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Team Experience and ICO Success:
An Empirical Study of Entrepreneurs in Blockchain
Projects
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Abstract—TInitial coin offering (ICO), based on the blockchain
technology, has emerged as a new fundraising mechanism in
entrepreneurial finance for ventures to raise capital via
crowdfunding. Building upon the limited yet growing body of
literature on the interaction of entrepreneurship, crowdfunding
and organisational learning, this paper aims to investigate the
relationship between entrepreneur teams’ functional-based
experience and crowdfunding success with a focus on the ICOs of
blockchain projects. We also examine the moderating roles of the
characteristics of blockchain projects on the relationship. The
study collects empirical data on 428 blockchain projects which had
completed their ICOs. Logistic regression models are developed to
test hypotheses. The results show that entrepreneurial teams’
technically-related ICO experience has a positive impact on their
ICO success while commercially-related ICO experience has a
negative impact. Further examination shows that the Sector factor
significantly moderates both impacts. The moderating effect of
soft caps is found insignificant. These findings add to the existing
literature by highlighting the impact of entrepreneurs’ experience
on the success of their ICO projects and have implications for
practice on managing entrepreneurial team to improve
crowdfunding performance

Index Terms—Blockchain projects, crowdfunding performance,
entrepreneurial team experience, initial coin offering,
organisational learning

[. INTRODUCTION

HE financial sector is the backbone of a functioning
economy promoting entrepreneurship, innovation,
sustainability and growth, which in turn enhance
citizens’ economic well-being and development at the local,
regional, and national levels (e.g., [1-3]). Over the last decades,
the financial sector has experienced several reforms spanning,
for example, financial deregulation and liberalisation,
improvements in financial services and products, strengthening
of financial infrastructure and institutions and the growing
adoption of digitalisation. In particular, the rapid digital
transformation undergone in the financial sector has challenged
traditional business models and mechanisms for entrepreneurial
finance affecting the start-up finance system (see [4, 5]).
In recent years, the Initial Coin Offering (ICO), also known as
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token sales, based on blockchain technology is the most current
mechanism in entrepreneurial finance and has become a very
popular fundraising mechanism for ventures to raise capital.
Specifically, ICO is designed to “raise external finance without
the need for an intermediary by issuing tokens or coins that can
be publicly traded” [6]. Tokens and coins in the ICO context are
developed based on the application of distributed ledger
technology (DLT), which is defined as “an asset database that
can be shared across a network of multiple sites, geographies or
institutions” [7]. Although ICO shares some key similarities to
other financing mechanism such as crowdfunding (e.g., using
digital platform use and making transactions without
intermediaries), it differs from them by issuing cryptographic
tokens, which are sold to investors in exchange for funding a
project [8].

There are some key advantages of using ICOs. For example,
employing tokens and coins as the financing medium enables
ventures to raise funds at close-to-zero transaction costs
through cutting out the intermediary (e.g., [6, 9]). Moreover, for
the tokens and coins that can be publicly traded in post-ICOs,
entrepreneurs and investors are provided with anytime-exit
opportunities which are normally unavailable in other
entrepreneurial finance mechanisms (e.g., [6, 10]). These
advantages have motivated a surge in the use of ICOs since
2017 [9, 11]. Specifically, empirical results show [12] that there
are 1012 projects which successfully raised funds through ICOs
in 2018 with a total amounting to $11.59 billion. Moreover, the
largest ICO occurred in year 2018 which surpassed the value of
all but two IPOs sold worldwide in 2018 [13]. This rapid
development of ICOs has stimulated academic research
contributing to the limited but growing literature on ICOs of
blockchain projects. Existing studies, for example, examine
how ventures’ technological capabilities [14], token presale
[15], human capital [16] and other ICO characteristics such as
serial and repeated investors [9] affect ICO performance.

Although this important literature has extended our knowledge
and understanding in this area, the knowledge about the
determinants of ICO success from an entrepreneurial finance
perspective requires more attention (see also [14]). The
entrepreneurship literature proposes that the characteristics of
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entrepreneurial teams have an important impact on firm
performance [3, 17-20]. This may be especially true in the
context of ICO projects where the entrepreneurial team is often
the first top management team of an organization, the
characteristics of entrepreneurial teams can also influence the
performance of new ventures. The recent work by An et al. [16]
aims to shed more light on this line of research by
systematically examining the effects of the entrepreneurial
team’s characteristics on ICO performance. The analysis
focuses on founder size, management team size and advisor size
without considering key characteristics of entreprencurial
teams such as prior experience. In fact, studies from cognitive
resource perspective [22] consider experience as one of the
main characteristics of entrepreneurial teams reflecting and
contributing to human capital stock [21-23]. They posit that
individual entrepreneurial members possesses limited cognitive
resources, and their experiences contribute resources to the
team [22]. It is proposed that entrepreneurs and entrepreneurial
teams learn from their prior experience, share these experiences
between them, and in turn utilize what they learned to guide
present and future behaviours and investment decisions [24]. In
the ICO context, because both ICOs and DLT have only
appeared in recent years, entrepreneurs and entrepreneurial
teams are more likely to learn by ‘doing’ (experiential
learning). In other words, they take ‘doing’ as their prime
source of learning.

The examination of experiential learning theory on
entrepreneurial teams suggests that the knowledge of
entrepreneurial teams can be acquired effectively through
continuous cycles of experience in past venture experience,
active experimentation on ideas and reflective observation on
their actions and outcomes [22, 23]. It can be argued therefore
that entrepreneurial teams with divergent funding experience
are expected to obtain a good level of knowledge and skills
from their prior experience [25, 26], which in turn can lead to a
positive impact on the performance of their subsequent ICOs.
This is in line with the engineering management literature [54,
86] where it is shown that the integration of diverse
experience—spanning technical and project management
roles—can reduce the complexity of a project.

For ICO projects, the project success does not only reply on
the implementation of the underlying technology but also on the
entrepreneurial teams’ strategic decision-making to drive the
project moving forward. Investigating the different roles that
entrepreneurial teams held in prior experience such as platform
and software development, venture creation, marketing, etc. can
help researchers and practitioners gain insights on the
challenges and intricacies of ICO projects as well as the
identification of effective team composition for new blockchain
ventures. Therefore, with the aim of enriching our
understanding on entrepreneurial finance and entrepreneurial
learning effects, this research empirically examines the effect
of entrepreneurial experience on fundraising performance
based on entrepreneurial teams’ prior experience, making two
important contributions: firstly, it investigates the relationship
between entreprencurial teams’ functional-based ICO

experience and ICO success.

To do this, we separate entrepreneurial teams’ ICO
experiences based on the diverse functional areas in which team
members are involved. Our results suggest a negative
relationship between entrepreneurial teams’ commercially-
related ICO experience and ICO success, while entrepreneurial
teams’ technically-related ICO experience has a positive effect.
These findings subvert the widely accepted cognition about
how entrepreneurs or entrepreneurial teams’ prior experience
affect entrepreneurial finance performance.

Secondly, considering that the effects of entreprenecurial
teams’ functional experiences may vary in ICO projects with
different characteristics, we examine the moderating role of
ICO projects’ characteristics. Our results show that the ICO
projects’ sector category has moderating roles on the
relationship between entrepreneurial teams’ ICO experience
and ICO success. The positive relationship between
entrepreneurial teams’ technically-related ICO experience and
ICO success is stronger and the negative relationship between
entrepreneurial teams’ commercially-related ICO experience
and ICO success becomes weaker when an ICO project is from
the sectors that have high technological requirements.

The rest of the paper is structures as follows. Section II
presents the theoretical background and hypotheses derivation.
Section IIT discusses the data and the variables used in the
analysis. Section IV presents the main results followed by a
series of robustness checks. Section V provides summary
discussions and implications. The last section discusses some
limitations and directions for future research in this area.

II. BACKGROUND

A. Theoretical Background

Upper echelon theory proposes that the characteristics of top
management teams (TMT) which is the group of top executives
with overall responsibility for the organisation [27, 28], can
affect firm strategic decisions and influence organisational
financial performance and innovation [29-34]. Because
entrepreneurial team is often the first TMT of an organisation,
the characteristics of entrepreneurial teams often influence the
performance of new ventures [18]. Among the characteristics
of entrepreneurial teams, educational qualifications and
experience have been frequently examined by researchers as the
key characteristics of entrepreneurial teams that are linked to
firm performance [21-23]. It is found that entrepreneurs and
entrepreneurial teams are learners and thus can receive a stock
of knowledge, capabilities and expertise from their prior
experience [17, 25, 35-37], which enables them to identify
novel and relevant information while overcoming obstacles and
alleviating ambiguities associated with venture development
[38]. However, we recognise that entrepreneurs and
entrepreneurial teams may be also viewed as recidivists and
thus fail to identify prior experience and recognise differential
expertise that can positively affect firm performance [39].

According to the cognitive resource perspective, we argue
that diverse skills and a mix of cognitive styles can have a
positive effect on organisation performance [22, 40]. This is
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because individual entrepreneurial members possess limited
cognitive resources, and their experiences contribute resources
to the team [22]. The effects of different experiences on the
diverse dimensions of venture performance are considered to be
different [41]. In particular, it is found that the impact of the
work experience that entrepreneurs gained in running one or
more new ventures (i.e., entrepreneurial experience) is different
from the impact of the experience of being employed in
industry (i.e., industry experience) [42].

Moreover, entrepreneurial experience is considered as a
prime source of learning (i.e., learning by doing) for
entrepreneurs [25]. It enables entrepreneurs to accumulate
experience-based knowledge that serves as the basis for
subsequent performance improvements [3, 43-47]. This process
naturally fits the basic theoretical mechanisms of organisational
learning, where the basic argument is that organisations and
individuals within organizations are seen as extracting
inferences from prior experience and in turn utilize these
inferences to guide decision-making [24, 42, 49]. Hence, both
the upper echelon and cognitive resource perspectives can help
us to explain how the diversification of experience may affect
performance in the context of ICO.

In the context of engineering management, technical expertise
and project management skills are fundamental for
entrepreneurial teams. The literature suggests that teams with
strong technical backgrounds are more likely to tackle complex,
technology-intensive projects by applying technical knowledge
and engineering methodologies [51, 52]. This is particularly
likely for ICO projects where technical complexity is high.
Technical experience such as software development and project
implementation allow entrepreneurial teams to better manage
risks and improve project outcomes [53].

Additionally, engineering management literature highlights
the importance of cross-functional collaboration within
entrepreneurial teams. The integration of diverse skills reduces
project complexity and coordination cost [54]. Effective
formation of team members with different functional
backgrounds have been found to mitigate common challenges
in technical projects, such as delays, resource misallocation,
and quality issues [55], which can be particularly relevant for
ICO projects where timelines are often tight, and both business
and regulatory environments are complex. The alignment of
these practices with the upper echelon and cognitive resource
perspectives could strengthen the understanding of cross-
functional collaboration in engineering management.

In this paper we argue that the ICO success of blockchain
projects may be influenced by their entreprencurial team’s
experience from the angles of commercial- and technical-
related past experience. Furthermore, the effects may be
moderated by the ICO goals and sector characteristics. We
discuss developed hypotheses below and summarise the
literature review in Table Al in the Appendix.

B. Entrepreneurial teams’ ICO experience

Looking at the team composition of a typical ICO
entrepreneurial team, there are mainly two roles: technical and
commercial roles. Technical roles include chief technology

officer, developer, engineer, programmer, etc. and commercial
roles cover chief executive officer, marketing officer, business
development manager, customer manager and investor relation
manger. The entrepreneurs of an ICO project may participate in
other projects in the past with different types of roles. Taken
from the upper echelon theory [27] that diverse work
experience and expertise of top management teams can bring
different perspectives to organizations, understanding the
impact of entrepreneurial teams’ prior experience on ICO
performance can contribute the literature field and help ICO
practitioners build and train an effective entrepreneurial team.

It is considered that the commercially-related experience
could enable entrepreneurs to accumulate experience-based
commercial knowledge which can be applied to promote their
start-ups’ performance [44, 45]. Previous studies found that
commercially-related experiences such as management and
marketing experience [57, 58, 60], sector specific managerial
experience [58, 61], and leadership experience [22, 62] are
relevant to entrepreneurial finance performance. Overall, these
literatures  suggest that commercial-related experience
significantly increases the chances of a start-up receiving
venture capital funding, and if the founding team’s functional
structure is not broad (or diversified), then functional
experience has small positive impact on the firm success [57].

In the ICO context, commercially-related experience may
include work experiences related to business planning and
development on ICO projects. Entrepreneurs are expected to
obtain commercial knowledge and expertise from their
commercially-related ICO experience. For example, people
with commercially-related ICO experience are more likely to
have a good understanding on how to conduct ICO marketing
effectively. Those commercial experience could facilitate
effective market positioning and customer acquisition
strategies. With previous ICO commercial experience,
entrepreneurial teams tend to understand better market trends
and customer preferences, enabling them to tailor their new
ICO projects to meet better market demands. Furthermore,
previous ICO experience could benefit new ICOs with
established  partnerships and  business development
opportunities which are also important factors for ICO success
[14].

Moreover, different from traditional financial settings,
investors in digital financial settings such as ICOs are widely
dispersed geographically and have little or no face-to-face
interactions with entrepreneurial teams of new ventures [63]. In
the ICO context, the vast majority of investors can only
investigate and evaluate ICO projects via information published
online. The main information about an ICO project that
investors can access is from the white paper published online
by the project team [15]. The entrepreneurial teams with
commercially-related ICO experience might apply their prior
experience to create high-quality white-papers to attract
potential investors (see also [14, 64]). According to ICO studies
based on signalling theory [14, 59], investors see the high-
quality white papers as a signal that this ICO project is more
likely to success. Therefore, the knowledge and expertise that
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entrepreneurial teams received from their commercially-related
ICO experience may increase the likelihood of ICO success in
their subsequent projects. Hence, we hypothesise that:

Hypothesis 1: An entrepreneurial team’s commercially-
related ICO experience is positively associated with the
likelihood of success of its ICO project.

Prior studies obtained conflicted results on the effects of
entrepreneurial teams’ technically related experience on firm
performance. On the one hand, it is found that new technology-
based firms created by individuals with technical experience
enjoy rapid growth [65, 66]. The amount of team’s technical
experience is positively associated with the performance of new
ventures [37]. More recently, Zhao et al. [67] link technical
experience with highly technically efficient firms. However, on
the other hand, based on personal interviews with the chief
executives of new technical ventures, Stuart and Abetti [62]
find that technical experience is not significantly related to
performance. Moreover, Shrader and Siegel [68] find that
technical experience appears to have a negative effect on firm
performance, which could indicate that more technically
inclined entrepreneurs have an overly optimistic view of the
market potential of their technologies.

These conflicted results show the complexity of the
relationship between entrepreneurial teams’ technically related
experience and firm performance and prompt the need of
further investigation into the relationship. Furthermore, these
studies were not conducted in the context of ICOs where
technological capabilities are critical for delivering a project.
The ability of entrepreneurial teams to leverage relevant
technical experience may affect the success of a project.
Therefore, understanding the impact of technically related
experience on ICO performance can help practitioners build
effective entreprencurial teams and contribute to the theoretical
field by refining the understanding of the drivers of firm success
in the ICO context.

Most of the start-ups in the ICO context develop their
products or services based on the application of DLT. Because
DLT has only been created and developed in recent years [14],
individuals are more likely to obtain DLT-related knowledge
via ‘learning by doing’. On the one hand, entrepreneurs with
technical experience possess the knowledge and skills to
develop and implement the different technical elements of ICO
projects, such as smart contracts, security and scalability of the
blockchain network. On the other hand, the technical
experience might signal a high level of credibility of ICO
projects and then instils the confidence of investors [14].

Therefore, the entrepreneurial teams with technically-related
ICO experiences are more likely to create their advantage on
technology-related expertise and skills, which may create a
positive impact on venture performance. Further to
entrepreneurial financing performance, an entrepreneurial team
with technically-related ICO experience is also more likely to
have the requisite technical expertise and skills to develop a
high-quality white paper with detailed technological
information (see [9, 14]), which can be used to attract potential
investors. Therefore, the entrepreneurial teams with

technically-related ICO experience are more likely to achieve
good performance on their ICOs, thus receiving ICO success.

Hypothesis 2: An entrepreneurial team’s technically-related
ICO experience is positively associated with the likelihood of
success of its ICO project.

C. The moderating role of ICO projects’ characteristics

The influence of the entrepreneurial teams’ functional ICO
experience may vary depending on the characteristics of ICO
projects. In the following sub-sections, we discuss how ICO
projects’ soft cap and sector category moderate the relationship
between entrepreneurial teams’ ICO experience and ICO
success.

1) The moderating role of soft cap

Soft cap is the minimum defined target for the raising of funds
specified by ICO teams. Indeed, ICO projects offer investors
protection in the form of a soft cap mechanism, which is similar
to the all-or-nothing mechanism in crowdfunding [19]. The
raised fund will be returned to investors if an ICO does not
reach its soft cap. Therefore, soft cap is considered to reduce
the uncertainty of ICO projects and decrease the investment risk
and is viewed as an important ICO characteristic [69].
Nevertheless, setting a reasonable target can lead to an
achievable fundraising result [70]. Meer [71] finds that
investors easily respond to requests for small funds amount and
the chances of meeting targets can be reduced if the target
amount increases. Therefore, soft cap can be one of the
important factors for investors to consider during ICOs. When
the other characteristics of ICO projects are equal, soft cap
could influence the relationship between entrepreneurial teams’
experience and the success of an ICO project, because soft cap
influences investors’ perceptions.

Furthermore, soft cap can capture the size of ICO projects and
the reliability of entrepreneurial teams. Setting up a soft cap is
a decision affected by various factors, while the decision on the
amount of a soft cap might be mainly decided by the financial
demand of an ICO project. For the ICO project with a high soft
cap, it might indicate that a significant amount of financial
investment is needed due to the size and complexity of the
project. A huge and complex project often means that more
human resources are needed for the development of the project.
An experienced entrepreneurial team might be more capable of
handling the completion of complex projects, thus significantly
affecting project performance [72]. Studies building on upper
echelon theory have also found that business size is a significant
factor to include when investigating the relationship between
top management team and firm performance [30].

In the ICO context, the entrepreneurial teams with
technically-related ICO experience are expected to be better
able to solve the challenges coming from the complicated R&D
process, thus successfully completing the development of their
products or services. For the entrepreneurial teams with
commercially-related ICO experience, the knowledge and skills
they received from prior experience might help them to create
and develop feasible business plans for their ICO projects. To
this end, we assume that the positive effect of the
entrepreneurial teams’ technically and commercially-related
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ICO experience on their ICO success is stronger when they
have a high soft cap for their ICOs. Hence:

Hypothesis 3a: Soft caps moderate the relationship between
entrepreneurial teams’ commercially-related ICO experience
and ICO success. The positive relationship is stronger for the
ICOs with high soft caps.

Hypothesis 3b: Soft caps moderate the relationship between
entrepreneurial teams’ technically-related ICO experience and
ICO success. The positive relationship is stronger for the ICOs
with high soft caps.

2) The moderating role of sector characteristics

Crowdfunding platforms usually provide “project sector” to
classify and label projects by topics. These sector categories can
be used by investors as a functional index to navigate certain
type of projects quickly. As observed by a number of studies,
the performance of crowdfunding projects can be influenced by
project sectors, (e.g., [73, 74]). Besides crowdfunding
literature, the upper echelon theory suggests that sectors could
impact the findings of the theory and should be used as the
control for contextual conditions [28]. Moreover, studies from
the cognitive resource perspective also point out that there may
be dynamics in different industries regarding learning from the
prior experience of entrepreneurs [22].

Similar to crowdfunding platforms, ICO tracking platforms
also have project sector information available to investors. It is
found that ICO projects span a wide array of sectors, from
finance, transportation, health to sports, games, and education,
etc. (see Table A2 in the Appendix). Indeed, ICO projects are
set up by applying the DLT and blockchain technology in a
specific sector and are considered high-tech companies.
However, the levels of technical capabilities required for ICO
projects in different sectors are not the same. ICO projects from
some sectors may face a higher level of technical requirements
due to the high complexity of their products or services. Several
studies conducted systematic reviews of blockchain-based
applications and discuss the technical requirements for different
types of applications (e.g., [75-77]). Besides the fundamental
technical elements such as consensus mechanisms and
immutable ledger which each DLT application needs to work
on, additional aspects including scalability, privacy,
interoperability, audit, latency and visibility are found to be the
technical requirements that a blockchain-based application can
consider whether or not they need to fulfil [77]. Blockchain
applications in finance and cryptocurrency sectors usually
satisfy all aspects due to the handling of sensitive data and high
transaction volumes while applications belonging to other
sectors such as sports, education and citizenship services are
found to satisfy a smaller number of the above aspects [78].

Considering the different technological requirements on ICO
projects, entrepreneurial teams’ level of technological
experience and skills may become critical to the success of ICO
projects. It is essential for the ICO projects with high
technological requirements to set up outstanding technical
capabilities to overcome the technical challenges in their
product development [8]. In this research, we divide ICO
projects into two categories depending on the level of

technological skills required. This separation facilitates further
investigation on the moderating roles of technological
requirements on the relationship between entrepreneurial
teams’ experience and the success of an ICO project.

For entrepreneurial teams coming from the sectors such as
cryptocurrency, finance and platform where products are
normally developed by implementing both the fundamental
elements of DLT and higher technological requirements [15,
78, 79], having technically-related ICO experience may
indicate that they are more likely to have qualified
technological capabilities. Moreover, their project plans
proposed by the experienced entrepreneurial teams are expected
to be of high quality [8], thus are more likely to attract investors
and help the team achieve successful projects. On the other
hand, the commercial-related ICO experience could also help
the success of projects as entrepreneurial teams are able to
facilitate access to valuable resources using their networks and
thus better navigate the challenges and complexities of
technology venture [21]. Therefore, the following two
hypotheses are developed:

Hypothesis 4a: Sector characteristics moderate the
relationship between entrepreneurial teams’ commercially-
related ICO experience and ICO success. The positive
relationship is stronger for the start-ups from the sectors with
high technological requirements.

Hypothesis 4b: Sector characteristics moderate the
relationship between entrepreneurial teams’ technically-related
ICO experience and ICO success. The positive relationship is
stronger for the start-ups from the sectors with high
technological requirements.

III. DATA AND VARIABLES

A. Sample construction and data collection

A Python-based web scrapper was developed and used for the
collection of ICO projects from two popular ICO tracking
platforms: ICObench.com and ICOdrops.com. These two
platforms are independent platforms and are not affiliated with any
ICO project. Information about ICO projects such as project
description, team members, project location and financial
information are available on both platforms, easing the way that
investors search and assess ICO projects. These two platforms
have been frequently used by researchers in the field (e.g., [14, 80,
81]). Since the two platforms do not contain all the information
needed for the analysis of the paper, we cross-referenced the
information from the platforms and collected additional data from
the ICO projects’ website, GitHub, and Bitcointalk forum. The
scrapper collected 2502 projects in total which were listed by April
2019. After selecting projects with “Closed” status label and
removing projects without information on the amount of funds
raised, the number of projects was reduced to 428.

All 428 projects were listed before April 2, 2019, when the
dataset was collected. Moreover, these projects are closed projects,
meaning that they had completed the ICOs. This study focuses on
closed projects because only when the ICO of a project is
completed, the token-sales results can be made online, providing
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useful indicators for investigating the ICO performance. In the
collected data, 52 projects had its ICO in 2017, 357 projects in
2018 and 19 projects in 2019 (by April 2). The project countries
are across the world, more specifically in 76 countries.
Furthermore, these projects cover a wide range of industries
making the sample a good representative of whole ICO projects
between 2017 and April 2019. The details of collected ICO
projects can be found in Table A2 in the Appendix.

B. Dependent variable

We measure the success of an ICO project by evaluating
whether the amount of funds raised in the project’s ICO exceeds
the pre-set ICO goal. This ICO goal is usually captured by soft
cap which is a minimum amount of funds a project should raise
to be considered a success. Therefore, we define the dependent
variable, Success, as a dichotomous variable. It is one if the
amount of funds an ICO project raised exceeds its soft cap,
otherwise zero. This measure of ICO success has been widely
adopted in the research field, such as [14].

C. Independent variables

Technical experience. We measure team members’
technically-related ICO experience by looking at each team
member’s past [CO experience. Hence:

Technical experience = },;_; ... size of team nlpen (1)
where nl,., is the number of ICO projects that team member i
participated in the past and worked as a technical member;
ni.ecn = 0 where zero indicates that no technically-related
experience is observed for member i. Technical members are
defined as members who take technical roles, such as chief
technology officer (CTO), developer, engineer, programmer,
etc.

Commercial experience. Similar to technical experience,
we measure team members’ commercial experience based on
team members’ past ICO experience where they have a
commercial role in their past ICO experience. The examples of
commercially-related roles in our data sample include chief
executive officer (CEO), marketing officer, business
development manager, customer manager and investor relation
manger. Hence:

Commercial experience = }_; ... size of team Meomm  (2)
where n,,,, is the number of past ICO projects in which team
member i participated, and had a commercial role; nly,, = 0
where zero represents that no commercially-related experience
is observed for member i.

Sector. We define the variable Sector to measure whether an
ICO project belongs to a sector requiring a high level of
technological skills. A recent study provides a systematic
review of blockchain-based applications and discussed the
technological requirements for different types of applications
[76]. A blockchain-based application can consider whether
technical requirements such as scalability, privacy,
interoperability, audit, latency and visibility should be satisfied
[77]. Tt is found that blockchain applications in the finance,
cryptocurrency and software platform sectors needed to satisfy
more of these requirements as compared to other applications.
For this reason, we separate ICO projects in these identified

sectors from the rest. In particular, we define Sector as a
dichotomous variable: it equals one if an ICO project belongs
to sector Cryptocurrency, Finance or Platform; otherwise, zero.

Soft cap. In ICOs, the soft cap is the minimum defined limit
for the raising of funds specified by a project’s team. The
variable Soft cap is measured by taking the natural logarithm of
the soft cap value to account for the high skewness. The values
of soft caps were gained directly from the collected dataset. As
not all the projects were campaigned in the US, the amount of
soft cap was converted from any other currency (e.g., euro) to
US dollars using the exchange rate of the date when the token
sale completed, to ensure the measure is comparable among all
projects.

D. Control variables

To account for the effects of other antecedents of ICO
financial performance, we include several control variables.
Size of team. The variable Size of feam is measured as the
number of team members of an ICO project and is gained
directly from the collected dataset. Token offered. This
measure is the percentage of tokens offered for sale (see also
[14, 82]). Pre-sale. The control variable, Pre-sale is a dummy
variable which measures whether an ICO project held a token
sale event before the main token sale (= 1) or not (= 0). Token
supply. In ICOs, ventures can freely determine how many
tokens will be issued. In our collected data sample, ICO projects
issue a wide range of tokens from millions to over 10%° (see
also [14, 83]). Duration (in days). ICO projects can freely set
how long the token sale will be held (see also [84, 85]). Github
dummy. The variable Github is a dichotomous variable and has
a value of one if an ICO project has a Github page to publicise
its project. If an ICO project does not have the Github presence,
then the variable Github is zero. Bitcointalk dummy.
Bitcointalk is an online forum created for the discussion of
bitcoin and blockchain-related topics. Similar to Github, many
ICO projects use Bitcointalk to publicise their projects and
communicate with potential investors. The variable Bitcointalk
is defined as a dichotomous variable: it is one if an ICO project
has a Bitcointalk page; otherwise zero. Video dummy. The
variable Video is also a dichotomous variable: it is one if an ICO
project has published a video about it; otherwise zero. This
information was directly obtained from the collected dataset as
the two tracking platforms provide such information. Country
dummy (US). The location where an ICO project takes place is
found to be important as it indicates whether a specific
environment is friendly to ICOs and in attracting investors [ 14].
We therefore include a dummy variable to capture whether an
ICO project is held in the US (i.e., = 1) or not (= 0).

IV. RESULTS

A. Descriptive analysis

Descriptive statistics for all the variables employed in the
study and the correlation matrix are presented in Table 1 and 2
respectively. Briefly, the mean of the dependent variable
Success is 0.69 with the standard deviation at 0.46, indicating
that over half of the ICO projects in our sample data was
successful. More specifically, 294 projects successfully raised
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funds over its soft cap while 134 projects failed. In our collected
data, most teams did not have ICO experience: 351 teams with
no prior technical experience with ICO projects while 304
teams with no prior business experience. The average of
Technical experience is only 0.19 and the average of
Commercial experience is 0.32. The distribution for both
variables is right-skewed. Moreover, the maximum of
Technical experience is 6. That is, the team members of the ICO
project which has the maximum technical experience
participated in 6 ICO projects in the past and had technical roles
in these projects. The maximum of commercially-related
experience is 8.

With respect to the variable Sector, the mean is 0.54 with the
standard deviation at 0.50, indicating about half of the ICO
projects belong to the sectors that have a high level of
technological requirements. The variable Soft cap is skewed: 52
ICO projects did not set the cap but considered the ICO
successful as long as some funds were raised; the largest goal
was set at 4160m USD (the logged value = 22.15). We use a
natural log transformation to account for the skewness. Finally,
the correlations are generally small in magnitude. Model 2-8 are
developed to test our hypotheses and is presented in the next
section. The variance inflation factors (VIFs) calculated from
Model 2-8 of Table 3 are all below 2. More specifically, the
VIFs of Model 8 are presented as follows: size of team (1.105),
token offered (1.171), pre-sale (1.280), token supply (1.139),
duration (1.085), GitHub (1.306), Bitcointalk (1.127), video
(1.188), US (1.065), technical experience (1.684), commercial
experience (1.066), sector (1.223), soft cap (1.256), indicating
that multicollinearity is not likely a concern.

B. Multivariate analysis

As the dependent variable Success is a dichotomous variable,
we use logistic regression to test our hypotheses. Table 3 reports
the results for our hypotheses based on the 428 observations.
Model 1 is the baseline model which contains only control
variables. Models 2 to 8 test the hypotheses on team’s former
ICO experience as well as the moderating effects of ICO project
sector and soft cap (i.e., corresponding to H1, H2, H3a and H3Db,
H4a and H4b respectively) where Model 8 contains all the
interaction terms. Looking at the AIC values for the eight
models, it is reduced from 539.87 when the technical
experience and commercial experience are added respectively.
The value reduces further when the interaction term Technical
experience % Sector (Model 4) and Commercial experience
Sector (Model 5) are included. However, the AIC value
increases as Commercial experience % Soft cap and Technical
experience % Soft cap are added (i.e., Model 6 and 7). It reaches
308.62 when all the interaction terms are included in one model,
1.e., Model 8. The median value of deviance residuals for Model
4-8 is at 0.087 which is low, suggesting the models can be
accepted. We also calculated Pseudo (McFadden’s) R-squared
for all the models. The values are between 0.18 (Model 1) and
0.38 (Model 4).

Regarding the control variables, Pre-sale is found negatively
related to Success (Coeff. = —0.230, p-value < 0.001). This
finding is surprising, as the funds raised in the pre-sale phase
could help with the development and marketing of the
blockchain project. One explanation might be that investors

interpret pre-sale as a signal for the capability of the ICO team,
having the pre-sale might suggest that the team lacks funds for
delivering the project [86]. A negative relationship is detected
between ICO success and ICO duration: a project having a
shorter duration of token sale was more likely to succeed
(Coeff. = —0.001, p-value < 0.01). This finding is in line with
previous research [14]. Another significant control variable is
Github: the ICO projects which had a presence on Github were
less likely to be successful (Coeff. = —0.143, p-value < 0.01).
Unlike Github, if an ICO project had published a video to
publicise the project, the project had a higher chance of
succeeding (Coeff. = 0.122, p-value < 0.05).

Hypothesis 1 predicts that the commercially-related ICO
experience of an ICO entrepreneurial team is positively
associated with the likelihood of success. In Model 3 of Table
3, Commercial experience is found to have a negative and
statistically significant coefficient estimate (Coeff. =—0.049, p-
value < 0.05). Therefore, hypothesis 1 is not supported.

Hypothesis 2 proposes that the technically-related ICO
experience of team members has a positive effect on the success
of an ICO project. In Model 2 of Table 3, Technical experience
has a positive and statistically significant coefficient estimate
(Coeff. = 0.093, p-value < 0.05), providing support for
hypothesis 2.

Hypothesis 3a and 3b suggest that the soft cap set by an ICO
project can positively moderate the relationship between the
ICO success and the entrepreneurial team’s commercially- and
technically-related experience. We gauge the effects of the
interactions by including two interaction terms Commercial
experience % Soft cap and Technical experience % Soft cap in
the regression analysis. The coefficients of both interaction
terms in Model 6 and 7 of Table 3 are found to be insignificant,
rejecting hypothesis 3a and 3b.

Hypothesis 4a and 4b posit that the sector characteristic may
positively moderate the effect of entrepreneurial team’s
commercially- and technically-related experience on ICO
success. In Model 4 of Table 3, the interaction term Technical
experience * Sector is positive and significant (Coeff. = 0.162,
p-value < 0.05), offering support for hypothesis 4a. We graph
the interactions in Fig. 1 where Sector is specified as the
moderator. The figure aids in the interpretation of the
interaction effects: although both lines have a positive slope, the
effect of Technical experience on the ICO success is greater
when an ICO project belongs to a sector with high technological
requirements (i.e., Sector = 1). Therefore, being in a sector with
high technological requirements, the positive relationship
between Technical experience and Success is strengthened. In
Model 5 of Table 3, the interaction term Commercial
experience * Sector is positive and significant (Coeff. = 0.102,
p-value < 0.05), suggesting that hypothesis 4b is supported.
Although the relationship between Commercial experience and
Success is found to be negative, the coefficient of the interaction
term is positive and greater than the absolute value of the
coefficient of the negative main effect, showing that the
moderation variable overturns the negative main effect. As
shown in Fig. 2, when Sector changes from 0 to 1 (a sector with
high technological requirements), the negative slope becomes
positive. Therefore, if an ICO project does not require a high
level of technological capabilities, the relationship between
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Commercial experience and Success is negative; however, if an
ICO belongs to a sector requiring a high level of technological
capabilities, the relationship is positive; that is, an ICO
entrepreneur’s commercially-related experience helps to
increase the likelihood of the ICO success.

C. Robustness checks

Our paper uses the number of past ICO projects to measure
entrepreneurs’ technical and commercial experience. To
capture the impact from the duration of work experience in past
projects, we looked into all the past projects in which the team
members had participated, and collected the information on the
number of years they were involved. The variables ‘Technical
experience in years’ and ‘Commercial experience in years’ are
included in Model 2-7 of Table A3. The Pseudo R-squared
values of Model 1-7 ranges between 0.17 (Model 1) and 0.28
(Model 6). The results confirm the positive relationship
between technical experience and ICO success, negative
relationship between commercial experience and the success,
as well as the moderating effects of ICO sectors.

To rule out the effects from project details on the ICO success,
we collected the white papers of all 428 projects and the
technical rating of white paper from the platform
ICObench.com. More specifically, we include two control
variables ‘white paper word count’ and ‘white paper technical
rating’ in the specification, where the former variable is
obtained via Microsoft Word count. The latter variable is based
on the ICObench.com rating data which is given by experts on
the platform and has been used in other studies (e.g., [80, 81]).
The results presented in Table A3 indicate that the word count
of white paper has a negative effect (p < 0.05) on ICO success,
which is consistent with studies contributing to crowdfunding
literature [6, 87]. Moreover, the technical rating of white paper
has been found to have no impact. After adding these two
control variables, the results remain similar as in the original
models (Table 3).

In addition, we replace the dependent variable Success with
the amount of funds raised as an alternative measure for ICO
project performance. Specifically, the new variable, total
raised, is defined as the natural logarithm of the amount of
funds that a project raised in its ICO in order to account for the
skewness of the variable. This measure of ICO crowdfunding
performance has been used in prior research, such as [14]. Table
A4 (Model 1) shows that the results remain similar. However,
the relationship between total raised amount of funds and the
sector variable becomes positive suggesting that being in the
sector with high technical requirements on projects is positively
associated with higher amount of funds raised.

Furthermore, besides the number of projects and years the
entrepreneurs participated and spent in their prior ICO
experience, we take into consideration of an additional aspect
of past experience by looking at the roles that entrepreneurs
were in. We define two variables, Role CTO and Role CEO
which are given the value 1 if the entrepreneurs took CTO and
CEO roles respectively in the past, and 0 otherwise. Since some
ICO projects had stopped running or failed when collecting this
additional data, we construct the measures for 203 projects. We
also added another control variable, project rating which is the
rating provided by ICO tracking platform (ICObench.com)

based on project quality and popularity. After running the
regression model with the new constructs (Table A4), the role
of CTO is found to have a significant positive relationship with
the ICO success, and the relationship is strengthened when the
project is in a sector where high technological capabilities are
required. The project ratings are found to have a positive
relationship with both ICO success and the amount of funds
raised. These findings suggest the main models (Table 3) stand.
Fig. Al in the Appendix summaries and visualises all the
analysis steps conducted in the study.

V. DISCUSSIONS AND IMPLICATIONS

This paper builds on the upper echelon theory [27, 28] that
emphasises the role of team composition, and the cognitive
resource perspective [22, 40] that stresses the role of
heterogeneous teams in generating positive performance
outcomes. Based on these theories, we argue that prior
experience in different functional areas can lead to diverse
expertise, knowledge and skills (e.g., [25]) within
entrepreneurial teams, and this diverse experience and
complementarity of skills can generate positive organisational
outcomes [88]. In this paper we empirically examine the effect
of entrepreneurial teams’ ICO experience on the likelihood of
the success of the ICO project. Importantly, the data allowed us
to separate the accumulation of experience based on the
functional areas team members if team members were
previously involved. In particular, we examined the effects of
the following two types of experiences: firstly, the effects of
entrepreneurial teams’ commercially-related ICO experience;
and secondly, the role of technically-related ICO experience are
examined respectively. Hence, our research extends the existing
literature by focusing on two disaggregate measures of
experiences and examines their effects within the growing
literature of ICOs.

The empirical results provide novel and interesting insights.
Specifically, we found, on the one hand, that the entrepreneurial
teams’ technically-related ICO experience has a positive effect
on fundraising performance. This is in line with prior
entrepreneurship and engineering management literatures
which suggest that entrepreneurial experience provides
entrepreneurs with experience-based knowledge which may
improve the performance of their subsequent projects [22, 24,
86]. In the ICO context, it can be argued that ‘learning by doing’
is generated via participating in specific ICO projects which
allows those individuals involved to obtain ICO-related
technical knowledge, skills and expertise. Therefore, these
individuals are more likely to develop high-quality product
development plans, which can be reflected, for example, in their
white papers. The high-quality white papers can then help to
convince potential investors that the entrepreneurial team has
the technology capability to realise their product or service and
successfully launch their project, thereby making it a
worthwhile investment.

On the other hand, the results point towards a negative
association between entrepreneurial teams’ commercially-
related ICO experience and the likelihood of ICO success. This
finding contradicts prior studies suggesting that having
commercial related experience increases the chances of
receiving venture capital funding (e.g., [56, 57]). Hence, our
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study discloses that the entrepreneurial experience is different
depending on the functional roles that entrepreneurs took in
prior projects. This also points towards the importance of
separating the two opposite effects, particularly in the
engineering management research area where technical and
project management skills are often considered together, since
in the process of aggregation the effect of experience may
remain hidden (e.g., the two opposite effects may cancel each
other out). This finding therefore has both theoretical and
empirical implication when we try to unpack the effect of
experience on performance.

This new finding suggests that, unlike the important role that
the technically-related ICO experience plays on the acquisition
of the ICO related technical knowledge, former commercially-
related ICO experience does not lead to the success of designing
and planning new ICO projects. The latter association can have
several potential explanations. Firstly, one may argue that
teams with commercially-related ICO experience are more
likely to become overconfident on their new ICO projects.
Moreover, ICOs usually take place in a short period of time and
in our sample dataset, the past experiences for all
entrepreneurial members are observed within two years. As the
business of past ICO projects were still running after the token
sales, the entrepreneurial members actually work on the new
ICO projects while continue running business related to
previous ICO experience. A number of studies have suggested
that involvement in one or more other projects may send a
negative signal to prospective investors who may concern the
time, efforts, and other resources spent on the current project
[48].

However, this somewhat surprising finding has been also
documented in the existing literature. For example, similar
findings are observed in a recent crowdfunding study by Lim
and Busenitz [63] that examine how the ongoing start-up
experience of the campaign founders affects the amount of
funds raised. The study measures the ongoing start-up
experience as the number of ongoing start-ups that are
possessed by founders of a campaign. Although the study does
not explicitly differentiate between different types of
experience, their measurement is similar to the commercial
experience variable used in this paper as their measurement
focuses on management experience. Specifically, they suggest
anegative relationship between start-up experience and funding
obtained when considering the moderating impact of
entrepreneurial team type, which confirms our findings.

In this research, we also investigate the moderating roles of
ICO projects’ characteristics on the relationship between
entrepreneurial teams’ ICO experience and ICO performance.
We find that the positive relationship between entrepreneurial
teams’ technically-related ICO experience and ICO success
becomes stronger when the ICO projects are from the sectors
with a high level of technological requirements. In the
meanwhile, the negative relationship between entrepreneurial
teams’ commercially-related ICO experience and ICO success
is weaker. The results may indicate that entrepreneurial teams’
ICO experience plays a more important role on ICO success
when their projects require a high level of technological skills.
Further to the soft cap, its moderating role on the relationship
between entrepreneurial teams’ ICO experience and ICO

performance is not supported in our examination. This result
might indicate that the effect of entrepreneurial teams’ ICO
experience on ICO success is the same for the ICO projects with
different fundraising goals.

Overall, our findings contribute to the emerging stream of
research on ICOs by empirically unpacking the association
between experience and ICO project performance. This study
adds to the knowledge gap by investigating the relationship
between ICO team’s functional-based experience and ICO
success and stressing the different impacts of team’s functional-
based experiences that can be generated. The findings of the
research are also meaningful for industrial practice since it
provides a useful tool that can be used to synthesise teams based
on team members’ experiences. Additionally, the findings
underscore the importance of assembling ICO entrepreneurial
teams with diverse expertise particularly technical experience
and highlight the need of ongoing training initiatives for
entrepreneurial teams. In industrial practice, organisations that
prioritise commercial experience may need to re-consider the
specific technical demands, and re-evaluate the composition of
their entrepreneurial teams, emphasizing the importance of
technical expertise. Given the rapidly changing nature of the
blockchain industry, team members need to be continuously
exposed to new blockchain technologies and update their skills
to be able to complete and contribute to their [CO projects.

Moreover, the findings align with the growing recognition of
the necessity for adaptability and flexibility in project
management for industrial practices. As organisations face
increasing complexity and uncertainty, the ability to leverage
technical expertise effectively becomes critical [51,53]. The
emphasis on technical experience suggests a need for managers
to adopt more dynamic and responsive management strategies
that prioritise technical competencies in their teams. This is
particularly relevant in the context of managing innovation
projects, where the interplay between technical knowledge and
project success is of great importance [53].

The moderating role of ICO projects’ characteristics also
provides interesting insights on how the effects vary within
sectors, thus providing further practical industry-specific
implications. Policy makings and regulators may consider this
aspect when designing regulations and guidelines for ICOs
particularly for the sectors where projects require a higher level
of technical capabilities, such as fintech or decentralized
finance. For instance, policy makers may consider introducing
accreditation schemes to verify the technological proficiency of
an ICO project and therefore improve the credibility and
transparency of the ICO market. Apart from the important
practical implications, our research sets the foundations for
further academic work in the ICO field, and on digital
entrepreneurial finance [56] in general. We therefore call for
future theoretical work on experimental learning that considers
other important group functions and features (e.g., gender
heterogeneity, training, education) that can potentially alter the
relationship between experience and performance directly or
indirectly. We also show that desegregating experience can
generate more refined evidence, which can be otherwise
‘hidden’ in the process of aggregation. In the next section we
list a number of specific limitations that is left for future work.
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VI. CONCLUSION

In the presented work, we investigate the relationship between
an entrepreneurial teams’ functional-based ICO experience and
ICO success, and the moderation roles of the characteristics of
ICO projects. We collected data on 428 ICO projects from two
ICO tracking platforms, and utilized the data to examine our
research hypotheses. The results of the study show that
entrepreneurial teams’ technically-related ICO experience has
a positive effect on their ICO success; however, commercially-
related ICO experience is found to have a negative effect. Our
further examination shows that the positive relationship
between entrepreneurial teams’ technically-related ICO
experience and ICO success becomes stronger when the ICO
projects are from the sectors with high technological
requirements. In the meanwhile, the negative relationship
between entrepreneurial teams’ commercially-related ICO
experience and ICO success is weaker. Further to the soft cap,
its moderating role is found to be insignificant. This study
contributes to both entrepreneurship and crowdfunding
literature and organizational learning research, extending the
investigation of entrepreneurial team size [50] to team
experience.

The contributions of this research should be understood in
light of the limitation of our work. First, previous research
proposes that both education and experience are key
entrepreneurs’ characteristics reflecting human capital [42].
However, because of the great anonymity in ICOs,
entrepreneurs normally do not provide their education
information, making it difficult to include education as a
variable in our research. Future research could make up for this
inadequacy of our research by collecting entrepreneurs’
education information via surveys. Second, we do not
investigate entrepreneurial teams’ non-ICO experiences which
include both industry and start-up experiences but are not
related to ICOs. These types of prior experiences may affect
ICO projects’ performance as well, so future research could
investigate the effects of these types of prior experiences by
collecting relevant data via surveys. Third, although the method
for measuring ICO performance in this study is comprehensive
as compared to extant research, additional measurements on
ICO performance, such as funding speed and token trading
performance, can be employed to systematically disclose the
effects of ICO experience. We hope that our work will stimulate
further theory development and empirical analysis in the areas
of ICOs.

APPENDIX
Additional figures and tables are placed at the end.

REFERENCES

[1]N. H. Wellalage and V. Fernandez, ‘Innovation and SME finance: Evidence
from developing countries’, Int. Rev. Fin. Anal., vol. 66, p. 101370, Nov. 2019.
[2] S. Ioannou and D. Wojcik, ‘Finance and growth nexus: An international
analysis across cities’, Urban Stud., vol. 58, no. 1, pp. 223-242, Jan. 2021.

[3] G. Saridakis, J. Frankish, and D. J. Storey, ‘Unpacking new firm exit’, Br.
J. Manag., vol. 33, no. 4, pp. 1843-1863, Oct. 2022.

[4] V. Buttice and S. Vismara, ‘Inclusive digital finance: the industry of equity
crowdfunding’, J. Technol. Transf., vol. 47, no. 4, pp. 1224-1241, Aug. 2022.

10

[5] A. Marszk and E. Lechman, The Digitalization of Financial Markets: The
Socioeconomic Impact of Financial Technologies. Routledge, NY, 2021.

[6] P. P. Momtaz, ‘Entrepreneurial finance and moral hazard: Evidence from
token offerings’, J. Bus. Venturing, vol. 36, no. 5, p. 106001, Sep. 2021.

[7] Distributed ledger technology: beyond block chain. Office for Science,
2016.

[8] A. C. D. Moxoto, P. Melo, and E. Soukiazes, ‘Initial Coin Offering (ICO):
a systematic review of the literature’, in Proceedings of the 54th Hawaii Int.
Conf. on Syst. Sci., 2021.

[9] M. Belitski and D. Boreiko, ‘Success factors of initial coin offerings’, J.
Technol. Transf., vol. 47, no. 6, pp. 16901706, Dec. 2022.

[10] S. T. Howell, M. Niessner, and D. Yermack, ‘Initial coin offerings:
Financing growth with cryptocurrency token sales’, Rev. Financ. Stud., vol. 33,
no. 9, pp. 3925-3974, Sep. 2020.

[11] Momtaz, P. P., Initial coin offerings. Plos one, 2020, 15(5): €0233018.
[12] ‘ICOBench Report 2018, icobench.com, 28-Jul-2018. [Online].
Available: http://www.icobench.com/. [Accessed: 26-Oct-2022].

[13] Bullock, N. ‘Blockchain start-up raises more than $4bn.” [Online].
Available: https://www.ft .com/content/69abdb66-666¢-11e8-b6eb-
4acfctb08c11. [Accessed: 26-Oct-2022].

[14] C. Fisch, ‘Initial coin offerings (ICOs) to finance new ventures’, J. Bus.
Venturing, vol. 34, no. 1, pp. 1-22, Jan. 2019.

[15] S. Adhami, G. Giudici, and S. Martinazzi, “Why do businesses go crypto?
An empirical analysis of initial coin offerings’, J. Econ. Bus., vol. 100, pp. 64—
75, Nov. 2018.

[16] J. An, T. Duan, W. Hou, and X. Xu, ‘Initial coin offerings and
entrepreneurial finance: The role of founders’ characteristics’, J. Altern. Invest.,
vol. 21, no. 4, pp. 2640, Mar. 2019.

[17] D. Ucbasaran, A. Lockett, M. Wright, and P. Westhead, ‘Entrepreneurial
founder teams: Factors associated with member entry and exit’, Entrep. Theory
Pr., vol. 28, pp. 107-128, Mar. 2003.

[18] C. E. Eesley, D. H. Hsu, and E. B. Roberts, ‘The contingent effects of top
management teams on venture performance’, Strategic Manage. J., vol. 35, pp.
1798-1817, Dec. 2014.

[19] G. K. C. Ahlers, D. Cumming, C. Giinther, and Denis Schweizer,
‘Signaling in equity crowdfunding’, Entrep.. Theory Pr., vol. 39, no. 4, pp. 955—
980, Jul. 2015.

[20] D. Bolzani, R. Fini, S. Napolitano, and L. Toschi, ‘A review of 30 years of
literature on entrepreneurial teams: An input-process-outcome framework’,
SSRN Electron. J., 2018.

[21]J. M. Unger, A. Rauch, M. Frese, and N. Rosenbusch, ‘Human capital and
entrepreneurial success: A meta-analytical review’, J. Bus. Venturing, vol. 26,
no. 3, pp. 341-358, May 2011.

[22] R. Vogel, T. X. Puhan, E. Shehu, D. Kliger, and H. Beese, ‘Funding
decisions and entrepreneurial team diversity: A field study’, J. Econ. Behav.
Organ., pp. 595-613, Nov. 2014.

[23] S.-H. Chen, W.-T. Wang, and C.-T. Lu, ‘Exploring the development of
entrepreneurial identity in a learning-by-doing entrepreneurial project
environment,” Education + Training, vol. 63, no. 5, pp. 679-700, Mar. 2021
[24] L. Yang and J. Hahn, ‘The role of prior experience in entrepreneurial
learning’, Acad. Manag. Proc., vol. 2017, no. 1, p. 15565, Aug. 2017.

[25] H. Li and Y. Zhang, ‘The role of managers’ political networking and
functional experience in new venture performance: Evidence from China’s
transition economy’, Strategic Manage. J., vol. 28, no. 8, pp. 791-804, Aug.
2007.

[26] F. Ullah, P. Jiang, Y. Shahab, and C. Zheng, ‘Board of directors’ foreign
experience and stock price informativeness’, Int. J. Finance Econ., vol. 26, no.
4, pp. 5160-5182, Oct. 2021.

[27] B. Cannella and S. Finkelstein, Strategic leadership: Theory and research
on executives, top management teams, and boards. Cary, NC: Oxford
University Press, 2008.

[28] D. C. Hambrick, ‘Upper echelons theory: An update’, Acad. Manage. Rev.,
vol. 32, no. 2, pp. 334-343, Apr. 2007.

[29] L. Jin, K. Madison, N. D. Kraiczy, F. W. Kellermanns, T. R. Crook, and J.
Xi, ‘Entrepreneurial team composition characteristics and new venture
performance: A meta—analysis’, Entrep. Theory Pr., vol. 41, no. 5, pp. 743-771,
Sep. 2017.

[30] T.-T. Chuang, K. Nakatani, and D. Zhou, ‘The impact of managerial
characteristics of top management team on the extent of information technology
adoption: An exploratory study with the upper echelon theory’, 2007.



TEM-24-0867.R3

[31] Y. Li, C.-H. Tan, H.-H. Teo, and B. C. Y. Tan, ‘Innovative usage of
information technology in Singapore organizations: do CIO characteristics
make a difference?’, IEEE Trans. Eng. Manage., vol. 53, no. 2, pp. 177-190,
May 2006.

[32] V. L. Barker IIT and G. C. Mueller, ‘CEO characteristics and firm R&D
spending’, Manage. Sci., vol. 48, no. 6, pp. 782-801, Jun. 2002.

[33] J. Pfeffer, ‘Organizational demography: Implications for management’,
Calif. Manage. Rev., vol. 28, no. 1, pp. 67-81, Oct. 1985.

[34] Sharma, R. K., & Sah, A. N,’Impact of demographic factors on the
financial performance of women-owned micro-enterprises in India’, Int. J.
Finance Econ., vol. 27, pp. 617, Jan. 2022.

[35] G.S. Becker, Human capital: A theoretical and empirical analysis, with
special reference to education. University of Chicago press, 2009.

[36] J. Hessels, 1. Grilo, R. Thurik, and P. Van Der Zwan, ‘Entrepreneurial exit
and entrepreneurial engagement™’, Journal of Evolutionary Economics, vol. 21,
no. 3, pp. 447-471, 2011.

[37]J. E. McGee, M. J. Dowling, and W. L. Megginson, ‘Cooperative strategy
and new venture performance: The role of business strategy and management
experience’, Strategic Manage. J., vol. 16, no. 7, pp. 565580, 1995.

[38] K. M. Hmieleski, J. C. Carr, and R. A. Baron, ‘Integrating discovery and
creation perspectives of entrepreneurial action’, Strat. Entrep.. J., vol. 9, no. 4,
pp. 289-312, Dec. 2015.

[39] V. Rocha, A. Carneiro, and C. A. Varum, ‘Serial Entrepreneurship,
Learning By Doing and Self-Selection™’, International Journal of Industrial
Organization, vol. 40, no. 1, pp. 91-101, 2015.

[40] G. P. Hodgkinson and I. Clarke, ‘Toward a cognitive resource theory of
organisational strategizing’, SSRN Electron. J., 2004.

[41] E. Piva and C. Rossi-Lamastra, ‘Human capital signals and entrepreneurs’
success in equity crowdfunding’, Small Bus. Econ., vol. 51, no. 3, pp. 667-686,
Oct. 2018.

[42] D. Dimov, ‘Nascent entrepreneurs and venture emergence: Opportunity
confidence, human capital, and early planning’, J. Manag. Stud., vol. 47, no. 6,
pp. 1123-1153, Sep. 2010.

[43] C. Felzensztein, G. Saridakis, B. Idris, and G. P. Elizondo, ‘Do economic
freedom, business experience, and firm size affect internationalization speed?
Evidence from small firms in Chile, Colombia, and Peru’, J. Int. Entrep.., vol.
20, no. 1, pp. 115-156, Mar. 2022.

[44] T. R. Holcomb, R. D. Ireland, R. M. Holmes Jr, and M. A. Hitt,
‘Architecture of entrepreneurial learning: Exploring the link among heuristics,
knowledge, and action’, Entrep.. Theory Pr., vol. 33, no. 1, pp. 167-192, Jan.
2009.

[45] D. H. Hsu, ‘Experienced entrepreneurial founders, organizational capital,
and venture capital funding’, Res. Policy, vol. 36, no. 5, pp. 722741, Jun. 2007.
[46] T. K. Lant and S. J. Mezias, ‘Managing discontinuous change: A
simulation study of organizational learning and entrepreneurship’, Strategic
Management Journal, pp. 147-179, 1990.

[47] D. Politis, ‘The process of entrepreneurial learning: A conceptual
framework’, Entrep.. Theory Pr., vol. 29, no. 4, pp. 399424, Jul. 2005.

[48] J. Margolis, “Multiple Team Membership: An Integrative Review,” Small
Group Research, vol. 51, no. 1, pp. 48-86, Nov. 2019

[49] L. Argote and E. Miron-Spektor, ‘Organizational learning: From
experience to knowledge’, Organ. Sci., vol. 22, no. 5, pp. 1123-1137, Oct.
2011.

[50] V. L. Monaco, M. Meoli, T. Vanacker, and Silvio Vismara,
‘Entrepreneurial Team Size and Fundraising Success: Evidence from Equity
Crowdfunding,” IEEE Trans. Eng. Manage., pp. 1-19, Jan. 2024.

[51] D. La Torre, C. Colapinto, I. Durosini, and S. Triberti, ‘Team Formation
for Human-Artificial Intelligence Collaboration in the Workplace: A Goal
Programming Model to Foster Organizational Change,” IEEE Trans. Eng.
Manage., vol. 70, no. 5, pp. 1-11, 2021.

[52] D. Cetindamar, K. Kitto, M. Wu, Y. Zhang, B. Abedin, and S. Knight,
“Explicating Al Literacy of Employees at Digital Workplaces,” IEEE Trans.
Eng. Manage., vol. 71, pp. 1-14, 2022.

[53] M. Roach and H. Sauermann, ‘Can Technology Startups Hire Talented
Early Employees? Ability, Preferences, and Employee First Job Choice,’
Manag. Sci., Aug. 2024.

[54] Y. Zheng, J. Jiang, W. W. Huang, X. Wu, and H. Ren, ‘Coordination
Resistance in Cross-Functional NPD Projects: The Moderating role of
Temporal leadership,” IEEE Trans. Eng. Manage., vol. 71, pp. 2138-2152, May
2022.

11

[55] Z. Yin, C. Caldas, D. De Oliveira, S. Kermanshachi, and A.
Pamidimukkala, ‘Cross-functional collaboration in the early phases of capital
projects: Barriers and contributing factors,” Proj. Lea. and Soc., vol. 4, p.
100092, Jul. 2023.

[56] B. C. Davis, K. M. Hmieleski, J. W. Webb, and J. E. Coombs, ‘Funders’
positive affective reactions to entrepreneurs’ crowdfunding pitches: The
influence of perceived product creativity and entrepreneurial passion’, J. Bus.
Venturing, vol. 32, no. 1, pp. 90-106, Jan. 2017.

[57] C. M. Beckman and M. D. Burton, ‘Founding the future: Path dependence
in the evolution of top management teams from founding to IPO’, Organ. Sci.,
vol. 19, no. 1, pp. 3-24, Feb. 2008.

[58] P. Ganotakis, ‘Founders’ human capital and the performance of UK new
technology based firms’, Small Bus. Econ., vol. 39, no. 2, pp. 495-515, Sep.
2012.

[59] C. Bellavitis, C. Fisch, and J. Wiklund, ‘A comprehensive review of the
global development of initial coin offerings (ICOs) and their regulation’, J. Bus.
Ventur. Insights, vol. 15, no. €00213, p. €00213, Jun. 2021.

[60] M. Scarlata, A. Zacharakis, and J. Walske, ‘The effect of founder
experience on the performance of philanthropic venture capital firms’, Int.
Small Bus. J., vol. 34, no. 5, pp. 618-636, Aug. 2016.

[61] D. Muzyka, S. Birley, and B. Leleux, ‘Trade-offs in the investment
decisions of European venture capitalists’, J. Bus. Venturing, vol. 11, no. 4, pp.
273-287, 1996.

[62] R. W. Stuart and P. A. Abetti, ‘Impact of entrepreneurial and management
experience on early performance’, J. Bus. Venturing, vol. 5, no. 3, pp. 151-162,
May 1990.

[63]J.Y.-K. Lim and L. W. Busenitz, ‘Evolving human capital of entrepreneurs
in an equity crowdfunding era’, J. Small Bus. Manage., vol. 58, no. 1, pp. 106—
129, Jan. 2020.

[64] G. Giudici and S. Adhami, ‘The impact of governance signals on ICO
fundraising success’, Econ. Polit. Ind., vol. 46, no. 2, pp. 283-312, Jun. 2019.
[65] X.-P. Chen, X. Yao, and S. Kotha, ‘Entrepreneur passion and prepared-
ness in business plan presentations: a persuasion analysis of venture capitalists’
funding decisions’, Academy of Management journal, vol. 52, no. 1, pp. 199—
214, 2009.

[66] M. G. Colombo and L. Grilli, ‘Technology policy for the knowledge
economy: Public support to young ICT service firms’, Telecomm. Policy, vol.
31, no. 10-11, pp. 573-591, Nov. 2007.

[67] L. Zhao, C. Harvie, A. Arjomandi, and S. Suardi, ‘Entrepreneurs and
China’s private sector SMEs’ performance’, Appl. Econ., vol. 54, no. 28, pp.
3279-3295, Jun. 2022.

[68] R. Shrader and D. S. Siegel, ‘Assessing the relationship between human
capital and firm performance: Evidence from technology—based new ventures’,
Entrep.. Theory Pr., vol. 31, no. 6, pp. 893-908, Nov. 2007.

[69] R. Amsden and D. Schweizer, ‘Are blockchain crowd sales the new ‘gold
rush’, 2018.

[70] B. Briers, M. Pandelaere, and L. Warlop, ‘Adding exchange to charity: A
reference price explanation’, J. Econ. Psychol., vol. 28, no. 1, pp. 15-30, Jan.
2007.

[71]J. Meer, ‘Effects of the price of charitable giving: Evidence from an online
crowdfunding platform’, J. Econ. Behav. Organ., vol. 103, pp. 113-124, Jul.
2014.

[72] M. Yan, Y. Yu, and X. Dong, ‘Contributive roles of multilevel
organizational learning for the evolution of organizational ambidexterity’, Inf.
Technol. People, vol. 29, pp. 647-667, Aug. 2016.

[73] X. Zhang, X. Liu, X. Wang, H. Zhao, and W. Zhang, ‘Exploring the effects
of social capital on crowdfunding performance: A holistic analysis from the
empirical and predictive views’, Comput. Human Behav., vol. 126, no. 107011,
p. 107011, Jan. 2022.

[74] M. Rossolini, A. Pedrazzoli, and A. Ronconi, ‘Greening crowdfunding
campaigns: an investigation of message framing and effective communication
strategies for funding success’, Int. J. Bank Mark., vol. 39, no. 7, pp. 1395—
1419, Oct. 2021.

[75] A. Tandon, P. Kaur, M. Miantymaéki, and A. Dhir, ‘Blockchain applications
in management: A bibliometric analysis and literature review’, Technol.
Forecast. Soc. Change, vol. 166, no. 120649, p. 120649, May 2021.

[76] F. Casino, T. K. Dasaklis, and C. Patsakis, ‘A systematic literature review
of blockchain-based applications: Current status, classification and open
issues’, Telemat. Inform., vol. 36, pp. 55-81, Mar. 2019.



TEM-24-0867.R3

[77] 1. Konstantinidis, G. Siaminos, C. Timplalexis, P. Zervas, V. Peristeras,
and S. Decker, ‘Blockchain for business applications: A systematic literature
review’, in Business Information Systems, Cham: Springer International
Publishing, 2018, pp. 384-399.

[78] H.-C. Hsieh and J. Oppermann, ‘Initial coin offerings and their initial
returns’, Asia Pac. Manag. Rev., vol. 26, no. 1, pp. 1-10, Mar. 2021.

[79] J. H. Block, A. Groh, L. Hornuf, T. Vanacker, and S. Vismara, ‘The
entrepreneurial finance markets of the future: a comparison of crowdfunding
and initial coin offerings’, Small Bus. Econ., vol. 57, no. 2, pp. 865-882, Aug.
2021.

[80]J. Campino and A. Brochado, ‘Success factors of initial coin offering (ICO)
projects. Success Factors of Initial Coin Offering (ICO) projects’, pp. 252-262,
2021.

[81] E. Monaco, G. Onesti, D. Cruz, and P. Rosati, ‘It’s not only what you say
but “how” you say it: Linguistic styles and ICOs success’, in Lecture Notes in
Inf. Sys. and Org., Cham: Springer International Publishing, 2021, pp. 109—
121.

[82] S. Vismara, ‘Information cascades among investors in equity
crowdfunding’, Entrep.. Theory Pr., vol. 42, no. 3, pp. 467-497, May 2018.
[83] B. Eraker and M. Ready, ‘Do investors overpay for stocks with lottery-
like payoffs? an examination of the returns of OTC stocks’, J. of Fin. Econ.,
vol. 115, no. 3, pp. 486504, 2015.

[84] E. Mollick, ‘The dynamics of crowdfunding: An exploratory study’, J. Bus.
Venturing, vol. 29, no. 1, pp. 1-16, Jan. 2014.

[85] C. Courtney, S. Dutta, and Y. Li, ‘Resolving information asymmetry:
Signaling, endorsement, and crowdfunding success’, Entrep. Theory Pr., vol.
41, pp. 265-290, Mar. 2017.

[86] V. Noguti, H. Ho, M. Padigar, and S. X. Zhang, ‘Do individual
ambidexterity and career experience help technological startup founders
acquire funding?,” IEEE Trans. Eng. Manage., vol. 70, no. 12, pp. 4162-4174,
Sep. 2021.

[87]J. Yen, T. Wang, and Y. Chen, ‘Different is better: how unique initial coin
offering language in white papers enhances success,” Acc. and Fin., vol. 61, no.
4, pp. 5309-5340, Feb. 2021.

[88] D. Soetanto, N. Franco-Leal, and J. Larty, ‘Strategic orientation and new
product development performance of academic Spin-Offs: the importance of
team cohesion and team heterogeneity,” IEEE Trans. Eng. Manage., vol. 71, pp.
2853-2864, Aug. 2022.

Chunjia Han received the Ph.D. degree
in management from the University of
Southampton, UK in 2014. He is
currently an Associate Professor in
Business Innovation with Birkbeck
Business School, University of London.
His research interests include open

innovation, user innovation, social media & digital marketing,
big data analytics
transformation.

and digitalisation enabled business

Mu Yang received the Ph.D. degree in
computer science from the University of
Southampton, UK in 2014. She is
currently an Associate Professor in
Business Analytics and Head of Business,
Strategy and Analytics with Birkbeck
Business School, University of London.
Her research interests include business
analytics, innovation, Al, privacy and security and digital
economy.

12

"™ George Saridakis received the Ph.D.
degree in economics from Essex
University in 2006. He is currently a
Professor of Small Business and
Entrepreneurship at Kent Business
School, University of Kent. His main area
of research is on small firms, international

business/trade and entrepreneurship. He has also carried out
research on social media, illicit behaviour and supply chain
linked to business performance and economic growth. His
research typically uses cross-sectional, time-series and panel
data approaches.

Vladimiro Sassone received the Ph.D.
degree in computer science from the
University of Pisa, Italy in 1994. He is
currently a Professor, RAEng Research
Chair in Cyber Security, and Director of
Cyber Security Centre with University of
Southampton, UK. His research interests
include privacy and cyber security, mobile, distributed systems,
semantics, type theory, logics, formal methods and, in general,
the foundations of computer science, with main focus on
languages and models for concurrency.

2 4 -
7~
r
3 ’/7_/_//
© r
g2 17 ~
Q 7~
S -
A <
@D A
o
o Moderator: Sector
o
0 (54%)
o _| — - 1(46%)
o
T T T T T T T
0 1 2 3 4 5 6
Technical experience
e
o | —
o
o ©
8 o
Q
3
<
[
O ] Moderator: Sector
o
0(54%)
o _|— - 146%)
o

I I I T T I T I I
0 1 2 3 4 5 6 7 8

Commercial experience
Fig. 1. Moderation effects of project sector on the relationship
between technically-related ICO experience and ICO success
(Sector: 1 = a sector with high technological requirements).

Fig. 2. Moderation effects of project sector on the relationship
between commercially-related ICO experience and ICO
success (Sector: 1 = a sector with high technological
requirements).



13

TEM-24-0867.R3

TABLE II
CORRELATION MATRIX.

TABLE I
VARIABLE DEFINITIONS AND SUMMARY STATISTICS.
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Variables

Size of team

Token offered
Pre-sale

Token supply
Duration

Github

Bitcointalk

Video

Country - US
Technical experience
Commercial experience
Sector

Soft cap

TABLE III
LOGISTIC REGRESSION ANALYSIS ON THE PREDICTORS OF THE
ICO SUCCESS (DEPENDENT VARIABLE: SUCCESS).

Model 1 Model 2
-0.000  0.011*
(0.953)  (0.040)
0.000 0.002

(0.751)  (0.482)
-0.230%**  -0.451***

Technical experience x Sector

Commercial experience x Sector

Technical experience x Soft cap

Commercial experience x Soft cap

AIC

(0.000)  (0.000)
0.004 -0.002
(0.715)  (0.909)
-0.001%* 0001
(0.003)  (0.220)
-0.143**  -0.182*
(0.009)
0.030
(0.609)
0.122%
(0.033)
-0.109
(0.188)

(0.020)
539.87  115.58

Notes: N = 428 ICO projects.
**%: p-value <0.001; **: p-value <0.01; *: p-value <0.05

Dependent Variable Construction
(Success)

Model 3 Model 4  Model 5 Model 6  Model 7 Model 8
0.014* 0.013* 0.015* 0.010* 0.013* 0.053*
(0.025)  (0.040)  (0.020)  (0.043)  (0.029)  (0.025)
0.000 0.002 0.000 0.003 0.001 0.001
(0.895)  (0.515)  (0.904)  (0.287)  (0.614)
0475 -0.502%%*F  0.436*** -0.232*  -0.269*
(0.000)  (0.000)  (0.000)  (0.029)  (0.018)
-0.002 -0.004 -0.000 0.012 0.010
(0.929)  (0.868)  (0.977)  (0.584)  (0.652)  (0.068)
-0.001 -0.001 -0.000 -0.000 -0.000  -0.009**
(0.389)  (0.502)  (0.402)  (0.501)  (0.719)  (0.003)
-0.165*  -0.196*  -0.202*  -0.088 -0.083  -0.980*
(0.039)  (0.043)  (0.042)  (0.396)  (0.431)  (0.409)
-0.279%*  -0.298*  -0.283*  -0.274*  -0.274* 0.071
(0.045)  (0.028)  (0.041)  (0.030)  (0.036) (0.414)
0.363*  0.311*  0.346* 0196 0.274* 0
(0.011) (0. 0.015)  (0.135)  (0.043)  (0.402)
-0.105 -0.241 -0.119 -0.038 -0.010 -0.204
(0.582)  (0.204)  (0.528)  (0.825)  (0.956)  (0.510)
0.024 0.045 0.193*
(0.638) (0.412) (0.120)
-0.049* -0.092% -0.044 -0.058
(0.046) (0.016) (0.391)  (0.026)
-0.214*  -0.248* -0.164*
(0.047)  (0.040) (0.029)
-0.031%**  -0.027** -0.038**
(0.000)  (0.002)  (0.006)
0.162* 0.932%
(0.038) (0.658)
0.102* 0.376*
(0.045) (0.326)
0.004 0.003
(0.312) (0.118)
0.001 0.002
(0.795)  (0.003)
118.54 113.59 11743 30216 307.90  308.62
Confirm results
Robustness Checks

TABLE Al
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A SUMMARY OF COMPREHENSIVE LITERATURE REVIEW.

Theme

Litera
ture
Refer
ence

Author(s)
& Year

Key Findings

Releva
nce to
the
Study

Data collection
(ICObench.com,
ICOdrops.com)

Independent and Moderation
Variable Construction
(Technical experience, Commercial
experience, Sector, Softcap)

Muttivariate regression
analysis

(Logistic regression models
for H1-Hd)

Control Variable Construction
(Size of team, Token offered, Pre-
sale, Token supply, Duration, Github,
Bitcointalk, Video, Country)

1. New independent variables:
Technical/Commercial experience in
years, Role_CEO, Role_CTO
2. New dependent variable:
Total_raised
3. Additional control variables: White
paper word count, White paper
technical rating, Project rating

S

Fig. Al. Overview of analysis steps.

ICO Financing

[14]

Fisch
(2019)

ICOs provide a
novel financing
mechanism,
success factors
identified.

[15]

Adhami et
al. (2018)

Determinants of
the ICO success
were analysed:
Success is more
likely if the code
source is
available  and
when a token
presale is
organized,;
Success is also
more likely
when tokens
allow
contributors to
access a specific
service, or to
share profits.

[64]

Giudici &
Adhami
(2019)

Governance
signals
significantly
impact 1CO
fundraising
success.

(78]

Hsieh &
Oppermann
(2021)

1CO under-
pricing is
enormous. ICO
initial  returns
are influenced
by various
factors
including length
of offering
phase, presale,
whitepaper, and
the creation of
an independent
blockchain.

[69]

Amsden &
Schweizer
(2018)

Blockchain
crowd
have
characteristics
similar to a gold
rush.

sales

[79]

Block et al.
(2021)

ICOs and
crowdfunding
have distinct but
overlapping
dynamics in
different

sectors.

Provid
e
foundat
ional
underst
anding
of ICO
financi
ng and
highlig
ht the
factors
influen
cing
1CO
outcom
es.

Entrepreneurs'
Characteristics

[16]

An et al.
(2019)

Founders'
experience and
characteristics
(i.e., human
capital)
significantly
impact 1CO
success and

Offer
insight
s into
the
import
ance of
founde
r
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speed of
fundraising.

[45]

Hsu (2007)

Experienced

founders are
more likely to
secure venture
capital funding.

[62]

Stuart &
Abetti
(1990)

The
entrepreneurial
experience,
measured as the
number of
previous  new
venture
involvements
and the level of
the management
role played in
such  ventures
was found to be
the most
significant
factor.

[60]

Scarlata et
al. (2016)

Founder
experience
influences
performance in
philanthropic
VC firms.

[58]

Ganotakis
(2012)

Founders'
human capital is
critical for firm
performance.

[63]

Lim &
Busenitz
(2020)

The importance
and detrimental
impact of
specific human
capital
characteristics
on funding were
studied.
Management
experience with
large
organizations
does not impact
funding.

charact
eristics
and
experie
nce,
relevan
t for
underst
anding
impact
of
human
capital
in tech
firms.

Team Dynamics

[22]

Vogel et al.

(2014)

Team diversity
influences
funding
decisions  and
entrepreneurial
outcomes.

Releva
nt for
underst
anding
team
dynami
cs in

[57] Beckman & | Narrowly fundin
Burton experienced g and
(2008) teams have | provide

trouble adding | theoreti
functional cal
expertise  not | backgr
already ound
embodied in the | on
team. Firms | team
beginning with | compo
more complete | sition,
functional evoluti
structures are | on and
likely to go | outcom
public  faster, | es.
and firms
beginning with

broadly

experienced

team members

obtain  venture

capital more

quickly

regardless of the
experience and
structural

composition of

the top
management

team in place at

the time of these

outcomes.

[27] Cannella & | Strategic
Finkelstein | leadership
(2008) theories and the

impact on
organizational
outcomes.

[61] Muzyka et | Team
al. (1996) composition

impacts VC
investment
decisions.
Entrepreneurial | [44] Holcomb et | The  research | Releva
Learning al. (2009) highlights the | nt for
effects of | underst
heuristics under | anding
two  different | organiz
learning ational
contexts: learnin
experiential g
learning and | dynami
vicarious cs and
learning. knowle

[72] Yan et al. | Ambidexterity dge
(2016) development learnin

was largely | ¢ and
beneficial from | applica
the multilevel | tion in
organizational experie
learning at both | ntial
the strategic | learnin
level and | g.
operational

level.
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TABLE A4
ROBUSTNESS CHECKS WITH NEW DEPENDENT VARIABLE
(TOTAL RAISED) AND NEW MEASURES FOR ENTREPRENEURS’
PREVIOUS EXPERIENCE (ROLE_CTO, ROLE CEO).

TABLE A2
NUMBER OF PROJECTS BY COUNTRY, INDUSTRY AND YEAR.

(a) Number of projects by country (top eight countries are highlighted)

Australia Barbados | *°® | Germany | Mauritius Mexico | South Korea | Spain
Model 1 Model 2
8 1 8 4 1 1 5 4 i
- Gibralt Moroce Variables (DV: Total raised) (DV: Success)
Belarus Beize | Greece | Montenegro | | Sweden Size of team 0.061%% (0.021) 0.057°%(0.020)
3 i 4 ! ! 1 E 2t Token offered -0.004 (0.006) 0.001(0.006)
posnia snd Brazil |17 | Hungary | Netherlands | | Taiwan Thailand Pre-sale -0.436 (0.278) -0.451(0.301)
s . x| , L , Token supply 0.138% (0.059)  0.073(0.062)
British Indian Duration -0.004* (0.002) -0.008**(0.002)
Bulgaria | lceland | India Nigeria Norway | Turk Ukraine
Ocean Territory & & Y < Github -0.456 (0.302) -0.659%(0.328)
1 5 L 3 N 5 Bitcointalk -0.325 (0.311) -0.210(0.029)
Canada N e | tsrael | Others Panama | J7ied At ﬂi"'::o . Video 0.942%* (0.307) 0.319%(0.258)
s . . | . e o Country - US 0.075 (0.447) -0.198(0.336)
o o | Kazakhsta | o Portuga | United States of | |, Project rating 0.809** (0.249) 0.622**(0.189)
e ma | dapan | ippines | i anuat Technical experience 0.119* (0.288)
1 2 1 L 2 1 33 1 Commercial experience 0.137* (0.284)
Comoros w2 latia | LM omans | Russia | Vietnam z’é'rf('i"sh';'“"’ Sector 0.228* (0.255) -0.129%(0.018)
L ) . ) N 7 N p Soft cap -0.045%(0.019) -0.035**(0.005)
- Cooch | Lithus | Lucembou | Saime Kiss | o | Technical experience x Sector 0.378%(0.422)
yer Republic |nia | rg and Nevis o " Commercial experience x Sector  -0.096 (0.261)
6 3 3 2 2 1 1 Technical experience x Soft cap 0.010 (0.027)
Egypt Estonia | Macao | Malaysia | Seychelles fei""'”‘ Commercial experience x Soft cap 0.005 (0.019)
Role_.CTO 0.281*(0.089)
1 33 1 2 5 4
- ) e s Role CEO -0.069(0.023)
man rance 22 | stands ovenia Africa Role.CTO x Sector 0.513%(0.278)
1 5 7 2 5 3 Role_CEO x Sector 0.249%(0.201)
Role_CTO x Soft cap 0.005(0.102)
(b) Number of projects by industry Role CEO x Soft cap 0.006 (0.007)
) | Internet & ) Health & Social Observations 428 203
Business | Charity | o nnectivity | S2mes & Entertainment |\ ieine | 72" | Media Study R-squared (Adjusted R-squared)  0.236 (0.197) 0.312 (0.269)
54 5 19 37 1 18 7 5
::Z;'t“”" Ecology | Finance Platform Travel :::te Sports Other
49 4 48 136 10 10 6 9
(c) Number of projects by year
[ 2017 [ 2018 [ 2019 |
| 52 [ 357 [ 10 |
TABLE A3

ROBUSTNESS CHECKS USING ADDITIONAL VARIABLES
(DEPENDENT VARIABLE: SUCCESS).

Variables

Size of team

Token offered

Pre-sale

Token supply

Duration

Github

Bitcointalk

Video

Country - US

White paper (words count)
White paper (technical)
Technical experience in years
Commercial experience in years
Sector

Soft cap

Technical experience in years x
Commercial experience in years
Technical experience in years x

Commercial experience in years

AIC
Notes: N =428 ICO pro,

Sector
x Sector
Soft cap

x Soft cap

jects.

Model 1 Model 2 Model 3 Model 4
0.001 0.000 0.001 0.000
(0.762)  (0.899)  (0.735)  (0.909)
0.000 0.000 0.000 0.000
(0.745)  (0.581)  (0.895)  (0.629)
H0.221%FF L0.224%%F  L0.221F%F .(.209%+%
(0.000)  (0.000)  (0.000)  (0.000)
0.006 0.001 0.006 0.006
(0.567)  (0.519)  (0.576)  (0.547)
20.001%  -0.001%*%  -0.001**  -0.001**
(0.003)  (0.001)  (0.003)  (0.001)
20.139%  -0.147*%  -0.139%  -0.146*
(0011)  (0.007)  (0.012)  (0.008)
0.003 0.020 0.027 0.017
(0650)  (0.733)  (0.648)  (0.767)
0.125% 0.123* 0.125% 0.124*
(0.031)  (0.033)  (0.031)  (0.031)
0097 -0097  -0097  -0.101
(0243)  (0.241)  (0.248)  (0.221)
-0.000* -0.000* -0.000* -0.000*
(0042)  (0.043)  (0.048)  (0.049)
0.018 0.015 0.018 0.016
(0488)  (0.554)  (0.485)  (0.536)
0.050* 0.029
(0.024) (0.295)
-0.049%
(0.046)
-0.035%
(0.044)
0.059*
(0.020)
510.30  537.16 54231  539.27

*#%; p-value <0.001; **: p-value <0.01; *: p-value <0.05

Model 5 Model 6 Model 7
0.000 0.006* 0.007*
(0.781)  (0.037)  (0.023)
0.000 0.000 0.000
(0.824)  (0.709)  (0.846)
20.216%% 0051 -0.049
(0.000)  (0.222)  (0.254)
0.005 0.016* 0.015
(0.591)  (0.081)  (0.109)
20.001%  -0.001*  -0.001*
(0.003)  (0.016)  (0.033)
20139 -0.106*  -0.098*
(0011)  (0.023)  (0.039)
0.023 0.013 0.018
(0689)  (0.793)  (0.721)
0122 0.041 0.047
(0.035)  (0.401)  (0.342)
0087 0027 -0.022
(0296)  (0.699)  (0.761)
-0.000%  -0.000%  -0.000*
(0.045)  (0.036)  (0.045)
0.019 0.021 0.023
(0.464)  (0.345)  (0.299)

0.006

(0.832)
-0.020% -0.008
(0.018) (0.728)
-0.056%
(0.023)

0.037** .0.036**

(0.000)  (0.000)
0.056*
(0.042)

0.005*

(0.048)

0.001
(0.696)

54290 40072 409.15



