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Abstract 

Startups play a vital role in modern day economies through their creation of jobs, innovation 

and productivity growth. Still, they often suffer from financing constraints, and difficulties in 

raising external capital through the established channels due to their early stage of 

development and limited track records. However, a new opportunity to use blockchain and 

cryptocurrencies to raise funds and thereby finance early stage ventures have risen through 

the issuing of crypto-tokens, i.e. Initial Coin Offerings (ICOs). 

Therefore, this study assess how early stage ventures can utilize ICOs to raise external 

capital. By extracting data from the reputable ICO listing site, ICObench.com, quality data 

on 715 completed ICOs conducted in the period between July 31st 2017 to March 8th 2020 

has been obtained. The data is essentially utilized to investigate how potential ICO initiators 

can maximize their outcome through an ICO fundraiser, i.e. raise as much capital as 

possible. Therefore, a multiple regression model with total amount raised as the dependent 

variable is estimated using the method of OLS and by imposing heteroscedastic-robust 

standard errors.  

The findings produced in this study suggest that early stage ventures that include more team 

members raise more capital through the ICO fundraiser. Furthermore, a negative link 

between ICOs offering a bonus through the fundraiser and total amount raised is found. The 

percentage number of tokens offered for sale to the public is further found to affect amount 

raised in an ICO negatively, while ICOs accepting any fiat currency are predicted to raise 

more capital. In addition, the findings indicate that if an ICO goes from not having a KYC to 

have one, the amount of capital it raises would increase. The study further finds several 

factors pertaining to the external environment, uncontrollable for the ICO initiators, to affect 

the total amount raised through an ICO fundraiser. Conclusively, it is recommended that 

early stage ventures adopt these findings and incorporate these in their ICO in order to 

maximize their fundraising outcome. 
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1. Introduction 

Startups play a vital role in modern day economies through their creation of jobs, innovation 

and productivity growth. For this reason, developed countries strive to provide optimal 

conditions in form of infrastructure, education, policies, tax incentives etc. to foster the 

creation and growth of new ventures (Startup Genome, 2019). Still, startup ventures often 

suffer from financing constraints, and difficulties in raising external capital through the 

established channels due to their early stage of development and limited track records 

(Cumming & Groh, 2018). 

”Blockchain” and ”cryptocurrencies” have in recent years been usual suspects on the 

Gartner’s hype cycle and common buzzwords in the business world (Routley, 2019). One 

could argue that the hype is justified, seeing that the technology is set to disrupt several of 

traditional industries, forcing incumbent actors to adapt (McFadden, 2019). The financial 

sector is no different, where entrepreneurial finance has been expanded with novel 

blockchain based options. A new opportunity to use blockchain and cryptocurrencies to raise 

funds and thereby finance new projects have risen through the issuing of crypto-tokens, i.e. 

Initial Coin Offerings (ICOs) (Huang, Meoli & Vismara, 2019).  

An ICO is a type of crowdfunding centered around the use of cryptocurrencies. 

Entrepreneurial ventures create their own tokens, i.e. a digital medium of value, that are 

offered to investors through the blockchain technology in exchange for funding used to 

realize their proposed projects. The Internet is utilized in giving the ventures access to a 

large and diverse pool of investors, both private and institutional, hence the associations to 

traditional crowdfunding (Lipusch, 2018). 

The arrival of this new funding option did not go unnoticed, as it quickly gained momentum 

and extensive transactions started to emerge from the phenomenon. Being offered through 

the Internet, the fundraising mechanism stretches cross borders and incentivizes global 

participation. Nevertheless, ICOs tend to take place more frequently in countries with 

developed financial systems and advanced technologies (Huang et al., 2019). According to 

token listing data, at least 5,156 ICOs have been created between 2014 and 2019, with a 

total 26.17 billion USD funds raised (Popov, 2019). However, the market started to stagnate 
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in mid-2018 and has been decreasing up until now. This is said to be due to a decrease of 

the hype-effect and slide of the Bitcoin, i.e. the main cryptocurrency. Furthermore, the 

market of crypto fundraising has fragmented itself across the more regulated descendants 

of the ICO, e.g. Initial Exchange Offerings (IEOs) (Strategy&, 2020).  

Still, ICOs should be regarded as highly relevant as they provide digital entrepreneurs with 

close to full autonomy in their fundraising, avoiding the typical cost and requirements 

connected to the traditional intermediaries governing the transactions (Rohr & Wright, 2019). 

One could argue that this feature makes it the perfect alternative for high-tech blockchain 

based startups seeking development capital. In addition to this, unlike traditional 

mechanisms for early stage finance, tokens can provide investors with an anytime-exit 

opportunity thanks to liquid trading platforms (Momtaz, 2018). However, the lack of a 

common standard in documentation and formal requirements create information asymmetry 

between the capital seekers and capital givers. Evaluating the potential value of a venture 

can therefore be a problematic task for investors as they are unable to conduct extensive 

due diligence prior to the token sale based on the limited information available (An, Hou, & 

Liu, 2017).  

Despite extensive developments and substantial transaction records there is still relatively 

little knowledge on ICOs and their workings. Most information to date can be found on 

community-specific blogs and social media sites. A lot of the available information is 

disaggregated and inconsistent in its definitions. Having said that, researchers have in 

recent years picked up on the phenomenon, contributing to a more uniform understanding 

and terminology. Especially the issue regarding funding success has occupied researchers 

around the world, as shown in Section 3. The fact that investors rely on very limited set of 

information in their investment decisions, makes it interesting to explore how factors within 

this structure affect the monetary outcome for capital seekers. 

Therefore, this study contributes to an emerging body of contemporaneous research on 

ICOs looking to understand the success determinants of the new potentially disruptive 

financing instrument. The current academic landscape is scattered and at times conflicting 

in its findings. The aim and motivation of this study is first to collect the available information 

on ICOs and converge it to understandable foundational knowledge. By making the topic 

more tangible and concrete, the hope is to engage other researchers, but also early stage 
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ventures unaware of or curious about the concept. To enhance understanding, ICOs are 

explained in contrast to traditional instruments in entrepreneurial finance. Second, the 

objective is to compile existing findings in order to produce a common foundation for 

investigating key success determinants for ICO funding. Hence, possible influencing factors 

are identified and their impact on the success of the fundraising is examined. In this way, 

existing knowledge is tested and expanded with a view to providing clear recommendations 

for success with the new blockchain based approach to fundraising. The knowledge 

produced in this study takes outset in a multiple regression analysis using a data sample of 

715 ICOs conducted between July 31st 2017 and March 8th 2020 retrieved from the ICO 

listing site, ICOBench.com (Initial Coin Offerings, 2020). 

1.1 Problem statement 

In the following, the research question, audience and scope are defined. Afterwards, the 

delimitations of the study are defined followed by an overview of the structure.  

1.1.1 Research question, audience and scope 

Raising funds through an ICO seems tailored for the early stage ventures struggling to obtain 

capital through the traditional instruments in entrepreneurial finance. In that respect, it is 

relevant to investigate how potential ICO initiators can maximize their outcome hereof. 

Based on this, the following research question is put forward: 

How can early stage ventures utilize the Initial Coin Offerings to raise external capital? 

Evidently, early stage ventures are the primary audience of this study. In principle, ventures 

should have a business rationale based on the blockchain technology given the ecosystem 

and technological requirements underpinning the ICO mechanisms. However, also non-tech 

ventures with unrelated business models could use ICOs solely as a way to raise funds 

without integrating the technology in its their core business. Still, if the proposed service or 

product does not integrate the use of blockchain, the implementation of the project and long-

term sustainability of the company is questionable (OECD, 2019). For this reason, the 

primary audience is narrowed to encompass early stage ventures incorporating blockchain 

technology in their offering. The criterion of success should be defined in relation to the 
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objective of the capital seeker, i.e. to raise as much money as possible. For this reason, the 

amount of funds raised acts as the dependent variable in this study. 

Furthermore, as put forward in the introduction, ICO projects are evaluated based on the 

limited set of information available to the investors. This implies that investors must identify 

various financial and non-financial signals of which they perceive to be indicators of the 

token’s potential intrinsic value. These indicators derived from the data source function as 

independent variables and are categorized across the four categories (1) capability 

signaling, (2) token sale initiatives, (3) financial details and (4) trust mechanisms. The latter 

distinctions have been created by the authors with inspiration from similar research. These 

variables are referred to as internal, as the ICO initiators’ autonomy to influence the former 

is a criterion for inclusion. In this way, it is possible to produce tangible and executable 

recommendations. Furthermore, a fifth category of external variables, uncontrollable for the 

ICO initiators, are included as control variables. 

Facilitated via the Internet, the ICO market is global from a scoping perspective and is 

therefore treated as one in this study. The data sample has thereby been constructed 

regardless of origin country. 

1.1.2 Delimitations 

By gathering ICO data from one specific source, ICOBench.com, the data entries are limited 

to only cover ICOs listed on this page. As a result, it cannot be ruled out that valuable ICO 

entries exist outside of the data sample.  

Concepts and terminology have deliberately been explained to form a reader-friendly high-

level overview. The authors therefore acknowledge that many of the concepts deserves to 

be examined much more comprehensively if the purpose was to fully understand the various 

technicalities. 

Furthermore, the study design does not account for all possible factors influencing the ICOs 

access to external capital. The authors acknowledge that the regression model does not 

include all relevant macro factors, where especially regulatory proceedings on the area 

could have a cofounding influence on the results. Furthermore, the variables fail to include 

various social media aspects, e.g. Twitter followers and LinkedIn connections, despite being 
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deemed significant by earlier researchers, as illustrated in Table 2. This is due to the relevant 

data being unobtainable, seeing that it would require the historical values whereas only 

current social media stats are available.  

1.1.3 Structure 

The remainder of this study is structured as follows. Section 2 introduces concepts central 

to the ICO phenomenon. In Section 3 the existing academic landscape on the ICO area is 

outlined by highlighting peer-reviewed related research. In Section 4, a thorough description 

of the methodology of the study is provided, while the reliability and validity further is 

discussed. Afterwards, Section 5 consider the analysis in which the results of the estimated 

model are outlined, while robustness checks are performed in Section 6. In Section 7 the 

findings of the study are discussed, and implications for early stage ventures and other 

stakeholders are further put forward. Section 8 identifies the limitations of this study, while 

Section 9 suggests avenues for future research. Lastly, Section 10 provides concluding 

remarks. 

2. Concepts 

In the following, concepts central to the ICO phenomenon will be outlined to form a reader-

friendly overview. The high-level review of related aspects seeks to create a uniform 

terminology contributing to the reader’s understanding of the overall topic. In addition, two 

practical real-life examples of ICOs are exemplified to further enhance the understanding. 

Furthermore, traditional instruments from entrepreneurial finance are evaluated in 

comparison to ICOs.  

2.1 Distributed ledger and blockchain technology 

Distributed Ledger Technology (DLT) encompasses a novel and evolving technological 

innovation that is used to record and share data across multiple data stores, i.e. ledgers. 

Opposite to traditional centralized database architecture, DLT provides an alternative 

configuration where the database is spread across the network and stored at different 

physical locations or among several participants (Davidson, De Filippi & Potts, 2016). All 

files in these distributed ledgers are time stamped and given a distinct cryptographic 
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signature. All participants on the DLT can view all records connected to it - in this way the 

technology provides a verifiable and auditable history of all information (Belin, 2020). In 

effect, the DLTs remove the dependency on socially constructed (sometimes flawed) third-

party intermediaries by moving the trust to algorithms. In this alternate trust mechanism, 

truth is agreed and maintained by consensus among all the participants rather than by an 

authority. Maull, Godsiff, Mulligan, Brown and Kewell (2017) put forward that this disruption 

could lead to a fundamental change in the way monetary-based relationships are viewed 

and considered. 

DLT have many use cases and have laid the foundation for various new technologies, with 

blockchain technology being among the most prominent. The blockchain is a specific 

architecture of a distributed ledger where data are grouped into a sequence of blocks linked 

together by means of cryptographic tools. The different blocks dependency on one another 

makes it close to impossible to retroactively alter any information in the database (Benos, 

Garratt & Gurolla-Perez, 2017). In this way, the blockchain shapes a perpetual ‘chain’ of 

immutable records, effectively and securely utilizing DTL in overturning traditional 

centralized ledger systems. As with traditional DLT, the blockchain technology is based on 

producing consensus without requiring a centralized trust mechanism. This is accomplished 

by means of high-powered crypto-economic incentive protocols to verify authenticity of 

transactions in the database. Hence, these cryptographically secured blockchains are often 

referred to as ‘trustless’ technology (Davidson et al., 2016). The protocols can vary, but 

similar for the blockchain based technologies is that they have their own ‘virtual currency’, 

as a mean of rewarding the earlier mentioned participants contributing with computing 

capacity, and as a way of associating value with each record (McLean & Deane-Johns, 

2016). 

2.2 Cryptocurrencies 

In the year 2008, the Bitcoin Paper (Nakamoto, 2008) together with source code, uploaded 

on the Internet, were released under the name Satoshi Nakamoto (said to be a pseudonym 

for a whole team of developers). This gave birth to the very first cryptocurrency based on 

blockchain technology (Adhami, Giudici & Martinazzi, 2018). Ethereum’s Ether is the second 

most well-known cryptocurrency due to it being a more sophisticated network, as it can store 
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applications, e.g. automated agreements - also known as ‘Smart Contracts’ (Charfeddine, 

Benlagha & Maouchi, 2020). 

Today, hundreds of alternative cryptocurrencies, known as ‘altcoins’, have been created and 

the phenomenon has manifested itself into a growing community which now includes banks, 

hedge funds and even governments (Adhami et al., 2018). Cryptocurrencies serve as a 

digital alternative to the traditional government-issued fiat money. The electronic nature of 

former means that they are relatively easy to use across country borders which fits well in 

the globalized society. However, the decentralized infrastructure of most cryptocurrencies 

enables quasi-anonymous transactions, making it difficult for governments and authorities 

to regulate. This could be the reason why the technological development has failed to gain 

widespread acceptance (Luther, 2015). In recent years, researchers have been looking into 

the ‘black box’ of cryptocurrencies in order to understand the dynamics and properties of 

the latter. Earlier findings show that cryptocurrencies are relatively disconnected from 

conventional financial assets due to them being less dependent on traditional economic and 

financial variables (Shahzad, Bouri, Roubaud, Kristoufek & Lucey, 2019). 

2.3 ICOs 

The concept of an ICO can be defined as crowdfunding centered around cryptocurrency. In 

crowdfunding, a group of people, the crowd, financially contributes with small amounts to 

projects, products or ideas. These projects, products or ideas are owned by fundraisers, e.g. 

entrepreneurs or private persons, seeking for money in order to get their project realized 

(Bouncken, Komorek & Kraus, 2015).  Lipusch (2018) put forward that the ICO phenomenon 

utilizes the web in giving startups access to a large number of investors, and has proven to 

be an effective way of raising funds for new technologies, which have always been a difficult 

undertaking. The development is financed by selling a predetermined number of 

cryptographically secured digital assets, often referred to as tokens, in exchange for other 

cryptocurrencies or fiat money. As visualized in Figure 1, one could argue that ICOs are only 

fully decentralized when trading in cryptocurrencies, seeing that fiat money would require a 

transaction facilitator. 



Page 13 of 92 
 

Figure 1: ICO transaction process 

Source: Strategy& (2020). 6th ICO/STO Report. Spring 2020 Edition. Crypto Valley. 

By issuing a pre-defined limited number of tokens, the issuer control the value of the tokens 

and that the ICO has a goal to aim for. The tokens can either have a static pre-determined 

price or it may increase or decrease depending on how the crowd sale is going (Mitra, 2019). 

Furthermore, ICOs are known to operate outside the norm in terms of marketing and 

communication. Instead of going through established channels, the token sales are 

informally announced and discussed on social media sites like Reddit and Twitter (Rohr & 

Wright, 2019). 

Howell, Niessner and Yermack (2019) define three types of digital assets, i.e. coins, security 

tokens and utility tokens. These categorizations can help understand the different facets of 

the token phenomenon. Coins act as a general-purpose medium of exchange and store of 

value cryptocurrency - such as the widely known Bitcoin. Security tokens represent a 

conventional security that is recorded and exchanged on a blockchain. This is lucrative as it 

reduces transaction cost and keeps a record of ownership with a broad range of underlying 

asset classes. The utility token provides its holder with consumptive rights to access a 

service or product, which resemble classic crowdfunding with pre-sales of products that 

have not been developed at the time (Howel et al., 2019). Especially utility tokens are central 

to this study, seeing that these account for almost 90% of the global ICO market (Walter, 

2018). The prevalence of this token type is a result of the legal distinction between the three, 

making way for more favorable conditions for the utility classification compared to coins and 

security tokens. While the latter two token types fall under securities or asset laws, utility 

tokens operate in a legal grey zone. The fact that utility tokens essentially promise future 

access to the ICO project’s product/service, excludes the token type from being classified 



Page 14 of 92 
 

as an investment – despite having the same speculative aftermarket opportunities as the 

other token types (Momtaz, 2018). 

2.4 Two examples of ICOs 

To help the reader’s understanding of the phenomenon, a description of two practical cases 

of ICOs is provided below. The first example illustrates a successful ICO project, while the 

second highlights issues associated with a failed fundraiser. 

2.4.1 Filecoin 

The story of Filecoin is to date one of the most successful examples of fundraising through 

an ICO. Filecoin was created by the tech company, Protocol Labs. The idea behind the 

project concerned a Decentralized Storage Network (DNS): A technology utilized by many 

household company names such as Google Drive and Dropbox. The idea of providing 

storage space on the network, popularly known as cloud storage, was not new, but the 

project wanted to challenge the established centralized models by basing its offering on 

blockchain technology (Leung, 2018). More specifically, the idea was to create a 

decentralized storage network powered by cryptocurrency, where users could offer provide 

their unused hard drive space to the network in return of the Filecoin currency.  

In August 2017, the first fundraising efforts were made in form of a private pre-sale for invited 

participants. This successful pre-sale brought a lot of attention to the relatively unknown 

project by collecting 52 million USD from big American venture capital firms such as Sequoia 

Capital and Union Square Venture. Hence, expectations were high when the actual ICO was 

initiated later that month (Leung, 2018). 

The Filecoin token, with FIL as short name, was offered as a utility token promising a 

currency that could be redeemed for future network storage once the project was realized. 

Beside the company itself, the team consisted of 12 members with various backgrounds. 

The project provided both a 36-page whitepaper and pieces of source code. In the sale, 

10% of the total number of tokens were distributed starting at the initial token price of 0.75 

USD, accepting the three cryptocurrencies Bitcoin, Ether and Zcash, and fiat money. The 

30-days token sale was a big success and brought the volume of external capital raised up 

to a staggering 257 million USD (Filecoin, 2020). 
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The extensive amount raised was used to further develop the project, which is expected to 

fully launch in Q3 2020 (Pirus, 2020). The ICO has also been profitable for the investors 

from an aftermarket perspective. The token was first traded in late December 2017 where it 

reached its all-time high price of 28.55 USD within the first week - suggesting a return of 

investment of over 3700% for initial token holders. Today, the Filecoin currency is traded on 

several cryptocurrency exchange platforms and is at the time of writing priced around 5 USD 

(Filecoin price, 2020). 

2.4.2 Swapy 

Swapy is a failed ICO which were led by a team of eight entrepreneurs out of the Cayman 

Islands. The idea behind the project was to create a decentralized lending platform, 

matching credit providers in developed nations (low interest rates) with credit takers in 

emerging nations (high interest rates) with no intermediaries. The tokens were offered as 

the utility type, as they could be used as collateral for loans on the platform after 

development (Swapy Network, 2018). 

In terms of documentation, the project provided a 29-page whitepaper (SWAPY Whitepaper, 

2018) but no source code. In late April 2018 the team launched its 30-day token sale with a 

soft cap of 5 million USD and a hard cap of 30 million USD. Approximately one month prior, 

the project had launched a discounted pre-sale in which an undisclosed amount was raised. 

In the main sale, i.e. the ICO, 50% of the total number of tokens were distributed starting at 

the initial unit price of 0.65 USD, accepting the cryptocurrency Ether as the only mean of 

payment (Swapy, 2020). 

The token sale was a failure as the funds raised did not reach the soft cap. Thus, the ICO 

team honored its terms and conditions and returned the undisclosed amount of funds to all 

the contributors. The CEO of the project explains the failure to be a result of bad timing, 

referring to the substantial fluctuations in the Ether value during this period (Rodrigues, 

2018). 

2.5 ICOs vs. traditional entrepreneurial finance 

Startups play a key role in modern economies since they are an important source of new 

jobs, innovations and productivity growth. These startups, however, often suffer from 
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financing constraints, which limit their growth and threaten their survival. Specifically, lack 

of internal cash flows and collaterals, as well as asymmetric information and agency 

problems are the main reasons for the difficulties in raising external financing (Cumming & 

Groh, 2018; Block, Colombo, Cumming & Vismara, 2017). Nevertheless, various forms of 

external financing options exist for entrepreneurs – and these are popularly classified into 

equity and debt investor types (Lehner, 2013). Generally, equity investors trade capital for 

a portion of venture ownership, while debt investor types typically include banks who borrow 

money to the entrepreneur without obtaining a portion of venture ownership. However, it is 

often limited how much an entrepreneur can borrow given lack of collateral and thus the 

entrepreneur must often seek to obtain financing from other sources in order to meet the 

ventures required capital (Cumming & Groh, 2018). Traditional sources of entrepreneurial 

finance include instruments such as crowdfunding, initial public offering (IPO), venture 

capital and angel investing (Drover, Busenitz, Matusik, Townsend, Anglin & Dushnitsky, 

2017). In the following, the different aspects of these entrepreneurial financing instruments 

will be weighed against ICO financing based on (1) investor types, (2) type of businesses 

seeking funding, (3) intermediation, documentation and cost, (4) risk and regulation and (5) 

aftermarket aspect. A summarized overview is shown in Table 1.  In this regard, it is 

important to emphasize that the alternatives are evaluated in relative comparison to each 

other. 

2.5.1 Investor types 

In Section 2.3, an ICO was defined as crowdfunding centered around cryptocurrency. This 

definition is especially relevant as it highlights the one-to-many aspect of crowd based 

funding; utilizing a large number of private members of the public. Corporate actors can also 

partake in the activity, although the former is more prominent. Tokens can serve multiple 

purposes, but commonly act as incentives for investors, as well as developers, to get an 

early share of a promising business case - hence the phenomenon is especially fitting for 

startups. Seeing that most of these products or services are on a relatively early stage, 

tokens are mainly used for speculation (Lipusch, 2018). 

Capital givers in crowdfunding, popular known as ‘backers’, can take on different roles, i.e. 

sponsors, customers and investors, depending on the type of crowdfunding they participate 

in. Hence, we also see a large variety in the investors’ motivations that can include profit-
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oriented, hedonic and altruistic motives (Haas, Blohm & Leimeister, 2014). In this 

connection, it is not uncommon that the capital seekers leverage the backers for purposes 

beyond funding, e.g. to gain ideas or to validate products. In addition to this, compensation 

is not necessarily monetary and can take forms as a product sample or even a simple thank 

you (Beaulieu, Sarker & Sarker, 2015). 

By issuing shares on a public exchange, IPOs are not only sold to institutional investors but 

also open to a greater audience including individual investors. Still, whether being 

institutional or private, investors of IPOs are mainly profit-oriented seeing that the investment 

usually is made to profit from appreciation of the companies’ value, as well the dividends 

paid out by the company (Ibbotson, Sindelar & Ritter,1988). 

Venture capital is a recognized for raising funds from a set of limited partners and seek to 

provide a return to these investors through selective investments into a portfolio of startups. 

Venture capital firms are typically small, geographically clustered entities, working closely 

with the ventures in which they invest to provide guidance and value beyond capital (Drover 

et al., 2017). In return for investing in the high-risk ventures, the venture capitalists are 

provided with an ownership stake in the given company. Hence, their aim is to profit from a 

long-term increase of the equity by securing a positive development of the company. For 

this reason, one could argue that venture capitalists primarily are motivated by a high return 

on investment (Lipusch, 2018). 

According to Cumming and Groh (2018), business angels are defined as high net worth 

individuals who usually invest their private wealth in ventures that are typically local, unlisted 

and without a family connection to the business angel. They are often former entrepreneurs 

who seek to fund and provide guidance to investee firms in their area of expertise, e.g. by 

providing strategic input and access to their network. 

2.5.2 Type of businesses seeking funding 

As touched upon in Section 2.3, fundraising through ICOs accommodate early stage 

ventures. Lipusch (2018) adds to this by emphasizing that ICOs are especially relevant for 

ventures that are based on novel technology with limited chances of obtaining funding due 

to these being at an early stage of development. 
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Traditional crowdfunding is closely related to ICOs, as they share the fundraising 

mechanism of collecting capital from a unified crowd of people via an open call on the web 

(Belleflamme, Lambert & Schwienbacher, 2014). The instrument covers a large diversity of 

projects ranging from small artistic endeavors to larger scale startups (Mollick, 2014). 

IPOs denote a process for companies to raise money by issuing shares through a public 

offering. In this way, companies utilize IPOs to raise new working capital that could be used 

to settle existing debts, but also expanding or diversifying existing business areas. Hence, 

companies engaging in this instrument are most often experienced and well-established 

businesses with a proven track record looking to further grow their operations (Ibbotson et 

al., 1988). 

The companies eligible for venture capital usually operate in emerging and high-tech 

industries. The funding obtained can be characterized as seed funding, as it is provided to 

companies to cover starting costs, i.e. cost in areas such as research, development, 

marketing etc. In addition to the monetary contributions, venture capitalists also provide 

know-how and skills which is why the concept often is referred to as smart capital (Gompers, 

1995). However, although venture capital firms are widely recognized, they fund only a small 

fraction of startups and mainly participate in deals mid-stage to late-stage (Drover et al., 

2017). 

Angel finance from so-called business angels is mainly invested into young ventures and 

thus, similar to ICOs, their capital is more accessible for early startups than e.g. venture 

capital funding (Lehner, 2013; Drover et al., 2017).  

2.5.3 Intermediation, documentation and cost 

Being blockchain-based and decentralized, ICOs eliminate the need for a central authority 

or intermediary to process, validate and/or authenticate the transactions. Rohr and Wright 

(2019) add to this point by highlighting the deviation from traditional capital markets. By 

being absent from traditional disclosures and the bureaucracy, that tightly control access to 

public capital markets, one could argue that ICOs offer a less complicated way for the issuer 

to raise funds. In terms of documentation, the token issuers generally draft informal technical 

whitepapers or specs directly accessible to the buyers - avoiding the traditional costly 
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gatekeepers like investment bankers and national securities exchanges controlling access 

to the public capital markets. In this connection, it is important to emphasize that ICO 

projects often are characterized by a high degree of information asymmetry, seeing that 

investors rely on a very limited set of information1. Still, many ICOs include additional 

information, e.g. full specification of token sales terms and complete or partial sets of 

programming code, which help investors pre-assess the technical value of the idea (Adhami 

et al., 2018).  

Similar to ICOs, crowdfunding has relatively low transaction costs, with the main driver for 

this being the ongoing disintermediation of financial intermediaries. Here investors rely on 

the information provided on the third-party crowdfunding platform. One could say that 

crowdfunding was the frontrunner in bypassing the intermediaries by means of a single 

platform, where ICOs take it a step further cutting out intermediaries altogether by allowing 

direct interaction between the involved parties (Tapscott & Tapscott, 2017). 

Being regulated by a Securities Exchange Commission, IPOs have to be compliant with the 

regulations of the former. In doing so, they need to draft a prospectus, i.e. a formal legal 

document, providing information on financial statements and notes, use of proceeds, 

dividend policy etc. This documentation has a crucial role in reducing information asymmetry 

between the company and potential investors (Schneider, Manko & Kant, 1981). For a 

company to apply for an IPO it is reliant on a number of different actors, e.g. investments 

banks, underwriters, legal firms, public relations consultants etc., who help prepare the 

necessary documents to file this type of fundraising with a Securities Exchange 

Commission, as well as help market the offering to the investor market. This results in IPOs 

being heavily mediated and a costly fundraising mechanism (Tapscott & Tapscott, 2017). 

Serving third-party capital givers, venture capitalists take the role as intermediaries 

themselves in reducing information asymmetries between the former and the entrepreneurs. 

This includes vital tasks such as frequent screening and monitoring of the companies, i.e. 

dynamic due diligence (Sahlman, 1990), which is a cost and resource heavy operation. 

 
1 Appendix 1 show the investor view of an ICO on a listing site (ICObench.com) 
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Compared to venture capital firms, business angels tend to take less formal approach to 

investing, particularly in regard to the level of due diligence and the formality of contracts 

involved (Drover et al., 2017). However, the entrepreneur must be willing to give up 

controlling rights and accepted ongoing monitoring (Block et al., 2017) Often, business 

angels co-invest with venture capitalists or together with other business angels in so-called 

angel networks. As a result of the accumulation in angel networks, the business angels are 

able to diversify and spread their investment risks over more investments. Thereby, the 

result is lower due diligence and legal costs which is beneficial the entrepreneur (Block et 

al., 2017; Cumming & Groh, 2018). Besides the contractual documentation between the 

investor and entrepreneur, this private market is not subject to the rigorous disclosure 

requirements for public equities, and there is almost no institutional infrastructure supporting 

the market (Prowse, 1998). 

2.5.4 Risk and regulation 

Using the blockchain infrastructure, ICOs bypass the need for a central governing authority. 

However, the decentralization and lack of authorities are not all positive for the participants 

on the investor side. Due to this infrastructure, ICOs are situated in an unexplored domain 

in terms of accountability and regulations - often with little or no protections for investors. 

This has made way for scammers utilizing it to raise capital in bad faith in so called “pump-

and-dump” schemes, where funding is swiftly raised, and then instantly dumped in exchange 

for other instruments at a profit within a brief interval. According to Catalini and Gans (2018), 

the overall risk of fraud is high, as estimates of fraud range between 5%-25% of ICO 

offerings. Even in legitimate ICOs, the projects are often in a high-risk early stage with 

substantial downside potential for the token buyers (Chohan, 2019). 

Traditional crowdfunding is also in a grey area when it comes to legislation and is therefore 

characterized as having a low degree of regulation. To mitigate risk for the participants, 

crowdfunding platforms employ certain mechanisms to enhance trust and transparency, e.g. 

allowing investors to effectively state their opinions on crowdfunding projects. Initiatives like 

this can be a reliable indicator of venture quality, but are rather weak in terms of investors 

protections, seeing that they do not provide any legal claims against potential scams and 

misconduct. Still, the overall risk of crowdfunding usage should be considered as moderate 
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due to the relatively low transactions volumes and asking amounts involved (Agrawal, 

Catalini & Goldfarb, 2014). 

On the other hand, both IPOs and venture capitalists are heavily regulated as these have to 

fully comply with the regulations of a Securities Exchange Commission, providing the 

participants with a safety net against misconduct and scam (Tapscott & Tapscott, 2017; 

Gompers & Lerner, 2004). Venture capitalists provide a possible risk of moral hazard 

themselves, as these could manipulate the capital seekers to their own favor. However, 

these risks are mitigated through partnership agreements. Still, the large transaction 

volumes and the high failure rate of the high-risk ventures heightens the risk level (Timmons, 

Spinelli & Tan, 1994). 

Business angels operate in a private market and is therefore not subject to the regulations 

of the public authorities. Hence, the risk mitigation of business angels lies in cultivating 

strong relationships with the entrepreneurs to foster a collective identity (Poppo & Zenger, 

2002). The main risk is thereby different interests and information asymmetry between the 

two parties, where moral hazard comes into play. The entrepreneurs may take advantage 

of information asymmetry to redistribute resources to themselves (Harrison & Mason, 2017). 

These risks are especially threatening to business angels, seeing that these private 

investors do not have the same resources as venture capitalist funds to monitor, collect and 

analyze information (Fiet, 1995). 

2.5.5 Aftermarket aspect 

The fact that tokens can get listed on a token exchange platform, often within three months 

after the ICO ends, creates incentive for investors. However, aftermarket trading is neither 

automatic nor guaranteed. The token exchange platforms are open for online trading 24/7 

in contrast to the traditional national securities exchanges (Momtaz, 2018; OECD, 2019). 

However, high degree of liquidity bring about heavy speculation that often contributes to 

undervaluation or overvaluation of the given companies (Kastelein, 2017). 

Traditional crowdfunding is more limited in terms of aftermarket possibilities. Liquidity is 

frozen seeing that crowdfunding investments cannot be recovered, meaning that people 

who invested in a crowdfunding project cannot opt out of the investment (Lipusch, 2018). 
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IPOs have a high degree of aftermarket potential, seeing that all shares from public offerings 

will be tradable on their respective third-party stock exchanges. However, IPOs are limited 

compared to ICOs if the companies want to collect additional funds, seeing that this would 

require approval from prior shareholders (Lundy, Burke & van Ammers, 2017). 

Both venture capitalists and business angels are more restricted in terms of liquidity due to 

these being more long-term investments. These investor types buy an equity that 

appreciates/depreciates with the development of the company, and earnings are not 

realized before their ownership stake is bought back by the entrepreneurs or resold to new 

investors (Lipusch, 2018; Drover et al., 2017). Hence, the profit realization is slow and 

demanding compared to the real time exchange options for ICOs and IPOs. 

Table 1 compiles a summarized comparison of ICOs and the traditional instruments from 

entrepreneurial finance. 

Table 1: Summarizing table of ICO vs. traditional entrepreneurial financing instruments 

 
ICOs Crowdfunding IPOs Venture 

capital 
Business 

angels 

Investor types 

Large crowds 
of private 
investors, but 
also corporate 
actors. 

Usually an 
interest in and 
knowledge 
about 
technology. 

Large crowds 
of mainly 
private 
investors with 
high diversity in 
motivations. 

Both 
institutional 
investors and 
the public. 

Mainly 
motivated by 
profit. 

Long-term, 
profit-oriented 
firms backed 
by external 
capital, working 
closely with the 
entrepreneurs. 
Smart capital is 
provided in 
exchange of 
ownership 
stakes. 

High net worth 
individuals 
investing 
private wealth 
in ventures. 
Often former 
entrepreneurs 
both motivated 
by profit and 
providing 
guidance. 

Businesses 
seeking 
funding 

Early stage 
ventures and 
startups 
based on 
novel 
technology. 

Early stage 
ventures and 
startups 
ranging from 
small hobby 
projects to tech 
businesses. 

Experienced 
and well-
established 
businesses 
with a proven 
track record. 

Mainly mid-
stage and late-
stage 
companies that 
operate in 
emerging and 
high-tech 
industries. 

Early stage 
ventures and 
startups with 
growth 
potential. 

Intermediation 
Very low 
degree of 
intermediation
: Blockchain 
technology 

Low degree of 
intermediation: 
But still reliant 
on third party 
platforms to 

High: Reliant 
on several 
different actors, 
e.g. 
investments 

Moderate: The 
venture 
capitalist act as 
intermediates 
between the 

Low degree of 
intermediation: 
Based on 
direct 
contractual 
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allows direct 
interaction 
between 
participants. 

govern and 
facilitate the 
crowdfunding 
transaction. 

banks, 
underwriters, 
legal firms, 
public relations 
consultants 
etc. 

capital givers 
and 
entrepreneurs. 
This involves 
on-going and 
thorough due 
diligence.  

agreements 
between the 
parties. Not 
reliant on 
institutional 
infrastructure. 

Documentation 

Whitepapers 
and source 
code. 

Description on 
third party 
platform. 

Prospectus. Formal and 
ongoing due 
diligence. 

Less formal 
due diligence – 
more 
relationship 
based. 

Cost 

Low 
transaction 
cost due to 
the 
blockchain-
enabled direct 
interaction 
between 
capital giver 
and capital 
seeker. 

Low 
transaction 
costs    due    
to single point 
of contact (i.e. 
the platform). 

High 
transaction 
costs, legal 
fees etc. due to 
high degree of 
institutionalizati
on. 

High 
transaction 
costs, legal 
fees etc. due to 
high degree of 
institutionalizati
on. 

Medium cost 
due to less 
formal 
approach to 
due diligence. 
Angel networks 
create 
economies of 
scale. 

Risk and 
regulation 

Decentralized 
and lacks 
governing 
authorities. 
High risk for 
capital givers. 

Grey area in 
terms of 
regulation. Risk 
for capital 
givers despite 
mitigating 
efforts. 

Heavy 
regulation 
under SEC 
provides a 
safety net for 
capital givers 
against 
misconduct 
and scam. 

Heavy 
regulation 
under SEC 
provides a 
safety net for 
capital givers 
against 
misconduct 
and scam. 
Moral hazard 
risks are 
mitigated 
through 
partnership 
agreements. 

Not subject to 
the regulations 
of the public 
authorities. 
Main risks 
concern moral 
hazard – 
heightened by 
the limited 
resources for 
monitoring. 

Aftermarket 
aspect 

High liquidity: 
24/7 real time 
token 
exchange, if 
the token 
proceeds to 
be listed. 
Capital takers 
can raise 
additional 
funds without 
approval from 
token holders. 

Poor liquidity: 
investments 
are frozen with 
no possibility 
for the capital 
giver to opt out. 

High liquidity: 
shares are 
tradable on 
stock 
exchanges. 
 

Limited 
liquidity: 
Earnings are 
not realized 
before their 
ownership 
stake is bought 
back or resold. 

Limited 
liquidity: 
Earnings are 
not realized 
before their 
ownership 
stake is bought 
back or resold. 
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As shown in Table 1, compared to the traditional instruments, ICOs offer early stage 

ventures broad disintermediated access to a large pool of mainly tech-savvy investors. 

Furthermore, limited requirements regarding documentation together with low transaction 

costs foster an uncomplicated and cost-light access to external capital. Still, the lack of 

regulation brings about risk for the investors compared to the traditional instruments, 

however, favorable aftermarket incentives could outweigh the uncertainty. 

3. Related research 

In the following, peer-reviewed related research on the area is accounted for highlighting 

the different theorists’ problem formulations, methodologies and findings. The objective is to 

outline the existing academic landscape on the area. In Table 2, an overview of the theorists’ 

findings are summarized. 

Hartmann, Wang and Lunesu (2018) conduct an exploratory study based on 28 ICO 

evaluation websites. The study can be described as one of the first steps to towards 

discovering the key success factors of ICOs. In particular, Hartmann et al. (2018) seek to 

answer how ICOs are evaluated through a two-step approach: Firstly, the authors seek to 

identify those websites that provide evaluation of ICOs – essentially 28 websites out of 169 

collected is defined as proper ICO evaluation websites. Secondly, the key information about 

an ICOs collected on these 28 ICO evaluation websites is analyzed. The findings reported 

are descriptive in nature, and the results indicate that websites are found to evaluate ICOs 

based on project information, team information, token information, ICO information and 

technical information. In this respect, the whitepaper is found to be a key piece of project 

information, while the roadmap of a project has received much less attention. Additionally, 

ICO evaluation websites are found to put emphasis on team member information, while only 

a fraction of the websites consider information beyond the core team such as the advisory 

board. However, Hartmann et al. (2018) concludes that more in-depth analysis of ICO 

evaluation is desired in order to produce more meaningful results. 

Adhami et al. (2018) investigate the dynamics of ICOs to explore the determinants of ICO 

success. The authors state that their research provides unprecedented elements for 

businessmen, pledgers and policymakers with an interest in the ICOs and how to estimate 
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the probability of funding success of these. The data sample consist of 253 ICOs that 

occurred from 2014 to 2017 scraped using APIs from various ICO data sources. The authors 

estimate a logit model where the dependent variable, i.e. Success, is binary seeing that it 

takes the value of 1 if the funding campaign was successful (soft cap reached) and zero if 

failed. Campaigns labelled as failed were mainly due to failure in reaching the soft cap, 

however, in some cases as result of a security issue (e.g. hacker attacks) or scam 

accusations. The paper uses pre-sale initiatives, bonus schemes and signaling of technical 

capabilities, i.e. whitepapers and source code, as independent variables. Through the 

econometric analysis, it was found that only the presence of source code and pre-sale 

initiatives have a significant positive effect. Hence, the findings suggest that to increase 

probability of success, the ICO should provide source code and test the market with a 

targeted, smaller token sale to entice ICO funders. 

Similar to the above theorists, Fisch (2019) contributed to the research area of 

entrepreneurial finance by exploring the concept of ICOs in raising funds for early stage 

ventures. Taking outset in signaling theory, Fisch (2019) investigates how ventures can 

attract higher amounts of funding by signaling technical capabilities to the investors. Hence, 

the research objective is to identify potential success factors for raising funds using ICOs, 

and thereby inform potential investors and ventures about how to evaluate and/or conduct 

an ICO that attracts more funding. The research sample consists of data from 423 ICOs 

carried out in the period between 2016 and 2018. The data was manually compiled from 

CoinSchedule – a comprehensive established data source. The amount raised serves as 

the dependent variable, while variables relating to technical signaling, i.e. the presence of 

technical whitepapers, source code and patents function as independent variables. 

Furthermore, a number of context-specific variables, e.g. token supply, duration, Twitter 

activity etc., were controlled for. Through multivariate OLS regression analysis it was found 

that display of technical capabilities generates higher amounts raised. Furthermore, it was 

shown that, in contrast to classic entrepreneurial finance, patents have little or no effect. An 

additional interesting result is that a negative link between duration and amount raised was 

detected. 

Amsden and Schweizer (2018) put forward a considerable paper exploring the success 

determinants of ICOs using a self-developed three-part theoretical framework. The 
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extensive data sample consists of 1,009 ICOs from 2015 to 2018 collected and cross-

validated from Cryptoslate.com and ICObench.com. The authors argue that token 

tradability, i.e. whether a token is listed on a token exchange and traded actively after ICO 

completion, is the strongest measure for success. Hence, the former serves as the 

dependent variable in the study. The three-part framework suggests three compiled 

categories serving as the independent variables: venture uncertainty (not being on Github 

and Telegram, higher percentage of tokens distributed, short or no whitepapers), venture 

quality (team size, LinkedIn connections of the CEO) and investor opportunity set (presence 

of a hard cap for the project, and value of primary cryptocurrency, i.e. Ether). Using OLS 

regression analysis it was found that venture uncertainty is negatively correlated, while 

venture quality is positively correlated. In addition, the results suggest that a high price of 

Ether will decrease the attractiveness of ICOs. Lastly, the authors show that providing a 

hard cap in a pre-ICO setting is positively related with the ICO success. 

Burns and Moro (2018), similar to other theorists in this area, explore the contributing factors 

behind ICO success. The data sample subject to this research consists of 146 ICOs from 

June 2017 to November 2017. Despite being relatively modest in size, the data sample is 

rich due to supplementation with data from social media, news article archives and Google 

trends. The research tests three dependent variables, i.e. four months ROI, first-day returns 

and funds raised. Furthermore, a large number of independent variables mainly related to 

ICO characteristics, e.g. platform type, KYC requirement, presence of a presale etc., and 

venture characteristics, e.g. team size, CEO experience, etc. In addition, alternative 

variables such as Google trends search, gender of management team, news article 

mentioning etc. was further included. Results of the different OLS regression analyses 

showed contradicting results across the different dependent variables. It was suggested that 

the initial price of the token is negatively correlated with the ROI. Furthermore, it was found 

that the use of the Ethereum platform is negatively related to the first-day-returns. The 

findings also suggest that the years of leadership experience of the CEO and the size of the 

team, despite being negatively correlated with ROI, both are positively correlated with the 

total amount of funds raised. In terms of social media characteristics, it was revealed that 

the number of Twitter followers of the ICO page positively affects both the ROI and total 

amount raised. Lastly, the results put forward that a high number of news articles mentioning 
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the specific token names, released prior to the ICO, affects the ROI negatively, but the total 

amount raised positively. 

In a study conducted by Albrecht, Lutz and Neumann (2019) the relationship between social 

media and the success of an ICO is investigated using data on 231,758 tweets related to 

524 ICOs. The authors measure the success of an ICO by considering the dependent 

variable measuring funds raised. Ultimately, an OLS regression is applied with the key 

independent variables, average Google trends search score for specific keywords, mean 

sentiment in all tweets preceding the ICO and mean fraction of emotive words.  The results 

suggest that higher search volume, positive sentiment and increased use of emotive 

language on Twitter all are positively linked funds raised in the ICO. Moreover, Albrecht et 

al. (2019) find that their control variable measuring number of Twitter followers showed to 

be positively linked to ICO outcome. 

Furthermore, the study by An, Duan, Hou and Xu (2019) contributes to the literature 

examining the key success factors of ICOs. In particular, the authors investigate how 

founders’ characteristics affect the amount of funds raised in an ICO and the speed of 

fundraising measured as the ICO duration in days, by using a sample of 986 ICOs retrieved 

from TokenData.io from 2014 to 2018. By considering the results of the OLS regression of 

the study, An et al. (2019) finds the disclosure of founding team information and its collective 

human capital, encompassing the size of the founding team, collective experience, business 

and technical background, to be positively associated with the amount of capital raised and 

the fundraising speed in ICOs. Specifically, the number of founding members with (1) 

business background (2) blockchain experience (3) corporate board experience and (4) 

larger social network raise larger amount of capital and in a shorter period of time. 

Additionally, the presence of an advisory board is further found to influence the success of 

an ICO positively. 

Another study considering the determinants of successful ICO fundraising is conducted by 

Lee, Li and Shin (2019). Specifically, the authors explore how the “wisdom of crowds” help 

mitigate information asymmetry through a sample of 3,392 ICOs conducted from 2016 to 

2018 using ICObench.com and a linear probability model. The dependent variable measure 

whether the soft cap has been reached. By controlling for ICO characteristics, Lee et al. 

(2019) finds that favorable analyst ratings positively influence ICO fundraising success, 
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while also being a significant predictor of long-run ICO performance. In addition, successful 

pre-sales are found to boost ICO success likelihood since successful pre-sales are 

interpreted by later investors as evidence that earlier investors hold favorable information. 

On the other hand, ICOs offering large early-bird or discounts are less likely to conclude 

successfully since such sales often are perceived to be scams. Further, Le et al. (2019) find 

that ICOs which feature multi-language whitepapers or accept multiple currencies are more 

like to succeed, reflecting the global nature of ICOs. 

Table 2: Summarized overview of findings in related research on the ICO area 

References Dependent Variable Findings 

Hartmann, Wang & Lunesu 

(2018) 
N/A N/A 

Adhami, Giudici & Martinazzi 

(2018) 

ICO Success (soft cap 

reached) 

• Source code (+) 
• Pre-sale initiatives; pre-testing (+) 

Fisch (2019) 
Funds Raised 

 

• Source code (+) 
• Technical whitepaper (+) 
• Duration (-) 

Amsden & Schweizer (2018) 

ICO Success (traded after 

completion) 

 

• Insufficient whitepaper, lack of code, 
high percentage of tokens 
distributed (-) 

• Team size, CEO social media 
connections (+) 

• Increase in Ether value (-) 
• Presence of hard cap in pre-sale (+) 

Burns & Moro (2018) 

ROI (4 months) 
• Initial token price (-) 
• Team size (-) 
• ICO Twitter followers (+) 
• News articles prior to launch (-) 

First-day returns • Initial token price (-) 
• Ethereum platform (-) 

Funds Raised 
• CEO leadership experience (+) 
• Team size (+) 
• ICO Twitter followers (+) 
• Token specific news articles prior to 

ICO (+) 

Albrecht, Lutz & Neumann 

(2019) 
Funds Raised 

• Number of Twitter followers (+) 
• Higher search volume, Google trend 

(+) 
• Positive sentiment (+) 
• Increased use of emotive language 

on Twitter (+) 
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An, Duan, Hou & Xu (2019) 

Funds Raised 

• Disclosure of founding team 
information (+) 

• Advisory board (+) 
• LinkedIn Connections (+) 
• Telegram account (+) 
• Team human capital (+) 
• Management team size (+) 

Speed (ICO duration in days) 
• Disclosure of founding team 

information (-) 
• Advisory board (-) 
• Twitter account (-) 
• Team human capital (-) 

 

 

Lee, Li & Shin (2019) 

ICO Success (soft cap 

reached) 

• Analyst rating (+) 
• No. of analysts (+) 
• Successful presale (+) 
• High Discount/bonus > 20% (-) 
• Accept multiple currencies (+) 
• Multi-language whitepaper (+) 

 
Looking at the above overview, it is evident that the current academic landscape is limited 

in size, but also scattered and conflicting in its findings. Common for this emerging body of 

contemporaneous research is that the theorists primarily focus on success determinants of 

ICOs. The raison d'etre of this paper is thereby to compile existing findings with a view to 

create a well-grounded foundation for answering the research question. By combining 

significant findings from different theorists, the study constructs a holistic starting point for 

investigating the ambiguous area of ICOs. This study further justifies its existence through 

the current data sample. By including data stretching as far as the year 2020, the findings 

will be more applicable as they reflect the post-hype conditions present in the ICO market 

today. 

4. Methodology  

The methodology section begins by introducing the research design. Afterwards, the data 

collection procedure and data cleaning process is described. The descriptive statistics of the 

sample is then introduced, followed by a section describing each variable. In the subsequent 

section, the model to be estimated is outlined, and the estimation method described together 

with its underlying assumptions. Lastly, the reliability and validity of the study is assessed. 
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4.1 Research Design 

In order to investigate how early stage ventures can utilize ICOs to raise funds, a positivistic 

approach characterized has been applied to match the ambition of obtaining generalizable 

results. For this reason, the objective is to obtain data that is characterized by (1) 

representing the population, (2) being objective in nature and (3) being quantifiable (Stock 

& Watson, 2012). To accommodate these criteria, quantitative data from ICObench.com, 

which maintains the most comprehensive database on ICOs, is obtained (Lee et al., 2019). 

According to Kvale and Brinkmann (2015), a qualitative approach could alternatively be 

followed by conducting interviews, which instead would allow the study to focus on individual 

meaning-making. For example, this approach would enable a deeper understanding of the 

mindset and decision making process of investors in ICOs. While this would enrich the 

understanding related to how investors evaluate ICOs, the data would indeed suffer from 

(1) only representing a small part of the population, (2) being subjective in nature and (3) 

further prone to how the researcher interpret the interview results. These consequences are 

inarguably mitigated through the quantitative approach. Furthermore, the transparent 

quantitative approach allows for intersubjective control and a more in-depth critic of the 

findings, which stands in contrast to the subjectivity and narrow-mindedness in qualitative 

research (Kvale & Brinkmann, 2015). 

4.2 Data Collection 

The data has been collected and combined from three different data sources to provide a 

more holistic foundation. The three data sources are in the following introduced and 

visualized in Figure 2.  

The ICO sample subject to this study was constructed using the ICO listing site, 

ICObench.com, which has been deemed the top performer in this category by reputable 

community outlets based on both its features and quantity (Davis, 2018; Fintech Zoom, 

2019). In addition, ICObench.com is one of the oldest rating platforms and maintains the 

most comprehensive database on ICOs (Lee et al., 2019). As of March 19th 2020, web 

crawling helped extract data from ICOBench.com regarding ICO characteristics on 5,697 

ICOs, whereby the total amount raised during the fundraiser was available for 1,788 ICOs. 

Additionally, the richness of the ICO sample was enhanced by expanding the data set with 
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the variables (1) team size, (2) advisory board, (3) number of expert ratings, (4) soft cap, (5) 

hard cap and (6) ICO bonus through manually hand-collecting these data points on 

ICOBench.com for each ICO.  

Historical data on the price development of Bitcoin (BTC) and Ether (ETH) was retrieved 

from CryptoDataDownload.com using USD as the reference currency. The closing values 

of the two cryptocurrencies were obtained matching the period for the entire sample. 

Following, an average of the BTCUSD and ETHUSD prices was calculated between the 

start and end date of each ICO.  

The search data used to reflect the public interest in the phenomenon has been retrieved 

using the Google Trends tool. The output from the tool, i.e. an index between 0-100, analyze 

the number of searches for terms entered, relative to the total quantity of searches done on 

Google during the same specified time period (Rouse, 2013). The search terms subject to 

this study include the abbreviation “ICO” both in plural and singular form, as well as the full 

term “Initial coin offering” both in plural and singular form. An average index score for all 

terms was calculated to create a variable reflecting the general search interest across the 

specified terms. Similar to the cryptocurrency variables, an average index score between 

the start and end date of each ICO was then calculated. 

Figure 2: Overview of data sources 

 

4.3 Data Cleaning 

In order to ensure high-quality data, the data cleaning process has been thoroughly 

performed.  The data set of 1,788 ICOs was far from complete, as invalid and missing values 
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were present. As stated by Lee et al. (2019), it is practically infeasible to determine whether 

an ICO is successful if the ICO is still ongoing or has not yet started. Therefore, we have 

excluded ICO sales that were still ongoing or had not yet started as of March 19th 2020. In 

addition, token sales characterized as IEOs (being present on IEO listening site) were 

removed from the data sample as well. Following these procedures, ICOs with missing or 

invalid values on (1) duration and dates, (2) benchy and expert ratings, (3) information on 

currency acceptance, (4) initial token price, and (5) percentage of tokens distributed were 

removed. The ICOs with missing or invalid data has been manually looked up on 

ICObench.com to attempt to fill out these data points to ensure sample completeness.  

Following the initial data cleaning process, data on additional metrics was hand-collected 

through looking up each ICO manually on ICObench.com, as mentioned in Section 4.2. 

Through this process, the richness of the ICO data was further enhanced by manually cross-

checking the values collected through the web crawling on each ICO. In case of 

inconsistencies between data entries on ICObench.com and those collected through web 

crawling, the data point was adjusted to match the data available on ICObench.com. In 

addition, the data was checked for duplicates. After performing these procedures, the 

sample size was reduced to 779 quality entries. 

Lastly, the sample was inspected for potentially fraudulent ICOs. If an ICO was identified as 

a potential fraud, then the ICO has been excluded from the data set. During this process, 

the genuineness of the ICOs were assessed based on two parameters: (1) expert ratings, 

seeing that these in some cases comment on the authenticity of the ICO and (2) possible 

warnings from the ICObench.com, visible on the individual ICO fundraiser page, as 

exemplified in Appendix 2. If one of these indications of potential fraud was present, a more 

in-depth evaluation of the ICO was performed to ensure sample completeness. As a result, 

a total of 64 ICOs were excluded. 

In this way, the final number of entries ended up at 715 completed ICOs. Although the 

reduction from the cleaning process was substantial, the sample can be described as very 

comprehensive given the limited availability of data on ICOs. Thereby, the final data sample 
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includes 715 completed ICOs conducted in the period between July 31st 2017 to March 8th 

2020.2 

4.4 Descriptive Statistics 

The sample of 715 completed ICOs is of global nature and the country dispersion is 

summarized in Table 3. From Table 3, Singapore is the most prominent country since 

11.89% of the ICOs in the sample originate from there. Following Singapore, the USA ranks 

second since 9.65% of the ICOs in the sample originate from there. However, the total 

capital accumulation from ICOs with origin in the USA is larger than in Singapore, making 

the USA the country in the sample from where the most capital is raised, accounting for 

18.22% of the total capital raised. 

Table 3: Country dispersion of ICOs in the sample 

 

Furthermore, data on premium listing was collected through the web crawling process as 

well. Premium listing is a paid service that provides additional promotion and is specific to 

ICObench.com. In fact, projects purchasing this service are promised an increase in visibility 

of up to 10 times giving a competitive edge over competing projects (ICObench Services 

 
2 All data is provided in Appendix 11 

Country No. Percent Capital Percent
Singapore 85 11.89% 1,009.55 13.91%
USA 69 9.65% 1,322.30 18.22%
Estonia 64 8.95% 541.71 7.46%
UK 63 8.81% 548.76 7.56%
Switzerland 51 7.13% 742.31 10.23%
Russia 43 6.01% 202.03 2.78%
Cayman Islands 22 3.08% 187.41 2.58%
Hong Kong 21 2.94% 240.72 3.32%
Australia 17 2.38% 120.26 1.66%
France 16 2.24% 143.09 1.97%
Gibraltar 16 2.24% 263.74 3.63%
Germany 15 2.10% 130.23 1.79%
Other 233 32.59% 1,806.58 24.89%
Total 715 100.00% 7,258.68 100.00%
Note: Capital is denoted in USD million.
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Premium Listing, 2020). While this variable is of considerable interest, it was essentially 

excluded given none of the 715 ICOs in the sample where premium listings. Moreover, as 

mentioned in Section 2.3, three token types exist. Although it would be interesting to 

distinguish between these token types, such a distinction was not feasible given 98.60% of 

the ICOs in the sample are utility tokens, as evident from Table 4. This is not surprising since 

utility tokens account for almost 90% of the total ICO market (Walter, 2018). Nonetheless, 

in the sample of 715 completed ICOs, the ICOs are analyzed irrespectively of the country of 

origin and token type. 

Table 4: Token type distribution in the sample 

 

As suggested by Wooldridge (2016), the data was inspected for missing values, 

misclassifications, and consistent measurement methods as a part of the data preparation 

process. In this connection, it is particularly helpful to consider the number of observations, 

standard deviations, means, minimums, and maximums of all the variables. For variables 

with a pre-defined range, this is fairly easily performed, and the summary statistics in Table 

5 confirm that no missing values or misclassifications are present. For the variable without 

a pre-defined range, the assessment is more complicated. While there are no indications of 

missing values or misclassifications, the summary statistics suggest that outliers might be 

present. Therefore, boxplots are constructed of the variables without a pre-defined range in 

Appendix 3 where the presence of extreme observations is confirmed. However, these 

observations are initially kept in the sample given it is reasonable to argue that they are 

representing the true population of ICOs. In fact, these considerable deviations between 

ICOs are expected. Moreover, similar margins are found in previous research and kept in 

the sample, which further justify the inclusion of these observations (An et al., 2019). 

Nevertheless, the implications of extreme observations will be discussed in detail under 

Section 4.5 and Section 5.1.3. Also, in the sample of 715 ICOs, the amount raised ranges 

from 189 USD to 257,000,000 USD, and therefore the natural logarithm has been used to 

make this variable more linear in nature, denoted log(amount raised) (Stock & Watson, 

Token type No. Percent
Utility 705 98.60%
Coins 10 1.40%
Security 0 0.00%
Total 715 100.00%
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2012). The same reasoning is applied to the Bitcoin and Ether prices in USD, denoted 

log(BTCUSD) and log(ETHUSD) respectively.  

Table 5: Sample summary statistics 

 

4.5 Variable description 

The variables obtained through the data collection process are in the following defined. 

Specifically, the variables are classified into separate categories, and these are introduced 

in turn. The definition of each variable is summarized in Table 6.  

4.5.1 Dependent variable 

log(amount raised) 

The amount raised indicates the natural logarithm of the total funds raised (in USD) in the 

respective ICOs. Looking at related research on the area in Table 2, this choice is a common 

measure for success in ICO fundraising. Alternatively, the binary option of whether the soft 

Variable N Mean St. Dev. Min Pctl(25) Pctl(75) Max
log(amount raised) 715 15.194 1.637 5.242 14.221 16.397 19.365
Whitepaper 715 0.989 0.105 0.000 1.000 1.000 1.000
Source code 715 0.731 0.444 0.000 0.000 1.000 1.000
MVP/Prototype 715 0.073 0.260 0.000 0.000 0.000 1.000
# Team size 715 10.820 5.949 1.000 7.000 13.000 48.000
Advisors 715 0.945 0.362 0.000 1.000 1.000 1.000
Pre-ICO 715 0.592 0.492 0.000 0.000 1.000 1.000
ICO bonus 715 0.485 0.500 0.000 0.000 1.000 1.000
Initial token price 715 1.161 10.377 0.0001 0.043 0.495 230.770
% tokens distributed 715 0.546 0.196 0.015 0.400 0.700 1.000
Hard cap 715 0.915 0.280 0.000 1.000 1.000 1.000
Soft cap 715 0.666 0.472 0.000 0.000 1.000 1.000
# Cryptocurrencies accepted 715 2.171 1.626 1.000 1.000 3.000 11.000
FIAT acceptance 715 0.178 0.382 0.000 0.000 0.000 1.000
KYC 715 0.578 0.494 0.000 0.000 1.000 1.000
Whitelist 715 0.359 0.480 0.000 0.000 1.000 1.000
Benchy rating 715 3.455 0.565 2.000 3.000 3.900 5.000
Expert rating (team) 715 3.872 0.842 1.000 3.500 4.400 5.000
Expert rating (vision) 715 3.857 0.812 1.000 3.500 4.400 5.000
Expert rating (product) 715 3.600 0.828 1.000 3.100 4.100 5.000
# Expert ratings 715 9.264 10.996 1.000 2.000 12.000 96.000
log(BTCUSD) 715 8.940 0.333 8.140 8.776 9.148 9.729
log(ETHUSD) 715 5.984 0.618 4.585 5.425 6.466 7.149
# Duration 715 58.246 56.216 0.000 28.000 77.000 562.000
Google search score 715 24.013 9.227 10.250 17.127 28.983 63.750
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cap was reached could be used. However, since the soft cap (if present) essentially is set 

by the ICO team themselves, this measure is prone to a high degree of subjectivity. Hence, 

given the subjectivity by setting a soft cap, the results could potentially be disrupted by 

unrealistic soft cap values. Moreover, since only 476 ICOs in the sample have a soft cap, 

the sample size would further be considerably reduced. Therefore, in order to investigate 

how early stage ventures can utilize ICOs to raise external capital, the focus is on how to 

optimize the amount of capital raised through an ICO. 

As discussed in Section 4.4, the amount raised ranges from 189 USD to 257,000,000 USD 

and therefore the natural logarithm is used to make the variable appear linear in nature 

(Stock & Watson, 2012). By inspecting Figure 3, the argument for taking the natural 

logarithm of amount raised is re-confirmed since the histogram of log(amout raised) is 

considerably more linear when compared to amount raised, although being negatively 

skewed.  

Figure 3: Histogram of amount raised and log(amount raised) 

 

4.5.2 Capability signaling variables 

ICOs are often characterized as being highly technological due to their advanced blockchain 

technology-based infrastructure. One could argue that potential investors must be 

knowledgeable and tech-savvy to fully understand the concept and documentation. In high-

tech contexts, signaling of capabilities is of particularly great importance for the firms’ 

success and survival (Baum & Silverman, 2004). 



Page 37 of 92 
 

As touched upon in Section 2.5.3, the ICO market is characterized by a high degree of 

information asymmetry. Previous research in entrepreneurial finance, have focused on how 

signaling information about venture projects can reduce information asymmetry to attract 

funding (Ahlers, Cumming, Guenther & Schweizer, 2015). The following variables in this 

section essentially communicate the capabilities of the ICO. 

Whitepaper 

As mentioned in the Section 2.5.3, ICOs seek to overcome information asymmetry by 

sharing a whitepaper with the potential investors. Due to the lack of a common standard or 

consistent format for whitepapers, it can be a challenge for investors to compare and 

benchmark different projects (Amsden & Schweizer, 2018). Hence, the whitepapers can 

vary in size, content and quality. Still, in general, whitepapers would often contain 

development roadmaps, as well as descriptions of the team backing the technology. The 

document explains whether founders and developers will receive tokens as part of the sale 

and other terms and conditions of the sale (Rohr & Wright, 2019). 

Being aware of the possible variation in quality of the whitepapers, the authors still treat the 

variable whitepaper as binary, i.e. whether a whitepaper is present or not. One could argue 

that validity would be heightened by taking the quality of the whitepapers into consideration, 

however, this has been made impossible due to many the latter no longer present on the 

Internet. Earlier research has suggested a positive correlation between a whitepaper being 

present and ICO success, as evident in Table 2. 

Source code 

As suggested in Section 2.5.3, the disclosure of programming code can be used to 

overcome the information asymmetry characterized in ICOs. Giving open access to parts of 

the code allows investors to pre-assess the technical value of the proposed idea and actual 

state of the project. Fisch (2019) argue that source code could be an important signal of the 

venture’s technological capabilities.  

This variable explains whether the individual ICO has provided complete or sets of 

programming code through repositories on GitHub, i.e. the world’s leading software 

development platform (GitHub, 2020). In this study, source code is measured as a binary 

variable that equals 1 if the ICO has provided a source code. The authors acknowledge that 
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the source codes can vary in quality, and validity could be heightened by including the quality 

as a measure. Still, this was deemed unfeasible seeing that source codes could have 

changed several times since the token sale. By inspecting the summary statistics in Table 

5, it is made clear that 73.1% of the ICOs in the sample provide some programming code 

through GitHub. By considering Table 2, it is described that similar research on the area 

propose a positive correlation between the provision of source code and ICO success. 

MVP/Prototype 

This variable describes whether the ICO project has presented the stakeholders with an 

MVP (Most Viable Product) and/or prototype, displaying the basic functionalities and 

features of the idea. The summary statistics in Table 5 indicate that 7.31% of the ICOs in 

the sample have provided an MVP and/or prototype. Although this might seem low, it 

intuitively makes sense given ICOs typically are at an early development stage having 

limited conditions for producing a prototype, as evident in Table 1. Still, it is interesting to 

investigate whether the display of a tangible prototype contributes to the success of the ICO. 

One could argue that the provision of an actual interface or piece of finished program could 

help the understanding and evaluation of potential.  

# Team size 

This variable # team size concerns the number of members on the ICO team. Similar 

research from Table 2 imply that the size of the team serves as a positive signal and thereby 

contributes significantly to the total amount of funds raised (Amsden & Schweizer, 2018; 

Burns & Moro, 2018). Hence, it is believed that a large number of members may improve 

the credibility of the team. By inspecting the scatterplot of log(amount raised) vs. # team size 

in Figure 4, the positive relationship between the two variables is reinforced. Not surprisingly, 

the correlation between log(amount raised) and # team size is 0.171. Moreover, # team size 

seems to be positively skewed by inspecting the histogram in Figure 4. 
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Figure 4: Scatterplot and histogram related to # team size 

 

Advisors 

The advisors variable looks into whether the ICO has an advisory board connected to the 

team. From the summary statistics in Table 5, 94.5% of the ICOs have an advisory board. 

An et al. (2019) found the presence of an advisory function being an important factor in 

shaping the project’s access to external finance. Hence, projects displaying the inclusion of 

an advisory board should collect larger portions of external funding. 

4.5.3 Token sale initiatives variables 

This categorization encompasses the promotional efforts ICO initiators can use to try boost 

sales and/or create awareness about their project. 

Pre-ICO 

Prior to the actual token sale, some ICO projects choose to have a pre-sale - often with a 

lower fundraising goal and token price. A pre-ICO can be used to raise funds to cover the 

cost of the actual ICO, but it can also serve a testing purpose. Through the experience with 

the pre-ICO the team can elicit information from investors and in this way increase the 

effectiveness of the actual ICO (Momtaz, 2018).  

Similar research on the area from Table 2 suggest a significant, positive correlation between 

pre-sale initiatives and ICO success. For this reason, it would be interesting to measure 

whether projects making use of a pre-ICOs are likely to raise higher amounts of funding. 

The authors of this study use pre-ICO as a binary variable measuring whether a pre-sale 

has taken place. By inspecting the summary statistics in Table 5, 59.2% of the ICOs in the 

sample have a pre-sale. 
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ICO bonus 

Bonuses are marketing tools that ICOs can use to attract early investors by offering deals 

and discounts. Often these are seen as “early-bird offers” but can vary a lot in composition. 

Superficially, one would think that these efforts should result in an increase in the amount 

raised. However, counterintuitively similar research on the area suggests that ICOs offering 

high bonuses (using 20% as threshold) are less likely to be successful (Lee et al., 2019). It 

is suggested that extensive discounts can create reluctance among investors, seeing that 

too generous bonuses could be perceived as potential scams. 

The authors of this study use ICO bonus as a binary variable simply measuring whether a 

bonus is in place. As evident from the summary statistics in Table 5, 48.5% of the ICOs in 

the sample offer a bonus. Acknowledging of the fact that the bonus content and structure 

might be more interesting than its mere existence, the authors argue that a more granular 

measurement is impeded by the ICOs’ relatively complex bonus structures, with amount and 

time-varying features. 

4.5.4 Financial details 

This categorization encompasses the various financial metrics ICOs set in connection with 

the token sale.  

Initial token price 

The initial token price can be defined as the fixed unit price at which the tokens are offered 

during the token sale. One could argue that price could be a significant in determining the 

success of the ICO, seeing that it could both work as a positive quality signal (high price) 

and a thrifty incentive (low price). Similar research from Table 2 proposes a negative 

correlation between token price and the 4 months ROI from the investor-side (Burns & Moro, 

2018). The idea of low-priced tokens preforming better on exchange markets is in line with 

previous research suggesting that a lower price during the ICO serves as a positive signal 

for investors and creates an expectation from the investors that the token price will increase 

over time (Benedetti & Kostotevsky, 2018). 

Considering the above, it would be relevant to investigate whether this variable also has a 

significant impact on the funds raised. The variable initial token price is measured in USD, 
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and as evident from the summary statistics in Table 5, the initial token price is in 75% of the 

sample below 0.495 USD. However, the maximum initial token price included in the sample 

is 230.770 USD and therefore the mean and standard deviation increases considerably. 

This presence of a few extreme observations is further clarified by inspecting the scatterplot 

and boxplot of initial token price in Figure 5. 

Figure 5: Scatterplot and boxplot related to  initial token price 

 

% tokens distributed 

When evaluating the ICO, investors may be concerned with the percentage number of 

tokens offered for sale to the public. One could argue that the percentage the team choose 

to keep for themselves reflect the confidence they have in the project. One could argue that 

a higher percentual token offering should results in more funds raised. However, similar 

research on the area from Table 2 found that the higher percentage of tokens distributed, 

the less chance of success for the ICO (Amsden & Schweizer, 2018). In addition to this, the 

former argue that a high amount of tokens distributed reduces alignment between the 

entrepreneurs and investors while signaling uncertainty about the future success of the 

project. 

In this study, the variable % tokens distributed is denoted in decimal numbers, hence 0.1 

implies that tokens distributed is 10%. By inspecting the scatterplot of log(amount raised) 

vs. % tokens distributed in Figure 6, the relationship between the two variables seems to be 

rather arbitrary, although one could argue there is a marginally negative correlation. In fact, 

the correlation between the two variables is found to be -0.156 which support this 
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relationship. Moreover, it should be noted that % tokens distributed appear normal 

distributed when inspecting the histogram in Figure 6, which is further confirmed by the 

summary statistics in Table 5. 

Figure 6: Scatterplot and boxplot related to % tokens distributed 

 

Hard cap 

The hard cap can be related to a fundraising goal and is the absolute upper limit an ICO 

team will take in. The positive of a capped ICO is that the issuer controls the maximum 

amount taken in and thereby controls the minimum value of the token. However, many of 

the historically largest ICOs were uncapped, seeing that the open goal approach make way 

for giving the team as many funds possible to work with (Soft Caps vs. Hard Caps, 2020). 

Table 2 displays that Amsden and Schweizer (2018) suggest that the presence of a hard 

cap in pre-sales contributes positively to the ICO success. This is yet to be verified in an 

actual ICO setting, and for this reason this variable is particularly interesting for this research. 

The aim is to investigate whether having a pre-determined goal works as a positive or 

negative signal to the investors. We measure hard cap as a binary variable that equals 1 if 

the ICO has a hard cap. The summary statistics in Table 5 indicates that 91.5% of the ICOs 

in the sample have a hard cap which suggests that the presence of a hard cap has become 

a common standard. 
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Soft cap 

Similar to the above hard cap, a soft cap is also a fundraising goal. The soft cap is the lower 

limit of funding that the ICO initiators expect to get out of the token sale. One could argue 

that this serve as a protection mechanism for the investors as it offers a form of security. 

Comparable to the all-or-nothing mechanism known from traditional crowdfunding 

(Cumming, Gaël & Schwienbacher, 2015), all contributions will in most cases be returned to 

the investors if sufficient funds are not raised. For this reason, the presence of a soft cap 

should, all other things equal, reduce the risk and thereby uncertainty among the investors. 

Hence, a positive correlation between this variable and the funds raised could be expected. 

However, existing literature on the area from Table 2 have failed to detect this relationship. 

We measure soft cap as a binary variable that equals 1 if the ICO has a soft cap. The 

summary statistics in Table 5 indicates that 66.6% of the ICOs in the sample have a soft 

cap, while the correlation between soft cap and log(amount raised) is -0.103 indicating a 

negative relationship. 

# Cryptocurrencies accepted 

The variable # cryptocurrencies accepted counts how many different cryptocurrencies the 

ICO accepts as payment in its token sale. A similar study from Table 2 suggests that ICOs 

that accept multiple currencies are likely to raise more funds (Lee et al., 2019). In the 

aforementioned study, this variable was treated as binary, i.e. simply whether the ICO 

accepts more than one currency. However, the authors of this study use the variable as a 

discrete variable in order to measure if the raised funds increase with every expansion to 

the set of currencies, i.e. the more the merrier. The preliminary assumption is that an 

expanded set of currencies would, all other things equal, ease the transaction. The 

correlation between # cryptocurrencies accepted and log(amount raised) is -0.029 indicating 

a negative relationship. Moreover, the summary statistics in Table 5 shows that 75% of the 

ICOs accept 3 or less different cryptocurrencies, while the maximum value is found to be 

the acceptance of 11 different cryptocurrencies. Hence, the distribution of # cryptocurrencies 

accepted seems to be rather positively skewed with a few extreme values, which is verified 

by inspecting Figure 7.  
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Figure 7: Scatterplot, boxplot and histogram related to # cryptocurrencies accepted 

 

Fiat acceptance 

As suggested in Section 2.3, ICOs can choose to accept fiat money as part of the token 

sale. This variable shows whether the ICO accepts legal tender as payment, irrespectively 

of the origin of the currency. It is interesting to see if this has an effect on the amount of 

funds raised. One could argue that the acceptance of fiat money to a higher extend enables 

less technical investors outside the blockchain community to participate, as no crypto-wallet 

(equivalent of a bank account, where cryptocurrencies are stored) is required for buying 

tokens from these ICOs. For this reason, it is interesting to investigate if this broadening of 

the target group affects the funds raised. We measure the variable FIAT acceptance as a 

binary variable that equals 1 if the ICO is accepting any fiat. In the sample of 715 completed 

ICOs, the summary statistics in Table 5 indicate that 17.8% accept legal tender as payment. 

Furthermore, the correlation between fiat acceptance and log(amount raised) is 0.073 

indicating that ICOs accepting any fiat currency benefit from this by raising more capital. 

4.5.5 Trust mechanisms 

The following variables relate to the mechanisms used to establish trust between the capital 

seekers and capital giver in the context of ICOs. 

KYC (Know Your Customer) 

Since the rise of the Internet, the issue of establishing trust without any physical interaction 

has been present on the business agenda. Early on, Wilson (1997) emphasized the 

importance of utilizing certification authorities as a mechanism by which online entities can 

identify each other and thereby create trust in business relationships through mutual 
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recognition. Adena, Alizade, Bohner, Harke & Mesters (2017) detected a strong positive 

effect of trust certificates related to non-profit fundraising in the area of charities. 

In the scope of ICOs, KYC is a method ICO listing sites apply in order to verify the ICO team 

members (KYC – Know Your Customers, 2020). In exchange for a monetary amount, the 

ICO founders can obtain a certificate supporting their identity. This works as a security for 

investors, seeing that it prevents malicious ICOs from pretending to have recognized experts 

and competences on-board.  

Yadav (2017) discovered, through semi-structured interviews, KYC to be an important 

indicator of ICO success. Contrary, Momtaz (2018) found that ICOs which take part in the 

KYC process are likely to raise less funds. With an outset in the mixed findings on KYC, the 

authors of this study use this variable to clarify the role of the trust certificate in relation to 

ICO success. In this study, KYC is measured as a binary variable that equals 1 if the ICO 

has completed a KYC. As evident from the summary statistics in Table 5, 57.8% of the ICOs 

are KYC verified. Further, the correlation between KYC and log(amount raised) is 0.094 

which indicate that being KYC verified is positively affecting the amount raised in an ICO. 

Whitelist 

In the area of ICOs, projects can choose to offer whitelisting prior to the token sale. 

Whitelisting means that potential investors must register in advance in order to participate 

in the ICO, which often is seen in instances where the amount of tokens offered is limited. 

In this way, investors wanting to participate must provide their personal information in order 

to be verified and whitelisted (Taçoğlu, 2020). 

Despite being inconsistent with formal economic theory, psychological theorists have for 

decades recognized that the concept of scarcity can enhance desirability. People often 

desire scarce products over freely available ones because the former are believed to be of 

higher quality and better investments (Lynn, 1992). In continuation, scarcity can be caused 

by either limited supply or high demand – varying in effectiveness depending of the nature 

of the product (Gierl & Huetll, 2010). 

Transferred to the scope of ICOs, it would be relevant to investigate how the presence of a 

whitelist procedure contributes to the success of an ICO. On one hand, the secluded aspect 
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of whitelisting could make the project seem more attractive to investors. On the other hand, 

one could argue that requirements for participation could restrict the amount of funds. In this 

study, whitelist is measured as a binary variable that equals 1 if the ICO has a whitelist 

procedure. From the summary statistics in Table 5, it is made clear, that 35.9% of the ICOs 

in the sample have a whitelist procedure in place.  

4.5.6 Control variables from the external environment 

Common for the control variables in this research is that they are created and set by the 

external environment. Therefore, the ICO team have little or no possibility to influence 

course of the following variables. 

Benchy rating 

Benchy is an internal automated rating system incorporated on the ICO listing platform from 

which the data was scraped, i.e. ICObench.com. An assessment algorithm uses more than 

20 criteria to evaluate the ICO across four evaluation groups, (1) team, (2) ICO information, 

(3) product representation and (4) marketing and social media. All ICOs are rated with a 

scale from 1 to 5 (Rating Methodology, 2020). 

It is interesting to see if the variable benchy rating has an impact on the decision making of 

the investors, subsequently influencing the total amount of funds raised. As evident from the 

summary statistics in Table 5, the average benchy rating is 3.455. The variable is further 

normal distributed, which is shown by inspecting the boxplot and histogram of benchy rating 

in Figure 8.  

Figure 8: Boxplot and histogram related to benchy rating 
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Expert rating (team, vision and product) 

Expert rating is a community driven rating system, where experts (approved by the 

ICObench site) independently assign an 1-5 rating to the ICO project based on three 

parameters, i.e. team, vision and product. Each expert’s rating is weighted in regard to his 

or her expertise, years of experience in the field, and possible available publications (Rating 

Methodology, 2020). As shown in Table 2, Lee et al. (2019) found that favorable ratings on 

the underlying ICO project from a crowd of online experts are associated with an increase 

in the probability of success. 

This research would like to expand the above finding using log(amount raised) as the 

dependent variable. Additionally, the three scoring parameters are kept separate in order to 

detect a potential significance for each of the them. Hence, the three variables separate 

variables expert rating (team), expert rating (vision) and expert rating (product) are used to 

measure the ratings obtained from experts. From the summary statistics in Table 5, the 

average expert rating ranges from 3.600 to 3.872. Furthermore, by inspecting the 

scatterplots and histograms in Figure 9, all three variables are negatively skewed, and 

exhibit a somewhat positive relationship with log(amount raised), although this relationship 

is not particularly clear. This indication of a positive relationship between the variables expert 

rating (team), expert rating (vision) and expert rating (product) to log(amount raised) is 

confirmed by the positive correlation which is found to be 0.195, 0.146 and 0.152, 

respectively. 

Figure 9: Scatterplot and histogram related to expert rating (team, vision and product) 
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# Expert ratings 

Independently of the rating score, the mere existence of the expert rating could serve as an 

indication of relevance. One could argue that by being selected by the analyst for reviewing, 

the ICO project is deemed interesting for investors. Similar research from Table 2 found that 

diverse opinions of multiple online analysts can produce an aggregate signal that reflects 

the quality of the startup, increasing the chance of success in the ICO (Lee et al., 2019). 

This study will control for this variable, # expert ratings, seeing that the ICO team should not 

have any direct influence on whether analysts choose to rate its venture. As evident from 

the summary statistics in Table 5, # expert ratings ranges from 1 to 96. In fact, given 75% 

of the ICOs in the sample have received 12 or below ratings from experts, the maximum 

value of 96 indicate that a few extreme observations might be present. Nevertheless, the 

correlation between # expert ratings and log(amount raised) is positive at 0.158, suggesting 

a positive relationship between the variables.  

log(BTCUSD) and log(ETHUSD) 

These variables concern the average Bitcoin and Ether prices in USD during the duration of 

the individual ICO. As touched upon in Section 4.4, the natural logarithm of the closing 

values in USD were obtained for each day between the start and end date of the token sale, 

and an average for the entire period was calculated. Hence, the variables are referred to as 

log(BTCUSD) and log(ETHUSD). Similar research from Table 2 found that higher values for 

Ether decrease the likelihood of success in an ICO, suggesting that when the price for Ether 

is high, it might be more appealing for potential investors to invest or keep being invested in 

the cryptocurrency (Amsden & Schweizer, 2018). 

This study will investigate the relationship between the two most popular cryptocurrencies 

and log(amount raised). Thereby, the objective is to find whether fluctuations in the 

cryptocurrencies influence the incitement for investors to put money into ICOs. From the 

summary statistics in Table 5, the cryptocurrency variables appear to be normally 

distributed. By inspecting Figure 10, however, only log(BTCUSD) appear to be normally 

distributed, while log(ETHUSD) seems somewhat negatively skewed. Moreover, both 

cryptocurrencies are positively correlated with log(amount raised) at 0.110 for log(BTCUSD) 
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and 0.236 for log(ETHUSD). However, by inspecting the scatterplots in Figure 10, the 

relationship between the variables seems somewhat arbitrary.   

Figure 10: Scatterplot and histogram related to cryptocurrencies 

 

# Duration 

The duration variable counts the number of days between the start date and end date of the 

ICO. Even though that ICO projects freely can decide how long the token sale should last, 

the variable is treated as ‘external’. From a logical standpoint, longer campaigns have the 

potential to collect higher amounts of funding simply due to their extended duration. 

However, Fisch (2018) highlights that findings can be distorted to show a negative 

correlation between duration and funds raised, seeing that the most hyped ICOs reach their 

funding goal within hours (if a hard cap is present). Hence, the authors control for the 

duration variable, primarily to rule out any confounding influence on the amount raised. 

Essentially, the # duration variable is the total number of days the token sale was active. As 

evident from the summary statistics in Table 5, the standard deviation is considerably high 

indicating the presence of extreme observations. By inspecting the difference between the 

75th percentile, 77 days, and the maximum observations, 562 days, the large margin is 

confirmed. When considering the scatterplot and boxplot in Figure 11, the dispersion of 

observations is re-confirmed, and from the scatterplot it seems like most ICOs are conducted 

within 100 days. Further, the boxplot indicates that a few extreme observations are present.  
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Figure 11: Scatterplot and histogram related to # duration 

 

Google search score 

Prior research has used online search trends as an indicator of public interest in specific 

companies or stocks, as a baseline for developing trading strategies (Preis, Moat & Stanley, 

2013). Transferred to an ICO context, it would be interesting to measure whether the public 

interest in the phenomenon can be detected in the investment levels. Similar research from 

Table 2 has detected a positive link between Google search trends and the overall volume 

of funding raised (Albrecht et al., 2019).  

In this study, the variable Google search score is obtained by retrieving data from the Google 

Trends tool on the abbreviation “ICO” both in plural and singular form, as well as the full 

term “Initial coin offering” both in plural and singular form. Google trend data operate with a 

scoring index between 0-100 based on search activity on a weekly basis (Rouse, 2013). An 

aggregated average for the four search words has been calculated for each week and 

matched with the duration of the ICOs. In this way, it will be possible to investigate whether 

the overall average search score, i.e. the public interest, for the period of the token sale has 

had an effect on the total amount raised. From Figure 12, the variable Google search score 

seems positively correlated with log(amount raised) which is confirmed by looking at the 

correlation between the two variables which is 0.278. Furthermore, by inspecting the 

histogram of Google search score the variable appear to be positively skewed. 
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Figure 12: Scatterplot and histogram related to Google search score 

 

 

The below Table 6 provides an overview of the definitions of the individual variables across 

the five categories.  

Table 6: Overview of variables 

 

Variable name Description

Dependent variable
log(amount raised) Natural logarithm of amount raised in the ICO in USD.

Capability signaling

Whitepaper Binary variable that equals 1 if the ICO has shared a whitepaper, and 0 otherwise.

Source code Binary variable that equals 1 if the ICO has shared partial or full pieces of code in its GitHub repository, and 0 otherwise.

MVP/Prototype Binary variable that equals 1 if the ICO has displayed a most viable product or a prototype, and 0 otherwise.

# Team size A count of members on the ICO team.

Advisors Binary variable that equals 1 if the ICO has an advisory board connected to the project, and 0 otherwise.

Token sale initiatives

Pre-ICO Binary variable that equals 1 if the ICO had a pre-ICO, and 0 otherwise.

ICO bonus Binary variable that equals 1 if the ICO offers a bonus scheme for investors, and 0 otherwise.

Financial details

Initial token price The price per token in USD.

% tokens distributed The percentage of tokens offered for sale.

Hard cap Binary variable that equals 1 if the ICO has a hardcap, and 0 otherwise.

Soft cap Binary variable that equals 1 if the ICO has a softcap, and 0 otherwise.

# Cryptocurrencies accepted The number of cryptocurrencies accepted in the ICO.

FIAT acceptance Binary variable that equals 1 if the ICO is accepting any FIAT, and 0 otherwise.

Trust mechanisms

KYC Binary variable that equals 1 if the ICO has completed a Know-Your-Customer verification, and 0 otherwise.

Whitelist Binary variable that equals 1 if the ICO has a whitelist procedure, and 0 otherwise.

Control variables

Benchy rating The rating score from ICOBench’s internal automated rating system.

Expert rating (team) The average expert analyst rating related to the team parameter.

Expert rating (vision) The average expert analyst rating related to the product parameter.

Expert rating (product) The average expert analyst rating related to the product parameter.

# Expert ratings The number of experts who have rated the ICO.

log(BTCUSD) Natural logarithm of the average Bitcoin price (in USD) during the ICO period.

log(ETHUSD) Natural logarithm of the average Ether price (in USD) during the ICO period.

# Duration The number of days the token sale was active.

Google search score A search score between 0-100 from Google Trends reflecting the public search interest in ICOs.
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4.6 The multiple regression model 

In order to estimate the model with log(amount raised) as the dependent variable, 𝑌𝑖,  the 

multiple regression model will be used. The motivation for using the multiple regression 

model is twofold. Firstly, multiple regression analysis is the most widely used vehicle for 

empirical analysis in economics and other social sciences (Wooldridge, 2016). Therefore, 

using this model means that we are “speaking the same language” as other 

econometricians. Secondly, multiple regression analysis enable ceteris paribus analysis 

because it allows to explicitly control for several factors which simultaneously affect the 

dependent variable. Thus, the motivation is to build a better model by incorporating multiple 

factors useful in explaining more of the variation in the total amount raised in an ICO. Since 

the multiple regression model accommodates many independent variables that may be 

correlated, the model strives to infer causation in cases where simple regression analysis 

would be misleading (Wooldridge, 2016).  However, this also sheds light on a limitation of 

the multiple regression model, seeing that correlation between two variables does not 

necessarily imply causation. In fact, determining causation can be troublesome. 

Nevertheless, by estimating the model with multiple variables selected on an informative 

and profound basis combined with quality data, the objective is to mitigate this limitation 

(Stock & Watson, 2012). 

The general linear multiple regression model with 𝑘 independent variables, 𝑋1𝑖, 𝑋2𝑖, … , 𝑋𝑘𝑖, is 

given by the function (Stock & Watson, 2012): 

𝑌𝑖 =  𝛽0 + 𝛽1𝑋1𝑖 + 𝛽2𝑋2𝑖 + ⋯ + 𝛽𝑘𝑋𝑘𝑖 + 𝑢𝑖, 𝑖 = 1, … , 𝑛, [1] 

where 𝛽0 is the intercept, 𝛽1 is the parameter associated with 𝑋1, 𝛽2 is the parameter 

associated with 𝑋2, and so on. The variable 𝑢𝑖 is the error term which contains factors other 

than 𝑋1𝑖, 𝑋2𝑖, … , 𝑋𝑘𝑖 that affect 𝑌𝑖. In fact, no matter how many explanatory variables we 

include, there will always be factors we cannot include, and these are collectively contained 

in 𝑢𝑖. Lastly, the subscript 𝑖 indicates the 𝑖𝑡ℎ of the 𝑛 observations in the sample (Wooldridge, 

2016; Stock & Watson, 2012). Therefore, the model we will estimate is denoted as: 
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𝑙𝑜𝑔(𝑎𝑚𝑜𝑢𝑛𝑡 𝑟𝑎𝑖𝑠𝑒𝑑)𝑖 =  𝛽0 + 𝛽1𝑤ℎ𝑖𝑡𝑒𝑝𝑎𝑝𝑒𝑟 + 𝛽2𝑠𝑜𝑢𝑟𝑐𝑒 𝑐𝑜𝑑𝑒 + 𝛽2𝑚𝑣𝑝_𝑝𝑟𝑜𝑡𝑜𝑡𝑦𝑝𝑒 +
𝛽4𝑡𝑒𝑎𝑚 𝑠𝑖𝑧𝑒 + 𝛽5𝑎𝑑𝑣𝑖𝑠𝑜𝑟𝑠 + 𝛽6𝑝𝑟𝑒_𝑖𝑐𝑜 + 𝛽7𝑏𝑜𝑛𝑢𝑠 + 𝛽8𝑡𝑜𝑘𝑒𝑛 𝑝𝑟𝑖𝑐𝑒 + 𝛽9𝑡𝑜𝑘𝑒𝑛𝑠 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑒𝑑 +

𝛽10ℎ𝑎𝑟𝑑 𝑐𝑎𝑝 + 𝛽11𝑠𝑜𝑓𝑡 𝑐𝑎𝑝 + 𝛽12𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑟𝑦𝑝𝑡𝑜𝑠 𝑎𝑐𝑐𝑒𝑝𝑡𝑒𝑑 + 𝛽13𝑓𝑖𝑎𝑡 𝑎𝑐𝑐𝑒𝑝𝑡𝑎𝑛𝑐𝑒 + 𝛽14𝑘𝑦𝑐 +
𝛽15𝑤ℎ𝑖𝑡𝑒𝑙𝑖𝑠𝑡 + 𝛽16𝑏𝑒𝑛𝑐ℎ𝑦 𝑟𝑎𝑡𝑖𝑛𝑔 + 𝛽17𝑒𝑥𝑝𝑒𝑟𝑡 𝑟𝑎𝑡𝑖𝑛𝑔 (𝑡𝑒𝑎𝑚) + 𝛽18𝑒𝑥𝑝𝑒𝑟𝑡 𝑟𝑎𝑡𝑖𝑛𝑔 (𝑣𝑖𝑠𝑖𝑜𝑛) +

𝛽19𝑒𝑥𝑝𝑒𝑟𝑡 𝑟𝑎𝑡𝑖𝑛𝑔 (𝑝𝑟𝑜𝑑𝑢𝑐𝑡) + 𝛽20𝑛𝑢𝑚𝑏𝑒𝑟 𝑒𝑥𝑝𝑒𝑟𝑡 𝑟𝑎𝑡𝑖𝑛𝑔𝑠 + 𝛽21 𝑙𝑜𝑔(𝐵𝑇𝐶𝑈𝑆𝐷) +
𝛽22 𝑙𝑜𝑔(𝐸𝑇𝐻𝑈𝑆𝐷) + 𝛽23𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛 + 𝛽24𝑔𝑜𝑜𝑔𝑙𝑒 𝑠𝑒𝑎𝑟𝑐ℎ 𝑠𝑐𝑜𝑟𝑒 + 𝑢𝑖

[2] 

Ultimately, the multiple regression model permits estimating the effect on 𝑌𝑖 of changing one 

variable, 𝑋1𝑖, while holding the other regressors, 𝑋1𝑖, 𝑋2𝑖, … , 𝑋𝑘𝑖, constant (Stock & Watson, 

2012). Hence, the multiple regression model provides a way to isolate the effect on amount 

raised in an ICO, 𝑌𝑖, of the presence of a whitepaper, 𝑋1𝑖, while holding constant the other 

regressors, 𝑋2𝑖, 𝑋3𝑖, … , 𝑋24𝑖. Essentially, this is shown by (Stock & Watson, 2012): 

𝛽1 =
∆𝑌
∆𝑋1

, ℎ𝑜𝑙𝑑𝑖𝑛𝑔 𝑋2𝑖, … , 𝑋𝑘𝑖 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡 [3] 

However, a method for estimating the coefficients 𝛽0, 𝛽1, … , 𝛽𝑘  of the multiple regression 

model is needed. For this purpose, the method of OLS will be applied. 

4.7 The OLS estimation method 

The coefficients, 𝛽0, 𝛽1, … , 𝛽𝑘, of the outlined model in Equation 2 will be estimated using the 

method of OLS. The OLS estimators, predicted values and residuals in the multiple 

regression model is denoted as (Wooldridge, 2016):  

�̂�𝑖 =  �̂�0 + �̂�1𝑋1𝑖 + ⋯ + �̂�𝑘𝑋𝑘𝑖, 𝑖 = 1, … , 𝑛 [4] 

and the error term is defined as 

�̂�𝑖 = 𝑌𝑖 − �̂�𝑖, 𝑖 = 1, … , 𝑛 [5] 

where �̂�0, �̂�1, … , �̂�𝑘 are the OLS estimates of 𝛽0, 𝛽1, … , 𝛽𝑘, the predicted value of 𝑌𝑖 given 

𝑋1𝑖, … , 𝑋𝑘𝑖 is �̂�𝑖 and the OLS residual for the 𝑖𝑡ℎ observation is the difference between 𝑌𝑖 and 

its OLS predicted value (Stock and Watson, 2012). In order to obtain the estimates of 

𝛽0, 𝛽1, … , 𝛽𝑘, the OLS estimators �̂�0, �̂�1, … , �̂�𝑘 are chosen to minimize the sum of squared 

residuals. That is, given 𝑛 observations on 𝑌, 𝑋1𝑖, … , 𝑋𝑘𝑖, the estimates �̂�0, �̂�1, … , �̂�𝑘 are 

chosen simultaneously to make  
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∑(𝑌𝑖 − �̂�0 − �̂�1𝑋1𝑖 − ⋯ − �̂�𝑘𝑋𝑘𝑖)
2

𝑛

𝑖=1

[6] 

as small as possible (Wooldridge, 2016). In order to computed the OLS estimators that 

minimize the sum of squared residuals a trial and error approach could be imposed to 

Equation 6. However, it is far more efficient to use explicit formulas for the OLS estimators 

that are derived using multivariable calculus. Based on Wooldridge (2016), we first 

characterize the solutions �̂�0, �̂�1, … , �̂�𝑘 to the minimization problem: 

min
𝑏0,𝑏1,..,𝑏𝑘

∑(𝑌𝑖 − 𝑏0 −
𝑛

𝑖=1

𝑏1𝑋1𝑖 − ⋯ − 𝑏𝑘𝑋𝑘𝑖)2 [7] 

where 𝑏0, 𝑏1, … , 𝑏𝑘 are the dummy arguments for the optimization problem. A necessary 

condition for �̂�0, �̂�1, … , �̂�𝑘 to solve the minimization problem is that the partial derivatives of 

𝑏0, 𝑏1, … , 𝑏𝑘 with respect to each of the 𝑏𝑗 must be zero when evaluated at �̂�0, �̂�1, … , �̂�𝑘 and 

setting them equal zero. This essentially gives: 

𝜕𝒬(�̂�0, �̂�1, … , �̂�𝑘)
𝜕𝑏0

= −2 ∑(𝑌𝑖 − �̂�0 −
𝑛

𝑖=1

�̂�1𝑋1𝑖 − ⋯ − �̂�𝑘𝑋𝑘𝑖) = 0 [8] 

and 

𝜕𝒬(�̂�0, �̂�1, … , �̂�𝑘)
𝜕𝑏𝑗

= −2 ∑(𝑌𝑖 − �̂�0 −
𝑛

𝑖=1

�̂�1𝑋1𝑖 − ⋯ − �̂�𝑘𝑋𝑘𝑖)𝑋𝑗𝑖 = 0, 𝑓𝑜𝑟 𝑎𝑙𝑙 𝑗 = 1, … , 𝑘 [9] 

Hence, the OLS estimators, �̂�0, �̂�1, … , �̂�𝑘, are the values of 𝑏0, 𝑏1, … , 𝑏𝑘 for which the 

derivatives in Equations 8 and 9 equal zero. Cancelling out the -2 gives the first order 

conditions. This leads to 𝑘 + 1 linear equations in 𝑘 + 1 unknowns �̂�0, �̂�1, … , �̂�𝑘: 
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∑(𝑌𝑖 − �̂�0 −
𝑛

𝑖=1

�̂�1𝑋1𝑖 − ⋯ − �̂�𝑘𝑋𝑘𝑖) = 0

∑(𝑌𝑖 − �̂�0 −
𝑛

𝑖=1

�̂�1𝑋1𝑖 − ⋯ − �̂�𝑘𝑋𝑘𝑖)𝑋1𝑖 = 0

∑(𝑌𝑖 − �̂�0 −
𝑛

𝑖=1

�̂�1𝑋1𝑖 − ⋯ − �̂�𝑘𝑋𝑘𝑖)𝑋2𝑖 = 0

⋮

∑(𝑌𝑖 − �̂�0 −
𝑛

𝑖=1

�̂�1𝑋1𝑖 − ⋯ − �̂�𝑘𝑋𝑘𝑖)𝑋𝑘𝑖 = 0

[10] 

As evident, solving the system of equations even for moderately sized 𝑛 and 𝑘 by hand 

calculations would be tedious. Nonetheless, modern statistical software can solve these 

equations with large 𝑛 and 𝑘 very efficiently (Wooldridge, 2016). Likewise, this is the case 

with the applied statistical software, R, used in this study. Nevertheless, there is one slight 

caveat to solving Equation 10 since it must be assumed that the equations can be solved 

uniquely for the �̂�𝑗 .  In fact, the theoretical foundations of the OLS estimator relies on a set 

of assumptions to be the best linear unbiased estimators (BLUEs). Therefore, the classical 

linear model (CLM) assumptions for multiple regression analysis will in the following be 

introduced (Wooldridge, 2016). 

4.8 The least squares assumptions in the multiple regression model 

The statistical properties of the OLS estimator are in the following described. In particular, 

the six CLM assumptions for multiple regression. The CLM assumptions contain all the 

Gauss-Markov assumptions (assumption #1 to #5) plus the additional assumption of a 

normally distributed error term (assumption #6). The CLM assumptions are applied in this 

study since the OLS estimators �̂�0, �̂�1, … , �̂�𝑘 have a stronger efficiency than they would have 

under the Gauss-Markov assumptions (Wooldridge, 2016). The role of these assumptions 

is twofold. The first role is mathematical since, if these assumptions hold, then the OLS 

estimator is BLUE under the Gauss-Markov assumptions. Their second role is to organize 

the circumstances that pose difficulties for OLS regression (Stock & Watson, 2012).  
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4.8.1 Assumption #1: Zero conditional mean 

The first assumption is that the conditional distribution of 𝑢𝑖 given 𝑋1𝑖, 𝑋2𝑖, … , 𝑋𝑘𝑖 has a mean 

of zero, hence 𝐸(𝑢𝑖𝑋1𝑖, 𝑋2𝑖, … , 𝑋𝑘𝑖) = 0. Said differently, the assumption is a mathematical 

statement about the “other factors” contained in 𝑢𝑖 and asserts that these other factors are 

unrelated to 𝑋1𝑖, 𝑋2𝑖, … , 𝑋𝑘𝑖 in the sense that the mean distribution of these other factors is 

zero. Thus, the conditional mean assumption 𝐸(𝑢𝑖𝑋1𝑖, 𝑋2𝑖, … , 𝑋𝑘𝑖) = 0 implies that 𝑋𝑗𝑖 is an 

exogenous explanatory variable, hence 𝑐𝑜𝑟𝑟(𝑋𝑗𝑖, 𝑢𝑖) = 0. On the other hand, if 

𝑐𝑜𝑟𝑟(𝑋𝑗𝑖, 𝑢𝑖) ≠ 0, then the conditional mean assumption is violated and 𝑋𝑗𝑖 is said to be an 

endogenous explanatory variable causing the OLS estimator to be biased. This is the key 

assumption that makes the OLS estimators unbiased (Stock & Watson, 2012). 

One way the that the conditional mean assumption can fail is if the functional relationship 

between the explained and explanatory variables is misspecified in Equation 2. Further, 

omitting an important factor that is correlated with any of 𝑋1𝑖, 𝑋2𝑖, … , 𝑋𝑘𝑖 causes the 

assumption to fail also. Unfortunately, one can never know for sure whether 

𝐸(𝑢𝑖𝑋1𝑖, 𝑋2𝑖, … , 𝑋𝑘𝑖) = 0 hold in practice. In fact, the best way to assess whether this 

assumption hold is by utilizing expert knowledge and theory (Wooldridge, 2016). 

4.8.2 Assumption #2: Random sampling 

The second assumption is that {(𝑋1𝑖, 𝑋2𝑖, … , 𝑋𝑘𝑖, 𝑌𝑖), 𝑖 = 1, … , 𝑛} are independently and 

identically distributed (i.i.d.) random variables. This assumption is essentially a statement 

about how the sample is drawn. In fact, if the observations are drawn by simple random 

sampling, then {(𝑋1𝑖, 𝑋2𝑖, … , 𝑋𝑘𝑖, 𝑌𝑖), 𝑖 = 1, … , 𝑛} are i.i.d. (Stock & Watson, 2012). If the 

assumption is violated and the sample therefore is non-random, the consequences at worst 

will be the OLS estimators to be biased and inconsistent (Wooldridge, 2016). 

4.8.3 Assumption #3: Large Outliers Are Unlikely 

The third assumption is that large outliers are unlikely. Stated mathematically, the 

assumption is expressed by assuming that 𝑋1𝑖, 𝑋2𝑖, … , 𝑋𝑘𝑖 and 𝑌𝑖 have non-zero finite fourth 

moments: 0 < 𝐸(𝑋1𝑖
4 ) < ∞, … ,0 < 𝐸(𝑋𝑘𝑖

4 ) < ∞ and 0 < 𝐸(𝑌𝑖
4) < ∞. Hence, the dependent 

variable and regressors have finite kurtosis. Specifically, if the outlier is due to a data entry 
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error it should either be corrected or, if that is impossible, the observation should be 

excluded. Naturally, some data have a predefined finite range making it relatively easy to 

spot outliers. On the other hand, some distributions have infinite fourth movements, and the 

assumption rules out those distributions. Nevertheless, if the assumption of finite fourth 

moments holds, then it is unlikely that statistical inferences using OLS will be dominated by 

a few observations.  The opposite is the case when the assumption is violated (Stock & 

Watson, 2012).  

One way to detect outliers is to inspect the summary statistics and to plot the data. 

Furthermore, the 𝑧-score can be used to quantify the unusualness of an observation and is 

calculated as the following (Wooldridge, 2016): 

𝑍 =
𝑋 − 𝜇

𝜎
[11] 

where 𝑋 denote the value of the observation, 𝜇 the mean of the variable, and 𝜎 the standard 

deviation of the variable. The further away an observation’s 𝑧-score is from 0, the more 

unsual it is. The threshold value to define an outlier is a largely subjective call, which 

naturally is a disadvantage of using the 𝑧-score to detect outliers. Nevertheless, this study 

applies the threshold +/− 4 which is generally considered as a large cut-off value 

(Wooldridge, 2016). 

4.8.4 Assumption #4: No Perfect Multicollinearity 

The fourth assumption is that the regressors are not perfectly multicollinear. In particular, 

the regressors are said to exhibit perfect multicollinearity if one of the regressors is a perfect 

linear function of the other regressors. Essentially, the model cannot be estimated using 

OLS if perfect multicollinearity exists. The mathematical reason for this failure is that perfect 

multicollinearity produces division by zero in the OLS formulas (Stock & Watson, 2012). 

Perfect multicollinearity can arise if the model is misspecified. Another reason the 

assumption can fail is if the sample size, 𝑛, is too small in relation to the number of 

parameters being estimated. In fact, the assumption of no perfect multicollinearity fail if 𝑛 <

𝑘 + 1. However, even though the model is carefully specified and 𝑛 ≥ 𝑘 + 1, the assumption 

can still fail in some cases. The general solution is to drop the undesired variable(s) from 

the model. Typically, the statistical software will clearly state if perfect multicollinearity is 
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present which is also the case with the applied statistical software, R, used in this study. In 

addition, a correlation matrix can be utilized to essentially detect perfect multicollinearity 

between the regressors (Stock & Watson, 2012; Wooldridge, 2016). 

However, while perfect multicollinearity is a problem that often signals the presence of a 

logical error and is relatively easy to detect, the undesirable feature of imperfect 

multicollinearity is more complicated to work around. Imperfect multicollinearity means high, 

but not perfect, correlation between two or more of the regressors. Although imperfect 

multicollinearity violates none of the assumptions, its presence has consequences since the 

coefficients on at least one individual regressors will be imprecisely estimated given they will 

have a large sampling variance. Therefore, issues caused by imperfect multicollinearity will 

be considered as well (Stock & Watson, 2012). The discussion of imperfect multicollinearity 

is complex in the sense that there are no clear rules on how to determine whether the 

correlation between two or more of the regressors is too high. In fact, by “solving” the 

imperfect multicollinearity problem by removing a variable that belongs in the population 

model can lead to bias. Hence, one must be careful when inspecting the model for issues 

caused by imperfect multicollinearity. A useful statistic to determine the severity of imperfect 

multicollinearity is the variance inflation factor (VIF) (Wooldridge, 2016): 

𝑉𝐼𝐹𝑗 =
1

1 − 𝑅𝑗
2 [12] 

where 𝑅𝑗
2 is the 𝑅-squared from regressing 𝑋𝑗 on all other regressors including an intercept. 

Nevertheless, while this statistic can be useful it is still prone to misuse because one cannot 

specify how much correlation among the regressors is “too much”. In particular, a smaller 

value of 𝑉𝐼𝐹𝑗 is desirable but setting a cut-off value for VIF is arbitrary. Often the value 10 is 

chosen as a cut-off value: hence, if 𝑉𝐼𝐹𝑗 is above 10 (equivalently 𝑅𝑗
2 is above 0.9) then it 

can be concluded that imperfect multicollinearity is a problem in estimating 𝛽𝑗 . However, by 

looking at the value of 𝑉𝐼𝐹𝑗 solely is of limited used. Therefore, if a 𝑉𝐼𝐹𝑗 value is above the 

cut-off value 10, then the variable(s) will only be removed if it can also be justified through 

expert knowledge and empirical arguments. Lastly, it should also be noted that high 

correlation between control variables often is present but this does not impose any 

difficulties to determine the effects of the variables of interest (Wooldridge, 2016). 
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4.8.5 Assumption #5: Homoscedasticity 

Under assumption #1 to #4, the OLS estimators are unbiased and consistent estimators of 

the population parameters. On the other hand, the OLS estimators remain unbiased and 

consistent even if assumption #5 is violated. However, if assumption #5 fails, then OLS is 

no longer BLUE and standard inference using the usual test statistics is invalid. Hence, the 

OLS estimator will no longer be efficient. Furthermore, while assumption #1 to #4 consider 

the central tendencies of the �̂�𝑗, assumption #5 instead consider the variance of the OLS 

estimators. In fact, the variance is particularly important since a larger variance means a 

less precise estimator and thereby larger confidence intervals and less accurate hypotheses 

tests. Collectively, assumption #1 to #5 are known as the Gauss-Markov theorem and if 

these assumptions hold, then the OLS estimators of �̂�0, �̂�1, … , �̂�𝑘 are efficient among all 

estimators that are linear in 𝑌1, … , 𝑌𝑛 and are unbiased, conditional on 𝑋1, 𝑋2, … , 𝑋𝑘 

(Wooldridge, 2016). 

Essentially, the error term 𝑢𝑖 is homoscedastic if the variance of the error term, 

𝑉𝑎𝑟(𝑢𝑖𝑋𝑖 = 𝑋), is constant for 𝑖 = 1, … , 𝑛 and does not depend on 𝑋1, 𝑋2𝑖, … , 𝑋𝑘. In other 

words, 𝑉𝑎𝑟(𝑢𝑖) = 𝜎2. Contrary, the error term 𝑢𝑖 is heteroscedastic if the variance of the 

error term, 𝑉𝑎𝑟(𝑢𝑖𝑋𝑖 = 𝑋), is not constant for 𝑖 = 1, … , 𝑛. Thus, homoscedasticity fails 

whenever the variance of the error term changes across different segments of the 

population. Nevertheless, if the error term is homoscedastic, then the homoscedasticity-only 

standard error of �̂�1 is 𝑆𝐸(�̂�1) = √𝑉𝑎𝑟(�̂�1) where 𝑉𝑎𝑟(�̂�1) is the homoscedasticity-only 

estimator of the variance of �̂�1 (Stock & Watson, 2012): 

𝑉𝑎𝑟(�̂�1) =
𝜎𝑖

2

[∑ (𝑋𝑗𝑖 − �̅�𝑗)
2𝑛

𝑖=𝑖 ]
[13] 

where 𝜎𝑖
2 = 𝑉𝑎𝑟(𝑢𝑖) which is also known as the error variance. These formulas for the 

variance and standard errors of the OLS estimators are only valid if the error term is 

homoscedastic. In fact, if the errors are heteroscedastic, then the homoscedasticity-only 

standard errors are invalid. Conveniently, the Breusch and Pagan (1979) test for 

heteroscedasticity (BP-test) can be performed to test for violation of the homoscedasticity 
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assumption. The approach is based on the Lagrangian multiplier and the null hypothesis is 

homoscedasticity, hence 𝐻0: 𝑉𝑎𝑟(𝑢𝑖) = 𝜎2. Therefore, it is assumed that the ideal 

assumption of homoscedasticity holds. If one cannot reject the null at a sufficiently small 

significance level, then it can be conclude that heteroscedasticity is not a problem. On the 

other hand, if the BP-test results in a small enough 𝑝-value, corrective measures must be 

taken by utilizing heteroscedastic-robust standard errors (Wooldridge, 2016).  

White (1980) propose heteroscedastic-robust standard errors which will be imposed if 

heteroscedasticity is present. These standard errors will be referred to as either 

heteroscedastic-robust standard errors or robust standard errors. The heteroscedastic-

robust estimator of the variance of �̂�1 is (Wooldridge, 2016):  

𝑉𝑎𝑟(�̂�1) =
∑ (𝑋𝑗𝑖 − �̅�𝑗)

2𝑛
𝑖=𝑖 �̂�𝑖

2

[∑ (𝑋𝑗𝑖 − �̅�𝑗)
2𝑛

𝑖=𝑖 ]
[14] 

where �̂�𝑖 is the OLS residual from the initial regression and the heteroscedastic-robust 

standard error is �̂�1 is 𝑆𝐸(�̂�1) = √𝑉𝑎𝑟(�̂�1). Hence, Equation 14 will be used to obtain the 

standard error of each �̂�𝑗  in order to construct confidence intervals, 𝑡 statistics and 𝐹 

statistics when heteroscedasticity is present. Furthermore, as a degree of freedom 

correction, Equation 14 will be multiplied by 𝑛
(𝑛−𝑘−1)

 before obtaining the standard error of 

each �̂�𝑗. The reasoning for this adjustment is that, if the squared residuals of �̂�𝑖
2 were the 

same for all observations, then the outcome would be the usual OLS standard errors 

(Wooldridge, 2016).  

4.8.6 Assumption #6: Normally distributed errors 

Assumption #1 to #5 make up the Gauss-Markov assumptions. By adding assumption #6 of 

normally distributed errors, the six CLM assumptions are obtained. Assumption #6 states 

that the conditional distribution of 𝑢𝑖 given 𝑋1𝑖, 𝑋2𝑖, … , 𝑋𝑘𝑖 is normally distributed with zero 

mean and variance, hence 𝑢𝑖~Normal(0, 𝜎2). In fact, since 𝑢𝑖 is independent of 

𝑋1𝑖, 𝑋2𝑖, … , 𝑋𝑘𝑖 under assumption #6, then 𝐸(𝑢𝑖𝑋1𝑖, 𝑋2𝑖, … , 𝑋𝑘𝑖) = 𝐸(𝑢𝑖) = 0 and 

𝑉𝑎𝑟(𝑢𝑖𝑋1, 𝑋2𝑖, … , 𝑋𝑘) = 𝑉𝑎𝑟(𝑢𝑖) = 𝜎2 must be true. Therefore, assumption #6 in theory 
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considers both assumption #1 and #5. Essentially, the assumption of normally distributed 

errors is added to obtain the exact sampling distributions of 𝑡 statistics and 𝐹 statistics, so 

that hypotheses tests can be carried out. In practice, whether normality of 𝑢𝑖 can be 

assumed is an empirical matter and assumption #6 might in fact be dropped if the sample 

is reasonably large (Wooldridge, 2016). 

4.9 Reliability and validity 

The reliability and validity of the study will in the following be discussed to assess the quality 

of the study. The reliability will be discussed based on Kvale and Brinkmann (2015), while 

the validity will be discussed based on a framework provided by Stock and Watson (2012). 

4.9.1 Reliability 

Reliability refers to whether the data collection techniques and analytic procedures would 

produce consistent findings if they were repeated on another occasion or if a different 

researcher replicated them. Here, it is essential that the process of how the data was 

obtained and the analytical method is made transparent, so the findings can be re-tested 

(Kvale & Brinkmann, 2015).  In this connection, it is important to emphasize that the data 

collected in this study is obtainable for other researchers. Further, the data collection and 

data cleaning processes have been thoroughly described, making other researchers able to 

replicate these procedures. Moreover, the estimation method has been made transparent, 

further enabling the findings to be re-tested. All in all, the study is particularly reliable given 

other studies are expected to produce similar results if replicating this study. 

4.9.2 External Validity 

According to Stock and Watson (2012), a study is externally valid if its inference can be 

generalized to other populations and settings. Therefore, potential threats to external validity 

arise from differences between the population and setting studied, and the population and 

setting of interest. These two threats to external validity will be considered in turn. 

Differences between the population studied and the population of interest can pose a threat 

to external validity (Stock & Watson, 2012). In this study, one could argue that the population 

studied and the population of interest are one of the same. This is due to the fact that the 
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sample size account for a considerable portion of the overall population. Furthermore, both 

the population studied and population of interest are identical in terms of setting as these 

both consist of global ICOs. Furthermore, the findings will be discussed and related to 

related research in Section 7. In this respect, findings similar to other studies enhance the 

external validity, while difference in findings that are not readily explained cast doubt on the 

external validity of those findings. Moreover, the robustness checks in Section 6 further 

serve the purpose of assessing the sensitivity of the findings since plausible and robust 

commonly is interpreted as evidence of validity. 

4.9.3 Internal Validity 

Studies based on regression analysis are internally valid if their statistical inferences about 

causal effects are valid for the population and setting studied. Therefore, the requirements 

for internal validity are that the OLS estimator is unbiased and consistent, and that standard 

errors are computed in a way that makes confidence intervals have the desired confidence 

level (Stock & Watson, 2012). In particular, threats to internal validity are (1) omitted 

variables, (2) functional form misspecification, (3) errors in variables, (4) sample selection 

and (5) simultaneous causality. Each of these, if present, could result in failure of the 

assumption of zero conditional mean which in turn causes the OLS estimator being biased 

and inconsistent. These threats to internal validity will be considered in turn. Furthermore, 

incorrect calculation of the standard errors also poses a threat to internal validity. However, 

as stated in the assumption of homoscedasticity in Section 4.8.5, this threat is 

accommodated by imposing robust standard errors if heteroscedasticity is present. 

Therefore, it can conclude that heteroscedasticity does not threaten the internal validity in 

this study (Stock & Watson, 2012). 

Omitted variable bias arises when a variable that both determines 𝑌𝑖 and is correlated with 

one or more of the included independent variables has been omitted from the regression 

model (Wooldridge, 2016). The model to be estimated in Equation 2 is very extensive, as it 

includes the 24 independent variables introduced in Section 4.5. If these variables are 

adequate in explaining amount raised during an ICO, then the conditional mean assumption 

holds. Although the model is profound, there still could be some omitted factors for which 

these variables might not be adequate, as touched upon in Section 1.1.2. Such omitted 

factors could inarguably lead to omitted variable bias in our model. 
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Furthermore, if the true population regression function is non-linear but the estimated 

regression is linear, this functional form of misspecification makes the OLS estimator biased 

(Stock & Watson, 2012). In order to mitigate the issues caused by non-linearity, the natural 

logarithm has been used to transform clearly non-linear variables into being approximately 

linear in nature. 

Error-in-variables bias in the OLS estimator arises when an independent variable is 

measured imprecisely (Stock & Watson, 2012). Since the ICO data is collected through the 

most comprehensive database on ICOs, ICObench.com, the ICO data is unlikely to contain 

measurement errors (Lee et al., 2019). However, one could argue that variables such as 

whitepaper, source code, mvp/prototype and # team size are relatively more prone to 

measurement errors since it is the ICO initiators’ responsibility to input such information on 

the listing site. Other variables are specific to the individual listing site, hence these are less 

likely to contain measurement errors as the input of these is governed by the listing site. 

However, possible measurement errors are reduced by the cross-checking procedure 

mentioned in Section 4.3. Furthermore, the data on the cryptocurrencies and Google search 

score are unlikely to contain measurement errors, as these originate from unanimous central 

scores. 

Missing data can potentially pose a threat to internal validity and lead to sample selection 

bias which ultimately will lead to the OLS estimator being biased and inconsistent 

(Wooldridge, 2016). The data collected from ICObench.com had several missing values. At 

first glance, the missing values seem to be random in nature, however the negatively 

skewed histogram from Figure 3 could point towards an overrepresentation of ICOs 

collecting larger funds. Hence, it cannot be rejected that the missing data has shaped the 

data selection resulting sample selection bias. 

Lastly, simultaneous causality bias arises in a regression when 𝑌𝑖 causes one or more of the 

independent variables. This reverse causality causes the OLS estimator to be biased and 

inconsistent and therefore poses a threat to internal validity (Stock & Watson, 2012). In 

example, simultaneous causality would arise if the amount raised in an ICO affects one of 

the independent variables in Equation 2. In relation to this, it could be suspected that ICOs 

with larger amount raised get more expert ratings, as one could argue that these are more 

prominent on the listing site. If true, this would cause the number of expert ratings to increase 



Page 64 of 92 
 

as amount raised increases. However, there is no clear empirical evidence or arguments for 

such issues in the sample. As an example, Lee et al. (2019) conducted a similar study 

including the number of analyst ratings as well but did not report any simultaneous causality 

issues in the OLS estimates. 

5. Analysis 

This section begins by assessing the least squares assumptions introduced in Section 4.8 

with outset in the estimated model. Afterwards, the results of the estimated model are put 

forward. 

5.1 Assessing the least squares assumptions 

In the following, the least squares assumptions will be discussed and related to the 

estimated model. Furthermore, any corrective features, if necessary, will be outlined clearly.  

5.1.1 Assumption #1: Zero conditional mean 

The first assumption concerning zero conditional mean was described under Section 4.8.1, 

while being assessed in detail in Section 4.9.3. In summary, possible omitted factors put 

forward in Section 1.1.2. could lead to omitted variable bias. Hence, although the estimated 

model is comprehensive, omitted variable bias might exists and cause the assumption of 

zero conditional mean to be violated. However, the severity of which this assumption is 

violated, is reduced by concluding that functional form misspecification, error-in-variables 

bias and simultaneous causality bias is unlikely to exists. 

5.1.2 Assumption #2: Random sampling 

The second assumption, explained in Section 4.8.2, of how the sample is drawn, is assessed 

in detail under Section 4.9.3. In summary, it cannot be rejected that the reduction is sample 

size is subject to sample selection bias which could cause this assumption to be violated. 

5.1.3 Assumption #3: Large outliers are unlikely 

The third assumption, explained in Section 4.8.3, is that large outliers are unlikely. As 

mentioned in Section 4.4, the summary statistics indicate that outliers are present. This was 
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further re-confirmed after inspecting the boxplots in Appendix 3. Therefore, the 𝑧-score has 

been calculated for each data entry using the value +/− 4 as a threshold to identify outliers. 

Based on this threshold, outliers are found in the variables # team size (five outliers), initial 

token price (three outliers), # cryptocurrencies accepted (three outliers), # expert ratings 

(eight outliers), # duration (five outliers) and Google search score (one outlier). By inspecting 

the boxplot of these variables in Figure 13, the presence of extreme values is clarified. These 

extreme data entries have naturally been inspected carefully to make sure the values are 

not due to an entry error. Given there was no indications of a data entry errors, the 

observations were initially kept in the sample since they are assumed to be representing the 

population of ICOs.  

Figure 13: Boxplot of selected variables 

 

However, since statistical inferences using the OLS estimator is sensitive to extreme 

observations, the model will be estimated by excluding these observations as well in order 

to compare the results (Stock & Watson, 2012). Therefore, the sample size without these 

observations reduces to 689 data entries. The summary statistics for this sample is shown 

in Appendix 4. Following, the model with and without outliers is estimated and compared 

both with and without robust standard errors. The comparison of the OLS estimates with 
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and without outliers using the homoscedasticity-only standard error is shown in Appendix 5. 

There is no notable difference in coefficient sizes, however, differences related to 

significance level are present. Moreover, the comparison of the OLS estimates with and 

without outliers using the heteroscedastic-robust standard errors is summarized in Appendix 

6 and the results of the two estimates are very similar. The only notable is related to the 

variable # expert ratings which turns insignificant when excluding extreme observations. 

This is most likely due to the considerable amount of observations being excluded based on 

this variable. Nevertheless, as touched upon in Section 4.4, these ICOs are kept in the 

sample given it is reasonable to argue that they are representative of the true population of 

ICOs. 

5.1.4 Assumption #4: No perfect multicollinearity 

The fourth assumption, described in Section 4.8.4, states that the regressors should not be 

perfectly multicollinear. As evident from the correlation matrix in Appendix 7, no perfect 

multicollinearity exists between the independent variables in the model.  However, as 

mentioned in Section 4.8.4, the undesirable case of imperfect multicollinearity will be 

considered as well. This is performed by inspecting the VIF for each independent variable 

in Table 7. Although the cut-off value of each VIF is a subjective call, the value 10 is 

commonly used (Stock & Watson, 2012; Wooldridge, 2016). By using this value as a 

threshold, it can be concluded that imperfect multicollinearity does not impose any 

undesirable features on the OLS regression estimated. Hence, there are no indications of 

neither perfect or imperfect multicollinearity in Equation 2 and therefore no corrective actions 

are necessary. 
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Table 7: VIF for each independent variable 

 
 

5.1.5 Assumption #5: Homoscedasticity 

Under the fifth assumption, described in Section 4.8.5, the error term is homoscedastic and 

the homoscedasticity-only standard error of �̂�𝑗  is therefore valid. The model has been 

estimated with and without heteroscedastic-robust standard errors and the comparison is 

summarized in Appendix 8. There is notable difference in the significance levels between 

the two models. In particular, the variables source code, advisors, and soft cap goes from 

being significant to being insignificant when imposing robust standard errors. Furthermore, 

the variable # expert ratings changes from being insignificant to significant. These 

VIF
log(amount raised) -
Whitepaper 1.038
Source code 1.254
MVP/Prototype 1.436
# Team size 1.133
Advisors 1.157
Pre-ICO 1.115
ICO bonus 1.117
Initial token price 1.025
% tokens distributed 1.114
Hard cap 1.217
Soft cap 1.294
# Cryptocurrencies accepted 1.129
FIAT acceptance 1.123
KYC 1.906
Whitelist 1.344
Benchy rating 2.002
Expert rating (team) 3.015
Expert rating (vision) 3.324
Expert rating (product) 3.736
# Expert ratings 1.334
log(BTCUSD) 3.003
log(ETHUSD) 3.745
# Duration 1.153
Google search score 2.812
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differences in significance level sheds light on the importance of imposing suitable standard 

errors in order to obtain valid 𝑡 statistics and 𝐹 statistics. After conducting the BP-test for 

heteroscedasticity, the resulting 𝑝 − value = 0.0009 provides strong evidence against the 

null of homoscedasticity. Thus, we fail to reject the null at the 5% level. For this reason, the 

model will be estimated by utilizing heteroscedastic-robust standard errors (Wooldridge, 

2016). 

5.1.6 Assumption #6: Normally distributed errors 

The sixth assumption, explained in Section 4.8.6, states that the conditional distribution of 

𝑢𝑖 given 𝑋1𝑖, 𝑋2𝑖, … , 𝑋𝑘𝑖 is normally distributed with zero mean and variance. Given 

𝑐𝑜𝑟𝑟(𝑋𝑗𝑖, 𝑢𝑖) ≠ 0 is likely to be true, the errors are unlikely to have zero mean. Further, the 

errors are found to be heteroscedastic, which in turn results in the variance of the error to 

be different from zero. However, this undesirable feature by is accommodated imposing 

heteroscedastic-robust standard errors. In practice, however, this assumption might in fact 

be dropped in reasonable large samples (Wooldridge, 2016). While this is a largely 

subjective call, it seems reasonable to characterize the sample of 715 ICOs used to estimate 

Equation 2 as a large sample, making the assumption of normally distributed errors less 

critical.  

5.2 Results 

The model outlined in Equation 2 has been estimated by utilizing the OLS estimator and 

heteroscedastic-robust standard errors. While the optimized model is outlined in Table 8, 

several variations of the model have been estimated. Although the selected variables 

included in Equation 2 are well grounded, the variations of the model in Appendix 9 provide 

useful information regarding the sensitivity and the impact of adding and/or removing 

variables. The variations of the model will firstly be reflected upon. Thereafter, the results of 

the final model in Table 8 will be outlined. 

In Appendix 9, the results of five different regressions of log(amount raised) on various sets 

of independent variables is summarized. Each column summarizes a separate regression. 

Similar for the regressions is that all the control variables are included and heteroscedastic-

robust standard errors are imposed. However, they differ in the sense that the regression in 
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column (1) only includes the capability signalling variables, the regression in column (2) only 

includes the token sales initiatives variables, the regression in column (3) only includes the 

financial details variables, the regression in column (4) only includes the trust mechanism 

variables, and the regression in column (5) includes all variables and hence is identical to 

the model in Table 8. By inspecting the results in Appendix 9, the strength of the results in 

Table 8 are reinforced given the high level of consistency across the various set of 

regressions estimated. Taking both significance levels and coefficients into account, these 

individual regressions are close to identical to the final results in Table 8, with the variable 

advisors being the only exception Nevertheless, the combination of the variables in Table 8 

are found to be potent predictors of log(amount raised) since the 𝑅2 jumps considerably 

when including all variables. 

In the following, the results of the final model from Table 8 are put forward. 

5.2.1 Results pertaining to the capability signaling variables 

By exploring the capability signaling variables in Table 8, the variable # team size is found 

to be positively, significantly associated with the total of funds raised in an ICO at the 1% 

level. According to the regression results, it is found that the total amount raised in an ICO 

is predicted to increase by 𝑒0.028 − 1 = 2.84% for a one unit increase in # team size, holding 

other variables constant. Hence, the addition of a team member is suggested to positively 

affect the amount raised through the fundraiser. By inspecting the different set of regressions 

in Appendix 9, the robustness of the link between # team size and log(amount raised) is 

enhanced, since the result hold both when solely including the capability signaling variables 

and when analyzing all the ICO variables collectively. 

5.2.2 Results pertaining to the token sale initiatives variables 

Under the token sale initiatives variables in Table 8, the variable ICO bonus is found to be 

negatively, significantly associated with the total amount of funds raised in an ICO at the 5% 

level. It is found that if an ICO choose to offer bonuses, the amount of capital it raises would 

decrease by 𝑒−0.233 − 1 = 20.78%, holding all other variables constant. As evident from 

Appendix 9, this result hold both when solely analyzing the token sale initiatives variables 
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and when analyzing all the ICO variables collectively, indicating a robust link between ICO 

bonus and log(amount raised). 

5.2.3. Results pertaining to the financial details variables 

Looking at the financial details in Table 8, the variable % tokens distributed is found to affect 

amount raised in an ICO significantly, negatively at the 1% level. By considering the different 

set of regressions in Appendix 9, the result is consistent both when analyzing the financial 

details variables alone and when analyzing all the ICO variables collectively, which 

reinforced the robust link between % tokens distributed and log(amount raised).   

Furthermore, the results in Table 8 suggest that an ICO accepting any fiat currency will raise 

more capital since the coefficient on FIAT acceptance is positive and significant at the 5% 

level. In fact, the findings indicate that if an ICO choose to accept any fiat currency, the 

amount of funds it raises would increase by 𝑒0.342 − 1 = 40.78%, holding all other variables 

constant. In Appendix 9, the robustness of the link between FIAT acceptance and 

log(amount raised) is enhanced given the consistency across the different set of 

regressions. 

5.2.4 Results pertaining to the trust mechanisms variables 

The trust mechanism variable KYC in Table 8 is found to be positively, significantly 

associated with the total amount of capital raised in an ICO at the 1% level. Specifically, the 

findings suggest that if an ICO goes from not having a KYC to have one, the amount of 

capital it raises would increase by 𝑒0.530 − 1 = 69.89%, holding all other variables constant. 

This effect is sizeable, and thereby the presence of KYC is suggested to benefit the 

fundraising success considerably. Given this result is consistent both when analyzing the 

trust mechanisms variables individually and when analyzing all the ICO variables collectively 

in Appendix 9, the robust link between KYC and log(amount raised) is enhanced. 

5.2.5 Results pertaining to the control variables from the external environment 

When considering the factors related to the external environment in Table 8, the findings 

show that several variables affect the amount raised in an ICO. Firstly, the variable expert 

rating (team) is positively, significantly associated with the amount raised in an ICO at the 
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10% level. Specifically, the regression results indicate that the total amount raised in an ICO 

increase 𝑒0.222 − 1 = 24.86% for a one unit increase in expert rating (team), holding other 

variables constant. In addition, the findings predict that an increase in the number of expert 

ratings an ICO receives is positively linked to the amount of capital an ICO raises. According 

to the regression results, the total amount raised in an ICO is estimated to increase by 

𝑒0.009 − 1 = 0.90% for a one unit increase in # expert ratings, holding other variables 

constant. These results are consistent across the various set of regressions estimated in 

Appendix 9, although the significance level varies. Thereby, the robustness of the link 

between the variables and log(amount raised) is enhanced. 

Furthermore, when considering the cryptocurrency variables in Table 8, both log(BTCUSD) 

and log(ETHUSD) are found to affect the amount of funds an ICO raises. The Bitcoin price 

in USD is found to be negatively, significantly associated with the total amount raised in an 

ICO at the 5% level. The estimated effect of a 1% increase in the Bitcoin price in USD 

correspond to a 0.737% decrease in the amount raised through an ICO. Contrary, the results 

suggest that the Ether price in USD is positively, significantly associated with the total 

amount raised in an ICO at the 10% level. According to the estimated regression, a 1% 

increase in the Ether price in USD is estimated to correspond to a 0.376% increase in the 

amount raised. The robustness of the link between the cryptocurrency variables and 

log(amount raised) is enhanced by inspecting Appendix 9 since the results hold across the 

several set of regressions estimated, although the significance level of log(ETHUSD) varies. 

Additionally, the number of days between the start date and end date of an ICO is estimated 

to be negatively, significantly affecting the total amount raised at the 5% level. The estimated 

regression model in Table 8 predicts that the total amount raised in an ICO decreases by 

𝑒−0.002 − 1 = 0.20% for a one unit increase in # duration, holding other variables constant. 

Thereby, the results suggest that ICOs of shorter duration raise more capital. Moreover, the 

public interest in ICOs, measured using Google Trends data, is estimated to be positively, 

significantly associated with the total amount raised in an ICO at the 1% level. In particular, 

the total amount raised in an ICO is predicted to increase by 𝑒0.057 − 1 = 5.87% for a one 

unit increase in Google search score, holding other variables constant. By considering the 

different set of regressions in Appendix 9, these results are consistent across the various 

set of regressions estimated, reinforcing the robustness of the estimates. 
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Table 8: OLS estimation results with log(amount raised) as dependent variable and heteroscedastic-
robust standard errors 

 

Dependent variable: log(amount raised)

Capability signaling
Whitepaper -0.268

(0.442)

Source code -0.231
(0.144)

MVP/Prototype -0.148
(0.281)

# Team size 0.028***
(0.009)

Advisors 0.297
(0.182)

Token sale initiatives
Pre-ICO 0.120

(0.122)

ICO bonus -0.233**
(0.114)

Financial details
Initial token price 0.001

(0.003)

% tokens distributed -1.178***
(0.306)

Hard cap -0.027
(0.214)

Soft cap -0.224
(0.139)

# Cryptocurrencies accepted -0.008
(0.041)

FIAT acceptance 0.342**
(0.152)

Trust mechanisms
KYC 0.530***

(0.159)

Whitelist -0.056
(0.127)

Control variables
Benchy rating -0.009

(0.133)

Expert rating (team) 0.222*
(0.128)

Expert rating (vision) -0.131
(0.151)

Expert rating (product) 0.129
(0.141)

# Expert ratings 0.009*
(0.005)

log(BTCUSD) -0.737**
(0.356)

log(ETHUSD) 0.376*
(0.196)

# Duration -0.002**
(0.001)

Google search score 0.057***
(0.010)

Constant 17.848***
(2.437)

Observations 715
R2 0.248
Adjusted R2 0.222
Note: *p<0.1; **p<0.05; ***p<0.01
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6. Robustness checks 

The common practice of a robustness check is to examine how the critical core variables 

behave when the regression specification is modified by adding or removing regressors, 

under appropriate conditions. If the coefficients are plausible and robust, this is commonly 

interpreted as evidence of validity (Wooldridge, 2016). In the following, the common practice 

of considering the robustness by adjusting the regressors is first considered. Following this 

procedure, the model is estimated by using a different estimation method in order to assess 

the sensitivity of the results based on the choice of estimation method. Lastly, an alternative 

robustness check will be performed by estimating Equation 2 using a different dependent 

variable. 

6.1 Assessing the robustness of the independent variables 

As touched upon in Section 5.2, the results are shown to be insensitive to adding or 

removing variables. In particular, by inspecting the various set of regressions estimated in 

Appendix 9, the robustness of the results in Table 8 are enhanced given the consistency in 

significance level and coefficient size. The only notable difference is related to the variable 

advisors which turns insignificant when including the full set of independent variables. 

Moreover, since statistical inferences using the OLS estimator is sensitive to extreme 

observations, the model was in Section 5.1.3 estimated by excluding these observations as 

a further robustness check. By considering the estimates using heteroscedastic-robust 

standard errors in Appendix 6, the results were found to be consistent, with the exception of 

the variable # expert ratings. 

6.2 Assessing the robustness of changing the estimation method 

The presence of heteroscedasticity was essentially treated by imposing heteroscedastic-

robust standard errors after the OLS estimation. A modification of the OLS estimator, known 

as the feasible weighted least squares estimator (FWLS), is an alternative method of treating 

the presence of heteroscedasticity. The FWLS estimator rely on the CLM assumption and 

is essentially OLS applied to a weighted regression, where all variables are weighted by the 

square root of the inverse of the conditional variance, 𝑉𝑎𝑟(𝑢𝑖𝑋𝑖 = 𝑋). Hence, FWLS ideally 
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require knowing the conditional variance function and estimating its parameters. In practice, 

however, the practical form of the conditional variance function is rarely known, and must 

therefore be estimated in order to use FWLS. In cases where the estimated functional form 

is specified incorrectly, then the standard errors computed by FWLS are invalid, which poses 

a disadvantage to using FWLS. The advantage of using heteroscedastic-robust standard 

errors is that they produce asymptotically valid inferences even if the form of the conditional 

variance function is unknown. An additional advantage of using heteroscedastic-robust 

standard errors is that these are readily imposed after estimating OLS (Stock & Watson, 

2012). 

Nevertheless, in Table 9 the estimates by using FWLS in column (2) and OLS in column (3) 

are compared. Wooldridge (2016) state, that if OLS and FWLS produce statistically 

significant estimates that differ in sign, then this could indicate the zero conditional mean 

assumption is violated. In this relation, it is essential to notice, that OLS and FLWS produce 

estimates that do not differ in sign which enhances the robustness of the results. Moreover, 

by inspecting Table 9 further, the two estimation methods provide harmonious results in 

respect to significance level with the only exception related to the variable advisors. Overall, 

the results using the FWLS estimation method in Table 9 do not deviate disturbingly from 

the results reported in Table 8, and therefore the robustness of the OLS estimation method 

is enhanced.  

6.3 Assessing the robustness of changing the dependent variable 

This study investigates how early stage ventures can utilize ICOs to raise external capital. 

As mentioned in Section 4.5.1, the amount of funds was chosen as the dependent variable 

over the alternative of whether the soft cap was reached. Nevertheless, as a part of the 

robustness checks, the dependent variable will be replaced in order to assess the results 

sensitivity hereof. Therefore, based on the sample of 715 completed ICOs, a linear 

probability model with soft cap reached as the dependent variable which equal 1 if an ICO 

reaches its soft cap, and 0 otherwise will be estimated and compared to the final results in 

Table 8. As a result of this alternate dependent variable, the sample size is reduced 

considerably to 476 completed ICOs in which 68.7% reaches its soft cap. The summary 

statistics for this sample is shown in Appendix 10.  
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The linear probability model is the multiple regression model when 𝑌𝑖 is a binary variable 

rather than continuous. Hence, the coefficients can be estimated using OLS and the CLM 

assumptions apply. The linear probability model with soft cap reached as the dependent 

variable and heteroscedastic-robust standard errors is shown in Table 9, column (1). As 

evident, these results are inconsistent with the results obtained by using the FLWS 

estimation method in column (2) and the OLS estimation method in column (3) which both 

use log(amount raised) as the dependent variable. This show that the obtained results are 

sensitive to the choice of dependent variable. Moreover, misalignment in the results could 

very likely be caused by the subjective, unrealistic setting of soft caps and the considerable 

reduction in the data sample. Finally, the inconsistent results could further explain potential 

conflicts between the findings of this study and related research on the area using different 

dependent variables.  
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Table 9: Robustness checks 

   

(1) (2) (3)

Estimation method: OLS FWLS OLS

Dependent variable: Dependent variable: soft cap reached Dependent variable: log(amount raised) Dependent variable: log(amount raised)

Capability signaling
Whitepaper -0.051 -0.234 -0.268

(0.223) (0.530) (0.442)

Source code -0.028 -0.229 -0.231
(0.060) (0.140) (0.144)

MVP/Prototype 0.056 -0.660 -0.148
(0.099) (0.242) (0.281)

# Team size 0.004 0.030*** 0.028***
(0.004) (0.010) (0.009)

Advisors -0.082 0.309* 0.297
(0.063) (0.160) (0.182)

Token sale initiatives
Pre-ICO 0.001 0.143 0.120

(0.005) (0.119) (0.122)

ICO bonus -0.108** -0.229* -0.233**
(0.045) (0.117) (0.114)

Financial details
Initial token price 0.001 0.001 0.001

(0.005) (0.005) (0.003)

% tokens distributed 0.055 -1.248*** -1.178***
(0.109) (0.299) (0.306)

Hard cap -0.013 -0.043 -0.027
(0.225) (0.218) (0.214)

Soft cap - -0.225 -0.224
- (0.137) (0.139)

# Cryptocurrencies accepted -0.018 -0.014 -0.008
(0.014) (0.036) (0.041)

FIAT acceptance 0.072 0.388** 0.342**
(0.054) (0.155) (0.152)

Trust mechanisms
KYC 0.078 0.580*** 0.530***

(0.059) (0.153) (0.159)

Whitelist -0.030 -0.064 -0.056
(0.047) (0.133) (0.127)

Control variables
Benchy rating 0.134** -0.016 -0.009

(0.055) (0.139) (0.133)

Expert rating (team) 0.046 0.231** 0.222*
(0.049) (0.114) (0.128)

Expert rating (vision) 0.106** -0.152 -0.131
(0.049) (0.123) (0.151)

Expert rating (product) -0.098* 0.125 0.129
(0.051) (0.128) (0.141)

# Expert ratings 0.002 0.010* 0.009*
(0.002) (0.006) (0.005)

log(BTCUSD) -0.222* -0.819*** -0.737**
(0.122) (0.282) (0.356)

log(ETHUSD) 0.103 0.372** 0.376*
(0.064) (0.171) (0.196)

# Duration -0.0004 -0.002** -0.002**
(0.0004) (0.001) (0.001)

Google search score 0.009** 0.061*** 0.057***
(0.004) (0.010) (0.010)

Constant 1.300 18.538*** 17.848***
(0.939) (2.141) (2.437)

Observations 476 715 715
R2 0.114 0.259 0.248
Adjusted R2 0.069 0.233 0.222
Note: *p<0.1; **p<0.05; ***p<0.01
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7. Discussion of findings 

In the following, the results from Table 8 are discussed and related to similar research across 

the five categories, capability signaling, token sale initiatives, financial details, trust 

mechanisms and lastly control variables from the external environment. Thereafter, 

implications for early stage ventures and other stakeholders is put forward. 

7.1 Capability signaling 

As touched upon in Section 4.5.2, ICO projects can strive to reduce the information 

asymmetry by signaling its capability within the framework provided by the listing site. The 

whitepaper variable concerns whether the ICO projects have shared a whitepaper, i.e. a 

technical informative report explaining the idea and development plan. The results did not 

find any significant relationship between the presence of a whitepaper and the amount of 

funds raised. This conflicts with previous research on the area, seeing that several theorists 

have proposed significant positive correlations across different dependent variables related 

to ICO success from Table 2. However, these researches have taken more qualitative 

approaches in their construction of this binary variable:  Fisch (2019) found a significant 

positive relationship when the whitepapers where of high technicality, Amsden and 

Schweizer (2018) detected a significant negative relationship when whitepapers were of 

poor quality and Lee et al. (2019) put forward a significant positive relationship when the 

whitepapers had been translated to multiple languages. As touched upon in Section 4.5.2, 

the ICO market lacks a common formal standard for documentation. Hence, the authors of 

this study acknowledge the advantage of taking a more qualitative content specific approach 

as this would heighten the validity. All in all, it is concluded that the mere presence of a 

whitepaper does not impact the amount raised, but based on well-grounded previous 

research it is suggested that a high degree of technicality, quality and multi-language 

translations in the content could still have a positive effect. 

Beside the written whitepaper, ICOs can choose to disclose source code to further overcome 

information asymmetry by allowing investors to pre-assess the technical value of the 

proposed idea. In this study, the source code variable investigates whether the ICO projects 

have shared complete or partial sets of programming code in a GitHub repository. The 
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results found no significant relationship between the provision of source code and the 

amount of funds raised. The insignificance is in contrast with previous research on the area 

proposing a significant positive relationship between the provision of source code and ICO 

success across three different dependent variables, as seen in Table 2 (Adhami et al., 2018; 

Fisch, 2019; Amsden & Schweizer, 2018). 

The MVP/prototype variable explores whether the presentation of a tangible product or 

program, displaying basic features and functionalities, influence the amount of funds raised. 

No significant relationship was found in this respect, suggesting that ICO projects producing 

MVPs/prototypes do not benefit from their efforts when looking at access to external capital. 

This finding stands alone without precursors to relate to, seeing that the effect of prototyping 

has not been included in earlier research on ICOs. On the basis of the above, it is not 

recommended that ICO projects spend time and resources on producing finished working 

software due to this being ineffective in the scope of raising funds. 

The findings estimate # team size to be strongly significant at the 1% level and positively 

correlated with the amount raised. This result is in line with earlier research on the area 

proposing that the size of the team serves as a positive signal for investors, which in the end 

contributes to a higher amount of funding collected (Amsden & Schweizer, 2018; Burns and 

Moro, 2018). Furthermore, An et al. (2019) suggest that disclosing information about the 

founding team increases the amount raised as well. All in all, these findings highlight the 

importance of assembling a large project team and making the information about the 

members available to the investors. In addition to the importance of size, researchers on the 

area have found positive relationships between more qualitative team related variables, i.e. 

CEO LinkedIn connections, CEO leadership experience and human capital (collective team 

experience and technical/business background), and total amount of funds raised (Amsden 

& Schweizer, 2018; Burns & Moro, 2018; An et al., 2019). Based on the findings of this study 

and existing literature, one could argue that investors to a high extent value the team when 

evaluating the ICO. This can be related to traditional instruments in entrepreneurial finance, 

where an extensive study by Stanford University deemed team to be the main factor that 

drives the investment decisions of venture capitalists (Gompers, Gornall, Kaplan, and 

Strebulaev, 2016).  
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Quite surprisingly, this study finds no significant correlation between advisors and the total 

amount raised, suggesting that ICOs do not benefit from having external advisors linked to 

the project looking at the amount of funds raised. This conflicts with existing research on the 

area highlighting the advisory function as being an important factor in shaping the project’s 

access to external finance (An et al., 2019). Keeping the result from the # team size variable 

in mind, one could argue that the ICOs should strive to integrate the advisors as full team 

members. In this way, the ICO would benefit from the positive relationship between team 

size and funds raised simply by restructuring existing human capital – even if solely for a 

signaling purpose. 

7.2 Token sale initiatives 

As in other commercial scenarios, the selling side can strive to incentivize purchase through 

promotional efforts. A way of doing this, in the scope of ICOs, is a pre-sale, often referred to 

as a pre-ICO. The results of this study found no significant relationship between the 

presence of a pre-ICO and the total amount of funding raised in the actual token sale. This 

finding conflicts with previous similar research on the area where theorists detected a 

significant positive correlation between pre-sale initiatives and ICO success (Adhami et al., 

2018; Lee et al., 2019). Regardless of the contradicting findings, it is important to emphasize 

that this study cannot falsify the former due to the difference in dependent variable. As 

shown in Table 2, the abovementioned studies both use a binary dependent variable in form 

of whether the fundraising goal, i.e. the soft cap, was reached. Furthermore, it is important 

to highlight that a pre-ICO can contribute with peripheral benefits that are not directly 

reflected in the total amount raised. The pre-sale can be used as a mean to finance the 

actual token sale and as a learning experience from which the team can elicit valuable 

knowledge about the investors for use in the actual token sale (Momtaz, 2018). 

Counterintuitively, results related to the ICO bonus variable show that promotional efforts in 

form of bonuses is significantly, negatively correlated with the total amount of funding raised 

at the 5% level. This suggest that the bonus instruments designed to boost the sale in reality 

have the opposite effect. This supports previous findings from Lee et al. (2019) who put 

forward that ICOs that offer high bonuses (using 20% as a threshold) are less likely to be 

successful. As displayed in Table 2, the latter researchers used a different dependent 
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variable (soft cap reached) than the one subject to this study. The negative correlation is 

thereby confirmed using two diverse measures adding to the validity of this specific finding. 

Furthermore, the results of this study broaden the binary bonus variable to cover all bonus 

initiative regardless of the percentual discount or structure. Looking at the rationale behind 

this negative relationship, Lee et al. (2019) suggest that extensive discounts create 

reluctance among investors rooted in a suspicion of too generous ICOs being potential 

scams. The authors of this study accept the latter as a possible explanation, seeing that 

Section 2.5.4 established that the ICO market to a high extent is threatened by scam and 

misconduct. Still it is important to highlight that selling at a discount would always, all other 

things equal, result in less money collected. If the bonus schemes do not increase the sale 

enough to weigh up for the loss connected to the discount, they will have a negative impact. 

Based on all the above, it is suggested that ICO projects refrain from incorporating bonus 

schemes in their token sale as this could have a negative impact on their access to external 

capital. 

7.3 Financial details 

The initial token price variable concerns the fixed unit price at which the tokens are offered 

to the investors. From a logical economic standpoint, one could argue that the token price 

alone should not have an influence, as the actual value should be seen in relation to the 

total number5 of tokens distributed, i.e. the market capitalization. Still, as touched upon 

Section 4.5.4 the unit price could have a psychological effect by serving as a quality signal 

or thrifty incentive. The results found no significant relationship between the price of the 

token and the total amount of funds raised. Similar research on the area suggested a 

significant negative correlation between this variable using the investors’ return of 

investment as the dependent variable, proposing that an increase in token price results in a 

decreased probability of ICO success (Burns & Moro, 2018). However, in line with the results 

of this study, previous researchers have not detected a significant impact on the total funds 

raised. Therefore, one could argue that this point towards an illogical gap between the 

objectively most lucrative option for investors (low priced tokens) and their actual investment 

behavior (price indifferent). 
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The % tokens distributed variable explores the relationship between the percentual number 

of tokens offered for sale to the public and the amount of funds raised. The results show that 

this variable is strongly significant at the 1% level and negatively correlated with the amount 

raised in the ICO. This finding suggests that the higher percentage of tokens distributed by 

the ICO project, the less external funding will be collected. This finding is very much in line 

with similar research on the area proposing that ICOs with high distribution percentages are 

less likely to succeed, i.e. being traded on exchanges after completion of the sale (Amsden 

& Schweizer, 2018). At first glance, one could expect that a high number of tokens 

distributed would result in a bigger amount of funds raised. However, as the latter theorists 

also emphasize, the token distribution ratio serves as a signal to investors reflecting the 

founders’ belief in the idea and certainty about the future success. All in all, it can be 

concluded that ICO projects should be careful and considerate when determining the 

percentage of tokens offered for sale to the public. The intuitive assumption of a larger 

offering resulting in more funds raised could very likely bring about a reverse unwanted 

effect. 

The results furthermore suggest the presence of a hard cap as being insignificant in relation 

to the amount raised. Based on this insignificance, one could argue that having a 

predetermined upper limit neither works as a positive or negative signal for the investors. In 

similar research on the area, theorists proposed the presence of a hard cap to be positive 

correlated with ICO success in the scope of pre-sales (Amsden & Schweizer, 2018). In an 

actual ICO setting, however, no previous records suggest a significant relationship. With no 

significant impact on the funds raised, it is recommended that ICO projects refrain from 

providing a hard cap due to the limitations it imposes. If no signaling value can be derived 

from setting an upper limit for the capital intake, an open goal would be more lucrative in a 

fund-raising setting. 

In addition, the results found no significant relationship between the presence of a soft cap 

and the amount of funds raised. As mentioned in Section 4.5.4, the soft cap serves as the 

minimum limit of funding that the ICO founders calculate is needed to realize the venture. 

This finding suggests that setting a soft cap for the ICO project has no impact on the access 

to external funding. The initial assumption was that the soft cap could have a positive effect 

as it reduces the risks for investors due to contributions, in most cases, being returned if the 
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former is not reached. Still, by considering the findings from related research on the area in 

Table 2, the proposed insignificance is in line with previous literature which have failed to 

detect this possible relationship. Therefore, from a fundraising point of view, ICO initiators 

are not recommended to set soft caps as these often impose an unnecessary threshold for 

realizing the external capital. 

The # cryptocurrencies accepted variable counts the number of different cryptocurrencies 

accepted as payment in the ICO. The results found the relationship between this variable 

and the amount of funds raised to be insignificant, proposing that the collected funds do not 

increase with every expansion to the set of cryptocurrencies. Earlier research on the area 

put forward that ICOs that accepts multiple currencies (more than one) are likely to raise 

bigger funds (Lee et al., 2019). In this regard, it is important to emphasize that the result 

does not falsify the positive effect of accepting more than one currency. Instead, the result 

expands the existing finding by putting forward that the supposed positive impact does not 

persist with every addition of cryptocurrency. Based on this, one could argue that ICO 

projects only should broaden their payment acceptance to cover the most popular 

cryptocurrencies. 

Adding to the aspect of payment acceptance, the results found the FIAT acceptance variable 

to be significant at the 5% level and positively correlated with the amount of funds raised. 

This finding suggests that ICO projects that accept legal tender as a payment method raise 

more external capital than ICO projects solely relying on cryptocurrencies. As shown in 

Table 2, the acceptance of fiat money as a success determinant has not been proposed in 

the previous research on the area. Still, this finding is both interesting and relevant, since it 

points towards an ICO market that could be neglecting potential investors. As touched upon 

in Section 4.5.4, the inclusion of legal tender as a payment option makes way for the 

participation of less technical investors outside the blockchain community. This is due to 

requirement for a crypto-wallet (equivalent of a bank account), which could restrict the 

access for the latter investor segment. Hence, ICO projects that do not offer the fiat money 

payment option are expected to miss out on vital external capital. 
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7.4 Trust mechanisms 

As introduced in Section 4.5.5, ICO projects can verify the teams’ identities through a KYC 

certificate with the purpose of mitigating risk for the investors and establishing trust between 

the two parties. The results display a strongly significant and positive correlation between 

the presence of a KYC certificate and the amount of funds raised at the 1% level. Evidently, 

ICO projects with this certification process in place will be likely to raise more funds than 

their unverified competitors. Previous related research from Table 2 have not produced 

significant findings in the area of trust certificates, but peripheral qualitative research on 

ICOs argue for both a positive (Yadav, 2017) and negative (Momtaz, 2018) influence. Still, 

the quantitative results of this study highlight the positive impact of a KYC on the access to 

external capital. For this reason, it is recommended that ICOs adopt the KYC certification 

process as this could work as a security for investors. By verifying the identity of team 

members, investors can be certain that the ICOs are trustworthy, allowing them to 

distinguish between genuine ventures and malicious ones. 

Trust mechanisms are not solely intended to comfort the investor side. With the concept of 

whitelisting, ICO initiators can require investors to register themselves in advance in order 

to participate in the token sale (Taçoğlu, 2020). The initial suggestion from Section 4.5.5 

implied that this concept could be of importance seeing that the exclusivity both could 

increase the attractiveness of the project, but also hinder investments due to the requirement 

for registration. The results did not find a significant relationship between the whitelist 

variable and the amount of funds raised. Evidently, verification and registration of the 

investors side should contrary to ICO team verification (KYC) not influence the access to 

external capital. For this reason, implementing a whitelisting procedure is not economically 

viable, but could still serve the intended purpose of mitigating risk. 

7.5 Control variables from the external environment 

The results revealed that the benchy rating, i.e. the internal automated rating system on the 

listing site ICOBench.com, do not have a significant effect on the amount raised. This point 

towards an investor side that gives little credibility to non-human assessments of the ICO 

projects in their investment decision making – even if these are based on advanced 

algorithms. Despite being specific to the data source of this study, this finding can be 
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transferred to the general ICO market seeing that the feature of an automated algorithm-

based rating systems have started to emerge on many of the alternative listing sites (Fintech 

Zoom, 2019). Likely due to the novelty of the feature, none of the related research from 

Table 2 has included the automated rating systems.  

As mentioned in Section 4.5.6, the expert rating is scored as an average across three 

parameters. To increase validity, the variable was broken down to its initial components, i.e. 

the parameters team, vision and product. These fragmented variables reveal that only one 

of the parameters shapes the result. The variable expert rating (team) is significant at the 

10% level and positively correlated to the amount of funding raised. Findings from related 

research on the area put forward that favorable ratings from a crowd of experts increases 

the probability of success for the ICO (Lee et al., 2019). Hence, the results expand existing 

literature by suggesting that solely the rating on the team parameter has a significant effect 

on the total amount of funds raised. This yet again emphasizes the importance team in the 

eye of the investors. 

The # expert ratings variable is significant at the 10% level and positively correlated with the 

amount of funds raised. This result suggests that the assessments by expert analysts 

contributes positively to the ICO projects’ ability to raise external capital. This verify existing 

findings on the area proposing that diverse opinions of multiple online analysts can produce 

an aggregate signal that reflects the quality of the startup – resulting in increased probability 

of ICO success (Lee et al., 2019). One could argue that analysts’ interest in the projects 

could enhance the credibility and hype around the ICOs, resulting in more capital raised. As 

touched upon in Section 4.5.6, this variable is controlled for seeing that the ICO internally 

do not have any direct influence on whether the individual analysts choose to review the 

project. Hence, practical guidelines cannot be provided in this respect. Still, it would be 

relevant for the capital seekers to investigate common patterns in the most rated ICOs with 

a view to making their project desirable in the eyes of the expert analysts. 

To investigate the impact of the cryptocurrency market, the variables log(BTCUSD) and 

log(ETHUSD) were included in the model. The results show that the Bitcoin price is 

significant at the 5% level and negatively correlated with the amount of funds raised, while 

the Ether price is significant at the 10% level and positively correlated with the amount of 

funds raised. Based on this, a positive development in the Bitcoin price will have a negative 
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impact on the total volume of funds raised. One could argue that when Bitcoin have a high 

performance, potential investors are less likely to invest in ICOs, due to the former appearing 

more lucrative. From an opportunity cost aspect, the incitement for speculating in Bitcoin is 

higher than the incitement for investing in ICOs. Vice versa, investors will be more willing to 

invest in ICOs when the Bitcoin currency has a low performance. None of the related 

research from Table 2 have detected a significant relationship like the one put forward by 

the results. 

On the other hand, a positive development in the price of Ether will have a positive impact 

on the total amount of funds raised in an ICO. Hence, one could argue that the volume of 

funding in ICOs follows the performance of Ether. This finding conflicts with similar research 

on the area suggesting that higher values for Ether decrease the likelihood of success in an 

ICO (Amsden & Schweizer, 2018). This disagreement could be due to the difference in 

success measure, i.e. dependent variable, but also the distinct data sets. Here it is important 

to highlight the massive inflation of the Ether price between 2017-2018 (Ethereum Price, 

2020). Furthermore, one could argue that the suggested positive relationship could 

explained by the close connection between Ethereum (the platform behind the Ether 

currency) and the ICO market. Looking at the ICO market, the vast majority of tokens are 

purchased by means of Ether and distributed through the Ethereum platform (Walter, 2018). 

Since ICOs cannot affect the performance of Bitcoin and Ether, these variables are 

controlled for to ruled out cofounding influence on the dependent variable. Still, ICO initiators 

should be aware of these significant relationships and include them in the planning process. 

As expected, the # duration variable is significant at the 5% level and negatively correlated 

with the total amount raised in the ICO. Despite the rationale of a bigger fundraising window 

resulting in better odds of collecting funding, the fact that the most successful ICOs close 

early due to their hard cap being reached distorts the picture. The negative relationship 

between duration and amount of funding raised is in line with similar research on the area 

(Fisch, 2019). This variable is controlled for with a view to ruling out any cofounding influence 

on the dependent variable. For this reason, recommendations related to the optimal duration 

cannot be given to the capital seekers despite the proven significance. 

Lastly, Section 4.5.6 introduced the variable Google search score as a possible determinant 

of fundraising success. This variable reflects the public interest in the ICO phenomenon 
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based on the search terms “ICO” and “Initial Coin Offering” – both in singular and plural 

form. The results show that this variable is strongly significant at the 1% level and positively 

correlated with the amount of funds raised in the ICO. This finding is in line with previous 

research on the area that also detected a positive relationship between search interest and 

funding volume (Albrecht et al., 2019). However, alternatively to the previous theorists, this 

study limited the variable to only cover the above mentioned ICO-specific terms, whereas 

the former theorists included the more comprehensive terms “blockchain” and 

“cryptocurrency”. Hence, this finding expands the existing literature by concluding a positive 

relationship free from potentially distorting influence of broad related trends. This variable is 

controlled due to it being determined by the external environment, making it close to 

impossible to influence for the ICO initiators. Still, by monitoring the public interest level in 

the phenomenon, one could argue that ICOs could benefit from timing their sales window. 

For this reason, it is recommended that ICOs, insofar this is possible, strive to set up the 

sale coordinately with peaks in the public interest. 

7.6 Implications for early stage ventures 

Taking outset in the motivation of providing clear recommendations to early stage ventures 

planning to start an ICO, specific guidelines rooted in the findings are put forward. As 

touched upon earlier, ICOs are reliant on the framework of listing sites in reducing the 

information asymmetry between them and potential investors. The independent variables 

explore how internally set characteristics and measures impact the volume of funding 

collected across the four categories: Capability signaling, token sale initiatives, financial 

details and trust mechanisms.  

Regarding capability signaling, it was found that having a large team behind the ICO has a 

positive impact on the amount raised. It is therefore recommended that capital seekers 

planning on raising money through a token sale assemble a large pool of human capital, 

and more importantly make information about the latter available to the potential investors. 

 In terms of token sale initiatives, it was found that promotional efforts in form of bonus 

schemes have a negative effect on the amount of funding collected. ICO initiators are 

therefore recommended to refrain from incorporating bonuses in the token sale, as these 

initiatives can give rise to suspicion among potential investors.  
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In relation to the financial details, the percentual number of tokens distributed showed to be 

negatively correlated with the volume of funding collected. Hence, ICO initiators should be 

alert when setting the ratio of tokens being offered to the public. Giving up too much 

ownership could signal lack of faith in the project and uncertainty about the future success. 

Furthermore, it was found that the acceptance of fiat, i.e. legal tender, has a positive impact 

on the funds raised. It is therefore highly recommended that ICO projects expand their 

payment acceptance to include fiat, seeing that this broadens the investor target group by 

enabling less technical actors outside the blockchain community to participate in the token 

sale. 

In the category of trust mechanism, it was found the verification of team members through 

a KYC process to be positively correlated with the volume of capital raised. For this reason, 

ICO initiators should adopt the KYC certification mechanism to mitigate risks for investors. 

By verifying the team behind the ICO, investors get security by being able to distinguish 

between genuine ventures and malicious ones. 

In addition, a variety of factors, i.e. expert rating (team), number of analyst ratings, Bitcoin 

price, Ether price, ICO duration and Google search score, set by the external environment 

have shown to have an impact on the volume of funding collected in the ICOs. ICO initiators 

cannot directly influence the course and values of these but should still be aware of the 

impact they have on volume of funding collected. 

7.7 Implications for other stakeholders 

Beside the early stage ventures in search for external financing, the findings of this study 

could also be relevant for additional stakeholders outside the primary audience. Having 

identified factors affecting the fundraising success of ICOs, profit-oriented actors on the 

investor-side can utilize this information in their selection process. ICOs who follow the 

recommendations should, all other things equal, collect higher volumes of funding than 

competing projects. In this way, investors could benefit from the knowledge produced in this 

study to speculate in successful ventures with a view to profit in the aftermarket. 

Furthermore, this study and its results can help regulators, financial institutions and actors 

in traditional entrepreneurial finance understand the phenomenon. 
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8. Limitations 

This study identifies success determinants for raising funds in ICOs taking outset in the 

various financial and non-financial signals visible to the investors. Still, the authors do not 

undermine the importance of the project idea in the ICO. It is to expect that a genius idea 

would be successful in raising funds regardless of its values in the proposed variables. 

However, it is important to highlight that the study indirectly incorporates the quality of the 

idea through the variables expert rating (product) and expert rating (vision). 

Despite efforts in including as many relevant variables as possible, several issues pertaining 

data accessibility and quality limit the generalizability of the results. As touch upon in Section 

1.1.2, several of the variables that could have an influence on the amount raised have not 

been obtainable. Adding to this, even with the cross tracking of difference listing sites, the 

possible presence of selection bias cannot be ruled out due to inconsistency among these 

data sources. In this context, site specific variables such as ratings bring subjectivity as it 

cannot be rejected that ICO projects have obtained contradicting ratings on other listing 

sites. Furthermore, keeping in mind that entries in the data stretches back to July 2017, it 

cannot be ruled out that information on the listing site has been altered since the past ICOs 

occurred.  

Moreover, the positivistic quantitative approach makes way for generalizability but does not 

allow for an in-depth understanding of the investors’ incentives. The findings of this study 

can suggest how the investors act but not why they do it. An interview-based approach 

allows the researchers to gain a richer understanding of the thought process behind 

selecting ventures to fund, but findings would be subjective and hence not transferable to 

the population of investors. 

Finally, it is unclear whether ICOs, or any other crypto-based financing mechanism for that 

sake, will become a major vehicle through which ventures acquire early stage financing. 

Evidently, the market has decreased considerably, but still account for notable transaction 

sums to date. However, future regulations could severely impact the field causing 

uncertainty among market participants. In this connection, one could argue that the future 

of the ICO depends on governing bodies and financial institutions. For the phenomenon to 
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break with its niche status in the market of entrepreneurial finance, it would require broad 

acceptance by regulators and the established financial systems. 

9. Future research – market developments 

The introduction revealed that the ICO market stagnated in mid-2018 and has been steadily 

decreasing up until now. This is said to be partly due to a decrease of the hype-effect and 

the slide of the Bitcoin. Furthermore, the market has fragmented itself across more regulated 

descendants, where especially IEOs are very similar in their structure and working 

(Strategy&, 2020). In fact, the two digital crowdfunding forms are so related that the terms 

are often used interchangeably suggesting that the transition is an attempt to escape the 

tainted reputation of the ICOs (ICO Market Trends, 2019). However, the main difference 

between the two lies in the issuer-investor connection. While ICOs take pride in 

disintermediation where all fundraising procedures are solely administered by the start-up, 

IEOs are conducted on a third-party exchange platform. These exchange platforms do not 

only facilitate the transaction, but also undertake due diligence related task such as project 

feasibility, evaluation of investment potential, KYC verification etc. (Quentin, 2020). This 

reintermediation is more appealing for the investor side as it increases transparency and 

lowers their sense of risk. On the other hand, IEOs are often exchange-specific, meaning 

that only user accounts from the specific exchange platform can participate. In this way, the 

IEO set-up limit the open access principle, causing criticism from blockchain experts in the 

community simply because it is against the core value of the technology (Mukherjee, 2019). 

Still, the market of IEOs has quickly gained momentum and beat the ICO market in terms of 

funds raised throughout the year 2019 (1.7 billion USD raised versus 371 million USD). 

However, in this connection it is important to underline that 1 billion USD was raised by a 

single outlier, i.e. Bitfinex LEO token – the all-time biggest IEO. Furthermore, the market is 

set to decrease in 2020 with the hype surrounding the new phenomenon dying out 

(Slyusarev, 2020). Nevertheless, IEOs should be seen as a serious contender in the market 

for crypto-based funding, threatening the position of the more incumbent ICO model. 

All in all, it would be relevant to investigate the IEO market with a similar study design to 

understand its dynamics and success factors. Such a study would not be comprehensive as 
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this time, seeing that available IEO data is scattered and limited in size; according to 

ICOBench.com numbers only 291 IEOs have been conducted up until now (Initial Exchange 

Offerings, 2020). 

10. Conclusion 

Section 2.5 established ICOs as being a lucrative and uncomplicated way for early stage 

ventures to raise funding utilizing the blockchain technology. In contrast to the traditional 

instruments in entrepreneurial finance, the ICO phenomenon offers a broad 

disintermediated access to both private and institutional tech-savvy investors. Limited 

requirements in terms of documentation and low transaction costs make the cryptocurrency 

based fundraising mechanism especially fitting for early stage ventures, as these often 

would be inferior in terms of the resources, track record and capital requirements subject to 

traditional financing channels. However, lack of formal requirements and regulation bring 

about risk for the investor side, as the ICO market suffers from issues related to scams and 

misconduct. Still, like with other high-risk investments, there are also high potential rewards 

to collect for the investor side due to favorable aftermarket conditions. 

Furthermore, the absence of a common standard in terms of documentation create 

information asymmetry between the participants. In this connection, the investor side rely 

on various financial and non-financial signals in shaping their perception of the tokens 

potential intrinsic value. Hence, this study takes outset in the information available to the 

investors through ICO listing sites. In addition, factors set by the external environment have 

also been included as these also could influence the amount of funds raised in the ICO. On 

the basis of the compiled data, the variables were divided across five categories according 

to their purpose, i.e. capability signaling, token sale initiatives, financial details, trust 

mechanisms and control variables from the external environment. 

In relation to capability signaling, the findings suggest that team size has a positive impact 

on the amount raised in ICOs. It is recommended that ICO initiators assemble a large team 

and make information about the latter available to the investor side. It is proposed that a 

large pool of human capital could improve the credibility of ICO projects in the eyes of the 

investors, resulting in an increase in the amount of funding raised.  
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As for token sale initiatives, the findings put forward that promotional efforts in form of bonus 

schemes have a negative impact on the amount of funding raised in the ICO. Hence, the 

recommendation is that ICO initiators refrain from incorporating bonuses in their token sale. 

Contradictory to the purpose of the promotional effort of boosting the sales, bonuses bring 

about an unwanted reverse effect. It is proposed that generous bonus initiatives give rise to 

suspicion among the potential investors, which could be a consequence of the tainted 

reputation of the ICO market. 

Regarding financial details, it was found that the percentual number of tokens distributed 

has a negative impact on the amount of funding raised in the ICO. It is suggested that the 

ratio of tokens being offered to the public reflects the ICO initiators’ belief in the project. 

Hence, giving up too much ownership could signal lack of faith in the project and uncertainty 

about the future success. For this reason, it is recommended that the early stage ventures 

keep this negative relationship in mind when setting their token distribution ratio. One could 

argue that the reduction in the percentual number of tokens distributed could be made up 

for in the unit price setting, seeing that the results found the latter to be insignificant. 

Furthermore, it was found that the acceptance of fiat money has a positive impact on the 

amount of funding raised in the ICO. It is suggested that the inclusion of legal tender as a 

mean of payment broadens the investor target group by allowing actors outside the 

blockchain community to participate. For this reason, it is highly recommended that ICO 

initiators expand their payment acceptance to cover fiat money. 

In the category of trust mechanism, the findings suggest that KYC certification is positively 

correlated with the amount of funding raised in the ICO. For this reason, ICO initiators should 

adopt the KYC certification mechanism to mitigate risks for investors. By verifying the identity 

of team members, the potential investors can be certain that the ICOs are trustworthy, 

allowing them to distinguish between genuine ventures and malicious ones. The increased 

trust from the investor side is thereby reflected in their investment levels. 

Lastly, the findings suggest that several factors from the external environment influence the 

amount of funding raised in an ICO. ICO initiators cannot directly influence the course and 

values of these but should still be aware of the impact they have on volume of funding 

collected.  
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The expert rating related to the team parameter was found to have a positive impact on the 

amount of funding raised in the ICO, suggesting that projects scoring high on this metric are 

likely to collect higher volumes of capital. The number of expert ratings was found to have a 

positive impact on the on the amount of funding raised in the ICO, suggesting that the expert 

analysts’ interest in the projects could enhance the credibility and hype around the ICO. 

Moreover, the prices of the two main cryptocurrencies, i.e. Bitcoin and Ether, are 

respectively positively and negatively correlation with the amount of funding raised in an 

ICO. This suggest that ICO initiators could benefit from including the cryptocurrency price 

developments in the timing of their token sale. Furthermore, the duration of the ICO was 

found to be negatively correlated with the amount of funding raised. However, this variable 

was only included to rule out cofounding influence, seeing that successful token sales 

ending early due to their hard cap being reached distort the results. Hence, 

recommendations related to optimal duration cannot be given. Finally, Google search score 

was found to be positively correlated with the amount of funding raised in an ICO, suggesting 

that token sales collect higher volumes of funding during periods with increased public 

interest in the phenomenon. For this reason, it is recommended that ICOs, insofar this is 

possible, strive to set up the sale coordinately with peaks in the public interest. 
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Appendix 1: Example of the investor view of an ICO on 

the listing site ICObench.com 

Landing page: 
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Appendix 2: Example of ICObench.com warning stating 

that the ICO is suspicious 
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Appendix 3: Boxplot of variables without a pre-defined 

range 
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Appendix 4: Summary statistics with identified extreme 

observations removed from the sample 

 

  

Variable N Mean St. Dev. Min Pctl(25) Pctl(75) Max
log(amount raised) 689 15.182 1.632 5.242 14.221 16.365 19.365
Whitepaper 689 0.990 0.100 0.000 1.000 1.000 1.000
Source code 689 0.829 0.445 0.000 0.000 1.000 1.000
MVP/Prototype 689 0.074 0.262 0.000 0.000 0.000 1.000
# Team size 689 10.550 5.328 1.000 7.000 13.000 33.000
Advisors 689 0.842 0.365 1.000 1.000 1.000
Pre-ICO 689 0.591 0.492 0.000 0.000 1.000 1.000
ICO bonus 689 0.479 0.500 0.000 0.000 1.000 1.000
Initial token price 689 0.577 2.289 0.0001 0.043 0.500 39.970
% tokens distributed 689 0.547 0.196 0.015 0.400 0.700 1.000
Hard cap 689 0.913 0.282 0.000 1.000 1.000 1.000
Soft cap 689 0.659 0.474 0.000 0.000 1.000 1.000
# Cryptocurrencies accepted 689 2.134 1.532 1.000 1.000 3.000 8.000
FIAT acceptance 689 0.179 0.383 0.000 0.000 0.000 1.000
KYC 689 0.573 0.495 0.000 0.000 1.000 1.000
Whitelist 689 0.351 0.478 0.000 0.000 1.000 1.000
Benchy rating 689 3.451 0.562 1.800 3.000 3.900 5.000
Expert rating (team) 689 3.860 0.845 1.000 3.400 4.400 5.000
Expert rating (vision) 689 3.844 0.814 1.000 3.500 4.400 5.000
Expert rating (product) 689 3.585 0.831 1.000 3.100 4.100 5.000
# Expert ratings 689 8.618 9.021 1.000 2.000 12.000 51.000
log(BTCUSD) 689 8.939 0.334 8.140 8.776 9.147 9.729
log(ETHUSD) 689 5.983 0.617 4.585 5.447 6.464 7.149
# Duration 689 56.222 49.330 0.000 28.000 75.000 274.000
Google search score 689 23.958 9.175 10.250 17.087 29.000 55.904
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Appendix 5: OLS estimates with and without outliers 

using the homoscedasticity-only standard errors 

 

OLS (full sample) OLS (no outliers)

Capability signaling
Whitepaper -0.268 -0.287

(0.523) (0.559)

Source code -0.231* -0.216
(0.136) (0.140)

MVP/Prototype -0.148 -0.166
(0.249) (0.253)

# Team size 0.028*** 0.031***
(0.010) (0.011)

Advisors 0.297* 0.214
(0.160) (0.163)

Token sale initiatives
Pre-ICO 0.120 0.164

(0.116) (0.119)

ICO bonus -0.233** -0.247**
(0.114) (0.117)

Financial details
Initial token price 0.001 -0.002

(0.005) (0.025)

% tokens distributed -1.178*** -1.229***
(0.291) (0.299)

Hard cap -0.027 -0.028
(0.213) (0.221)

Soft cap -0.224* -0.205
(0.130) (0.133)

# Cryptocurrencies accepted -0.008 0.009
(0.035) (0.038)

FIAT acceptance 0.342** 0.320**
(0.150) (0.152)

Trust mechanisms
KYC 0.530*** 0.534***

(0.151) (0.155)

Whitelist -0.056 -0.045
(0.130) (0.134)

Control variables
Benchy rating -0.009 0.017

(0.135) (0.140)

Expert rating (team) 0.222** 0.215*
(0.111) (0.113)

Expert rating (vision) -0.131 -0.151
(0.121) (0.123)

Expert rating (product) 0.129 0.157
(0.126) (0.123)

# Expert ratings 0.009 0.008
(0.006) (0.007)

log(BTCUSD) -0.737*** -0.790***
(0.281) (0.285)

log(ETHUSD) 0.376** 0.407**
(0.169) (0.173)

# Duration -0.002** -0.003*
(0.001) (0.001)

Google search score 0.057*** 0.058***
(0.010) (0.010)

Constant 17.848*** 18.084***
(2.117) (2.148)

Observations 715 689
R2 0.248 0.242
Adjusted R2 0.222 0.215
Note: *p<0.1; **p<0.05; ***p<0.01
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Appendix 6: OLS estimates with and without outliers 

using heteroscedastic-robust standard errors 

 

OLS (full sample) OLS (no outliers)

Capability signaling
Whitepaper -0.268 -0.287

(0.442) (0.497)

Source code -0.231 -0.216
(0.144) (0.149)

MVP/Prototype -0.148 -0.166
(0.281) (0.288)

# Team size 0.028*** 0.031***
(0.009) (0.010)

Advisors 0.297 0.214
(0.182) (0.180)

Token sale initiatives
Pre-ICO 0.120 0.164

(0.122) (0.126)

ICO bonus -0.233** -0.247**
(0.114) (0.119)

Financial details
Initial token price 0.001 -0.002

(0.003) (0.025)

% tokens distributed -1.178*** -1.229***
(0.306) (0.315)

Hard cap -0.027 -0.028
(0.214) (0.227)

Soft cap -0.224 -0.205
(0.139) (0.143)

# Cryptocurrencies accepted -0.008 0.009
(0.041) (0.046)

FIAT acceptance 0.342** 0.320**
(0.152) (0.156)

Trust mechanisms
KYC 0.530*** 0.534***

(0.159) (0.159)

Whitelist -0.056 -0.045
(0.127) (0.129)

Control variables
Benchy rating -0.009 0.017

(0.133) (0.140)

Expert rating (team) 0.222* 0.215*
(0.128) (0.129)

Expert rating (vision) -0.131 -0.151
(0.151) (0.154)

Expert rating (product) 0.129 0.157
(0.141) (0.147)

# Expert ratings 0.009* 0.008
(0.005) (0.007)

log(BTCUSD) -0.737** -0.790**
(0.356) (0.361)

log(ETHUSD) 0.376* 0.407**
(0.196) (0.201)

# Duration -0.002** -0.003*
(0.001) (0.001)

Google search score 0.057*** 0.058***
(0.010) (0.011)

Constant 17.848*** 18.084***
(2.437) (2.464)

Observations 715 689
R2 0.248 0.242
Adjusted R2 0.222 0.215
Note: *p<0.1; **p<0.05; ***p<0.01
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Appendix 7: Correlation matrix 

 

log(Amoun
t Raised)

Whitepape
r

Source 
code

MVP/Proto
type

# Team 
size

Advisors
Pre-ICO

ICO bonus

Initial 
token 
price

% tokens 
distributed

Hardcap
Softcap

# Cryptocurr
encies 
accepted

FIAT 
acceptanc
e

KYC
Whitelist

Benchy 
rating

Expert 
rating 
(team)

Expert 
rating 
(vision)

Expert 
rating 
(product)

# Expert 
ratings

log(BTCU
SD)

log(ETHU
SD)

# Duration

Google 
search 
score

log(amount raised)
1.000

Whitepaper
0.004

1.000
Source code

-0.074
-0.004

1.000
MVP/Prototype

-0.185
-0.073

0.048
1.000

# Team size
0.171

-0.035
0.068

-0.045
1.000

Advisors
0.143

0.028
0.124

-0.118
0.125

1.000
Pre-ICO

-0.018
-0.034

0.087
0.068

0.047
0.060

1.000
ICO bonus

-0.155
-0.003

0.127
0.116

0.046
0.053

0.084
1.000

Initial token price
-0.010

0.009
0.020

-0.027
-0.024

0.003
-0.035

0.013
1.000

% tokens distributed
-0.156

0.023
0.043

-0.033
-0.042

-0.025
0.058

0.117
0.044

1.000
Hard cap

0.015
-0.032

0.063
-0.011

0.033
0.146

0.082
-0.014

-0.034
-0.039

1.000
Soft cap

-0.103
0.009

0.139
0.027

0.113
0.073

0.226
0.136

-0.019
0.052

0.346
1.000

# Cryptocurrencies accepted
-0.029

0.003
-0.010

0.017
0.049

-0.010
0.061

0.131
-0.036

0.148
0.044

0.093
1.000

FIAT acceptance
0.073

-0.020
-0.115

0.081
0.053

-0.003
0.036

-0.005
-0.031

0.009
0.037

0.042
0.237

1.000
KYC

0.094
-0.010

0.114
0.054

0.191
0.204

0.148
0.094

-0.065
-0.095

0.205
0.210

0.057
0.116

1.000
Whitelist

0.019
-0.003

0.099
0.003

0.164
0.144

0.101
0.077

-0.029
-0.092

0.124
0.166

-0.025
0.018

0.434
1.000

Benchy rating
-0.023

0.074
0.358

0.187
0.156

0.237
0.155

0.146
-0.075

-0.026
0.188

0.248
0.095

0.114
0.529

0.217
1.000

Expert rating (team)
0.195

0.001
0.123

-0.001
0.249

0.208
0.069

-0.054
-0.014

-0.092
0.173

0.051
0.018

0.080
0.310

0.190
0.241

1.000
Expert rating (vision)

0.146
-0.047

0.135
0.000

0.152
0.155

0.105
-0.058

0.028
-0.116

0.146
0.039

0.008
0.057

0.247
0.125

0.176
0.735

1.000
Expert rating (product)

0.152
-0.016

0.147
0.028

0.158
0.156

0.085
-0.060

0.001
-0.063

0.141
0.040

0.022
0.074

0.240
0.096

0.178
0.771

0.811
1.000

# Expert ratings
0.158

0.035
0.206

-0.050
0.187

0.195
0.127

0.048
-0.043

0.045
0.084

0.105
0.083

0.023
0.249

0.174
0.322

0.227
0.161

0.185
1.000

log(BTCUSD)
0.110

-0.016
-0.124

0.010
-0.070

-0.047
-0.057

-0.042
0.017

0.102
-0.033

-0.143
-0.031

-0.037
-0.267

-0.221
-0.277

-0.101
-0.091

-0.089
0.066

1.000
log(ETHUSD)

0.236
0.038

-0.109
-0.306

-0.038
0.020

-0.074
-0.088

-0.005
0.097

-0.031
-0.157

-0.023
-0.061

0.248
-0.156

-0.353
-0.126

-0.086
-0.107

0.136
0.754

1.000
# Duration

-0.183
-0.025

0.082
0.110

-0.011
0.001

0.080
0.153

0.014
0.157

0.042
0.117

0.157
0.122

0.088
0.003

0.168
-0.042

-0.067
-0.050

0.033
-0.132

-0.199
1.000

Google search score
0.278

0.046
-0.110

-0.323
-0.039

-0.005
-0.179

-0.153
0.052

0.108
-0.101

-0.218
-0.051

-0.096
-0.427

-0.300
-0.375

-0.110
-0.073

-0.105
0.057

0.620
0.714

-0.218
1.000
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Appendix 8: OLS estimates with and without robust 

standard errors 

 

OLS (homoscedasticity-only standard errors) OLS (heteroscedastic-robust standard errors)

Capability signaling
Whitepaper -0.268 -0.268

(0.523) (0.442)

Source code -0.231* -0.231
(0.136) (0.144)

MVP/Prototype -0.148 -0.148
(0.249) (0.281)

# Team size 0.028*** 0.028***
(0.010) (0.009)

Advisors 0.297* 0.297
(0.160) (0.182)

Token sale initiatives
Pre-ICO 0.120 0.120

(0.116) (0.122)

ICO bonus -0.233** -0.233**
(0.114) (0.114)

Financial details
Initial token price 0.001 0.001

(0.005) (0.003)

% tokens distributed -1.178*** -1.178***
(0.291) (0.306)

Hard cap -0.027 -0.027
(0.213) (0.214)

Soft cap -0.224* -0.224
(0.130) (0.139)

# Cryptocurrencies accepted -0.008 -0.008
(0.035) (0.041)

FIAT acceptance 0.342** 0.342**
(0.150) (0.152)

Trust mechanisms
KYC 0.530*** 0.530***

(0.151) (0.159)

Whitelist -0.056 -0.056
(0.130) (0.127)

Control variables
Benchy rating -0.009 -0.009

(0.135) (0.133)

Expert rating (team) 0.222** 0.222*
(0.111) (0.128)

Expert rating (vision) -0.131 -0.131
(0.121) (0.151)

Expert rating (product) 0.129 0.129
(0.126) (0.141)

# Expert ratings 0.009 0.009*
(0.006) (0.005)

log(BTCUSD) -0.737*** -0.737**
(0.281) (0.356)

log(ETHUSD) 0.376** 0.376*
(0.169) (0.196)

# Duration -0.002** -0.002**
(0.001) (0.001)

Google search score 0.057*** 0.057***
(0.010) (0.010)

Constant 17.848*** 17.848***
(2.117) (2.437)

Observations 715 715
R2 0.248 0.248
Adjusted R2 0.222 0.222
Note: *p<0.1; **p<0.05; ***p<0.01
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Appendix 9: OLS estimates using various sets of 

independent variables with robust standard errors 

 

Dependent variable: log(amount raised) (1) (2) (3) (4) (5)

Capability signaling
Whitepaper -0.438 -0.268

(0.538) (0.442)

Source code -0.308 -0.231
(0.141) (0.144)

MVP/Prototype -0.172 -0.148
(0.290) (0.281)

# Team size 0.030*** 0.028***
(0.009) (0.009)

Advisors 0.314* 0.297
(0.190) (0.182)

Token sale initiatives
Pre-ICO 0.061 0.120

(0.122) (0.122)

ICO bonus -0.302*** -0.233**
(0.117) (0.114)

Financial details
Initial token price 0.002 0.001

(0.003) (0.003)

% tokens distributed -1.320*** -1.178***
(0.302) (0.306)

Hard cap 0.064 -0.027
(0.217) (0.214)

Soft cap -0.188 -0.224
(0.134) (0.139)

# Cryptocurrencies accepted -0.013 -0.008
(0.043) (0.041)

FIAT acceptance 0.429*** 0.342**
(0.153) (0.152)

Trust mechanisms
KYC 0.648*** 0.530***

(0.155) (0.159)

Whitelist -0.043 -0.056
(0.128) (0.127)

Control variables
Benchy rating 0.171 0.143 0.123 -0.091 -0.009

(0.128) (0.122) (0.121) (0.122) (0.133)

Expert rating (team) 0.283** 0.377*** 0.352*** 0.326** 0.222*
(0.134) (0.131) (0.129) (0.130) (0.128)

Expert rating (vision) -0.059 -0.074 0.115 -0.094 -0.131
(0.154) (0.152) (0.150) (0.153) (0.151)

Expert rating (product) 0.109 0.058 0.096 0.08 0.129
(0.144) (0.144) (0.141) (0.145) (0.141)

# Expert ratings 0.010** 0.011** 0.013** 0.009* 0.009*
(0.005) (0.005) (0.005) (0.005) (0.005)

log(BTCUSD) -0.828** -0.907*** -0.937*** -0.865*** -0.737**
(0.373) (0.334) (0.324) (0.327) (0.356)

log(ETHUSD) 0.463** 0.524*** 0.531*** 0.412** 0.376*
(0.204) (0.188) (0.189) (0.184) (0.196)

# Duration -0.003*** -0.003*** -0.003** -0.003*** -0.002**
(0.001) (0.001) (0.001) (0.001) (0.001)

Google search score 0.046*** 0.045*** 0.050*** 0.060*** 0.057***
(0.009) (0.009) (0.009) (0.010) (0.010)

Constant 17.125*** 17.394*** 18.277*** 17.902*** 17.848***
(2.482) (2.171) (2.133) (2.190) (2.437)

Observations 715 715 715 715 715
R2 0.197 0.177 0.206 0.191 0.248
Adjusted R2 0.181 0.165 0.189 0.178 0.222
Note: *p<0.1; **p<0.05; ***p<0.01
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Appendix 10: Summary statistics with soft cap reached 

as the dependent variable 

 

  

Variable N Mean St. Dev. Min Pctl(25) Pctl(75) Max
Soft cap reached 476 0.687 0.464 0.000 0.000 1.000 1.000
Whitepaper 476 0.989 0.102 0.000 1.000 1.000 1.000
Source code 476 0.775 0.418 0.000 1.000 1.000 1.000
MVP/Prototype 476 0.078 0.268 0.000 0.000 0.000 1.000
# Team size 476 11.294 6.193 1.000 7.000 14.000 48.000
Advisors 476 0.863 0.344 0.000 1.000 1.000 1.000
Pre-ICO 476 0.670 0.471 0.000 0.000 1.000 1.000
ICO bonus 476 0.534 0.499 0.000 0.000 1.000 1.000
Initial token price 476 1.021 11.121 0.0001 0.039 0.377 230.770
% tokens distributed 476 0.553 0.192 0.036 0.430 0.700 1.000
Hard cap 476 0.983 0.129 0.000 1.000 1.000 1.000
# Cryptocurrencies accepted 476 2.277 1.655 1.000 1.000 3.000 11.000
FIAT acceptance 476 0.189 0.392 0.000 0.000 0.000 1.000
KYC 476 0.651 0.477 0.000 0.000 1.000 1.000
Whitelist 476 0.416 0.493 0.000 0.000 1.000 1.000
Benchy rating 476 3.554 0.547 1.800 3.200 3.900 5.000
Expert rating (team) 476 3.902 0.804 1.000 3.600 4.400 5.000
Expert rating (vision) 476 3.879 0.800 1.000 3.500 4.400 5.000
Expert rating (product) 476 3.623 0.805 1.000 3.200 4.100 5.000
# Expert ratings 476 10.084 12.103 1.000 2.000 13.000 96.000
log(BTCUSD) 476 8.906 0.327 8.140 8.766 9.103 9.717
log(ETHUSD) 476 5.915 0.644 4.585 5.339 6.434 7.108
# Duration 476 62.889 54.990 0.000 29.000 87.000 388.000
Google search score 476 22.588 8.675 10.250 16.638 26.073 63.750
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Appendix 11: Data 

Please see attached Excel document. 
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Appendix 12: R-code (optional) 

########################################## 
############ 1. LOAD PACKAGES ############ 
########################################## 
 

packages <- c("abind", "AER", "astsa", "car", "caret", "cowplot", "censReg", 
              "data.table", "dummies", "devtools", "dynlm", "effects", 
              "Synth", 
              "fBasics", "fGarch", "forecast", "foreign", 
              "ggplot2", "haven", "knitr", 
              "lfe", "lubridate", "lmtest", 
              "matrixcalc", "maps", "matrixStats", "mfx", "orcutt", 
              "pdfetch", "plm", "RcppArmadillo", "quantmod", "quantreg", 
              "readr", "readstata13", "roxygen2", "rmgarch", "rugarch", 
              "rmarkdown", "sampleSelection", "sandwich", "seasonal", "stargazer", 
              "survival", "systemfit", "texreg", "tidyverse", "timeSeries", "tseries", 
              "truncreg", "TTR", "urca", "vars", "VARsignR", 
              "xtable", "xts", "zoo","tinytex") 
install.packages(packages, dependencies = TRUE) 
packages[!(packages %in% installed.packages()[, "Package"])] 
 

########################################## 
############# 2. LOAD DATA ############### 
########################################## 
 

library(stargazer); library(AER) 
#load data 

mydata <- read.table("mydata.csv", 
#get summary statistics 

sep = ",", header = TRUE, skip = 0, 
stringsAsFactors = FALSE) 
stargazer(mydata, type = "text") 
 

########################################## 
############# 3. DATA PREP ############### 
########################################## 
 

#Take log of desired variables to make them "linear" 

mydata$log_ico_raised <- log(mydata$ico_raised) 
mydata$log_BTCUSD <- log(mydata$BTCUSD) 
mydata$log_ETHUSD <- log(mydata$ETHUSD) 
 

#Create new data set with desired variables 

mydata2 <- mydata[,c(26, 1,3:22, 25,27:28)] 
mydata2 
 

#Get summary statistics 

stargazer(mydata2, type = "text") 
 

########################################## 
############ 4. BOXPLOTS ################# 
########################################## 
 

#APPENDIX 

par(mfrow=c(4,4)) 
boxplot(x = mydata2$log_ico_raised, main="Boxplot of log(Amount Raised)") 
boxplot(x = mydata2$team_size, main="Boxplot of # Team size") 
boxplot(x = mydata2$ico_price_in_ico, main="Boxplot of Initial token price") 
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boxplot(x = mydata2$ico_distributed_in_ico, main="Boxplot of % tokens distributed") 
boxplot(x = mydata2$ico_NacceptingCrypto, main="Boxplot of # Cryptocurrencies accepted") 
boxplot(x = mydata2$ico_rating_benchy, main="Boxplot of Benchy rating") 
boxplot(x = mydata2$ico_rating_expert_team, main="Boxplot of Expert rating (team)") 
boxplot(x = mydata2$ico_rating_expert_vision, main="Boxplot of Expert rating (vision)") 
boxplot(x = mydata2$ico_rating_expert_product, main="Boxplot of Expert rating (product)") 
boxplot(x = mydata2$number_expert_ratings, main="Boxplot of # Expert ratings") 
boxplot(x = mydata2$log_BTCUSD, main="Boxplot of log(BTCUSD)") 
boxplot(x = mydata2$log_ETHUSD , main="Boxplot of log(ETHUSD)") 
boxplot(x = mydata2$ico_duration , main="Boxplot of # Duration") 
boxplot(x = mydata2$SearchTrends, main="Boxplot of Google search score") 
dev.off() 
 

 

########################################## 
############ 5. Data inspection ########## 
########################################## 
 

library(tidyverse)  
 

#ICO amount raised 

par(mfrow=c(2,2)) 
hist(mydata$ico_raised, main="Histogram of amount raised") 
hist(mydata2$log_ico_raised, main="Histogram of log(amount raised)") 
dev.off() 
 

#Team size 

par(mfrow=c(2,2)) 
plot(x = mydata2$team_size,y = mydata2$log_ico_raised, main="Scatterplot of log(amount raised) vs
. # team size") 
hist(mydata2$team_size, main="Histogram of # team size") 
dev.off() 
 

#Initial token price 

par(mfrow=c(2,2)) 
plot(x = mydata2$ico_price_in_ico, main="Scatterplot of initial token price") 
boxplot(x = mydata2$ico_price_in_ico, main="Boxplot of initial token price") 
dev.off() 
 

#Tokens distributed 

par(mfrow=c(2,2)) 
plot(x = mydata2$ico_distributed_in_ico,y = mydata2$log_ico_raised,  
     main="Scatterplot of log(amount raised) vs. % tokens distributed") 
hist(mydata2$ico_distributed_in_ico, main="Histogram of % tokens distributed") 
dev.off() 
 

#Cryptocurrencies accepted 

par(mfrow=c(3,3)) 
plot(x = mydata2$ico_NacceptingCrypto, main="Scatterplot of # cryptocurrencies accepted") 
boxplot(x = mydata2$ico_NacceptingCrypto, main="Boxplot of # cryptocurrencies acceptede") 
hist(mydata2$ico_NacceptingCrypto, main="Histogram of # cryptocurrencies accepted") 
dev.off() 
 

#Benchy rating 

par(mfrow=c(2,2)) 
boxplot(x = mydata2$ico_rating_benchy, main="Boxplot of benchy rating") 
hist(mydata2$ico_rating_benchy, main="Histogram of benchy rating") 
dev.off() 
 

#Expert rating 

par(mfrow=c(2,3)) 
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plot(x = mydata2$ico_rating_expert_team,y = mydata2$log_ico_raised,  
     main="Scatterplot of log(amount raised) vs. expert rating (team)") 
plot(x = mydata2$ico_rating_expert_vision,y = mydata2$log_ico_raised,  
     main="Scatterplot of log(amount raised) vs. expert rating (vision)") 
plot(x = mydata2$ico_rating_expert_product,y = mydata2$log_ico_raised,  
     main="Scatterplot of log(amount raised) vs. expert rating (product)") 
hist(mydata2$ico_rating_expert_team, main="Histogram of expert rating (team)") 
hist(mydata2$ico_rating_expert_vision, main="Histogram of expert rating (vision)") 
hist(mydata2$ico_rating_expert_product, main="Histogram of expert rating (product)") 
dev.off() 
 

#BTCUSD and ETHUSD 

par(mfrow=c(3,2)) 
plot(x = mydata2$log_BTCUSD,y = mydata2$log_ico_raised,  
     main="Scatterplot of log(amount raised) vs. log(BTCUSD)") 
plot(x = mydata2$log_ETHUSD,y = mydata2$log_ico_raised,  
     main="Scatterplot of log(amount raised) vs. log(ETHUSD)") 
hist(mydata2$log_BTCUSD, main="Histogram of log(BTCUSD)") 
hist(mydata2$log_ETHUSD, main="Histogram of log(ETHUSD)") 
dev.off() 
 

#Duration 

par(mfrow=c(2,2)) 
plot(x = mydata2$ico_duration,y = mydata2$log_ico_raised,  
     main="Scatterplot of log(amount raised) vs. # duration") 
boxplot(mydata2$ico_duration, main="Boxplot of # duration") 
dev.off() 
 

#Duration 

par(mfrow=c(2,2)) 
plot(x = mydata2$SearchTrends,y = mydata2$log_ico_raised,  
     main="Scatterplot of log(amount raised) vs. Google search score") 
hist(mydata2$SearchTrends, main="Histogram of Google search score") 
dev.off() 
 

 

 

########################################## 
########## 6. OUTLIER DETECTION ########### 
########################################## 
 

# initial token price and duration plot 

par(mfrow=c(2,3)) 
boxplot(x = mydata2$team_size, main="Scatterplot of # Team size") 
boxplot(x = mydata2$ico_price_in_ico, main="Scatterplot of Initial token price") 
boxplot(x = mydata2$ico_NacceptingCrypto, main="Scatterplot of # Cryptocurrencies accepted") 
boxplot(x = mydata2$number_expert_ratings, main="Scatterplot of # Expert ratings") 
boxplot(x = mydata2$ico_duration , main="Scatterplot of # Duration") 
boxplot(x = mydata2$SearchTrends, main="Scatterplot of Google search score") 
dev.off() 
 

        
########################################## 
############# 7. CORR + VIF ############## 
########################################## 
 

#correlation matrix 

res <- cor(mydata2) 
round(res, 3) 
 

#vif matrix 
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vif <- lm(log_ico_raised ~ ico_duration + team_size + advisory_board 
              + number_expert_ratings + ico_rating_benchy + ico_rating_expert_team 
              + ico_rating_expert_vision + ico_rating_expert_product 
              + ico_preico + ico_price_in_ico + ico_bonus + ico_mvp_prototype 
              + ico_NacceptingCrypto + ico_acceptingFIAT + ico_softcap 
              + ico_hardcap + ico_whitelist + ico_kyc + ico_distributed_in_ico 
              + ico_whitepaper + ico_github + SearchTrends + log_BTCUSD + log_ETHUSD  
              , mydata2) 
vif(vif) 
 

 

########################################## 
############ 8. Run MODEL ################ 
########################################## 
 

#8.1 OLS with log_ico_raised as dependent variable and capability signaling variables 

model.1 <- lm(log_ico_raised ~ ico_whitepaper + ico_github + ico_mvp_prototype 
              + team_size + advisory_board 
              #controls 
              + ico_rating_benchy + ico_rating_expert_team + ico_rating_expert_vision  
              + ico_rating_expert_product + number_expert_ratings + log_BTCUSD + log_ETHUSD  
              + ico_duration + SearchTrends 
              , mydata2) 
stargazer(model.1, type = "text") 
library(lmtest) 
model.1_heteroscedasticity <- bptest(model.1) 
model.1_heteroscedasticity #suggests heteroscedasticity is present 
#Get the white heteroskedasticity consistent standard errors 

se_hc.1 <- sqrt(diag(hccm(model.1))) 
#Print using stargazer. Note that we want to replace the current se's 

#from the model with the heteroskedasticity consistent se's that we just calculated.  

stargazer(model.1, type = "text", 
          se = list(se_hc.1,NULL), keep.stat = c("n", "rsq", "adj.rsq") ) 
 

#8.2 OLS with log_ico_raised as dependent variable and token sales initiatives 

model.2 <- lm(log_ico_raised ~ ico_preico + ico_bonus 
              #controls 
              + ico_rating_benchy + ico_rating_expert_team + ico_rating_expert_vision  
              + ico_rating_expert_product + number_expert_ratings + log_BTCUSD + log_ETHUSD  
              + ico_duration + SearchTrends 
              , mydata2) 
stargazer(model.2, type = "text") 
model.2_heteroscedasticity <- bptest(model.2) 
model.2_heteroscedasticity #suggests heteroscedasticity is present 
#Get the white heteroskedasticity consistent standard errors 

se_hc.2 <- sqrt(diag(hccm(model.2))) 
#Print using stargazer. Note that we want to replace the current se's 

#from the model with the heteroskedasticity consistent se's that we just calculated.  

stargazer(model.2, type = "text", 
          se = list(se_hc.2,NULL), keep.stat = c("n", "rsq", "adj.rsq") ) 
 

#8.3 OLS with log_ico_raised as dependent variable and financial details 

model.3 <- lm(log_ico_raised ~ ico_price_in_ico 
              + ico_distributed_in_ico + ico_hardcap + ico_softcap + ico_NacceptingCrypto 
              + ico_acceptingFIAT 
              #controls 
              + ico_rating_benchy + ico_rating_expert_team + ico_rating_expert_vision  
              + ico_rating_expert_product + number_expert_ratings + log_BTCUSD + log_ETHUSD  
              + ico_duration + SearchTrends 
              , mydata2) 
stargazer(model.3, type = "text") 
model.3_heteroscedasticity <- bptest(model.3) 
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model.3_heteroscedasticity #suggests heteroscedasticity is present 
#Get the white heteroskedasticity consistent standard errors 

se_hc.3 <- sqrt(diag(hccm(model.3))) 
#Print using stargazer. Note that we want to replace the current se's 

#from the model with the heteroskedasticity consistent se's that we just calculated.  

stargazer(model.3, type = "text", 
          se = list(se_hc.3,NULL), keep.stat = c("n", "rsq", "adj.rsq") ) 
 

#8.4 OLS with log_ico_raised as dependent variable and trust mechanisms 

model.4 <- lm(log_ico_raised ~ ico_kyc + ico_whitelist  
              #controls 
              + ico_rating_benchy + ico_rating_expert_team + ico_rating_expert_vision  
              + ico_rating_expert_product + number_expert_ratings + log_BTCUSD + log_ETHUSD  
              + ico_duration + SearchTrends 
              , mydata2) 
stargazer(model.4, type = "text") 
model.4_heteroscedasticity <- bptest(model.4) 
model.4_heteroscedasticity #suggests heteroscedasticity is present 
#Get the white heteroskedasticity consistent standard errors 

se_hc.4 <- sqrt(diag(hccm(model.4))) 
#Print using stargazer. Note that we want to replace the current se's 

#from the model with the heteroskedasticity consistent se's that we just calculated.  

stargazer(model.4, type = "text", 
          se = list(se_hc.4,NULL), keep.stat = c("n", "rsq", "adj.rsq") ) 
 

#8.5 OLS with log_ico_raised as dependent variable  

model.5 <- lm(log_ico_raised ~ ico_whitepaper + ico_github + ico_mvp_prototype 
              + team_size + advisory_board + ico_preico + ico_bonus + ico_price_in_ico 
              + ico_distributed_in_ico + ico_hardcap + ico_softcap + ico_NacceptingCrypto 
              + ico_acceptingFIAT + ico_kyc + ico_whitelist  
              #controls 
              + ico_rating_benchy + ico_rating_expert_team + ico_rating_expert_vision  
              + ico_rating_expert_product + number_expert_ratings + log_BTCUSD + log_ETHUSD  
              + ico_duration + SearchTrends 
              , mydata2) 
stargazer(model.5, type = "text") 
model.5_heteroscedasticity <- bptest(model.5) 
model.5_heteroscedasticity #suggests heteroscedasticity is present 
#Get the white heteroskedasticity consistent standard errors 

se_hc.5 <- sqrt(diag(hccm(model.5))) 
#Print using stargazer. Note that we want to replace the current se's 

#from the model with the heteroskedasticity consistent se's that we just calculated.  

stargazer(model.5, type = "text", 
se = list(se_hc.5,NULL), keep.stat = c("n", "rsq", "adj.rsq") ) 
 

########################################## 
########### 9. NO OUTLIERS ############### 
########################################## 
 

#load data 

no_outliers <- read.table("no_outliers.csv", 
                          
                         #get summary statistics 
                         sep = ",", header = TRUE, skip = 0, 
                         stringsAsFactors = FALSE) 
stargazer(no_outliers, type = "text") 
 

#data prep 

no_outliers$log_ico_raised <- log(no_outliers$ico_raised) 
no_outliers$log_BTCUSD <- log(no_outliers$BTCUSD) 
no_outliers$log_ETHUSD <- log(no_outliers$ETHUSD) 
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#Create new data set with desired variables 

no_outliers2 <- no_outliers[,c(26, 1,3:22, 25,27:28)] 
no_outliers2 
 

#Get summary statistics (appendix) 

stargazer(no_outliers2, type = "text") 
 

#OLS with log_ico_raised as dependent variable and no outliers: 

model.6 <- lm(log_ico_raised ~ ico_duration + team_size + advisory_board 
              + number_expert_ratings + ico_rating_benchy + ico_rating_expert_team 
              + ico_rating_expert_vision + ico_rating_expert_product 
              + ico_preico + ico_price_in_ico + ico_bonus + ico_mvp_prototype 
              + ico_NacceptingCrypto + ico_acceptingFIAT + ico_softcap 
              + ico_hardcap + ico_whitelist + ico_kyc + ico_distributed_in_ico 
              + ico_whitepaper + ico_github + SearchTrends + log_BTCUSD + log_ETHUSD  
              , no_outliers2) 
stargazer(model.6, type = "text") 
 

#Test for heteroscedasticity using the Breusch-Pagan test: 

model.6_heteroscedasticity <- bptest(model.6) 
model.6_heteroscedasticity #suggests heteroscedasticity is present 
#Get the white heteroskedasticity consistent standard errors 

se_hc.6 <- sqrt(diag(hccm(model.6))) 
#Print using stargazer. Note that we want to replace the current se's 

#from the model with the heteroskedasticity consistent se's that we just calculated.  

stargazer(model.6, type = "text", 
          se = list(se_hc.6,NULL), keep.stat = c("n", "rsq", "adj.rsq") ) 
 

########################################## 
########### 10. Robustness ################ 
########################################## 
 

#10.1 FGLS 

library(nlme) 
model.7 <- lm(log_ico_raised ~ ico_whitepaper + ico_github + ico_mvp_prototype 
              + team_size + advisory_board + ico_preico + ico_bonus + ico_price_in_ico 
              + ico_distributed_in_ico + ico_hardcap + ico_softcap + ico_NacceptingCrypto 
              + ico_acceptingFIAT + ico_kyc + ico_whitelist  
              #controls 
              + ico_rating_benchy + ico_rating_expert_team + ico_rating_expert_vision  
              + ico_rating_expert_product + number_expert_ratings + log_BTCUSD + log_ETHUSD  
              + ico_duration + SearchTrends 
              #, family=poisson 
              , data=mydata2, 
              weights = 1/model.5$fitted.values^2) 
summary(model.7) 
stargazer(model.7, type = "text") 
 

#10.2 New dependent variable 

robustness <- read.table("robustness.csv", 
 

                         #get summary statistics 
sep = ",", header = TRUE, skip = 0, 
stringsAsFactors = FALSE) 
stargazer(robustness, type = "text") 
 

#Take log of desired variables to make them "linear" 

robustness$log_BTCUSD <- log(robustness$BTCUSD) 
robustness$log_ETHUSD <- log(robustness$ETHUSD) 
 

#Create new data set with desired variables 
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robustness2 <- robustness[,c(1:21, 24:26)] 
robustness2 
stargazer(robustness2, type = "text") 
 

#OLS with soft cap reached as dependent variable  

model.7 <- lm(ico_success ~ ico_whitepaper + ico_github + ico_mvp_prototype 
              + team + advisory_board + ico_preico + ico_bonus + ico_price_in_ico 
              + ico_distributed_in_ico + ico_hardcap + ico_NacceptingCrypto 
              + ico_acceptingFIAT + ico_kyc + ico_whitelist  
              #controls 
              + ico_rating_benchy + ico_rating_expert_team + ico_rating_expert_vision  
              + ico_rating_expert_product + number_expert_ratings + log_BTCUSD + log_ETHUSD  
              + ico_duration + SearchTrends 
              , data=robustness2) 
stargazer(model.7, type = "text") 
model.7_heteroscedasticity <- bptest(model.7) 
model.7_heteroscedasticity #suggests heteroscedasticity is present 
#Get the white heteroskedasticity consistent standard errors 

se_hc.7 <- sqrt(diag(hccm(model.7))) 
#Print using stargazer. Note that we want to replace the current se's 

#from the model with the heteroskedasticity consistent se's that we just calculated.  

stargazer(model.7, type = "text", 
          se = list(se_hc.7,NULL), keep.stat = c("n", "rsq", "adj.rsq") ) 
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