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Financial services enabled by technology, FinTech, is experiencing a continuous
pressure to innovate. This rolling disruptions under the from of opportunities and
risks will be discussed in the thesis. Among the list of innovations we have for
example the blockchain, which has been the stepping stone of different business
models and of the digital services evolution.

Like any novelty, the opportunities heat ambitious practitioners and frighten tra-
ditional actors. The work presented in this thesis explores the challenges and risks
associated with the Initial Coin Offerings, as a new fundraising system enabled by
technological innovations.

The work explores different methodologies for data retrieval, such as the data
mining and merging from multiple online sources and empirical transformation of
the information, especially the textual typology into knowledge about the Initial
Coin Offering phenomenon.

Several perspectives are analyzed in order come up with a series of features that
make the difference between a successful and a failed project. The main novelty re-
lies on the use of classical statistical models and textual analysis tools. I will take
advantage of the combination of structured and unstructured data to improve expli-
cability and predictability of our findings.
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Chapter 1

Introduction

"Technology knows no border,
neither does financial misconduct"

IMF Deputy Managing Director Tao
Zhang, June 2019

1.1 FinTech risks and opportunities

According to Google Trends, interest in the term FinTech has been rising quite steadily
since early 2015. The term itself refers to firms that use technology-based systems
to either provide financial services and products directly or to make them more effi-
cient (Karakas and Stamegna 2018). As this definition concerns a rather wide range
of products, the broad field of FinTech can be subdivided into five different cat-
egories, following Arner et al. (Arner, Buckley, and Barberis 2015): finance and
investment, operations and risk management, payments and infrastructure, data se-
curity and monetization, customer interface.

The underlying technological changes have brought rapid changes in financial
technology — or FinTech as we call it. They offer wide-ranging opportunities but
also raise potential risks.

Therefore the keywords here are innovation, technology and finance. Taking for
granted that the roots of stable, resilient and secure financial services are the innova-
tion and quality of the technology infrastructure we can see how the contemporary
application of FinTech has emerged in the past 10 years, enabling the delivery of
new and innovative services, through digital channels, redefining the customer ex-
perience and creating new business models.

Such innovations can disrupt existing industry structures and blur industry bound-
aries, facilitate strategic disintermediation, revolutionize product and services, pro-
vide new gateways for entrepreneurship, democratize access to financial services
through inclusion, but also create significant privacy, regulatory and law enforce-
ment challenges. Examples of innovations that are central to FinTech today include
cryptocurrencies and the blockchain, new digital advisory and trading systems, arti-
ficial intelligence and machine learning, peer-to-peer lending, equity crowdfunding
and mobile payment systems.

Among the digital innovations brought by FinTech, we find a new business
model for fundraising a but outside the traditional financial system: the Initial Coin
Offerings. ICO forms part of the Cryptocurrency world and offers easy and efficient
funding solutions for organisations and individuals alike, allowing users to fund
and invest in projects they value and see potential growth in, and even purchase
shares of a company. The two main aims for ICO are to put a new digital currency
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in circulation or to finance a new project. These alternative funding mechanisms,
analyzed in details into section 2.3 attract the high public, investor and regulatory
attention.

The FinTech digital innovations will be not only the fil rouge of the new busi-
ness model such as the ICO but will stand as the walls of a modern house for the
topics that this thesis will present, the blockchain, the data mining approach, the
data collection challenge, the analysis of alternative available data such as text, the
regulation perspective and its challenges.

This thesis investigates the FinTech new business model such as the Initial Coin
Offering from an empirical approach, where classical structured data are comple-
mented by the informative power of transformed textual data by a sentiment index
for example.

The ICO market and blockchain environment, more generally, are still in their
early-development stages and lack the established analytical predictive models and
statistical tools to measure, understand, and predict the outcomes of new ICO projects.
Through the first chapters of this thesis, we will determine empirically which drivers,
if any, should be taken into consideration when predicting whether an ICO will be
successful or not, and whether it will be a scam or not.

The immediate connection that we can do when referring at scam activities is the
risk investors face when dealing with this new business model, specifically the fraud
risk, a category belonging to operational risk that will be detailed below.

In the FinTech and banking sector, we suffer from different typologies of risks.
For more details, I list the more relevant ones and connected to further reading.

The first one is Credit risk, meaning the borrowed money won’t be repaid or will
be repaid late. Credit risk has been the reason for credit scores and valuations. To-
day, FinTechs are adding additional intelligence such as social media behavioural
analysis or spending history to be able to assess the risk in a particular loan. several
works have been developed in the credit risk area.

A review of the current proposed industry-sponsored Credit Value-at-Risk method-
ologies is offered by Crouhy et al. (Crouhy, Galai, and Mark 2000). While a most
recent comprehensive monograph surveying the development in the area of credit
research risk and the most recent advancements are offered by Bielecki et al., 2013,
intending to bridge the gap between the mathematical theory of credit risk and fi-
nancial practice (Bielecki and Rutkowski 2013).

Credit risk evolved through the years and the infrastructure itself evolved. Credit
is borrowed employing peer to peer lending platforms, this implies that several is-
sues and risks need to be considered. Risks deriving from such platforms as P2P
are highly due to the interconnectedness of those infrastructures. Machine learning
approaches to credit risk are several and to fully exploit the last advancements in
Artificial Intelligence models and ML algorithms researchers are using alternative
models to the classical statistical learning ones by addressing the explainability is-
sue of black-box models. (Bussman et al. 2019). Credit risk models are addressed by
making use of network models and the objective of dealing with p2p platform risks,
for example, has been addressed by Giudici (Giudici, Hadji-Misheva, and Spelta
2020; Giudici and Parisi 2018) improving credit risk accuracy of peer to peer plat-
forms and, specifically, of those who lend to small and medium enterprises by aug-
menting traditional credit scoring methods with “alternative data” that consist of
centrality measures derived from similarity networks among borrowers, deduced
from their financial ratios.

Most banks use credit-rating models to help them make decisions about lend-
ing to companies. Such models are indeed a requirement for banks using Basel II’s
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internal-ratings-based approach. But these models often have significant shortcom-
ings. First, they are frequently backwards-looking. Second, they rely on borrowers’
formal financial reporting, which means that data are always at least 6 months old;
toward the end of the fiscal year, data are nearly 18 months old. Third, qualitative
assessments of borrowers are often simplistic. And finally, many banks rely on their
credit-rating models to provide both a current snapshot and a longer-term view,
with the result that they do neither well.

Textual information can help banks overcome some of these challenges and im-
prove their credit-risk assessment, in particular their approach to qualitative assess-
ment. This information includes professionally produced content such as analysts’
reports and business journalism, as well as informal texts such as blogs and posts
on social networks. Compared with the financial information available about small
and midsize enterprises (SMEs) or corporates, the amount of textual content about
companies is immense and provides a wealth of information. News articles describe
the latest developments of companies; analysts’ reports provide insightful analy-
ses on companies’ strategies, competitive positioning, and outlook; product ratings
on online-shopping sites provide unfiltered views of customer satisfaction, and mi-
croblogs such as Twitter distribute the latest news (and sometimes gossip) with un-
precedented speed.

Enormous quantities of textual information are available; this information offers
companies a deep look at their health and performance, and it is notoriously difficult
to use. The development of models that can identify and quantify sentiment within
a trove of textual information is extremely useful if banks can put even a portion
of this information to use in their systems, the accuracy, timeliness, and forward-
looking character of their credit-risk-assessment systems would all be improved.
Textual analysis can also help banks in other areas, improving their traditional anal-
yses of industries and sectors (Kremer, Malzkorn, and Strobel 2018). Through the
thesis, the application of this concept can be found on Chapter 6, where lending data
are enhanced by textual and sentiment indicators gathered from lending documents
through a textual mining process, better explained into section 2.4.2.

Market risk refers to the risk of losses in the bank’s trading book due to changes
in equity prices, interest rates, credit spreads, foreign exchange rates, commodity
prices, and other indicators whose values are set in a public market. To manage
market risk, banks deploy several highly sophisticated mathematical and statistical
techniques. However, a crucial step in this process is the sanity check of both, the
numbers going into the analysis and the numbers coming out of the analysis. This
is also a requirement as per various regulatory bodies. For instance, as per regu-
latory guidelines and to monitor market risk banks perform stress testing of their
portfolios. Stress analysis is done by creating various standard shock scenarios for
underlying risk factors and then applying those shock scenarios to respective po-
sitions. Machine learning approaches are various and not being among the risks
treated in the thesis I would like to refer the reader interested to a comprehensive
manual regarding financial risks including market risk (Los 2003) and a practical
manual with applications in R (Pfaff 2016).

The final main type of risk is Operational. Operational risks range from the very
small, for example, the risk of loss due to minor human mistakes, to the very large,
such as the risk of bankruptcy due to serious fraud. Operational risk can occur
at every level in an organisation. The type of risks associated with business and
operation risk related to business interruption, errors or omissions by employees,
product failure, health and safety, failure of IT systems, frauds, loss of key people,
litigation, loss of suppliers. Operational risks are generally within the control of
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the organisation through risk assessment and risk management practices, including
internal control and insurance.

Into this environment, we can classify part of my thesis work in which dealing
with identifying scam drivers of Initial Coin offerings can be of help for fraudulent
assessment mechanism in the ICO field.

Regarding the operational risks associated with ICO financing tools, a 2019 OECD
report traces the process of ICO fundraising, from conception to product launch,
to weigh up the benefits and limitations of this innovative funding method from a
practical perspective. This OECD report takes the analysis further, discussing toke-
nomics and limitations in ICO structuring which can give rise to conflicts of interest
and expose investors subscribing to ICO offerings and SMEs issuing tokens to sig-
nificant risks. It highlights issues around valuation, accounting and allocation of
value, as well as the trading of tokens issued in ICOs, and compares ICOs to more
traditional SME risk financing mechanisms, such as small IPOs, venture capital and
crowdfunding.

According to OECD report operational risks of DLT-based applications, such as
scaling, network stability, coding errors, and uncertainty of settlement finality, are
transposed to ICOs and depend on the protocol used. Transaction speed, capacity
for execution and computational power required for validation and recording differ
depending on the type of blockchain used (lightening and ETH vs. Bitcoin) and
the type of consensus mechanism is applied. Concerns about interoperability of
different DLT-based systems and networks among each other and relative to legacy
infrastructure and systems may impact the wider SME ecosystem of blockchain-
based projects (Initial Coin Offerings (ICOs) for SME Financing - OECD 2020).

Token issuance and trading are also exposed to cyber-attacks, with several recorded
incidents of hacking and cyber-attacks, exposing SMEs and investors to losses and
reducing the credibility of ICOs. Digital wallets and exchanges are attractive targets
for cyber-criminals. ICOs themselves are hacked by hackers giving false instruc-
tions for the funds to be sent to the address of the hacker instead of the address of
the issuer.

The FinTech raise and the technological development in the statistical and data
handling field brought innovation and machine learning algorithm able to encom-
pass computational lack that several years ago kept the research slowed. This same
rush and improvement are liaising with the Big Data era, in which different types
of data are available from different sources. Considering this what industries are
trying to do are to keep the pace by employing sophisticated machine learning and
artificial intelligence tools. Not only industries benefited but the entire scientific re-
search into financial risks and FinTech developments is taking advantage of the data
gain or Big Data and ML advancements.

The data we have indeed is of enormous value. Through the thesis, I tried to
make use of classical statistical learning models by using structured data and un-
structured ones, under the form of text deriving from social media channels as in
Chapter 4 5 or from PDF documents 6.4. Employing the above data on this thesis
work I focus particularly on the drivers of the new business model introduced by
the FinTech advent and the blockchain era.
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1.2 Mission

In this dissertation, we explore FinTech developments and how technological ad-
vancements such as blockchain is guiding new business models that are disrupt-
ing financial services. The empirical methodologies in designing the drivers of ICO
business model as in chapters 3, 4, 5 are taking the advantage from the combination
of structured and unstructured textual data with the objective of benefiting from it
in terms of phenomena explicability and predictability. The generalizability of this
research towards other tasks and domains where textual data can be exploited, com-
bined or not with structured data, plays an important role. Both the methodologies
and the computational tools investigated are of general-purpose and can be adapted
to different contexts.

1.3 Structure

The manuscript is divided into seven chapters. The first Chapter is represented by
this introduction to the themes considered and to the work exposed in the rest of the
manuscript.

It follows, in Chapter 2, a literature review of the relevant concepts, methodolo-
gies and models explored in the subsequent chapters. The literature review is di-
vided into five sections ranging from the FinTech concept, the Initial Coin Offerings
and the Machine Learning tools employed.

Chapter 3 introduces the ICO phenomenon and the empirical study is aimed at
identifying the drivers that separate fraudulent or unsuccessful ICOs from success-
ful ICOs. We do so by emphasizing the information exchanged between investors
and business ventures via new communication channels like Telegram. For that
purpose, our research uses a combined approach based on text analysis and stan-
dard classification models, such as logistic regression and random forest, to high-
light variables that are significant in distinguishing successful ICOs from scams.

Chapter 4 offers an extension of the empirical work presented in Chapter 3 by
enlarging the data set, extending the textual analysis refinements and features ex-
tracted. Utilizing logistic regression and multinomial logistic regression we can shed
a light on the riskiest ICOs.

Chapter 5 leads the integration of several web retrieved data sets relatively to
ICOs and specifically the objective is to test if the information disclosed by ICOs is
relevant to effectively predict the result of the fundraising process. Doing so we take
advantage of logistic regression and penalized regression models. Robustness is
achieved through a comparison between logistic models and well - known machine
learning classifiers.

Chapter 6 is an experiment of generalizing the idea applied through the thesis
that structured data empirical findings can take advantage of structured and un-
structured data as text, applied to credit scoring models and more specifically to
default in the lending process. The Chapter investigates the role of soft information
employing textual extraction and sentiment analysis to assess the characteristics af-
fecting the probability of a successful result of the loan process.

Chapter 7 finally presents the conclusions of this work discussing the principal
lessons learned from the analysis and the possible impact of ongoing researches on
the new business models that FinTech brought on stage.
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1.4 Publications

Work contributing to this thesis has been published in the following peer-reviewed
Journals and conferences:

• Chapter 3: Cerchiello, P., Tasca, P., & Toma, A. M. (2019). ICO success drivers:
a textual and statistical analysis. The Journal of Alternative Investments, 21(4),
13-25. DOI: 10.3905/jai.2019.21.4.013

• Chapter 4: Toma, A. M. & Cerchiello P. (2020) Initial Coin Offerings:risk or op-
portunity. Frontiers in Artifical Intelligence, https://doi.org/10.3389/frai.
2020.00018

• Chapter 5 (work in progress) with Marco Caluzzi and Paola Cerchiello from
University of Pavia

• Chapter 6 (work in progress) with Stefano Filomeni from University of Sussex
and Alessandra Tanda from University of Pavia presented in the conference
the Ninth International Conference on Data Analytics/ - Special track FTRM:
FinTech Risk Management, October 25 2020.

1.5 Collaborations

Work contributing to these Chapters has been the fruit of the following collabora-
tions1:

1. Chapter 3 Paola Cerchiello from University of Pavia and Paolo Tasca from Uni-
versity College London (UCL)

2. Chapter 4 Paola Cerchiello from University of Pavia

3. Chapter 5 Paola Cerchiello and Marco Caluzzi from University of Pavia

4. Chapter 6 Stefano Filomeni and Alessandra Tanda from University of Pavia

1A special thank to the master students that collaborated at the data collection and contributed to
improving the knowledge on the ICO phenomenon: Federico Campasso, Daniel Alexei, Anna Bartsch
and Marco Caluzzi

https://doi.org/10.3389/frai.2020.00018
https://doi.org/10.3389/frai.2020.00018
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Chapter 2

Litterature review

"The future of finance is digital"

European Commission, 2020

This chapter is meant to provide an umbrella background to the works presented
in the upcoming chapters. It gives a brief introduction to the concepts and the lit-
erature of FinTech, DLT and applications such as ICO and revises the theory and
the literature of the methodologies and models applied in this work. It is divided
into five sections on FinTech, Blockchain, Initial Coin Offerings, Statistical Learning
models and Textual analysis. The introductory sections on FinTech and Blockchain
revise their definitions and the different interpretations available in the literature.
The subsequent sections, related to statistical models, expose the theory on which
the models are based on, the relevant literature and the connection with their appli-
cation in the following chapters.

2.1 The FinTech rise

What is FinTech?

FinTech stands for Financial Technology which refers to companies whose busi-
ness financial services are mostly based on the technology platform to innovate
products and perform financial services more efficiently. In other words, FinTech
is an emerging type of financial services in the 21st century that some start-up com-
panies are trying to change the form of the traditional transaction into new, modern
and more effective methods by applying high-tech devices in financial sectors such
as mobile payments, money transfers, loans, fundraising and even asset manage-
ment. Some examples of technology being applied to the financial transactions are
peer-to-peer payment technology, peer-to-peer lending, mobile banking, digital wal-
lets and Blockchain, which aim to bring further benefits and high efficiency for the
financial transactions as well as help to reduce costs for customers.

Today, many people are using new technology products for their financial trans-
actions and management such as smartphone payment, online banking, online trad-
ing websites, and other forms of purchase payments automatically through the net-
work. However, most of them are unaware of the origin of these ideas, or, more
precisely, are completely unknown or heard about FinTech, except for investors or
individuals who specialize in the financial sector. The fact shows that the occurrence
of FinTech has completely changed the lives and created a great turning point in the
relationship between human and financial transactions such as loans and lines of
credit.
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FinTech has become one of the most popular discussion topics recently, primar-
ily because of its potential disruption to the entire financial system. There has been
a dramatic digital transformation in the financial landscape. The term FinTech is,
however, a broad term, and it tends to mean different things to different people.
(Gai, Qiu, and Sun 2018) Continuous growth of the investment has been powering
the development of FinTech to advance on technologies breakthroughs in multiple
areas, such as mobile networks (Wen et al. 2013; Zhang et al. 2012; Gai et al. 2016a),
big data (Abawajy et al. 2016), trust management (Abawajy et al. 2016),Cloud com-
puting (Gai et al. 2016b), and data analytic techniques (Lee and Kim 2015).

I reported above that FinTech if translated means different things and this comes
physiologically due to our tendency to incur in interpretative bias and cognitive bi-
ases. This is confirmed by the fact that FinTech has become a hot term collecting
an enormity of concepts. It is reported that FinTech is considered one of the ma-
jor investment for most competitive financial firms (Wigglesworth 2016). However,
massive implementations lead to a broad scope of utilizing FinTech solutions in var-
ious domains.

Indeed one of the contributions to a FinTech survey performed by Gai et al. has
as objective the categorization of all perspectives. From the technical perspectives,
FinTech issues can be classified into five major technical dimensions include security
and privacy, data techniques, hardware and infrastructure, applications and man-
agement, and service models (Gai, Qiu, and Sun 2018).

For my thesis, I will refer to FinTech as financial services enabled by technology
innovation in the realm of the financial landscape and the breakthrough opportu-
nities and risks raised by its adoption. Related to FinTech growth and exponential
adoption different researchers are wondering who is the driver of the financial in-
dustry reshape, in particular, when and which bunch of technological advancements
let the process start. Starting to face FinTech niche areas I supposed that it was some-
thing quite new, well, FinTech is here since the modern era started.

For a bit of FinTech history let’s refer to (Buckley, Arner, and Barberis 2016). Ac-
cording to Arneris, Barberis Ross the first iteration of FinTech has been around since
1886. This is due to the evolution of communication devices like the telegraph and
more advanced transportation devices like railroads and steamships, which helped
transfer the financial information across borders in very rapid succession. Events
like the development of transatlantic cable in 1866 and Fedwire in the United States
of America in 1918 paved a way for the first-ever electronic fund transfer system,
which relied on telegraph and morse code.

We step then into the era 1970-2008 where traditional digital financial services
have been created till the actual phase starting in 2008 triggered by the Global Finan-
cial Crisis. The 2007-2008 financial crisis made the general economic crisis more se-
vere on a worldwide perspective. This affected the general banking industry which
lost its good reputation. With a lot of financial professionals losing their employ-
ment status, people started seeking more reliable ways to seek money, which would
be different from traditional banking systems. Due to this, we saw the emergence of
new financial services and currency systems and in this case, it was cryptocurrency.

With the release of Bitcoin back in 2009, the world saw that it is possible to have
a currency system without major banks backing it. Due to this, we saw a huge
influx of popularity in consecutive years. Not only this, but bitcoin was not the only
cryptocurrency gaining foot. Altcoin, crypto token and many others also started
gaining popularity with Altcoin being defined by Stephanie Yang of The Wall Street
Journal as “an alternative digital currency,” while others in the same journal defined
it as an “alternative bitcoin.”
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The history of FinTech helps us in strongly assessing that the era is characterised
by opportunities ranging from inclusion, transparency, new business models and
personalized services, advanced analytics methods, etc... and new risks. Relatively
to risks I shortly let few drops for thoughts: risk deriving from inadequate regula-
tion, risks related to data protection, cyber threats, fraud detection, identity theft,
anti-money-laundering, etc.

Around the thesis, you will find several FinTech concepts such as marketplace
and peer-to-peer lending, credit scoring, alternative data, distributed ledger tech-
nologies, blockchain, smart contracts, cryptocurrencies and initial coin offerings,
central bank digital currency, cybersecurity, identity theft, cloud computing, use of
big data and artificial intelligence and machine learning, identity and fraud detec-
tion, anti-money laundering, natural language processing, regtech, insuretech, sand-
boxes, and FinTech regulations.

As a concluding remark if we consider the raise of FinTech from a data driven
perspective as I am used to do we can see how the advent of FinTech and the data
availability explosion goes hands in hands with many implications for the whole
economic system. .

2.2 Literature review of Ledger Technologies

The blockchain is the most popular distribution ledger technology worldwide. The
World Bank Group report on FinTech defines the blockchain as “[. . . ] particular type
of data structure used in some distributed ledgers which stores and transmits data
in packages called “blocks” that are connected in a digital “chain”. Blockchains em-
ploy cryptographic and algorithmic methods to record and synchronize data across
a network in an immutable manner.”. Moreover, the report underlines the follow-
ing specification: “Not all distributed ledgers employ blockchains and, conversely,
blockchain technology could be used in other contexts”(Natarajan, Krause, and Grad-
stein 2017). At the basis of the oncoming chapters and work described we have the
distributed ledger technologies (DLT) enabling raise of new business models such
as the initial coin offerings.

Therefore, I consider it suitable to introduce the technological background of the
main tool analyzed and described in the next chapters: the blockchain. Technically
the blockchain is a system belonging to the distributed ledger technologies. The
world of the last twenty years has experienced the disruptive power of the devel-
opment of technologies. Transaction volumes worldwide are growing parallel with
“the growth of e-commerce, online banking, and in-app purchases” and they are
expected to explode in the close future: the progress in the Internet of Things and
Artificial Intelligence are accelerating this process. Transaction systems, most of the
times, are “inefficient, expensive and vulnerable”(Gupta 2017). To avoid future col-
lapses of the payment system, there is the need for a payment network able to safe-
guard efficiency and continuity, ensuring trust between operators. This is the start-
ing point of Satoshi Nakamoto: the development of a trustworthy and autonomous
system for payments.

Blockchain is said to have the potential to disrupt the way the global financial
system works and change the nature of investment (Fanning and Centers 2016; Pol-
lari et al. 2016). The first blockchain was conceptualised by a person (or group of
people) known as Satoshi Nakamoto in 2008. In January 2009, this concept was im-
plemented as a core component of the cryptocurrency Bitcoin. Through the use of
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a blockchain, Bitcoin became the first digital currency without requiring a trusted
authority (Nakamoto October 31, 2008).

The proposal of a peer-to-peer network that transfers value between participants
is not unique to blockchain. Crowdfunding, as discussed in the previous session,
is an existing FinTech innovation that enables peer-to-peer money exchange with-
out an intermediary. However, Bitcoin is a unique method for the movement of
value. As explained by Fanning and Centers in (Fanning and Centers 2016), Bit-
coin transaction information is permanently recorded in a block and this is added to
prior transaction information (therefore forming a blockchain). With the blockchain,
users can validate and track their Bitcoin transactions, and the stored information
within the block can serve as the trust element. Therefore, a blockchain effectively
severs the need for a centralised agent, which is normally provided by financial in-
termediaries. This trust element inherent in the blockchain is the main reason that
blockchain technology has the potential to be a transformative technology in finan-
cial services; in some areas, it may eliminate the need for intermediaries.

2.2.1 Blockchain basic concepts

It is important to differentiate and define the basic concepts related to Blockchain
technology. The original Blockchain technology was developed as the underlying
infrastructure and database for effecting and recording transactions for the digital
currency Bitcoin. It was developed to create and track agreements between counter-
parties involved in Bitcoin (cryptocurrency) transactions. In this section we define,
describe and differentiate digital currencies and Blockchain technology and review
their related but separate evolution. The blockchain is composed by a series of blocks
which record every single transaction like a public ledger (Greene and Chuen 2019).
Every block of the chain points to the previous block through a reference which is a
hash value of the previous block (parent block). The first block of the blockchain is
called the genesis block.

A block is composed by a block header and a block body(Distributed Ledger Tech-
nology (DLT) 2020). The block header, in turn, consists of:

1. Block version: it specifies which rules for block validation are followed.

2. Block hash: it is a 256-bit hash value that uniquely identifies the block and data
contained.

3. Parent block hash: it is the hash of the previous block, allowing to point at it.

4. Timestamp: it marks the creation time for each block. Blocks are connected in
chronological orders.

5. nBits: it is the encoded form of the hashing target.

6. Nonce: a 4-byte field, which normally begins with 0 and increases every time
hashes are calculated.

As regards the block body, it is formed by a transaction counter and transactions.
In general, the limit number of transactions that can be recorded in a block is related
to the dimension of single transactions and the size of the block itself. To validate
the authentication of transactions instead, blockchain applies an asymmetric cryp-
tography mechanism and based on it, a digital signature is used in an untrustworthy
environment, as explained in the next paragraph (Gao, Hatcher, and Yu 2018).
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The digital signature is a mechanism that is used to identify the user that trans-
mitted the data. Every user in a blockchain has two types of keys, a private key
and a public key. A digital signature can be divided into two main phases, the sign-
ing phase and the verification phase. The private key is the key necessary to sing
a transaction. At this point, the signed transaction is spread all over the network
and is accessed through the public key. To better understand the process, figure 2.1
represents a general example of how digital signature works. In figure 3 Alice needs
to sign a transaction so she generates a hash that derives from the transaction and
then she uses her private key to encrypts the hash value. At this point, she can send
the encrypted hash with the original data to Bob, another user in the blockchain net-
work. To decrypt the data that Alice sent, he has to use Alice public key so he can
then verify the received transactions Alice (Natarajan, Krause, and Gradstein 2017).
Blockchains normally use digital signature algorithms that include elliptic curve dig-
ital signature algorithm. As probably noticed, the public key of Alice is available to
anyone creating a confidentiality issue. This problem is solved by another system
which is called asymmetric encryption (Koblitz 1987).

FIGURE 2.1: How Digital signatures work, from (Natarajan, Krause,
and Gradstein 2017)

Digital signature mechanism

Key characteristics of blockchain

In this section the fundamental characteristics of blockchain are identified and sum-
marized as follow.
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Decentralisation. A transaction in a conventional system has to be validated by cen-
tral trusted authorities (i.e. central banks) which leads to higher costs and lower
transaction speed. On a blockchain network instead, the need for an intermediary
is removed and the transaction can be directly conducted between any two peers
(P2P). Without the validation from a central agency, costs are significantly reduced
and transaction performance is improved.
Persistency. It is considered impossible to manipulate and hack a blockchain network
because every transaction is confirmed permanently and publicly recorded in blocks
which cannot be altered. Furthermore, every block needs to be validated by other
nodes so every transaction is checked making it easier to identify falsifications.
Anonymity. In a blockchain network, every user is identified by a specific address.
There is no central data storage keeping user’s information. This system provides to
users a certain degree of privacy on every transaction made through the blockchain
network. Anyhow, must be specified that the privacy provided is not complete.
Auditability. Blocks are recorded and validated with a timestamp chronologically.
Blockchain gives the possibility to its users to easily access any block of the network
and verify any previous transaction made through the network. For example, in
the case of Bitcoin, every transaction can be traced to the previous transaction, sig-
nificantly improving the transparency of the entire system (Natarajan, Krause, and
Gradstein 2017).

Taxonomy of blockchain systems

The identity management operations consist of supervising across several layouts
of control the authorities assigned to the peers that figure as users, administrators
or validators of the blockchain network. Therefore, the identity management of a
blockchain can be specifically distinguished in three types of access and control sub-
components (Guegan 2017):

PERMISSIONLESS PUBLIC BLOCKCHAIN: Bitcoin and Ethereum are popular
users of a blockchain structure without a centralized authority and where the con-
sensus mechanism is fully controlled by its protocol and the network. Every partici-
pant is free to use the blockchain to run the desired operations.

PERMISSIONED PUBLIC BLOCKCHAIN: in this case, certain operations (i.e.
mining, validation) needs the authorization by the administrator nodes.

PERMISSIONED PRIVATE BLOCKCHAIN: here the blockchain platform hosts
a network of selected and known participants where the consensus is granted by a
centralized organization, that usually is represented by private or public institutions.

The details along which the three types of blockchain differentiate among them-
selves are the following:

Consensus determination. In a public blockchain, the consensus can be determined
by each node. In a consortium, it is determined only by a restricted group of nodes
while in a private network the validation is determined by one single organization.

Read permission. On a public blockchain, the transaction can be accessed by any
user. In a consortium or private blockchain instead, permission on access transac-
tions information can be restricted arbitrarily or left open to the public. The decision
is left to the organization, in the private case, or a limited group of people in the
consortium case.

Immutability. In a public blockchain, data is stored in nodes that compose the
network and it is almost impossible to alter them. Consortium or private blockchains
can tamper if the majority of consortium or the dominant organization wants to
tamper it.
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Efficiency. For public blockchains, it takes plenty of time to spread transactions
since there are many nodes in the network. Furthermore, its stricter safety restric-
tions increase latency and reduce capacity. In consortium or private blockchain in-
stead, a fewer number of validators can make the network more efficient.

Centralised. This is the major difference between these three types of blockchain.
The public blockchain is decentralised, the consortium blockchain is partially cen-
tralised while the private blockchain is completely controlled by a single individual
or group of people and therefore it’s completely centralised.

Consensus process. In a public blockchain potentially everyone could contribute
to the consensus process. Since the network is public, it can attract and involve
many users in the process. Communities are very active in creating new blockchains
frequently. On contrary, consortium and private blockchain are permissioned and
nodes have to be certified to participate in the consensus process. Anyhow, consor-
tium blockchains are applied in many businesses as well. Hyperledger for example
created consortium blockchain frameworks.

2.2.2 Tokenization

The blockchain expert William Mougayar considers the modern token as “a unit of
value that an organization creates to self-govern its business model, and empower
its users to interact with its products while facilitating the distribution and sharing
of rewards and benefits to all of its stakeholders” (Mougayar 2017). Therefore, toke-
nomics may be considered as an advanced economic system that “encompasses the
concept of the study, design, and implementation of an economic system to incen-
tivize specific behaviours in a community, using tokens to create a self-sustaining ad
hoc mini economy”(Au and Power 2018).

Since the tokenomics is a source of young artificial economies, for researchers be-
came challenging to develop standard models and theories as they used to do with
the real economies and its assumptions. The first approach to this dilemma is to fol-
low the economics classification by splitting it into two areas: microeconomics and
macroeconomics. Consequently, microtokenomics drives the functions of individ-
ual participants within blockchain technology, particularly through the consensus
mechanism, its rewarding system and rate of token issuance. Respectively, macroto-
kenomics includes a broader interaction between external blockchain ecosystems or
intermediaries that may influence the token demand and supply, the price volatility
or its market speculation (Kampakis 2018). The blockchain and distributed ledger
technologies are the foundation of tokenomics, where the network is replacing the
markets themselves. According to the angel investor Naval Ravikant, the global real
economy is not only ready to be merged with the token economy but is becoming in-
creasingly demanding. The speed of the information and the digitalization process
of business models and the creation of future ones cannot be supported any longer
by opportunistic implications run from intermediaries and by obsolete regulatory
systems (Naval on Twitter 2020).

Since the token economy was born as an incentivisation technique to influence
an individual’s behaviour, blockchain technologies allow applying the same prin-
ciple to the entire economic society. Governments may use the technique to aware
and educate the citizens on good habits and its benefits for the entire community
to be applied on problems such as waste pollution and tax evasion (Tversky and
Kahneman 1992). A tokenized economy would be able to track in detail the whole
data transactions and exchanges to protect the markets against financial bubbles and
heavy speculations.
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Tokens and cryptos

Form a technical point of view, cryptocurrencies can be divided into two main cate-
gories: coins and tokens (Rohr and Wright 2018). This classification is based on the
fact that coins run on their blockchain networks, such as Bitcoins or Ethereum, while
tokens run on top of pre- existing blockchains. In the case of coins, the blockchain
network is intentionally conceived to allow the transfer of cryptocurrencies and
coins are used to compensate members for contributing to the maintenance of the
blockchain network. For example, bitcoins were created to serve as “purely peer-
to-peer version of electronic cash and to allow online payments to be sent directly
from one party to another without going through a financial institution (Nakamoto
and Bitcoin 2008). Tokens instead, run on top of other blockchains (primarily on the
Ethereum blockchain) which support the creation of new cryptocurrencies. The pur-
pose of tokens is different from the one of coins and they normally can be used only
in their specific platform. Coins instead are used uniquely as means of payment for
goods and services sold outside of the platform itself.

Another type of classification of cryptocurrencies is based on their functions. So,
cryptocurrencies can be further classified into digital currencies and digital tokens
and this is the division that has been applied by the majority of regulators around
the world. From this perspective, a digital token can be described as ”any digital
representation of an interest, which may be of value, a right to receive a benefit or
perform specified functions or may not have a specified purpose or use” (ESMA,
2019). Digital currency instead, can be defined as “a type of cryptocurrency that is
meant to be used as a means of payment or exchange goods or services that are ex-
ternal to the blockchain ecosystem on which they are built” (ESMA, 2019)(European
Securities and Markets Authority 2019).

2.3 Initial Coin Offerings

Initial coin offerings have recently emerged as a new mechanism for financing ini-
tiatives and projects through the emission of tokens. Initial coin offering is smart
contracts based on distributed ledger technologies, which allow entrepreneurs to
rise external founding without the need of an intermediary like central banks. The
most common distributed ledger technology is the blockchain. Tokens represent
entries on a blockchain, meaning that all transactions are recorded safely and trans-
parently. The owner of the token is the only one that has the key, called a hash, to use
the token and transfer the ownership to somebody else (Momtaz 2020a). Businesses
can generate their crypto tokens and offer it to the public guaranteeing that it will
be the only mean of exchange for products and services of their ecosystem (Catalini
and Gans 2018). In ICO sales, cryptocurrencies like bitcoins or ethers play a central
role because they often are the only means of payment accepted in token sales. ICOs
drew the attention of entrepreneurs because tokens can be used to finance a business
in every stage with low friction and basically zero transaction costs. On the other
side, ICOs attracted the interest of investors because tokens sales promise high re-
turns and investors can exit any time since the token market is very liquid (Momtaz
2020a). But ICO market is also affected by a great amount of information asymmetry
because it mostly involves projects that are just in their early stages. Moreover, it is
difficult to find objective and reliable information about ICOs and proper regulation
is still missing. ICOs have a huge investment potential and the fear of being left out
heavily increased the growth of frauds.
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The crucial point regarding ICOs is the "nebula" around this business model.
Since 2018, when I started facing the argument however I saw a huge effort from
academia researchers, practitioners and regulators to give a definition and put in or-
der the hype around this new business model. As an example in 2018 Daniel Blaseg,
professor of Entrepreneurship at the ESADE Business School states that “An offi-
cial recognized definition of ICOs does not exist” (Blaseg 2018). Recognized as the
most popular digital financial instrument, the ICO is yet to find its precise location
within the financial market’s taxonomy. This is perfectly coherent with the taxon-
omy dilemma of the tokenization process and when facing up a new venture instru-
ment based on young technologies such as DLT and blockchain that were analysed
in previous chapters. Even the regulators and the major financial institutions en-
counter obstacles in formulating an official definition since a regulatory framework
is still to be assessed, but the regulatory topic will be face up in the next paragraphs
although not being the focus of this thesis a lot of research has been done to under-
stand how the models and findings developed in the works from Chapter 3, 4, 5 can
be of value for understanding the sector, and more than this understanding from an
empirical way also which are the determinants of success and failure, leading shades
on the fraudulent component.

From now on the Blaseg’s definition will be considered valid each time the name
ICO is mentioned: “A novel fundraising mechanism in which nascent blockchain
projects sell their underlying protocol or application tokens. They can become a
functional medium of exchange to be potentially traded in the secondary market
and might grant a potential financial return or other forms of extrinsic reward if the
project launches.” At first glance, the name “ICO” reminds the acronym of “IPO”,
the stock market launch of a company or Initial Public Offering, but the similarities
stop only at the lexical perspective. The parallelism between ICO and IPO is of-
ten used among the researchers to compare the steps of both fundraising processes
(Howell, Niessner, and Yermack 2018).

After classifying the tokenization activity of several economic assets, this chapter
will focus on analysing one of the most common tokenized funding instruments, the
Initial Coin Offering (ICO). But before diving into further studies, it is important to
distinguish the ICO from the other less popular fundraising tokens 1.

- Security Token Offering (STO): A regulated security compliant with the appro-
priate jurisdiction that was built on blockchain technology and issued as a tokenized
traditional financial instrument. From the investors’ point of view, if the ICO may
be considered as a donation without regulated rights, the STO guarantees respective
rights derived by the financial instrument.

- Initial Exchange Offering (IEO): It is defined as a spin-off of the ICO that per-
forms on one or more centralized exchanges. The exchange platforms, despite col-
lecting transactions fees, perform agency operations as project due diligence, valua-
tion, advertising and trading operations.

- Initial Decentralised-Exchange Offering (IDO): An alternative to IEO where the
token is launched on a centralized Exchange, IDO deploys them on an exchange
platform designed on a decentralized ledger.

- Initial Fork Offering (IFO): Belongs the blockchain fork operations when the
main distributed ledger is duplicated spontaneously or induced for several reasons
(e.g. consensus divergences, protocol update). In this delicate operation, the first
new tokens are issued for free until the old ones are exchanged for new ones.

1extensive definition found on Linkedin IEO, IMO, IDO, IDO(2), ICO, rICO, ICO(2), UTO, ICCO,
STO, ATO, TRMI, DAICO, ETO, IFO, IAO, DSO, STEO, CSO, CTO, ICTO, DYCO, SPAC, IPO 2020
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- Initial Airdrop Offering (IAO): A practice adopted by new projects that aim to
acquire early adopters by distributing for free (or discounted) limited tokens. The
airdrops should trigger the correct network effect by token adoption or exchange in
order to sustain the token value growth.

- Decentralised Autonomous Initial Coin Offering (DAICO): the name was first
used by the crypto guru Vitalik Buterin when he proposes to improve the ICO
funding instrument by adding decentralization and controlling features as it was
meant to be with the Decentralized Autonomous Organization (DAO). Therefore,
the project team do not have immediate full access to the collected funds but are
limited by a capped usage decided by the investor’s vote. Moreover, the investors
can also terminate the smart contract with the team in case of dissatisfaction.

- Equity Token Offering (ETO): A variation of the STO where the equity is ma-
nipulated as security. From the investor point of view the ETO behaves as an ICO as
for the issued equity tokens represent ownership of a company but also it includes
voting and dividend rights. From a company prospect, the ETO fundraising process
inspires to Initial Public Offering (IPO) and Venture Capital (VC). A corporation
becomes an equity holder investing in a start-up venture and gives to the project
international visibility and investment opportunities.

Utility Token Offering (UTO): A start-up that issues a utility token has fewer
possibilities to be investigated by regulatory authorities compared to the issuing
equity tokens. For this reason, some start-ups prefer to raise funds with UTO giving
to the investors a utility or service prospect.

- Initial Convertible Coin Offering (ICCO): Gives to investors the right to convert
the purchased tokens into shares, becoming a shareholder, after three years from
the issuance. It is called also tokenized convertible warrant and the instrument is
regulated by the Malta Financial Services Authority (MFSA) and compliant with the
EU regulations.

- Asset Token Offering (ATO): Instead of backing the token on a safety security
asset as it works with the STO, the ATO backs the token on the start-up assets that
compose its core business. The assets are supervised and by third-party agents to
guarantee the project development and its value.

- Digital Security Offering (DSO): As the STO, also the DSO is a regulate financial
security backed by tangible assets of a corporation, while the STO by financial assets.
The DSO is mostly used for investing in stock companies or real estate markets.

In an ICO, a prospective buyer submits a purchase order for a token by sending
a payment to the issuer. Payment is usually in a cryptocurrency, and most com-
monly in ether, which prospective buyers can purchase for fiat on cryptocurrency
exchanges (Howell, Niessner, and Yermack 2018). After the sale, the smart contract
automatically sends the purchased tokens to the blockchain addresses of successful
buyers. One reason that the number of ICOs has risen so quickly is that in their most
basic form they impose essentially zero costs on the issuer.

Token sales events are typically preceded by the release of white paper disclo-
sure documents that are similar in spirit to prospectuses for initial public offerings
(Howell, Niessner, and Yermack 2018). As there is no official regulation on what
white papers need to include, their content varies greatly. However most of the
times they include a description of how the token will be used and its benefits as
well as some information on the background and business idea of the project. Of-
ten missing is basic information about the issuer and a contact address. Most of the
time, no information about the legal address or the individuals behind the ICO can
be found. The white paper document is of high relevance for this work, thus the
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topic will be revisited in the adjacent subsection 5.2.3. In addition to a white paper,
issuers promote their project prior to the ICO through social media channels such
as Twitter, Facebook or Telegram communication channels. Sometimes, the source
code of the project or information about the token distribution mechanism is made
public on code sharing platforms such as Github. It is also common that the issuing
team links their online presences on websites such as LinkedIn. If there exists an
advisory team for the ICO, their presences might also be listed.

Investors can get compiled information about future and past ICOs, including
links to all relevant information sources mentioned above on websites such as Coin-
schedule.com, Icobench.com, IcoWatchList.com and many more.

For the issuers, an initial coin offering can roughly be divided into two phases.
Firstly, the Pre-Public-Engagement phase. The initiators of the project are develop-
ing their business idea and need to get to know whether there is significant sur-
plus to holding an ICO for the project or not. There are many things to be taken
into account. One question being whether an ICO is actually legal in the intended
country for the ICO. In most countries, ICOs are either legal, regulated or subject
of future regulation. The topic of regulation however will be discussed in depth in
paraghraph 2.3. Once a venture has made the decision to hold an ICO, it needs to
create a coin.

There are many different ways to hold an ICO, including different phases of to-
ken sale, pre sales, the actual ICO and general sale. The venture needs to decide
on how many coins it wants to sell and how many remain within the team. Also,
a platform for the issue of coins needs to be selected. According to Howell et al.,
most ICOs use ERC20 tokens, which are smart contracts hosted by the Ethereum
blockchain. Anyone can create such a contract for free. If all basics are settled,
the Public Engagement Phase with the goal of spreading the word about the ICO
through above mentioned channels begins. After launch of the ICO, the issuer has
no control over the tokens beyond what was specified ex-ante in the contract (How-
ell, Niessner, and Yermack 2018). According to Howell et al., when launching an
ICO, the issuer has to decide on:

• Target proceeds

• Fraction of total token supply sold

• Pricing mechanism

• Distribution method

• Token rights

• Exchange listing

In the following, the two phases for issuers of ICOs are broken down in greater
detail. It is estimated that to launch an ICO, about 1,200 critical tasks have to be
managed over a time horizon of about 28 weeks until completion (Bach 2018). How-
ever, one must note that depending on the scope of the project both the number of
tasks at hand as well as the implementation time may vary greatly.

1. Preparation (ca. 8 weeks): Establishment of firm, preparation of white paper,
checking juristic requirements, internet presence, construction of a community

2. Private Pre-Sale (ca. 4 weeks): Discounted Sale of tokens to established crypto
investors
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3. Public Pre-Sale (ca. 4 weeks): Discounted Sale to selected multiplicators in the
ICO community

4. Marketing Main Sale (ca. 8 weeks): Extensive advertising campaigns, Road
Shows

5. Main Sale (ca. 4 weeks): Sale to community at normal price

6. Post ICO (permanent): Maintenance of community

Filecoin, which is a data storage project of Protocol Labs Inc., hosted a successful
ICO in 2017 which raised over USD 200 million. As mentioned before, its token FIL
will be the sole form of payment accepted on its platform. As in many other ICOs, a
private pre-sale preceded the main public sale to provide token discounts to insiders,
previous equity investors in Protocol Labs, and other strategic investors. According
to Howell et al., pre-sale investors paid an average of USD 0.57 per token. In the
main public sale, investors paid an average of USD 2.57. Pre-sale discounts can be
compared to the lower prices that early investors receive for conventional startup
equity. Early investors in exchange take on more risk, provide services, and signal
quality to the market (Howell, Niessner, and Yermack 2018).

After the completion of an ICO, the newly created tokens can be traded online
on certain websites, known as digital currency exchanges (DCEs), such as CoinBase
or Kraken. These enable customers to exchange the new tokens for other assets,
such as other digital currencies or legal tender (Stacher 2018). According to esti-
mates by the European Securities and Markets Agency, around 200 of such trading
platforms exist globally. However the most flows concentrate on a small subset of
them (European Securities and Markets Authority 2019). A token being traded on a
secondary exchange therefore is a sign that an ICO has been completed successfully
and there still exists demand for the token. Between a fourth and a third of tokens
offered in ICOs are being traded. Daily trading volumes normally amount to USD
10-15 bn. This number needs to be taken with caution though as it is suspected that
some platforms seemingly inflate the volumes that they trade (European Securities
and Markets Authority 2019). However, as with traditional exchanges, the value of
the token is subject to fluctuation and may change with the sentiment of the market.
There is also, as with any exchange, a risk of insider trading(ESMA 2018).

Regulation

In recent years, especially after the 2008 crisis, the financial environment changed
rapidly, introducing new technologies and investment opportunities like derivates
and algorithmic trading. Authorities responsible for regulating these new instru-
ments approached carefully to not obstacle the development of these innovations.

To regulate all the investment services, Europe and the United States adopted
broad regulations. European union in 2004 introduced the “Markets in Financial
Instruments Directive” (MiFID) and subsequentially a second version of the direc-
tive in 2018 (MiFIDII), leaving to the single states the implementation through the
national law. In 2005 the United States adopted the “Regulation National Market
System” (Reg NMS) in order to promote a fair distribution of information and to
protect investors (European Parliament and Council, 2004; Maume and Fromberger,
2018; SEC, 2005). Both jurisdictions try to constantly modernize and update regula-
tions to manage changes and novel mechanisms in finance. 2008 was the genesis of
new technologies that somehow revolutionized the financial market.
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The growth in popularity of blockchain technology and Bitcoin in recent years
generated a sort of “cryptocurrencies rush”. Along with these trends, companies
started to exploit new methods to raise finances for their projects. Through an ICO,
startups can now issue their cryptocurrencies at each stage of their lifecycle, disinter-
mediating the process of raising funds (Hacker and Thomale 2018; Rohr and Wright
2018; Zetzsche et al. 2018).

Recently, ICO became the most innovative funding mechanism, allowing ven-
tures to collect about USD 5.5 billion in 2017. The absence of an intermediary leads
to different advantages compared to traditional funding methods. But on the other
side, the disintermediation of the process also brings some downsides as many ICOs
fails or result to be scams (Maume and Fromberger 2018). This market is character-
ized by information asymmetry and investors, the weakest counterpart, are exposed
to serious risks. For this reason, regulators started to release warnings trying to in-
form investors of the high risks related to ICOs (Initial Coin Offerings (ICO’s): serious
risks | Topics AFM | AFM Professionals 2020; ESMA highlights ICO risks for investors
and firms 2020; Initial Coin Offerings 2019; Cryptocurrency ICO Issuers on Notice After
SEC Seminal DAO Report 2020). Jurisdictions around the world did not introduce
yet any complete legal framework. Most jurisdictions are still supervising the phe-
nomenon trying to gain more information to figure out the best approach to regulate
it. National regulators agree that a general regulation is needed for tokens.

Considering ICOs, different regulators both in the United States and Europe (i.e
Germany and the UK) arrived at the conclusion that is more appropriate to look at
every ICO individually, adopting a case-by-case procedure to better assess which ex-
istent law is suitable and how it should be integrated. So, ICO did not find its spot in
the financial market’s taxonomy yet. Therefore, every jurisdiction adopted different
rules. In the first place because existing regulations of securities are different and
secondly because each jurisdiction might see ICO phenomenon from a different per-
spective, considering it as a potential threat or as an opportunity. As a matter of fact,
regulators around the world took different paths. Countries like China and South
Korea considered ICOs as a serious threat and decided to ban it. Instead, countries
like Singapore, Switzerland and France tried to create a favourable environment for
ICOs, refining their regulation (Langenbucher 2018). At the same time, legal and
economic scholars debated the appropriateness of applying the existing regulation.
The results show that many crypto assets have the characteristics to be considered
securities assets, so the related financial regulation should be applied ((Hacker and
Thomale 2018; Langenbucher 2018; Maume and Fromberger 2018).

Verena Ross, the executive director of the European Securities and Markets Au-
thority (ESMA), in a recent speech held in November 2018, stated “[...] in the end
we might well determine that some of these crypto-assets are financial instruments
under the current legislative framework, [...] and thus that their sale (through ICOs)
should be subject to the applicable regulatory requirements”. Besides, she also de-
clared that they “[...] will need to discuss how to deal with the regulatory perimeter
and how to react as regulators and supervisors to the crypto assets, and the services
surrounding them, where they are not within the regulatory regime, but might be
very close to traditional financial instruments” (Ross, 2018). To summarize, regula-
tors and scholars are still observing these novel mechanisms and arguing whether
existing regulation might be applied or new legislation is required.
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2.3.1 Sandboxes and Innovation Hubs

In response to criticism towards legislators and regulators for not keeping pace with
industry practices and initiatives, several countries have opted to create ’innovation
facilitators’ in the form of regulatory sandboxes and innovation hubs. These are in-
tended to enable potential FinTech operators to develop their business models and
test the boundaries of the law in a supervised environment (ESMA 2018). These
measures are an addition to the regulatory framework listed above.

Regulatory sandboxes and innovation hubs differ in their scope. An innova-
tion hub is a dedicated point of contact for ICO issuers. It is most often integrated
within a supervisory authority. It responds to enquiries made by ICO operators on
the extent that potential new products or services meet regulatory requirements and
consumer protection expectations. Innovation hubs, therefore, provide non-binding
guidance on the conformity of business models. Regulatory sandboxes go further
and allow operators to test innovative financial products/services or business mod-
els. The testing is carried out following a specific testing plan. This plan must be
agreed and monitored by a dedicated function of the competent authority. They
may also imply the use of legally provided discretions by the relevant supervisor
(with use depending on the relevant applicable EU and national law) but sandboxes
do not entail the disapplication of regulatory requirements that must be applied as
a result of EU law.

In their 2018 report (ESMA 2018), the SMSG believes that sandboxes and inno-
vation hubs should not be subject to a high amount of regulation as they foster in-
novation on the FinTech field. However, some coordination is deemed necessary.
ESMA is advised to provide guidelines with minimum criteria for national author-
ities which already implemented or plan a sandbox or innovation hub. The criteria
should ensure that ESMA is informed about the exact scope of the innovation facil-
itators implemented by the member states. Furthermore, information about the op-
erating conditions and consumer protection of the innovation hubs and sandboxes
should also be made transparent to the public. Lastly, a regular reporting to ESMA
and the public about the individual experience with innovation facilitators and the
projects tested is advised.

In January 2019, the Joint Committee of ESAs (ESMA, EBA, EIOPA) published a
report on sandboxes and innovation hubs, again in answer to the 2018 FinTech Ac-
tion plan (Joint Commitee of ESAs 2019). As at the date of the report, 21 EU Member
States and 3 EEA States have established innovation hubs and 5 EU Member States
have regulatory sandboxes in operation:

• Innovation Hubs: Austria, Belgium, Bulgaria (planned), Cyprus, Germany,
Denmark, Estonia, Spain, Finland, France, Hungary, Ireland, Iceland, Italy,
Liechtenstein, Lithuania, Luxembourg, Latvia, Netherlands, Norway, Poland,
Portugal, Romania, Sweden, UK

• Sandboxes: Denmark, Spain, Hungary (planned), Lithuania, Netherlands, Poland,
UK

In the report, the ESAs analyse the innovation facilitators established to date
within the EU. The ESAs also set out ‘best practices’ regarding the design and op-
eration of innovation facilitators, informed by the results of their analysis and the
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experiences of the national competent authorities in running them. Further options
for future EU-level work on innovation facilitators are being discussed and a set of
best practices is recommended. These best practices are intended to:

• promote consistency across the single market in the design and operation of
innovation facilitators

• promote transparency of regulatory and supervisory policy outcomes from
arising from interactions in the context of innovation facilitators

• facilitate cooperation between national authorities, including consumer and
data protection authorities

In conclusion, innovation facilitators enable FinTech operators to inform them-
selves about regulation and, where it seems practicable, to also test their concepts
without the risk of unintendedly infringing EU or national law. Therefore, innova-
tion hubs and sandboxes can be seen as an important extension in the treatment of
FinTech by the European Union. They help to clarify guidelines and may therefore
attract trustworthy projects.

2.4 Machine Learning

As introduced in 2.1 the advent of digital financial services under the name of Fin-
Tech went hand in hand with a data revolution: the BIG DATA ERA. The first to
use the term "big data" was John Mashey, who began discussing big data in the late
1990s when he worked for SGI. The authoritative definition of big data came from
Doug Laney, who was an analyst at META Group, which has since become part of
Gartner, nowadays leaders in the business sector. In 2001, Laney published a pa-
per called "3D Data Management: Controlling Data Volume, Velocity, and Variety."
His three Vs — volume, velocity and variety — have since become the industry-
standard way to define big data (Laney 2001). The evolution of Big Data matter
for the future of modern society as it demands sophisticated data management and
advanced analytics technique. Companies use the big data accumulated in their
systems to improve operations, provide better customer service, create personal-
ized marketing campaigns based on specific customer preferences and, ultimately,
increase profitability. Businesses that utilize big data hold a potential competitive
advantage over those that don’t since they’re able to make faster and more informed
business decisions, provided they use the data effectively. FinTech evolution de-
pends on the ability to leverage Big Data.

These modern data contain useful information that can be analyzed to describe
and make predictions regarding the involved phenomena and can be used to im-
prove organizations, systems and products. The analysis to convert them in action-
able insights and to distil useful models involve different procedures depending on
their structure and characteristics. Algorithms are quite specific on the type and
structure of information they work on, thus, different types of data are treated with
different methods. There are two main families in which data can be categorized,
structured and unstructured.

Structured data is data that is in a form that can be used to develop statistical or
machine learning models (typically a matrix where rows are records and columns
are variables or features). Or data that is in a form that can be extracted and turned
into such a matrix fairly easily (e.g. database tables). Unstructured data is data, often
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text data, that is heterogeneous in format and requires considerable pre-processing
before it can be used in a model. Examples are tweets, social network profiles and
postings, and tech support cases or maintenance requests. A characteristic of the
current pervasive origination of data from several endpoints is the abundance of
unstructured data. Around 80% of the data generated today are unstructured and
they comprehend texts, images, sensors stream data, videos and audio files, each
one of these requiring different pre-processings and algorithms.

In the following chapters, empirical analysis has been made making use of struc-
tured data, as in data section 3.5 and unstructured data as in 4.5 and 6.4 gathered
through unsupervised models such as textual retrieval techniques.

2.4.1 Supervised alghoritms

Over the past two decades Machine Learning has become one of the mainstays of
information technology and with that, a rather central, albeit usually hidden, part
of our life. With the ever-increasing amounts of data becoming available there is
good reason to believe that smart data analysis will become even more pervasive
as a necessary ingredient for technological progress. This section wants to give an
overview of the main models used in the following chapters.

The learning problems that we consider can be roughly categorized as either
supervised or unsupervised. In supervised learning, the goal is to predict the value
of an outcome measure based on several input measures; in unsupervised learning,
there is no outcome measure, and the goal is to describe the associations and patterns
among a set of input measures (Hastie, Tibshirani, and Friedman 2009)

A simple case of the statistical learning process is to use the inputs to predict the
values of the outputs. This exercise is called supervised learning. We have used the
more modern language of machine learning. In the statistical literature the inputs are
often called the predictors, a term we will use interchangeably with inputs, and more
classically the independent variables. In the pattern recognition literature, the term
features is preferred, which we use as well. The outputs are called the responses, or
classically the dependent variables.

Logistic regression

Logistic regression is a supervised learning classification algorithm used to predict
the probability of a target variable. The nature of the target or dependent variable is
dichotomous, which means there would be only two possible classes.

In simple words, the dependent variable is binary having data coded as either 1
(stands for success/yes) or 0 (stands for failure/no).

Mathematically, a logistic regression model predicts P(Y=1) as a function of X.
It is one of the simplest ML algorithms that can be used for various classification
problems such as spam detection, Diabetes prediction, cancer detection etc. As fur-
ther example the logistic regression aims to classify the dependent variable in two
groups,let’s suppose the ICO case in which we have a target variable characterized
for example by a different status as in the methodology section 3.4[1=scam vs 0=suc-
cess or 1=success vs 0=failure] in which ICOs are classified by logistic regression,
specified by the following model:

ln(
pi

1− pi
) = α + ∑

j
β jxij, (2.1)
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where pi is the probability of the event of interest, for ICO i, xi = (xi1,. . . , xij , . . . ,
xi J) is a vector of ICOs-specific explanatory variables, and the intercept parameter α,
as well as the regression coefficients β j , for j = 1, ..., J, are to be estimated from the
available data. It follows that the probability of success (or scam) can be obtained as:

pi =
1

1 + exp(α + ∑j β jxij)
, (2.2)

The classes for regression with dichotomous data can be also greater than two
therefore in this case we rely on the multinomial logistic regression, which is a sim-
ple extension of binary logistic regression that allows for more than two categories
of the dependent or outcome variable. Like binary logistic regression, multinomial
logistic regression uses maximum likelihood estimation to evaluate the probability
of categorical membership. Multinomial logistic regression does necessitate care-
ful consideration of the sample size and examination for outlying cases. Like other
data analysis procedures, initial data analysis should be thorough and include care-
ful univariate, bivariate, and multivariate assessment. Specifically, multicollinear-
ity should be evaluated with simple correlations among the independent variables.
Also, multivariate diagnostics (i.e. standard multiple regression) can be used to as-
sess for multivariate outliers and the exclusion of outliers or influential cases. Sam-
ple size guidelines for multinomial logistic regression indicate a minimum of 10
cases per independent variable (Schwab 2002).

Multinomial logistic regression is often considered an attractive analysis because;
it does not assume normality, linearity, or homoscedasticity. A more powerful al-
ternative to multinomial logistic regression is discriminant function analysis which
requires these assumptions are met. Indeed, multinomial logistic regression is used
more frequently than discriminant function analysis because the analysis does not
have such assumptions. Multinomial logistic regression does have assumptions,
such as the assumption of independence among the dependent variable choices.
This assumption states that the choice of or membership in one category is not re-
lated to the choice or membership of another category (i.e., the dependent variable).
The assumption of independence can be tested with the Hausman-McFadden test.
Furthermore, multinomial logistic regression also assumes non-perfect separation. If
the groups of the outcome variable are perfectly separated by the predictor(s), then
unrealistic coefficients will be estimated and effect sizes will be greatly exaggerated.

In multiple regressions, two or more explanatory variables might be correlated
with each other. This situation is defined as collinearity. When collinearity exists
between three or more variables, even if no pair of variables has a particularly high
correlation, this situation is referred to as multicollinearity. The presence of multi-
collinearity leads the solution of regression to become unstable. Multicollinearity
check-called the variance inflation factor (VIF) is employed. It measures how much
the variance of a regression coefficient is inflated due to multicollinearity. The VIF
is the ratio of the variance of β̂ j when fitting the full model divided by the variance
of β̂ j if fit on its (James et al. 2017). The absence of multicollinearity is indicated by a
VIF value of one. A rule of thumb used widely is that a VIF value exceeding 5 or 10
indicates problematic amounts of collinearity. The concerned variables should then
be removed from the model since the occurrence of multicollinearity means that the
information embedded in the concerned variable is abundant in the presence of the
other explanatory variables of the model. The VIF for each variable can be computed
using the formula (James et al. 2017):
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VIF(β̂ j) =
1

1− R2
Xj|X−j

(2.3)

where R2
Xj|X−j

is the R2 from a regression of Xj onto all of the other predictors. If

R2
Xj|X−j

is close to one, then collinearity is present and the VIF will be large (James
et al. 2017).

Let’s introduce also a concept that in empirical chapters will be found several
times: the correlation index.

There are several different measures for the degree of correlation in data, depend-
ing on the kind of data: principally whether the data is a measurement, ordinal, or
categorical. Pearson’s correlation coefficient is the covariance of the two variables
divided by the product of their standard deviations. The form of the definition in-
volves a "product moment", that is, the mean (the first moment about the origin)
of the product of the mean-adjusted random variables; hence the modifier product-
moment in the name. For completeness a correlation matrix is described here, . It
shows the correlation coefficient for each pair of variables. Correlation between vari-
able X and variable Y can be computed as follows (Giudici 2003):

r(X, Y) =
Cov(X, Y)
σ(X)σ(Y)

(2.4)

In general, −1 ≤ r(X, Y) ≤ 1. A correlation coefficient of zero signals that the
two observed variables are not linked by a linear relationship, i.e. uncorrelated. A
value larger than 0, in general, implies a positive correlation, a value smaller than 0
a negative one.

Shrinkage methods

When the data set is small compared to the number of covariables studied, shrinkage
techniques may improve predictions. We can deal with this by making use of two
popular techniques of terms penalization shrinking. The Lasso regression and Ridge
regression.

The Lasso method (‘Least Absolute Shrinkage and Selection Operator’) as pro-
posed by Tibshirani 1996 combines shrinkage with selection of predictors, since
some coeffcients are shrunk to zero. The focus here is on Lasso since it can read-
ily be applied to linear regression models but also to generalized linear models such
as logistic regression as specified below and used in section 5.5.

Lasso logistic model allows obtaining a subset of variables that are strongly asso-
ciated with the dependent variable, through regularization of the coefficients bring-
ing them to values very close or even exactly equal to zero. Since the L1 penalty
is used, the variables with a coefficient equal to zero are excluded from the model
(Hastie, Tibshirani, and Friedman 2009). Mathematically:

Llasso(β̂) =
n

∑
i=1

(yi − x′i β̂)
2 + λ

m

∑
j=1

∣∣β̂ j
∣∣ . (2.5)

where yi are the n-observations for the target variable (success-failure), xi are the
n-observations for the covariates, λ is the penalization parameter chosen by cross-
validation and β j are the coefficient of the model.



2.4. Machine Learning 25

Ridge regression appears to be very similar to Lasso except for the penalization
term that presents a different form, as in the following:

Lridge(β̂) =
n

∑
i=1

(yi − x′i β̂)
2 + λ

m

∑
j=1

β̂2
j . (2.6)

Formula 4) differs from 3) in imposing a different constraint on the parameters
βi.

Ridge regression employs an L2 normalization (β̂2
j ) which produces a different

effect on parameters: they are shrunk toward zero without being exactly zero.
Extensive research has been performed to develop appropriate machine learning

techniques for different data mining problems. However, no learner is generally bet-
ter than another learner. Comparing machine learning methods depends very much
on the characteristics of a particular data set and the requirements of the respective
business domain

Thus, we offer a theoretical introduction for 5 well-known machine learning clas-
sifiers used in the following empirical analysis chapters, as in section 5.5:

• K-nearest Neighbors

K-nearest-neighbor (kNN) classification is one of the most fundamental and sim-
ple classification methods and should be one of the first choices for a classification
study when it is little or no prior knowledge about the distribution of the data (Data
Algorithms). K-nearest-neighbor classification was developed from the need to per-
form discriminant analysis when reliable parametric estimates of probability densi-
ties are unknown or difficult to determine. In an unpublished US Air Force School
of Aviation Medicine report in 1951, Fix and Hodges introduced a non-parametric
method for pattern classification that has since become known the k-nearest neigh-
bour rule (Silverman and Jones 1989). Later in 1967, some of the formal properties
of the k-nearest-neighbour rule were worked out; for instance it was shown that
for k=1 and n→ the k-nearest-neighbour classification error is bounded above by
twice the Bayes error rate (Cover and Hart 1967). Once such formal properties of
k-nearest-neighbor classification were established, a long line of investigation en-
sued including new rejection approaches (Hellman 1970), refinements with respect
to Bayes error rate (Fukunaga and Hostetler 1975), distance weighted approaches
(Dudani 1976), soft computing (Bermejo and Cabestany 2001) methods and fuzzy
methods (Bezdek 1987; Keller, Gray, and Givens 1985).

It is worth noting that the computational time is also needed to be considered
because distances between the observation and each of the data points in the training
dataset must be computed and compared (Bentley 1975).

• Support Vector Machine

More recently pure computational approaches have been developed for regres-
sion and classification, however, some of those listed here are seen as “black boxes”
in which data sets are throw in and solutions are obtained, without knowing ex-
actly what happens inside. This, in turn, limits their interpretation. Linear SVM is
the newest extremely fast machine learning algorithm for solving multiclass classi-
fication problems from ultra-large data sets that implements an original proprietary
version of a cutting plane algorithm for designing a linear support vector machine.
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LinearSVM is a linearly scalable routine meaning that it creates an SVM model
in a CPU time which scales linearly with the size of the training data set. In applied
statistics, it is common that observations belong to one of two mutually exclusive
categories, e.g., presence or absence of disease. By using a (random) sample from a
particular population, classification methods allow researchers to discriminate new
observations, i.e. assign the group to which this new observation belongs based on
discriminant function (Fisher 1936) after the assumptions on which it relies on are
validated. However, in practice, these assumptions cannot always be validated and,
as a consequence, the veracity of results is doubtful. Moreover, the implications of
wrongly classifying a new observation can be disastrous. To relax the theoretical as-
sumptions of classical statistical methods, several alternatives have been proposed,
including logistic regression (LR), one of the most widely used techniques for clas-
sification purposes today, the flagship of the empirical evidence thorough the next
chapters.

Support Vector Machine (SVM) (Cortes and Vapnik 1995) is a classification and
regression method that combines computational algorithms with theoretical results;
these two characteristics gave it good reputation and have promoted its use in dif-
ferent areas. Since its appearance, SVM has been compared with other classification
methods using real data (Lee et al. 2005; Verplancke et al. 2008; Chen et al. 2009;
Westreich, Lessler, and Funk 2010) and several findings have been reported. In par-
ticular, (i) SVM required fewer variables than LR to achieve an equivalent misclassi-
fication rate (MCR) (Verplancke et al. 2008), (ii) SVM, LR and NN have similar MCRs
to diagnose malignant tumours using imaging data (Chen et al. 2009) , and (iii) NN
were much better than LR with sparse binary data (Asparoukhov and Krzanowski
2001).

• Naive Bayes

Naive Bayes is a simple technique for constructing classifiers: models that assign
class labels to problem instances, represented as vectors of feature values, where
the class labels are drawn from some finite set. There is not a single algorithm for
training such classifiers, but a family of algorithms based on a common principle: all
naive Bayes classifiers assume that the value of a particular feature is independent
of the value of any other feature, given the class variable. For example, a fruit may
be considered to be an apple if it is red, round, and about 10 cm in diameter. A naive
Bayes classifier considers each of these features to contribute independently to the
probability that this fruit is an apple, regardless of any possible correlations between
the colour, roundness, and diameter features.

For some types of probability models, naive Bayes classifiers can be trained very
efficiently in a supervised learning setting. In many practical applications, param-
eter estimation for naive Bayes models uses the method of maximum likelihood; in
other words, one can work with the naive Bayes model without accepting Bayesian
probability or using any Bayesian methods.

Despite their naive design and oversimplified assumptions, naive Bayes classi-
fiers have worked quite well in many complex real-world situations. In 2004, an
analysis of the Bayesian classification problem showed that there are sound theo-
retical reasons for the implausible efficacy of naive Bayes classifiers (Zhang and Su
2004).

Still, a comprehensive comparison with other classification algorithms in 2006
showed that Bayes classification is outperformed by other approaches, such as boosted
trees or random forests, modern popular techniques introduced below (Caruana and
Niculescu-Mizil 2006).
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• Decision Trees

Decision Trees (DTs) are a non-parametric supervised learning method used for
classification and regression. The goal is to create a model that predicts the value of a
target variable by learning simple decision rules inferred from the data features. DT
are able of achieving high accuracy in many tasks while being highly interpretable.
What makes decision trees special in the realm of ML models is really their clarity
of information representation. The “knowledge” learned by a decision tree through
training is directly formulated into a hierarchical structure. This structure holds and
displays the knowledge in such a way that it can easily be understood, even by non-
experts(Quinlan 1987). Books and research paper are using this fancy algorithm. I
suggest readers refer to a comprehensive book treating decision trees (Rokach and
Maimon 2008).

A horizontal tree, growing to the right. See below a basic style for tree nodes,
and derived styles for specific kinds of nodes 2.
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Random forest is a flexible and easy to use supervised learning algorithm, one
of the most used algorithms, because of its simplicity and diversity (it can be used
for both classification and regression tasks). The "forest" it builds, is an ensemble
of decision trees, usually trained with the “bagging” method. The general idea of
the bagging method is that a combination of learning models increases the overall
result(Liaw, Wiener, et al. 2002). The random forest algorithm is used in a lot of
different fields, like banking, the stock market, medicine and e-commerce(Breiman
2001).

In addition to CART, bagging, another well-known related tree-based method is
to be mentioned (see Breiman (1996)). Indeed random forests will reduce simply to
unpruned bagging.

RF algorithm becomes more and more popular and appears to be very power-
ful in a lot of different applications (see for example Díaz-Uriarte and Alvarez de
Andrés (2006) for gene expression data analysis) even if it is not elucidated from a
mathematical point of view (see the recent paper by Biau et al. (2008) about purely
random forests and Bühlmann and Yu (2002) about bagging).

In finance, for example, it is used to detect customers more likely to repay their
debt on time or use a bank’s services more frequently. In this domain, it is also used
to detect fraudsters out to scam the bank. In trading, the algorithm can be used to
determine a stock’s future behaviour (Zou, Peng, and Luo 2015).

In the healthcare domain, it is used to identify the correct combination of com-
ponents in medicine and to analyze a patient’s medical history to identify diseases.

2.tex example of Decison Trees created with Latex has been retrived here
https://texample.net/tikz/examples/decision-tree/
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Random forest is used in e-commerce to determine whether a customer will like
the product or not.

2.4.2 Alternative data and textual mining

As introduced in section 2.4 data availability of various type is every day more per-
vasive and the entire world is trying to gain value from them through Big Data An-
alytics and Artificial Intelligence. If we consider the data we produce we effectively
see that we have two types of data created, the structured and unstructured ones.
On this last class, we can converge the alternative data type such as the textual data,
in the end, written resources under the form of text and number are the most perva-
sive. Why not extracting value from them by transforming the text into a numerical
value that can be organized, analyzed and interpreted. To this scope organizations
and practitioners can use text analytic software, leveraging machine learning and
natural language processing algorithms to find meaning in enormous amounts of
text.

From the point of view of empirical and quantitative research practitioners con-
firm the importance of finding ways to gather value from a text in order to com-
plement the quantitative empirical studies. Indeed the use of textual data as added
value for empirical studies has been in every research area: from finance economics,
psychology, criminology and social sciences in general.

Text mining and textual analysis convey the same tasks, a definition of the ap-
proach is provided by Hearts (2003), who defines it as “the discovery by computer
of new, previously unknown information, by automatically extracting information
from different written resources”. Hence, it consists of the ability to find high quality,
valuable and hidden information embedded in textual data, namely unstructured
data (Weglarz 2004).

To understand the roots of text mining, the definitions of Knowledge Discov-
ery in Databases (KDD) and Data Mining (DM) are necessary. The former illustrates
KDD as “the process of identifying valid, novel, useful, and understandable patterns
from large datasets” (Matatov, Rokach, and Maimon 2010). The latter defines data
mining as “the mathematical core of the Knowledge Discovery in Databases (KDD)
process, involving the inferring algorithms that explore the data, develop mathe-
matical models and discover significant patterns (implicit or explicit) – which are
the essence of useful knowledge” (Bolasco and Pavone 2010). The reader can find in
the cited book a comprehensive approach to the dataming algorithms, alternatively,
I would suggest readers refer to the master book ( up to now they collect 52987 ci-
tations) for data science, prediction and data mining, the volume written by Trevor
Trevor Hastie, Robert Tibshirani and Jerome Friedman " The elements of statistical
learning" with a purely statistical approach and real data case, plus applications with
R (Hastie, Tibshirani, and Friedman 2009).

Text mining can be classified as a variation of data mining. Dörre, Gerstl and
Seiffert (1999) explain that the main differences between the two disciplines concern
the type of data they deal with and the processes involved. First of all, data mining
handles structured data whereas text mining deals with unstructured data (Dörre,
Gerstl, and Seiffert 1999).

Before figuring out how to convert into numbers our usually, chaotic and huge
amount of text we can introduce the areas of text mining:

• Information Retrieval (IR) Information retrieval is regarded as an extension
to document retrieval. That the documents that are returned are processed



2.4. Machine Learning 29

to condense. Thus document retrieval follows by a text summarization stage.
That focuses on the query posed by the user. IR systems help in to narrow
down the set of documents that are relevant to a particular problem. As text
mining involves applying very complex algorithms to large document collec-
tions. Also, IR can speed up the analysis significantly by reducing the number
of documents.

• Data Mining (DM) Data mining can loosely describe as looking for patterns
in data. It can more characterize as the extraction of hidden from data. Data
mining tools can predict behaviours and future trends. Also, it allows busi-
nesses to make positive, knowledge-based decisions. Data mining tools can
answer business questions. Particularly that have traditionally been too time-
consuming to resolve. They search databases for hidden and unknown pat-
terns.

• Natural Language Processing (NLP) NLP is one of the oldest and most chal-
lenging problems. It is the study of human language. So those computers can
understand natural languages as humans do. NLP research pursues the vague
question of how we understand the meaning of a sentence or a document.
What are the indications we use to understand who did what to whom? The
role of NLP in text mining is to deliver the system in the information extraction
phase as an input.

Let’s figure out which are the steps that from a text stored somewhere ( research
paper, PDF, social media, text messages, reviews, emails, various documents, book)
let us process it and gain value from it.

FIGURE 2.2: Text mining process flow

Text mining process and methods

1. Document Gathering: In the first step, the text documents are collected which
are present in different formats. The document might be in form of pdf, word,
html doc, css etc.

2. Text Preprocessing.

This phase is further divided into a number of sub-steps as follows:

• Tokenization : Text document has a collection of sentences. This step di-
vide whole statement into words by removing spaces, commas etc.



30 Chapter 2. Litterature review

• Stop word Removal: This step involves removing of HTML,XML tags
from web pages. Then process of removal of Stop words like “a”, “of”
etc. is performed. Finally, word-stemming is applied.

• Stemming: These techniques are used to find out the root/stem of a word.
Stemming converts words to their stems. E.g. Flying, Flew word to Fly.
The algorithm proposed by Port, known as a Port’s stemming algorithm
is widely used for the same.

3. Text Transformation / Feature Generation

Text transformation means to convert text document into bag of words or Vec-
tor space document model notation, which can be used for further effective
analysis task.

4. Feature Selection/Attribute Selection

This phase mainly performs removing features that are considered irrelevant
for mining purpose. This procedure gives the advantage of smaller dataset
size, fewer computations and minimum search space required.

5. Text mining methods

There are different text mining methods as in Data mining had been proposed
such as Clustering, Classification, Information retrieval, Topic discovery, Sum-
marization, Topic extraction.

6. Interpretation or Evaluation

This phase includes the Evaluation and Interpretation of results in terms of
calculating Precision and Recall, Accuracy, F measure etc.

Regarding the preprocessing phase Allahyari et al. 2017 state the importance of
this step for the success of the analysis:

• Tokenization is usually the first task to carry out in the preprocessing and it
allows to split the text of documents into basic units (words or compound
words) called tokens and meanwhile remove delimiters such as punctuation
marks (Allahyari et al. 2017).

• Stopwords removal consist of filtering those words which do not provide use-
ful information (e.g. articles, prepositions, conjunctions, etc.) or that do not
contribute to distinguishing between different categories (Silva and Ribeiro
2003).

• Lemmatization and stemming are other two similar tasks that can be per-
formed at this stage. The former is based on the morphology of the words and
consists of considering the different inflected forms of a term as a unique item
(that is lemma), but it requires the specification of the part-of-speech (POS) of
each word. The latter is used to get the root of derived words and is usually
preferred to lemmatization due to the lack of time-consuming and error-prone
POS specification task (Allahyari et al. 2017).

Sharda et al. 2014, in their explanation of text mining process, underline the im-
portance of introducing structure to the corpus (that is, set of documents). This can
be done through the creation of the Term-Document Matrix (TDM) in which each
row represents a unique document and columns represent all the terms obtained



2.5. Summary 31

after the preprocessing of text. The matrix is filled in with values (such as the occur-
rence count of each term in each document) representing the relationship between
terms and documents. To address the problem of having a matrix with a large num-
ber of terms that leads “to extraction of inaccurate patterns” and takes a long time to
process it, some normalization methods of values and matrix dimensionality reduc-
tion techniques are adopted. Term frequency count is not always the best measure
to explain the importance of a word in a document, since words have a different
importance regardless of their frequency count.

Another useful tool for large and sparse Term-Frequency Matrix (that is, vec-
tors of matrix with many zeros) is the transformation of the matrix through Singu-
lar Value Decomposition (SVD) (Manning and Schutze 1999). It aims at reducing
“the overall dimensionality of the input and to detect “the two or three most salient
dimensions that account most of the variability” (similar to principal components
analysis).

2.5 Summary

In this chapter was revised the foundational literature review of FinTech, blockchain,
ICO and statistical models in order to provide a theoretical support for the concepts
and methodologies applied in the next chapters. While this is a sufficient intro-
duction to understand the theoretical background of this thesis, it is by no means
a complete account of these topics. For a more in-depth review, I refer the read-
ers to (Pollari et al. 2016) for Fintech opportunities and challenges, to (Swan 2015)
for blockchian topic, and (Fisch 2019a) for Initial Coin Offerings, lastly to (Hastie,
Tibshirani, and Friedman 2009) for statistical models.
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Chapter 3

ICOs success drivers: a textual and
statistical analysis

3.1 Summary

“Initial coin offerings” (aka ICOs) represent one of many by-products of the cryp-
tocurrencies world. New generation start-ups and existing businesses, in order to
avoid the rigid money raising- protocols imposed by typical actors such as banks
and venture capitalists, offer for sale the inherent value of their business by sell-
ing “tokens”, i.e. units of a chosen cryptocurrency, just as a regular firm would
do by means of an IPO. Investors, of course, hope for an increase in the value of
the tokens in the near future, on the basis of business ideas typically described by
ICO issuers in a white paper (this being both a descriptive and technical report of
the proposed business venture). However, fraudulent activities by unscrupulous
start-ups are quite frequent, and it is essential to highlight in advance clear signs of
illegal money-raising. In this chapter we employ a statistical method to determine
which characteristics of ICOs are significantly correlated to fraudulent behaviours.
We leverage a number of different variables such as: entrepreneurial skills, num-
ber of people chatting on Telegram on the given ICO and relative sentiment, type
of business, country issuing, token pre-sale price. Through logistic regression and
classification trees, our method is able to shed light on the riskiest ICOs.

3.2 Introduction

Initial Coin Offerings (ICO) represent a novel mechanism for financing entrepreneurial
ventures through the issuance and sale of “branded” crypto tokens (Tasca and Wid-
mann 2018). There are currently around twelve hundred crypto tokens in circulation.
These are kinds of digital vouchers that grant the token holder access to any type of
reward, service or asset, generally, by means of peer- to-peer platforms. These tokens
are generally meant to function as a currency in the issuing venture’s own ecosystem
(Tasca 2015).

The ICO market and blockchain environment, more generally, are still in their
early-development stages and lack the established analytical predictive models and
statistical tools to measure, understand, and predict the outcomes of new ICO projects.
The purpose of this article is to determine empirically which drivers, if any, should
be taken into consideration when predicting whether an ICO will be successful or
not, and whether it will be a scam or not. Similar approaches have been followed for
traditional equity and forex markets (Weber and Rosenow 2005; Simlai 2009).

We find that start-ups and SMEs raising funds through the ICO model that do
not have a corporate public website or an official Twitter account are likely to be
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deceitful. At the same time, a higher frequency of words with negative connotations
used in the Telegram ICO group channel correlates with a higher chance that the
project is a scam or will otherwise be unsuccessful.

Our work belongs to a growing stream of literature in entrepreneurial finance
that focuses on ICO drivers and aims to predict the outcomes and performance of
ICOs. Momtaz ran one of the first studies to empirically analyze ICO success drivers
based on a wide variety of ICO market characteristics (returns, capital raised, delist-
ing, industry events study, etc.). Among its main findings, this research shows that
highly visionary projects trade at a discount due to an increased probability of fail-
ure, and because the ICO market is very sensitive to adverse industry events. Both
hacks and regulatory actions are shown to potentially reverse ICO returns to in-
vestors (Momtaz 2018b). Moreover, the quality of the management team seems to be
a first-order predictor of ICO success. It is further shown that loyal CEOs can offer
fewer financial incentives to attract investors, but are nevertheless able to raise more
proceeds, conduct ICOs more thoroughly, and are less likely to fail overall (Mom-
taz 2020c). Extending this analysis of the impact of managerial quality on ICOs,
Momtaz finds that ICO underpricing increases with negative CEO emotions (anger,
aggression, and fear). The rationale behind this finding is that negative affective
traits should deter potential investors in ICOs. These CEOs therefore have to offer
higher monetary incentives (i.e., ICO underpricing) to attract investors and acquire
their desired funding (Momtaz 2020b). Along these lines, Blaseg shows that volun-
tary disclosure and a higher quality of disclosed information are linked to higher
success among ICOs and their corresponding projects (Blaseg 2018).

Another important area of research focuses on the fundamental question of what
factors determine the amount of funding raised in an ICO. Drawing on signaling
theory, Fisch runs a multivariate regression analysis to show that effective signaling
of a venture’s technological capabilities is important for attracting higher amounts
of funding (Fisch 2019b). Similarly, other studies focus on the driving factors that
impact the liquidity and trading volume of crypto tokens listed after ICOs. Identi-
fied as being among those factors are: the quality of disclosed documentation (e.g.,
source code made public on Github, a white paper published, an intended budget
published for the use of proceeds); community engagement (measured by the num-
ber of Telegram group members); the level of preparation management of the man-
agement team (using as a proxy the entrepreneurial professional background of the
lead founder or CEO); and other outcomes of interest (i.e., the amount raised in the
ICO, outright failure—delisting or disappearance—abnormal returns, and volatil-
ity)(Howell, Niessner, and Yermack 2018).

Our research draws from the previous literature by identifying the drivers that
separate fraudulent or unsuccessful ICOs from successful ICOs. We do so by em-
phasizing the information exchanged between investors and business ventures via
new communication channels like Telegram. For that purpose, our research uses a
combined approach based on text analysis and standard classification models, such
as logistic regression and random forest, to highlight variables that are significant
in distinguishing successful ICOs from scams. Specifically, we elicit from the tex-
tual sources whether some words/ topic, and/or a specific sentiment, is expressed
differently in successful/failure/scam projects.

In order to perform the appropriate analysis, we use a hand-made collection of
data covering ICO projects in 2017 and 2018. The main source of information about
blockchains, tokens, and ICOs is obviously the Web. Here we find websites that help
us to explore the various blockchains associated with the main cryptocurrencies, in-
cluding the Ethereum blockchain. We can also find websites that provide extensive
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financial information on the price of the main cryptocurrencies and tokens, and web-
sites that specialize in listing and providing information on existing ICOs. One of
the most popular of these sites is https://icobench.com, which evaluates all its listed
ICOs and provides an API to automatically gather information about them.

Apart from these specialized websites, a fundamental source of information ex-
ists in the form of chats in Telegram channels set up by companies themselves in
order to engage with their community of potential investors and token holders. As
of October 2017, Telegram was by far the most popular official discussion platform
for current and upcoming ICOs, with 75%+ of these projects utilizing it. For these
reasons, retrieving Telegram discussions associated with each ICOs should produce
a huge amount of textual information potentially useful for understanding an ICOs
chance of success and, more interestingly, possible signs of scam activities.

Our study is well-positioned, given that the ICO market is unregulated in most
jurisdictions. Retail investors are generally not protected by any insurance scheme.
This is a particularly fragile situation if we think that many of the projects are scams,
even at the white paper stage. Therefore, it is a priority for regulators and practi-
tioners to filter out all scams, frauds, phishing attempts, and suspicious projects.

We proceed by first introducing a literature review covering the underlying tech-
nicalities of ICOs 3.3. We continue by building a model starting from two different
statistical methodologies used to determine whether an ICO will be successful or
not, and to predict whether an ICO could be scam or not 3.4. Then we present our
data sources and sample characteristics 3.5. We study the empirical evidence con-
necting the statistical model with the drivers introduced in the section 3.5. The last
section 3.7 draws some conclusions.

3.3 Background

All cryptocurrencies are based on distributed systems, self-governed by cryptographic
algorithms that allow peers to reach agreement on the state of transactional and de-
centralised data even in the presence of malicious actors. These systems are called
“blockchain” or, more generally, “distributed ledger technologies”.1.

Each cryptocurrency transaction is recorded in chronological order in a digital
register similar to a “ledger.” This ledger is updated with “append-only” methods,
that is, recorded transactions cannot be rewritten or erased. The ledger is unalter-
able and nonrepudiable owing to clever use of cryptographic algorithms that also
automatically resolve disputes. There are three main groups of cryptocurrencies:

1. Pure or native, such as Bitcoin (BTC), Ethereum (ETH), Monero (XMR).

2. Utility tokens, also called user tokens that allow future access to a company’s
product or service, such as EOS, Augur, Basic Attention Token (BAT), Sonm
(SNM), Icon (ICX).

3. Security and asset tokens. They usually derive their value from a future rev-
enue or income stream or from an external tradable asset like a commodity.

In this article, we will mainly focus on tokens, since in recent years we have
seen an exponential growth in their adoption by start-ups seeking to bypass the
complicated and costly auditing and regulatory regimes that surround traditional
funding models, i.e., banks and venture capitalists (Tasca, Vigliotti, and Gong 2018).

1For a complete taxonomy on redistributed ledger technologies see (Tasca and Tessone 2019)
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Tokens represent a means to raise funds from both platform users and sophisticated
investors via so-called “Initial Coin Offerings” (ICO). ICOs are alternative forms of
financing compared to traditional financing models such as IPOs3 and are usually
characterized by the following phases:

Phase I white paper announcement. A company or project team releases its white
paper, which should include critical information to share with project supporters or
potential investors.

Phase II release of tokens. Tokens are typically, but not always, issued via a
smart contract, which is a piece of code that automatically implements some of the
business logic described in the white paper. Nowadays, a high percentage of ICOs
are managed through Smart Contracts running on the Ethereum blockchain, and
in particular through ERC-20 Token Standard Contracts. The SEC has its flexible
test to determine when something qualifies as a security, called the Howey Tesla
(which was already established 1946), therefore they are subject to federal securities
laws and regulations. For a comparison of ICOs and IPOs, we refer to (Momtaz,
Rennertseder, and Schröder 2019).

Phase III token listing. Once the ICO is complete, and the project kicks off, the to-
kens are listed on some cryptocurrency exchanges that can be either centralized, like
Coinbase or Kraken just to name a few, or decentralized, like Etherdelta or Block-
onix.

We currently count more than 900 different native cryptocurrencies and more
than 1,000 tokens with a total market capitalization of about US$ 10 billion 2.

ICOs are becoming increasingly popular, and very successful. We have wit-
nessed an increase from US$16 million raised in 2014 by two ventures, to US$7.4
billion raised in 2017 by almost 900 ventures, and to US$21.7 billion raised in the
first 10 months of 2018 by almost 1000 ventures (https://Coinschedule.com).

The first token sale was run by Mastercoin in July 2013. One of the most suc-
cessful and still active is Ethereum, which raised 3,700 BTC in its first 12 hours in
2014, equal to approximately US $23 million at the time. The incredible success of
ICOs can be explained by the following four drivers: 1) The high returns on invest-
ment resulting both from companies doing well and from the increasing value of
the underlying cryptocurrencies; 2) The lack of specific regulation, which implies a
moderate amount of bureaucracy for accredited investors, but which also allows or-
dinary people to participate in early-stage investments by contributing as little as a
few dollars; 3) Trading tokens on online platforms offers the opportunity to price the
progress of the startups in real time and to liquidate the position (non–lock–in time),
bringing greater transparency to an otherwise typically secretive market; 4) Invest-
ments for social enterprises, which are traditionally overlooked by venture capital
funding, are possible. This means that the market is encouraging off-book values
valuations (i.e., valuations not seen as based purely on data from financial state-
ments, but instead also including values accrued from social benefits in addition to
cash returns.

The current promise looks very good, but there is still a long way towards a com-
pletely mature and solid token-based ecosystem. Along the way, there are still many
obstacles. It is common, for example, to see adventurers, with a lack of professional
expertise, setting up last-minute startups with poor business models or weak teams
that are destined for bankruptcy. Similar to the dot-com boom, when hype builds up
around a technology and investments in it increase, everyone tries to take a share of
the market. Startups with risky business models and limited transparency are able

2(https://coinmarketcap.com)
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to gain funding from investors hoping to be early-stage investors in the next killer
app. Unfortunately, in most cases this does not happen, and these startups fail.

Almost half of ICOs sold in 2017 failed by February 2018 (Hankin 2018). The
majority goes bankrupt within one or two months following the listing of the to-
ken on an exchange (Tasca, Vigliotti, and Gong 2018). However, the most important
problem is the presence of criminals who use this alternative funding model to de-
fraud small investors, who often do not have the knowledge or the instruments to
assess the quality of the projects. This situation of unbridled scams forces financial
market authorities to take prudent steps, and some countries, like China and South
Korea, have banned ICOs from their jurisdictions. According to Cointelegraph, the
Ethereum network (the most common blockchain platform for ICOs) has experi-
enced a considerable number of phishing, Ponzi schemes, and other scam events,
accounting for about 10% of ICOs (https:// Ethereumscamdb.info 2017)

3.4 Methdology

In this paper we leverage two kinds of information: structured and unstructured.
Regarding the former, described in more detail in Section 3, we use classical statisti-
cal classification models to distinguish successful, failure, and scam ICOs. Logistic
regression aims to classify the dependent variable in two groups, characterized by a
different status [1=scam vs 0=success or 1=success vs 0=failure] in which ICOs are
classified by logistic regression, specified by the following model:

ln(
pi

1− pi
) = α + ∑

j
β jxij, (3.1)

where pi is the probability of the event of interest, for ICO i, xi = (xi1,. . . , xij , . . . ,
xi J) is a vector of ICOs-specific explanatory variables, and the intercept parameter α,
as well as the regression coefficients β j , for j = 1, ..., J, are to be estimated from the
available data. It follows that the probability of success (or scam) can be obtained as:

pi =
1

1 + exp(α + ∑j β jxij)
, (3.2)

However, in the case of highly imbalanced distribution of the target variable,
which can typically be seen for scam ICOs, logistic regression could be replaced by
other generalised linear models, such as the generalized extreme regression scoring
model proposed by (Calabrese and Giudici 2015; Calabrese, Marra, and Angela Os-
metti 2016). This is because the logit is symmetric around 0.5; in other words, the
response curve for pi approaches zero at the same rate that it approaches one and,
in case of rare event, such behaviour is not reasonable.

This means that scam features are better represented by the tail of the response
curve for values close to one, which can be modeled using a generalized extreme
values (GEV) random variable (Kotz and Nadarajah 2000; Falk, Hüsler, and Reiss
2010). Because our focus is on scam ICOs, we exploit the quantile function of a GEV
random variable and specify the link function, which represents a non-canonical
one, as follows:
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[ln(pi)]
−τ − 1

τ
(3.3)

where τ ∈ < is the tail parameter. Hence, in (1) we replace ln( pi
1−pi

) with (3).
Since a GEV link can be asymmetric, underestimation of the default probability may
be overcome. Depending on the value of τ, several special cases can be recovered;
for example, when τ → 0 the GEV random variable follows a Gumbel distribution
and its cumulative distribution is the log-log function (Agresti 2012).

Regarding the covariates effect in (1), in keeping with what was proposed in
Calabrese et al. in 2016, we take advantage of a more flexible structure substituting
the ∑j β jxij term (representing the additive linear contribution of each covariate)
with ∑j f (xij) that is, by introducing a smoothing effect played by the unknown one-
dimensional smooth function f (·). The introduction of smooth functions in general
improves the overall fitting quality of the model, taking under control the risk of
over-fitting.

Because of the still limited size of the sample employed in this paper (119 obser-
vations) and the relatively large number of variables to be evaluated, we make use of
a class of non- parametric models to understand which ones are the most significant.
Specifically, we employ Random Forests (RF) proposed by Breiman in 2001, which
are again classification models with the advantage of having no assumptions about
the distribution of the data. RF are a powerful approach to improve decision trees, a
class of models able to split the space of predictors according to the maximization (or
minimization) of a measure of interest (typically Gini or Entropy measure)(Breiman
2001).

Decision trees, specifically classification trees in this context, are rather flexible
and easy to fit and interpret, but suffer from a lack of stability and poor predictive
performance. It follows that RF can provide an improvement over a single tree by
aggregating a number of trees on bootstrapped training samples. But when building
these decision trees, each time a split in a tree is considered, a random sample of m
predictors is chosen as split candidates from the full set of p predictors. Thus the split
is allowed to use only one of those m predictors. This trick allows us to improve
the overall performance by considering different subsets of variables, avoiding a
possible bias given by just one very important predictor that would result in being
always the first split of the tree. In this paper, we use RF more as an exploratory and
confirmatory tool to highlight the most relevant predictors since we have too many
variables compared to the size of the sample. This is an issue from a statistical point
of view, since the resulting estimates can be unreliable or not available at all (not
enough data points, i.e. degrees of freedom, for the estimation phase).

Considering the textual analysis of Telegram chats, we take advantage of quan-
titative analysis of human languages to discover common features of written text.
The analysis of relatively short text messages in particular, like those appearing on
micro-blogging platforms, presents a number of challenges. These include informal
conversation (e.g. slang words, repeated letters, emoticons) and the level of implied
knowledge necessary to understand the topics of discussion. Moreover, it is impor-
tant to consider the high level of noise contained in the chats, as witnessed by the
fact that only a fraction of the total number available to us is employed in our senti-
ment analysis. We have applied a Bag of Word (BoW) approach, which represents a
standard in Natural Language Processing and Information Retrieval methods (first
reported by (Harris 1954). According to a BoW scheme, a text is represented as an
unordered collection of words, evaluated only on the basis of the relative counts
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reported in each comment of the chat. The word and document vectorization has
been carried out by collecting all the word frequencies in a Term Document Ma-
trix (TDM). This matrix is subsequently weighted by means of the popular TF-IDF
(Term Frequency-Inverse Document Frequency) algorithm. Classical text cleaning
procedures have been put in place, such as: stop-words, punctuation, unnecessary
symbols and space removal, and specific topic words addition. For descriptive pur-
poses we have used word clouds for each Telegram chat according to its general
content and to specific subcategories like sentiments and expressed moods. The crit-
ical part of the analysis relies on sentiment classification. In general, two different
approaches could be used:

• Score dictionary based: the sentiment score is based on the number of matches
between a predefined list of positive and negative words and terms contained
in each text source (a tweet, a sentence, a whole paragraph);

• Score classifier based: a proper statistical classifier is trained on a large enough
dataset of pre-labeled examples and then used to predict the sentiment class of
a new example.

The second option is rarely feasible, however, as fitting a good classifier requires
a huge amount of pre-classified examples. This represents a particularly compli-
cated task when dealing with short and extremely unconventional texts like micro-
blogging chats. We have therefore decided to focus on a dictionary based approach,
adapting appropriate lists of positive and negative words relevant for ICO topics in
the English language. We employ 3 vocabularies from the R package “tidytext”:

• AFINN from Finn Årup Nielsen;

• BING from Bing Liu and collaborators;

• NRC from Saif Mohammad and Peter Turney.

All three of these lexicons are based on unigrams, i.e. single words. These lexi-
cons contain many English words, which are assigned scores for positive/negative
sentiment, and also possibly emotions like joy, anger, sadness, and so forth. The
NRC lexicon categorizes words in a binary fashion (“yes”/”no”) into categories of
positive, negative, anger, anticipation, disgust, fear, joy, sadness, surprise, and trust.
The Bing lexicon categorizes words in a binary fashion into positive and negative
categories. The AFINN lexicon assigns words with a score that runs between −5
and 5, with negative scores indicating negative sentiment and positive scores indi-
cating positive sentiment.

3.5 Data

In this preliminary work we examine 119 ICOs starting from January 2017 to June
2018. For each project we gather information from web-based sources, mainly rating
platforms such as:https://icobench.com, https://TokenData.io, https://ICODrops.
com, https://CoinDesk.com and individual projects’ websites.

The process of building up the ICOs data set reflects the main phases that an ICO
follows during its launch: from the birth of the business idea, the team building, the
purpose of the token, the technical requirements (white paper), the promotion and
the execution phases.

https://icobench.com
https://TokenData.io
 https://ICODrops.com
 https://ICODrops.com
https://CoinDesk.com 
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3.5.1 Internet sources

The first step in collecting data about each project is to collect information from the
most used Internet sources as icobench, TokenData or similar. In this step we look for
general characteristics such as the name, the token symbol, the crowd-funding start
and end dates, the country of origin, financial data such as the total number of tokens
issued, the initial price of the token, the platform used, data on the team proposing
the ICO, data on the advisory board, data on the availability of the website, the
availability of a white paper, and social channels.

Some of these data, such as short and long descriptions and milestones, are tex-
tual descriptions only. Others are categorical variables, such as the country, the plat-
form, the category (which can assume many values), and variables related to the
team members (name, role, group). The remaining variables are numeric, referenc-
ing the number of users in the Telegram chats, the size of the team, the number of
advisors, the total number of tokens, etc. Unfortunately, not all ICOs record all vari-
ables, so there are several missing data. The ICO web databases that we use are fully
checked in order to minimize the missing values of one of the platforms, therefore
we validate the information checking for the details on the website and on the white
paper. As a result, the complete set of reliable information comes from the matching
of website to white paper.

FIGURE 3.1: Geographical area of origin

The set of variables shows that the main area of origin of the projects is Europe,
with the highest percentage in Switzerland and Germany. As shown in in Fig. 3.1
Europe world region is followed by the USA and by Asian countries such as Sin-
gapore and Hong Kong. Most recently, in July 2017 the Swiss Federal Council an-
nounced in its social press release the creation of a “normative sandbox” aimed at
creating a constructive environment for start-ups in the field of financial technolo-
gies.

The Switzerland peak is due to the approach of its national regulator - FINMA
(the Swiss Financial Market Supervisory Authority) - which on 16 February 2018 is-
sued clear guidance on the status of ICOs. FINMA does not categorise payment or
utility tokens (provided they are not used for investment) as securities. All other to-
kens are categorised as securities and are subject to securities regulation. To legally
issue an equity/asset token, authorisation from FINMA should be sought, and ap-
propriate compliance measures – “know your customers” (KYC) and anti-money
laundering (AML) – must be taken. If a debt token can be classified as a deposit,
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then unless specific exceptions apply, a banking license is needed prior to the ICO.
In the fragmented global regulatory framework, this is one of the so called “crypto-
friendly” countries, which attract worldwide investors (Eidgenössische Finanzmark-
taufsicht FINMA 2020).

3.5.2 Unstructured data

Social channels are more personal than databases, rating platforms or websites, so
they are a way to reach a wide range of users, to keep them updated about the
evolution of the project and ultimately to create an environment of trust that will
result in a successful fund raising effort. In order to conduct the textual analysis, we
enrich our database with the social channels data, for instance the presence of a given
channel, the numbers of users (although with some caution, as fraudulent inflation
of this number is a common occurrence). On top of such information, we collect the
textual chats themselves, retrieved backward until the creation of the chat. The most
used social channels are Telegram, Twitter, Facebook, Bitcointalk (a forum about
bitcoin, and other cryptocurrencies), Medium (a blog host considered an example of
social journalism), while Linkedin, Reddit and Slack are not frequently used.

In crowd funding projects the entrepreneur and the community in which it is em-
bedded works as a strong control on the attractiveness of a business. Some studies
have investigated the link between social network community and entrepreneurial
activity, and determined that the amount of capital collected in crowd funding is
heavily dependent on the range of social networks the entrepreneurs belong to (E.
Mollick, 2014). We expect this dependency to hold true also in the ICO market,
which itself bears similarities to crowd funding campaigns.

With regards to the entrepreneurial dimension, we investigate the team compo-
nents, pointing out that the members checked up till now number almost 1,000, with
a median size of 7 for any given project. For each team member we checked general
information related to social engagement, looking for LinkedIn channel activity ( 48
% of them do not have an individual page), their number of connections, their job
position in the project and their academic background.

Moreover the presence of advisors can play a crucial role in ensuring the reli-
ability of an ICO, provided a wise choice of such advisors. The same applies to
institutional investors doing due diligence on a potential venture. In collecting our
data, we focused on the academic background and the current area of expertise of
the declared advisors.

As concerns the unstructured data, insightful information can be derived from
white papers in terms of quality of the technical report and specific content. A white
paper is a summary report that provides detailed information about the project, its
originality and the benefits it can give to investors and users; information about
technological features, the team behind the project, its background, and future plans.

In Table 3.1 we report some characteristics of our current sample, consisting of
119 ICOs. The analyzed status of an ICO is made up of 3 classes, intended as follows:

• Success: the ICO collects the predefined cap within the time horizon of the
campaign;

• Failure: the ICO does not collect the predefined cap within the time horizon of
the campaign;

• Scam: the ICO is discovered to be a fraudulent activity during the campaign
and described as such by all the platforms we use for data gathering (namely
ICObench and Telegram).
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Regarding scam ICOs, a recent paper from Bertoletti et al. 2017, reports an ex-
tremely frequent usage of Ponzi schemes (a classic fraud originated in the offline
world at least 150 years ago) in the Bitcoin and Ethereum world. However, at the
present stage of this chapter, we do not directly address these kinds of fraudulent
activity.

In Table 3.2 we report the complete list of collected and employed variables.

TABLE 3.1: Sample characteristics

Status
status nr %
success 74 63%
failed 36 30%
scam 8 7%

Purpose of projects
purpose nr %
financial service 35 30%
market places and exchanges 23 19%
high tech services 16 14%
others 17 14%
smart contract 12 10%
media and entertainment 7 6%
gambling platforms 3 3%
gaming 4 3%
adult entertainment 1 1%

TABLE 3.2: Predictive variables

class0 f=failed, sc=scam su=success
class1 0=scam, 1=failed+success
class2 0=failed, 1= success

w_site Website (dummy)
tm Telegram (dummy)
w_paper White paper (dummy)
usd presale price in USD
tw Twitter (dummy)
fb Facebook (dummy)
ln Linkedin (dummy)
yt Youtube (dummy)
gith Github (dummy)
slack Slack (dummy)
reddit Reddit (dummy)
btalk Bitcointalk (dummy)
mm Medium (dummy)
nr_team Number of Team members
adv Existence of advisors (dummy)
nr_adv Number of advisors
project Official name of the ICO
nr_tm Number of users in Telegram
tot_token Number of Total Tokens
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3.6 Empirical Evidence

In this section we report our main results obtained from classification analysis and
textual analysis.

TABLE 3.3: Results from Logistic regression on Success/Failure (for
each predictor we report the estimated coefficient and in parenthesis
the associated standard errors; stars refer to the parameters signifi-

cance. )

Dependent variable

class2

nr_team 4.522∗∗∗

(1.494)

nr_adv 1.686∗∗∗

(0.634)

w_paper 3.113∗∗∗

(1.147)

tm 1.917∗∗

(0.955)

Constant −2.189
(1.458)

Observations 119
Log Likelihood −28.308
Akaike Inf. Crit. 66.616

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

The first logistic model, whose results are reported in Table 3.3, is defined as
follows:

ln(
pi

1− pi
) = Const + β1(nr_team) + β2(nr_adv) + β3(w_paper) + β4(tm) (3.4)

where pi is the probability of Success for an ICO and consequently 1− pi is the
probability of failure.

The reader can see in Table 3.3 that the only two relevant dummy variables are:
the presence of a white paper and the presence of a Telegram chat. Both show pos-
itive coefficients indicating a positive impact, increasing the probability of success
of an ICO. In particular, the availability of a white paper has an even higher and
stronger impact on the success of an ICO, showing a parameter equal to 3.11 (com-
pared to Telegram chat around 1.92). If we interpret the coefficients in terms of odds
ratios (by taking the exponential of βi) we obtain respectively 22.4 and 6.75. These
results suggest that the estimated odds of success for an ICO provided with a white
paper are 22.4 times the estimated odds of an ICO not provided with a white paper.
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TABLE 3.4: Results from BGEVA logistic regression on Scam/non
Scam (for each predictor we report the estimated coefficient and in
parenthesis the associated standard errors, stars refer to the parame-

ters significance)

Dependent variable:

class2

w_site 2.0115∗∗∗

(0.490)

tw 1.230∗

(0.597)

s(nr_team_st) 3.973∗∗∗

(smooth components)

s(nr_adv_st) 2.057∗∗∗

(smooth components)

Constant 0.9894
(0.927)

Observations 119
tau −0.25
total edf 9.03

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

At the same time, the estimated odds of a success for an ICO provided with a Tele-
gram chat are 6.75 times the estimated odds of an ICO not provided with a Telegram
chat.

Regarding the two continuous variables, the number of team members and num-
ber of advisors (both appropriately standardized) are highly significant and positive,
suggesting that increasing the number of people and advisors has a positive impact.
In Table 3.4 we can see the results for scam ICOs, on the basis of a Bgeva logistic
regression modified for highly rare events as it occurs in our analysis (only 8 scam
ICO out of 119 monitored). The fitted model is specified as follows:

[ln(pi)]
−τ − 1

τ
= Const+ β1s(w_site)+ β2s(tw)+ β3(s(nr_team_st)+ β4(s(nr_adv_st))

(3.5)
where pi is the probability of non-scam for an ICO and consequently 1− pi is the

probability of scam.
From Table 3.4 we can infer that both the presence of a website (wsite) and of

a Twitter account (tw) have a positive impact on an ICO not being a scam, with
greater emphasis on the former variable. In other words, the absence of these two
characteristics is a driver of suspected scam activity. Considering the two continuous
variables (the number of advisors and team members), these have been evaluated
with a non-linear effect (smooth component) and, similarly to previous results, we
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notice a positive impact. Thus, increasing the number of people involved in an ICO
impacts positively on the probability of it not being a scam, even if not in a linear
way.

Further analysis has been conducted on the textual data coming from Telegram
chats. For the sake of simplicity and readability we report an example ICO for each
category of interest: Zenome ICO as a failure example, Fitrova as a scam example,
and Bancor as an example of success. Figures 3.2, 3.3, 3.4 respectively, display word
clouds of negative words for these three ICOs.

FIGURE 3.2: Failed ICO (Zenome) : negative words

FIGURE 3.3: Scam ICO (Fitrova): negative words

From the the difference in the most relevant words displayed, it appears in par-
ticular that the failed ICO presents words like ’hard’, ’difficult’, ’worries’, and ’fake’,
partially in common with the scam ICO. The latter also presents specific words like
’crazy’, ’loss’, and ’regret’.

In Figures 3.5 through 3.7 we compare the most frequent positive and negative
words for the three ICOs.

It appears that the successful ICO (Bancor) in Figure 3.7 has more positive than
negative words and that, in terms of negative words, these are mainly related to
possible ’issues’, whereas the word ’scam’ presents a very low frequency. In con-
trast, the two other ICOs show higher frequencies of negative words, with a clear
preference for words like ’scam’, ’bad’, and ’hard’.
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FIGURE 3.4: Success ICO (Bancor): negative words

FIGURE 3.5: Zenome ICO (failed), most negative and positive words

FIGURE 3.6: Fitrova ICO (scam), most negative and positive words

If we consider sentiment based on the AFINN vocabulary and we produce a
sentiment score for the three considered ICOs, we obtain the results reported in Table
3.5. The score is standardized according to the length of the chat, in order to avoid
any bias in the comparison. It seems clear that the successful ICO shows a higher
score when compared to the other two; this calls for further investigation into the
hypothesis of relevance in the information reported by Telegram users.
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FIGURE 3.7: Bancor ICO (success), most negative and positive words

TABLE 3.5: Sentiment AFINN based for the 3 ICOs

ICOs AFINN
zenome (scam) 0.09
fitrova (failed) 0.26
bancor (success) 0.45

3.7 Conclusion

In this chapter we address the challenges of discovering the success drivers of an
ICO. Initial coin offerings (aka ICO) represent one of the several by-products of the
cryptocurrencies world. New generation start-ups and existing businesses, in order
to avoid the rigid money raising- protocols imposed by typical actors such as banks
and venture capitalists, offer for sale the inherent value of their business by selling
“tokens”, i.e. units of a chosen cryptocurrency, just as a regular firm would do by
means of an IPO. Investors, of course, hope for an increase in the value of the to-
kens in the near future, on the basis of business ideas typically described by ICO
issuers in a white paper (this being both a descriptive and technical report of the
proposed business venture). However, fraudulent activities by unscrupulous start-
ups are quite frequent, and it is crucial to highlight in advance clear signs of illegal
money-raising.

Although analyzing the success vs. failure dynamic with a classification model
is relatively easy given that the incidence of the two classes is almost equal (50-50),
it is much more challenging to highlight the key indicators of fraudulent activity,
especially since, in the last 3 years, only few scam events have been reported. In
our sample made of 119 ICOs (data collection still active) we have 8 scam ICOs (as
reported by ICObench platform).

By fitting a logistic regression model for highly imbalanced data, our preliminary
results indicate that the presence of a website and of a Twitter account both have a
positive impact on the likelihood of the ICO not being a scam.

In other words, the absence of these two features is a driver of suspected scam
activity. Considering next the two continuous variables (the number of advisors
and team members), these have been evaluated with a non-linear effect (smooth
component) and, similarly to our previous results, we notice a positive impact. Thus,
an increase in the number of people involved in an ICO has a positive impact on the
probability of it not being a scam, even if not in a linear way.
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Preliminary text analysis of Telegram chats highlights a difference in the senti-
ments expressed for the three ICOs considered. More negative and specific words
appear with high frequency in a scam or a failed ICO compared to a successful one.
This trend is confirmed by a sentiment score calculated on the basis of AFFIN vo-
cabulary.

This article represents a preliminary work and further detailed analysis is needed.
In particular, as well as increasing the size of the sample, we are improving the tex-
tual analysis with specific attention on sentiment analysis. In future work, we aim to
produce a sentiment score for each ICO to be included in the classification models,
as a possible driver of success and/or scam activity.
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Chapter 4

Initial Coin Offerings: risk or
opportunity?

4.1 Summary

Initial coin offerings (ICOs) are one of the several by-products in the world of the
cryptocurrencies. Start-ups and existing businesses are turning to alternative sources
of capital as opposed to classical channels like banks or venture capitalists. They can
offer the inner value of their business by selling ‘tokens’, i.e. units of the chosen
cryptocurrency, like a regular firm would do by means of an IPO. The investors, of
course, hope for an increase in the value of the token in the short term, provided a
solid and valid business idea typically described by the ICO issuers in a white paper.
However, fraudulent activities perpetrated by unscrupulous actors are frequent and
it would be crucial to highlight in advance clear signs of illegal money raising. In
this chapter, we employ statistical approaches to detect what characteristics of ICOs
are significantly related to fraudulent behaviour.The enhancement with respect to
the work presented in Chapter 3 stands into the richer data set employed and into
different robustness check.

We leverage a number of different variables like: entrepreneurial skills, Telegram
chats and relative sentiment for each ICO, type of business, issuing country, team
characteristics. Through logistic regression, multinomial logistic regression and text
analysis, we are able to shed light on the riskiest ICOs.

4.2 Introduction

Initial Coin Offerings (ICOs) can be considered as an innovative way of obtaining
funding, promoted by entrepreneurial companies that base their business projects on
a new technology known as blockchain. Up to the present date, more than 1700 cryp-
tocurrencies have been created but not all of them are successful or characterized by
a significant impact. ICOs issue “tokens”, i.e. the unit of a chosen cryptocurrency, in
exchange of a flat cryptocurrency, in order to participate in the crowd-funding of the
company. Tokens can be bought directly on the web platform of the company, at dif-
ferent stages of the ICO commonly referred as pre-sale and sale. Later, the amount
of bought tokens can be sold or used in the future to obtain products or services. The
portal Tokendata.io has estimated that until 2017 ICOs raised as much as $5.3 billion
around the world; if we consider venture capitalist, in 2016, they invested $71.8 bil-
lion in the United States and $4.3 billion in Europe (National Venture Capital Associ-
ation and Invest Europe). Start-ups and existing businesses are turning to alternative
sources of capital as opposed to classical channels like banks or venture capitalists.
They can offer the inner value of their business by selling ‘tokens’, i.e. units of the
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chosen cryptocurrency, like a regular firm would do by means of an Initial Public
Offering (IPO). When we say cryptocurrency, we refer to a digital currency, a new
means of exchange, the most popular examples of which are Bitcoin and Ethereum.
Blockchain (chain of blocks) is the technology at the basis of a cryptocurrency; it is a
Distributed Ledger Technology defined as a distributed, shared, encrypted database
that serves as an irreversible and incorruptible repository of information (Wright
and Filippi 2015). Bitcoin is currently the largest blockchain network followed by,
Ethereum, XRP, Litecoin, EOS and Bitcoin Cash 1. ICOs favor open-source project
development and decentralized business, generating a built-in customer base and
positive network effects. They also create a secondary market where tokens can be
employed as rewards for using the app of the company or the offered services. This
work aims at addressing the specific characteristics of ICOs using relevant variables
that play a key role in determining the success of the ICO.

As it stands there is no database with the information we are looking for, thus we
have been building and constantly maintaining a dataset that is currently composed
of 196 ICOs that occurred between October 2017 and November 2018. The database
comprises companies from European countries namely France, Germany, Switzer-
land, Estonia, Latvia and non European countries such as Russia, United Kingdom,
United States, Japan, Singapore, and Australia. The most common sectors in which
ICOs operate are: high-tech services, financial services, smart contract, gambling
platforms, marketplaces and exchanges. The section 4 explains the data collecting
workflow.

We proceed by first introducing a literature review covering the underlying tech-
nicalities of ICOs in section 4.3. We continue by building a model starting from clas-
sical statistical methodologies used to determine whether an ICO will be successful
or not, and to predict whether an ICO could be scam or not in section 4.4. Then we
present our data sources and sample characteristics in section 4.5. We study the em-
pirical evidence connecting the statistical model with the drivers introduced in the
section 4.5. The last section 4.6 draws some conclusions.

4.3 Background

Most of the ICOs projects are related to the development of a blockchain, the is-
suance of new cryptocurrencies or somehow related fintech services. ICOs tokens
grant contributors the right to access platform services in 68.0% of the cases, gov-
ernance powers in 24.9% of the cases and profit rights in 26.1% of the cases. The
secondary market for ICOs tokens is quite liquid on the first day of trading, and the
initial return is large (mean value +919.9% compared to the offer price, median value
+24.7%).

The success of such decentralized technology lays on the fact that it works with-
out the commitment and the control of a central authority: the blockchain is a Peer-
to-Peer technology. A Peer-to-Peer (P2P) system represents a way of structuring
distributed applications such that the individual nodes can act as both a client and
a server. A key concept for P2P systems is to allow any two peers to communicate
with each other in such a way that either ought to be able to initiate the contact
(Peer-to-Peer Research Group, 2013). Then, the more a P2P network is distributed,
scalable, autonomous and secure, the more is valuable.

1Top list of blocckhina network at March 21 2019 retrived on the website www.coinmarketcap.com

www.coinmarketcap.com
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All of these precious features have enabled the fast growth of cryptocurrencies
not just per se but also as a tool for crow-funding purposes, giving birth to the so-
called Initial Coin Offerings. Moreover, what is further fuelling the development of
ICOs, according to BIS annual economic report (2018) is the absence of regulation
(even if many countries are currently working on it) and, at the moment, there are
just a few examples of banning acts (namely China, India, South Korea). Investors
buy ICO tokens in the hope of very high returns, sometimes even before the business
is put in place, since the corresponding cryptocurrencies (typically Ethereum) can
be immediately traded. In the first 6 months of 2018, there have been 440 ICOs,
with a peak in May (125) raising more than 10 billion US, where Telegram ICO (Pre-
sale 1 & 2) is by far the most reworded one with 1.7 billion US 2. In 2017, the total
amount raised by 210 ICOs was about 4 billion US and overcame venture capital
funneled toward high tech initiatives in the same period. The first token sale was
held by Mastercoin in July 2013 but one of the most successful and still operative is
Ethereum which raised 3,700 BTC in its first 12 hours in 2014, equal to approximately
2.3 million dollars at that time.

Recently, there has been a growing literature studying the ICOs drivers aiming to
predict their future outcome. A previous study offers an exploratory empiric classifi-
cation of ICOs and the dynamics of voluntary disclosures. It examines to what extent
the availability and quality of the information disclosed can explain the characteris-
tics of success and failure among ICOs and the corresponding projects(Blaseg 2018).
Another important research focuses on the effectiveness of signalling ventures and
ICOs projects technological capabilities to attract higher amounts of funding (Fisch
2019b). Momtaz aims at identifying the likelihood and possible timeframe of value
creation for investors by combining several factors (financial return, amount of cap-
ital raised, listing and delisting alternatives, industry events study etc.) to analyse
the ICOs success drivers (Momtaz 2018).

Other streams of research concentrate on the impact of managers quality on the
ICOs. Momtaz studies the impact of CEOs loyalty disposition and the magnitude of
asymmetry of information between managers and investors on ICOs performance
(Momtaz, 2018b). Moreover, to remain in the management area, an interesting spark
comes from a research specifically directed on CEOs role and effects on ICOs re-
sults(Momtaz 2020b). Finally, another area of studies focuses on the driving factors
impacting the liquidity and trading volume of crypto tokens listed after the ICOs.
Among those factors have been identified the quality level of disclosed documen-
tation (source code public on Github, white paper published, an intended budget
published for use of proceeds), the community engagement (measured by the num-
ber of Telegram group members), the level of preparation of the management (using
as proxy the entrepreneurial professional background of the lead founder or CEO),
and other outcomes of interest (i.e., the amount raised in the ICO, outright failure -
delisting or disappearance, abnormal returns, and volatility) (Howell, Niessner, and
Yermack 2018)

Despite the interest that has been peaked by ICOs and the constantly growing
trends, it is worth mentioning that almost half of ICOs sold in 2017 failed by Febru-
ary 2018 (Hahn and Wilkens 2019a). In fact, what should drive more attention to
ICOs is the consistent presence of scam activities only devoted to raising money in
a fraudulent way. According to Cointelegraph, the Ethereum network (the preva-
lent blockchain platform for ICOs) has experienced considerable phishing, Ponzi

2(Coinschedule.com, 18 June, 2018)
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schemes, and other scam events, accounting for about 10% of ICOs (Ethereum-
scamdb.info, 2017). On the other hand, it is interesting to assess what factors affect
the probability of success of an ICO. Adhami et al. in 2018, based on the analysis of
253 ICOs, showed that the following characteristics contribute: the availability of the
code source, the organization of a token presale and the possibility for contributors
to access to a specific service (or to share profits) (Adhami, Giudici, and Martinazzi
2018a).

The boom of the ICOs projects and their interesting characteristic brought an
important rise of interest from the general audience, many scientific studies have
been conducted and published in the last years. Besides the aforementioned Ad-
hami et al. (2018), we should mention the working paper by Zetzsche et al. (2017),
that is focused on legal and financial risk aspects of ICOs, moreover a taxonomy is
provided and some additional data on ICOs that the authors claim to be continu-
ously updated. Recently, Subramanian in 2018 quoted the ICOs as an example of
the decentralized blockchain-based electronic marketplace. The main source of in-
formation about blockchain, tokens and ICOs is obviously the Web. Here we can
find sites enabling to explore the various blockchains associated to the main cryp-
tocurrencies, including Ethereum’s one. We can also find websites giving extensive
financial information on prices of all the main cryptocurrencies and tokens, sites spe-
cialized in listing the existing ICOs and giving information about them. Often, these
sites evaluate the soundness and likeliness of success of the listed ICOs. One of the
most popular among these sites is icobench.com, which evaluates all the listed ICOs
and provides an API (Application Programming Interface) to automatically gather
information on them. ICOs are usually characterized by the following features: a
business idea, most of the time explained in a white paper, a proposed team, a target
sum to be collected, a given number of tokens to be given to subscribers according to
a predetermined exchange rate with one or more existing cryptocurrencies. Nowa-
days, a high percentage of ICOs are managed through Smart Contracts running on
Ethereum blockchain, and in particular through ERC-20 Token Standard Contract
(Zetzsche et al. 2018; Fenu et al. 2018).

On top of all the characteristics explained so far, there is a further and not yet
explored point of interest: the Telegram chats. Telegram is a cloud-based instant
messaging and voice over IP service developed by Telegram Messenger founded by
the Russian entrepreneur Pavel Durov. In March 2018, Telegram stated that it has
200 million monthly active users -"This is an insane number by any standards. If
Telegram were a country, it would have been the sixth largest country in the world
(Telegram, 2018)". Telegram is completely free and has no ads, users can send any
kind of media or documents and can program messages to self-destruct after a cer-
tain period of time. Some characteristics are imposing Telegram among the first
social networks, indeed it intentionally does not collect data about where its clients
live and what they use the platform for. This is one of the main reason why, ac-
cording to AppAnnie rankings, Telegram is particularly popular in countries like
Uzbekistan, Ukraine, and Russia, where Internet access may be limited or closely
monitored by the government. As of October 2017, Telegram was by far the most
popular official discussion platform for current and upcoming ICOs, with 75%+ of
these projects employing it. This means that retrieving Telegram discussions associ-
ated with each and every ICO would produce a huge amount of textual information
potentially useful for understanding the chance of success and more interestingly
possible signs of fraudulent activities.



4.4. Methdology 53

4.4 Methdology

In this paper we leverage two kinds of information: structured and unstructured
ones. Regarding the former, we take advantage of classical statistical classification
models to distinguish the status of an ICO that made up of 3 classes, intended as
follows:

• Success: the ICO collects the predefined hard cap within the time horizon of
the campaign;

• Failure: the ICO does not collect the predefined hard cap within the time hori-
zon of the campaign;

• Scam: the ICO is discovered to be a fraudulent activity with malicious intent
during the campaign and described as such by all the platforms we use for
data gathering (namely ICObench and Telegram). A robustness check for the
scam labeling come by checking if regulatory bodies announced legal actions
against the issuers (e.g official SEC announcements of legal infringement)

Logistic regression aims at classifying the dependent variable into two groups,
characterized by a different status [1=scam vs 0=success or 1=success vs 0=failure]
according to the following model:

ln(
pi

1− pi
) = α + ∑

j
β jxij, (4.1)

where pi is the probability of the event of interest, for ICO i, xi = (xi1,. . . , xij , . . . ,
xi J) is a vector of ICOs-specific explanatory variables, the intercept parameter α, as
well as the regression coefficients β j , for j = 1, ..., J, are to be estimated from the
available data. It follows that the probability of success (or scam) can be obtained as:

pi =
1

1 + exp−(α + ∑j β jxij)
, (4.2)

Since the target variable is naturally categorized according to 3 classes, success,
failure and scam we extend the aforementioned binary logistic regression to a multi-
nomial one. Such model assesses all the categories of interest at the same time as
follows:

ln(
pk

1− pK
) = αk + ∑

j
βkxij, (4.3)

where pk is the probability of kth class for k = 1, ..., K given the constraint that
∑K pk = 1.

Considering the textual analysis of Telegram chats, we take advantage of quan-
titative analysis of human languages to discover common features of written text.
In particular the analysis of relatively short text messages like those appearing on
micro-blogging platform presents a number of challenges. Some of these are, the
informal conversation (e.g. slang words, repeated letters, emoticons) and the level
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of implied knowledge necessary to understand the topics of discussion. Moreover,
it is important to consider the high level of noise contained in the chats, witnessed
by the fact that only a fraction of them with respect to the total number available is
employed in our sentiment analysis.

We have applied a Bag of Word (BoW) approach, according to which a text is
represented as an unordered collection of words, considering only their counts in
each comment of the chat. The word and document vectorization has been carried
out by collecting all the word frequencies in a Term Document Matrix (TDM). Af-
terwards, such matrix has been weighted by employing the popular TF-IDF (Term
Frequency Inverse Document Frequency) algorithm. Classical text cleaning proce-
dures have been put in place like stop-words, punctuation, unnecessary symbols
and space removal, specific topic words addition. For descriptive purposes we have
used word-clouds for each and every Telegram chat according to the general content
and to specific subcategories like sentiments and expressed moods. The most criti-
cal part of the analysis relies on the sentiment classification. In general, two different
approaches can be used:

• Score dictionary based: the sentiment score is based on the number of matches
between predefined list of positive and negative words and terms contained in
each text source (a tweet, a sentence, a whole paragraph);

• Score classifier based: a proper statistical classifier is trained on a large enough
dataset of pre-labelled examples and then used to predict the sentiment class
of a new example.

However, the second option is rarely feasible because in order to fit a good clas-
sifier, a huge amount of pre-classified examples is needed and this represents a par-
ticularly complicated task when dealing with short and extremely non conventional
text like micro-blogging chats. Insofar, we decided to focus on a dictionary based ap-
proach, adapting appropriate lists of positive and negative words relevant to ICOs
topics in English language. We employ 3 vocabularies from the R package ’tidytext’:

• AFINN from Finn Årup Nielsen;

• BING from Bing Liu and collaborators;

• NRC from Saif Mohammad and Peter Turney.

These lexicons are based on unigrams, i.e., single words, they contain many En-
glish words and the words are labeled with scores for positive/negative sentiment
and also possibly emotions like joy, anger, sadness, and so forth. The NRC lexicon
categorizes words in a binary fashion (“yes”/“no”) into categories of positive, nega-
tive, anger, anticipation, disgust, fear, joy, sadness, surprise, and trust. The BING lex-
icon categorizes words into a binary manner into positive and negative categories.
The AFINN lexicon assigns words with a score that runs between −5 and 5, with
negative scores indicating negative sentiment and positive scores indicating posi-
tive sentiment. By applying the above described lexicons, we produce for each and
every ICO a sentiment score as well as counts for positive and negative words. All
these indexes are used as additional predictors within the logistic models.

4.5 Data

In this section we report our main results obtained from classification analysis and
textual analysis. In this regard, in table 4.1 and table 4.3 we report results respec-
tively for logistic regression on Success/Failure (class 2 variable) and for multilogit
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regression estimated on failure (f) and scam (sc) compared to success as baseline.
Regarding the first model, in table 4.1 we report the final configuration after several
stepwise selection steps3. The reader can see that the only two relevant dummy vari-
ables are: the presence of a white paper (Paper_du) and of a Twitter account (tw).
Both present positive coefficients showing their impact on increasing the probabil-
ity of success of an ICO. It should be stressed that the influence of Twitter channel
is much higher than the presence of a white paper, indeed if we calculate the asso-
ciated odds ratio we would get respectively 11.94 and 3.85. In other words, if the
ICO has a Twitter account the probability of success is almost 12 times higher (al-
most 4 times higher for the white paper). Regarding the three continuous variables,
number of elements of the team (Nr_team), number of advisors (Nr_adv) and scaled
sentiment score based on NRC lexicon (Sent_NRC_sc), they are all highly significant
and again positive suggesting that increasing people and advisors in the team has
a positive impact. Regarding the sentiment, we notice a particularly high positive
value, stressing the importance of the perception of possible investors which interact
with the ICO proposer by means of a social media, namely Telegram.

To further evaluate such configuration, we have explored the VIF index that ac-
counts for the level of multicollinearity brought by each and every variable. The
VIF results for the two model configurations are reported in table 4.2 (logistic) and
4.4(multinomial), with useful insights in defining the lack of multicollinearity 4.

Therefore in table 4.2 we can see low values for the VIF index associated to the
estimated logistic model (given in table 4.1). The reader can easily notice that there
is not any multicollinearity effect, making robust the model. Moreover, reported
performance indexes, namely AIC and pseudo R2, present good values above 50%.

In table 4.3, we report results for fraudulent and scam ICOs compared to suc-
cessful ones, on the basis of a multilogit regression. Looking at the estimated pa-
rameters, we can infer that the patterns are different. The presence of a website has a
positive impact on the probability of being a successful ICO and not a scam. In other
words, the absence of this characteristic is a driver of scam activity suspects. Instead
the website does not differentiate successful from failures ones. With regards to the
presence of advisors and of a white paper, both the variables are significant in differ-
entiating fraudulent from successful ICO, confirming results of logistic regression.
No statistical significance for fraudulent ICOs. Lastly, variable on the sentiment
score is relevant and with negative sign for both the classes, in other words an in-
creasing in the sentiment causes an increasing in the probability of success when we
consider both failed and fraudulent ICOs.

In this regard, we should stress that the incidence of scam ICOs in our database
is extremely low, this due to the fact that collecting information about such ICOs is
particularly complex. Most of the information is completely deleted from the Web
as soon as the activity is recognized as illegal and/or fraudulent. The overall model
performance, assessed again in terms of AIC and pseudo R2, is pretty good although
inferior to the previous one.

In table 4.4 we also report VIF index, so to check the absence of multicollinearity
in the reported model. Please note that, multilogit model reported in table 4.3 is a
final configuration obtained through stepwise selection.

3The full model is available in table 6 in the appendix and it evidently contains several not signifi-
cant variables.

4In table 7, we have VIF index obtained from the full model and there are high values for some
variables, specifically those related to sentiment analysis.
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TABLE 4.1: Logistic Regression Results on Success/Failure ICOs

Dependent variable:
class2

tw 2.481∗
(1.381)

Paper_du 1.351∗∗
(0.635)

nr_adv 0.461∗∗∗
(0.135)

nr_team 0.233∗∗∗
(0.088)

Sent_NRC_sc 2.187∗∗∗
(0.595)

Constant −3.601∗∗
(1.458)

Observations 196
Akaike Inf. Crit. 89.41
McFadden pseudo R2 0.63
McFadden Adj. pseudo R2 0.57
Cox & Snell pseudo R2 0.49

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

TABLE 4.2: VIF index for logistic regression model

tw Paper_du nr_adv nr_team Sent_NRC_sc

1.229 1.033 1.067 1.053 1.228

TABLE 4.3: Results from multilogit regression: failure and scam com-
pared to success

Dependent variable:
sc f
(1) (2)

Oweb_dum −1.962∗∗ 0.093
(0.977) (0.773)

adv_dum −0.899 −1.707∗∗∗

(0.809) (0.571)

Paper_du −0.728 −2.158∗∗∗
(0.915) (0.657)

Sent_NRC_sc −1.390∗ −2.606∗∗∗
(0.731) (0.703)

Constant −0.628 −0.572
(0.997) (0.925)

Akaike Inf. Crit. 166.339 166.339

Pseudo R square McFadden 0.43 - McFadden Adj. 0.36- Cox & Snell 0.44

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

TABLE 4.4: VIF index for multilogit regression model

Oweb_dum adv_dum Paper_du Sent_NRC_sc

3.656 2.317 3.607 3.870
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4.6 Discussion and Conclusions

Initial coin offerings (ICOs) are one of the several by-products of the cryptocurren-
cies world. IPOStart-ups and existing businesses are turning to alternative sources
of capital as opposed to classical channels like banks or venture capitalists. They
can offer the inner value of their business by selling ‘tokens’, i.e. units of the cho-
sen cryptocurrency, like a regular firm would do by means of an . The investors, of
course, hope for an increase in the value of the token in the short term, provided a
solid and valid business idea typically described by the ICO issuers in a white paper.
However, fraudulent activities perpetrated by unscrupulous actors are frequent and
it would be crucial to highlight in advance clear signs of illegal money raising.

In this perspective, ICOs analysis can be considered a very particular type of
fraud detection activity. However, in our opinion fraud detection presents some
specificity that prevent us from entailing ICOs related problems as a proper instance
of fraud detection. In particular, our data are not flowing in such huge amount from
an on-line system as typically happens with credit card payments or banks transac-
tions. Typical fraud detection approaches, as in Adewumi and Akinyelu 2017, aim
at discovering, almost in real times, fraudulent financial activities based on trans-
actional data that ideally should be blocked as soon as possible. ICOs instead are
characterized by a slow process of engagement of the prospect clients and estab-
lishment of consensus that goes through Telegram chats (if available), white paper
and website. That being the case, we would suggest to label this specific stream of
research as FinTech Fraud detection with all the relative specificity.

While analyzing success vs failure dynamic with a classification model is rela-
tively easy since the incidence of the two classes is almost equal (50-50), it is much
more complicated to highlight the key aspects that could witness a fraudulent activ-
ity since, in the last 3 years, only few scam events have been reported. In our sample
made of 196 ICOs (data collection still active) we have 10 scam ICOs and we fit a
multilogit regression model for comparing scam and failed ICOs towards successful
ones. Results tell us that the presence of a website has a positive impact on the prob-
ability of not being a scam but does not have any impact on failed ones. In terms
of sentiment expressed on Telegram chats, the impact appears to be negative both
on the scam and failed ICOs. This suggests that monitoring in real time Telegram
chats could represent a valid mean for collecting signs of possible problems within
the ICOs. If instead, we compare Successful ICOs against Failed ones, we find that
the presence of a White Paper and of a Twitter account show positive coefficients.

Regarding the three continuous variables, number of elements of the team, num-
ber of advisors and sentiment score based on NRC lexicon, they are all highly sig-
nificant and positive suggesting that increasing people in the team and advisors has
a positive impact. Regarding the sentiment, we notice a particularly high positive
value, stressing the importance of the perception of possible investors which interact
with the ICO proposer by means of a social media.

The paper will be improved in the future by increasing the size of the sample and
exploring alternative approaches for textual analysis with specific attention to senti-
ment analysis. We aim at producing a more refined and tailored sentiment score for
each ICO, improving and increasing the vocabulary of words. Specifically regarding
the textual analysis an alternative approach that we could use is the combination of
words (Bolasco and Pavone 2010).

As a final remark, authors are aware of the limits of the paper mainly due to
the size of the sample. However, given the still limited literature in this field with
no reference to the power of textual information collectable through Telegram chats,
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this contribution represents a step ahead in the process of understanding the ICOs
phenomenon. Furthermore a different approach would be to study the trends of the
ICOs by combining the available information from specialized websites on fraudu-
lent activities (such as cyphertrace.com and deadcoin.com) and rating websites for
the active projects.
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Chapter 5

The informative content of White
paper for ICO projects.

5.1 Summary

Chapter 5 intends to present a refinment of the empirical analysis related to Initial
Coin dirivers. The novvelty stando into the white paperinformation that has been
prrocessed in order to caputrep proxies of complexitity and professionality of the
indened docuemnts.

The work has two objectives: one hand we use a tailor made data set made of 760
ICOs containing several variables ICOs related, completely checked, harmonized
and validated using several alternative sources. On the other hand, we provide
a full statistical analysis focused on highlighting the most relevant success drivers
that take into account some relevant White paper based covariates as an additional
source of information. Indeed, we believe that, although not regulated or properly
formatted, white papers can disclose interesting insights about the ICO issuers both
in terms of reliability and trustworthiness. Our results show that all the variables
derived from the white papers are statistical significant with a differentiate impact
on the probability of success or failure of an ICO. —————————-

5.2 Introduction

Initial Coin Offerings got famous as the finance model of cryptocurrencies. They are
a digital way of public capital funding for entrepreneurial use through the issue of
an own virtual token (Blaseg 2018). A token is a ’crypotographically secured digital
asset’ (Howell, Niessner, and Yermack 2018). For companies whose business model
stands in connection with blockchain technology, ICOs have surpassed the tradi-
tional venture capital financing in the shortest of time(Hahn and Wilkens 2019b).
This means that ICOs are a new way to raise capital for young and unestablished
ventures.

The first ICO was held in July 2013 by Mastercoin, which is a digital currency
built on the Bitcoin blockchain (Shin 2017). Since then, over a thousand ICOs have
followed. CoinSchedule, a leading website monitoring current ICOs, reports that
366 ICOs took place in 2017, raising a combined amount of USD 6.2 bn. According
to Fisch (Fisch 2019b), the aggregated 2017 funding volume was surpassed in the
first three months of 2018 alone. 254 ICOs raised USD 7.8 bn in this period. The
premier crowdfunding platform Kickstarter in contrast has raised a total of USD 4.6
bn since its inception in 2009 (Kickstarter 2019). In the month of June 2018 alone,
the ICO funds raised amounted to over USD 5 bn with 91 ICOs ending in this pe-
riod. However since then, monthly funds raised remained more or less distinctly
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under the mark of USD 1 bn with the exception of May 2019. The number of token
sales has also declined from the staggering number of 146 ended ICOs at the maxi-
mum in April 2018 to four ended token sales in September 2019 (Coinschedule 2019).

It is to note that an officially recognized definition of ICOs does not exist (Blaseg
2018). The name initial coin offering is a reference to the well established concept
of initial public offerings (IPOs). However, at first sight, ICOs have relatively few
things in common with traditional public offerings. In an ICO, a new firm offers a
token to a crowd of investors for the first time. In IPOs the company is most often
already established and has had rather a successful past. In an IPO, shares of the
company are sold. In an ICO, the sold token is created by the firm offering it using
distributed ledger technology (DLT) and can be bought in exchange for fiat money
or other cryptocurrencies. The functions of the token may equal classical shares but
are manifold (Hahn and Wilkens 2019a).

The spike in ocurrence of ICOs followed the development of the Blockchain by
Nakamoto in 2008 and the subsequent development of cryptocurrencies such as
ethereum (short: ether) (Catalini and Gans 2018). A blockchain enables the direct,
secure transfer of value over the Internet between parties that do not trust each other
(Howell, Niessner, and Yermack 2018). It consists of a sequential list of transactions
in a unit of value that is native to the blockchain. For example the Bitcoin blockchain
uses the cryptocurrency bitcoin and the Ethereum blockchain uses ether. Additional
text, such as for example contingent terms of contracts, can be appended to a trans-
action. Bitcoin permits simple and limited additional text, whilst other blockchains
such as Ethereum essentially permit any code to be executed as part of a transac-
tion. Blockchains are so called distributed ledgers, providing decentralized record-
keeping that cannot be retroactively edited. Cryptography enables rapid verification
and prevents hacking (Howell, Niessner, and Yermack 2018). Distributed Ledger
Technology (DLT) describes a decentralized database stored on a set of individual
nodes. The records are syncronized through a consensus algorithm, which allows
peer-to-peer transactions without the need for an intermediary. This is the techni-
cal basis of an ICO in various forms (Blaseg 2018). The token sales themselves are
conducted via complex, self-enforcing and state contingent smart contracts, which
are pieces of code embedded in a blockchain. This enables the exchange of money,
property or other assets without an intermediate party. Smart contracts guarantee
the fulfillment of the transaction and regulate for example the conditions of sale for
the tokens (Blaseg 2018). Therefore, due to low transaction costs similar to crowd-
funding, ICOs might become a significant driver for financial inclusion by democra-
tizing access to investments and capital (Mollick and Robb 2016).

Recently, there has been a growing literature studying the ICOs drivers aiming to
predict their future outcome. (Blaseg 2018) offers an exploratory empiric classifica-
tion of ICOs and the dynamics of voluntary disclosures. It examines to what extent
the availability and quality of the information disclosed can explain the characteris-
tics of success and failure among ICOs and the corresponding projects. Another im-
portant research focuses on the effectiveness of signalling ventures and ICOs projects
technological capabilities to attract higher amounts of funding (Fisch 2019b). To the
discussion of information asymmetries also Boreiko and Risteski (Boreiko and Ris-
teski 2019) compare serial and large ICO investors with other ICO investors finding
that the average serial ICO investor invests earlier than other ICO investors. How-
ever, serial investors are not more informed than other ICO investors, per se, and fail
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to choose better quality ICOs. The situation is different from large serial investors,
who seem to have an information advantage over other ICO investors, as they are
more likely to invest in more successful ICO campaigns.

Other streams of research concentrate on the impact of ICO managers quality
and entrepreneurial decision making process, those are specific aspects of a wider
prospective that goes under the behavioural economics and entreprenurial finance
umbrella. Momtaz, 2018b studies the impact of CEOs loyalty disposition and the
magnitude of asymmetry of information between managers and investors on ICOs
performance . Moreover, to remain in the management area, an interesting spark
comes from a research specifically directed on CEOs emotions rignalling role and
their effects on ICOs results (Momtaz 2020a). Momtaz, in another paper aims at
identifying the likelihood and possible timeframe of value creation for investors
by combining several factors (financial return, amount of capital raised, listing and
delisting alternatives, industry events study etc.) to analyse the ICOs success drivers
(Momtaz 2018). In a recent study again Momtaz(Momtaz 2020c) focuses on informa-
tion asymmetries and agency costs raising between entrepreneurs and investors.

From the decision making process studies he have found that entrepreneur’s
social identity in conjunction with the enabling mechanisms of the blockchain tech-
nology shape entrepreneurial pursuits and funding choice (Schückes and Gutmann
2020). Finally, another area of studies focuses on the driving factors impacting the
liquidity and trading volume of crypto tokens listed after the ICOs. Among those
factors have been identified the quality level of disclosed documentation (source
code public on Github, white paper published, an intended budget published for
use of proceeds), the community engagement (measured by the number of Tele-
gram group members), the level of preparation of the management (using as proxy
the entrepreneurial professional background of the lead founder or CEO), and other
outcomes of interest (i.e., the amount raised in the ICO, outright failure - delisting
or disappearance, abnormal returns, and volatility)(Howell, Niessner, and Yermack
2018). This last piece of research by Howell et al. has been updated in 2020 and the
paper is the following (Howell, Niessner, and Yermack 2020).

The aim of this chapter is twofold: on one hand we use a tailor made data set
made of 760 ICOs containing several variables ICOs related, completely checked,
harmonized and validated using several alternative sources. On the other hand,
we provide a full statistical analysis focused on highlighting the most relevant suc-
cess drivers that take into account some relevant White paper based covariates as
an additional source of information. Indeed, we believe that, although not regu-
lated or properly formatted, white papers can disclose interesting insights about the
ICO issuers both in terms of reliability and trustworthiness. Our results show that
all the variables derived from the white papers are statistical significant with a dif-
ferentiate impact on the probability of success or failure of an ICO. The rest of the
paper is organized as follows: in section 2 we fully detail the ICOs characteristics
and background. In section 3 we describe the statistical methodology used to prove
the importance of the analyzed variables. In section 4 we describe the data gather-
ing protocol and in section 5 we show main results. Finally in section 6 we draw
conclusions and future steps.

5.2.1 The Initial Coin Offerings world

Although an international consensus on this topic cannot be found, the Swiss Finan-
cial Markets Supervisory Authority (FINMA) proposes a valid taxonomy of tokens
based on their different economic functions (ESMA 2018):
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1. Payment tokens

2. Utility tokens

3. Asset tokens

Payment tokens can be used to acquire goods or services. The most famous ex-
ample for this is Bitcoin. Bitcoin is the worldwide leading decentralized cryptocur-
rency since its implementation in 2009, following its first description by Nakamoto
in 2008 (Nakamoto October 31, 2008). The holder has no claim on the issuer and the
currency is purely virtual (ESMA 2018).

Utility tokens serve to provide access to a specific application or service which is
provided by the issuer of the token. Contrary to payment tokens they do not work
as payment for any other applications. An example for this would be Filecoin which
held an ICO in September 2017 selling a utility token to enable the buyer to use its
decentralized cooperative data storage solution (ESMA 2018). One can imagine the
system of utility tokens to function in a similar way as crowdfunding presales on
platforms like Kickstarter. A fitting example would be that one buys a designated
seat in a stadium before it is even built (Howell, Niessner, and Yermack 2018).

Asset tokens have an economic function which is similar to traditional bonds or
derivatives. They represent assets such as a debt or equity claim on the issuer and
promise for example a share of future company earnings (ESMA 2018).

In addition, there also exist hybrid tokens, representing a mixture of the types
mentioned above.

By increasing competition in payment markets, payment tokens can inspire in-
creased efficiency in cost, speed, user-friendliness and security of traditional pay-
ment methods. Furthermore, the DLT network approach empowers the individual
as the businesses and services function without institutional barriers such as a bank.
This means that payment tokens might also act in favour of financial inclusion of
people lacking a bank account. Due to the anonymity of the users in the network
there is however increased risk of new types of fraud as well as money launder-
ing. Furthermore, investor protection problems arise from the fact that payment
tokens do not represent a claim or entitlement but are speculative investments and
thereby subject to price fluctuation and high volatility. Bitcoin for example regularly
is in news media due to high volatility, making headlines like ’Bitcoin price roller
coaster continues as value plunges by USD 1,000 in less than an hour’ (Cuthbert-
son 17.05.2019). According to the SMSG, there is also a risk of market abuse, as 10
’whales’ (large investors) own 50% of the largest ICOs and could therefore poten-
tially engage in price manipulation (ESMA 2018). Also, due to the lack of central-
ization there is no control over the tokens’ money mass, a task executed by central
banks for legal tender.

Utility tokens allow the prefunding of a future business without diluting owner-
ship. Therefore they are a source of early stage funding for innovative projects and
an alternative to, for example, crowdfunding. By selling utility tokens, which enable
the customer to use the product, issuers can also create a network of users before
actually implementing the business, thus yielding business advantages. The advan-
tages also directly translate into disadvantages as the issuer might not deliver the
expected service (counterparty risk) or may go out of business (performance risk).

Asset tokens giving the holder a monetary claim on the issuer are similar in char-
acteristics to securities and derivatives. Therefore, their benefits are also similar.
They facilitate the (pre-)financing of a business and are a measure for risk-transfer.
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However, the risks also resemble the risks of securities. Namely counterparty risk
as mentioned above, dilution risk if there is no issuance control and custody risk.

Table 5.1 depicts the results of an explanatory data analysis on a set of 4,564
token sales events listed on Icobench.com. It revealed the following geographical
dispersion of ICOs. In total ICOs were taking place in 135 countries:

TABLE 5.1: Geographical dispersion of ICOs

Country Number of ICOs
Estonia 230
Hong Kong 137
Russia 311
Singapore 441
Switzerland 226
UK 394
USA 661
Miscellaneous 1972

It can be seen that the vast majority of ICOs take place in the United States of
America (USA), Singapore, United Kingdom (UK), Russia, Estonia and Switzerland.
The choice of country under whose law one wants to hold an ICO is influenced
by many factors. Initiators of ICOs are also associated to have high technological
skills as they have to be able to create a business based on blockchain (Fisch 2019b).
It is clearly observable that the countries with the highest numbers of ICOs are all
somewhat considered as technologically advanced. Also, according to Howell et al.,
ICO issuers are concentrated in a set of countries that seem more related to technical
expertise than to legal systems, with the highest number of ICOs in Russia, the USA,
and Switzerland. ICOs may permit early stage, risky investment to circumvent well-
functioning property rights and contract enforcement. The legal status of ICOs is not
clearly defined at this point and the country approaches vary greatly. However, the
subject is matter to great discussion.

According to Howell et al., tokens are natural targets for speculation because
they are usually exchangeable for fiat and cryptocurrency. This liquidity is an attrac-
tive feature compared to conventional VC securities. Furthermore, tokenized real
assets, which are tokens tied to real-world assets such as the price of gold or USD,
tend to have higher failure rates. These are essentially the opposite of utility tokens
and more often appear to be scams (Howell, Niessner, and Yermack 2018).

5.2.2 Functionality of ICOs

When dealing with an ICO, a prospective buyer submits a purchase order for a token
by sending a payment to the issuer. Payment is usually in cryptocurrency, and most
commonly in ether, which prospective buyers can purchase for fiat on cryptocur-
rency exchanges. At the conclusion of the sale, the smart contract automatically
sends the purchased tokens to the blockchain addresses of successful buyers. One
reason that the number of ICOs has risen so quickly is that in their most basic form
they impose essentially zero costs on the issuer.

Token sales events are typically preceded by the release of white paper disclo-
sure documents that are similar in spirit to prospectuses for initial public offerings.
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As there is no official regulation on what white papers need to include, their con-
tent varies greatly. However most of the times they include a description of how the
token will be used and its benefits as well as some information on the background
and business idea of the project. Often missing is basic information about issuer
and a contact address. Most of the time, no information about the legal address or
the individuals behind the ICO can be found. The white paper document is of high
relevance for this work, thus the topic will be revisited in the adjacent subsection
5.2.3. In addition to a white paper, issuers promote their project prior to the ICO
through social media channels such as Twitter, Facebook or Telegram communica-
tion channels. Sometimes, source code of the project or information about the token
distribution mechanism is made public on code sharing platforms such as Github. It
is also common that the issuing team links their online presences on websites such
as LinkedIn. If there exists an advisory team for the ICO, their presences might also
be listed.

Investors can get compiled information about future and past ICOs, including
links to all relevant information sources mentioned above on websites such as Coin-
schedule.com, Icobench.com, IcoWatchList.com and many more.

For the issuers, an initial coin offering can roughly be divided into two phases.
Firstly, the Pre -Public-Engagement phase. The initiators of the project are develop-
ing their business idea and need to get to know whether there is significant surplus
to holding an ICO for the project or not. There are many things to be taken into ac-
count. One question being whether an ICO is actually legal in the intended country
for the ICO. In most countries, ICOs are either legal, regulated or subject of future
regulation. The topic of regulation however will be discussed in depth. Once a ven-
ture has made the decision to hold an ICO, it needs to create a coin. There are many
different ways to hold an ICO, including different phases of token sale, pre sales,
the actual ICO and general sale. The venture needs to decide on how many coins it
wants to sell and how many remain within the team. Also, a platform for the issue of
coins needs to be selected. According to Howell et al., most ICOs use ERC20 tokens,
which are smart contracts hosted by the Ethereum blockchain. Anyone can create
such a contract for free. If all basics are settled, the Public Engagement Phase with
the goal of spreading the word about the ICO through above mentioned channels
begins. After launch of the ICO, the issuer has no control over the tokens beyond
what was specified ex-ante in the contract (Howell, Niessner, and Yermack 2018).
According to Howell et al., when launching an ICO, the issuer has to decide on:

• Target proceeds

• Fraction of total token supply sold

• Pricing mechanism

• Distribution method

• Token rights

• Exchange listing

After the completion of an ICO, the newly created tokens can be traded online on
certain websites, known as digital currency exchanges (DCEs), such as CoinBase or
Kraken. These enable customers to exchange the new tokens for other assets, such
as other digital currencies or legal tender (Stacher 2018). According to estimates by
the European Securities and Markets Agency, around 200 of such trading platforms
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exist globally. However the most flows concentrate on a small subset of them. A
token being traded on a secondary exchange therefore is a sign that an ICO has
been completed successfully and there still exists demand for the token. Between a
fourth and a third of tokens offered in ICOs are being traded. Daily trading volumes
normally amount to USD 10-15 bn. This number needs to be taken with caution
though as it is suspected that some platforms seemingly inflate the volumes that
they trade (European Securities and Markets Authority 2019). However, as with
traditional exchanges, the value of the token is subject to fluctuation and may change
with the sentiment of the market. There is also, as with any exchange, a risk of
insider trading(ESMA 2018).

As we see there, are different perspectives from which ICOs can be further under-
stood through qualitative or empirical works. The perspectives from which we can
gather deeper understanding are multiple, see entrepreneurial, functionality, techni-
calities, regulatory issues, illicit behaviour, investor protection, etc,. In the following
paragraph we will focus on a technical aspect of the ICO process that has to be ana-
lyzed: the white paper informative power.

5.2.3 The White Paper

As mentioned above, the white paper can be seen as the prospectus of an ICO. It is
important to note that there currently does not exist a specific obligation for ICOs to
publish a white paper, nor any guidelines on what the white paper has to include
or its format. As will be elaborated later in this section, white papers can signal
high quality to investors and therefore might be an important tool to attract funds
and improve the success of an ICO. However, due to lack of guidelines, content
varies greatly, and one cannot assume that only the presence the presence of a White
Paper guarantees a trustworthy ICO. In our dataset, white papers had a length of on
average 36.27 pages, the shortest being one page and the longest being 127 pages.

A white paper typically consists of numerous sections. Issuers might or might
not disclose source code, give an insight into their business idea and the value-add
their project is supposed to generate. Often, a time frame of how the business is
planned to develop is included. The white paper might also include photographs as
well as a short biography of the team members in their individual functions. Issuers
often employ advisors to their projects which might also be mentioned in the white
paper. Although not too common, a white paper can also include a legal disclaimer
or a warning about the speculative nature and connected risks of ICOs. Relating
to the source code which might be included in the White Paper, the Securities and
Markets Stakeholder Group notes that ’there is ’code risk’ because the instructions
programmed into the token software may not always reflect the algorithm and fea-
tures described in the white paper’ ((ESMA 2018), p.12).

Figure 5.1 shows three examples of white paper formats to illustrate the lack of
guidelines on this matter. Often, it seems that a nice design is almost as important
as the information depicted in the document. The German Federal Financial Super-
visory Authority BaFin also argues that white papers, in first line, are used as a PR
measure and for communication. They often get changed during the lifetime of an
ICO and the information included is often very imprecise. This results in not pro-
viding security or protection to investors (BaFin 2018). White papers can therefore
not directly be compared to a prospectus regulated by law.
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FIGURE 5.1: Examples of white paper format
White Paper of BelugaPay (left), GymCoin (middle) and Monetha

(right)

As mentioned above, this piece of work deals with success factors of ICOs and
the effort to reduce scams in the ICO environment. As ICOs are subject to few regu-
lations, it is of high interest to examine how additional laws might need to be struc-
tured to prevent fraudulent ICOs and ensure consumer protection whilst also en-
abling innovation on the FinTechfield. There is however a string of economic litera-
ture which suggests that the ventures themselves have a great interest in voluntarily
disclosing important information which might help investors make smart and in-
formed choices. This in turn might imply that regulation on this issue is obsolete.

In his paper on ’Job market signaling’, Spence introduced the now well known
concept of economic signaling(Spence 1973). Signaling is part of the discipline of
information economics and tries to solve principal agent problems. The agent has
more information than the principal and tries to signal its quality to the principal to
persuade a conclusion of contract. Therefore, the goal of signaling is to avoid ad-
verse selection. Spence examines this situation for the job market environment. Tra-
ditionally, there are high information asymmetries and information is distributed
unevenly between employees and employers. The employer is at an information
disadvantage. Before hiring someone, he cannot estimate exactly the abilities of the
applicant. The model includes two types of applicants, one type has a higher pro-
ductivity, the other is less productive. The problem the more productive workers
face is that an employer cannot distinguish them from the other sort of workers
without signaling. Without signaling, the employer will therefore pay an equilib-
rium salary in between the appropriate salary for both worker groups. This is so
insatisfactory for the more productive worker that he will try to signal his quality
to the employer. In Spences’ Model he will do this by getting a higher education,
which for the more productive type bears lesser costs than for the less productive
type. This means he can actually signal his quality (Spence 1973).

Spences theory has been adapted for many different fields of economics. For
the field of finance, and in our case ICOs, signaling can be interpreted as though
high-quality ventures can attract higher amounts of funding by sending signals to
potential investors. It is argued that once the high-quality ventures voluntarily begin
to disclose information, the other ventures will follow until all but the ventures of
lowest quality fully disclose (Blaseg 2018).

Because ICOs are mostly held by ventures in early stages, there is a considerable
amount of information asymmetry. Additionally, the amount of speculation and
hype around ICOs is very high and therefore the amount of objective information is
normally quite low (Fisch 2019b).

Fisch examines the concept of signaling in context with ICOs (Fisch 2019b). In his
study, he assesses the determinants of amount raised in 423 ICOs. He argues that the
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technological capabilities of the venture are a crucial indicator for its quality as ICOs
are highly technical. From this conclusion, three indicators of a ventures quality
are derived. These can be understood as signals in the ICO context. The indicators
are: technical white paper, high-quality source code and patents. Fisch finds that a
technical white paper as well as high-quality source code do lead to higher funding
amounts. Patents however do not seem to have an effect on the amount raised. In
addition, token supply, Ethereum-standard and Twitter activity seem to have a posi-
tive impact on amount raised. Fisch’s study highlights that under certain conditions,
white papers can serve as signals for successful ventures. This intuition is important
as it shows that even absent of regulation, ICOs have an interest in signaling their
quality and investors have focal points which may demonstrate the presence of a
trustworthy venture.

Therefore if we focus on the entrepreneurial aspect of ICO, we see that there are
many common aspects with crowdfunding financing tools. We can state that the
ICOs lay at the interplay between crowdfunding and blockchain, therefore investi-
gating on the aspects that the two systems share and the aspects that differentiate the
two tools is fundamental for investors and entrepreneurs in order to chose between
the two tools(Block et al. 2020).

Although initially, Crowdfunding and ICOs appear to be very similar in their
characteristics and mechanisms, there are meaningful differences between the two
funding tools. Entrepreneurs and investors need to understand these differences to
use these funding methods in the most efficient way. The same applies to policy-
makers who are asked to define an appropriate regulatory framework for the two
financing instruments.

Our main aim therefore is to provide empirical analysis of the ICO technicali-
ties and how they impact the probability of success or failure of the ICO projects,
nonetheless their scam activity.

5.3 Methodology

As in the work of (Cerchiello and Toma 2018), logistic regression is used to deter-
mine the influence of different factors on the success of ICOs. Using binomial lo-
gistic regression, the dependent variable is classified into two groups (1=success vs
0=failure/scam). Therefore a classification into three classes (scam, success, fail) or
into scam and no scam was thought of to be imprecise due to the rather small num-
ber of observations (Cerchiello and Toma 2018). The logistic regression model is as
usual defined as follows (James et al. 2017):

ln(
pi

1− pi
) = α + ∑

j
β jxij (5.1)

where pi is the probability of the event of interest, xi = (xi1, ..., xij, ..., xi J) is a vec-
tor of each ICOi’s specific explanatory variables, α is the intercept parameter and β j,
for j = 1, ..., J are the regression coefficients to be estimated from the available data.
For the probability of success of an ICO it follows that:

pi =
1

1 + exp(α + ∑j β jxij)
(5.2)

The logistic function is a special case of the so-called sigmoid functions and maps
into (0, 1). This ensures that classification is possible and that pi ∈ (0, 1) (James et al.
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2017). Following the arguments of Cerchiello and Toma (Cerchiello and Toma 2018)
the approach of logistical regression is feasible as the target variable (success vs. no
success) is distributed rather evenly.

In order to obtain a more robust and efficient model, we compare classical logistic
regressions with the relative regularized versions: Lasso and Ridge.

Lasso logistic model is a shrinkage method that allows obtaining a subset of vari-
ables that are strongly associated with the dependent variable, through regulariza-
tion of the coefficients bringing them to values very close or even exactly equal to
zero. Since the L1 penalty is used, the variables with a coefficient equal to zero are
excluded from the model (Hastie, Tibshirani, and Friedman 2009). Mathematically:

Llasso(β̂) =
n

∑
i=1

(yi − x′i β̂)
2 + λ

m

∑
j=1

∣∣β̂ j
∣∣ . (5.3)

where yi are the n-observations for the target variable (success-failure), xi are the
n-observations for the covariates, λ is the penalization parameter chosen by cross
validation and β j are the coefficient of the model.

Ridge regression appears to be very similar to Lasso with the exception of the
penalization term that presents a different form, as in the following:

Lridge(β̂) =
n

∑
i=1

(yi − x′i β̂)
2 + λ

m

∑
j=1

β̂2
j . (5.4)

Formula 4) differs from 3) in imposing a different constraint on the parameters
βi. Ridge regression employs a L2 normalization (β̂2

j ) which produces a different
effect on parameters: they are shrunk toward zero without being exactly zero. From
the employment and comparison of the three models, logistic-ridge-lasso regression,
we can leverage the best model structure, understanding what are the key variables
in predicting success or failure.

In multiple regressions, two or more explanatory variables might be correlated
with each other. This situation is defined as collinearity. When collinearity exists
between three or more variables, even if no pair of variables has a particularly high
correlation, this situation is referred to as multicollinearity. The presence of multi-
collinearity leads the solution of a regression to become unstable. A multicollinearity
check called the variance inflation factor (VIF) is employed. It measures how much
the variance of a regression coefficient is inflated due to multicollinearity. The VIF is
the ratio of the variance of β̂ j when fitting the full model divided by the variance of
β̂ j if fit on its own (James et al. 2017). The absence of multicollinearity is indicated by
a VIF value of one. A rule of thumb used widely is that a VIF value exceeding 5 or 10
indicates problematic amounts of collinearity. The concerned variables should then
be removed from the model since the occurrence of multicollinearity means that the
information embedded in the concerned variable is abundant in the presence of the
other explanatory variables of the model. The VIF for each variable can be computed
using the formula (James et al. 2017):

VIF(β̂ j) =
1

1− R2
Xj|X−j

(5.5)
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where R2
Xj|X−j

is the R2 from a regression of Xj onto all of the other predictors. If

R2
Xj|X−j

is close to one, then collinearity is present and the VIF will be large (James
et al. 2017).

To conclude the analysis, a correlation matrix featuring the variables from the
final model is introduced. It shows the correlation coefficient for each pair of vari-
ables. Correlation between variable X and variable Y can be computed as follows
(Giudici 2003):

r(X, Y) =
Cov(X, Y)
σ(X)σ(Y)

(5.6)

In general, −1 ≤ r(X, Y) ≤ 1. A correlation coefficient of zero signals that the
two observed variables are not linked by a linear relationship, i.e. uncorrelated. A
value larger than 0 in general implies a positive correlation, a value smaller than 0 a
negative one.

5.4 Data

The main purpose of this paper is to identify which characteristics of an ICO (based
on the information disclosed and available to prospective investors) are meaningful
to predict its outcome. Thus, the main hypothesis of this analysis is to find out if
the outcome of the fundraising process is positively or negatively influenced by the
features observed.

The total number of ICOs in the market (together with the total amount raised)
increased extensively in 2017 and 2018. The expansion of the market was proba-
bly amplified by the increasing hype and consequent bubble that affected the bit-
coin cryptocurrency towards the end of 2017 and the beginning of 2018 (Pilkington
2018). Given the quantity of information available in 2017 and 2018, it was decided
to retrieve data from this time period since it provides a larger database increasing
the probability to retrieve meaningful information on the outcome of ICO processes.
The analysis was conducted investigating a dataset composed of 760 observations
labelled as “successful”, “failed” or “scam”. During the analysis different models
and techniques were used and compared to obtain the best possible classification
performance.
The first step of the data gathering process was combining three initial datasets to
obtain a list of observations that served as a basis to start collecting the information
needed for the analysis. In particular:

1. The first dataset was retrieved from Icobench 1 one of the best ICO rating plat-
forms.

This dataset was used to obtain a large number of ICO observations and then
extract only their references, since it would be then enriched with features ex-
tracted from the second dataset and filled gathering information on Icobench.
The file was initially composed of 13 features and 5552 observations. After
dropping duplicates, missing values and unnecessary features, the number of
observations decreased to 2465 and the number of variables decreased to 3
(“name”, “url”, “icoEnd”, which are used as reference of the ICO).

1Retrieved from https://icobench.com/ on July 2019
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2. The second dataset was obtained from the work of Cerchiello and Toma (Toma
and Cerchiello 2020) which provided 190 observations and an appropriate
range of features for the purpose of the analysis. Three main macro-categories
of features were included in the dataset. The first is related to the presence of
communication channels and social media (Website, Telegram, Twitter, Face-
book, LinkedIn, Youtube, Github, Slack, Reddit, Bitcointalk, Medium). The
second is related to information disclosed through rating platforms such as
the number of team members, the number of advisors and the presence of their
picture. The third set of features is instead related to white papers and their
characteristics like the number of pages, the number of sections and the pres-
ence of the appendix. A full list of the features used in the analysis is provided
in Table 5.2

TABLE 5.2: Explanatory variables

success 0=failure or scam 1= success
nat_fail 0=success or scam 1=failure
scam 0=success or failure 1=scam

Oweb_dum Website presence(dummy)
Nr_Telegram number of members on Telegram (quantitative)
tw Twitter (dummy)
fb Facebook (dummy)
ln Linkedin (dummy)
yt Youtube (dummy)
gith Github (dummy)
slack Slack (dummy)
reddit Reddit (dummy)
btalk Bitcointalk (dummy)
mm Medium (dummy)
nr_team Number of Team members (quantitative)
nr_adv Number of advisors ( quantitative
picture_du Presence f members pictures ( Dummy)
Nr_pages Number of white paper pages ( quantitative)
sections Number of white paper sections ( quantitative)
appendix_du Presence of an appendix in the white paper( dummy)

3. The third dataset was instead created by retrieving information from Dead-
coins2, the most popular cryptocurrency platform to report ICO scams, fail-
ures and phishing activities. The dataset, once filtered by the category “scam”
and cleaned by duplicates or missing values, was composed by 641 observa-
tions and two main features, “name” and “category”. This dataset was used
to match it with the final dataset to determine which observations are affected
by suspicious activities and therefore to simplify the scam identification.

After combining the datasets, 580 observations were collected and added to the
190 observations from the work of Cerchiello and Toma (Toma and Cerchiello 2020),
for a final total of 780 observations. The information collected was obtained from
Icobench and, where missing, other rating and listing platforms were used, such as
ICO Drops.com, CoinDesk.com, Tokendata.io, Icoholder.com. Furthermore, to fulfil
missing data on Icobench regarding white papers and related information, other
specialized websites were adopted, such as Allcryptowhite papers.com and white
paperdatabase.com.

The collection process was guided taking as a reference the ICO market compo-
sition of 2017 and 2018. This means that the final dataset of 780 observations re-
spects the structure of the market in both years. The data about the market structure
were retrieved from the Report “ICO Market Analysis 2018” available on Icobench
(BENCH 2018). As shown in figure 5.2, in 2017 58% (413 units) of ICOs in the market
were successful while 42% (305 units) of them failed to raise funds. As reported in
figure5.3 , the market scenario in 2018 is quite dissimilar, since the number of ICOs

2Retrieved from https://deadcoins.com/ on March 2020.
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registered on Icobench increased dramatically and the composition as well, record-
ing a success rate of 40% (1012 units) and a failure rate of 60% (1505 units). As
regards the collection of scam ICOs, two studies were taken as a reference, “Cryp-
tocurrencies Initial Coin Offerings: Are they Scams? - An Empirical Study” (Liebau
and Schueffel 2019) and “Initial Coin Offerings, Information Disclosure, and Fraud”
(Hornuf, Kück, and Schwienbacher 2019) which based their empirical analysis on
samples respectively composed by 6.7% and 12.6% of scams, those are in contrast
with findings from a recent study by Satis Group which finds in 2018 that the 80%
were identified as scams. The article offers an alternative explanation for the al-
legedly poor performance of ICOs by relating them to studies from entrepreneurship
literature.

The volume of Initial Coin Offerings (ICOs) had risen steeply with an all-time
high market capitalisation of close to 1 trillion USD in December 2017. Since then
the digital asset market has slumped, retreating to approximately 200 billion USD
by mid-2018. Stakeholders of the crypto industry have pondered the reasons for this
retrenchment and are increasingly focusing on the notion that many ICOs could be
scams. A recent industry study even went as far to claim that 80% of all ICOs are
indeed scams. In this paper, we investigate the question whether these scams are
as common as claimed. We do so by first defining what a scam is and secondly, by
drawing on empirical data to assess the number of cases fitting such a definition.

Building on Principal Agent Theory and based on the statistical analysis of our
empirical data set we attempt to establish the current state of affairs with regards to
scams in the crypto-currency world. The results of our study divert from salient be-
lief Hornuf et al. (Hornuf, Kück, and Schwienbacher 2019) study based their empir-
ical analysis on samples respectively composed by 6.7% and 12.6% of scams. They
look at the extent of fraud in initial coin offerings (ICOs), and whether informa-
tion disclosure prior to the issuance predicts fraud. We document different types
of fraud, and that fraudulent ICOs are on average much larger than the sample av-
erage. Issuers that disclose their code on GitHub are more likely to be targeted by
phishing and hacker activities, which suggests that there are risks related to dis-
closing the code. Generally, we find it extremely difficult to predict fraud with the
information available at the time of issuance. This calls for the need to install a
third-party that certifies the quality of the issuers, such as specialized platforms, or
the engagement of institutional investors and venture capital funds that can perform
a due diligence and thus verify the quality of the project.

FIGURE 5.2: ICO market structure in 2017 (Icobench.com, 2018)

To reach the goal of reproducing the real market composition three new variables
were created: “Success”, “Nat_fail”3 , “Scam”. The classification of each observation

3Nat_fail stands for natural failure
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FIGURE 5.3: ICO market structure in 2018 (Icobench.com, 2018)

into these three classes was made following as close as possible to the criteria used
in the work of Cerchiello and Toma (Toma and Cerchiello 2020) as follows:

1. Success: the observed ICO successfully collects the predefined cap within the
time horizon of the campaign;

2. Failure: the observed ICO failed to collect the predefined cap within the time
horizon of the campaign;

1. Scam: the observed ICO is discovered to be a fraudulent activity and it is de-
scribed as such by different sources (e.g. SEC announcements, blog articles,
forums).

The most challenging part of the analysis was the data collection. The issues
encountered during the data collection process mainly regards the poor quality or
even the complete lack of information on rating websites. Most of the time missing
information could be found by consulting the website, the white paper or the detail
page on another rating platform. However, as experienced on multiple occasions,
this solution can be quite confusing or ineffective because sometimes the same in-
formation might result different from website to website or, in the worst case, might
be completely missing.

The underlying problem is represented by the complete absence of regulation
regarding information disclosure of ICO projects. In fact, information published by
ICO ventures is unsupervised. This condition also creates perfect circumstances for
information asymmetry and moral hazard (Momtaz 2018) (Momtaz 2019). Similar
obstacles were experienced in determining ICO scams. The aim of the third dataset
was to simplify the identification process of ICO scams in the final dataset.

The dataset was retrieved from Deadcoins.com, an online platform where the
crypto community can freely report tokens characterized by natural failure, phish-
ing, scam or suspicious activity. The issue lies in the fact that reports that are not
properly checked. Therefore, many observations collected were not really scam or
fraud, but they were just the result of bad management or other reasons that ad-
versely affected the project causing its premature failure. For these reasons, the col-
lection of scams does not completely rely on the raw scam dataset retrieved from
Deadcoins.com. After an initial match between the two datasets, a robustness check
was made on every singular indicted observation to have a more reliable base for
classifying them as scam ICOs (e.g. SEC announcements, repeated unofficial an-
nouncements in blogs and other medias). The dataset was cleaned by dropping
duplicated values and fixing missing values. Table 3 offers a general overview of
the features included in the final dataset used for implementing the analysis.
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The analysis was conducted using Spyder, a development environment for sci-
entific programming in Python 3.8 4 language.

5.5 Empirical Analysis

Before starting the data modelling, it is a good practice to first understand and be-
come familiar with the important aspects of the dataset. So, in this paragraph differ-
ent techniques are used to summarize the main characteristics of the data collected
and to improve the general quality of the analysis. A fist general insight into the
distribution of quantitative variables is given by using box plots. These charts are
particularly effective tools to get a first idea of the distribution of variables (divided
by quartiles) and to enable the identification of outliers. Note that variables were
standardized for better comparison and visualization. As shown in figure 5.4, the
sample is not well balanced due to the high presence of outliers, especially in the
first variable representing the number of members in Telegram groups.

FIGURE 5.4: Box plots of numerical variables

Rather informative can be also comparing the distribution of quantitative fea-
tures related to the target variable “Success”. For visualizing this relationship, box
plots were combined with distribution plots distinguishing for both categories of the
target variable, 1 for success and 0 for failure. As shown in Fig. 5.5, the observations
that do not have a Telegram group, or just a few members, seem to concentrate in the
category of failed ICOs while ICOs classified as successful are more likely to have
larger a Telegram community (despite the presence of outliers in both categories).

Although the distribution of the number of team members assume a slightly
similar distribution in both cases of success and failure, figure 5.6 shows a higher

4Python 3.8 retrieved at https://www.python.org/downloads/release/python-380/

FIGURE 5.5: Distribution of the number of Telegram groups of suc-
cessful and failed ICOs



74 Chapter 5. The informative content of White paper for ICO projects.

FIGURE 5.6: Distribution of the number of team members and advi-
sors of successful and failed ICOs

concentration of failed ICOs with absence of information of the team or with fewer
members involved in the project. A similar observation can be also applied to the
number of advisors, since figure 5.6 shows a weak signal that failed ICOs are more
likely to have a lower presence of advisors.

Finally, as regards the variables related to the white papers, both the number
of pages and the number of sections seem to have a quite similar distribution for
successful and failed ICOs, see figure 5.7. This suggests that there is not a meaningful
correlation between the white papers features and the success of an ICO.

Afterwards, the attention of the exploratory data analysis shifted to the distribu-
tion of the target variables “success” and “scam”. The distribution of the variable
“success” is balanced while the latter revels to be excessively unbalanced making
it hardly usable for prediction purposes. As shown in Fig. 5.8, observations in the
minority class “scams” are not sufficient to correctly train the algorithm. Therefore,
to avoid misleading accuracy and inability to predict rare events as scams, it was
chosen to focus the rest of the analysis on just the target variable “success”, which
contains two classes, 1 for successful ICOs and 0 for failed and scam ICOs.

The final part of the exploratory data analysis is focused on the identification of
correlations among variables see figure 5.9. As a result, highly correlated explana-
tory variables were removed to avoid multicollinearity (Telegram_du, Paper_du, tw,
fb, ln, reddit, btalk, mm, adv_dum, nr_pages).

As introduced in section 5.3 the core of the analysis focuses on Logistic Regres-
sion, deepening some important aspects of the model and allowing to test it accu-
rately. The model was first trained with all the predictors to check their significance.
Afterwards, recursive features elimination was used to automatically exclude those
predictors with low significance and then refit the model with significant explana-
tory variables only as shown in table 5.3.

The Variance Inflation Factor was also checked to avoid multicollinearity (see
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FIGURE 5.7: Distribution of the number of pages and sections of suc-
cessful and failed ICOs’ white papers.

FIGURE 5.8: Comparing the composition of target variables "success"
and "scam"
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FIGURE 5.9: Correlation heatmap

table 5.4). Although there are statistically significant correlations, the maximum
variance inflation factor in this table is 7.95 for the constant suggesting that mul-
ticollinearity is not an issue, e.g. (Hair et al. 1998) state that a VIF of less than 10
indicates inconsequential collinearity.

width=0.5

Coef. Std.Err z P>[z] [0.025 0.0975]
Oweb_dum 1.11 0.18 6.14 0.00 0.76 1.47
Nr_Telegram 2.39 0.28 8.49 0.00 1.84 2.94
yt 0.59 0.20 2.96 0.003 0.20 0.97
Picture_du -1.13 0.20 -5.5 0.00 -1.53 -0.73

TABLE 5.3: Logit results

The variable Oweb_dum have a positive coefficient meaning that all other vari-
ables held constant, the presence of a website positively influences the probability
of success of an ICO. The numerical variable Nr_telegram positively affects the prob-
ability of success as well, so the larger is community on the Telegram channel, the
higher is the probability of an ICO to succeed. Also positive is the coefficient of the
variable yt, and its impact in terms of leading to success is roughly half of the effect of
having a website. Finally, the variable picture_du has a negative coefficient meaning
that the presence of team members’ picture has a negative influence on probability
of success of the ICO.

VIF
constant 7.53
Oweb_du 1.09
N_Telegram 1.09
yt 1.17
picture_du 1.15

TABLE 5.4: Variance Inflation Factor
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Thus, after training the logistic regression model, it was evaluated on the test set.
To assess and visualize the performance of the algorithm different tools were used,
such as confusion matrix, ROC curve and precision/recall metrics. See figure 5.10,
5.11, 5.12.

FIGURE 5.10: Confusion matrix not normalized of logistic regression
model on the test set

FIGURE 5.11: ROC curve of logistic regression model on the test set

precision recall f1-score
0 0.73 0.79 0.76
1 0.73 0.66 0.7

TABLE 5.5: Precision, Recall, F1 score of logistic regression on the test
set

To conclude, the model was tested using penalization techniques Ridge and
Lasso. With these techniques, all the predictor variables are kept but the model
is penalized by a constrain in the equation for having too many predictors. These
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FIGURE 5.12: Precision recall vs threshold chart of logistic regression
model on the test set

techniques are also known as “shrinkage or regularization methods” and they al-
low to avoid overfitting (Hastie, Tibshirani, and Friedman 2009). If the penalty5is
properly set,it can shrink some coefficients towards zero or even equal to zero per-
forming variable selection (close to zero in the case of Ridge, equal to zero in the case
of Lasso). Figure 5.13 shows the behaviour of parameters and accuracy for a defined
range of lambda values using Ridge. Once the best lambda was obtained, the Ridge
regression was applied to obtain the coefficients (table 5.6).

FIGURE 5.13: Ridge regression coefficients magnitude vs lambda val-
ues

As shown in table 5.6, each feature influences the probability of success of an
ICO in different ways. Oweb_dum variable has a positive coefficient, meaning that
all other variables held constant, ICOs with a working website are more likely to
succeed than ICOs without a website. It also has the largest magnitude among the
categorical variables. As regards the variable Nr_telegram, it has the highest positive
coefficient among numerical variables and therefore a high positive influence on the
probability of success. So, the more people are enrolled on the Telegram channel
of an ICO, the more likely is the ICO to succeed. Yt categorical variable also has a

5The penalty is modified by using a tuning parameter called lambda which is chosen using cross
validation
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Variable Coefficient
intercept -0.42
Oweb_dum 0.62
Nr_Telegram 0.93
yt 0.28
gith 0.17
slack -0.05
nr_team 0.17
nr_adv 0.16
sections 0.01
picture_du -0.45
appendix_du 0.18

TABLE 5.6: Ridge regression coefficients

positive coefficient but, its effect is almost half as big in terms of leading to success
(0.28) as it is the effect of having a website (0.62). The presence of a Github account
has a positive effect too, even if its coefficient is much smaller and so it has a much
smaller magnitude. The variable slack instead has a very small and negative coef-
ficient which means that the presence of a Slack account has a weak and negative
effect on the probability of an ICO to succeed. Although their impact is relatively
low compared to other variables, the number of team members and the number of
advisors have a very similar and positive influence on the success of an ICO. The
variable sections have the smallest positive coefficient and so the weakest influence.
The presence of team members’ picture instead, has a negative impact on the suc-
cess of an ICO. The presence of the appendix on the white paper of the ICO have a
positive impact but a relatively small coefficient. The same approach of analysis has
been used with Lasso regression and the results are shown in picture 5.14 and table
5.7.

FIGURE 5.14: Lasso regression coefficients magnitude vs lambda val-
ues

As regards Lasso regression, the signs of coefficients remained unvaried com-
pared to Ridge regression, while their values changed. First of all, slack and sections
variables are eliminated because their coefficients, which were already very close to
zero with Ridge regression, are brought exactly to zero. Instead the coefficients of
nr_team and nr_adv are lower, while the rest of the variables’ coefficients increased
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Variable Coefficient
intercept -1.17
Oweb_dum 1.42
Nr_Telegram 1.68
yt 0.57
gith 0.25
slack 0.00
nr_team 0.07
nr_adv 0.07
sections 0.00
picture_du -0.56
appendix_du 0.28

TABLE 5.7: Lasso regression coefficients

compared to the results obtained with Ridge regression. Ridge and Lasso perfor-
mances were also compared to the model without any penalization.

Penalty Train_Accuracy Test_Accuracy Train_Precision Test_Precision Train_Recall Test_Recall
none 0.75 0.73 0.75 0.73 0.74 0.73
l1 0.75 0.74 0.75 0.74 0.75 0.74
l2 0.75 0.73 0.75 0.73 0.75 0.72

TABLE 5.8: Performance summary for the null model (none), Ridge
regression (l2) and Lasso regression (l1)

Lasso regression (penalty l1) performs slightly better than Ridge regression (penalty
l2) in terms of accuracy, precision and recall on the test set, see table 5.8. In fact, Lasso
performed variable selection bringing to zero two coefficients (slack and sections) in
order to reduce overfitting and obtain the best accuracy on the test set.

For sake of robustness check, we compare Logistic, Ridge and Lasso models
(typical statistical learning approaches) with some of the most performing machine
learning methods. In this way we are able to assess the predictive performance of
purely statistical methods (Logistic,Ridge, Lasso) that on one hand are fully read-
able and understandable in terms of parameters interpretation and evaluation, on
the other hand they can suffer of non competitive enough performance.

Thus, we offer a performance comparison with 5 well-known machine learning
classifiers:

1. K-nearest Neighbors

2. Support Vector Machine

3. Naive Bayes

4. Decision Trees

5. Random Forest

After splitting the dataset into train and test set and dividing the dependent vari-
able from independent variables, the target subsets were stratified in order to guar-
antee the same proportions of class labels in the train and test set. Each model was
tested analyzing its accuracy (table 5.9) and obtaining its confusion matrix (figure
5.15).
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Accuracy
Logistic regression 0.76
Ridge regression 0.75
Lasso regression 0.75
Random forest 0.75
Naive Bayes 0.73
Linear Svm 0.71
KNN 0.68
Decision Tree 0.67

TABLE 5.9: Accuracy score for each model

FIGURE 5.15: Confusion matrices for each model

As already seen in figure 5.8, the target variable “success” seems to be quite bal-
anced. However, it is a good practice to use cross-validation to train the models in
each and every fold of the dataset and use the average of all the recorded accuracies
for each model. Despite the significant decrease in accuracy, a 5-fold cross-validation
was used to avoid overfitting. Figure 5.16 shows the distribution of cross-validated
accuracy scores for each model and table 5.10 gives a rank of their cross-validated
mean scores.

To analyze the performance of the models, ROC curves were also used. With
5-fold cross- validation, random forest seems to obtain the best accuracy score but
looking at the ROC and AUC, Logistic regression seems to perform better since it
has better True Positive and False Positive rates (figure 5.17).

FIGURE 5.16: Distribution of cross-validated accuracy scores
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CV Mean
Random forest 0.66
Logistic regression 0.64
Naive Byes 0.64
Decision Tree 0.60
KNN 0.59
Linear Svm 0.59

TABLE 5.10: Mean of cross-validated scores

FIGURE 5.17: ROC curves with AUC

5.6 Conclusions

The recent evolution of the ICO phenomenon tremendously enlarged the availabil-
ity of data and consequently, its academic literature experienced significant develop-
ments. The rapid growth of the market, combined with the stunning results obtained
by different ventures, attracted more and more investors which tried to better under-
stand the dynamics of this relatively new approach to raise funds and leverage on
the blockchain technology novelty for creating new projects.

The main objective of our analysis is to test if the information disclosed by ICOs
is relevant to effectively predict the result of the fundraising process. The informa-
tion disclose on which we rely takes into account different perspectives such as the
entrepreneurial and strategic, the engagement strategy, and the information quality
strategy. Some important aspects, highly correlated with the information disclo-
sure process and the presence of criminal activity, are related to the novelty of this
phenomenon and the lack of regulation that affects its market. This, in fact, is also
reflected in the disclosure of information, which in many cases appears inconsis-
tent, uncertain, or completely missing. The data collecting process took into account
this by crosschecking manually and automatically the information disclosed under
structured and unstructured data types. The work presented is in line with the rel-
evant empirical works in literature considering a representative sample of the ICO
phenomenon (Adhami, Giudici, and Martinazzi 2018b) (Boreiko and Risteski 2020).

To investigate rare events, as scams, for instance, the process is even more chal-
lenging because ventures that attempt to perform frauds accurately erase their on-
line presence once the ICO is completed. Despite these difficulties, some interesting
insights were obtained from the empirical analysis. As reported in the section 5.5 ,
the presence of a working website, the number of members of the Telegram channel,
and the presence of the business on YouTube, have shown a positive impact on the
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success probability of an ICO. From the significance of the website presence and the
size of the Telegram channel, in particular, it can be deduced that building a consis-
tent online presence and creating a broad community can considerably increase the
probability of reaching the fundraising goals.

In this work, the impact of the white paper is assessed as well through the fea-
tures summarising the technical characteristics of the paper such as the number of
pages, the number of sections and the presence of an appendix (containing legal
statements) and the presence of pictures in the biography section as a proxy of the
reliability of the member’s identity.

Our findings let us consider that an all-round marketing strategy leveraging on
online presence, community engagements and quality informative white paper is
the key for successful projects.

Further improvement of our findings would consider a larger dataset encom-
passing more ICOs and consideration of additional information. Moreover, simi-
larly to what proposed in Toma et al. 2019, sentiment analysis based on Telegram
chats would help even more in defining the ICOs behaviour and success of failure
drivers.
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Chapter 6

Lost in translation: soft
information, sentiment and
lending decisions

6.1 Summary

A large literature has developed on the lending process investigating the role of the
information, hard and soft in the credit scoring procedure. In the considered case
study, hard information is represented by data referring to, for example, the loan
characteristics and the firm rating indexes. Soft information instead is related to
the sentiment used in official text documents produced during the lending process.
We investigate the role of the soft information by means of textual extraction and
sentiment analysis in order to assess the characteristics affecting on the probability
of a successful result of the loan process. We focus therefore on gathering the mood
contained in the loan application documents. We rely on 550 credit folders and a
dataset of structured and unstructured information.

We find that sentiment, distance and rating are those impacting on the approval
status of the credit loan. Our findings are consistent with the presence of spatially-
based communication frictions within banking organizations.

6.2 Introduction

Information is a fundamental component of all financial transactions and markets,
but it can arrive in multiple forms. We relay on what is meant by hard and soft in-
formation and describe the relative advantages of each. Hard information is quan-
titative, easy to store and transmit in impersonal ways, and its information content
is independent of its collection. As technology changes the way we collect, process,
and communicate information, it changes the structure of markets, design of finan-
cial intermediaries, and the incentives to use or misuse information. We survey the
literature to understand how these concepts influence the continued evolution of
financial markets and institutions.

The distinction between soft and hard information arose in the finance literature
as a way to understand the evolving organization of lenders, although the theo-
retical ideas reach back much further. Banks have historically been a repository of
information about borrowers’ creditworthiness and the kinds of projects available
to them. This information was collected over time through frequent and personal
contacts between the borrower and the loan officer. Over time the banks built up a
more complete picture of the borrower than was available from public records. This
private information, most of it soft information, was valuable to the bank. The value
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arose not only from its ability to inform the bank’s lending decisions but also due to
the difficulty of replicating and transmitting the information outside the bank.

If human emotions indeed matter in financial decisions, they can also have po-
tentially important economic consequences that extend beyond a single firm. For ex-
ample, correlated changes in mood may generate cascading effects such as a market
panic or a bank run, which affect entire regions and often invoke a policy response.
Despite the potential significance of these effects, we know relatively little about
how human emotions affect corporate financial decisions, whether they improve or
impair judgment, and what consequences they have on real economic activity. Our
paper seeks to provide evidence in this direction by examining the role of emotions
in the lending application process. Specifically we investigate the role of the senti-
ment of the loan officer on the probability of obtaining an approval or not of the loan
application.

Our paper is part of the literature in behavioral economics that studies the role
of agents’ psychological factors in economic decisions. Barberis and Thaler 2002, =
provide a comprehensive review of this research. Within this literature, our article is
most closely related to the strand of research that studies the effect of agents’ senti-
ment on economic behavior. In particular, we define sentiment as changes in human
mood that are orthogonal to economic fundamentals and study its effect on loan ap-
plication process outcomes. Previous research on agents’ sentiment has focused pri-
marily on its role in the stock market. To measure investor mood, previous studies
have used sentiment proxies that broadly fall into three categories: (1) environmen-
tal conditions, (2) economic activity, and, most recently, (3) Internet activity. Our ar-
ticle also contributes to the financial intermediation literature on the determinants of
credit origination. Within this literature, our paper is part of a relatively small num-
ber of studies that examine the role of loan officers in credit markets. Recent work in
this area shows that loan officers have significant decision power and discretion in
credit approvals. As an example of loan officers’ discretion, recent studies show that
their decisions are significantly affected by personal rotations (Hertzberg, Liberti,
and Paravisini 2010), private incentives (Agarwal and Ben-David 2017; Tzioumis
and Gee 2012) , regulatory concerns (Agarwal et al. 2012) and cultural proximity to
the borrower(Fisman, Paravisini, and Vig 2012).

Although economic theory has explained lending behavior and market struc-
ture in terms of information production and borrower location there is only lim-
ited empirical evidence on the strategies that banks and their customers follow in
credit-market transactions. To gain a better understanding of these issues this pa-
per investigates how borrower proximity, private information and the relative sen-
timent,existing lending relationships affect a bank’s and its customers’ decision to
transact.

Despite the high cost of gathering and processing information for loan applica-
tions by small firms, the distance between banks and small-business borrowers has
steadily increased in recent times (Petersen and Rajan 2002). Although banks with a
local presence are usually deemed to have an advantage in assessing the creditwor-
thiness of small, informationally opaque firms, advances in information technology,
the development of sophisticated screening methodology for loan applicants (DeY-
oung, Glennon, and Nigro 2008), and structural change in the US banking indus-
try (Berger and Udell 2002) . In particular, lenders’ ability to “harden soft infor-
mation” should affect their local competitive behavior and allow them to compete
more aggressively outside core markets. At the same time, the economic conse-
quences of this increase in lenders’ market reach depend on the economic function
ascribed to customer proximity because distance plays very different roles in models
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of transportation costs or product differentiation, ex post monitoring, or asymmetric
information (Lederer and Hurter, 1986 - Google Scholar 2020) (Sussman and Zeira 1995)
(Hauswald and Marquez 2005). Recent studies (Cortés, Duchin, and Sosyura 2016)
showed that by using sentiment analysis we can gather insights on the behavioural
side of managers or lower officers as their decisions nearly always involve personal
judgment, they may be affected by the agent’s psychological factors, such as fluc-
tuations in mood and emotional state, broadly referred to as sentiment. Hence, an
empirical investigation of its function in loan transactions is important both from an
academic and practical perspective.Into section 2 and 3 variables used are described
with a focus on the sentiment variables extracted form the alternative sources of
data, the lending documents in PDF format that have been processed through text
analysis techniques and polarized sentiment has been extracted according to pos-
itive and negative classes. We rely on the fact that soft information is hided into
unstructured types of data, such as textual sources where loan officers can express
their opinion and sentiment on the lending proposal reaching consistent communi-
cation frictions especially if organizations are spatially distant (Filomeni, Udell, and
Zazzaro 2020).

The paper is organized as follows: in section 6.2 we will present the backgorund
litterature; in section 6.3 the statistical methodolodgy empolyed, in section 6.4 the
Data characteristics and the main descriptive statistics will be presented; section 6.54
will deal with the evidences and section 6.6 5 will display the main conclusions and
the further research questions.

6.2.1 The lending process

The bank’s existing borrowers undergo an annual process of credit monitoring aimed
at assessing both their credit structure and their creditworthiness/needs. During
this process, the bank can review its past credit decisions, either confirming the
credit previously granted or revising it. While an upward credit renewal ends up
in more credit granted to a given client, a downward re-evaluation involves credit
rationing. In the rest of this section, we will refer to credit renewal process for both
status quo keeping and credit change decisions taken by the bank. The credit re-
newal process starts with the loan officer engaged in the firm-bank relationship. Be-
fore initiating the renewal process, the loan officer brings to completion the rating
attribution procedure resulting in the production of a borrower’s updated final rat-
ing, which is then attached to the credit application. During the rating process, the
loan officer collects hard information from the borrower’s financial statements and
pro-forma quarterly financial statements and future business plans, where available.
Moreover, through interviews and plant visits, the loan officer also collects soft in-
formation. Periodically, the loan officer is called to re-assess a borrower’s overall
position in terms of creditworthiness, current credit lines, actual credit usage, fu-
ture liquidity needs and loan pricing. If such parameters are unvaried, the credit
renewal process ends up with a confirmation of the status quo in the current lines
of credit. The situation varies when one or more of such parameters mutate, among
other possibilities, in terms of (i) creditworthiness deterioration/improvement; (ii)
under/over usage of existing credit lines; (iii) pricing uncorrelated with updated
credit risk; (iv) new credit needs. Based on this, the loan officer has the possibility
to propose a modification of the current credit structure, by increasing or rationing
borrower’s credit lines.
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A key step in the credit renewal process is the rating attribution process, which
is mandatory on the part of the loan officer. The bank uses a hybrid credit scor-
ing process in which the borrower’s final rating depends on quantitative (hard) and
qualitative (soft) information produced by the local loan officer in charge of the loan
application. The credit scoring process is initiated by a loan officer at the local branch
to which the company applies. Once the loan officer starts the rating-assigning pro-
cess for a given borrower, a statistical rating is automatically generated by the bank’s
credit scoring tool. Statistical rating essentially reflects the firm’s quantitative finan-
cials and data drawn from the credit registry at the Central Bank, and it is entirely
hard information-based. The injection of qualitative soft information by the loan
officer managing the credit relationship is the next step of the credit scoring proce-
dure. The final output is represented by the generation and attribution of a final rat-
ing to a given borrower, composed of maximum fifteen rating notches (subdivided
into three macro rating classes) defined according to the creditworthiness of the bor-
rower, where the fifteenth notch represents the riskiest one and it is equivalent to a
SP’s rating judgment of CCC.

From the moment that the loan officer originates a credit score, he/she cannot
modify his/her appraisal anymore. Then, the loan application and the credit scor-
ing generated by local loan officers goes through the bank’s hierarchy to the man-
ager(s) with the authority to make the final decision on loan approval and the credit
amount. The hierarchical design of our bank involves eleven levels of approval,
with the loan officer originating the credit score at the lowest level and the executive
board at the highest. In the first nine hierarchical levels of approval a single bank
manager has the authority to make a final decision on the loan application, whereas
in the last two hierarchical levels the designated loan approving authority is a com-
mittee. The geographical location of the loan decision-maker varies with the level of
approval. At the second hierarchical level the loan officer examining the loan appli-
cation and submitting the credit score and the ultimate decision-maker work in the
same branch, thus minimizing problems of information transmission and favour-
ing the use of soft information. At the third and fourth level of approval the bank
officer with the loan approving authority may be located in the same place as the
originating loan officer (i.e., the loan appraiser) or may be situated elsewhere in one
of the seven regional departments of the bank. From the fifth level of approval on,
the ultimate loan decision-maker is located at the headquarters of the bank. The
hierarchical level of approval is determined by a set of applicant and loan charac-
teristics specified in the bank’s credit policy manuals. The rules specifying approval
delegation take into account the total of the banking organization to the applicant
company (or, in case of subsidiary corporations, to the economic group to which the
applicant company belongs), the amount of credit for which the company applies,
the applicant’s credit score and the strength of credit risk mitigation in the form of
collateral and personal guarantees.

6.3 Methodology

In this paper we leverage two kinds of information: structured and unstructured
ones. Regarding the former, we take advantage of classical statistical classification
models to distinguish between approved and not approved class. Logistic regres-
sion aims at classifying the dependent variable in two groups, characterized by a
different status [1=approved vs 0=rejected ] in which loans are classified by logistic
regression, specified by the following model:
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ln(
pi

1− pi
) = α + ∑

j
β jxij, (6.1)

where pi is the probability of the event of interest, for loan i, xi = (xi1,. . . , xij , . . . ,
xi J) is a vector of loans-specific explanatory variables, and the intercept parameter
α, as well as the regression coefficients β j , for j = 1, ..., J, are to be estimated from
the available data. It follows that the probability of approval (or rejection) can be
obtained as:

pi =
1

1 + exp(α + ∑j β jxij)
, (6.2)

6.3.1 Textual Analysis

Textual analysis is a subset of a broader literature in finance on qualitative informa-
tion. This literature is confronted by the difficult process of accurately converting
qualitative information into quantitative measures. Examples of qualitative studies
not based on textual analysis include Coval and Shumway 2001, who examine the
relation between trading volume in futures contracts and noise levels in the trading
pits, and Hobson, Mayew, and Venkatachalam 2009 , who analyze conference call
audio files for positive or negative vocal cues revealed by managers’ vocal signa-
tures.

Sentiment analysis (also known as opinion mining) refers to the use of natu-
ral language processing, text analysis, and computational linguistics to identify and
extract subjective information in source materials. Sentiment analysis is widely ap-
plied to reviews and social media for a variety of applications, ranging from mar-
keting to customer service. The objective of sentiment analysis is evaluating the
sentiments and opinions of a writer respectively, one topic domain or multi-topic
domain. It calculates the aggregate sentiment polarity based on sentiment classifica-
tion levels, such as positive or negative. Existing analysis approaches to sentiment
can be grouped into four main categories: word level, sentence level, document
level, and aspect/ entity level.

The most critical part of the analysis relies on the sentiment classification. In
general, two different approaches can be used:

• Score dictionary based: the sentiment score is based on the number of matches
between predefined list of positive and negative words and terms contained in
each text source (a tweet, a sentence, a whole paragraph);

• Score classifier based: a proper statistical classifier is trained on a large enough
dataset of pre-labelled examples and then used to predict the sentiment class
of a new example.

However, the second option is rarely feasible because in order to fit a good classi-
fier, a huge amount of pre-classified examples is needed and this represents a partic-
ularly complicated task especially when dealing with non English documents as in
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our work considering the few textual analysis tools for Italian(Nicola 2018) 1 lan-
guage and the huge literature gap in the domain. Insofar, we decided to focus
on a dictionary based approach, adapting appropriate lists of positive and nega-
tive words using the Loughran McDonald (LM) dictionary sources, a list containing
words of the LM sentiment by category (Loughran and Mcdonald 2011).

These lexicons are based on unigrams, i.e., single words, they contain many En-
glish words and the words are labeled with scores for positive/negative sentiment
and also possibly emotions like joy, anger, sadness, and so forth. For our purposes
we decided to focus on only two emotion classes, positive and negative. The work-
flow of the textual analysis part in general applications follow the following steps:
preprocessing, sentiment extraction, visualization.

Pre/-processing phase: sometimes, we have some structure and extra text that
we do not want to include in our analysis. Every raw text dataset will require dif-
ferent steps for data cleaning, which will often involve some trial and error, and
exploration on unusual cases in the dataset.

Sentiment Analysis: before cleaning the text two main issues needs to be ad-
justed: the list of Stopwords and the dictionary of positive and negative words. The
negative and positive words have been translated into Italian and checked one by
one due to the mismatching of many constructions such as all the words starting
with UN, MIS, DIS such as unseen,mismatch, disabled). Dictionaries of positive and
negative words have been extended to enrich the algorithm capability to detect and
score words into the positive and negative categories. The dictionary then have been
enlarged thanks to Kaggle resources for NLP in different languages(Chen and Skiena
2014).2

Negative words have been increased by 1375 words, including specific words
coming from the text (italian comment in the loan application under the section
" commento proposta" – "proposal comment") such as " revoca, chisura, insoluto,
sofferenza, contenzioso". For the positive words the Loughran McDonald original
dictionaries has been increased from 354 to 2221 adding context specific words such
as "correttezza, migliorare, rintrato, raddoppiato, rinnovato, elevando, espansione,
ben, corretta, capitalizzata, etc." While for the stopwords, they have been translated
and adapted to the context, reaching the 477 excluded words. Sentiment score: to
calculate the document sentiment score, each positive word counts as + 1 and each
negative word as /- 1. Although the method I used has the advantage of being sim-
ple to use, it does not handle polysemy, for example, irony and sarcasm (inspection
of the corpus indicated that these forms of expression were very rare considering
also the formal language used in banking sector). Regarding textual analysis in-
sights, some visualization plots can describe the data, such as the sentiment score
distribution (Figure 6.1). Regarding the text corpus in Figure 6.2 we can see the
Tf-idf, stands for term frequency-inverse document frequency,a statistical measure
used to evaluate how important a word is to a document in a collection or corpus.

1Giancarlo Nicola tackled italian sentiment issue by developing the SentITA, a system that partici-
pated to the ABSITA task proposed in Evalita 2018. The system is based on a Bidirectional Long Short
Term Memory network with attention that exploits word embeddings and sentiment specific polarity
embeddings. The model also leverages grammatical information from POS tagging and NER tagging.
The system participated in both the Aspect Category Detection (ACD) and Aspect Category Polarity
(ACP) tasks achieving the 5th place in the ACD task and the 2nd in the ACD task.

2https://www.kaggle.com/rtatman/sentiment-lexicons-for-81-languages The sentiment lexicons
in this dataset were generated via graph propagation based on a knowledge graph–a graphical repre-
sentation of real-world entities and the links between them. The general intuition is that words which
are closely linked on a knowledge graph probably have similar sentiment polarities. For this project,
sentiments were generated based on English sentiment lexicons.
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Another option to visualize the most frequent word is the wordcloud as in Figure
6.3.

On the top of the classical sentiment workflow the text extraction phase from the
PDF has been realized as described in section 6.4.

FIGURE 6.1: Histogram distribution of sentiment score

FIGURE 6.2: tf–idf term frequency–inverse document frequency

FIGURE 6.3: Wordcloud of the most used words



92 Chapter 6. Lost in translation: soft information, sentiment and lending decisions

6.4 Data

6.4.1 Lending process

The data used in this study have been manually collected from the credit folders
of all (550) mid-corporate loan applications managed (either eventually approved
or denied) by the Corporate and Investment Banking Division of a major European
bank from September 2011 to September 2012. The mid-corporate segment com-
prises firms having annual turnover between 150 million and 1 billion euros. The
Corporate and Investment Banking Division (CIB) of our data provider, which is
responsible for the mid-corporate loan applications that we analyse in this paper, is
structured in 24 corporate branches spread out over the home country in 13 different
regions. These corporate branches reflect a new organizational structure of the bank
established ex novo with the purpose of keeping relationships with medium-large
enterprises separate from traditional retail bank activity associated with families and
small firms at traditional branches. Loan officers at CIB branches take charge of loan
applicants from the very beginning of the lending process, generating the rating
and submitting a loan proposal to the relevant authority with the bank’s hierarchy.
This segment of the loan market is typically less plagued by problems of informa-
tion opaqueness than SMEs. For this reason, lending to the mid-corporate segment
should be less vulnerable to problems of information transmission across bank or-
ganizational structure. This likely biases us against finding an impact of functional
distance (i.e., against finding frictions in the transmission of information) on credit
scoring and lending decisions. Each credit folder contains very granular informa-
tion on the credit scoring process including the final and all intermediate scores. In
addition each folder contains detailed information on applicant and loan character-
istics, on the identity and location of the loan officer in charge of the application and
the hierarchical level at which the loan is ultimately approved (or denied).

In order to leverage on the unstructured data of the loan applications we trans-
formed every document in a text in order to extract paragraphs of unstructured data
such as the comment in the loan application.

The first challenge in dealing with PDF documents and the relative information
extraction from them is the structure of the PDF files not consistent across them.
Therefore the procedure of extraction involves a trial and error process, the chal-
lenges and the difficulties of this process are highly dependent on the typology of
document.

Scientific articles are typically locked away in PDF format, a format designed
primarily for printing but not so great for searching or indexing. The tool used is
the R package pdftools that allows for extracting text and metadata from PDF files.
The most important function is pdf_text which returns a character vector of length
equal to the number of pages in the pdf. Each string in the vector contains a plain
text version of the text on that page.

Hence pdf_text() converts all text on a page to a large string, which works pretty
well. However if you would want to parse this text into a data frame (using e.g.
read.table) you run into a problem: the first column contains spaces within the val-
ues. Therefore we can’t use the white-space as the column delimiter (as is the default
in read.table). The main point is that the specific section needed for the analysis
"commento proposta" after the conversion from PDF to a string of text was never
at the same line, in the same position. The same for the length of the section, can
vary from 1 row to 20. More specifically in the data we have the variable words_raw
that is the number of word for each section "commento proposta" available as pdf
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Min. 1st Qu. Median Mean 3rd Qu. Max.
Words_raw 1.0 50.5 160.5 287.8 417.8 1088.0
Characters_raw 5.0 853.2 2320.5 3696.3 5281.5 13440.0

TABLE 6.1: Words and characters summary statistics. The number
of words and characters for the section "Commento proposta" from
the full PDF Loan application.Raw stands for extracted word before

cleaning procedures are applied such as stop-words exclusion

class 0 class 1
0 1
72 478

TABLE 6.2: Dependent dummy variable classes: o not approved 1
approved

rendering into text, without any tidy structure (cleaning procedure/ preprocessing
phase). Basic statistics about the minimum and maximum number of raw words are
available in the table 1.

From a graphical visualization (Figure 6.4) of the distribution of the variables
relative to sentiment we can see that the relationship between number of words and
sentiment score for each level of the approved class ( 0, 1) we distinguish clearly that
approved loans have the higher sentiment, moreover the relationship between score
and number of word for the class 1 is pretty positive and linear.

FIGURE 6.4: sentiment and word clean distribution per class of ap-
proved

6.4.2 The variables

The variables used, see table 6.3 in the analysis are a subset from 157 available vari-
able related to areas as the loan characteristics, borrower specifics, firm characteris-
tics, rating indexes, macroeconomics indicators, sentiment variables, distance mea-
sures. The dependent variable addressed in the question research is the variable
approved . It stands for a dummy variable indicating with 1 if the loan application is
approved and 0 it is rejected. The percentage distribution is for class 0 the 13% and
the 87% for class 1.

• Sentiment variables: the feature used into the model is the sentperwords_scaled.
The variable represents the sentiment score extracted from the text as intro-
duced in section 1, each positive word counts as + 1 and each negative word
as 1. The sentiment score for each document has been divided by the number
of words contained in the text section used and lastly this has been scaled.
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• Rating measures: The variable able to catch the rating of the loan is final_rating,
the variable is part of the rating measures available for each loan and stands
for integrated rating + potential rating override by the LO. It is a step variable
taking values between 1 and 15, where 1 indicates the highest rating.

• Organizational distance:our key organizational distance variable is
dummy_same_same_branch. It is measured as a dummy equal to 1 if loan offi-
cer and loan approver share the same branch,this is a measure of the physi-
cal distance between the branch in which the loan officer responsible for the
credit score operates and the bank’s main headquarters. It reflects commu-
nication frictions due to the spatial separation and lack of personal contact,
cultural affinity common languages and mutual trust between loan officers at
local branches and senior managers at the bank’s headquarters that may in-
hibit the hardening and transmission of soft information within the banking
organization.

From credit folders we draw a number of loan and firm characteristics that could
have an impact on probability of approval of the lending. We consider five variables
that could capture the degree of accessibility and transmissibility of soft information
and the existence of agency problems. The first isrepeated dummy variable = 1 if there
is a prior lending relationship, = 0 if new customer. The second variable, scope of re-
lationship, captures the breadth of the bank-firm relationship: it is a dummy that as-
sumes the value 1 if the borrower purchases at least one additional product/service
from the bank besides the loan, and 0 otherwise.

We also control for a set of borrower and loan characteristics reflecting the firm’s
financial health and information transparency. First, we control for the modified sta-
tistical rating and integrated rating . We include the binary variables collateralcollateral
and global guarantee, the former assuming the value 1 if the credit line is collateral-
ized, and 0 otherwise, and the latter being equal to 1 if the credit line is backed by
a guarantee of the parent company. In addition, we control for whether the firm is
part of group (group belonging). Finally, all regressions include four geographical
area and industry dummies to control for unobserved characteristics of local credit
market and credit demand that could be correlated with our distance measures.

6.5 Empirical Evidence

In this section we report our main results obtained from the classification analysis.
We focus on the following key variables in our investigation of the role that phys-

ical distance plays in lending decisions: the distance between the loan officer and the
loan approver, the rating as a measure of the lender’s private information, the sen-
timent score as a measure of the lender’s mood and variables measuring the depth
of the lending relationship. To assess the degree to which distance and sentiment
captures informational effects, we estimate our specifications first without and then
include the variable in the same statistical model. We also include selected interac-
tion terms to study how the sentiment, the distance and the rating affects lending
outcome.

From first analysis and looking at table 6.4 and 6.6, we can state that the variable
referring to sentiment analysis (’sentperwords-scaled’) is always statistically signif-
icant and with a positive sign. Thus the more positive is the sentiment expressed in
the documents, the higher is the probability of being approved. At the same time,
we find that the closer a firm is to its branch the less does, a higher score reduce
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TABLE 6.3: Descriptive statistics of the main used variables

Variable Min 1st. Qu Median Mean 2nd. Qu Max Na’s
statistical_rating 1 5 8 7.4 10 15 69
iris_statisticalrating 1 5 8 7.3 10 15 86
integrated_rating 1 5 8 7.7 10 15 67
final_rating 1 6 8 8.0 10 15 34
words_clean 1 50.5 160.5 287.8 417.8 1088
sentiment_score -17 0 3 7.0 11 58
dummy_same_branch 0 1
dummy_same_area 0 1
dummy_same_HQ 0 0 0 1
log_FD_logit 1 3.816 4.844 4.6 5.737 7
log_FD_ols 0 0 3.114 2.7 5.075 7
global_guarantee 0 1
collateral 0 2
group_belonging 0 1
gradodiindustrializzazioneannual 0 0.3063 0.3772 0.4 0.3772 0 109
tassodidisoccupazioneitalia 0 0.05344 0.05344 0.1 0.07022 0 109
italiangdpgrowthannual 0 0.00399 0.00608 0.0 0.00608 0 109
sentperwords_scaled -10 2.868 3.782 3.4 4.876 10
equity_ratio -1 0.1297 0.244 0.3 0.385 1 78
repeated_relationship 0 1
scope_of_relationship 0 1
UD_mlogit 0 2 67
dummy_no_override 0 1

the offered rate which is consistent with the informational capture of high-quality
borrowers. By contrast, distance remains an important factor in explaining the prior
decision to offer credit even in the presence of credit scores albeit with much reduced
statistical significance and marginal effects. Also the ’scope of relationship’ is largely
significant and with a positive sign, confirming a good impact on the probability of
being approved. The reader can also note that in table 6.5 and 6.7 we show results
from collinearity analysis: all the variables are below the suggested threshold.



96 Chapter 6. Lost in translation: soft information, sentiment and lending decisions

TABLE 6.4: Logistic regression for different model configurations and
interactions

Dependent variable:

approved

(1) (2) (3) (4) (5) (6)

final_rating −0.086∗∗ −0.054 0.013 0.157 0.243
(0.037) (0.043) (0.051) (0.195) (0.223)

dummy_same_branch1 −1.341∗∗∗ −1.061∗∗∗ −1.008∗∗∗ −0.993∗∗∗ −0.893∗∗ −1.157∗∗∗

(0.289) (0.325) (0.325) (0.326) (0.384) (0.316)

sentperwords_scaled 0.502∗∗∗ 0.886∗∗∗ 0.887∗∗∗ 0.870∗∗∗ 0.510∗∗∗

(0.069) (0.190) (0.189) (0.253) (0.067)

I(final_ratingˆ2) −0.008 −0.018
(0.010) (0.012)

global_guarantee 0.077
(0.558)

collateral 0.579
(0.447)

scope_of_relationship 0.660∗ 0.771∗∗

(0.397) (0.314)

tassodidisoccupazioneitalia −7.971
(5.366)

final_rating:sentperwords_scaled −0.039∗∗ −0.040∗∗ −0.025
(0.016) (0.016) (0.025)

Constant 3.403∗∗∗ 1.656∗∗∗ 0.946 0.413 0.237 0.881∗∗∗

(0.404) (0.489) (0.596) (0.917) (1.191) (0.314)

Observations 516 516 516 516 418 550
Log Likelihood -177.085 -140.220 -137.217 -136.936 -101.769 -149.943
Akaike Inf. Crit. 360.170 288.440 284.434 285.872 223.539 307.885

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

TABLE 6.5: VIF logistic model specifications as in table 6.4

final_rating dummy_same_branch sentperwords_scaled I(final_ratingˆ2) dat1$global_guarantee dat1$collateral dat1$scope_of_relationship tassodidisoccupazioneitalia final_rating:sentperwords_scaled

20.940 1.013 6.984 19.326 1.099 1.113 1.162 1.251 9.110

TABLE 6.6: Logistic regression for different model configurations and
interactions

Dependent variable:

approved

(1) (2) (3) (4) (5) (6)

dummy_same_branch −1.163∗∗∗ −1.061∗∗∗ −0.790∗ −0.807∗ −0.941 −1.157∗∗∗

(0.314) (0.325) (0.459) (0.463) (0.630) (0.316)

final_rating −0.054 −0.050 −0.062 −0.122∗∗

(0.043) (0.042) (0.043) (0.054)

sentperwords_scaled 0.522∗∗∗ 0.502∗∗∗ 0.578∗∗∗ 0.574∗∗∗ 0.635∗∗∗ 0.510∗∗∗

(0.067) (0.069) (0.118) (0.119) (0.160) (0.067)

scope_of_relationship 0.889∗∗∗ 0.687∗ 0.771∗∗

(0.330) (0.388) (0.314)

tassodidisoccupazioneitalia −6.781
(5.054)

dummy_same_branchsentperwords_scaled −0.121 −0.131 −0.013
(0.146) (0.146) (0.202)

Constant 1.190∗∗∗ 1.656∗∗∗ 1.445∗∗∗ 1.188∗∗ 1.930∗∗ 0.881∗∗∗

(0.292) (0.489) (0.548) (0.566) (0.827) (0.314)

Observations 550 516 516 516 418 550
Log Likelihood -153.071 -140.220 -139.868 -136.094 -104.463 -149.943
Akaike Inf. Crit. 312.141 288.440 289.737 284.189 222.925 307.885

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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TABLE 6.7: Vif logistic model as in model specification 6.6

dummy_same_branch final_rating sentperwords_scaled scope_of_relationship tassodidisoccupazioneitalia dummy_same_branchsentperwords_scaled

2.756 1.068 2.749 1.132 1.141 4.280

6.6 Conclusions

This chapter is still in a draft version and more analysis will be run to assess the
validity of our findings. In particular we will explore the following alternative con-
figurations:

a. Following the rationale behind these first conclusions about sentiment and
lending behaviour we can also address the analysis focusing on other dependent
variables, such as the delta in the amount of credit granted. Again, this approach
would help identifying the role of the hard and soft information in the lending pro-
cess.

b. Sentiment can impact lending decisions is the finding from those first analysis
and in particular, it can act as a moderator in the channelling of soft/privileged
information but also is able to predict default on loans. In this case we will focus the
analysis on default or distress target variables, again through a multinomial logit
model.

c. Sentiment can act not only as a predictor on the probability of default but
also as a moderator in the lending process, together with variables related to the
distances that captures well the informative disclosure issues and communication
biases in the borrower - lender decision process.

d. By means of different borrower and lender characteristics we could investi-
gate the behavioural biases that both incur and how this is captured or minimized
through a change in the distance and in the mood of the parties.
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Chapter 7

Conclusions

In this dissertation, we explored FinTech developments and how technological ad-
vancements such as blockchain is guiding new business models that are disrupting
financial services. The empirical methodologies in designing the drivers of ICO busi-
ness model as in Chapters 3, 4, 5 are taking the advantage from the combination of
structured and unstructured textual data to benefit from it in terms of phenomena
explicability and predictability. The same alternative types of data, textual data, are
used for controlling the sentiment role in the asymmetric information issues between
lenders and borrowers, as in Chapter 6.

I would like to draw a few conclusions or better few findings that will help the
reader to think about the main topics discussed here. I would summarize that what
we have seen so far can be taken into a reasoning framework where technologies
have two souls, on one side the financial and on the other side the information soul.

The financial side and consequently the FinTech side saw a development in the
modern era toward a digitalized system, toward decentralization of the governance,
indeed the 2007 economic crisis has been the stepping stone for blockchain, digital
currencies, Big Data Analytics, Artificial Intelligence, etc.

The world now is facing another type of crisis due to COVID-2019, and I am
quite confident this crisis is boosting at the same time social disparities but also
technological advancements toward an even more online platform-based life, where
FinTech businesses can do their job reinventing services and ensuring inclusion.

My question now is: Which will be the future of FinTech? Will this crisis be a posi-
tive stepping stone? How resilient is the financial system to the challenges imposed by the
COVID -19 pandemic?

Another consideration regards the harmonic fast development in digital finance
and financial services and the regulatory burden. Accelerating the growth of dig-
ital financial services could also present financial stability risks if their regulation
and supervision do not keep pace. Regulators also warned that cybersecurity risks
or inappropriate lending practices by underregulated institutions could jeopardize
trust. Policymakers will also need to consider novel approaches to ensure high-
quality supervision and regulation, support the safe use of innovative technologies
while ensuring that regulation remains proportionate to the risks. Fortunately, su-
pervisors across countries have recognized the need to adapt regulatory approaches
that strike the right balance between enabling financial innovation and address chal-
lenges and risks to financial integrity, consumer protection, and financial stability. In
addition, policymakers should aspire for international agreements on data privacy,
cybersecurity, digital identification, cross-border digital currencies, and regulation
of Big Techs to ensure that the fintech landscape remains sufficiently competitive in
the post-COVID era.

How decision-makers can keep the pace with technological evolution ?
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The information soul of the modern era can be reconducted to the data abun-
dance phenomenon and the advancements in data management and analysis. The
smart use of data is one of the most important challenges of the 21st century. For
the first time in history, we not only have an abundance of data, but we have also
invented new, more economic ways to store and process that data. Software and
algorithms have now reached a point, primarily through AI and ML, that we can
mine this data and turn it into something more interesting. We can organize data
to have the information, from it we can have the knowledge and wisdom at scale,
across almost any industry. The data era challenges are many, one of many is the
data protection and privacy, the cybersecurity, the integration, availability of profes-
sionals understanding data. Indeed I would come with a quote from Hal Varian, the
chief economist at Google. He is famous for saying that “the sexiest job in the next
10 years will be statisticians.” In 2009, we couldn’t have known just how right he
was about to become.

The ICO market, due to excessive enthusiasm but unfortunately also real scams,
saw the growth of the speculative bubble, which burst in the first months of 2018,
subsequently leading to a drastic reduction in the quantity of ICOs published. Two
years after the peak of the ICO phenomenon, a true historical epoch for the speed of
development of the Crypto sector, we are now in a very different context, in which
more and more countries are regulating the offers of tokens to the public, making
them operations legitimate, and recognizing its innovativeness. The maturation of
the sector has led today to a substantial change in the token offerings, which can be
classified into three different types: ICO ( the traditional and extensively described),
IEO, STO. An Initial Exchange Offering (IEO) is managed by an exchange on behalf
of the start-up that aims to raise funds. In return, the start-up has to pay listing fees
and a percentage of the tokens sold through IEO. The relationship between exchange
and start-up therefore becomes symbiotic, as the former are incentivized to help the
latter with marketing and promotions. STO stands for security token offering.

A Security Token Offering (STO) is similar to an initial coin offering (ICO), an in-
vestor is issued with a crypto coin or token representing their investment. But unlike
an ICO, a security token represents an investment contract into an underlying invest-
ment asset, such as stocks, bonds, funds and real estate investment trusts. STOs can
also be seen as a hybrid approach between cryptocurrency ICOs and the more tradi-
tional initial public offering (IPO) because of its overlap with both of these methods
of investment fundraising. Security can be defined as a “fungible, negotiable finan-
cial instrument that holds some type of monetary value,” i.e., an investment product
that is backed by a real-world asset such as a company or property. A security token,
therefore, represents the ownership information of the investment product, recorded
on a blockchain. When you invest in traditional stocks, for example, ownership in-
formation is written on a document and issued as a digital certificate (e.g. a PDF).
For STOs, it’s the same process, but recorded on a blockchain and issued as a token.
STOs can also be seen as a hybrid approach between cryptocurrency ICOs and the
more traditional initial public offering (IPO) because of its overlap with both of these
methods of investment fundraising.

The thesis addressed the ICO phenomenon by analysing it from multiple di-
mensions. What we have found is that it stays at the interplay between FinTech,
crowdfunding and blockchain. The topic indeed has been addressed by research
and practitioner from perspectives such as success rate and corporate finance, be-
havioural and entrepreneurial theories, market volatility, fraud and scam detection,
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regulatory burdens, smart contracts technicalities, etc.
Our perspective focuses on the ICO campaign phase by assigning a status to the

project and determining which are the main factors of success or scam/fraud em-
ploying classical statistical learning models, modern machine learning approaches
and textual mining processes. Our attempt is to rely on the techniques for text extrac-
tion and sentiment index creation to complement analysis with classical structured
data and provide a wider perspective. By introducing this I would remark that the
unstructured data used through the various applications is a quite relevant a novel
approach. Indeed, social media contents may constitute a relevant asset for financial
institutions to gain useful insights into the clients’ needs and perceptions in real-
time. Insofar, extracting sentiments from Internet or microblogging platform has
been employed for several purposes in literature. Researcher addressing sentiment
use for finance data extensively reviewed methods and applications, see (Kearney
and Liu 2014; McLean and Zhao 2014; Lamont and Stein 2006; Souza et al. 2015;
Nicola 2018; Cerchiello and Giudici 2016).

The exercises we have seen through the chapters are also bouncing different
considerations related to the data retrieval process. Depending on the field under
scrutiny data availability is one of the key issues when we want to validate our hy-
pothesis through a scientific approach. Data retrieval for Initial Coin Offerings raises
several challenges such as the existence of different online platforms storing data in
an incomplete or controversial way. This for example has been seen in Chapter 5
where a huge double checking of sources has been necessary in order to come up
with reliable information. Data inconsistency on the different sources has been con-
firmed through the hand collection process. Another example regards the retrieval
of unstructured textual data such as chats from Telegram, they pose several chal-
lenges in terms of preprocessing flow, due to their intrinsic characteristics such as
high dimension, Telegram limitations of download rghts, high presence of objects,
symbols and wrong words.

In the following paragraphs the main findings from the different contributions
will be summarized.

In Chapter 3 we address the challenges of discovering the success drivers of an
ICO. After presenting the ICO process and technicalities, we introduce the problems
such as the fraudulent activities and how the retrieved data can contribute to the
objectives of the research. By employing a logistic regression model for highly im-
balanced data, our preliminary results indicate that the presence of a website and of
a Twitter account both have a positive impact on the likelihood of the ICO not being
a scam. Therefore, from the above features we can assess that the social presence of
the ICO project has a positive impact on the success of the fundrasing campaign.

In Chapter 4 the empirical analysis deals with an increased ICO dataset that takes
into account entrepreneurial skills, team characteristics, web presence. Additional
stress has been addressed on the use of Telegram chats and their relative sentiment
index. The combination of strcutured and textual metrics as the sentiment index is a
novel idea that can help in trying to asses the likelihood of a company launching an
ICO to be a scam. Classical logistic models and multinomial logistics are applied, ro-
bustness check is considered and dictionary-based sentiment analysis is performed.
The main results proposed are that projects with white papers, with a larger number
of advisors, with a larger team and with positive sentiments expressed in the chats
have a higher likelihood of success. While the project with working websites is less
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likely to be scams. It’s worth noticing that the above case are not dealing with an or-
dered response variable which would have needed a different statistical foundation
and treatment, by using models such as the ordered logit model.

Therefore the textual data and social component (sentiment index from Telegram
chats) are of particular importance for taking into account the perception of possible
investors which interact with the ICO proposer by means of a social media.

The textual classification work performed in the thesis across the chapters can
rely not only on machine learning methodologies but also on deep learning, which
consist in a set of algorithms and techniques inspired by how the human brain
works, called neural networks. Deep learning architectures offer huge benefits for
text classification because they perform at super high accuracy with lower-level en-
gineering and computation.

The two main deep learning architectures for text classification are Convolu-
tional Neural Networks (CNN) and Recurrent Neural Networks (RNN).

Deep learning is hierarchical machine learning, using multiple algorithms in a
progressive chain of events. It’s similar to how the human brain works when making
decisions, using different techniques simultaneously to process huge amounts of
data.

Deep learning algorithms do require much more training data than traditional
machine learning algorithms (at least millions of tagged examples). However, they
don’t have a threshold for learning from training data, like traditional machine learn-
ing algorithms, such as SVM and NBeep learning classifiers continue to get better the
more data you feed them with:

The work present limits concerning the size of the sample, however, given the
still limited literature in this field with no reference to the power of textual informa-
tion collectable through Telegram chats, this contribution represents a step ahead in
the process of understanding the ICOs phenomenon.

In the last work related to ICO phenomenon, the Chapter 5, we see how by a mas-
sive work on data retrieval and integration we can encompass the above size limits.
We are able to provide a more specific perspective on the ICO mechanism and on
which factors contribute to projects’ destiny. In the work, we use a tailor-made data
set made of 760 ICOs containing several ICOs related variables , completely checked,
harmonized and validated using several alternative sources. A full statistical anal-
ysis is provided focused on highlighting the most relevant success drivers that take
into account white paper-based covariates as an additional source of information.
Indeed, we believe that, although not regulated or properly formatted, white papers
can disclose interesting insights about the ICO issuers both in terms of reliability
and trustworthiness. Our results show that all the variables derived from the white
papers are statistically significant with a differentiate impact on the probability of
success or failure of an ICO. Our findings let us consider that ICO projects with a
well rounded marketing strategy which leverage on online presence, community
engagement and informative white papers is the key for a positive completion of
the campaign.

Sentiment analysis as mentioned before has been extensively used for descriptive
and predicting purposes. In Chapter 6, we leverage on unstructured data to fill a gap
in credit scoring and behavioural economics literature, where information asymme-
tries are taken into consideration. Indeed the chapter deals with the introduction of
soft information, besides standard hard information, in a model for estimating the
probability for a firm of receiving the credit from a bank. In the considered case
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study, hard information is represented by data referring to, for example, the loan
characteristics and the firm rating indexes. Soft information instead, is related to
the sentiment used in official text documents produced during the lending process.
The presented approach takes advantage of the availability of data from different
sources in order to obtain a more precise estimate of the probability of obtaining
a loan. We find how sentiment can impact lending decisions and in particular, it
can act as a moderator in the channelling of soft/privileged information but also is
able to predict default on loans. Sentiment can act not only as a predictor on the
probability of default but also as a moderator in the lending process, together with
variables related to the distances, that capture well the informative disclosure issues
and communication biases in the borrower - lender decision process.
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