exercises.

Specifically, we constructed the following portfolios:

* A portfolio with “naive” diversification, equally weighting different asset classes.

* Minimum variance portfolios for different levels of return without short positions.

* The portfolio that allows obtaining the maximum Sharpe ratio.

We did not consider portfolios with short positions as they are not the usual
strategy for common investors.

The results in terms of returns and risks for the optimized portfolios are shown in
Table 11. The return is expressed in updated terms, and the risk is the updated
standard deviation of that return.

What is very interesting is the analysis of the portfolio composition. These portfo-
lios always consist of positions in low-risk assets (money markets in euros and dollars)
with positions in Bitcoin, as shown in Table 12.

ASSET NAIF MIN MIN VAR MINVAR MINVAR MINVAR SHARPE
(%) VAR (%) 10% (%) 20% (%) 30% (%) 40% (%) (%)
Gold 12,50 0,00 0,00 0,00 0,00 0,00 0,00
S&P 12,50 0,00 0,00 0,00 0,00 0,00 0,00
EuroStoxx50 12,50 0,00 0,00 0,00 0,00 0,00 0,00
Bitcoin 12,50 0,03 5,09 10,18 15,26 20,35 24,15
ETH 12,50 0,00 0,00 0,00 0,00 0,00 0,00
Eonia Index 12,50 39,22 85,31 70,86 56,41 41,96 31,05
USD 1D 12,50 52,76 9,61 18,97 28,33 37,68 44,80
Index
USDEUR 12,50 7,99 0,00 0,00 0,00 0,00 0,00
100,00 100,00 100,00 100,00 100,00 100,00 100,00
Table 12.

Composition of optimized portfolios.
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Even the minimum variance portfolio has a slight position in Bitcoins. In other
words, given the excellent performance of Bitcoin in the two years analyzed, investors
would use it as the risky asset to include in their portfolios. Conventional risky assets,
such as equity assets, would not be of interest to investors.

Our results align with those obtained in other empirical analyses. For example, in
the study by Katjazi and Moro [13] for European investors with portfolios without
short positions, the average Bitcoin investment is 25.88% for the period June 2013 to
December 2016. Interestingly, this position is less relevant for investors with the
dollar as the base currency, as the average weight of Bitcoin in portfolios only reaches
5.47% for the same period.”

Empirical data are decisive regarding the appeal of Bitcoin and, by extension, other
cryptocurrencies as an asset class. The significant question is whether this appeal is
merely circumstantial and will eventually fade, making investors less concerned about
this new asset class. In the next section, we will try to address, at least partially, these
questions.

5. Can the appeal of cryptocurrencies be considered structural?

Doubts arise regarding the excellent performance of Bitcoin and other
cryptocurrencies as an asset class based on two analytical approaches.

The first assumes that Bitcoin and crypto assets are nothing more than another
episode of speculative bubbles in the market, akin to the tulip bulb mania in the
seventeenth century.

The second approach links Bitcoin and cryptocurrency return to the outstanding
performance of so-called technology stocks. This perspective suggests that investing
in Bitcoins is a variant of investing in technology.

6. Is Bitcoin a new episode of speculative bubble?

As observed in Figure 8, some authors compare what happened with Bitcoin
in recent years with the historical evolution of other assets that generated “price
bubbles.” Figure 8, taken from The Economist magazine, is a good example of the
hypothesis that Bitcoin was experiencing the formation and subsequent bursting of a
new speculative bubble in 2017. The truth is that the bubble burst predicted by the
chart for 2017 did not occur at all. Four years later, Bitcoin multiplied its price several
times compared to the 2017 level.

Indeed, there are several academic works that insist on the idea that Bitcoin
and other cryptocurrencies are just another variant of speculative bubbles in market
history.

Chea and Fry [20], in one of the earliest academic analyses of Bitcoin,°
concluded that:

* Bitcoin and other cryptocurrencies are assets prone to experiencing price

bubbles.

° For Chinese investors, the weight would also be lower by 7.17%.
' The idea that there was a speculative bubble in Bitcoin is already present in Dowd [21].
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* The “bubble” content within the price of Bitcoin is very high.
* The fundamental value of Bitcoin is zero.

Professional cryptocurrency specialists such as Parker [22] modeled the phases of a
bubble burst, as shown in Figure 9, following the model by Rodrigue et al. [23], which
has become the paradigm for explaining the evolution of bubbles."

It is challenging to fit the evolution of Bitcoin into the bubble model proposed by
Rodrigue et al. [23] for any speculative asset. For example, in Rodrigue’s model,
institutional investment begins acquiring the speculative asset before the general
public does. As mentioned earlier, institutional investors in developed markets have
started showing interest in Bitcoin after hundreds of thousands of individual investors
have already invested in crypto assets. Cryptocurrencies have experienced a signifi-
cant price adjustment this year due to solvency issues with “stablecoins” like TERRA
LUNA, but as of the time of writing, they are in a recovery phase.

l Not forever blowing
Historical asset bubbles, multiple of starting price* on relevant exchange

60
50

Bitcoin (2017)

40
30
20
10

Mississippi (1719)

Dutch tulip bulbs? (1637)

Dotcom (2000)
1 7 = T T T

v
3 2 1 0 at 2 3
Years from (peak)

Sources: “New Evidence on the First Financial Bubble”, Rik Frehen, William Goetzmann, *Three years prior or earliest available price
Geert Rouwenhorst: “Famous First Bubbles”, Peter Garber: Thomson Reuters; Bloomberg tPost-peak data unavailable

Figure 8.
Bitcoin vs. other speculative bubbles. Source: The Economist, Abril 2017.
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Figure 9.
Evolution model of a price bubble by Rodrigue et al. [23]. Source: Rodrigue et al. [23].

! Jean Paul Rodrigue, a professor of economic geography, provided a graphical explanation that went
“viral.” It was published around February 2008 in a non-conventional format. See https://commons.
wikimedia.org/wiki/File:Stages_of_a_bubble.png
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It is true that the cryptocurrency market is susceptible to various scams, pyramid
schemes, and other fraudulent activities targeting investors. However, this is not the
case for “serious” cryptocurrencies like Bitcoin and Ethereum.

Regarding the fundamental value of Bitcoin, Podhorsky [24] developed a micro-
economic model of Bitcoin production to estimate it.

The model established that the fundamental value of a Bitcoin is equal to the
equipment and electricity costs of miners in relation to their expected block reward.
This idea of the fundamental value of Bitcoin associated with its mining cost is also
presented in Hayes [25].

The association between the fundamental value of Bitcoin and its production cost
is also behind the popular ratio or coefficient MVRV used by cryptocurrency special-
ists. This ratio was proposed by Mahmudov and Puell [26] and is widely used in the
fundamental analysis of cryptocurrencies.

The MVRYV ratio is the quotient between the capitalization of a cryptocurrency and
the cost incurred for the “mining” or obtaining of its current volume. In other words,
the ratio is equal to MV/RV, where:

* MV = market value. Unit price multiplied by the number of circulating
cryptocurrencies. For example, for Bitcoin, it’s the circulating Bitcoins multiplied
by their price.

* RV = realized value. Cost of extraction, mining, and/or obtaining of all existing
cryptocurrencies at the time of calculation. For Bitcoin, it would be the amount
paid for all circulating Bitcoins. This can be calculated by analyzing data on the
Bitcoin blockchain. It involves tracking when Bitcoins were last moved from one
wallet to another and calculating the price at that moment. Then, all these
obtaining costs are added up to reach the total realized value."

Obviously, this ratio is calculated for a particular cryptocurrency, and its value
gives an idea of whether the price deviates from its production cost. In Figure 10, the
evolution of this ratio is shown according to the financial services company AK
INVESTMENT MANAGEMENT LLC (2021).

According to Elmandjra and Puell [28]," “historically, the price of Bitcoin has had
a ‘ceiling’ when the ratio has exceeded a value of 10.” It seems as if there is a mean-
reversion process for the ratio, which, according to their analysis, would settle at a
value of 3.

In this line of analysis, it is also interesting to explore whether “herding behavior”
occurs in Bitcoin or not. Herding behaviors occur when, generally in times of high market
volatility, investors follow the decisions of the majority of the market without adequately
analyzing what is most suitable for their objectives and needs. In the financial markets,
these behaviors translate into buying when the majority of investors buy or selling when
the majority sells, without relying on specific analysis or relevant evidence.

Obviously, these herd effects fuel the creation of speculative bubbles, and when
investors adopt a pessimistic view, they accelerate the “bursting” of bubbles."* This
has happened in other speculative markets, as shown, for example, in Thoma [30].

12 The value of this ratio can be easily obtained on various websites specializing in cryptocurrencies.
13 Elmandjra and Puell [28], p. 20.
! The relationship between bubbles and herd behavior can be found in the already classic work by

Brunnermeier [29].
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MVRYV ratio evolution. Source: ARK INVESTMENT MANAGEMENT LLC [27].

Bouri et al. [31] conducted an interesting study on this issue for 14
cryptocurrencies, representing 68.36% of the market, in the period from April 28,
2013, to May 2, 2018. Their analysis followed the methodology of Chang et al. [32],
using the Cross Section Standard Absolute Deviation (CSAD) or Cross Section Stan-
dard Absolute Deviation as a proxy for the dispersion of asset returns and the asset
return as a test for herding behaviors.

Herding behaviors generally occur in periods of market stress and strong
price movements. In that context, the relationship between returns and their
dispersion is non-linear. Bouri et al. [31] show that the cryptocurrency market is
subject to herding behaviors that seem to vary over time. The high degree of
correlation in the returns of different cryptocurrencies implies that
cryptocurrency investors imitate the investment decisions of others.

According to these authors, evidence of herding behavior suggests insufficient
portfolio diversification, exposing investors who only hold cryptocurrencies to
additional risk.

Poyser-Calderon [33] conducted a similar study for the top 100 cryptocurrencies
in the COINMARKET database for the same period as the previous authors. The
results are similar to the earlier analysis, with the author concluding that investors
often deviated from the rational asset price analysis model and chose to follow con-
sensus in market stress situations.

On the other hand, Jalan et al. [34] verify the generation of bubbles in different
stocks in recent years, including those issued by listed companies linked to the world
of cryptocurrencies.

7. Are cryptocurrencies an investment alternative to tech stocks?

In Figure 11, we present an interesting graph compiled by the investment bank
Credit Suisse in 2021, showing the apparent high correlation between the price of
Bitcoin in US dollars and the so-called FANG index or FAANG, composed of the
stocks of the five major American technology companies: Facebook, Amazon, Netflix,
Google, and the latest addition, Apple. This index was created by the New York Stock
Exchange and includes the five major technology companies listed on the Nasdagq.
What started as a term coined to encompass the most important American technology
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Figure 11.
Correlation between Bitcoin price and FAANG Index. Source: Credit Suisse (2021).

companies has ultimately become a valid reference index to verify what happens with
major technology companies in the stock markets."

Although the evolution until 2021 has been very similar for Bitcoin and major tech
stocks, there are nuances worth highlighting that do not allow including
cryptocurrencies in a generic tech asset class. For example, Vidal [36] conducted an
interesting study for the triennium 2017-2019 on the risk-adjusted profitability of
major cryptocurrencies compared to the stocks of the most important American
tech companies, components of the FAANG index. As seen in Figures 12 and 13,
the three analyzed cryptocurrencies—Bitcoin, Ether, and Ripple (XRP)—have a
risk-adjusted return worse than tech stocks. The Sharpe ratios are 0.84 for
Ether, 0.81 for Bitcoin, and 0.75 for Ripple. For tech stocks, they presented
Sharpe ratios of 1.59 (APPLE), 1.33 (AMAZON), 1.04 (NETFLIX), 0.95 (GOOGLE),
and 0.76 (FACEBOOK). Except for the last stock, the risk-adjusted performance of

08
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1

Sharpe Ratio
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T T
Bitcoin Ethereumn XRP
Cryplocurrency

Figure 12.
Sharpe ratio for cryptocurrency investment 2017-2019. Source: Vidal [36].

1> Some authors have suggested the existence of a bubble also in technology stocks. See Ozduraka and
Karatag [35].

91



Cryptocurrencies — Financial Technologies of the Future

e
=
B
[
w
a
(=]
T

T T T T
Amazon Appie Facebook Google Netfiix
Stock

0.0

Figure 13.

Sharpe ratio for FAANG Investment 2017-2019. Source: Vidal [36].

tech stocks was better than that of cryptocurrencies, despite the high returns of
cryptocurrencies during the analyzed period.

To study this question, we conducted a comparative analysis between Bitcoin and
the FAANG index for the period from September 30, 2017, to August 20, 2022, i.e.,
the last four years based on INVESTING data. The evolution of both assets, with their
quotation set at 100 on September 30, 2017, is shown in Figure 14.

We can observe how Bitcoin experiences an explosive bullish trend starting from
November 2020, which does not occur with the same intensity in the FAANG index. In
contrast, from November 2021, Bitcoin undergoes a significant correction until August
2022, amounting to 64.81% from its peak, while the FAANG index only corrects by 27.87%
from its highs. Regarding the correlation between both assets, it is only 0.257 based on
monthly return data, making it difficult to assume that they belong to the same asset class.
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Bitcoin vs. FAANG evolution 2017 (Sep)-2022 (Aug).
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Finally, concerning the Sharpe ratio, during the period, Bitcoin provided a ratio of
0.235 based on monthly data, while the FAANG index provided a ratio of 0.264 also
based on monthly data. In other words, technological stocks continue to provide a
higher risk-adjusted return than Bitcoin.

Therefore, empirical evidence allows us to make two conclusions:

1.Investment in cryptocurrencies, especially Bitcoin, has improved the risk-return
trade-off for investors in recent years. However, it cannot be asserted that this
positive effect will persist in the future as the correlation between Bitcoin and
other similar assets increases with conventional investments, and their returns
“normalize.” In fact, Nguyen [37] demonstrates that during periods of higher
uncertainty, such as during COVID-19, the correlation between Bitcoin’s
performance and the performance of the S&P 500 index increased significantly.

2.Bitcoin and cryptocurrencies are not components of the “Tech Stocks” asset
class. While they have had similar behavior in some periods, the volatility of
cryptocurrencies is much higher than that of tech stocks.

Another interesting aspect of Bitcoin investment, according to Kim [38], is that it
is more beneficial to invest in spot positions in Bitcoin than through futures contracts.
In their analysis based on Bitcoin futures market quotes from CME between Decem-
ber 2017 and December 2019, spot positions had an average performance premium of
5.4% compared to futures positions. This differential is explained by the difficulty of
taking “short” positions in the Bitcoin spot market, preventing arbitrage.

Clearly, the emergence of new empirical evidence on Bitcoin and cryptocurrencies
will allow us to confirm these ideas and more precisely assess the effect of their
introduction into investors’ portfolios.
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Chapter 7

Estimating Extreme Value at

Risk Using Bayesian Markov
Regime Switching GARCH-EVT
Family Models

Thabani Ndlovu and Delson Chikobvu

Abstract

In this study, the performance of the Bayesian Markov regime-switching
GARCH-EVT in the estimation of extreme value at risk in the BitCoin/dollar
(BTC/USD) and the South African Rand/dollar (ZAR/USD) exchange rates is investi-
gated. The goal is to capture regime switches and extreme returns to exchange rates,
all to explain and compare the riskiness of BitCoin and the Rand. The Markov chain
Monte Carlo method is used to estimate parameters for the GARCH family models.
Using the deviance information criterion, the two regime-switching GARCH models
perform better than the single-regime GARCH model when modelling volatility of the
two currencies’ returns. Based on the estimated value at risk figures, BitCoin is riskier
than the Rand. At both 95% and 99% levels of significance, the results suggest that the
MS(2)-gjrGARCH(1,1)-GEVD7 and MS(2)-sGARCH(1,1)-GPD7 are the best fitting
models for both BTC/USD and ZAR/USD respectively, at both significance levels. The
backtest confirms model adequacy. This information is useful to local and foreign
currency traders and investors who need to fully appreciate the risk exposure when
they convert their savings or investments to BitCoin instead of the South African
currency, the Rand.

Keywords: Bayesian, extreme VaR, regime-switching GARCH, Markov chain Monte
Carlo, extreme value theory

1. Introduction

Emerging economies’ currencies, like the South African Rand, are considered risky.
Currency risk is defined as the loss in value of one currency relative to another currency
(most commonly against the United States dollar). The abandonment of the Bretton
Wood currency system meant that the currency exchange rate is now determined by
market forces, making it a volatile (risky) asset [1]. Investors’ loss aversion sentiments
imply a greater reaction toward losses than gains [2]. This leads to investors seeking
alternative investments (diversification) to mitigate against potential losses [3]. BitCoin
can be that alternative investment (diversifier) [4].
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BitCoin is also a risky investment due to a lack of regulation and backing by a
central bank [5]. It is still an attractive investment as witnessed by the growth its share
price and volume. Recent studies have shown that BitCoin can be considered an
alternative safe haven asset under certain circumstances [6-8].

The recent global financial crisis (GFC) of 2008 inspired both researchers and risk
practitioners to search for better and more robust volatility models to more correctly
capture financial risk. The models used prior to the GFC of 2008, collapsed in the face
of stresses in the financial market. This has led to the re-visitation of the models
that previously were viewed as brittle or too complicated by practitioners, all in an
effort to improve the ability of the models to capture important volatility stylized
facts [9-11].

The Auto-Regressive Conditional Heteroscedasticity (ARCH) and the Generalised
Auto-Regressive Conditional Heteroscedasticity (GARCH) models are capable of cap-
turing several major properties of a financial time series which are: clustering and
nonlinearity, but the models fall short when the data set contains regime switches
(structural changes) and fat tails. Bauwens et al. [12] showed that volatility predic-
tions by GARCH-type models may fail to capture the true variation in volatility in the
case of structural changes and regime switches in the volatility dynamics. To address
this failure involves allowing the parameters of the GARCH model to vary over time
according to a latent discrete Markov process commonly known as Markov switching
GARCH (MS GARCH) models.

Extreme value theory (EVT) is a branch in statistical modelling that correctly
captures the fat tails. EVT models quantify extreme (large fluctuations) risk. This
branch of statistics was pioneered by Fisher and Tippett [13] and Pickands [14]. EVT
deviates from the normality assumption that was commonly used pre global financial
crisis of 2008 [15]. McNeil and Frey proposed a two stage approach to quantifying
extreme VaR of financial assets. The first stage involved the fitting of GARCH family
models while the second stage involved fitting EVT models to the standardised resid-
uals extracted from the first stage.

In this study we seeks to employ the Markov regime-switching model to investi-
gate the presence of regimes in the volatility dynamics of the returns of BitCoin (BTC)
and the South African Rand (ZAR), both exchange rates are measured against the
United States Dollar (USD). Furthermore, residuals from the Markov regime-
switching models are extracted to fit extreme value theory (EVT) models and to
estimate the extreme value at risk according to the McNeil and Frey [16] two
stage method. The deviance information criterion (DIC) shall be used to select the
best MS-GARCH model. Backtesting techniques shall be used to confirm model
adequacy.

2. Literature review

The Markov switching GARCH models have been widely used in modelling finan-
cial data. Schwert [17] proposed a model that allowed returns switches between a high
and low variance states, determined by a two state Markov process. A discrete latent
variable (following a Markov process) governs the switch in the returns process. The
resultant model adapts faster to variation in the dynamics of the volatility process. )
Danielsson [11] noted that the stochastic process governing the volatility in crisis
times is different from the one that governs in non-crisis periods hence a regime
switching model could improve risk forecasts.
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Hamilton and Susmel [18] and Cai [19] posited an ARCH model with Markov-
switching parameters in effort to capture structural changes of the conditional vari-
ance. Gray [20] presented a tractable Markov-switching GARCH model and the
extensions of this model can be found in Dueker [21], Klaassen [22], Marcucci [23],
Bollen et al. [24], and Haas et al. [25].

Ardia et al. [26], Oseifuah et al. [27], and Xiaofei Wu et al. [28] empirically showed
the supremacy of the Markov-switching GARCH against non-switching GARCH
models in estimating risk measures like Value-at-Risk (VaR), Expected Shortfall (ES),
& left-tail distribution forecasts using financial indices. Since risk measures are better
estimated by a statistical distribution that best describes the returns [11] their findings
suggested that the presence of regimes in the volatility dynamics of the financial
returns is prevalent.

Marius et al. [29] proposed a model for forecasting VaR using a Bayesian Markov-
switching GJR-GARCH [30] model with skewed Student’s-t innovation, copula func-
tions, and extreme value theory. Their empirical findings revealed that their proposed
hybrid model (MS-GARCH EVT) captures VaR reasonably well in periods (regime) of
calm and periods of crisis. According to Li [31] EVT models generally perform better
than historical simulation and GARCH family models in the quantifying risk. How-
ever EVT requires that the data be identically and independently distributed (i.i.d) a
feat that is commonly violated buy the financial time series [11]. To address this
McNeil and Frey proposed a two stage modelling with GARCH correcting non i.i.d
property and EVT capturing fat tails.

3. Methodology
3.1 The regime-switching

Let {r;} be a vector of demeaned log returns of assets understudy such that: E[r;] =
0 and E[r7,] = 0 for [ # 0 and ¢ > 0. According to Ardia et al. [30] the regime-
switching in the conditional variance process can be expressed as:

th(st = k’ Itfl) ~ D(O> 5]%)1’ }/k)’ (1)

where I;_; denotes the information set observed up to time¢ — 1, D (0, oi " yk) is

the distribution of 7, with mean zero, and time-varying variance ai,t and shape
parameters y,. s; is the integer-valued stochastic variable, defined on the space
{1,2, ...,K}, and characterises the regimes. The regimes (R;) are non-overlapping
such that (Ri(\R; = @)for any i #j.

The standardised residuals are defined as:

Ept = Vt/Gk,t ~ D(O, 1, }/k), (2)

and are i.i.d.
The integer-valued stochastic variable, s, is assumed to evolve according to a first-
order Markov chain. A two regime transition probability matrix, P, is as follows

p— [Pn P12}
P Pn
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where p; ; = P[s; =jls;—1 = i] is the probability of a transition from regime 5, =i
tos; =j. For 0 <p,; <1 under the Markov property and Z]K:ﬁ’i,j =1V;;€{1,2, ... K}.

According to Haas et al. [25], o} , is a GARCH-type process with K separate regimes
that evolve in parallel, given by:

O']%)t :f(Vt—b Gi,t,]_: gk) > (3)

where f(.) is a function of the past returns 7;_1, past variance o7, , and 6 is the
regime-dependent vector.

3.1.1 Parameter estimation

Let @ = (P4, 64, ..... Py, Oy, P) represent the vector of the model parameters.
The likelihood function is:

@|gT Hf Vt|@ G- 1) (4)

where f (1|0, G;_1) is the density of 7, given past observations G;_1, and the
model parameters vector . For the regime switching GARCH, the conditional
density of 7, is:

K K
Vt|@ gt 1 Z Zpl',jvi,t—l_fD(Vt‘st :j7 @) gt—l)) (S)

i=1 j=1

where v;;_1 = P(s;_1 =, ©, G;_1) is the Hamilton filtered probability of state i at
the rime ¢t — 1 [18, 32].

This study seeks to apply the Bayesian statistics estimation; that is the likelihood
function is combined with a prior distribution f(©) to get the posterior distribution
f(6|gr) of 6. The posterior form of the distribution is the new belief distribution on

the parameters after observing the data. Ardia et al. [33] proposed:

F(0) =f(P1,61), ... .f(Di, O )f (P)
f (P, O) o< f (Pe)f (k) [{ (P, Ok) € CSC} (k =1, ... K)
F(D)of (<Dk;,u¢k,diﬂtg<oﬁk)> [{(¢, €PCL}(k =1, ... K)

F(O)of (ek s g, diag (ogk)) [{(Bk1> 0,662 >2 (k= 1, ... K)
P)aﬁ ﬁpi’j>|]{0<pi’i<1}, 6)

where CSC}, denotes the covariance-stationarity condition and PCy, the positivity
condition in regime R; .0y ; is the asymmetry parameter and 6y, the tail parameter of
the skewed student’s t— distribution in regime R; .f (*; 4, 2) denotes the multivariate
normal density with mean vector x and covariance matrix X. finally, x. and 62 are
vectors of prior means and variances .
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3.1.2 The regime switching GARCH model is given by

2 2 2
Oy = Qo + 014V q + ﬂkak,tfl, 7)

where k =1, . ..., K regimes, 0 = (ao)k,alyk,ﬁk)T. Parameter restrictions
are agr > 0,1, >0, and p, > 0. To ensure stationarity in each regime, we require
aye + B <L

3.1.3 The regime switching exponential GARCH (EGARCH) model is given by

In(oy,) = a0k + ave (|meya| — B[l al]) + @py 1 + B In(or,_y), (8)

fork =1,....,K, where the expectation E |, ,_4|] is taken with the respect to the
conditional distribution of the regime k. The parameters to be estimated are

O, = (A0k> N> X2 ﬁk)T. Positivity is ensured by the model specification.

3.1.4 The regime switching GIR-GARCH model by Glosten et al. [34] is given by

oy = aog + (a1 + a2 [{r: <ON)r7_; + B0y 1 €

fork =1,....,K, where [|{.} is an indicator function taking the value one, if the
residual is smaller than zero and the value zero if the residual is not smaller than zero.

The parameters to be estimated are @, = (ag, @1 k> Wk /i’k)T. For variance to be
positive, we require that ag >0, a1, > 0,22 > 0 and f, > 0. To ensure stationarity of
each regime, we require that (a1, + @ [[{r: <O})r? | + pror, ,<1.

3.2 Extreme value theory

Let y, be the standardised residuals that are extracted from the GARCH models.
The peak over threshold (POT) data selection approach used to fit the Generalised
Pareto Distribution (GPD), and the block maxima (BM) data selection approach for
fitting the Generalised Extreme Value Distribution (GEVD) are used to model the
standardised residuals from the selected GARCH models.

3.2.1 The Generalised Paveto Distribution (GPD)
Balkema and deHaan [35] and Pickands [14] showed that for a threshold « that is

large enough, the exceedances can be estimated by the GPD. The Generalised Pareto
Distribution is defined as follows:

-1
1— (1+§(yﬁ”)> éifg;éo
Gep(y) = , (10)

{52
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where y>u, y —u is the exceedance, and 0 <y <44, >0, f, ;(y) isa GPD
with the shape parameter or tail index &, a scale parameter $ and a threshold u.
The value of £ shows how heavy the tail is, with a bigger positive value value(£ > 0)
indicating a heavy tail, £ < 0 indicates a bounded tail. £ = 0 indicates a light tail.
The density function is given as:

,17%
%(1—&-@) ifE£0

g.»;,/}()’) = (11)

y—u .
exp| —(=—— ] )ifE=0
P( ( ; >)
Parameter estimation of GPD:

Let u be a sufficiently high threshold, assuming n observations and y such that
y; — u >0, the subsample {y, —u, ....,y, —u} has an underlying distribution of a
GPD, wherey, —u>0foré>0,0<y, —u< —£ 5 then the logarithm of the probability

density function of
y; —uis:

1+¢&
~in(g) - 13 1n(1+‘5( 74)) a0
In(fy, ~ 1)) — \ @)
—In(p) = w)if £ =0

Then the log-likelihood I (&, fly; — u) of the joint density of the n observations is:
SR
—nIn( In(1+4&(~ i 0
Z (7)) e
HE By —u) = ‘ (13)

—nln(p Z(y szfO

One obtains the parameters (¢, §) by maximising the log-likelihood function of the
subsample under a suitable threshold #. Numerical methods are used to arrive at the
maximum likelihood estimates.

3.2.2 The Generalised Extreme Value Distribution (GEVD)
The GEVD is the limiting distribution of normalised block maxima of a sequence

of independent identically distributed random variables [13] and [36]. The GEVD is
given as follows:
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exp{ (1+.§( ))} ifE+£0

AN

Gf)ﬂ,”(y) = > (14)

AN

cp{-exo(-(51))} e

with & # 0,6>0and 1+ &(2£) > 0.

The probability density function, obtained as the derivative of the above distribu-
tion function, is given by:

(1) {0

AN

gf,ﬂ,o‘(y) = N (15)

Lep{ om0 2)) Jon(-5) e 0

where y and o are the location and scale parameters respectively.
The shape parameter £ is also known as the extreme value index (EVI).
Parameter estimation:

Let Y4, ....., Y, are independent block maxima variables following the GEVD, the
log-likelihood for the parameters, when £ # 0, is

—mn(e ( >Zln[l+£j(yl )} Xm:[uas( ”)]_’%ifﬁéo

1=

it [0 4] 50 o

i=1
(16)

Maximisation of the above function with respect to the parameters vector (&, , o)
leads to the maximum likelihood estimates for the entire GEVD family [37].

3.3 Value at risk

To quantify the value at risk, for tail probability p, and total sample size #.

For a GPD with MLEs ([3’, 6, %), threshold # and N,, the number of exceedances,
VaR is given by:

VaR,(y,) = (17)

for a GEVD with maximum likelihood estimates (4, 5, &),
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) ¥
u+§{(§p) —1}if%;«é0

ViR, (y,) = &L\ (18)
u—ﬁln(}%(l—p)) ifE=0

Finally, according to McNeil and Frey [16], the VaR of the asset is computed using
the following formula:

VaR,(r;) = u, + o1:.VaR, (y,), (19)

where is 4, = 0 by demeaning the returns oy is estimated from the volatility model
(Markov switching Generalised Auto-Regressive Conditional Heteroscedasticity (MS-
GARCH)). VaR,(r;) is the p percentile of the standardised residuals. The riskiness of
the asset is expressed through VaR, (y,), hence the modelling of the residuals. This is
especially important when modelling extreme risk.

4, Results and discussions

Quantitative data was collected and modelled so as to achieve the set objectives.
Currency data was obtained from the finance sector website www.investing.com/c
urrencies. The currencies considered are; the South African Rand against the US dollar
(ZAR/USD) and the BitCoin against US dollar (BTC/USD). The data was analysed in
an R-programming environment using the MSGARCH, evir and rugarch packages.
The daily exchange rates considered were from 01 January 2015 to 30 June 2021. The
log returns were calculated and used to do the modelling.

In Figures 1 and 2, the trends in the mean and variance, confirm non-stationarity
of the exchange rates prices. The log returns look stationary, around the zero-mean,
although volatility clustering occurs, which is common with financial data. Isolated
extreme returns are visible, caused by shocks in the financial markets.

BTC/USD prices BTC/USD returns
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Figure 1.
Price of BTC/USD (left) and returns (right).
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Figure 2.

Price of ZAR/USD (left) and returns (right).

Tests for Normality, autocorrelation, and heteroscedasticity are presented in
Table 1. The Jarque-Bera test rejects normality at a 5% level of significance, implying
that the use of heavy-tailed distributions could be ideal when analysing the currency
returns.

The Ljung-Box test statistic for the for the BitCoin returns, rejects the null
hypothesis that returns are i.i.d, hence the two-step approach is recommended to help
deal with the autocorrelation.

The ARCH LM test rejects the claim of no ARCH effects at the 5% level of
significance, suggesting the use of GARCH family models should be considered when

Observations Mean Median Maximum Minimum Skewness Kurtosis
BitCoin 2370 0.001990 0.001757 0.237220 —0.480904 —0.994382 16.15451
Rand 1694 —0.000125 0.000000  0.049546  —0.048252 —0.264130 4.121644
Test for normality, autocorrelation and heteroscedasticity
Test BitCoin Rand
Statistic p-value Statistic p-value
Jarque-Bera 17478.40 0.000000 108.4967 0.000000
Ljung-Box 11.7 0.0006249 0.40504 0.5245
ARCH LM test 52.87 4.345e—07 70.789 2.28e-10
Test for unit root and stationarity
Unit root test BitCoin Rand
Statistic p-value Statistic p-value
ADF test —52.20130 0.0001 —40.47263 0.0000
PP test —52.10963 0.0001 —40.47011 0.0000
KPSS test 0.092067 0.347000 0.090747 0.347000
Table 1.

Descriptive statistics of exchange rate price returns. Reproduced with permission from Ndlovu and Chikobvu [38].
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analysing the above-mentioned return series. The KPSS test results confirm the
stationarity of both returns since all p-values are greater than 0.05.

4.1 Markov switching GARCH models

Both the single regime and two regimes switching versions of GARCH, eGARCH,
and gjr-GARCH were fitted using the MSGARCH package created by Ardia et al. [33].
The choice of two regimes is influenced by the work of [39]. Both Normal and
Student’s ¢ residuals for this set of models resulted in a total of 12 models for each
currency as presented in Table 2.

4.1.1 Deviance Information Criterion (DIC)

The best fit model was selected using the Deviance Information Criteria statistic,
proposed by Spiegelhalter et al. [40].

For both series the two-regime switching models gave the lowest DIC, confirming
the presence of structural breaks in the data. For the BitCoin returns the MS(2)-
gjrGARCH with Student’s ¢ residuals is the best fit while for Rand, the MS(2)-
sGARCH with student’ t residuals gave the least Deviance Information Criteria.

4.1.2 Two-regime girGARCH with Student’s t vesiduals for BTC/USD

The results for the two-regime gjrGARCH model for the BitCoin are presented in
Table 3.

Column 5 shows the Relative Numerical Efficiencies (RNE) of the estimates.
Lower values of RNE are desirable as they show that our samples are independent
[41]. All values are low and therefore one can rely on the estimates for inference.

Parameter estimates indicate that the evolution of the volatility process is hetero-
geneous across the two regimes. The two regimes report different unconditional
volatility levels which are 0.9208993 and 0.5949609 for the first and second regime

Model BitCoin Rand
Single regime GARCH-norm —9025.5756 —10770.6033
Single regime GARCH-std —9420.0605 —10790.0914
Single regime eGARCH-norm —9108.5423 —10787.4882
Single regime eGARCH-std —9492.1716 —10794.7034
Single regime gjrGARCH-nor —9021.653 —10766.0122
Single regime gjrGARCH-std —9417.8438 —10781.5634
MS(2)-GARCH-norm —9355.4633 —10792.099
MS(2)-GARCH-std —9473.3317 —10799.1979
MS(2)-eGARCH-norm —9351.0697 —10788.0544
MS(2)-eGARCH-std —9395.7586 —10787.3264
MS(2)-gjrGARCH-norm —9365.0784 —10773.2
MS(2)-gjrGARCH-std —9505.5685 —10790.0478
Table 2.

The DIC statistic for each model under consideration.
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Parameter Mean SD SE TSSE RNE
alpha0_1 0.0018 0.0010 0.0000 0.0001 0.0502
alphal 1 0.1456 0.0926 0.0029 0.0095 0.0944
alpha2 1 0.0023 0.0028 0.0001 0.0003 0.1162
beta_1 0.2258 0.4083 0.0129 0.0583 0.0490
nu_1 6.4674 4.8511 0.1534 0.8763 0.0306
alpha0_2 0.0005 0.0010 0.0000 0.0001 0.0516
alphal_2 0.0393 0.0736 0.0023 0.0093 0.0621
alpha2_2 0.0081 0.0056 0.0002 0.0013 0.0186
beta_2 0.7762 0.4063 0.0128 0.0579 0.0492
nu_2 3.0882 1.7606 0.0557 0.2435 0.0523
P11 0.9825 0.0060 0.0002 0.0004 0.2602
P21 0.0185 0.0052 0.0002 0.0004 0.2034

P(S;41 =1|S, =1) 0.9825

P(Siy1=2|S,=1) 0.0175

P(St11=1|S: =2) 0.0185

P(S;11 =2|S;, =2) 0.9815

Table 3.
The MCMC parameter estimates of the MS(2)-girGARCH with STD vesiduals for the BitCoin.

respectively. The volatility persistence in first regime is a1,1 + 0.5a,1 + $;~0.37 while

the second regime gives a1, + 0.5a2,, + f,~0.82. Also the results show stable proba-

bilities of 0.5135 and 0.4865 for the low and high regime, respectively. This implies the

low regime is with a small margin dominant compared to the high volatility regime.
The smoothed probability of the high volatility regimes together with the

filtered conditional volatility for the two-regime gjrGARCH for the BitCoin is shown

in Figure 3.

4.1.3 Two-regime GARCH with Student’s t residuals for Rand

The result for the two-regime sGARCH-std model for the Rand is presented in
Table 4. Column 5 shows the Relative Numerical Efficiencies (RNE) of the estimates.

Lower values of RNE are desirable as they show that our samples are independent
[41]. All values are moderately low and therefore we can rely on the estimates for
inference.

Parameter estimates indicate that the evolution of the volatility process is hetero-
geneous across the two regimes. The two regimes report different unconditional
volatility levels which are 0.1355 and 0.2010 for the first and second regimes respec-
tively. The volatility persistence in the first regime is a1,1 + #;~0.82 while the second
regime gives a1, + $,~0.39. Also, the results show stable probabilities of 0.6452 and
0.3548 for the low and high regimes, respectively. This implies the low regime is
dominant compared to the high volatility regime.

The smoothed probability of the high volatility regimes together with the filtered
conditional volatility for the two-regime sGARCH for the ZAR/USD returns is shown
in Figure 4.
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Figure 3.
The conditional volatility and the Smoothed probabilities of the high volatility regime for the BitCoin.
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Parameter Mean SD SE TSSE RNE
alpha0_1 0.0000 0.0000 0.0000 0.0000 0.1677
alphal_1 0.0722 0.0351 0.0011 0.0022 0.2591
beta_1 0.7506 0.0583 0.0018 0.0044 0.1743
nu_1 60.7986 18.9997 0.6008 0.9908 0.3678
alpha0_2 0.0001 0.0000 0.0000 0.0000 0.1517
alphal_2 0.1105 0.0559 0.0018 0.0030 0.3491
beta_2 0.2818 0.1572 0.0050 0.0127 0.1521
nu_2 16.8238 7.0276 0.2222 0.5612 0.1568
P11 0.9883 0.0051 0.0002 0.0003 0.3485
P21 0.0212 0.0112 0.0004 0.0006 0.2991

P(Sp1 =1|S, =1) 0.9883

P(St41=2|S; =1) 0.0117

P(St11 =1|S: =2) 0.0212

P(Si11 =2|S; =2) 0.9788

Table 4.

The MCMC parameter estimates of the MS(2)-sGARCH with STD residuals for the Rand.
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Figure 4.
The conditional volatility and the smoothed probabilities of the high volatility regime for the Rand.

4.2 GARCH-EVT models

The best fit models selected using DIC statistic were used to extract standardise
residuals, which were in turn used to fit the Generalised Pareto Distribution (GPD)
models and Generalised Extreme Value Distributions (GEVD), for computation of
extreme value at risk and comparisons thereafter.

4.2.1 Model fitting for BitCoin

To fit the Generalised Pareto Distribution, the choice of a threshold u is critical.
This threshold, determines the number of extremes, IN,, that would be used for
modelling GPD. “As a rule of thumb also suggests that it is ideal to choose the
threshold that gives about 100 observations for fitting of the Pareto distribution when
the data set is large enough” McNeil and Frey [16].

According to the mean excess plots in Figure 5, a threshold of between 0.3 and 1.2
seems to be a reasonable choice. In this study we used the 70th, 80th, and 90th
percentile to extract the extremes. They all provided reasonable choices as they
yielded enough data points for the analyses (as presented in Table 5).

To fit the GEVD, block maxima are selected. The maximum observation in each
block is then used for further analysis. The parameters of the GEVD were estimated
using weekly, fortnightly, and triweekly block sizes of 7, 14, and 21 days respectively
for BitCoin are presented in Table 6.
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Mean excess function for BitCoin returns.
Model Threshold Number of exceedances & Se(é) B Se<[i>
GPD70  0.3153252 711 0.03249619 0.03912178 0.54737246 0.02965833
GPD80  0.5381404 474 0.02650686 0.04717943  0.55975277  0.03685255
GPD90  0.9272855 237 0.03193045 0.06902576 0.56771192  0.05379748
Table 5.
GPD estimates for BitCoin.
Model Number of maxima E Se(é) G Se(o) j Se(j)
GEV7 339 0.118126  0.0478093 0.501676 0.0242079 0.713575 0.0314231
GEV14 170 0.108604 0.0648413 0.534065 0.0358519 1.047110 0.0469099
GEV21 113 0.053869 0.0733003 0.592139 0.0468834 1.249844 0.0631369

Table 6.
Estimates for BitCoin.

4.2.2 Model fitting for Rand

By observing Figure 6, a threshold of between 0.5 and 1.8 seems to be a reasonable
choice for negative returns. In this study, we used the 70th, 80th’ and 90th percentile
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Figure 6.
Mean excess function for Rand returns.
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were selected. They all provided reasonable choices as they yielded enough data points
for analyses and all fell within the above range.

The MLE parameter estimates of the GPD are presented in the Table 7.

To fit the GEVD, block maxima are selected. The maximum observation in each
block is then used for further analysis. The parameters of the GEVD were estimated
using weekly (Monday to Friday), fortnightly, and triweekly block sizes of 7, 14, and
21 days respectively for the Rand are presented in Table 8. The readings for Saturday
and Sunday were taken as zero, and they do not affect the maxima for the block.

Table 9 shows value at risk statistics are computed at 95% and 99% confidence
levels for both exchange rates understudy. Higher VaR values for BitCoin suggest that
it is riskier than Rand since it has a higher value at risk per USD invested in each
currency. At 99% significance levels, BitCoin has an average of 2.38% and 4.11% for
MS-gjrGARCH(1,1)-GPD and MS-gjrGARCH(1,1)-GEVD, respectively; this is slightly
higher than the averages of 2.28% and 3.42% for the Rand, respectively. In monetary
terms, at 99% level significance, an investor holding on to BitCoin is likely to lose
extremes of approximately 4.11BTC/USD per 100BTC/USD invested compared to the
3.42Rand/USD likely to be lost by one holding on to the Rand, confirming the high
risk associated with BitCoin.

Model Threshold Number of exceedances & Se (é) G Se(5)

GPD70  0.5127883 508 —0.097589 0.03024782  0.65871725 0.03525891

GPD80  0.8253023 339 —0.020726  0.04962634 0.52896076 0.03890997

GPD90  1.181104 170 —0.013318 0.06980646 0.51928781 0.05385240
Table 7.

GPD estimates for ZAR/USD.

Model Number of maxima E Se ( E) G Se(5) j Se(jt)

GEV7 339 —0.0579 0.030827 0.559786  0.023468 0.841658  0.033415

GEV14 170 —0.0562 0.042645 0.557080 0.032759  1.199244  0.046847

GEV21 113 —0.0180 0.059649 0.518711 0.038625 1.410612  0.054108
Table 8.

GEVD estimates for ZAR/USD.

Model BTC/USD Model ZAR/USD
95% 99% 95% 99%
MS-GPD70 1.595405 2.419146 MS-GPD70 1.3252 2.283829
MS-GPD80 1.548466 2.362027 MS-GPD80 1.328556 2.283386
MS-GPD90 1.54121 2.360441 MS-GPD90 1.32518 2.283745
MS-GEV7 2.49851 3.779234 MS-GEV7 2.3692 3.102301
MS-GEV14 2.919118 4.233949 MS-GEV14 2.723047 3.457184
MS-GEV21 3.157133 4.340975 MS-GEV21 2.910692 3.700328
Table 9.

VaR estimates.
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4.3 Back testing results for value at risk

The VaR estimates from the fitted MS(2)-gjrGARCH(1,1)-GPD, MS(2)-gjrGARCH
(1,1)-GEV for the BitCoin and MS(2)-sGARCH(1,1)-GPD, MS(2)-GARCH (1,1)-GEV
type family models are back tested using the Kupiec [42] likelihood test. The results
are compared with the non-hybrid GPD and GEV. The p-values of each test are
presented in Table 10.

Based on the p-values presented in Table 10, the adequacy of the fitted models is
largely confirmed since the observed p-statistics are greater than 0.05. The model with
the highest p-value is considered to be superior, and hence it is adopted for use by
financial risk analysts in estimating currency VaR and ascertaining their trading and
investment strategies.

The Kupiec test suggests that the MS(2)-gjrGARCH(1,1)-GEVD7 and MS(2)-
sGARCH(1,1)-GPD7 are the best fitted models for both BitCoin and Rand investments
respectively, at both significance levels.

5. Conclusion and recommendations

In this study, the estimation and performance of selected Bayesian Markov regime-
switching GARCH methodologies were explored using the BitCoin and Rand data.
Three univariate MSGARCH-based models were explored and implemented, with the
Normal and the Student’s ¢ error distributions, and their deviance information crite-
rion statistic was used to select the best fitting model. The standardised residuals of
the selected best fit model were extracted and used to fit Generalised Pareto Distribu-
tions and Generalised Extreme Value Distributions before being used in the estima-
tion of the VaR.

Furthermore, the estimated VaR is validated using the backtest procedure. The
backtest results show that the hybrid two regimes MSGARCH-GPD performs better
than single regimes models. At both 95% and 99% levels of significance, the Kupiec
test suggests that the MS(2)-gjrGARCH(1,1)-GEVD7 and MS(2)-sGARCH(1,1)-GPD7
are the best fitted models for both BitCoin and Rand respectively, at both significance
levels.

Based on VaR statistics, it is clear that the BitCoin is riskier than the South African
Rand. These results are helpful to forex risk managers and investors in helping
understand the switches in the risks during crises and non-crisis times. Particularly

Model BitCoin Model Rand
95% 99% 95% 99%
MS-GPD70 0.6733027 0.3148938 MS-GPD70 0.3239718 0.6217179
MS-GPD80 0.7426442 0.3148938 MS-GPD80 0.7984784 0.6217179
MS-GPD90 0.6733027 0.3148938 MS-GPD90 0.7146211 0.6217179
MS-GEV7 0.8111915 0.7461146 MS-GEV7 0.6159644 0.8281038
MS-GEV14 0.5865878 0.5588778 MS-GEV14 0.8615834 0.5588778
MS-GEV21 0.5736501 0.9002366 MS-GEV21 0.2106977 0.9002366
Table 10.

p-values of the Kupiec’s likelihood test.
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when the market enters a turbulent time, they may consider staying clear of the risky
investments for which they have no appetite. Switches in volatility improve robust
pricing of financial assets, and equities and make adequate risk-based capital require-
ments more rational.

Abbreviations

ARCH Auto-Regressive Conditional Heteroscedasticity
BCBS Basel Committee on Banking Supervision

BTC Bit Coin

DIC deviance information criterion

ES expected shortfall

EVT extreme value theory

GARCH Generalised Auto-Regressive Conditional Heteroscedasticity
GPD Generalised Pareto Distribution

GEVD Generalised Extreme Value Distribution

GJR Glosten, Jagannathan, and Runkle

MCMC Markov Chain Monte Carlo

POT peak over threshold

VaR value at risk

ZAR South African Rand
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Evaluation of Machine Learning
Algorithms and Methods

for Improved Predictions in
Cryptocurrency in Short-Time
Horizons

Lawrence Henesey, Volodymyr Tkach, Pavlo Parkhomenko
and Kivan Pingali

Abstract

Cryptocurrency has the potential to reshape financial systems and introduce
financial investments that are inclusive in nature, which has led to significant research
in the prediction of cryptocurrency prices by employing artificial neural networks and
machine learning models. Accurate short-term predictions are essential for optimizing
investment strategies, minimizing risks, and ensuring market stability. Prior studies
in time-series forecasting have successfully employed statistical methods like Auto-
Regressive Integrated Moving Average (ARIMA) and machine learning algorithms
such as Long Short-Term Memory (LSTM). The research results presented in this paper
evaluate various statistical and machine learning algorithms, assessing their accuracy
and effectiveness in modeling volatile cryptocurrency data for short-term forecasting.
Additionally, the study explores diverse hyperparameter settings to enhance the perfor-
mance of machine learning models. The highest performance is achieved by a hybrid
model combining LSTM and Deep Neural Network (DNN), showcasing its effective-
ness in forecasting cryptocurrency prices with improved accuracy and capability.

Keywords: cryptocurrency, prediction, machine learning, long short-term memory
(LSTM), deep neural networks

1. Introduction

Predicting the price of cryptocurrencies has become incredibly important and
the ability to understand and forecast their price movements has become an area of
research and analysis, leading to the use of artificial neural networks and machine
learning models for this purpose. Accurate price predictions can be extremely useful
in assisting investors and traders in making well-informed decisions regarding the
buying and selling of cryptocurrencies. For example, Bitcoin, which skyrocketed
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Figure 1.
Volatility in the price of bitcoin.

from around $10,000 in October 2020 to over $60,000 in April 2021, showcasing the
potential for substantial gains or losses within short periods [1]. Precise predictions
made in short-time horizons empower investors to optimize their investment strate-
gies and minimize risks associated with market volatility. Furthermore, reliable price
predictions contribute to the overall stability and maturity of the cryptocurrency
market. As the market capitalization of cryptocurrencies surpassed the $2 trillion
mark in April 2021 [1], their impact on the global economy has continuously grown.

Moreover, businesses accepting cryptocurrencies as a form of payment can better
manage their revenues and financial planning by anticipating price fluctuations. A
notable example is Tesla’s decision to invest $1.5 billion in Bitcoin in early 2021, driven
by the expectation of a future price increase (to provide us with more flexibility to
further diversify and maximize returns on our cash) [2].

Short-term predictions are crucial in forecasting cryptocurrency prices, providing
immediate insights for traders and investors. These predictions, help capitalize on
short-term price movements and profit opportunities. Accurate short-term forecasts
enable timely execution of buy or sell orders, optimization of trading strategies, and
risk minimization for traders. Given the high volatility of cryptocurrencies, accurate
short-term predictions play a vital role in maximizing returns and minimizing poten-
tial losses in this fast-paced market.

Short-term predictions can assist investors by providing insights into price move-
ments, especially in the context of Bitcoin’s volatility, as seen in Figure 1 [3]. While
Bitcoin has risk associated with it, it cannot be denied that it is an important asset. As
seen in Figure 1, which highlights the sharp increase in the price of bitcoin between
1 January 2021 and 1 May 2021, resulting in a significant profit to its investors.
Volatility affects individuals and companies that invest in Bitcoin; however, it also pro-
vides opportunities to those with proper risk management. The volatility associated
with cryptocurrency makes it important to provide short-term forecasting of its price.

2. Review of published literature

Several research papers feature experiments conducted to test the accuracy of
machine learning and deep learning models in making short-term predictions for
time-series data. Short-term forecasting of cryptocurrency prices refers to predicting
cryptocurrency prices or trends within a relatively brief time frame, typically ranging
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from a few seconds to a few minutes. Short-term forecasting often relies on recent
data, statistical models, and real-time information to provide accurate predictions for
the near future, helping to optimize operations and adapt to dynamic circumstances.
Short-term forecasting usually has two approaches: statistical or machine learning.

Statistical methods and techniques based on historical data and mathemati-
cal models to make predictions, such as ARIMA, Exponential Smoothing. On the
other hand, machine learning methods are approaches that leverage algorithms and
computational power to learn from data and make predictions. Artificial neural
networks (ANN) and random forest (RF) are common machine learning methods.
For example, in [4, 5], predictions were conducted for single and multiple-time steps,
revealing the LSTM model’s highly suitable performance for short-term forecasting.
Notably, the peak performance of the LSTM model emerged following meticulous
hyperparameter tuning. Several studies pertaining to the utilization of LSTM
models for short- term time series forecasting have acknowledged the importance
of hyperparameter tuning in achieving model optimization [6]. There are several
methods to find the optimal hyperparameters for neural networks. For example, in
[7], a systematic grid search was employed to find the most suitable hyperparameter
settings for LSTM models. However, it is worth noting that this grid search approach,
characterized by its exhaustive exploration of hyperparameter combinations, carries
anotable computational overhead. In contrast, authors in [8] discuss LSTM model
optimization by manually examining and testing hyperparameter configurations.

Many studies highlight the effectiveness of ARIMA, a commonly used statistical
model [5]. Although LSTM models often outperform ARIMA, ARIMA models are
found to be suitable for short-term predictions as seen in [9-11]. It is important to
note that while ARIMA shows satisfactory results for stationary data, it has proven to
be limited in its predictive efficiency for non-stationary data as discussed in [12].

In contrast, more complex models with abilities to model the intricate dependen-
cies in non-stationary data tend to give better results when predicting cryptocurrency
prices. LSTM, and more complex neural networks like the combination of RBM-
Elman model as seen in [13], convolutional neural network (CNN) with multilayer
bidirectional gated recurrent unit (MB-GRU) [14], have recorded satisfactory
performances for various evaluation functions [15].

It should also be noted that specifically for cryptocurrency, there can be several
technical indicators that can be incorporated into the model [16, 17]. These indicators
are derived from historical price, volume, or open interest data and provide insights into
potential future price movements or trends. Indicators like the Relative Strength Index
(RSI) and the Moving Average Convergence Divergence (MACD) measure the strength
and speed of price movements. Traders use these indicators to identify overbought or
oversold conditions, which may suggest a potential reversal in price. Similarly, volatility
indicators like the Average True Range (ATR) can help traders gauge the potential price
range in a given time frame, allowing them to set stop-loss and take-profit levels.

When applied specifically to cryptocurrency datasets, machine learning algo-
rithms such as decision trees and XGBoost deliver promising results and lower values
of root mean squared error (RMSE) [16-19]. As seen in [7], RF models give better
results than LSTM, which suggests the potential for LSTM models to become overly
complex and necessitate regularization. Conversely, this discrepancy might also point
to a scenario wherein LSTM models, due to their simplicity, fall short in capturing the
intricate underlying patterns within the data.

Additionally, machine learning algorithms such as Gated Recurrent Unit (GRU)
model provides excellent results and can be considered efficient and reliable [20, 21].
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The models have a scope for improvement as there can be additional feature permuta-
tion to ensure better performance by performing a sentiment analysis on social media
[22, 23].

3. Research objective

Evaluating machine learning algorithms is essential to assess their reliability and
effectiveness in forecasting highly volatile cryptocurrency prices, ensuring informed
investment decisions. This paper reviews the performance of machine learning
algorithms and statistical methods to predict the price of a cryptocurrency pair for
an increasing number of time steps. The next section discusses the algorithms used,
ARIMA, exponential smoothing and machine learning algorithms that explore hybrid
neural network architecture of LSTM and DNN, CNN and GRU, and RF regressors.
Each model explores various hyperparameter settings to fine-tune and optimize
algorithm performance, aiming to achieve the best possible results. A comprehensive
experimentation process was employed to train and fine-tune 72 distinct models
across both LSTM-DNN and GRU-CNN architectures. The top-performing models
are then compared to the best models obtained from an optimal hyperparameter
search on ARIMA, exponential smoothing and RF Regressor. Evaluating these models
is centered on three critical aspects: the accuracy in predicting cryptocurrency prices,
the ability to model the volatile nature of the cryptocurrency prices and to sustain
high performance as the number of time steps increase.

4. Methodology
4.1 Data

The datasets used to evaluate the statistical and machine learning models was pro-
vided by Fluid Al [24]. This data consisted of the ask price, the price at which a seller
is willing to sell a particular cryptocurrency along with the bidding price and the time
stamps for several cryptocurrency pairs. Cryptocurrency pair is a combination of two
different cryptocurrency pairs that are traded against each other on a cryptocurrency
exchange [25]. The forecasting models were evaluated on the dataset containing the
timestamped data for the ask price specifically for the cryptocurrency pair USDT-BTC.

These datasets encompass three distinct time series, each aggregating data at dif-
ferent intervals: 1 second, 5 seconds, and 15 seconds. In total, all three series encom-
pass more than 14.4 megabytes of historical data, which serves as the foundation for
training the forecasting models. It’s worth noting that the decision to aggregate data
over 5 and 15-second intervals is strategic. Within these time intervals, discernible
fluctuations in the ask price are notably pronounced, rendering them conducive for
modeling and forecasting.

The visual representations below illustrate the evolution of the ask price overa
one- day period. Notably, there is an initial surge, indicating a strong buying activity
that propels the ask price upwards. Towards the conclusion of the day, the ask price
exhibits signs of stabilization, as seen in Figure 2. Meanwhile, Figure 3, depicts the
relative indicator — percentage change in Ask Price as a ratio between current price
and previous subtracted by 1. This indicator allows for reducing the impact of trend
and lowers the volatility level down to values that could be normalized.
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Figure 2.
Difference in ask Price for cryptocurrency pair over time.
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Figure 3.
Percentage change in ask Price rolling averages.

The datasets collected by Fluid AI were used to train and evaluate the machine
learning algorithms. Developing forecasting algorithms and executing a compre-
hensive hyperparameter search were conducted within the JupyterLab environment,
with TensorFlow as the backbone for machine learning modeling. Furthermore,
these models were validated and verified rigorously, including various computational
evaluation methods and extensive discussions with the Fluid AI team.

Once the datasets are loaded into the development environment, they undergo
processing. The initial dataset undergoes median filtering for the ask price column.
The codebase incorporates custom functions to enhance modularity and facilitate
efficient data processing for future datasets. Missing values are handled through
forward-fill. This is followed by adding technical cryptocurrency indicators as
features to the dataset. Additionally, to enhance the modeling capability of the
machine learning algorithms, several cryptocurrency technical indicators were
incorporated as features in the dataset. As observed in [16], technical indicators can
be grouped into five categories: Cycle indicators, momentum indicators, pattern
recognition indicators, overlap study indicators, and volatility indicators. The
dataset contains seven technical indicators proven effective for forecasting crypto-
currency prices [26].

This data is resampled at 1, 5, and 10-second intervals and aggregated using mean
values. Features are scaled to a range between —1 and 1 using MinMaxScaler. The
data is then split into training and testing datasets, and the corresponding scalers are
saved for future use. Finally, the machine learning models are trained on the training
data set and evaluated on the validation and test datasets. Furthermore, the machine
learning models undergo an extensive hyperparameter search to aid in selecting the
most optimal hyperparameters.

4.2 Forecasting models

This section investigates forecasting models trained on the cryptocurrency pair
data to predict ask price. For short-term forecasting, five models were assessed. The
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statistical models chosen for this experiment are ARIMA and Simple Exponential
Smoothing. ARIMA model captures and forecasts patterns in time series data by
considering its autoregressive behavior, differencing to achieve stationarity, and
accounting for moving average effects. In ARIMA the Autoregressive component
models the relationship between the current data point and previous data points in
the series. It signifies that a time series’s current value can depend on its past values
[27]. In contrast to ARIMA, Exponential Smoothing assigns exponentially decreasing
weights to past observations, giving more importance torecent data.

Exponential smoothing methods have been widely researched and are considered
powerful for certain types of time series data, especially when the data exhibits trends
and seasonality [28]. This paper evaluates the Simple Exponential Smoothing model.
ARIMA model was tuned with 108 hyperparameter settings and the hyperparameters
were chosen with a focus to find the optimal values of p (Autoregressive Order), g
(Moving Average Order) and d (Integrated Order). ARIMA was tuned separately for
all three series of the dataset. Similarly, the Simple Exponential Smoothing model was
trained over 100 values of the hyperparameter alpha. To obtain the best model for all
three series that predict ask price at different time intervals (1, 5 and 15) in the future,
a grid search in conjunction with a rolling cross-validation split were used to optimize
the hyperparameters.

The two statistical models are compared to an RF model, LSTM-DNN and CNN-
GRU models. LSTM model is a Recurrent Neural Network (RNN) type that can effec-
tively capture long-range dependencies in the past in contrast to RNN. This is because
of its ability to avoid the vanishing gradient problem that occurs during RNN learning
[29]. LSTMs can capture and remember long-term dependencies and patterns in
sequential data. They do this through a combination of mechanisms, including cell
state, three gates and hidden state.

The model developed to be evaluated in this paper is a hybrid neural network con-
sisting of LSTM and DNN. Several studies have been conducted to assess the effec-
tiveness of LSTM in short-term forecasting and for this reason LSTM was chosen.
Moreover, DNNs are excellent at automatically learning hierarchical representations
of data. Combining LSTM with DNN layers allows the network to extract complex
and abstract features from the time series data, potentially capturing patterns and
dependencies that may be challenging for LSTM alone. The normalization was
applied to data in all three series to improve performance. The normalization does not
significantly help the model to forecast, however it is necessary to improve the results
when dealing with high values. To obtain the best model, a hyperparameter search
was performed with the following hyperparameters:

* The number of LSTM layers because the choice of the number of layers can
have a significant impact on the network’s performance and its ability to capture
underlying patterns in data. The hyperparameter selection for the number of
LSTM layers included values of 1, 2, and 4. This range was chosen to mitigate
issues such as overfitting, gradient explosion as the number of layers is stacked
and to reduce the need for extensive regularization techniques [30].

* The number of DNN layers that are added in the network as the output layer.
The hyperparameter selection for the number of DNN layers included values of 1
and 2. This range ensures that fewer parameters and computations are required,
making the network less prone to memorizing noise in the data [31].
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* The optimization algorithm as it influences the training and performance of
machine learning algorithms. The hyperparameter selection encompassed
adaptive (Adam and RMSProp) and non-adaptive (Stochastic Gradient Descent)
optimization algorithms. These algorithms were then trained and tested on vari-
ous learning rates [31].

The hyperparameter settings mentioned above generated 72 models for each time
series and a total of 216 models overall. The table below (Table 1) shows the Mean
Squared Error obtained after the hyperparameter tuning of the LSTM-DNN models
for alearning rate of 0.01.

It was observed that the optimal hyperparameter configuration for the model
comprised a single layer of LSTM and a corresponding DNN layer, utilizing the
Adam optimization algorithm. Additionally, it was also observed that the choice of
optimization algorithm significantly influenced the convergence time for each model.
Similarly, another hybrid neural network was trained and tuned to identify the
optimal network architecture. This combination was developed using CNN and GRU
layers. GRU is a type of RNN that is used in deep learning for sequential data tasks,
such as natural language processing and time series analysis. GRUs are a variation of

MSE
Hyperparameter 1 second 5 seconds 10 seconds
(Number of LSTM layers, Number of DNN layers, Optimization
Algorithm)
1,1, Adam 0.02841 0.21587 0.23102
1,2, Adam 0.02372 0.35312 0.13236
2,2, Adam 0.02168 0.33236 0.26504
2,1, Adam 0.02023 0.30567 0.23451
4,1, Adam 0.02367 0.45231 0.45321
4,2, Adam 0.02190 0.44675 0.44765
1,1, RMSProp 0.01707 0.17234 0.32765
1, 2, RMSProp 0.01986 0.31565 0.38455
2,2, RMSProp 0.01774 0.20745 0.41321
2,1, RMSProp 0.02331 0.25678 0.56234
4,1, RMSProp 0.02578 0.38346 0.67321
4,2, RMSProp 0.02445 0.40123 0.56225
1,1,SGD 0.02072 0.18766 0.18743
1,2,SGD 0.01739 0.19312 0.19611
2,1,SGD 0.03173 0.43388 0.34213
2,2,SGD 0.02177 0.34377 0.44218
4,1, SGD 0.02208 0.48932 0.47678
4,2,SGD 0.02245 047752 0.53126
Table 1.

Mean squared error for LSTM-DNN with a learning rate of 0.01.
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the more traditional LSTM (Long Short-Term Memory) networks and were designed
to address some of the computational complexities associated with LSTMs. Like
LSTMs, GRUs have gating mechanisms that allow them to selectively update and reset
their hidden states. GRUs have a simplified structure compared to LSTMs. They have
two gates, an update gate and a reset gate and they do not have a separate memory cell
like LSTMs. Instead, they use the hidden state to store and update information from
previous time steps. In this paper, a combination of CNN and GRU is assessed because
CNNs excel at extracting spatial features and patterns from sequential data which
can then be processed by GRUs to capture temporal dependencies. This would lead to
robust model, effective for complex time series patterns. The hyperparameter settings
used for the CNN-GRU are identical to the LSTM-DNN model and lead to 72 models
for each time series and a cumulative of 216 models. The table below (Table 2) depicts
the Mean Squared Error recorded for all hyperparameter settings used for the CNN-

GRU neural network with a learning rate of 0.01.

The optimal forecasting model consisted of a single GRU layer with two layers
of CNN utilizing the Adam optimization algorithm. The statistical models and the
neural networks are finally compared to each other and an RF Model. The forecasting
model for RF is enhanced by conducting a grid search to make the best choices for the

following parameters:

MSE
Hyperparameter 1 second 5 seconds 10 seconds
(Number of GRU layers, Number of DNN layers, Optimization
Algorithm)
1,1, Adam 0.0683 0.3038 0.2229
1,2, Adam 0.0939 0.4558 0.4886
2,2, Adam 0.1031 0.5263 0.6579
2,1, Adam 0.1030 0.5732 0.7396
4,1, Adam 0.0992 0.6114 0.7734
4,2, Adam 0.0942 0.6443 0.7826
1,1, RMSProp 0.0892 0.6726 0.7795
1, 2, RMSProp 0.0845 0.6967 0.7702
2,2, RMSProp 0.0805 0.7168 0.7580
2,1, RMSProp 0.0771 0.7332 0.7447
4,1, RMSProp 0.0742 0.7465 0.7312
4,2, RMSProp 0.0718 0.7569 0.7180
1,1, SGD 0.0698 0.7650 0.7055
1,2,SGD 0.0682 0.7711 0.6937
2,1,SGD 0.0668 0.7755 0.6828
2,2,SGD 0.0656 0.7787 0.6727
4,1, SGD 0.0647 0.7807 0.6633
4,2,SGD 0.0638 0.7819 0.6548
Table 2.

Mean squared error for CNN-GRU with a learning rate of 0.01.
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* The number of decision trees. Tuning the model lead to 50 decision trees for the
best forecasting model.

* The maximum depth. This was recorded as 10 for the optimal forecasting model.
4.3 Evaluation methods

The forecasting models were evaluated by comparing the results obtained with
a few well-known approaches. To better understand the errors, Mean Squared Error
(MSE) was used as a measure of the prediction. The error can be expressed as:

MSE=>3" (v,-7) )

Here 7 is the number of observations, Y, corresponds to the forecast value X}, is
the actual value. The performance evaluation was carried out on the test set compris-
ing the most recent 30% data entries. Prediction accuracy was evaluated for all three
time series.

Moreover, visualizations were generated to facilitate a visual assessment of align-
ment and to detect potential anomalies in the time series predictions. While comparing
the models with each other, another metric, MSE Percentage Reduction is used. MSE
Percentage Reduction is a metric used to quantify the improvement in model perfor-
mance when comparing two different models or scenarios. It calculates the percentage
decrease in the MSE between baseline and improved models. The result is expressed as
a percentage, indicating the reduction in MSE achieved by moving from the baseline
to the improved model. A higher Percentage MSE Reduction indicates a more signifi-
cant improvement in model accuracy, with a reduction of 100% indicating that the
improved model has completely eliminated the errors compared to the baseline.

Additionally, an evaluation metric called ‘hit ratio’ is used to evaluate the per-
formance of each model individually. The hit ratio is a percentage representing the
proportion of correct predictions or successful trades out of the total number of
predictions.

5. Research results

The outcomes obtained from both, the five models and the hyperparameter tuning
process, which was conducted to refine the models. These results collectively guided
the selection of the optimal model. Table 3 shows the hit ratio obtained for each
machine-learning model.

The analysis of Tables 3 and 4 reveals that LSTM-DNN consistently exhibits
superior performance compared to the other four models. Furthermore, it is note-
worthy that, with increasing time steps, a decline in performance becomes apparent,
although CNN-GRU maintains remarkable stability across all time steps. Additionally,
while statistical methods outperform REF, it is evident that when compared with
neural networks, they exhibit a lower prediction accuracy.

LSTM has a percentage reduction in MSE of approximately 19.86% compared
to ARIMA. This indicates that LSTM’s predictions are roughly 19.86% closer to
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ML model HIT ratio
1 second 5 seconds 10 seconds
ARIMA 68.1% 59% 58.5%
EXP-SMOOTHING 64.5% 22.5% 45.2%
LSTM-DNN 83.2% 78.4% 66%
CNN-GRU 72.8% 70.6% 63.2%
RF 57.9% 31.2% 36.8%
Table 3.

Hit ratio per model for cryptocurrency prices at 1, 5 and 15 second intervals.

ML model MSE

1 second 5 seconds 10 seconds
ARIMA 0.021683 0.094553 0.094556
EXP-SMOOTHING 0.035761 0.771107 0.448823
LSTM-DNN 0.017398 0.017534 0.019236
CNN-GRU 0.020843 0.038410 0.022976
RF 0.267892 0.564218 0.678322

Table 4.

MSE per model for cryptocurrency prices at 1, 5 and 15 second intervals.

the actual values than ARIMA’ predictions, providing a percentage-based mea-
sure of the improvement in predictive accuracy. Additionally, when compared to
Exponential.

Smoothing, LSTM has a percentage reduction of approximately is 51.31%. This is
because ARIMA and Exponential Smoothing models are based on linear or exponen-
tial relationships, limiting their ability to capture the complex, non-linear patterns
often seen in cryptocurrency price data. ARIMA models are most effective when
applied to stationary time series data. Stationarity implies that statistical properties
like mean, and variance remain constant over time. ARIMA models are designed
to capture and predict patterns in stationary data by modeling the autoregressive,
differencing, and moving average components. However, since this time series data is
non-stationary, meaning it exhibits trends, seasonality, or other changing statistical
properties, ARIMA models do not perform well. Meanwhile, LSTM excels at model-
ing intricate dependencies in sequential data.

Interestingly, all models exhibit strong performance at a one-second interval, with
LSTM-DNN standing out. Additionally, it is also be observed that the LSTM-DNN
performs well in the training and test phases and shows good generalization abilities
as seen in Figure 4. Observations reveal that models like LSTM-DNN (as seen in
Figure 5) and CNN-GRU tend to overfit with an increase in the number of LSTM and
GRU layers, which leads to less accurate predictions. Notably, performance is a notice-
able deterioration as the time period extends. This could be overcome by regulariza-
tion techniques, such as using dropout layers.

RF models exhibit subpar generalization, even with an exhaustive hyperparameter
search. Notably, the best-performing RF model consistently underperforms when
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MSE for increasing number of LSTM layers
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compared to ARIMA. This could be due to their lack of temporal understanding, diffi-
culty in handling non-stationarity, and limited historical context. Moreover, it should
be noted that RF is sensitive to hyperparameters, data transformation requirements,
and faces challenges in capturing seasonality and trends. Focusing on the CNN-GRU
models results in better performance when compared to statistical methods.

However, GRU models have fewer parameters and may struggle to capture and
remember long-term trends effectively in contrast to LSTM. Additionally, cryptocur-
rency markets are highly volatile and can exhibit sudden, unpredictable changes,
which LSTM’s longer memory can help capture, making them more suitable for this
specific forecasting task.

6. Conclusion

The results from the research study that was conducted feature a comparative
analysis of five machine learning algorithms for cryptocurrency price forecasting
while identifying optimal hyperparameters for each model. The notably high hit ratio
of 83.2% as seen in Table 3, and substantial MSE Percentage Reduction achieved
by the LSTM-DNN model underscore its performance in this dataset. It’s worth
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emphasizing that accurate cryptocurrency price prediction demands a robust model
capable of capturing market trends effectively which lead to the development of a
hybrid neural network which was verified and tested.

Future work and improvements would include augmenting the dataset with
additional technical indicators, expanding its size, and considering longer-term
trends. Furthermore, integrating sentiment analysis into predictive models could
enhance accuracy. Notably, the research indicates potential cross-pair forecasting,
where models trained on one cryptocurrency pair yield reliable predictions foroth-
ers. Development of more robust prediction systems is possible by further work and
research by combining various models. It is also important to note that models trained
to predict based on MSE while having a low error in the predictions might not possess
comparable level of prediction power, since a very simple trailing prediction model -
“repeat the previous value” — may have the lowest MSE possible, whilst simply trailing
the original price chart and having no prediction power.
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Money is undoubtedly the fundamental element of the economy, and its history
reflects the evolution of financial markets. Currently, we are witnessing significant
technological advancements in payment methods, highlighting the potential benefits
of introducing new means of economic exchange. Cryptocurrencies may emerge as
a prominent form of payment in the future. Cryptocurrencies are an innovative and
technologically advanced alternative to a fully globalized future. They represent a
potential solution for processing payments across geographical borders. Additionally,
if cryptocurrencies are effectively regulated through current adjustments, they will
be able to help future generations navigate the complexities of financial transactions.
Cryptocurrencies perform the same functions as traditional money, possessing
attributes such as durability, divisibility, and originality. With social acceptance,
they could become a legitimate means of exchange. Over the last decade or so,
cryptocurrencies have gained popularity, and their importance in financial markets
continues to grow. Their innovative nature has the potential to drive substantial
changes and significantly impact the functioning of the global financial sector in the
future. Cryptocurrencies — Financial Technologies of the Future provides knowledge,
recommendations, and practical solutions to new challenges within the contemporary
processes of globalization and international trade thanks to cryptocurrencies
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