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Abstract
This article examines the operating and financial performance of venture firms conducting initial
coin offerings (ICOs) with different types of investors and at different points along a venture’s life-
cycle. Relative to purely crowdfunded ICO ventures, institutional investor-backed ICO ventures
exhibit weaker operating performance and fail earlier. However, conditional on survival, these
ventures financially outperform their peers that do not receive institutional investor support. The
diverging effects of investor backing on financial and operating performance are consistent with
our theory of ‘‘certification exploitation’’ through a new form of a pump-and-dump scheme.
Institutional investors exploit their reputation to drive up ICO valuations and quickly exit the ven-
ture post-ICO, with the difference in pre- versus post-certification token prices being their exploi-
tation profit in liquid markets for startups. Our findings further indicate that there is an inverted
U-shaped relationship between the financial success of an ICO and the timing along a venture’s
life-cycle, with the product piloting phase representing the pivotal point.
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Introduction

In an initial coin offering (ICO), or token offering, startups raise capital by selling crypto-
graphically protected digital units of assets, known as tokens, to investors (Fisch, 2019;
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Momtaz, 2020). ICOs represent an innovative entrepreneurial finance mechanism, which
has evolved out of crowdfunding by way of blockchain technology, to issue stakes in
startup firms (Belitski & Boreiko, 2021; Fisch, 2019; Howell et al., 2020; Huang et al.,
2020; Li & Mann, 2021; Momtaz, 2020). While there is growing empirical evidence for the
financial performance of ICOs in the spirit of initial public offerings (IPOs),1 the literature
on operating performance is scant (Davydiuk et al., 2023; Howell et al., 2020; Lyandres
et al., 2022). Given widespread concerns about fraud in ICO markets (Hornuf et al., 2022),
whether they are valid or not, it is imperative to infer the performance of ICOs beyond the
fundraising stage. To fill this research gap, in this article, we construct a new database that
tracks the operating performance of tokenized startups in terms of their achieved and
missed milestones.

Our classification of milestones considers seven phases spanning idea, proof of concept,
prototype, pilot, minimum viable product, full product, and operating success or profit-
ability. In total, we track 20,431milestones in 3,864 startup firms over the period 2015 to
2021 and document several stylized facts about the operating performance of ICOs over
their life-cycle. First, only about half of all ventures ultimately develop a full product, and
only 19% reach the stage of operating success. Second, conditional on achieving operating
success, startups that develop a full product take about 19months to do so. Startups that
achieve operating success need about 24months from ideation to reach this final milestone.
Third, the most common reason why startups fail is that they are not able to develop their
pilot into a minimum viable product or their minimum viable product into a full product.
More than 60% of all startups fail during the stages from pilot to full product develop-
ment, which occur over a relatively short time span of 3months for the average startup.

While these stylized facts are interesting in themselves, our novel dataset allows us to
examine important and previously unaddressed research questions related to early-stage
entrepreneurial finance by exploiting the institutional setting of the ICO market. The start-
ing point of our analysis is that entrepreneurial financial markets are highly competitive,
especially on the demand side for capital. In many startups, entrepreneurs are almost des-
perate for funding ‘‘just to keep going’’ and fail to focus their fundraising efforts on getting
the best partners on board and setting the course for long-term success. Accordingly, there
is a highly strategic aspect to early-stage entrepreneurial finance (Amornsiripanitch et al.,
2019; Blaseg & Hornuf, 2023; Mansouri & Momtaz, 2022). Nevertheless, strategic entre-
preneurial finance of pre-seed and seed ventures is an underexplored research field with
many challenges in establishing empirical facts to inform theory, including the segmenta-
tion of early-stage financing markets, which precludes an analysis of financing choices and
strategies (Cumming & Johan, 2017; Cumming & Vismara, 2017). We exploit token mar-
kets, which are relatively integrated with regard to different investor types, as a near-ideal
laboratory to examine two overarching strategic aspects of early-stage entrepreneurial
finance. First, we analyze differences between purely crowdfunded and institutional
investor-backed ventures in terms of their post-funding operating and financial perfor-
mance. Second, linking the information on operating and financial performance, we assess
whether there is an optimal point in time along a startup’s life-cycle to raise capital through
token offerings.

Our first research objective is to explore whether there are differences between purely
crowdfunded and institutional investor-backed venture firms by comparing their post-
funding operating and financial performance. Given a high level of opacity and informa-
tion asymmetry between ventures seeking funding and investors providing the necessary
capital, entrepreneurial finance is inherently risky (Block et al., 2021; Cumming, 2008;
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Cumming & Johan, 2017; Drover et al., 2017; Dushnitsky & Shapira, 2010). Theory sug-
gests that ventures are able to reduce information asymmetry by sending signals of their
quality (Ahlers et al., 2015; Colombo, 2021; Vismara, 2018). However, in the new era of
tokenization of future assets, traditional signals have become largely ineffective (Bourveau
et al., 2022; Fisch, 2019), primarily due to the lack of an institutional framework that veri-
fies signals ex ante or at the very least punishes false signals ex post (Momtaz, 2021c).
Therefore, many tokenized startups rely on outside certification to signal their quality to
investors. One certification mechanism is to enlist the support of institutional investors
(Colombo et al., 2021; Cumming et al., 2024), particularly crypto funds (Dombrowski
et al., 2023; Fisch & Momtaz, 2020).2

We depart from the prevalent view that certification through institutional investors is
uniformly beneficial (Fisch & Momtaz, 2020; Hsu, 2004) and argue that institutional inves-
tor backing can have different consequences for the performance of tokenized startups. In
particular, we are concerned with what we call ‘‘certification exploitation,’’ which occurs
when institutional investors, who attest to the quality of the venture with their financial
backing, have an incentive to quickly exit from the target venture as long as token valua-
tions are favorably impacted by their own certification. Put differently, certifying investors
buy tokens at the pre-certification price and, thanks to liquid secondary markets, sell their
tokens only after a short time at the post-certification price, with the difference being their
exploitation profit.

Certification exploitation potentially leads to individually rational market myopia
(Stein, 1989). If entrepreneurs know about the incentives for certifying investors to exit,
they may focus on activities that boost short-term financial performance and increase the
token price in the secondary market to keep investors in the market, but forego activities
that benefit long-term operating performance. Therefore, certification exploitation can lead
to diverging effects on a startup’s operating versus financial performance. Our Operating
Underperformance Hypothesis and the Financial Outperformance Hypothesis suggest that,
ceteris paribus, institutional investor-backed ICO ventures exhibit weaker operating perfor-
mance and stronger financial performance, respectively, than solely crowdfunded ICO
ventures.

Our empirical analysis confirms both hypotheses. Compared to crowdfunded startup
ventures, institutional investor-backed startups have a lower likelihood of survival. In par-
ticular, the results of frailty models indicate that institutional investor-backed startups are
more likely to be liquidated before they become profitable or have developed a full prod-
uct, with increased hazards of 24% and 42% relative to their non-backed peers, respec-
tively.3 These estimates confirm our Operating Underperformance Hypothesis. The effect is
driven by crypto hedge funds, who behave opportunistically and seem to be mainly inter-
ested in the financial performance of the target firm. The same effect is not observable for
crypto venture funds, who are more geared toward the operating performance of their tar-
get firms and resemble traditional venture capitalists. We further document that a higher
funding through a token issuance significantly prolongs a startup’s efforts to develop a full
product and increases the likelihood of operating success.

Second, relative to fully crowdfunded startups, we document that institutional investor-
backed startups raise a higher amount of funding, and that their financial performance in
terms of buy-and-hold abnormal token returns is higher in the short-run (up to holding
periods of 6months). However, the financial outperformance of these crypto fund-backed
ventures vanishes in the long-run; buy-and-hold abnormal token returns are no longer sta-
tistically significant for holding periods up to 24months. The observed return patterns at
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least partially support the Financial Outperformance Hypothesis. Our results hold condi-
tional on startups’ operating performance, that is, we control for the milestones already
reached at the time of the ICO and the venture’s post-ICO operating development. Again,
the negative impact on ventures’ financial performance in the long-run is most pronounced
in the presence of funds with hedge fund-style strategies.

Our second research objective relates to the association between the performance of
ICOs and the timing of token issuances. Having information on both financial and operat-
ing performance, we are able to connect these two pieces of information and develop theo-
retical arguments pertaining to the optimal timing to implement a token offering. At least
three arguments suggest that conducting ICOs both very early and very late along a start-
up’s life-cycle diminishes the offering’s success and subsequent financial performance.
First, token offerings involve a trade-off between entrepreneurs giving up private benefits
of control and benefiting from a higher venture value due to secondary market trading
(Benninga et al., 2005). Second, learning from market feedback in token offerings, although
requiring costly initial investments, may be beneficial for pre-seed ventures. In contrast, it
is only of little marginal value for mature ventures (Yan & Williams, 2021). Third, the
potential benefits of certification in early-stage and mature ventures are small because certi-
fication may not be credible early on and become unprofitable in later stages. Overall, these
arguments lead to our Optimal Timing Hypothesis, which suggests that there is an inverted
U-shaped relationship between the financial success of ICO ventures and their life-cycle
stage.

Our empirical strategy to examine the inverted U-shaped relationship between the suc-
cess of a token offering and its timing along the startup’s life-cycle follows the methodology
in Haans et al. (2016). The results are consistent irrespective of whether startups attempt to
optimize the timing of their ICO with an eye toward maximizing the funding amount or
short-term financial returns to investors. For entrepreneurs wishing to maximize the fund-
ing amount, the optimal timing for a token offering is right upon completion of the piloting
milestone, when startups begin to develop their minimum viable product. Similarly, for
entrepreneurs wishing to maximize short-term investor returns, the optimal timing of an
ICO is during the piloting stage. However, entrepreneurs cannot influence the long-run
financial performance of tokenized startups through skillful timing of the offering. In
sample-split analyses, we further analyze whether the optimal timing of a token offering
depends on whether it is a purely crowdfunded or institutional investor-backed project.
The effect of timing seems to be particularly important for short-run token returns in
ventures with crypto fund backing.

Our article makes several contributions to the entrepreneurial finance literature. First,
by constructing a unique dataset with granular milestones for ICO ventures, we fill a
research gap related to the post-funding financial and operating performance of crowd-
funded firms (Böckel et al., 2021; Vanacker et al., 2019). Detailed information on the
achievement of 7milestones allows us to shift the focus in the existing literature away from
the token issuance stage and document several stylized facts about the operating perfor-
mance of ICOs over their life-cycle. Second, while most of the finance literature assumes
that institutional investors, with their independence, expertise, and ability to monitor man-
agers effectively, have a positive effects on firm outcomes that are attributable to better
monitoring and changes in governance structures (Aggarwal et al., 2011; Shleifer & Vishny,
1986), we document that institutional investors can also have adverse consequences for the
operating performance of ICO ventures. Given the diverging financial and operating post-
funding ICO performance, we interpret the apparently opportunistic behavior of crypto
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hedge funds as being consistent with our theory of certification exploitation. This finding
contributes to the recent literature on ‘‘pump-and-dump’’ schemes in cryptocurrency mar-
kets (Dhawan & Putnins, 2022; Hamrick et al., 2021; Li et al., 2023). It also confirms theo-
retical work showing that token prices are determined by aggregating user transaction
demand (Cong et al., 2021), but highlights that investor heterogeneity is important and
may lead to convoluted post-funding performance effects. Third, linking the information
about financial and operating post-funding performance, we assess whether there is an
optimal point in time along a startup’s life-cycle to raise capital through token offerings,
and when a crypto fund should enter the target venture. Our results therefore contribute to
the literature evaluating the costs and benefits of being publicly traded (Benninga et al.,
2005; Yan & Williams, 2021). Finally, our findings have rich implications for entrepre-
neurs, policy makers, and regulators (see section ‘‘Theoretical Contributions and Practical
Implications’’ for further details).

The remainder is organized as follows: Section ‘‘Background and Hypotheses’’ provides
details about the institutional background and develops our empirical predictions. Section
‘‘Data and Stylized Facts’’ describes our data and empirical methodology. Section
‘‘Empirical Results’’ presents the results, and the final section concludes.

Background and Hypotheses

Institutional Background

ICOs and Secondary Markets for Tokenized Startups. In an ICO, or token offering, startups raise
capital by selling tokens to investors (Fisch, 2019; Momtaz, 2020).4 They represent an inno-
vative entrepreneurial finance mechanism that has evolved out of crowdfunding by way of
blockchain technology to issue stakes in startups (Belitski & Boreiko, 2021; Fisch, 2019;
Howell et al., 2020; Huang et al., 2020; Li & Mann, 2021; Momtaz, 2020).5 Tokens are
cryptographically protected digital units of assets that provide value to investors through a
utility, currency, or security function (Howell et al., 2020; Ofir & Sadeh, 2021). Our empiri-
cal analysis is limited to utility tokens, which are voucher-like assets that give access to a
future service or product promised by the issuing venture. Unlike security tokens, utility
tokens do not grant ownership rights in the venture.6 Technically speaking, they constitute
decentralized startup financing transactions that rely on smart contracts to automate trust-
less transactions between entrepreneurs and investors (Amsden & Schweizer, 2018; Fisch
et al., 2022; Momtaz, 2024).

From an investor’s perspective, tokenized startups have distinct benefits, mostly related
to the tradability of tokens (Lukkarinen & Schwienbacher, 2023). Digital tokens are fungi-
ble and fractionalizable, that is, investors can trade tokens on liquid secondary markets at
arbitrarily low prices per fractionalized unit. Tokens can be exchanged among investors or
converted into other cryptocurrencies or fiat currencies on crypto asset exchanges. The ease
of trading makes investing in ICOs easier and less costly compared to public equity because
there is no need for brokerage services. Tokens attract individual investors to early-stage
startup financing markets, who would otherwise stay away if they had to commit to the
investment for several years before realizing any return, potentially democratizing access to
finance (Chen & Bellavitis, 2020; Fisch et al., 2022).7

Utility token offerings have several additional benefits for issuing firms (Benedetti &
Nikbakht, 2021; Cong et al., 2021; Howell et al., 2020; Ofir & Sadeh, 2021; Schwienbacher,
2018). First, they can raise capital from investors without diluting their equity holdings.
Second, the ICO allocation mechanism facilitates access to a global investor base at very

236 Entrepreneurship Theory and Practice 49(1)



low transaction costs. Third, issuers are able to cultivate new users for their products or
services, who will be particularly likely to engage with the project. This helps them receive
valuable signals and learn information about the potential demand for new products and
services. Fourth, investors join the platform not only to enjoy its utility, but also to benefit
from rising token prices as the size of the network grows.

Crypto Funds. Token offerings can be either fully crowdfunded by individual investors or
obtain additional backing from crypto funds (Fisch & Momtaz, 2020). Most crypto funds
follow one of two common investment strategies (Cumming et al., 2024).8 On the one hand,
similar to traditional venture capital funds (Colombo & Grilli, 2010), crypto venture funds
are business model-oriented investors that support a venture, for example, by setting up the
blockchain and helping scale the technology. They often perform other functions as well,
such as providing guidance and coaching (e.g., through control or voting rights) in the
startup’s management and/or technology team.

On the other hand, other crypto funds are mainly financially oriented and employ a
hedge fund-style investment strategy (Cumming et al., 2024; Dombrowski et al., 2023;
Momtaz, 2024). Hedge fund-style trading of startup ventures is a new phenomenon that
has only become possible through the tokenization of ventures and the creation of public
markets for tokens (Cumming et al., 2024). Tokens are an attractive asset class for hedge
funds because they have no exposure to stock market returns, macroeconomic factors, or
returns on fiat currencies and commodities (Hu et al., 2019; Liu & Tsyvinski, 2021; Liu
et al., 2022). The trading of tokens in liquid secondary markets allows crypto hedge funds
to employ sophisticated trading strategies, such as short selling of tokens, and to leverage
their investments.9

Recent studies illustrate how investors in cryptocurrency markets are able to take advan-
tage of mispricing and arbitrage opportunities (Griffin & Shams, 2020; Liu & Tsyvinski,
2021; Makarov & Schoar, 2020). For example, Liu and Tsyvinski (2021) document a strong
time-series momentum effect in coin returns, and how investor attention is predictive of
future coin returns. Makarov and Schoar (2020) conclude that cryptocurrency markets
exhibit periods of arbitrage opportunities across exchanges. Griffin and Shams (2020) doc-
ument that prices can be gamed and manipulated in cryptocurrency markets. On the down-
side, however, purely financially motivated crypto hedge funds do not necessarily consider
what is best for their portfolio firms in the long run. Their behavior can even lead to detri-
mental firm outcomes, which we examine further in the next section.

Theoretical Background and Hypotheses

Signaling and Certification. Asymmetric information is a pervasive problem in entrepreneurial
finance because entrepreneurs usually have neither valuable assets as collateral nor track
records that could serve as indicators of potential success trajectories (Colombo, 2021;
Colombo & Grilli, 2010; Jensen et al., 1976). The asymmetric information problem is
strongly pronounced in the context of ICOs for two reasons. First, entrepreneurs tokenize
future assets often long before they are produced. Second, there is high uncertainty about
the prospects of the blockchain industry overall. If left unaddressed, asymmetric informa-
tion may cause market failure (Akerlof, 1978). In a market where investors cannot discern
the quality of a token, equilibrium pricing of the token will settle on the population
average, which crowds out high-quality tokens and crowds in low-quality tokens, resulting
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in an erosion of venture quality. Therefore, to prevent market failure, entrepreneurs and
investors have incentives to create mechanisms that reduce information asymmetry.

Standard theory suggests that entrepreneurs can reduce information asymmetry by send-
ing signals of venture quality (Colombo, 2021; Leland & Pyle, 1977). In their seminal analy-
sis, Leland and Pyle (1977) predict that high-quality ventures will retain an equity share,
while low-quality ventures will sell equity whenever possible. The result is a separating equi-
librium, which resolves the asymmetric information problem in startup financing. This con-
cept of signalling through equity retention has been applied to venture capital (Busenitz
et al., 2005), equity crowdfunding (Ahlers et al., 2015; Vismara, 2016), and token offerings
(Davydiuk et al., 2023; Fisch, 2019).

Asymmetric information problems can also be mitigated if trustworthy and informed
third parties provide an effective signal by certifying a venture’s quality to the market
through their investment (Hsu, 2004). For example, ventures have started to use audits of
their technology (so-called smart contract audits) by third-party assurance providers as a
signal (Bourveau et al., 2023; Knechel et al., 2023). Similarly, we argue that the backing
from institutional investors is associated with certification because institutional investors
are sophisticated investors that have the resources and skills to determine a venture’s qual-
ity. Crypto funds, a new institutional player in blockchain-based crowdfunding markets,
re-centralize decentralized finance to some degree by pooling funds of individual investors
(Cumming et al., 2024; Zetzsche et al., 2020). They benefit from scale economies in infor-
mation production and have the ability to produce information more efficiently and in a
more credible way than individual crowd investors (Fisch & Momtaz, 2020).

For the certification of crypto funds to constitute an effective signal, a signal must be
observable by the receiver. This requirement is fulfilled in the case of crypto fund invest-
ments because they become publicly known through online platforms such as Crunchbase
or information providers such as Crypto Fund Research. To create a separating equilibrium,
the signal must also come at a cost that is higher for low-performing crypto funds than for
their high-performing peers. If crypto funds have built up a track record and reputation in
the market, their investment provides a credible signal because it is associated with costs.
Finally, expectations prompted by the certification signal must align with investor experi-
ence. Since crypto funds do not yet have a sufficiently long history, it remains an empirical
question whether they are able to send a credible signal through their certification.

Crypto Funds and Tokenized Startups’ Operating Versus Financial Performance. Trade-based manip-
ulation refers to a trader’s ‘‘attempt to manipulate a stock simply by buying and then sell-
ing, without taking any publicly observable actions to influence the value of the firm or
releasing false information to change the price’’ (Allen & Gale, 1992, p. 505). In efficient
markets, and under certain conditions, profitable manipulation is impossible (Jarrow,
1992). When a trader tries to buy, the price is driven up, and when he tries to sell, the price
is driven down. Therefore, the trader ‘‘buys high’’ and ‘‘sells low,’’ and it is impossible to
make a profit. On the face of the argument, any attempt by institutional investors to engage
in profitable price manipulation, that is, deliberately exploiting superior information and
market power as certifying authorities only to impact prices in their favor, should be self-
defeating. At some point, the certification signal will no longer align with investors’ experi-
ence and lose credibility.

In traditional entrepreneurial finance markets, where institutions are locked into their
investments for several years due to the illiquidity of the market for startups, this positive
view of certification seems justified. However, the conclusion may be quite different in the
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context of tokenized startups that can be traded in liquid secondary markets. Liquid mar-
kets allow institutional investors to quickly dump their investments after their certification
has paid off. Given the high level of information asymmetry in ICO markets, crypto funds
may be well aware of their impact on the prospective portfolio venture’s value and of their
power to impact token prices through certification, which they exploit to extract private
benefits. They start with a zero holding of a token, build up their position, and other inves-
tors follow, which may lead to a ‘‘price momentum,’’ that is, the token price increase caused
by the fund’s trade at one date tends to increase the token price at future dates (Allen &
Gale, 1992; Jarrow, 1992). This momentum allows funds to unwind their position at a
profit. To further aggravate the problem, while a crypto fund’s engagement is observable
to other investors from online platforms or information providers, information about its
exit is not available, making it difficult for investors to gauge fund success. These condi-
tions create a profit opportunity in entrepreneurial finance markets, which we refer to as
certification exploitation.

Cryptocurrency market manipulation activities known as ‘‘pump-and-dump’’ schemes
have received some scholarly attention recently (Dhawan & Putnins, 2022; Gandal et al.,
2018; Hamrick et al., 2021; Li et al., 2023). Under such schemes, pump group administra-
tors publicly declare that they are pumping a coin (i.e., they release a pump signal) and
invite others to join. Other investors rush to buy the coin, hoping to sell before the collapse
of the pumped coin’s price. The pump-and-dump mechanism we describe here is different
in that crypto funds do not actively call on others to pump a token. It is rather more similar
to Allen and Gale’s (1992) concept of trade-based manipulation. They document that this
strategy can become profitable when investors are unable to distinguish between informed
trading and manipulation but suspect that the manipulator is informed. It is this pooling
equilibrium in a market with incomplete information, in which investors with different
characteristics choose the same trade, that allows manipulation to be profitable.

Certification exploitation may exacerbate managerial myopia, which is the phenomenon
where ‘‘managers tend to make decisions that yield short-term gains at the expense of the
long-term interests of the shareholders’’ (Narayanan, 1985, p. 1469). The theory of myopia
suggests that long-term, uncertain projects are difficult to communicate. Information asym-
metry prevents managers from accurately communicating the true value of assets to the
market. Investors misunderstand any temporary change in earnings associated with long-
term investments as bad news and depress the share price. As a result of market pressure,
with impatient investors, myopic managers forego these projects, that is, they avoid invest-
ments that enhance operating efficiency in the long term and focus instead on projects that
are only good for financial performance in the short term (Stein, 1989).

The presence of institutional investors, while generally regarded as beneficial (Dasgupta
et al., 2021; Döring et al., 2021), can intensify pernicious short-termism. For example, sur-
vey evidence from McCahery et al. (2016) indicates that short-term institutional investors
are less likely to invest in extensive monitoring and information collection. Bushee (1998)
and Aghion et al. (2013) document that short-term institutional ownership promotes myo-
pic investment behavior such as reducing R&D expenditures to counteract a decline in
earnings. Hedge funds rarely think beyond a 2-year investment horizon (Brav et al., 2008).
To generate a quick return, activist hedge funds often require that target companies cut
their costs (Gillan & Starks, 2007; Westphal & Bednar, 2008), reduce investments (Bebchuk
et al., 2015), and reallocate assets to free up funds to pay dividends (Brav et al., 2015; Chen
& Feldman, 2018).10
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Taken together, we argue that the role of institutional investors in firms is not uniformly
beneficial for tokenized startups. If crypto funds engage in what we call certification exploi-
tation and only pursue a quick exit, which is an obvious strategy in liquid secondary mar-
kets for tokens, they will neglect to improve a startup’s operating performance for short-
term financial returns. Formally, our main hypotheses, the Operating Underperformance
Hypothesis and the Financial Outperformance Hypothesis, are:

Hypothesis 1: Crypto fund backing is associated with a negative effect on the operating
performance of tokenized startups.
Hypothesis 2: Conditional on firm survival, crypto fund backing is associated with a posi-
tive effect on the financial success of tokenized startups.

As with many predictions in entrepreneurial finance research, the predicted effects may
be heterogeneous (Newbert et al., 2022). In particular, the first two hypotheses are likely
to be contingent on different types of crypto funds. Crypto funds are usually either busi-
ness model-oriented (crypto venture funds) or more quantitative (crypto hedge funds)
investors. Based on the activist hedge fund literature (see Brav et al. [2022] for a review),
one would predict that the effects are more pronounced for crypto hedge funds. While
there exits empirical evidence that interventions by activist hedge funds lead to improve-
ments in target firms (Bebchuk et al., 2015; Brav et al., 2008), opponents of hedge fund
activism are more pessimistic. In particular, although both financial and operating perfor-
mance in the year following intervention are positive, these initial improvements may be
unstable, for example, because they have been achieved purely through financial engineer-
ing such as shareholder distributions or increased leverage. For example, as described in
Brav et al. (2022), activists may benefit at the expense of long-term shareholders through
pump-and-dump schemes. The activist may sell the target’s shares after earning a short-
term profit, while leaving the firm in a worse operating situation than before. In contrast,
venture capital funds often have longer-term investment horizons and additionally provide
non-financial services, such as board advice or access to their network (Cumming, 2008;
Cumming et al., 2005; Cumming & Johan, 2013; Kaplan & Stromberg, 2001; Metrick &
Yasuda, 2021). Empirical support for venture capital certification is evidenced by superior
operating performance of venture-backed IPOs compared to non-venture-backed IPOs
(Coakley et al., 2007; Jain & Kini, 1995). Based on these arguments, we hypothesize that
the negative effect on operating performance and the positive effect on financial perfor-
mance are more pronounced for crypto hedge funds when compared with their venture-
style peers:

Hypothesis 3: Crypto venture fund backing is associated with a positive effect on the oper-
ating performance of tokenized startups, while crypto hedge fund backing improves the
financial success of tokenized startups.

Optimal Timing for Token Offerings Along Startups’ Life-Cycle. Entrepreneurs can time the issuance
of their tokens. Benninga et al. (2005) discuss that the timing of raising venture finance on
public markets involves a trade-off between the benefits of being publicly traded and the
associated costs. As a result, timing is likely to have an impact on the success of a fundrais-
ing campaign. Opp (2019) and Bellavitis et al. (2022) show that macroeconomic conditions
affect the timing and success of ventures’ financing decisions. In addition to market timing,
the timing of an investment during the life-cycle of a startup plays a critical role as well.
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Gompers (1995) document that venture capitalists typically concentrate their investments
in the early stages of ventures as well as high-technology projects, where information asym-
metry is most pronounced. This is because early-stage venture capitalists usually specialize
in seed financing and are more efficient in assisting a venture during early-stage financing
rounds than other professional investors (Schwienbacher, 2013). However, little is known
about the optimal timing of an ICO with regard to the startup’s development stage along
its life-cycle, ranging from idea to operating success. We argue that the optimal timing to
raise external venture financing on public markets along a startup’s life-cycle involves two
trade-offs. In particular, it is a function of, first, the advantages and disadvantages of pivot-
ing from being a private firm to going public (Benninga et al., 2005) and, second, the costs
and benefits of conducting the token offering per se.

According to the theoretical analysis of Benninga et al. (2005), pivoting from private to
public company status involves a trade-off between giving up private benefits of control on
the one hand and cashing out and benefiting from a higher firm value as a public company
on the other hand. An entrepreneur’s private benefits of control include, among others, the
status and prestige of being an entrepreneur, the lower regulatory burden of a private
entity, and utility-maximizing behavior and decisions that generate agency costs for the
firm (Hart & Moore, 1995). However, pivoting to the status of a public company also
brings value-increasing benefits, including external scrutiny in the form of management
monitoring (Holmström & Tirole, 1993), marketability and liquidity of shares (Amihud &
Mendelson, 1988), and information in the form of market prices that guide management
(Dow & Gorton, 1997). Outside investors, because they are more diversified, should also
be willing to pay a higher price for shares than underdiversified entrepreneurs (Leland &
Pyle, 1977). Furthermore, there are costs associated with being a public company, includ-
ing transaction costs such as advisory fees, maintenance costs such as resources for investor
relations, and strategic costs in the form of information disclosure to competitors.

From a capabilities perspective, there is a trade-off between the learning advantages of
newness and the liability of newness when startup firms enter new markets such as the mar-
ket for tokens. For example, building on work by Autio et al. (2000) and Sapienza et al.
(2006), Yan and Williams (2021) document an inverted U-shaped relationship between a
venture’s growth trajectory and its age at the time of international market entry. The learn-
ing advantages of newness stem from the fact that far-reaching decisions, such as conduct-
ing a token offering, expose the venture team to high uncertainty (Colombo et al., 2021;
Fisch, 2019; Momtaz, 2021a, 2022a), which requires them to develop new routines, rules,
and skills to adjust to the new environment. Therefore, when token offerings lead to
improved capabilities in the venture’s team, venture value will eventually increase. In con-
trast, the liability of newness comes about exactly because of the lack of existing roles,
rules, and capabilities, as well as the lack of legitimacy with external stakeholders. In par-
ticular, firms could fail to develop such capabilities or may institute suboptimal routines or
rules that limit the benefits of developing this capability (Bingham et al., 2019), for exam-
ple, because they are confronted with ‘‘overload’’ that makes learning difficult (Frank &
Magnone, 2011). Furthermore, for a venture to conduct a token offering represents a ‘‘big
step’’ that requires significant financial, attentional, and cognitive resources (Momtaz,
2020). It also leads to a limbo period between a successful offering and the establishment
of a liquid market for the exchange of tokens, a period during which 70% to 80% of all
ICO ventures fail (Cumming et al., 2024; Momtaz, 2021c).

To reduce the liability of newness, the startup may opt for a waiting period before con-
ducting a token offering. However, when waiting too long, inertia and rigidity set in, and
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the learning advantages of newness eventually vanish. We conclude that token offerings
require prohibitively costly investments for startups during the pre-seed and seed phases,
whereas there are hardly any remaining benefits from conducting a token offering at later
stages in the life-cycle.

Overall, given that we have information on both financial and operating performance,
we are able to relate these two metrics to each other. Specifically, we analyze when is the
best time along a venture’s life-cycle to conduct an ICO in terms of financial success, mea-
sured as the funding amount and token return performance in the secondary market. Our
final hypothesis, the Optimal Timing Hypothesis, is:

Hypothesis 4: There is an inverted U-shaped relationship between the financial success of
a token offering and its timing along the life-cycle of the venture.

Data and Stylized Facts

Data Sources and Sample Construction

To assess the operating and financial performance of tokenized startups, we build on the
Token Offerings Research Database (TORD), which was established in connection with the
research project of Cumming et al. (2024).11 It represents one of the largest and also most
comprehensive databases on token-based crowdfunding (Momtaz, 2022b), aggregating
data from various sources, including ICObench, ICOmarks, GitHub, and LinkedIn, for
more than 6,000 startups.

We adopt the manual mapping of the TORD to token performance and crypto fund
data from Cumming et al. (2024). Performance data are taken from the CoinMarketCap
database and include secondary market prices, market capitalization, and trading volume
of utility tokens until October 2020. We measure the financial performance of startups
using buy-and-hold abnormal token returns compared to the value-weighted market index.
Crypto fund data is from Crypto Fund Research and provides information about a fund’s
investment strategy (crypto venture fund or crypto hedge fund) and which startups received
crypto fund backing. To measure a startup’s operating performance, we expand the TORD
using a set of operating indicator variables. We draw on self-reported milestone data from
ICObench and manually cluster them into milestone steps along a typical startup life-cycle
for developing a new product or service. Our milestone categories are based on widely dis-
cussed steps in the literature related to new product development. For example, Cooper
(1990, 1999) introduces the ‘‘stage-gate process’’ for new product development with six
steps: idea generation, scoping, business case building, development, testing and validation,
and launch. Blank (2020) describes a similar development path.

Starting from this general concept, we extensively review the data to understand what
are the commonly reported milestone themes and how best to adapt this concept to the
development of blockchain-based software products. Based on this review, we determine
multiple search phrases for each milestone step and manually verify whether the milestone
description of each search hit in ICObench actually matches the respective step. This pro-
cess results in our set of 7milestone steps: idea, proof of concept (PoC), prototype, pilot,
minimum viable product (MVP), full product, and operating success.12 Our first 6mile-
stones match the steps from Cooper (1990, 1999), but are specified to the nuances of soft-
ware development and the terminology encountered in our dataset. Our last milestone,
operating success, is an extension of Cooper’s (1990, 1999) original concept.
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The milestone Idea represents the first step at the start of the venture. It is often charac-
terized by the announcement of the startup’s founding or the initial communication regard-
ing its idea, concept, or road map it pursues. The milestone PoC indicates that the startup
has successfully validated its concept. The subsequent development of a prototype or demo
version of the product or service is captured by the milestone Prototype. During the ensu-
ing Pilot phase, this prototype is experimented with, for example, in a simulated software
environment or via a trial version for a selected number of test users. After the successful
piloting, a minimum viable product is developed and initially launched with limited func-
tionality and/or for a limited audience (e.g., a specific geographical region or operating sys-
tem). Based on experiences at this milestone, MVP, the next milestone, Full product, is
defined as the release of the first full version of the product or service to a broader market.
Usually, this launch takes place across various operating systems and is referred to as the
official release. The final milestone, Operating success, identifies two directions of further
development: the expansion in the number of users and the realization of first profits.

To mitigate a potential survivorship bias, our final sample is a truncated subset of the
clustered milestones. The truncated sample contains startups that either reached the last
milestone (Operating success) or stopped reporting milestones. For each milestone, we
measure the third quartile amount of time that is necessary to achieve the next milestone.
Milestone data were collected until March 31, 2021. If at this date more than the third
quartile amount of time has passed since the last milestone, it is assumed that the startup
has stopped reporting and failed at the last milestone step. Our final sample consists of
3,864 startups reporting at least 1milestone.

Table 1 illustrates how many startup companies reached each milestone. Only 725 or
18.8% of all startups reach operating success. Conceptually, these ventures must have suc-
cessfully run through all preceding milestones. However, we are not always able to identify
all preceding milestones. For example, for a startup we may be able to capture all mile-
stones except PoC. This can result from a missing update by the venture or because our

Table 1. Sample Distribution.

Operating milestones N

Aggregate numbers
Total # of blockchain-based startups with at least one milestone 3,864
Total # of milestones across all startups 20,431

# of startups per milestone
Idea 3,864
Proof of concept 3,665
Prototype 3,623
Pilot 3,540
MVP 3,088
Full product 1,926
Operating success 725

Note. This table provides details about the number of startups per milestone. The number of milestones includes those

that are either reported by the startup or implicitly achieved (with imputed dates) based on the reported milestones for

our truncated sample. The truncated sample consists of startups (and their milestones) that either reached operating

success or stopped reporting milestones. For each milestone, we measure the third quartile amount of time that is

necessary to achieve the next milestone. Milestone data, that is, the description of a milestone and its reporting date,

were collected until March 31, 2021. If at this date more than the third quartile amount of time has passed since the last

milestone, it is assumed that the startup has stopped reporting and failed at the last milestone step.
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clustering approach did not recognize this milestone. In those cases, we consider missing
preceding milestones to be implicitly achieved and add milestone dates based on the sam-
ple mean duration between two steps. The resulting final sample contains 20,431milestones
across all startups.

Figure 1 shows how the number of reported and imputed milestones is distributed along
the startups’ life-cycle. By design, reaching operating success is based entirely on reported
data. Two milestones are predominantly self-reported by startups: (i) the initiation of the
venture (Idea), and (ii) the time at which a startup has reached or is close to reaching a final
product that it can launch to the general audience (milestones MVP or Full product). In
contrast, the milestones PoC and Prototype are often not explicitly reported by startups.

Due to limitations on data availability, we group the 7milestones into a higher-level
clustering for some of our analyses. In particular, we cluster the first 2milestones, Idea and
PoC, into an Ideation phase and the last 2milestones, Full product and Operating success,
into a joint cluster also called Operating success, for a total of 5milestone clusters. We
explicitly state in which analyses we apply the five clusters instead of the 7milestones.13

Variable Definitions

Operating Performance. The extracted milestones are the basis for our measures of startups’
operating performance. We use them to define two dummy variables. First, we encode
Operating success as one if a startup has reached the last milestone, and zero otherwise.
Second, we encode Full product as one if a startup has reached at least this penultimate
milestone, and zero otherwise.

Financial Performance. Financial performance of startups is measured along two dimensions.
First, consistent with prior research on blockchain-based ventures (Fisch, 2019), we

Figure 1. Startups and operating milestones: Sample distribution.
Note. This figure plots the number of startups that have reached each milestone. For each step, the figure displays the

share of milestones that are reported versus those that are implicitly achieved. Implicitly achieved milestones are steps

that occur before that last reported steps, but have not been reported or captured.
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measure firm valuation at the time of the ICO as the natural logarithm of the total funding
amount (in $). Second, we compute buy-and-hold abnormal returns (BHARs) subsequent
to the initial token listing, that is, the token return in excess of the buy-and-hold return of
the aggregate token market index over 6, 12, 18, and 24months (Fisch & Momtaz, 2020;
Lyandres et al., 2022).

Independent Variables. Our main independent variable is Crypto fund, which is a dummy
variable that is equal to one if a tokenized startup has received crypto fund backing, and
zero otherwise. Based on the classification by Crypto Fund Research, we define two indica-
tor variables for crypto funds’ investment strategies: Crypto venture fund and Crypto hedge
fund. A company is considered to be venture (hedge) fund-style backed if it has secured
funding from at least one crypto venture (hedge) fund. Therefore, when analyzing the
impact of crypto fund investment strategies, a startup can either be non-backed, venture-
style backed, or hedge fund-style backed.

For the assessment of a venture’s operating performance, Funding amount is our second
main explanatory variable. It is measured as the natural logarithm of the total amount
raised during the ICO (in $). Funding amount serves two purposes in our analysis. First, it
is an important independent variable when assessing the drivers of operating success in the
post-ICO period. Second, it is an outcome variable when determining the influence of
crypto fund backing (together with other explanatory variables) on firm valuation at the
time of the ICO.

When assessing financial performance, we focus on two additional groups of explana-
tory variables. First, we include the highest milestone reached before measuring a venture’s
financial performance. This is either the milestone that has been accomplished at the time
of the ICO (Milestone reached at time of ICO), or the milestone that has been achieved by
the end of the 6- or 24-month token-holding period in the secondary market (Milestone
reached after 6/24months). Second, for the models with token returns in the secondary mar-
ket, we include the speed of operating development since the ICO took place. We calculate
the number of milestones a startup has completed since the issuance of tokens (and before
the end of the holding period) and define the dummy variable Strong operating development
since ICO as one for top-quartile performers, and zero otherwise.

Control Variables. In all models, we use a comprehensive list of control variables encompass-
ing firm, offering, market, and human capital characteristics. All variables are detailed in
Table A1 in the Appendix.

Summary Statistics

Summary statistics for operating and financial outcome variables as well as comparisons
across crypto fund-backed and non-backed startups are presented in Table 2. Panel A indi-
cates that 18.76% of all startups reach the final milestone Operating success, and 49.85%
reach the penultimate milestone Full product. On average, a startup secures $2.96million
during the ICO (log=14.902, log SD=2.047). In the secondary market, on average,
tokens generate buy-and-hold abnormal returns of 27.81% (SD=224.30%), 243.55%
(SD=145.47%), 253.88% (SD=118.25%), and 254.76% (SD=79.01%) over the
course of 6, 12, 18, and 24months, respectively.
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The comparison of operating and financial performance between crypto fund-backed
and non-backed startups in Panel B shows that startups with crypto fund backing achieve
greater financial success, while their operating performance is inferior relative to their peers
without crypto fund backing. Fewer crypto fund-backed startups reach the milestones of
full product or operating success (with differences of 212.89 and 26.57 percentage points,
respectively). Both differences are statistically significant at the 1% level. In contrast,
crypto fund-backed ventures raise more capital during the ICO (D in log means=1.567)
and achieve higher performance in the secondary market. The differences in average
BHARs are 96.68%, 42.09%, 31.56%, and 6.72% over investment periods of 6, 12, 18,
and 24months, respectively. The statistical significance of these performance differences
decreases over time. While the differences in funding amounts as well as BHARs over 6
and 12months are statistically significant, with p-values below 1%, the significance of 18-
month BHARs decreases to the 5% level. Over time, outperformance vanishes completely,
and the difference is no longer statistically significant after 24months. Overall, these pat-
terns already provide preliminary evidence for crypto funds engaging in the behavior we
call certification exploitation.

Table 2. Operating and Financial Performance: Summary Statistics.

Mean SD Median

Panel A: All startups

Operating performance
Startup reached operating success, in % 18.76 39.05 0.00
Startup reached at least full product, in % 49.85 50.01 0.00

Financial performance
Funding amount, in $ (log) 14.902 2.047 15.202
6-month BHAR, in % 27.81 224.30 243.02
12-month BHAR, in % 243.55 145.47 269.80
18-month BHAR, in % 253.88 118.25 257.88
24-month BHAR, in % 254.76 79.01 250.84

Mean Mean D in Means

CF-backed Non-CF-backed CF2Non-CF

Panel B: Crypto fund-backed vs. non-backed startups

Operating performance
Startup reached operating success, in % 12.56 19.13 26.57***
Startup reached at least full product, in % 37.67 50.56 212.89***

Financial performance
Funding amount, in $ (log) 16.272 14.705 1.567***
6-month BHAR, in % 67.01 229.67 96.68***
12-month BHAR, in % 211.97 254.05 42.09***
18-month BHAR, in % 230.88 262.44 31.56**
24-month BHAR, in % 250.00 256.72 6.72

Note. This table reports summary statistics for operating and financial outcome variables. Panel A presents the

performance across all startups. Panel B compares the measures between crypto fund-backed and non-backed

startups. Buy-and-hold-abnormal returns (BHARs) are calculated using a value-weighted token market benchmark.

All variables are defined in Table A1.

*p\.10; **p\.05; ***p\.01.
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Summary statistics for operating characteristics, crypto fund backing, and control vari-
ables are shown in Table 3. The average startup conducts its token-based crowdfunding
after 2.9 (SD=1.6) milestones, indicating that the ICO takes place right before the proto-
typing phase is completed. On average, startups reach 4.1 (SD=1.6) milestones after
6months and 5.3 (SD=1.4) milestones after 24months. This corresponds to having
achieved the milestones Piloting and MVP after 6 and 24months of secondary market
trading, respectively. It implies that the average firm accomplishes 1.3 (SD=1.2) mile-
stones during the 6months and 2.7 (SD=1.8) milestones during the 24months following
the token issuance. In addition, of all startups, only 5.6% secure crypto fund backing.
Broken down by investment strategy, 3.1% of startups receive capital from crypto venture
funds, and 1.7% are backed by crypto hedge funds.

Table 3. Operating Characteristics, Crypto Fund Backing, and Control Variables: Summary Statistics.

Mean SD Q1 Median Q3

Operating characteristics
Milestone reached at time of ICO 2.911 1.617 1 3 4
Milestone reached 6 months after ICO 4.059 1.642 3 4 5
Milestone reached 24 months after ICO 5.326 1.393 5 6 6
Operating development during 6 months after ICO 1.319 1.242 0 1 2
Operating development during 24 months after ICO 2.709 1.775 2 3 4

Crypto fund backing
% of startups with crypto fund backing 5.56 22.93 0 0 0

Crypto fund investment strategy
Crypto venture fund, in % 3.05 17.21 0 0 0
Crypto hedge fund, in % 1.71 12.96 0 0 0

Firm characteristics
Expert rating 3.006 0.723 2.500 2.900 3.600
GitHub open-sourced 0.539 0.499 0 1 1
Business model: Platform 0.568 0.495 0 1 1
# targeted industries 3.022 2.432 1 2 4
Ethereum blockchain 0.876 0.330 1 1 1

Offering characteristics
Pre-sale 0.535 0.499 0 1 1
Promotion scheme: bonus 0.082 0.275 0 0 0
Promotion scheme: reward 0.310 0.462 0 0 1
KYC 0.457 0.498 0 0 1
# competing ICOs 842 490 515 784 1,051

Market characteristics
Bull market 0.188 0.391 0 0 0
Bear market 0.612 0.487 0 1 1
Sideways market 0.200 0.400 0 0 0
Market volatility during issuance 0.119 0.051 0.088 0.112 0.147

Human capital characteristics
# team members 11.346 7.191 6 10 15
Team members with technical degree 0.838 0.368 1 1 1
Team members with PhD 0.358 0.479 0 0 1
Team members with crypto experience 0.846 0.361 1 1 1

Note. This table reports summary statistics for operating characteristics, crypto fund backing, and all control variables

in the startup data set. For the statistics on operating variables, the 7 milestone steps are numerically encoded from 1

to 7. All variables are defined in Table A1.
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On average, startups achieve an expert rating on ICObench of 3.0 (SD=0.7), GitHub
open-source code is published in 54% of all cases, a platform business model strategy is
pursued by 57% of all ventures, the average startup targets 3.0 (SD=2.4) different indus-
tries, and 87.6% of the startups’ underlying blockchain technology is built upon the
Ethereum standard.

With regard to token offering characteristics, 53.5% of all startups hosted a pre-sale
prior to the ICO, for which 45.7% established a know-your-customer (KYC) process. Of
all ICOs in the sample, 8.2% and 31.0% are promoted with bonus and reward schemes,
respectively. The average ICO faces 842 competing offerings (SD=490). Concerning mar-
ket characteristics, 18.8%, 61.2%, and 20.0% of ICOs occur during the bull, bear, and
sideways market cycle, respectively. The average market volatility during an ICO is 11.9%
(SD=5.1%), measured as the standard deviation of daily returns of the value-weighted
token market index during the issuance period.

Finally, we collect data on human capital characteristics. The team of the average
startup in our sample consists of 11.3 members (SD=7.2). Among the teams, 83.8%,
35.8%, and 84.6% include members with a technical degree, a PhD, and prior crypto expe-
rience, respectively.14

Stylized Facts

This section examines (i) the duration to reach each milestone, (ii) startup survival rates,
and (iii) the impact of an ICO’s timing on its financial success. Figure 2 illustrates the
cumulative duration to reach each milestone after the initiation of a venture (Idea). The
boxes correspond to the range of duration between the lower and upper quartiles, while the
dot and the mid-hinge indicate the mean and median durations, respectively. Starting from

Figure 2. Duration to reach milestones after the idea.
Note. This figure shows the duration in months to reach each milestone following idea generation (the first milestone).

The dots represent the mean durations. The lower and upper hinges correspond to the 0.25 and 0.75 quantiles. The

lower whisker extends from the lower hinge 1.53 the inter-quartile range (or to the smallest duration, whichever

distance is smaller). The upper whisker follows the same logic for the upper range. The box plots are based on

milestones with reported dates.
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the idea, the average startup takes about 10months to develop the proof-of-concept, soon
followed by the development of a prototype. The next milestone Pilot is achieved, on aver-
age, after 16months, and the milestonesMVP and Full product are subsequently reached in
short time intervals of 2 and 3months, respectively. The final milestone, Operating success,
is achieved after 25months, on average.

Two features are noteworthy. First, the inter-quartile range indicates that operating
development does not follow a narrow timeframe, but rather a broad range of paths and
timelines. For example, for the operating success milestone, the inter-quartile range spans
from 15 to 33months. Second, the observed life-cycle suggests that three major develop-
ment steps exist: (i) from idea to proof-of-concept, (ii) between prototype and pilot, and
(iii) from full product to the last milestone, operating success.

Figure 3 shows survival probabilities along a startup’s life-cycle. Panel A displays the
Kaplan-Meier curve for startup survival over time, and Panel B illustrates the same curve
along the milestones (Kaplan & Meier, 1958). Regarding survival over time, Panel A
indicates that the largest drop in survival rates occurs around 1.5 years following the initial
idea. For example, while survival probabilities are relatively high at 81% after 12months,
the rate drops to 34% after 24months. Once this apparently difficult period is weathered,
the risk of business failure continues to increase, but at a substantially slower pace. While
survival rates drop to 17% after 3 years, the chance of survival is 10%, 7%, and 3% after
4, 5, and 6 years, respectively.

Considering survival rates along the 7milestones, Panel B shows that the biggest declines
materialize between the milestones Pilot,MVP, and Full product. The probability of surviv-
ing the pilot phase is 84%, but drops to around 20% at the full product stage, suggesting
that the largest challenges must be overcome in the second half of the startup life-cycle. In
our empirical analysis, we examine the underlying drivers of survival rates.

Table 4 provides a preliminary view of the interaction between financial success and the
timing of a token offering over the life-cycle of the venture. Panel A shows how financial
indicators differ depending on the ICO’s timing along our five milestone clusters. Panel B
reports the differences in selected means. For example, while the average funding amount
is $3.02million (log=14.92) for ICOs that take place after the milestone Ideation, firm
valuation increases to $3.69million (log=15.12) after the milestone Pilot, and drops again
to $3.11million (log=14.95) when the milestone Operating success has been achieved. A
similar pattern can be observed for all BHARs in the secondary market. These patterns
provide a first indication of an inverted U-shaped relationship between the financial per-
formance of a token offering and its timing over the life-cycle. In other words, these pre-
liminary results suggest that there is an optimal timing of ICOs in terms of valuation and
secondary market returns.

Empirical Design

In our empirical analysis, we assess the drivers behind tokenized startups’ operating per-
formance, especially the role of crypto fund backing and the amount of capital raised dur-
ing the ICO. We leverage the 2milestones Operating success and Full product to derive two
time-to-event variables. The dummy variable Operating success, combined with the time
(measured in days) since the idea to either reach this milestone or terminate the business
beforehand, is used to compute our first time-to-liquidation variable. Our second time-to-
liquidation variable is analogously measured based on the dummy variable Full product.
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Following Momtaz (2021b), frailty models, or so-called Cox proportional hazards mod-
els with random effects, best fit this kind of time-to-event analysis. Frailty models are very
similar to a Cox proportional hazards model, with the main difference being that, while
the Cox model requires fixed effects (e.g., country or quarter-year fixed effects), frailty
models use random effects. A frailty model is generally more robust than the Cox model
because the fixed effects Cox model estimates coefficients with a bias when there is hetero-
geneity among groups (such as countries or quarter-years; Momtaz, 2021b). In our context
of ICOs, heterogeneity among groups is evident. For example, Chinese ICOs underper-
formed significantly due to the crypto ban in China, and ICOs during the early bull market
years outperformed those during the later bear market years. The main problem with
heterogeneity in groups is that the coefficients will be biased in unpredictable ways. A

Figure 3. Startup milestones: Survival rates along startups’ life-cycle.
Note. This figure shows the Kaplan-Meier survival curves with 95% confidence bands over time (Panel A) and along

operating milestones (Panel B). In Panel A, the duration of startup existence is measured starting from the idea

milestone.
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significantly positive coefficient estimated using the Cox model could actually be signifi-
cantly or non-significantly negative. In mathematical statistics, this problem is also known
as the ‘‘duration dependence problem’’ (Vaupel et al., 1979). Therefore, our empirical anal-
yses of operating performance rely on frailty models to estimate the impact of crypto fund
backing and the funding amount on the two time-to-liquidation variables.15

Empirical Results

Operating Performance

Time-to-Liquidation: Main Results. Table 5 presents the empirical results for the effect of both
crypto fund backing and the amount of capital raised on startups’ operating performance.
The dependent variables measure failure as time-to-liquidation events. A frailty model’s
data structure requires censoring information and failure time. For example, in models 1
and 4, startup liquidation is defined as the failure to achieve the milestone Operating
success, coded as one if this milestone is not reached, and zero otherwise. Time is measured
in days starting from the milestone Idea until the startup is terminated or operating success
is achieved. Similarly, in models 2 and 5, the liquidation event is based on the achievement
of the milestone Full product.

Our baseline models 1 and 2 estimate the impact of crypto fund backing as well as the
funding amount on time-to-liquidation. Model 3 shows the funding model, in which the
funding amount, defined as the natural logarithm of the capital raised during the ICO (in
$), is a function of crypto fund backing. In this case, a simple OLS regression is estimated,
and the residuals of this model are considered as excess funding (which can be either
positive or negative). Models 4 and 5 replicate the baseline models, but test for the impact

Table 4. Timing of ICOs and Financial Performance.

Funding
amount

(in $, log)

6-month
BHAR
(in %)

12-month
BHAR
(in %)

18-month
BHAR
(in %)

24-month
BHAR
(in %)

Panel A: Timing of ICO along the life-cycle and financial performance

Milestone reached before ICO
Ideation 14.92 230.30 256.01 251.91 254.25
Prototype 15.07 235.56 251.98 257.61 265.36
Pilot 15.12 25.84 244.71 246.73 250.73
MVP 14.99 252.75 260.62 270.47 269.95
Operating success 14.95 227.85 260.50 278.41 251.61

Panel B: Performance differences

D in means
Pilot2ideation 0.20 24.46 11.30 5.18 3.52
Operating success2pilot 20.17 222.01 215.79 231.68 20.88
Operating success2ideation 0.04 2.45 24.49 226.50 2.64

Note: This table reports measures for financial performance along the life-cycle. Panel A displays financial indicators

depending on the ICO timing relative to the completion of operating milestones. Panel B reports the differences in

selected means. Due to data availability, the 7 milestones are clustered into five groups: ideation (idea and PoC),

prototype, pilot, MVP, and operating success (full product and operating success).
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of excess funding. In all models, we control for our comprehensive set of firm, offering,
market, and human capital characteristics. The frailty and OLS models include random
and fixed effects (on the country and quarter-year level), respectively.

Table 5. Drivers of Startups’ Operating Performance: Baseline Model.

Funding amount Excess funding

Startup does not reach. Funding Startup does not reach.

Model Frailty Frailty OLS Frailty Frailty

Dependent variable Operating success Full product Funding (log) Operating success Full product

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

Crypto fund 1.243* (0.13) 1.424** (0.165) 0.842*** (0.191) 1.235* (0.127) 1.407** (0.162)

Funding amount, in $ (log) 0.895** (0.048) 0.864** (0.061)

Excess funding amount, in $ (log) 0.886** (0.054) 0.844** (0.071)

Firm characteristics

Expert rating 0.948 (0.091) 0.967 (0.121) 0.311** (0.129) 0.926 (0.09) 0.937 (0.12)

GitHub open-sourced 1.112 (0.101) 1.313** (0.138) –0.346** (0.146) 1.122 (0.101) 1.332** (0.138)

Business model: Platform 1.035 (0.095) 0.995 (0.127) 0.013 (0.138) 1.039 (0.095) 1 (0.127)

# targeted industries 0.976 (0.018) 0.99 (0.023) –0.016 (0.027) 0.975 (0.018) 0.988 (0.023)

Ethereum blockchain 0.846 (0.141) 0.735* (0.174) –0.072 (0.208) 0.847 (0.141) 0.74* (0.174)

Offering characteristics

Pre-sale 1.036 (0.093) 1.005 (0.124) –0.122 (0.134) 1.036 (0.093) 1.013 (0.124)

Promotion scheme: Bonus 0.579 (1.006) 0.000 (2967.7) 0.003 (0.962) 0.571 (1.006) 0.000 (2965.3)

Promotion scheme: Reward 1.077 (0.101) 1.124 (0.135) –0.227 (0.146) 1.077 (0.101) 1.117 (0.135)

KYC 0.783* (0.105) 0.779* (0.14) 0.235 (0.158) 0.787** (0.105) 0.778* (0.14)

# competing ICOs 1.000 (0.000) 1.000 (0.000) 0.000 (0.000) 1.000 (0.000) 1.000 (0.000)

Market characteristics

Bull market 0.924 (0.142) 0.845 (0.192) 0.177 (0.274) 0.913 (0.141) 0.833 (0.191)

Bear market 1.25 (0.146) 0.97 (0.192) 0.148 (0.313) 1.269 (0.145) 0.974 (0.191)

Market volatility during issuance 0.338 (0.867) 0.779 (1.136) 0.507 (1.369) 0.329 (0.866) 0.772 (1.134)

Human capital characteristics

# team members 0.869** (0.058) 0.836** (0.077) 0.046*** (0.010) 0.985** (0.007) 0.984* (0.009)

# team members 3 funding amount 1.008** (0.004) 1.011** (0.005) 1.008* (0.004) 1.013** (0.006)

Team members with technical degree 0.975 (0.132) 0.897 (0.169) –0.145 (0.193) 0.952 (0.131) 0.867 (0.169)

Team members with PhD 1.035 (0.092) 1.09 (0.12) 0.154 (0.136) 1.037 (0.091) 1.087 (0.12)

Team members with crypto

experience

1.04 (0.154) 1.088 (0.205) 0.208 (0.219) 1.007 (0.153) 1.054 (0.204)

Country fixed/random effects � � � � �

Quarter-year fixed/random effects � � � � �

Observations 761 739 761 761 739

Log-likelihood 23358.4 21890.8 23360.4 21890.9

p-value 0.023 0.063 0.036 0.061

McFadden R2 0.029

Note. This table reports the results of frailty models for the effect of (excess) funding amount (in $, log) and crypto fund backing on

operating success. Models 1 and 2 show the baseline models, in which funding amount (in $, log) and a dummy variable for crypto fund

backing are the key independent variables. Model 3 reports the funding model, in which the funding amount is a function of crypto

fund backing and all control variables. Models 4 and 5 regress the dependent variables from models 1 and 2 on crypto fund backing and

excess funding, which is defined as the residuals from model 3. Time-to-liquidation is tested in two ways: (i) a startup does not reach

the milestone operating success (models 1 and 4), and (ii) a startup does not reach the milestone full product (models 2 and 5).

Reported are hazard ratios (exponentiated regression coefficients) and coefficient standard errors in parentheses. The frailty and OLS

models include random and fixed effects (on the country and quarter-year levels), respectively.

*p\.10; **p\.05; ***p\.01.
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Before discussing the results in more detail, three features are worth noting. First, the
number of observations differs between the frailty models based on the milestones Full
product and Operating success, which is a result of the timing of token issuances. To assess
the impact of the total funding amount on operating performance, at least 1milestone
needs to be achieved after the ICO has been conducted. Therefore, when considering the
milestone Full product as the liquidation event, the token-based crowdfunding must have
been completed before, leading to a somewhat smaller sample. Second, the coefficients in
all frailty models are reported as hazard ratios (exponentiated regression coefficients) for
easier interpretation. For example, with regard to crypto fund backing, the hazard ratio
defines the probability of liquidation of a crypto fund-backed startup relative to a non-
crypto fund-backed startup over a given time interval. An estimated coefficient greater
than one indicates a higher risk of failure, whereas a coefficient less than one indicates
lower risk. Third, the log-likelihood ratio tests indicate that all frailty models are signifi-
cant with p-values below the 10% level.

The first result in Table 5 is that crypto fund backing shortens a startup’s time-to-liqui-
dation, thus confirming Hypothesis 1. The estimated hazard ratios for the fund dummy
variables range from 1.235 to 1.424, with statistical significance at the 5% and 10% level,
depending on the model. For example, the hazard ratio of 1.243 for crypto fund backing in
model 1 indicates that the presence of a fund decreases the average time-to-liquidation by
24.3%, all else equal. Or put differently, for a given time interval, the backing of a crypto
fund increases the risk inherent in successfully building an operationally sound business.

A second finding relates to the amount of capital raised. Models 1 and 2 suggest that
the funding amount increases the time-to-liquidation; the estimated coefficients are statisti-
cally significant, with p-values below 5%. The hazard ratios below one at 0.895 and 0.864
indicate that 10% additional funding is associated with at least a 1.1% increase in the aver-
age time-to-liquidation, holding all other parameters constant.16 Therefore, the amount of
funds secured through an ICO increases the likelihood of operating success.

Total funding may be endogenously determined by the unobserved propensity for ven-
ture success. Therefore, models 4 and 5 test whether the positive impact of the funding
amount holds when using the excess amount of capital raised. In a first step, column (3)
models the expected amount of capital raised as a function of all control variables used in
the baseline model. In a second step, we compute excess funding as the difference between
total funding and the expected amount of capital raised. Models 4 and 5 confirm that
excess funding has a positive and statistically significant impact on operating performance.
The hazard ratios of 0.886 and 0.844 (with p-values below 5%) are similar to those in the
baseline models.

Most of our control variables have no explanatory power. Only a know-your-customer
(KYC) process and team size significantly increase the average time-to-liquidation. The
interaction term between team size and funding amount indicates a negative influence. We
incorporate this interaction term because the impact of the total amount of funding (and
thus the opportunity to acquire more external capital) on operating success may be less rel-
evant if a larger team (with a broad and deep range of internal expertise) supports the ven-
ture. Moreover, as shown in models 2 and 5, the publication of source code on GitHub is
negatively associated with the time-to-liquidation, whereas the use of the Ethereum stan-
dard shows a positive effect.

Overall, corroborating Hypothesis 1, the results in Table 5 indicate that crypto fund
backing has a negative and statistically significant impact on the post-ICO operating per-
formance of startups. The results from this baseline model further indicate that the amount
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of capital raised is another driver of operating performance that has a positive and statisti-
cally significant effect on the time-to-liquidation.

Time-to-Liquidation: The Role of Investment Strategies. Table 6 shows how different fund invest-
ment strategies, that is, crypto venture-versus hedge fund-style, influence the operating per-
formance of startups. All models are specified in the same way as those in Table 5, with the
difference being that the dummy variable for crypto fund backing is replaced by the two
dummy variables for investment strategies. Because the estimated coefficients of the con-
trol variables are consistent with those in the baseline model, they are suppressed for the
sake of brevity.

All frailty models suggest that the adverse effect on operating performance is driven by
hedge fund-style crypto funds. Although both venture- and hedge fund-style strategies
show hazard ratios above one, only those for crypto hedge funds are statistically signifi-
cant at the 5% and 10% level, depending on the model. The hazard ratios for the hedge
fund-style dummy are larger than one and range from 1.390 to 1.730, indicating that back-
ing by a crypto hedge fund decreases the average time-to-liquidation by as much as 73.0%,
all else equal. For the total amount of funding as well as excess funding, the hazard ratios
are similar to those in Table 5.

Table 6. Drivers of Startups’ Operating Performance: The Impact of Crypto Funds’ Investment
Strategies.

Funding amount Excess funding

Startup does not reach. Funding Startup does not reach.

Model

Dependent variable

Frailty Frailty OLS Frailty Frailty

Operating success Full product Funding (log) Operating success Full product

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

Venture-style 1.194 (0.177) 1.375 (0.225) 0.698*** (0.257) 1.184 (0.175) 1.349 (0.222)

Hedge fund-style 1.392* (0.202) 1.730** (0.248) 1.056*** (0.312) 1.390* (0.198) 1.711** (0.242)

Funding amount, in $ (log) 0.896** (0.048) 0.865** (0.061)

Excess funding amount, in $ (log) 0.887** (0.053) 0.846** (0.071)

Firm controls � � � � �

Offering controls � � � � �

Market controls � � � � �

Human capital controls � � � � �

Country fixed/random effects � � � � �

Quarter-year fixed/random effects � � � � �

Observations 761 739 761 761 739

Log-likelihood 23358.0 21888.6 23360.1 21890.1

p-value 0.027 0.044 0.044 0.059

McFadden R2 0.028

Note: This table tests whether the negative effect of crypto fund backing on operating performance shown in Table 5 varies by funds’

investment strategies (venture- vs. hedge fund-style). The indicators for operating performance are regressed on dummy variables for

the two strategies. If at least one crypto hedge (venture) fund is invested in a startup, this startup is considered to be hedge (venture)

fund-style backed. Apart from the split in investment strategies, the dependent variables, models, and reporting logic follow the setup

in Table 5. The estimated coefficients of the control variables are suppressed for brevity. The frailty and OLS models include random

and fixed effects (on the country and quarter-year levels), respectively.

*p\.10; **p\.05; ***p\.01.
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These findings confirm Hypothesis 3. The negative effect of crypto funds on the average
time-to-liquidation is driven by crypto hedge funds. These opportunistic funds do not pro-
vide any non-financial services and usually pursue a short-term investment horizon, which
can exacerbate managerial myopia. While crypto funds seem to have an adverse effect on
the operating performance of tokenized startups, on average, their influence on financial
success may be reversed. This possibility is explored in depth in the next section.

Financial Success

Funding Amount and Secondary Market Performance: The Role of Crypto Funds. Table 7 presents
results for the effect of crypto fund backing on startups’ financial success. To assess the
short-term and long-term financial impact of crypto funds, we use three dependent vari-
ables: (1) the venture valuation at the time of the ICO, measured as the natural logarithm
of the total funding amount (in $); (2) the BHAR over 6months; and (3) the BHAR over a
longer period of 2 years. The models in Panel A test the influence of crypto fund backing
on the financial success of ICOs, whereas the models in Panel B disentangle the effects of
different crypto fund strategies. All regression models control for an extensive list of vari-
ables. We include a set of variables related to the operating development and the timing of
the token issuance.17 Moreover, as in the models in Table 6, we incorporate all firm, offer-
ing, market, and human capital characteristics. All models include country and quarter-
year fixed effects. The explanatory power of our regression models, with adjusted R2 values
ranging from 20.7% to 36.3%, corresponds to prior research in the field of blockchain-
based startups (Fisch & Momtaz, 2020; Lyandres et al., 2022).

Comparing sample sizes across models, the number of observations reduces consider-
ably from the valuation models (978 startups in columns [1] and [4]) to the secondary
market models (354 firms for 6-month BHARs in columns [2] and [5] and 230 firms for
24-month BHARs in columns [3] and [6]). This is because many startups have not had
their tokens listed on a secondary market exchange for the full holding period examined at
the time of our data collection. The inclusion of operating characteristics before and after
the ICO further reduces the samples.

The results in Panel A confirm Hypothesis 2, suggesting that crypto funds have a
positive and statistically significant impact on the short-term financial success of their
investee firms. In model 1, the estimated coefficient on the crypto fund dummy of 0.935,
with a p-value below 1%, indicates that the investment of a crypto fund in an ICO increases
valuation by more than 150% ’ e0:935 � 1ð Þ. The positive influence of crypto fund backing
remains statistically significant at the 5% level for BHARs over 6months (model 2). For
this holding period, startups with crypto fund backing achieve abnormal returns that are
25.4 percentage points higher than their non-backed peers, all else equal. However, this
effect changes over a holding period of 24months (model 3), providing at least indirect sup-
port for opportunistic behavior of crypto funds. The financial outperformance of crypto
fund-backed ICO ventures completely vanishes over this longer holding period, that is,
although the estimated fund coefficient is still positive, it is very small and no longer statis-
tically significant.18

Funding Amount and Secondary Market Performance: Investment Strategies. The sample split by
investment strategy in Panel B of Table 7 suggests that, while both venture- and hedge-
style crypto funds have a positive and statistically significant impact on a startup’s short-
term financial success, hedge fund-style strategies are the driving force. Compared to fully
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crowdfunded ICOs, the presence of a fund with a venture-style approach increases the
amount of capital secured during an ICO by 132%, and a fund with a hedge fund-style
approach by a staggering 215%. A sizable difference between the two investment styles is
also prevalent for the 6-month BHARs. In contrast, analyzing the 24-month BHARs, the
outperformance of crypto fund-backed ventures disappears. Again consistent with
Hypothesis 3, the estimated coefficients for both venture- and hedge fund-style strategies
drop in absolute values and become statistically insignificant.

The decreasing influence of crypto fund backing on financial performance over time is
reiterated in Figure 4. Panels A and B illustrate the influence of crypto venture fund and
crypto hedge fund backing, respectively, by plotting the estimated coefficients of the fund
dummy variable based on BHARs over holding periods from 6 to 24months.19 Two obser-
vations are noteworthy. First, the impact of crypto fund backing on short-term abnormal
token returns is driven by hedge fund-style strategies. Second, the impact of these hedge
funds on the financial performance of startups is only observable in the short run. The
regression coefficients drop significantly over the 12- and 18-month holding periods.

Figure 5 illustrates the pathway by which crypto hedge funds exert their short-term
impact on startups’ financial performance. Split by investment strategy, the figure shows
startups’ crypto fund backing across token liquidity quartiles. Token liquidity, measured in
$ (log), is a token’s cumulative trading volume over a 6-month holding period. For crypto
venture funds, the share of their backing ranges from 16% to 36% per quartile, and thus
their engagement is fairly homogeneous across the liquidity distribution. For crypto hedge
funds, however, the pattern looks very different. Whereas the share of their backing ranges
from only 3% to 12% in the lower three quartiles, 78% of the ventures they invest in rank
in the fourth (most liquid) quartile. Accordingly, crypto hedge funds focus their token
investments on startups that are likely to experience high trading volumes in the secondary
market. This high level of liquidity allows them to behave in opportunistic ways and use
the ‘‘exit’’ as a credible threat (Hirschman, 1970).

Taken together, this set of analyses, combined with stylized facts on survival over time
(Figure 3) and the assessment of operating performance (Tables 5 and 6), suggests that
tokenized startups require more time to build an operationally successful business than the
short investment periods crypto funds allow. This applies particularly to crypto funds that
pursue hedge fund-style strategies. These funds may still exert influence on the operations
of ventures through their trading behavior, with the intention to drive short-term financial
results instead of long-term operating success.

Optimal Timing for Token Offerings

In this section, we analyze whether an optimal timing exists for startups along their life-
cycle to raise capital through an ICO. Table 8 reports results for the impact of the timing
of a token issuance and some additional operating characteristics on short- and long-run
financial success. All models include the following operating characteristics: (i) the last
milestone reached at the time of the ICO; (ii) the last milestone reached before the end of
the holding period; (iii) a dummy variable indicating whether a startup experienced strong
development in the post-ICO period, that is, between the ICO and the end of the holding
period. Detailed descriptions of these variables are provided in section ‘‘Variable
Definitions’’ and Table A1 in the Appendix. All regression models, dependent variables,
and control variables follow the setup in Table 7.
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Figure 4. Drivers of startups’ financial performance: The impact of crypto funds’ investment strategies.
Note. This figure shows the impact of crypto funds’ investment strategies (venture- vs. hedge fund-style) on startups’

token price performance in secondary markets. Panels A and B depict the influence of crypto venture funds and crypto

hedge funds, respectively. Funds regression coefficients (including their 95% confidence interval) on BHARs are plotted

over holding periods from 6 to 24 months.

Figure 5. Crypto fund investments and token liquidity.
Note. This figure presents startup backing of crypto fund investment strategies (venture- vs. hedge fund-style) along

token liquidity quartiles. Token liquidity, in $ (log), is measured as a token’s cumulative trading volume over the

6-month holding period after ICO. Split by investment strategy, the bars indicate the share of crypto fund investment

in each liquidity quartile. For example, about 80% of crypto hedge funds back startups with a token liquidity in the

uppermost quartile.
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To test for an inverted U-shaped relationship between the timing of an ICO and finan-
cial success, we follow the approach outlined in Haans et al. (2016) and Lind and Mehlum
(2010). All regression models include the variable Milestone reached at time of ICO and its
squared term. For the secondary market models, we also include the interaction term
between the milestone reached before the end of the holding period and the indicator vari-
able for strong development during this time period to account for a possible interdepen-
dency between the two variables. For example, strong operating development may be less
relevant if a startup has already become operationally successful at the time the tokens are
issued, overshadowing the speed of development. Similarly, if a startup is at an earlier point
in its life-cycle at the beginning of a holding period, strong operating development there-
after may be more relevant to evaluate future success. The regressions results in Panels A
and B suggest that, for the short-term financial success measures, there exists an optimal
point in time—defined relative to a startup’s operating milestones—to implement a token-
based crowdfunding. The estimated coefficient of the variable Milestone reached at time of
ICO in model 1 is positive and statistically significant (with a p-value below 5%), and its
squared term is negative and statistically significant (with a p-value below 10%). Consistent
with Hypothesis 4, these results indicate that the timing of an ICO and the total amount of
capital raised exhibit an inverted U-shaped relationship. The estimates pinpoint perfect
ICO timing (maximizing the amount of funding at issuance) as being right after the comple-
tion of the piloting milestone cluster (3:19=20:372=(2 3 � 0:058)).

The presence of an inverted U-shaped relationship is confirmed by the three requirements
described by Haans et al. (2016) and Lind and Mehlum (2010). First, the estimated coeffi-
cient on the quadratic term (Milestone reached at time of ICO)2 has the expected negative
sign and is statistically significant. Second, the partial derivative of the total funding amount
with respect to the timing of the token issuance is positive and statistically significant for the
earliest possible timing, and negative and statistically significant for the latest possible
timing. In particular, an ICO can be implemented at the earliest after the ideation cluster
(Milestone reached at time of ICO=1) and at the latest following the operating success clus-
ter (Milestone reached at time of ICO=5). The slope is 0:25 (= 0:372+(2 3 � 0:058 3 1))
for the earliest and �0:21 (= 0:372+(2 3 � 0:058 3 5)) for the latest possible timing. Both
values are statistically significant with p-values below 5% and 10%, respectively. Third,
with an estimated value of 3.19milestones, the turning point lies between the mean (2.20)
and median (4.00) for the sample of 978 startups; thus, it falls well within the earliest and
latest possible ICO timing. As an additional robustness test, the cubic term (Milestone
reached at time of ICO)3 is insignificant when added to model 1, that is, the relationship
between the timing of an ICO and the total amount of capital raised is inverted U-shaped
(and not potentially S-shaped).

Model 2 confirms this shape of relationship for BHARs over the 6-month holding
period: (i) the estimated coefficient of (Milestone reached at time of ICO)2 is negative (with
a p-value below 5%); (ii) the slopes at the low and high end of potential ICO timings show
the expected signs and are statistically significant (both at the 5% level); (iii) the turning
point and its 95% confidence interval are located within the range of our sample data. The
turning point at 2.98 indicates that the optimal timing of an ICO with regard to 6-month
BHARs is again around the piloting milestone cluster. The results further suggest that the
operating development subsequent to the ICO becomes a relevant driver of financial per-
formance that is statistically significant at the 10% level. Moreover, the significantly nega-
tive coefficient of the interaction term between strong operating development during the
holding period and the milestone reached up until the end of the 6-month holding period
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suggests that the impact of the speed of operating progress on financial performance
decreases over the course of the life-cycle.

The effect of timing disappears in the longer run, while the operating development sub-
sequent to the ICO remains important. In model 3, with the 24-month BHARs as the
dependent variable, neither the linear nor the quadratic term for timing shows any statisti-
cal significance. In contrast, speed in the operating development remains a driving force
for financial development that is statistically significant, albeit with declining impact as fur-
ther operating milestones are achieved. Finally, all models in Panel B, in which only the
crypto fund dummy variable is replaced with the indicator variables for the different crypto
fund investment strategies, confirm these results.

Overall, these results suggest that there exists an optimal timing to conduct an ICO,
which is around the completion of the piloting milestone cluster. This observation is rele-
vant for startups and crypto funds alike because (i) the amount of capital raised drives
operating success (as indicated in our operating performance analysis), and (ii) timing
impacts short-term abnormal token returns in the secondary markets. However, the effect
of timing on secondary market performance decreases over longer holding periods, while
the speed of operating development that occurs in the post-ICO phase remains a factor
that should be closely monitored by crypto investors.

In a final step, Table 9 examines how the impact of timing and operating development
on financial success differs for startups with and without crypto fund backing. Apart from
the sample splits in Panel A (with crypto fund backing) and Panel B (without backing), the
model components mirror those already shown in Table 8. The inverted U-shape is obser-
vable for 6-month BHARs in the subsample of crypto fund-backed ICOs, with both related
coefficients being statistically significant. In particular, for this holding period, (i) the quad-
ratic term (Milestone reached at time of ICO)2 is negative (with a p-value below 5%), (ii)
the slopes for the earliest and latest possible timings have the expected signs and are statis-
tically significant (at the 5% and 10% level, respectively), and (iii) the turning point is
located within the range of our sample data. In contrast, in the subsample of non-backed
ICOs, an inverted U-shaped relationship is only observable in the model with the total
funding amount as the dependent variable.

The combined results of Panels A and B in Table 8 indicate that the optimal timing of
an ICO is around the piloting milestone cluster. This is particularly relevant to maximizing
funding from crowd investors. The findings further indicate that ICOs at this point in the
life-cycle are attractive for crypto funds to invest in and benefit from their certification of
venture quality in the short-run, the behavior we have termed ‘‘certification exploitation.’’

Discussion and Conclusion

Summary of Main Results

This article examines three overarching hypotheses related to entrepreneurial finance in
the context of blockchain-based crowdfunding. The Operating Underperformance
Hypothesis proposes that institutional investor-backed ventures that conduct ICOs have
weaker operating performance than solely crowdfunded ICO ventures, whereas the
Financial Outperformance Hypothesis suggests that investor-backed ICO ventures exhibit
stronger financial performance than fully crowdfunded ICO ventures. Moreover, the
Optimal Timing Hypothesis holds that there is an inverted U-shaped relationship between
the financial success of a token offering and its timing along the life-cycle of a startup
venture.
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We test these hypotheses using the Token Offerings Research Database (TORD), which
provides the best available data coverage for ICOs conducted up to the end of 2021, and a
hand-collected sample of 20,431 operating milestones reported by TORD ventures. ICOs
offer a near-ideal laboratory to test these hypotheses because, unlike non-token-based
crowdfunding markets such as equity or reward-based crowdfunding (Ahlers et al., 2015;
Vismara, 2016), the market for tokens is highly integrated and consists of both individual
and institutional investor types. This institutional setup suggests a straightforward empiri-
cal research design to test both the Operating Underperformance Hypothesis and the
Financial Outperformance Hypothesis. In addition, defining operating milestones along a
venture’s life-cycle—a granular classification ranging from ideation to functional product
stages and beyond (Bellavitis et al., 2020; Bellavitis et al., 2021; Fisch, 2019; Howell et al.,
2020; Huang et al., 2020; Momtaz, 2020)—provides variation across these life-cycle stages
around which ventures can conduct their token issuance, enabling us to test the Optimal
Timing Hypothesis.

Our empirical results provide support for all hypotheses. Institutional investor backing
shortens a startup’s time-to-liquidation. For example, the smallest estimated hazard ratio
of 1.235 (with statistical significance at the 5% level) suggests that the presence of crypto
fund backing decreases the average time-to-liquidation by 23.5%, all else equal. When test-
ing the financial success of ICOs in terms of the amount of capital raised, the estimated
coefficient of the dummy for institutional investor backing is 0.935, with a p-value below
1%, suggesting that crypto fund backing in an ICO increases firm valuation, on average,
by more than 150% ’ e0:935 � 1ð Þ. This positive influence of institutional investor backing
remains statistically significant at the 5% level when we test token returns over a holding
period of 6months after the token exchange listing. For this time horizon, ventures with
institutional investor backing achieve buy-and-hold abnormal returns (BHARs) that are
25.4 percentage points higher compared to their non-crypto fund-backed peers, all else
equal. However, the performance effect changes over a holding period of 24months, with
the financial outperformance of crypto fund-backed ICO ventures completely vanishing
over this longer holding period. Finally, to maximize both the amount of capital raised
and the subsequent 6-month BHARs, we estimate that the optimal timing of an ICO takes
place around the completion of the piloting milestone. Again, the effect of timing along
the venture’s life-cycle on its secondary market performance disappears over longer hold-
ing periods.

Overall, these results are consistent with our conjecture that institutional investors are
able to use their reputation to drive up valuations and quickly exit the target after the ICO,
an empirical pattern that we term ‘‘certification exploitation.’’ We conclude that institu-
tional investors only increase the financial performance of ICO ventures in the short run
when certification exploitation is at play. There is no statistically significant effect of pro-
fessional investor backing on ventures’ financial performance in the long run. The results
are robust to various modifications of our baseline model.20 Moreover, given that we are
the first to compile a representative sample with operating milestones in a crowdfunding
segment, we are able to produce a number of stylized facts about the product-market per-
formance of token-based crowdfunded firms, which we elaborate on next.

Theoretical Contributions and Practical Implications

Our study contributes to the entrepreneurial finance literature in several important ways.
First, we develop a theory of certification exploitation, arguing that the presence of
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institutional investors can be harmful for the operating performance of ventures that tap
capital markets through an ICO. We depart from the conjecture upheld in previous
research (Fisch & Momtaz, 2020; Hsu, 2004) that certification of institutional investors
always positively affects venture performance and argue that institutional investor backing
can also have adverse consequences for the operating performance of tokenized ventures.21

In particular, the tradability of tokens enables crypto funds to participate in a new form of
professional ‘‘pump-and-dump’’ scheme in entrepreneurial finance (Dhawan & Putnins,
2022; Gandal et al., 2018; Hamrick et al., 2021; Hornuf et al., 2023; Li et al., 2023).
Although we cannot directly observe the exits of crypto funds, the combined patterns of
operating and financial performance of IOC ventures with and without crypto fund back-
ing are consistent with a certification exploitation story.

Certification exploitation occurs when institutional investors, who can attest to the qual-
ity of the venture with their financial backing, quickly exit a target venture as long as token
valuations are favorably impacted by their own certification. In particular, in a market with
incomplete information, certifying institutional investors buy tokens at the pre-certification
price and, thanks to liquid secondary markets, unwind their position immediately after
achieving the post-certification price, with the difference being their certification profit.
This interpretation is confirmed by the observation that our results are most pronounced
for crypto hedge funds. We document that crypto hedge funds are mostly invested in those
startups with the highest trading volume, which allows them to exit easily. While institu-
tional investors are tied to their investments for several years in traditional entrepreneurial
finance markets due to the illiquidity of startup markets and contractually defined lock-up
periods (Cumming, 2008; Cumming et al., 2005; Cumming & Johan, 2013), our theory of
certification exploitation is specific to the market for tokenized ventures (Alshater et al.,
2023; Bellavitis et al., 2021; Brochado & Troilo, 2021; Fuchs & Momtaz, 2023), where insti-
tutional investors’ opportunistic behavior and their impact on token valuation can be inter-
preted as a novel form of a pump-and-dump mechanism.

Second, our findings contribute to the nascent literature on investor choice in entrepre-
neurial finance (Colombo et al., 2021; Cumming et al., 2024; Fisch & Momtaz, 2020;
Momtaz, 2024). While prior studies document that specialized venture capital funds are
well equipped to support startups during their early stages (Bertoni et al., 2011; Colombo
& Grilli, 2010; Hsu, 2004), little is known about when precisely they should enter during
the life-cycle of startups. Our results suggest that there are inverted U-shaped relationships
between the timing of an ICO over the venture’s life-cycle and (i) the ICO’s fundraising
success as well as (ii) its short-term financial performance. Although surely not conclusive,
our findings offer building blocks for further theorizing around investor choice in entrepre-
neurial finance markets.

In addition to these theoretical contributions, our comprehensive data collection pro-
cess, which includes more than 20,000 operating milestones reported by ICO ventures,
offers several new stylized facts about the performance and survival of crowdfunded firms.
These stylized facts are valuable given that Böckel et al. (2021, p. 433) summarize in their
comprehensive review of the crowdfunding literature that there is a major ‘‘research gap
related to the post-funding phase.’’ Similarly, Vanacker et al. (2019, p. 237) conclude that
‘‘the post-funding performance of crowdfunded firms is probably the least explored topic
in entrepreneurial finance.’’ We find the following post-funding patterns: Only every other
ICO venture ultimately develops a full product, and only about 20% reach the final stage
of operating success. Conditional on achieving a given milestone, tokenized startups that
develop a full product take approximately 19months, and startups that are operationally
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successful need about 24months from ideation to reach this stage. Finally, the most com-
mon reason why startups fail is that they are not able to develop their pilot into a mini-
mum viable product or their minimum viable product into a full product. More than 60%
of all startups in our sample are liquidated during the stages from pilot to full product
development.

Our results further contribute to the growing literature analyzing ICO markets in sev-
eral important ways. First, a number of articles examine indicators and drivers of ICO suc-
cess (Adhami et al., 2018; Alexander & Dakos, 2022; Amsden & Schweizer, 2018; Belitski
& Boreiko, 2021; Bourveau et al., 2022; Fisch, 2019; Florysiak & Schandlbauer, 2022;
Howell et al., 2020; Hu et al., 2019; Huang et al., 2022; Lee et al., 2022; Lyandres et al.,
2022; Roosenboom et al., 2020; Thewissen et al., 2022a, 2022b; Thewissen et al., 2023; Xia
et al., 2023; Xia et al., 2024), whereas others study post-ICO returns in the spirit of IPOs
(Benedetti & Nikbakht, 2021; Lyandres et al., 2022; Momtaz, 2020, 2021d). The studies
that examine IPO success use the achievement of the stated funding goals, the amount of
funds raised, or being listed on an exchange as measures of ICO success. In our tests, we
focus on the post-funding operating performance of ICO ventures. A few recent studies
analyze measures of operating performance of ICOs based on inputs into production or
final outcomes, such as post-ICO employment growth (Howell et al., 2020), code revision
activity and venture-initiated social media activity (Lyandres et al., 2022), the successful
delivery of a product (Davydiuk et al., 2023), or the achievement of sustainability goals
(Xia et al., 2023). What distinguishes our analysis from prior research is that we construct
operating performance indicators that are much more granular. Our classification is based
on 7milestones, which enables a detailed analysis of the optimal timing of an ICO along
the life-cycle of a startup venture.

Second, our results provide practical explanations complementing recent theorization
on ICO markets. For example, certification exploitation by crypto funds is related to
research by Cong et al. (2021), who study cryptocurrency prices using a theoretical frame-
work. Their asset pricing model for tokens suggests that token prices are determined by
aggregating the transaction demand from heterogeneous users (which is affected by user
network externality) rather than discounting future cash flows as is done in standard valua-
tion approaches. Cong et al.’s (2021) model further predicts a positive relationship between
post-ICO operating performance and financial success in the long run. Our empirical
results do not contradict this fundamental connection, but we document that the presence
of crypto funds can drive a wedge between operating and financial performance.

Our findings also hold several implications for practice. For policymakers, certification
exploitation remains a regulatory blind spot and calls for a more nuanced legislative
approach. Certification exploitation with utility tokens describes a new form of pump-
and-dump mechanism in the recent cryptocurrency literature, and one that takes place in a
legal gray area. Its illegality is dependent, among other things, on the specific intentions of
the crypto fund, which can be difficult to prove. With only the fund knowing whether it is
a manipulator or a rule-abiding informed trader, it can be difficult for outsiders to come
up with appropriate protective measures (Allen & Gale, 1992). Our theoretical insights and
empirical results raise new questions for the regulation of ICOs, for example, whether
lock-up periods or disclosure regulations of related party transactions should be trans-
ferred from the traditional capital market to the crypto domain.

For entrepreneurs, our results have important implications regarding investor choice
and the timing of crowdfunding campaigns. Founders often try to get any investor on
board just to maintain operational momentum. However, especially in tokenized markets,
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it is important that investors are selected strategically by founders, as they can influence
both a venture’s operating performance and its financial performance. Moreover, it is cru-
cial to determine when fresh capital is to be raised, because raising capital too early or too
late can lead to underfunding and also affect the company’s further success. Even if the
pilot milestone is the optimal time to raise capital through an ICO, as estimated in our
study, the discussions with investors, platforms, and advisors must undoubtedly start
months earlier so that the ICO can be optimally timed.

Limitations and Potential Avenues for Future Research

Our study represents a first step toward understanding how the tokenization-induced
liquidity of entrepreneurial finance markets changes the nature of startup financing and
performance in ways that matter for entrepreneurs, investors, and policymakers alike.
Given the rapidly growing interest in markets for digital tokens, as evidenced by the large
number of recent reviews (Alshater et al., 2023; Brochado & Troilo, 2021; among others),
and the necessarily high level of abstraction in our analysis, it seems likely that a vivid liter-
ature concerning the liquidity aspects of tokenized venture finance will soon emerge.
Although our study provides a first exploration into some of the relevant issues around
startup tokenization, substantially more research is needed to address topics that have
been left unaddressed in our study or issues that may arise due to its limitations.

Moreover, although we do not claim that all crypto funds engage in legal gray-area or
even illegal activities through certification exploitation, future research should address the
question of how to differentiate value-adding backers and purely opportunistic institutional
investors. We provide a preliminary answer to this question by distinguishing between
crypto hedge funds and crypto venture funds, with hedge fund-style investors being predis-
posed to engage in opportunistic behavior.

We highlight the limitation of our study that our narrative of certification exploitation
is a theory, and we are only able to provide indirect evidence for it by examining the diver-
ging performance patterns among backed and non-backed startups. For a more direct test
of our theory of certification exploitation, one would need knowledge of when exactly and
how crypto funds exit. Because crypto funds do not need to abide by disclosure laws for
significant holdings, as do other institutional investors in traditional markets for securities,
regulatory adaption will likely be necessary to generate the data needed to test some of the
theoretical claims made in our article in more detail. Alternative regulatory measures from
the venture capital and traditional IPO literature—such as contractual lock-up periods and
investor protection against market manipulation (Cumming, 2008; Cumming & Johan,
2013)—will likely have to be adapted for ICOs, even if they are considered utility tokens.
Otherwise, the new tokenized venture market threatens to collapse before the technology
can be fully exploited for financial markets (Momtaz, 2021c). Research in this direction
must be interdisciplinary, bringing technology together with scholarship in business, eco-
nomics, and law.

Another limitation pertains to the evolution of the ICO market and its implications for
the generalizability of our findings. Our sample period largely covers ventures that raised
financing via ICOs during a time when ICOs were a ‘‘hot’’ market with relatively high
valuations, followed by a relative implosion of the ICO market thereafter (Bellavitis et al.,
2021), potentially calling into question the generalizability of our findings. Put differently,
our sample is characterized by a macro-market environment with relatively high valuations
followed by relatively low realized returns. Our models are designed to estimate the
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performance impact in a differential way by comparing investor-backed to non-investor-
backed startups. As such, any macro-market trend should, in principle, be ‘‘differenced
away.’’ For this reason, our findings should also be generalizable to other market periods,
assuming that crypto funds are able to outperform in bear markets the way they do in bull
markets. However, we recognize that further research is needed to ascertain such a relation-
ship. It is also worth noting that the ICO market has started to recover recently (Alexander
& Dakos, 2022), which will help to provide a good empirical context to examine the latter
relationship.

Concluding Remarks

Alongside technological innovation, ICOs have made the market for entrepreneurial
finance more liquid. Although liquidity is generally seen as beneficial for retail investors in
particular (Diamond & Verrecchia, 1991), we conclude that liquid markets for startups
may pave the way for a new form of moral hazard through what we call ‘‘certification
exploitation.’’ Our theoretical arguments and empirical findings are a call for policymakers
to address this regulatory blind spot and make entrepreneurial finance markets for toke-
nized startups more efficient.

Appendix

Table A1. Variable Definitions and Data Sources.

Variable Description Data source

Panel A: Operating performance

Operating success Dummy variable equal to one if a startup has
reached the milestone operating success, and
zero otherwise. We define operating success
via a (substantial) expansion in number of
users or the realization of first profits.

ICObench

Full product Dummy variable equal to one if a startup has
reached at least the milestone full product,
and zero otherwise. We define this milestone
as marking the first full version of the
product/service that is released to a broader
market.

ICObench

Panel B: Financial success

Funding amount ICO firm valuation measured as the natural
logarithm of the total amount raised during
the ICO (in $).

ICObench, ICOmarks

Buy-and-hold
abnormal return
(BHAR)

Calculated by subtracting the market
benchmark’s buy-and-hold return from a
startup’s buy-and-hold return over the same
holding period after the token listing. We
focus on holding periods of 6, 12, 18, and
24 months and primarily use a value-weighted
token market index.

CoinMarketCap

(continued)
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Table A1. (continued)

Variable Description Data source

Panel C: Operating characteristics

Milestone reached
at time of ICO

The milestone that has been accomplished at
the time of the ICO.22

ICObench

Milestone reached
6 months after
ICO

The milestone that has been achieved by the
end of the 6-month token holding period in
the secondary market.22

ICObench

Milestone reached
24 months after
ICO

The milestone that has been achieved by the
end of the 24-month token holding period in
the secondary market.22

ICObench

Operating
development
during 6 months
after ICO

The speed of the operating development since
the ICO, measured by the number of
milestone steps a startup has completed
since the ICO and before the end of the
6-month BHAR period. We define strong
operating development 6 months after ICO as
one for top-quartile performers, and zero
otherwise.

ICObench

Operating
development
during 24 months
after ICO

The speed of the operating development since
the ICO, measured by the number of
milestone steps a startup has completed
since the ICO and before the end of the
24-month BHAR period. We define strong
operating development 24 months after ICO as
one for top-quartile performers, and zero
otherwise.

ICObench

Panel D: Crypto fund backing

Crypto fund Dummy variable equal to one if a startup firm
has secured crypto fund (CF) backing for an
ICO, and zero otherwise.

Crypto Fund Research,
Crunchbase, investor
and startup websites

Crypto venture
fund

Dummy variable equal to one if at least one CF
that invested during an ICO has a venture-
style investment strategy, and zero otherwise.

Crypto Fund Research,
investor websites

Crypto hedge fund Dummy variable equal to one if at least one CF
that invested during an ICO has a hedge
fund-style investment strategy, and zero
otherwise.

Crypto Fund Research,
investor websites

Panel E: Firm characteristics

Expert rating Average of all expert ratings for the ICO.
Ratings range from 1 (‘‘low quality’’) to 5
(‘‘high quality’’).

ICObench

GitHub open-
sourced

Dummy variable equal to one if the firm makes
its source code available on GitHub, and zero
otherwise.

GitHub

Business model:
Platform

Dummy variable equal to one if the firm plans
to create a platform business model, and
zero otherwise.

ICObench

# targeted
industries

Number of industries the firm serves with its
product/offering.

ICObench

Ethereum
blockchain

Dummy variable equal to one if the firm builds
upon the Ethereum standard, and zero
otherwise.

ICObench

(continued)
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Table A1. (continued)

Variable Description Data source

Panel F: Offering characteristics

Pre-sale Dummy variable equal to one if the firm
conducted a pre-ICO sale, and zero
otherwise.

ICObench, ICOmarks

Promotion scheme:
Bonus

Dummy variable equal to one if the firm
distributes some tokens for free, and zero
otherwise.

ICObench, ICOmarks

Promotion scheme:
Reward

Dummy variable equal to one if the firm offers
a reward program for its tokens, and zero
otherwise.

ICObench, ICOmarks

KYC Dummy variable equal to one if the firm
restricts certain investors, either via a know-
your-customer (KYC) process or a white list,
and zero otherwise.

ICObench, ICOmarks

# competing ICOs Number of ICOs that overlap with the period
of the initial coin offering of the firm.

ICObench, ICOmarks

Panel G: Market characteristics

Bull market Dummy variable equal to one if the ICO takes
place during the bull market phase (January
2017 until January 2018), and zero otherwise.

ICObench, ICOmarks

Bear market Dummy variable equal to one if the ICO takes
place during the bear market phase (February
2018 until January 2019), and zero otherwise.

ICObench, ICOmarks

Sideways market Dummy variable equal to one if the ICO takes
place during the sideways market phase
(February 2019 until September 2020), and
zero otherwise.

ICObench, ICOmarks

Market volatility
during issuance

Standard deviation of daily returns of the value-
weighted token market index during the
issuance period.

ICObench, ICOmarks

Panel H: Human capital characteristics

# team members Number of team members of the firm. ICObench
Team members with

technical degree
Dummy variable equal to one if a team includes

at least one member with a college degree in
a technical field, and zero otherwise.

LinkedIn

Team members with
PhD

Dummy variable equal to one if a team includes
at least one member with a PhD degree, and
zero otherwise.

LinkedIn

Team members with
crypto experience

Dummy variable equal to one if a team includes
at least one member with prior experience in
blockchain technology, and zero otherwise.

LinkedIn
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Table A2. Drivers of Startups’ Return Volatility: The Impact of Crypto Funds.

Dependent variable

Panel A: Crypto funds Panel B: CF investment strategies

6-month 24-month 6-month 24-month

Volatility Volatility Volatility Volatility

(1) (2) (3) (4)

Crypto fund backing

Crypto fund 0.055 (0.213) 0.021 (0.083)

Venture-style 20.105 (0.230) 20.023 (0.086)

Hedge fund-style 0.447 (0.420) 0.191 (0.188)

Operating characteristics

Milestone reached at time of ICO 0.161 (0.128) 20.004 (0.040) 0.170 (0.125) 0.001 (0.041)

Milestone reached after 6/24 months 20.125 (0.150) 20.026 (0.038) 20.130 (0.147) 20.027 (0.038)

Strong operating development 6/24 months after ICO 0.369 (0.856) 0.426 (0.959) 0.305 (0.841) 0.377 (0.991)

Milestone after 6/24 months 3 strong operating development 20.063 (0.211) 20.089 (0.198) 20.039 (0.207) 20.075 (0.205)

Firm characteristics � � � �

Offering characteristics � � � �

Market characteristics � � � �

Human capital characteristics � � � �

Country fixed effects � � � �

Quarter-year fixed effects � � � �

Observations 354 230 354 230

Adjusted R2 0.024 0.034 0.025 0.038

Note. This table reports the regression results for the effect of crypto fund backing on token volatility following the ICO. Models 1 and

2 measure the impact of crypto funds in general, and models 3 and 4 test if the effect of crypto fund backing varies by funds’

investment strategies. Token volatility is assessed using the standard deviation of abnormal token returns over 6 and 24 months after

the ICO. Identical to Table 7, the following operational variables are included: (i) The timing of the ICO with regard to the startup’s

operating milestones. Due to data availability, the 7 milestones have been clustered into five groups: ideation (idea and PoC),

prototype, pilot, MVP, and operational success (full product and operating success). (ii) The last milestone cluster that has been

reached before the end of the respective holding period (e.g., 6 or 24 months). (iii) The speed of the operating development since the

ICO, measured by the number of milestone steps a startup has completed since the ICO (and before the end of the respective BHAR

period) and encoded as one for top-quartile performers, and zero otherwise. (iv) The interaction between (ii) and (iii). Robust

standard errors are reported in parentheses. The coefficients of the control variables are suppressed for brevity. All models include

country and quarter-year fixed effects.

*p\.10; **p\.05; ***p\.01.
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Notes

1. Alshater et al. (2023), Brochado and Troilo (2021), and Ofir and Sadeh (2021) provide reviews of
the evolving ICO literature.

2. Our focus is on institutional investor ownership as one possible certification mechanism.
Recently, in the ICO markets, ventures have started using third-party audits of their technology
(Bourveau et al., 2023; Knechel et al., 2023) along with decentralized governance features (Appel
& Grennan, 2023) to increase the perceived quality of ventures.

3. Frailty models are extensions of the proportional hazard ratio model, which is best known as the
Cox model (Cox, 1972), the most popular model in survival analysis (see Section ‘‘Empirical
Design’’ for more details). In our framework, survival models relate the time that passes, before
some operating milestone is achieved, to one or more covariates that may be associated with that
quantity of time. Our main predictor of interest is a dummy variable that indicates whether a ven-
ture firm has secured crypto fund backing for its token issuance or not.

4. Unlike other entrepreneurial financing mechanisms, ICOs integrate the full spectrum of funding
volumes (Momtaz, 2024), ranging from micro-cap ICOs (\$100,000) to mega-cap ICOs
(.$1,000,000, such as the EOS campaign in 2018, with more than $4billion raised).

5. Token offerings also share common features with venture capital financing and initial public
offerings (Chod & Lyandres, 2021; Malinova & Park, 2018; Ofir & Sadeh, 2021).

6. Utility tokens have been the most frequently issued token type in ICOs (Bellavitis et al., 2020;
Momtaz, 2020). In contrast to digital currencies, which serve as a means of payment that is exter-
nal to the token platform, utility tokens grant rights on a certain platform, where the issuer’s
product or service is provided. Recent developments in ICO regulation have, inter alia, initiated a

gradual shift from utility to security token offerings (Lambert et al., 2021).
7. Evidence from stock markets suggests that public markets also entail economic costs, which are

particularly salient if early-stage ventures are traded. While direct costs arise from investor rela-
tions and regulation (Bellavitis et al., 2021; Mokhtarian & Lindgren, 2018), there are also indirect
costs such as market myopia (Stein, 1989).

8. For a detailed market overview of crypto funds, we refer to https://cryptofundresearch.com/
research-reports (retrieved January 4, 2024).

9. The most common crypto hedge fund strategies are quantitative, discretionary long/short, discre-
tionary long-only, and multi-strategy (PwC, 2021). Crypto hedge funds with a quantitative
approach to the market (directional or market-neutral) implement strategies such as market-mak-
ing, arbitrage, and low-latency (algorithmic) trading. Discretionary long/short funds cover a
broad range of strategies including long/short, relative value, event-driven, technical analysis, and
some strategies that are crypto-specific, such as mining. Discretionary long-only funds invest in
early-stage token projects and have a longer time horizon, thus requiring the longest lock-up peri-
ods and strictest gate provisions of all strategies. These strategies often require trading derivatives
(e.g., Bitcoin futures or options) and taking short positions.
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10. Another potential reason why the certification capability of crypto funds can amplify the myopia
problem for tokenized startups is that they trade mostly in tokens that are legally classified as util-
ity tokens or ‘‘non-securities’’ (Mokhtarian & Lindgren, 2018). This exempts crypto funds, unlike
any other institutional investors in entrepreneurial finance markets, from regulations that would
prevent market misconduct such as certification exploitation.

11. The TORD is available at www.paulmomtaz.com/data/tord.
12. The milestone data are available from the authors upon request for replication purposes.
13. The matching of various data sources substantially reduces our sample size. For example, our

regressions testing operating performance are based on only about 750 startups with non-missing
variables. For all statistics and regression models, sample sizes vary as we always use the largest
sample possible.

14. Pairwise correlation coefficients for all outcome, independent, and control variables are presented
in Table A3 in the Appendix.

15. In additional robustness tests, we replicate the baseline model using the Cox proportional hazards
approach. Our results remain qualitatively the same, albeit statistical significances are less pro-
nounced. Given the methodological problems related to group heterogeneity explained in our

framework, we do not report these results.
16. The derivation of the economic impact for the log funding amount is as follows:

0:989= e(log(1:1)3 log(0:895)), where 0.989 is the hazard ratio of a 10% increase in absolute $-values,
resulting in the 1.1% increase in time-to-liquidation. The additional funding is converted from
absolute $-values into log values by log (1.1), and log (0.895) derives the respective regression
coefficient from the hazard ratio.

17. Since these variables are never statistically significant in Table 7, we do not comment on them
here. However, they play an important role in the analysis related to the optimal timing for token
offerings in the next section.

18. Similar to our analysis on operating performance, most control variables are not significant pre-
dictors of financial success. In additional tests (not tabulated), we confirm that the impact of
crypto fund backing on financial performance, that is, the magnitude of the estimated Crypto fund

coefficient and its statistical significance, gradually decreases as the investment horizon increases.
In particular, the estimated coefficients for the 12- and 18-month BHARs fall between the esti-
mates for the 6- and 24-month BHARs, and the corresponding p-values steadily increase.

19. All estimated coefficients are based on regressions following the model structure in columns (5)
and (6) of Table 7.

20. A competing explanation for our results could be that sophisticated institutional investors have
different preferences and search for the ICO ventures with the highest risk. These ventures are
expected to provide a higher return (at least in the short run), but are more likely to fail. To rule
out this potential alternative explanation, we rerun our baseline model in Table 7 but use token
volatility, measured as the standard deviation of abnormal token returns over the 6- and 24-
month post-ICO holding periods, as the dependent variable. The results, reported in Table A2 in
the Appendix, indicate that there is no significant relationship between the presence of a crypto
fund and the venture’s risk profile.

21. The closest article to ours is Fisch and Momtaz (2020), to which we add in at least three different
ways. First, Fisch and Momtaz (2020) only examine the impact of crypto funds on the financial per-
formance of ICO ventures, while we are also able to measure their operating performance and com-
pare the two performance measures. Second, given that we have information on both financial and
operating performance, we can relate these metrics to each other and answer when is the best time
along a venture’s life-cycle to conduct an ICO, in terms of expected valuation and financial perfor-
mance. Third, while Fisch and Momtaz (2020) document that crypto funds have a positive impact on
the financial performance of ICO ventures, we strikingly find that they have a negative impact on

ICO ventures’ operating performance. We develop a theory of certification exploitation, which recon-
ciles the seemingly paradoxical findings of positive financial and negative operating performances.

22. For statistics and models, the 7milestone steps are numerically encoded from 1 to 7.
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