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Introduction

In recent years, the importance of crowdfunding has increased significantly. In particu-
lar, the brokerage for equity-like forms of financing to startups via Internet-based crowd-
funding platforms has showed strong growth (Pichler and Tezza 2016). Consequently,
the interest in the research on this topic has grown (Block et al. 2018b, 2020). Extensive
research has thus been conducted on the signals provided during crowdfunding cam-
paigns that influence investors’ investment behavior (Vismara 2018b).

However, since Internet-based crowdfunding is a relatively new phenomenon, only a
few studies have been conducted on venture performance after the completion of the
crowdfunding campaign (Cumming et al. 2019; Hornuf et al. 2018; Signori and Vis-
mara 2016, 2018). Such studies are important because they can clarify whether the sig-
nals used by investors actually offer valuable information on the future success of the
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financed ventures. Our study attempts to address this research gap on signal validity by
examining whether the signals provided during the crowdfunding campaign, which have
an impact on offering success, also correlate with the subsequent failure risk. It differs
from other studies that have investigated factors influencing the post-offering perfor-
mance of startups by explicitly focusing on previously identified signals in the equity-
based crowdfunding literature on offering success. In other words, our study examines
whether the signals used by crowd investors actually increase their financial success.
Thus, our study also examines the rationality and wisdom of the crowd.

We use a hand-collected data set from Companisto, one of the leading German crowd-
funding platforms with a market share of more than 20% in 2018 (Crowdfunding.de
2018). Our data set contains data about over 64,000 investments and 742 updates. We
collect data on potential venture insolvencies until October 2020. During the period
considered, Companisto offered lending-based and equity-based crowdfunding. We
only examine the latter, which accounted for the largest share by far. In 2019, Compa-
nisto transformed from a crowdfunding platform for small investors to a platform focus-
ing on more sophisticated investors. Initially, the platform was characterized by small
minimum investments, public campaigns, and equity-like participatory loans. However,
since the end of 2019, only accredited investors are provided access to the campaigns
offering equity shares.

Using logit and Cox regression models and in line with the literature on signals, we
demonstrate that a venture’s risk of failure decreases if its chief executive officer (CEQ)
states that they hold a university degree. A higher number of business-related updates is
associated with a lower risk of failure. The number of updates on external certification,
promotions, and the team is associated with a higher risk of failure. However, contra-
dicting the findings of recent research on offering success, we find that large investments
during the crowdfunding campaign and the number of updates on campaign develop-
ment are associated with a higher probability of failure. Furthermore, we show that the
risk of failure decreases with the equity stake offered.

Our findings have implications for entrepreneurs, investors, and platform design. For
example, entrepreneurs can send credible signals by indicating their university degree or
industry experience in the campaign description and by choosing a legal form with high
personal liability for their venture. Crowd investors who are interested in maximizing
their financial gains and minimizing the risk of failure should not consider small equity
stakes and large investments of other investors as positive signals. They should also avoid
investing in ventures that have already conducted another crowdfunding campaign.
Regarding platform design, our result on large investments suggests that platforms could
reduce misinterpretations about large investments by providing information on the
investors’ level of professionalism or investment experience, such as by giving them the
option to mention their profession. Furthermore, our study emphasizes the importance
of regulating investors’ maximum investment amounts in equity crowdfunding, as has
been recently introduced in the US (Securities and Exchange Commission 2015).

The remainder of our study is organized as follows: Section “Theory” presents the
theory. In Section “Hypotheses development’, we develop our hypotheses. Section “Data
and variables” offers a description of the data set and variables. In Section “Methods’,
we explain the methods used. In Section “Results’, we present the analysis results. In
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Section “Discussion’, we discuss the implications and limitations of the study. Sec-

tion “Summary” summarizes the paper.

Theory

Crowdfunding is a relatively new form of financing in which a project or a business
receives financial resources from a large number of individual investors, mostly via the
Internet (Belleflamme et al. 2014). Crowdfunding and other financial technologies make
previously inaccessible investment opportunities available and affordable to almost eve-
ryone (Hasan et al. 2021). Thus, equity crowdfunding can contribute to the democratiza-
tion of entrepreneurial finance by equity crowdfunding (Cumming et al. 2021). Typically,
the first step in equity crowdfunding is that a startup applies to a platform. The startup
is then presented on the platform’s website for the duration of the campaign, and shares
are offered. Investors can accept this offer and receive a stake in the venture in exchange
for providing capital.

There are three relevant players in equity-based crowdfunding: the platform, the
entrepreneurs or ventures, and a heterogeneous group of investors called the crowd.
Depending on the platform, different services are offered to the ventures and investors
before, during, and after the campaign. Rossi and Vismara (2018) show that post-cam-
paign services in particular, such as exit assistance or a secondary market, can increase
the attractiveness of platforms and lead to a higher number of successfully funded start-
ups. Corporate governance mechanisms, such as the transfer of voting rights, the design
of which is primarily driven by national regulation, can influence the platform’s success
as well (Rossi et al. 2019).

Startups applying for equity crowdfunding are often dependent on external backers
to ensure their survival (Tech 2018). Crowdfunding represents an alternative to financ-
ing through business angels (BAs) in the early stages, when it may be difficult to obtain
financing via banks or venture capitalists (VCs) (Leboeuf and Schwienbacher 2018).
However, there are several other reasons for why ventures participate in crowdfunding,
such as marketing effects and being able to contact potential customers and investors
(Angerer et al. 2017).

The crowd is a group of heterogeneous investors who differ in terms of wealth and pro-
fessionalism (Heminway 2013). While one of the main goals of investors is financial suc-
cess, other objectives, such as supporting entrepreneurs or building networks, can play a
role as well (Cholakova and Clarysse 2015). In this context, the question of whether the
crowd acts rationally and can achieve better results as a group by interacting with other
investors arises. This concept is called the wisdom of the crowd (Surowiecki 2004). Ahl-
ers et al. (2015) show that investors pay extensive attention to the information provided
on crowdfunding platforms and are influenced by it when making investment decisions.
Furthermore, Vismara (2018a) finds that investors are prone to herding behavior, which
refers to imitating other investors.

The relationship between investors and ventures, which is characterized by informa-
tion asymmetries and high uncertainty about the risk of failure, can be considered a
principal-agent relationship. The two most important problems occurring in this context
are adverse selection (Akerlof 1970) and moral hazard (Arrow 1984). To reduce infor-
mation asymmetry, and consequently, agency problems, screening (Stiglitz 1975) and
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signaling (Spence 1973) can be used. The former is mainly carried out before the cam-
paign by platforms, which are interested in building a reputation as reliable intermedi-
aries (Lambert et al. 2018). The latter can be performed by the ventures, which send
signals providing investors with information on unobservable characteristics to present
themselves as quality ventures and to achieve higher valuations. However, as shown in
the next section, such information should only be used as quality signals if the senders
subsequently experience above-average post-offering performance.

Specifically, on Companisto, potential investors are provided with the following infor-
mation during the campaign: on the overview page, there is a video in which the found-
ing team introduces itself and the business idea. Further information on the business
model, the intended use of the funds, and often, information on reputable investors who
already support the startup are also provided below the video. Short biographies list the
qualifications of the team members. Important information that becomes known as the
campaign progresses, such as the achievement of a milestone, is published in the form
of updates. The behavior of other investors can be observed from their previous invest-
ments and comments.

Hypotheses development

In this section, we develop the hypotheses that we test in our study. First, we argue why
the failure ratio is an important measure of venture success and why avoiding invest-
ing in failing startups is decisive for investors’ returns. We then present the main idea
behind the hypotheses and develop them by drawing from recent literature.

Startups are associated with a high risk of failure. Hall and Woodward (2010) show
that nearly 75% of entrepreneurs who are backed by venture capital achieve an exit value
of zero for their startup. According to organizational ecology literature (e.g. Wholey
and Brittain 1986), this high failure ratio, which leads to strong skewness in the return
distribution, can be attributed primarily to the small size of the startups, which puts
them at a disadvantage when competing with established companies (liability of small-
ness) and to their short previous existence (liability of newness). Apart from high risk,
investments in startups acquired through crowdfunding are illiquid. Therefore, investors
should demand high risk premiums in the form of high expected returns (Amihud 2002;
Markowitz 1952). However, the results of recent studies and publications by the plat-
forms themselves (e.g. AltFi 2015; Hornuf and Schmitt 2016; Seedmatch 2018; Signori
and Vismara 2016) on possible returns in equity-based crowdfunding are ambiguous.
This can partly be attributed to different calculation methods (actual returns versus
returns based on valuations) and to the lack of sufficient data, particularly on the rare
event of exits. The studies, however, reveal that the probability of failure plays a decisive
role in returns. Investors should, therefore, have a strong interest in avoiding failures.
Additionally, using data from the peer-to-peer lending platform Lending Club, Wang
et al. (2021) show that reducing the costs linked to failures is essential for the survival
and profitability of financing platforms. Therefore, our results are likely to be of interest
to crowdfunding platforms.

Our hypotheses are based on the following idea: if the crowd pursues financial goals
and is rational, it should invest more in campaigns that perform well after the comple-
tion of the campaign. Hence, signals that have an impact on the crowd’s investment
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behavior should be related to post-offering success in the same direction. Otherwise,
they should not be considered quality signals. In the following sub-sections, we present
this concept in more detail by examining the relationship between the campaign and
post-offering success to derive five hypotheses.

Offering and post-offering success

Recent research has shown the effects of certain types of information on campaign suc-
cess. Some examples are updates during the campaign (Hornuf and Schwienbacher
2018), information on entrepreneurs (Ahlers et al. 2015; Piva and Rossi-Lamastra 2018),
indication of the support of professional investors (Ralcheva and Roosenboom 2016),
and the equity stake offered (Ahlers et al. 2015). Furthermore, other investors’ behavior
can also be considered a signal. In this context, Hornuf and Schwienbacher (2018) dem-
onstrate that large investment amounts and positive comments lead to a larger number
of investments in the days following such investments and comments. Similarly, Walther
and Bade (2020) show that large investments in the campaign increase investors’ willing-
ness to pay.

However, investors’ belief in the effectiveness of such information as indicators of
future success is not sufficient for it to actually be considered a quality signal. Rather,
these must be continuously confirmed by subsequent positive experiences, meaning that
the ventures that generated the signal should demonstrate an above-average develop-
ment, so that a separation equilibrium can be achieved (Spence 2002). Consequently,
“studies on signal certification and post-signal performance [...] are central in identify-
ing effective signals,” and it “is particularly important for the future of these markets to
demonstrate signals’ validity” (Vismara 2018b, p. 30). Thus, the underlying idea of our
study is as follows: if the crowd behaves rationally and investors try to maximize their
financial success, they should only use signals that lead to better investments in terms of
post-offering success. Therefore, signals that influence offering success should be related
to post-offering success in the same direction. Otherwise, using such signals would lead
to a higher risk of failure, and consequently, worse investments. In such a case, the sig-
nals should not be considered quality signals, and investors should accordingly modify
their behavior. Thus, in a sense, our study examines the extent to which the crowd acts
rationally and whether the wisdom of the crowd helps it to distinguish promising from
less-promising startups.

Before formulating the hypotheses, it is necessary to summarize the results of recent
research on post-offering success, as we will draw on these findings for the control vari-
ables. Using data from Germany and the United Kingdom (UK), Hornuf et al. (2018) find
that the number of senior managers is negatively related to the probability of failure. A
higher valuation of the venture and a higher number of initial VC investors are associ-
ated with a higher risk of failure. Their results further indicate that the venture’s legal
form and whether the venture is located in a big city may have an impact on the prob-
ability of failure.

Signori and Vismara (2016,2018) investigate the post-offering outcomes of 212 cam-
paigns from Crowdcube. Their study findings reveal that older ventures and ventures
that already reported positive sales before the crowdfunding campaign are less likely
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to fail. Furthermore, tax incentives and voting rights have a significant effect on post-
offering success.

Cumming et al. (2019) examine 491 campaigns on Crowdcube. They find similar
effects for positive sales and venture age. Moreover, in their sample, family businesses
are less likely to fail. In contrast, a higher separation between ownership and control
rights increases the risk of failure.

Hypotheses

Despite the large number of potential signals (for example, as listed by Block et al.
2018a; Vismara 2018b), our study focuses on selected potential signals that fulfill two
criteria. First, the information used as a signal must be accessible and visible to any
investor on the studied platform because it cannot be considered otherwise. Second,
recent research must have found a relation between the signal and investor behav-
ior in equity-based crowdfunding. In the following paragraphs, we address each sig-
nal separately and explain why its investigation is particularly relevant. The literature
on the effects of these signals on offering and post-offering success is summarized in
Table 1, which we refer to when developing the hypotheses.

For all the signals, we proceed as follows: first, we present the theory and existing
literature on campaign success and, subsequently, on post-offering success. Then we
formulate the hypothesis based on the previously explained concept that information
that has been shown to increase campaign success can only be a quality signal if it
also has an analogous effect on post-offering success (measured in terms of the start-
up’s probability of survival).

University degree

The human capital of a startup is an important decision criterion for VCs and other
professional investors (Ng et al. 2017). In equity-based crowdfunding, signals pertain-
ing to human capital are likely to be even more important, as risk and information
asymmetries are particularly large. By being exposed to theoretical concepts and ana-
lytical thinking as part of their education, entrepreneurs can better identify business
opportunities and analyze costs, organizational structures, customer needs, and the
competitive environment (Piva and Rossi-Lamastra 2018). The positive effect of indi-
cating a university degree (in economics) on the number of investors and campaign
success has been shown in the case of the Australian platform ASSOB and the Ital-
ian platform SiamoSoci (Ahlers et al. 2015; Piva and Rossi-Lamastra 2018). In addi-
tion, using data from Companisto, Goethner et al. (2020) demonstrate that a PhD of
at least one member of the team increases the probability of investments.

However, we are the not aware of research that investigates how the CEO’s univer-
sity degree is related to post-offering success in equity crowdfunding, which is neces-
sary to validate the signal. Therefore, we formulate Hypothesis 1 (H1) as follows:

Startups with CEOs who state that they have a university degree have a lower prob-
ability of failure.
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Table 1 Summary of the literature on offering and post-offering success

Signal Studies on offering success

Studies on post-offering success

University degree A degree (in economics) increases the num-
ber of investors on:

- ASSOB (Ahlers et al. 2015)

- SiamoSoci (Piva and Rossi-Lamastra 2018)

In addition, Goethner et al. (2020) demon-
strate on Companisto that a PhD increases

the probability of investments.

Equity stake offered A decrease of the equity offered is associ-

ated with a higher number of investors on:

- ASSOB (Ahlers et al. 2015)

- Crowdcube (Ralcheva and Roosenboom
2016)

- Crowdcube and Seedrs (Vismara 2016)

Smaller equity stakes offered increase the
chances to reach the funding target on
Crowdcube (Cumming et al. 2019).

Reputable (profes-
sional) investors

Support by reputable (professional) inves-
tors is positively related to the number of
investors on Crowdcube (Ralcheva and
Roosenboom 2016).

Large investments  Large investments of other investors have a
positive effect on willingness to invest:

- Hornuf and Schwienbacher (2018) demon-
strate a positive effect of large investment
on the number of investments in the
subsequent days on Companisto and
three other German platforms

- Walther and Bade (2020) show that large
investments increase investors' willingness
to pay on Companisto

Updates An update increases the number of invest-
ments on various German platforms
including Companisto (Bade and Walther
2021; Block et al. 2018a; Hornuf and
Schwienbacher 2018). Block et al. (2018a)
also show that the investor reaction

depends on the updates’' content.

To the best of our knowledge, our study
is the first to investigate the relationship
between a university degree of the CEO
and post-offering success.

Recent studies provide mixed results.

The following results indicate that smaller
equity stakes offered are positively related
to post-offering success in the UK:

- Cumming et al. (2019) find that smaller
levels of equity offered increase the
likelihood of success and decrease the
probability of failure (Crowdcube, UK)

- Signori and Vismara (2018) find no
significant effect on the risk of failure
(Crowdcube, UK)

- Signori and Vismara (2016) find that
equity offered is negatively related to the
probability of seasoned equity offerings,
which they consider a success (Crowd-
cube, UK)

In contrast, Hornuf et al. (2018) find that
higher equity stakes offered are associ-
ated with lower probabilities of failure
using a sample of 13 platforms from the
UK'and Germany.

Our study attempts to clarify the role of
equity offered on the German equity-
based crowdfunding market. This is of
particular interest as other forms of finan-
cial instruments (without voting rights)
are used in Germany.

Mixed results on the effects of reputable
(professional) investors exist.

Signori and Vismara (2018) find a positive
effect of professional investor backing on
post-offering success. In their sample no
venture that was backed by professional
investors failed subsequently.

In contrast, Hornuf et al. (2018) find that a
higher number of initial VC investors is
associated with a higher probability of
failure.

With our study, we want to test how repu-
table investor backing and post-offering
success are related in Germany.

To the best of our knowledge, our study is
the first to study the relationship of large
investments and post-offering outcomes.

To the best of our knowledge, our study

is the first to investigate the relationship
between the number of updates and
post-offering outcomes.

Page 7 of 30
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Equity stake offered

Several studies report a negative relationship between the equity stake offered and the
number of investors in the crowdfunding campaign (Ahlers et al. 2015; Cumming et al.
2019; Ralcheva and Roosenboom 2016; Vismara 2016). The management’s willingness
to invest in its own company is an important signal of venture quality (Leland and Pyle
1977). As insiders, entrepreneurs have insights into their venture that external investors
may not have. Consequently, if entrepreneurs are optimistic about the future develop-
ment of their business, they would prefer to sell only a small share of their startup (Vis-
mara 2016). Furthermore, if entrepreneurs hold large equity shares, disincentives, and
consequently, moral hazard problems reduce.

Recent studies provide mixed results on the relationship between the equity stake
offered and post-offering success. Signori and Vismara (2018) find no significant effect
of the equity stake on the probability of firm failure. Signori and Vismara (2016) find
that the equity offered is negatively related to the probability of seasoned equity offer-
ings, which they consider a success (Crowdcube, UK). In Cumming et al. (2019), smaller
levels of equity offered are associated with an increase in the likelihood of success and a
decrease in the probability of failure. Overall, equity retention by entrepreneurs seems
to increase post-offering success in the UK. However, in contrast to these studies, Hor-
nuf et al. (2018) report that the percentage of shares offered reduces the risk of failure
in their sample. Interestingly, almost two-thirds of their data set are also British cam-
paigns. Our study attempts to clarify the role of equity offered on the German equity-
based crowdfunding market. This is of particular interest, as other forms of financial
instruments (such as participatory loans without voting rights) were used in Germany.
We therefore formulate the following hypothesis:

Hypothesis 2 (H2): Startups that offer low equity stakes have a lower probability of
failure.

Reputable investor backing

Owing to personal contact with entrepreneurs, investment expertise, and the ability to
bear higher screening costs, professional investors may have superior information com-
pared to other investors. In addition, professional investors might risk their reputation
by visibly supporting a campaign if the startup subsequently fails. Thus, the prior invest-
ments of professionals can be seen as a positive signal (Ralcheva and Roosenboom 2016).
In addition, professional investors provide other advantages such as access to networks,
consulting, and the possibility of increasing their investment in the future (Stubner et al.
2007). Using data from Crowdcube, Ralcheva and Roosenboom (2016) show that small
investors prefer startups that are supported by professional investors.

Regarding post-offering success, Signori and Vismara (2018) find a positive effect of
professional investor backing. In their sample, no venture backed by professional inves-
tors failed eventually. In contrast, Hornuf et al. (2018) find that a higher number of initial
VC investors is associated with a higher probability of failure. Given these mixed results,
our study can provide more clarity on the role of support from reputable investors. We
therefore formulate the following hypothesis:
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Hypothesis 3 (H3): Startups that indicate support by reputable investors have a
lower probability of failure.

Large investments
Large investments by other investors during the crowdfunding campaign could also
be interpreted as a signal. These investors are likely to be financially sound, making it
more viable for them to screen and take on the high fixed costs. Investors with small
wealth may thus assume that these investors have superior information. Therefore,
imitating the actions of investors who invested large amounts might be rational. Hor-
nuf and Schwienbacher (2018) and Walther and Bade (2020) identify herding behav-
ior in the German equity-based crowdfunding market. In particular, the former find
that investments of €5,000 or €10,000 increase the number of investments on the
following days, while the latter demonstrate that large campaign investments result
in a higher willingness to pay. In this study, we define large investments as invest-
ments that amount to at least €5,000. Thus, our results are comparable to the results
on offering success by Hornuf and Schwienbacher (2018), who also use data from
Companisto.

If large investments are indeed positive signals, they must be positively related to
the probability of survival. To the extent of our knowledge, no other studies have been
conducted on this topic. We therefore formulate the following hypothesis:

Hypothesis 4 (H4): Large investments during the crowdfunding campaign are
associated with a lower probability of failure.

Updates

Updates enable startups to communicate information on new collaborations, external
investors, or business developments that was not known at the start of the campaign
(Block et al. 2018a). Updates thus reduce the screening costs of potential investors. Fur-
thermore, updates can be used strategically to regain attention to the campaign (Angerer
et al. 2017; Dorfleitner et al. 2018). Block et al. (2018a), Bade and Walther (2021) and
Hornuf and Schwienbacher (2018) find a positive relation between updates and the suc-
cess of the crowdfunding campaign. However, Block et al. (2018a) also show that the
investor reaction depends on the content of the updates and that some types of updates,
such as those on external certification, are even followed by fewer investments.

To the best of our knowledge, we are the first to investigate how the number of
updates and their content are related to post-offering success. To be a quality signal,
the number of updates should be associated with a lower risk of failure. We therefore
formulate the following hypothesis:

Hypothesis 5 (H5): A higher number of updates is associated with a lower risk of
failure.

Additionally, we examine whether different types of updates have different effects
on the probability of failure.
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Data and variables

In this section, we introduce our data set and variables and present descriptive statis-
tics. The information on signals and the characteristics of the startups used in our model
have been taken from the respective campaign page on Companisto’s website. We used
the website of the “Bundesanzeiger”’ as a source to obtain the legal form, the date of
foundation and, where available, the date of the startup’s failure.

As the first step, all campaigns that are listed on the platform and ended before
May 1, 2019 (before Companisto changed its focus to more sophisticated investors)
were included. Of these 105 campaigns, we excluded two real-estate projects and one
film project. Six campaigns were lending-based, while the other 96 used equity-based
crowdfunding. To ensure comparability, we included only equity-based crowdfunding
campaigns in our analysis. Of these 96 campaigns, seven failed to reach the necessary
funding threshold, resulting in the termination of the campaign. We included only the
89 successfully funded campaigns in the regression models discussed in the following
sections. Furthermore, one campaign was removed due to missing values. On average,
the considered startups were 2.98 years old with a standard deviation (SD) of 3.42 when
the campaign ended and had collected €550,000 (SD: €770,000) from 729 investors (SD:
393).

In the second step, we manually collected information that can be used by investors as
signals for each startup from its respective campaign website. Table 2 contains the vari-
able definitions. Table 3 presents descriptive statistics and a t-test comparison between
startups that failed and those that did not fail until the end of the observation period.>

In particular, we consider whether the CEO has stated that they hold a univer-
sity degree (Degree), the equity stake offered (Equity offered), whether the startup has
indicated that it is backed by investors who it classified as professional in the cam-
paign description (Reputable investor backing), the number of investments over €5,000
(#InvestSk), and the number of updates (#Updates).

To further break down the results and perform robustness checks, we include addi-
tional variables. Reputable investor backing is subdivided into backing by BAs (BA back-
ing), VCs (VC backing), and other investors such as development banks (“Férderbanken”)
or well-established companies (Other investor backing). We also collect the number of
backers from each category (#BA, #VC, and #Other investors). Since the ventures them-
selves decide whether supporters are classified as professional, we refer to the reputable
investors listed by the startups for indicating endorsement as professional investors in
the campaign description. In addition, the number of actual investments made by cor-
porations (as opposed to private investors) over the course of the campaign is used as a
proxy for the professional support provided over the funding period (#Corporate invest-
ments). We determine whether an investment is made by a corporation based on the

! The “Bundesanzeiger” is an official journal in which companies must disclose relevant information on, for example,
foundation dates and changes in the legal form (“http://www.bundesanzeiger.de” and “http://www.unternehmensregister.
de”). In addition, we used the business research site “http://www.northdata.de” and a data set provided by Crowdinvest
for control purposes and compared the insolvency information with Companisto’s data on failed startups on the cam-
paign sites. See(BMJV (2020a, 2020b), Companisto (2020), Crowdinvest (2020), and North Data (2020).

2 Note that we exclude all campaigns that failed to pass the financing threshold throughout the analysis. However,
including failed campaigns and an additional dummy as control yields qualitatively similar results in all models.
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H1
H2
H3

H4

H5

Dependent variable
Failure

Explanatory variables
Degree

Equity offered

Reputable investor backing
BA backing

VC backing

Other investor backing
#BA

#VC

#Other investors
#Corporate Investments
#Invest5k

#Invest5k corporate
#Invest5k private
#Updates

#Updates business development
#Updates business model

#Updates campaign development

#Updates cooperation projects
#Updates external certification

#Updates new funding
#Updates product development

#Updates promotions

#Updates team
#Updates other
Control variables

Start campaign

Venture age
Positive sales
#Investors
Funding amount
Target attainment
Big city

Business value

Industry experience

Management size
Entrepreneurial company
Follow-up campaign

1 =startup failed during the observation period

1 =CEO states to hold a university degree

Equity offered in the campaign [in percentage points]
1 =startup states to be backed by reputable investors
1 =startup states to be backed by business angels

1 =startup states to be backed by venture capitalists

1 =startup states to be backed by other investors
Number of business angels listed as supporters
Number of venture capitalists listed as supporters
Number of other investors listed as supporters
Number of investments made by corporations during the campaign
Number of investments > €5,000

Number of investments by corporations > €5,000
Number of investments by private individuals > €5,000
Number of updates during the campaign

Based on Block et al. (2018a): Thereof the number of updates that con-
tain information on ...

... financial development of the startup and its customer base

... the business model, the relevant market, or future business orienta-
tion

... campaign updates or announcements that the funding limit has
been changed

... about new collaborations the start-up engaged in

... expert opinions, success stories, news about awards received, patent
applications, patent approvals as well as press and media coverages

... additional funding from business angels, venture capitalists or
government grants

... the product, target costumers, prototypes, or new product inven-
tions

... promotions the crowd may receive, open calls to participate via
social media, invitations for personal meetings and appeals to inves-
tors to support the startup

... the entrepreneurial team (education, previous work experience)
Number of updates that do not fit in one of the previous categories

Start of the campaign, measured in years since the launch of Compa-
nisto

Age of the startup at the end of the campaign [in years]

1 =the startup reported positive sales before campaign start
Number of investors

Amount of capital raised [in € million]

Ratio of collected to demanded funding amount

1 =venture is located in a city with more than a million inhabitants
Pre-money valuation of the venture [in € million]

1 =the CEO states to have work experience in the industry of the
startup

Number of members in the entrepreneurial team
1 =legal form is UG (haftungsbeschrankt)
1 =the venture already ran a campaign on Companisto before

This table presents the definitions of variables. The categorization of updates is based on Block et al. (2018a)
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Table 3 Descriptive statistics

Mean SD Minimum Maximum t-test

Dependent variable
Failure 043 0.5 0 1 -
Explanatory variables

H1 Degree 0.8 041 0 1 —0.06

H2 Equity offered 1253 6.96 2 38 —0.25

H3 Reputable investor backing 0.74 044 0 1 —-0.14
BA backing 0.64 048 0 1 —0.05
VC backing 0.17 0.38 0 1 0.07
Other investor backing 0.22 041 0 1 —0.1
#BA 22 3.65 0 30 1.03
#VC 032 084 0 4 0.09
#Other investors 0.28 0.59 0 2 —0.04
#Corporate Investments 8.95 5.58 0 26 1.84

H4 #Invest5k 20.85 27.62 0 143 2.25
#Invest5k corporate 1.26 154 0 6 0.19
#Invest5k private 19.63 26.83 0 137 201

H5 #Updates 843 4.63 2 26 —0.76
#Updates business development 1.77 1.91 0 12 — 1.04%**
#Updates business model 0.66 0.79 0 5 —-0.23
#Updates campaign development 1.53 149 0 7 0.68**
#Updates cooperation projects 0.93 1.21 0 6 0.07
#Updates external certification 0.5 0.96 0 4 0.23
#Updates new funding 0.35 077 0 4 -0
#Updates product development 09 1.36 0 6 —0.05
#Updates promotions 0.9 1.39 0 9 0.09
#Updates team 0.27 056 0 2 0.17
#Updates other 061 1.15 0 7 —0.57**
Control variables
Start campaign 324 1.88 0 6.5 —].2%*
Venture age 2.98 343 0.07 17.3 —1.23*
Positive sales 0.84 0.37 0 1 0
#lnvestors 727.8 393.2 204 2276 88.5
Funding amount 0.55 0.77 0.04 5 —0.08
Target attainment 0.88 045 0.08 25 —0.12
Big city 0.66 048 0 1 0.09
Business value 4.65 7.71 0.65 50 —0.84
Industry experience 048 0.5 0 1 —0.19*
Management size 423 1.73 2 10 —0.08
Entrepreneurial company 0.08 027 0 1 0.09
Follow-up campaign 0.08 027 0 1 0

This table presents mean, standard deviation (SD), minimum and maximum of each of the variables in the sample. The
column “t-test” contains the difference of means of startups that fails and startups that did not fail during the observation
period. The stars indicate the significance of this difference according to Welch's t-test (*p < 0.1; **p < 0.05; ***p < 0.01).
For #Invest5k corporate and #Invest5k corporate 87 observations were available. The number of observations of all other

variables is 88. The categorization of updates is taken from Block et al. (2018a)

Page 12 of 30
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BD - business development
BM - business model

CD - campaign development
CP - cooperation projects

EC - external certification

NF - new funding

PD - product developement
P - promotions

T - team

O - others

Fig. 1 Pie chart of update categories. This graphic depicts the distribution of updates across the categories
as defined by Block et al. (2018a). The numbers represent the number of updates. The total number of
updates is 742

names provided by the investors.? Using this method, we include the number of corpo-
rate investments that exceeded €5,000 (#InvestSk corporate) and the number of those
made by private investors (#InvestSk private). Finally, we differentiate the updates based
on their content by grouping them into ten different categories, which we defined as
indicated in Block et al. (2018a), to ensure comparability. Figure 1 shows the shares of
each category of the total 742 updates during the 88 considered campaigns.
Additionally, we selected control variables based on the literature on post-offering pre-
sented in Section “Offering and post-offering success”* The venture’s pre-money valua-
tion (Business value), the number of team members (Management size), and the age of
the startup at the end of the campaign (Venture age) control for the liability of small-
ness and that of newness. We further consider whether the startup is located in a city
with more than one million inhabitants (Big city), as access to investors and talented
employees is likely to be much easier there. Moreover, we include the legal form. The
founders of a so-called “UG” (Entrepreneurial company) are liable with a significantly
lower amount compared to those of a “GmbH” (limited liability company) or “AG” (pub-
lic limited company). We control for founder experience by including a dummy variable
that equals 1 if the CEO has indicated work experience in the industry of the startup
(Industry experience).® Positive sales indicates the startup’s economic performance and
is assigned a value of 1 if the startup states that it has generated sales before the launch
of the campaign. We also consider whether the startup had already run a campaign on
Companisto, as this could indicate a lack of interest from other professional investors

» o«
’

3 Specifically, we filtered the names by legal forms such as “GmbH’, “GbR” or “AG’, and other expressions that indicate
that the investment was made by a corporation, such as “holding” or “venture”.

4 Note that most studies use different combinations of controls. For example, Hornuf et al. (2018) control for trade-
marks and patents and the average age of the senior management, while Cumming et al. (2019) include a dummy
variable on whether the company owns or is filing patents. However, all of these yield insignificant coefficients, which
is why we do not include them in our analysis.

% We also tested for the effects of the CEQ’s experience in founding or developing a startup and whether the CEO had

already achieved a successful exit. However, these variables yield insignificant effects, which is why we do not report
them.
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Table 4 Overview on failures and exits by year

Year (y) # campaigns that start  # failures iny # active startups atthe  #exitsiny
iny end of y
2012 6 0 6 0
2013 17 0 23 0
2014 10 4 29 0
2015 13 3 39 2
2016 18 2 55 4
2017 1 9 57 1
2018 13 1 59 2
2019 0 6 53 0
2020 0 3 50 0

(Follow-up campaign). In addition, a successful campaign might be seen as a positive
signal in itself. Successful campaigns may help the startup attract the interest of profes-
sional investors and customers, which ultimately reduces the likelihood of failure. There-
fore, the number of investors (#Investors), the amount of financing received (Funding
amount), and the ratio of collected to demanded funding amount (Target attainment)
are considered as measures of the success of the campaign. Furthermore, we control for
the timing of the campaign by including the variable Start campaign. This variable meas-
ures the time difference between the start of the campaign and the launch of Compa-
nisto in years. It controls for timing-related changes in the risk of failure. In addition, in
the logit model, it controls for the fact that startups with crowdfunding campaigns that
started later had less time to fail. The highly significant difference of — 1.2 years in Start
campaign between the startups that failed and those that did not (see t-test in Table 3)
highlights the importance of including it in the logit regressions.

In addition, to control for company characteristics, we include industry dummies
derived from Companisto’s categorization of industries. Since these are very specific,
we group them into the following categories: Apps and Software (30), Engineering (22),
Lifestyle (24), Retail and E-Commerce (24), Transport and Tourism (10), and Other (7).
The number of ventures in each category is stated in parentheses. Note that the same
startup can be classified under several categories.

As a final step, we collected data on venture insolvencies until October 2020. Up to
this point, 38 (43.2%) financed startups had failed, while 9 (10.2%) had exited.® Table 4
indicates the annual numbers of these two events and the number of startups that are
still active at the end of each year. It also shows the different start dates of the campaigns,
which result in different observation periods. The implications for the statistical meth-
ods used are discussed in more detail in the next section. Furthermore, due to the low
number of exits, the analysis in the next section is limited to startup failures.

To provide an initial overview on post-offering success, we estimate the probability of
failure and exit over time by using the cumulative incidence function, which takes into
account the different lengths of the observation periods (Kalbfleisch and Prentice 1980).

Using the described approach, we estimate the median survival time of the start-
ups’ and the probability of failure after eight years to be 58 months and 63.4%,

® The information about whether an exit occurred was taken from Companisto and the data platform Crowdinvest
(2020).

7 The estimated median survival time is the number of months at which the estimated probability of failure is 50%.
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1.0

—— Failure
"""" Exit

0.8

0.6

estimated probability
0.4

0.0

months after end of campaign
Fig. 2 Cumulative incidence functions of insolvencies and exits. The functions depict the estimated
probability of the event have taken place until the end of the respective month after the successful
crowdfunding campaign

respectively (Fig. 2). This exceeds both the failure rates of startups with venture capital
support and those of startups in general (Puri and Zarutskie 2012). The probability of
an exit in the period under consideration is estimated to be much lower at 13%. These
numbers highlight the importance of failures for the financial success of crowdfunding
investments. Our study investigates which signals are associated with a lower risk of fail-
ure. It thus helps investors mitigate a complete loss of their investment. Furthermore,
platforms and entrepreneurs can use validated signals to avoid adverse selection and
market failure.

Methods

To investigate the relationship between survival probability and signals, we use logit
models and Cox regression models (Cox 1972). The dependent variable in the logit
regression is Failure, which indicates whether a startup has failed during the observation
period. Logit analysis does not optimally use the censored data because it ignores the
temporal structure. It treats failures after one year in the same way as it treats failures
after eight years. However, although using a logit model leads to information loss, and
therefore, loss of statistical power and precision, it may provide an easily understandable
and good impression of the factors influencing the probability of failure. It is also helpful
in comparing our results with those of other studies.

Cox regression is a semi-parametric procedure often used in clinical studies to
investigate the association between survival time and predictor variables. The prob-
ability that an event will occur at a certain time is called the hazard, and the ratio of
two time-dependent hazard functions is called the hazard ratio. In the present study,
the considered hazard is a startup’s failure. A hazard ratio below 1 indicates a covari-
ate that is negatively related to the probability of failure, and thus, has a positive influ-
ence on venture success. The model by Cox (1972) is also called the proportional hazard
model because it is based on the assumption that hazard ratios are constant over time
(Hougaard 2000). We test this assumption using the Schoenfeld test (see Grambsch and
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Table 5 Overview on failures and censored data by years since the start of the campaign

Year since # startups #failuresiny Percentage  #failures # censored # censored

start of that survived of failed until theend startups startups until

campaign (y) until the start startupsiny ofy iny the end of y
ofy

1 88 2 2.27 2 0 0

2 86 12 13.95 14 2 2

3 72 1" 15.28 25 13 15

4 48 4 833 29 7 22

5 37 5 13.51 34 1 33

6 21 2 9.52 36 4 37

7 15 2 1333 38 4 41

The first column contains the number of years since the start of the crowdfunding campaign. The third column shows the
number of failures in year y, implying that two startups failed during the first year after the start of their campaign. In the
next column, the ratio of these failures to the number of startups (column 2) is given. Column 5 contains the aggregated
number of failures until the end of y. Censored startups during each year are given in column six. The last column presents
the aggregated number of censored startups until the end of y

Therneau 1994). The advantage of Cox regression is that it considers the time until an
event occurs and thus better utilizes the censored data.

To explain and illustrate the occurrence of censored data in our data set, Table 5 pre-
sents the number of available startups for each survival time in years. In the first months
of the first year, all 88 startups can be considered. A total of 14 startups failed in the
first two years after their respective campaigns started. The campaigns of two startups
started less than two years before the end of our observation period, which is why they
are censored when survival times of over two years are considered. After six years, 36
startups failed and 37 startups were censored, because their campaigns started less than
seven years before the end of the observation period. Therefore, only 15 startups are
considered when analyzing survival times of seven or more years. Cox regression com-
pares startups that failed after a certain number of months with startups that survived at
least that many number of months under the assumption of proportional hazards. The
logit regression only distinguishes between startups that failed or did not fail during the
observation period, regardless of the time passed since the start of their campaign. We
use the variable Start campaign to control for the fact that startups whose campaigns
started earlier had more time to fail. However, because Cox regressions are designed to
use censored data, logit regression results should be interpreted primarily as robustness
checks.

In logistic and Cox regressions, the number of events occurring is decisive for the
potential number of variables to be tested (Vittinghoff and McCulloch 2007). Because
our data set only contains 38 insolvencies, we keep the number of signals and control
variables low. First, we estimate and report a model including all variables and controls
(full model) using Cox regression. Then, we exclude variables in a stepwise manner, so
that the Akaike information criterion (AIC) is minimized but all the variables of interest
for our hypotheses are included. We report the resulting model with minimal AIC. Fur-
thermore, we include the corresponding logit model. In addition, we report the results
for the full model without industry dummies.
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Table 6 Base model

Parameters Full model No industry dummies  Minimal AIC  Logit

Degree (H1) 040 (0.64) 0.31**(0.56) 0.32** (0.48) —0.13(0.12)
Equity offered (H2) 0.89%** (0.04) 0.90*** (0.04) 0.90*** (0.04) —0.02** (0.009)
Reputable investor backing (H3) ~ 0.65 (0.53) 0.53(0.47) 047 (0.46) —0.25**(0.12)
#Invest5k (H4) 1.04** (0.02) 1.04*** (0.01) 1.04*** (0.01) 0.01** (0.005)
#Updates (H5) 02 (0.05) 1.02 (0.05) 1.01 (0.04) 0.006 (0.01)
Start campaign 09 (0.16) 0.97 (0.14) —0.09%** (0.03)
Venture age 0.85(0.13) 0.89(0.12)

Positive sales 00 (0.56) 1.07 (0.51)

#Investors 00 (0.00) 1.00 (0.00)

Funding amount 0.77 (0.97) 0.94 (0.80)

Target attainment 0.54 (0.57) 0.43(0.52) 0.35**(0.47) —0.29%*(0.13)
Big city 0.69 (0.55) 0.68 (0.52)

Business value 0.94 (0.08) 0.94 (0.07) 0.90** (0.05) —0.029% (0.02)
Industry experience 0.51*(0.39) 0.56 (0.38) 0.52* (0.37) —0.22**(0.09)
Management size 0.92 (0.15) 91 (0.14)

Entrepreneurial company 2.75% (0.60) 3.03*(0.58) 3.09** (0.55) 0.35* (0.19)
Follow-up campaign 5.09** (0.81) 464* (0.81) 3.03(0.72) 0.14 (0.16)
Industry dummies Yes No Yes Yes
Observations 88 88 88 88
Concordance 0.750 0.715 0.716 0.809

R? 0.105 0.089 0.083 0.288

The values in the first three models of the table are the estimated hazard ratios, the standard errors of the natural logarithm
of the hazard ratios are given in parentheses. The full model includes all variables. In “no industry dummies” industry
dummies are excluded. “Minimal AIC" represents a model obtained by stepwise exclusion of variables, so that the AIC is
minimized but all variables of interest for our hypotheses are included. “Logit” contains the estimated AMEs (standard errors
in parentheses) using a logit model and the variables of Minimal AIC plus Start campaign. We use McFadden’s R-squared for
the Cox models and Tjur’s R-squared for the logit model. Number of events: 38 failures

" p<0.1; **p <0.05; ***p < 0.01

Results

In this section, we present the results according to the hypotheses. Table 6 reports the
results of the base model. As explained above, we show the results of the full model
using all the variables, the model without industry dummies, the model with minimal
AIC, and the corresponding logit model. The logit model always includes the control
variable Start campaign. To enable interpretation in percentage points, the column
“Logit” provides the average marginal effects. The AME of a variable is computed
as the average of its marginal effect for each observation. Thus, it provides an esti-
mate of the average impact of a one-unit change in the variable on the probability of
failure. We further report Tjur’s R-squared (Tjur 2009) and concordance to quantify
the quality of fit of the logit models. Concordance is defined as the probability of the
prediction going in the same direction as the actual data (Harrell et al. 1996). In our
model, a pair of observations is considered concordant if the startup with the higher
estimated probability of failure fails and the other does not. The pair is considered
discordant for the vice-versa. Concordance is calculated as the fraction of concord-
ant pairs, meaning that a value of 0.5 corresponds to random guesses. According to
Therneau and Atkinson (2020), it is the most used measure of goodness-of-fit in sur-
vival models.
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The fit of the Cox regressions is quantified using the concordance and McFadden’s

R-squared (McFadden 1987). This pseudo R-squared is calculated as 1 — {25&;;, where

log(L1) and log(Lo) depict the log-likelihood of the considered model and log(Lo) the
log-likelihood of a model with only an intercept. The values of R-squared in our mod-

els range from 0.083 to 0.105 and are thus comparable to the pseudo R-squared value
of 0.077 reported by Hornuf et al. (2018). Furthermore, all the concordances exceed
0.7, indicating a good fit. In the logit model, Tjur’s R-squared is relatively high with a
value of 0.288, compared to the pseudo R-squared value of 0.13 in Hornuf et al.
(2018). This is similar to the pseudo R-squared value of 0.33 reported by Signori and
Vismara (2018).® The concordance of approximately 0.8 also indicates that the model
is a good fit.

The estimated hazard ratios appear to be stable across all three Cox models. This sug-
gests that no major problems occur due to a low number of events per variable. Further-
more, the Schoenfeld test using the model with minimal AIC yields a p-value of 0.25,
and the Schoenfeld residuals for each variable do not show a pattern in time. This indi-
cates no significant violation of the proportional hazard assumption.

University degree (H1)

We find evidence for H1, i.e. the positive influence of the CEO’s university degree. The
estimated hazard ratio for Degree (H1) ranges from 0.31 to 0.40 and is statistically signif-
icant in the model with minimal AIC. The values imply that the risk of failure for start-
ups, which indicated their CEO’s university degree during the crowdfunding campaign,
are 60 to 69% lower than for the startups that did not signal a degree. In the logit regres-
sion, the AME amounts to —0.13, which also implies that indicating a degree is likely to
reduce the risk of failure. However, the effect is statistically insignificant, which can be
partly attributed to the high information loss caused from not using the temporal struc-
ture of our long data set.

Interestingly, and contrary to the findings of Piva and Rossi-Lamastra (2018) on inves-
tor behavior, we do not find a special influence of an economics degree. This could
be interpreted to mean the experience and networks acquired during the educational
period are more important for avoiding failure than the acquired economic skills them-
selves.” However, in this study, we only capture the education of the CEO as the most
important actor. In future studies with more data, more human capital signals can be
investigated as potential quality signals.

Note that we use Industry experience, which indicates if the CEO has stated that they
have work experience in the industry of the startup, as a control variable. Industry expe-
rience is associated with a smaller risk of failure in the Cox and logit regressions, indicat-
ing that industry experience may be a relevant signal of venture quality.

8 Note that Hornuf et al. (2018) or Signori and Vismara (2018) do not state which R-squared they use. As McFadden’s
R-squared is the default in Stata, we assume it is McFadden’s R-squared. The R-squared values according to McFadden
for our models are larger than the corresponding values of Tjur’s R-squared and also exceed the value of 0.13 reported by
Hornuf et al. (2018).

® To test for an additional effect of an economics degree, we run the AIC-minimizing regression by adding of a dummy
variable that indicates whether the CEO holds an economics degree. The corresponding coefficient is insignificant with a
high p-value of over 0.75.
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Equity offered (H2)

The estimated hazard ratios of Equity offered (H2) are statistically significant and range
from 0.89 to 0.90. This means that an increase in equity shares offered by one percent
point yields a reduction of 10% in risk of failure. Since the SD of Equity offered is 6.96,
an increase of one SD would thus reduce the risk of failure by approximately half. The
effect, therefore, is of high economic significance. The logit model shows a similar effect.
The AME amounts to —0.02, implying that increasing the equity share offered by one
percent point reduces the probability of failure by over two percentage points on aver-
age. We can, therefore, reject H2, i.e. the positive influence of low equity stakes offered
on venture success, and we find an effect in the opposite direction, which is statistically
significant in all logit and Cox regressions. This contradicts the findings of Cumming
et al. (2019) for data from the UK that a smaller level of equity offered in the crowdfund-
ing campaign is positively linked to the likelihood of success and negatively linked to
the probability of failure. They conclude that the increased interest alignment between
controlling shareholders and investors, which is measured by retained equity, reduces
the probability of failure. Their result suggests that investors can reasonably interpret
low offered participation rates as a positive signal. However, our findings using Ger-
man data indicate a significant effect in the opposite direction. Therefore, crowdfund-
ing investors in Germany should not interpret low offered participation rates as a signal
for a higher probability of survival. Note that Hornuf et al. (2018) report a significant
positive effect of shares offered on survival probability in an additional specification of
their model as well. Interestingly, their data set contains 65% campaigns from UK por-
tals, for which Cumming et al. (2019) found opposite effects in a later study. Our find-
ing indicates that the difference in results between Hornuf et al. (2018) and Cumming
et al. (2019) could be explained by the fact that the equity shares offered in Germany
play a different role than in other countries. This may be because a special feature of
the German equity-based crowdfunding market is the usage of mezzanine capital, such
as participatory loans (“partiarische Darlehen”), instead of shares, which does not dilute
the founders’ voting rights via crowdfunding. Furthermore, offering a high equity stake
also means that, after financing, a high proportion of the venture value consists of liquid
funds, which should help avoid illiquidity in subsequent years.

Reputable investor backing (H3)

We cannot confirm H3, i.e. the positive effect of reputable investors supporting the ven-
ture before the campaign, even though the logit model suggests a significant positive
effect. However, although the hazard ratios are below one in all the regressions, they
are statistically insignificant. This may partly be due to the small sample size or variance
inflation emerging from the correlations between independent variables. However, there
are other possible explanations. First, reputable investors might specifically select ven-
tures that have a higher risk of failure but can potentially yield higher returns if they sur-
vive (Capizzi and Carluccio 2016). Second, and in line with Mollick and Nanda (2015),
who find no significant differences between projects that are only funded by the crowd
and those that are also selected by experts, the crowd might be equally good (or bad) at
separating good from bad projects.
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Table 7 Model including backing by different reputable investor types
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Parameters Full model No industry dummies Minimal AIC Logit

Degree 0.33(0.69) 0.27**(0.59) 0.37*(0.53) —0.01(0.12)
Equity offered 0.89** (0.05) 0.91** (0.04) 0.92** (0.03) —0.01(0.008)
BA backing 0.85(0.51) 0.69 (0.48) 0.82 (048) 4(0.11)
VC backing 3.14** (0.58) 2.08 (0.54) 3.22**(0.53) 0.25**(0.12)
Other investors backing 0.98 (0.65) 0.83 (0.59) 0.87 (0.59) —0.03(0.13)
#Investsk 1.04** (0.02) 1.04***(0.01) 1.02***(0.01) 0.005™ (0.003)
#Updates 0.99 (0.05) 1.00 (0.05) 0.99 (0.05) 0.0008 (0.01)
Start campaign 07 (0.16) 0.94 (0.15) —0.07***(0.03)
Venture age 0.81(0.15) 0.88 (0.13) 0.80%* (0.12) —0.04 (0.025)
Positive sales 0.93 (0.58) 0.98 (0.52)

#Investors 00 (0.00) 1.00 (0.00)

Funding amount 0.67 (1.09) 0.81(0.84)

Target attainment 0.76 (0.55) 0.52(0.51)

Big city 0.61 (0.55) 0.61 (0.54)

Business value 0.95 (0.08) 0.95(0.07)

Industry experience 0.55(0.39) 0.62 (0.37) 0.55(0.37) —0.21**(0.09)
Management size 0.89 (0.13) 0.91 (0.13)

Entrepreneurial company 3.36% (0.63) 3.60** (0.59) 2.55%(0.55) 0.27 (0.17)
Follow-up campaign 3.64 (0.85) 3.08 (0.87)

Industry dummies Yes No Yes Yes
Observations 88 88 88 88
Concordance 0.776 0.720 0.752 0.812

R? 0.116 0.090 0.096 0.291

The values in the first three models of the table are the estimated hazard ratios, the standard errors of the natural logarithm
of the hazard ratios are given in parentheses. The full model includes all variables. In “no industry dummies” industry
dummies are excluded. “Minimal AIC" represents a model obtained by stepwise exclusion of variables, so that the AIC is
minimized but all variables of interest for our hypotheses are included. “Logit” contains the estimated AMEs (standard errors
in parentheses) using a logit model and the variables of Minimal AIC plus Start campaign. We use McFadden’s R-squared for
the Cox models and Tjur’s R-squared for the logit model. Number of events: 38 failures

" p<0.1; **p <0.05; ***p < 0.01

To examine whether backing by different types of professional investors has different
effects on failure rates, Tables 7 and 8 present regression results with a finer categoriza-
tion into BAs, VCs, and other investors. In Table 7, we examine whether the startup is
backed by investors from the respective category using dummy variables. In Table 8, we
consider the number of investors backing the startup.

While backing by BAs appears to have a positive effect on the risk of failure, backing
by VCs is associated with a higher risk of failure. The negative effect of VCs on startup
survival is in line with the finding of Hornuf et al. (2018) that the number of initial VC
investors is negatively related to firm survival.

Note that we also tested whether the number of actual investments by corporations
during the crowdfunding campaign affects the risk of failure. However, there is no sig-
nificant effect, which is why we have not reported the regression results.

Large investments (H4)

H4, i.e. the positive effect of large investments on venture success, can be rejected as
well. In all the regressions, we find hazard ratios above one, which are statistically signifi-
cant, implying that large investments are positively related to the probability of failure,
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Table 8 Regression model including the number of reputable investors backing the startup by type

Parameters Full model No industry dummies Minimal AIC Logit

Degree 0.35%(0.62) 0.25**(0.55) 0.28*** (0.48) —0.19(0.12)
Equity offered 0.86*** (0.06) 0.89** (0.05) 0.88*** (0.04) —0.02** (0.009)
#BA 0.93 (0.05) 0.97 (0.04) 0.98 (0.04) 0.02(0.03)
#VC 1.58 (0.30) 1.34(0.27) 1.38 (0.26) 0.08 (0.06)
#Other investors 1.57 (0.40) 1.33(0.37) 1.45(0.36) 0.08 (0.08)
#lnvest5k 1.05%**(0.02) 1.04*** (0.01) 1.04*** (0.01) 0.01** (0.005)
#Updates 0.97 (0.06) 0.99 (0.05) 0.99 (0.05) —0.0025 (0.01)
Start campaign 1.10(0.17) 0.94 (0.15) —0.07***(0.03)
Venture age 0.72* (0.19) 0.85 (0.14) 0.85 (0.13) —0.02(0.03)
Positive sales 1.00 (0.58) 1.09 (0.52)

#Investors 1.00 (0.00) 1.00 (0.00)

Funding amount 1.09 (1.07) 1.00 (0.87)

Target attainment 0.48 (0.64) 0.40 (0.56) 0.48 (0.54) —0.26** (0.13)
Big city 0.57 (0.55) 0.60 (0.54)

Business value 0.89(0.09) 0.90 (0.08) 0.90 (0.06) —0.03(0.02)
Industry experience 0.50* (0.39) 0.62 (0.36) 0.56 (0.36) —0.20%* (0.09)
Management size 0.90 (0.15) 0.91(0.14)

Entrepreneurial company 2.97*(0.61) 3.51%*(0.58) 2.96* (0.57) 0.37**(0.18)
Follow-up campaign 6.04** (0.82) 451%(0.79) 4.26%%(0.73) 0.09 (0.18)
Industry dummies Yes No Yes Yes
Observations 88 88 88 88
Concordance 0.773 0.731 0.757 0.815

R? 0.120 0.091 0.104 0.306

The values in the first three models of the table are the estimated hazard ratios, the standard errors of the natural logarithm
of the hazard ratios are given in parentheses. The full model includes all variables. In “no industry dummies” industry
dummies are excluded. “Minimal AIC" represents a model obtained by stepwise exclusion of variables, so that the AIC is
minimized but all variables of interest for our hypotheses are included. “Logit” contains the estimated AMEs (standard errors
in parentheses) using a logit model and the variables of Minimal AIC plus Start campaign. We use McFadden’s R-squared for
the Cox models and Tjur’s R-squared for the logit model. Number of events: 38 failures

" p<0.1; **p <0.05; ***p < 0.01

and thus, negatively to venture success. #lnvest5k significantly increases the probability
of failure by approximately 4% per additional large investment in all models. Consider-
ing that the SD of #Invest5k of 27.62, this effect is economically significant as well, as an
increase by one SD roughly triples the risk of failure. The effect is consistent with the
positive and significant AME in the logit model.

Imitating investors who have invested high amounts thus does not seem worthwhile.
A possible explanation might be that some of these investors do not have financial
motives at all because they could be part of the founders’ personal network (“friends
and family’, see Agrawal et al. 2015). Another explanation is that large investments
might be used strategically to induce herding behavior via information cascades (Vis-
mara 2018a). This may dilute or even reverse the signal of large investments. Fur-
thermore, large investments by a single investor could signify high risk tolerance. In
such cases, these investors could deliberately select particularly risky projects which,
if successful, would yield exceptionally high returns. Future research could test this
explanatory approach, for example, by investigating whether large investments are
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Table 9 Model with differentiation between large private and corporate investments

Parameters Full model No industry dummies Minimal AIC Logit

Degree 041 (0.65) 0.31**(0.56) 0.35**(0.47) —0.11(0.13)
Equity offered 0.89*** (0.04) 0.90*** (0.04) 0.91** (0.04) —0.02**(0.01)
Reputable investor backing 0.66 (0.53) 0.53(0.47) 0.51(0.45) —0.23*(0.12)
#Invest5k private 1.04** (0.02) 1.04** (0.02) 1.04*** (0.01) 0.01** (0.006)
#Invest5k corporate 1.05 (0.18) 1.01(0.16) 1.04 (0.14) 0.02 (0.04)
#Updates 1.01 (0.05) 1.02 (0.05) 0.99 (0.04) 0.003 (0.01)
Start campaign 1.11(0.16) 0.97 (0.14) —0.08*** (0.03)
Venture age 0.85 (0.13) 0.89(0.12)

Positive sales 1.00 (0.56) 1.07 (0.51)

#Investors 1.00 (0.00) 00 (0.00)

Funding amount 0.76 (0.98) 0.91(0.81)

Target attainment 0.55(0.57) 044 (0.52) 0.41%* (0.46) —0.29%*(0.13)
Big city 0.70 (0.55) 0.69 (0.52)

Business value 0.94 (0.08) 0.94 (0.07) 0.92* (0.05) —0.03* (0.02)
Industry experience 0.50* (0.40) 0.56 (0.38) 0.51*(0.37) —0.22**(0.09)
Management size 0.91(0.15) 0.91(0.14)

Entrepreneurial company 2.69 (0.62) 2.96% (0.59) 2.85%(0.55) 0.34% (0.19)
Follow-up campaign 4.99**(0.81) 4.68*(0.82)

Industry dummies Yes No Yes Yes
Observations 87 87 87 87
Concordance 0.750 0.720 0.707 0.807

R? 0.105 0.089 0.075 0.275

The values in the first three models of the table are the estimated hazard ratios, the standard errors of the natural logarithm
of the hazard ratios are given in parentheses. The full model includes all variables. In “no industry dummies” industry
dummies are excluded. “Minimal AIC" represents a model obtained by stepwise exclusion of variables, so that the AIC is
minimized but all variables of interest for our hypotheses are included. “Logit” contains the estimated AMEs (standard errors
in parentheses) using a logit model and the variables of Minimal AIC plus Start campaign. We use McFadden’s R-squared for
the Cox models and Tjur’s R-squared for the logit model. Number of events: 38 failures

" p<0.1; **p <0.05; ***p < 0.01

positively related to the exit probability or the returns in the event of an exit (and thus
the overall expected return).

Table 9 presents the results of the regressions in which we differentiated large
investments made by corporations (as a proxy for professional investors) and those
by private individuals. Large investments by corporations, on average, still have a
negative effect. However, it is statistically insignificant with high p-values. Thus,
large investments by private individuals seem to be a negative signal; regarding large
investments by corporations, a clear conclusion cannot be drawn from the data.

Note that we ran several robustness checks. Defining large investments as investments
of at least €10,000 or 1% of the demanded funding amount and using the total amount of
investments of at least €5,000 yields qualitatively similar results.

Updates (H5)

#Updates has no significant effect in any of the regressions. The generally positive
crowd response to updates, as found in Hornuf and Schwienbacher (2018) and Bade
and Walther (2021), is not accompanied by a better post-offering performance. Thus, we
cannot confirm H5.
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Parameters Full model No industry dummies  Minimal AIC  Logit

Degree 0.89(0.81) 0.49 (0.66) 0.54(0.51) 0.052(0.12)
Equity offered 0.80*** (0.06) 0.82*** (0.05) 0.84*** (0.05) —0.03***(0.01)
Reputable investor backing 0.39(0.72) 043 (0.64) 041*(0.55) —027**(0.13)
#Invest5k 1.05 (0.03) 1.04 (0.02) 1.05*** (0.01) 0.01** (0.005)
#Upd. campaign development 1.41%*(0.14) 1.48*** (0.14) 1.37%%%(0.12) 0.11*** (0.03)
#Upd. business developments 0.69 (0.24) 0.70 (0.24) 0.66** (0.17) —0.05 (0.04)
#Upd. new funding 0.92 (0.36) 0.94 (0.34)

#Upd. cooperation projects 0.62 (0.30) 0.68 (0.24) 0.78 (0.19) —0.06* (0.04)
#Upd. ext. certification 2.11%*%*(0.27) 1.98*** (0.23) 2.11%*%(0.21) 0.11** (0.04)
#Upd. team 1.99 (0.44) 2.02%(0.38) 2.14%%(0.32) —0.035(0.08)
#Upd. business model 0.29**(0.51) 0.31***(0.44) 0.34*(0.35)  —0.11*(0.06)
#Upd. product development 1.26 (0.21) 1.19(0.16)

#Upd. promotions 1.31(0.19) 1.26 (0.18) 1.26% (0.14) 0.04 (0.03)
#Upd. others 0.69 (0.34) 0.82 (0.29)

Start campaign 1.38(0.21) 1.18(0.18) —0.08*** (0.04)
Venture age 0.98 (0.18) 0.99 (0.16)

Positive sales 2.26(0.74) 2.63(0.67) 2.36 (0.56) 0.31*%(0.14)
#Investors 1.00 (0.00) 1.00 (0.00)

Funding amount 0.64 (1.71) 1.14(1.52)

Target attainment 0.13**(0.81) 0.12%**(0.74) 0.13**%(0.59)  —048***(0.13)
Big city 141(0.73) 164 (0.69)

Business value 0.79%* (0.10) 0.79%** (0.09) 0.81%** (0.06) —0.04%*(0.02)
Industry experience 0.28** (0.58) 0.37**(0.49) 0.44* (0.43) —0.23**(0.10)
Management size 0.99 (0.19) 0.94 (0.18)

Entrepreneurial company 1.45(0.87) 1.50 (0.80)

Follow-up campaign 5.99* (1.05) 6.71* (1.07) 6.53**(0.78) 0.26 (0.17)
Observations 88 88 88 88
Concordance 0.846 0.846 0.824 0.888

R 0.189 0.192 0.176 0449

The values in the first three models of the table are the estimated hazard ratios, the standard errors of the natural logarithm
of the hazard ratios are given in parentheses. The full model includes all variables. In “no industry dummies” industry
dummies are excluded. “Minimal AIC" represents a model obtained by stepwise exclusion of variables, so that the AIC is
minimized but all variables of interest for our hypotheses are included. “Logit” contains the estimated AMEs (standard errors
in parentheses) using a logit model and the variables of Minimal AIC plus Start campaign. We use McFadden’s R-squared for
the Cox models and Tjur’s R-squared for the logit model. Number of events: 38 failures

"p<0.1; **p<0.05; ***p <0.01

However, by categorizing updates, Block et al. (2018a) find that the effect on investor
engagement also varies depending on the update’s content. To test whether the effects
on post-offering success are consistent with their findings on campaign success, we use
the same categorization of updates. The results are presented in Table 10.

Several variables are statistically significant. The number of updates on campaign
developments, external certification, team, and promotions is associated with a
higher risk of failure in the minimal AIC model. In contrast, the number of updates
on business developments, cooperation projects, and the business model is associ-
ated with a lower risk of failure. These results are consistent with the main conclusion
of Block et al. (2018a) who find that the crowd is particularly sensitive to business-
related information such as business development or cooperation projects. They also
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report a negative effect of updates on external certification on crowd participation.
However, crowd participation increases after an update on campaign development.
This contrasts our finding that a higher number of updates on campaign development
is associated with a higher risk of failure. This suggests that the crowd may be overly
influenced by campaign development, possibly resulting in herding behavior. The
number of updates on promotions and the team have a significant impact on post-
offering success but are insignificant in Block et al. (2018a).

Overall, updates on business-related information, such as business developments
and the business model, appear to be interpreted as positive signals regarding the risk
of failure. In contrast, the number of updates on external certification, promotions,
and the team is associated with a higher risk of failure and, therefore, should be con-
sidered as negative signals.

Note that we also ran the regression using the total number of updates and the per-
centages of updates for the respective type. The qualitative results are comparable.

Other variables

In addition to the variables relevant to the hypotheses, Venture age, Business value,
Target attainment, Follow-up campaign, Industry experience, and the legal form (Entre-
preneurial company) appear to be the most important factors. Younger and smaller ven-
tures are more likely to fail, which is in line with the liability of newness and smallness
discussed above. Ventures that have the legal form “entrepreneurial company,” on aver-
age, have a much higher risk of failure. Therefore, the choice of a legal form with low
liability appears to signal low venture quality. Startups, in which the CEO indicated that
they have experience in the industry of the startup, are less likely to fail. Thus, the indus-
try experiences of the CEO might be a signal of high venture quality. Furthermore, fail-
ure rates are higher if the venture has previously ran another crowdfunding campaign.
Multiple crowdfunding campaigns seem to signal low venture quality, as it could imply
a lack of interest from other investors. The other controls have statistically insignificant
effects.

Discussion
In this section, we discuss the implications and limitations of the results.

Implications

Our study investigates whether the crowd follows the correct signals, i.e. it examines
whether information that has an effect on campaign success is actually followed by a
higher post-offering success. We find that the crowd partly uses wrong signals.

First, we find that the total number of updates during the crowdfunding campaign has
no significant effect on the risk of failure. This indicates that investors should not con-
sider a high total number of updates as a quality signal. We find that the update’s con-
tent is decisive for its effect on the risk of failure. A higher number of business-related
updates is associated with a lower risk of failure. The number of updates on external
certification, promotions, and the team is associated with a higher risk of failure. These
results are reasonably consistent with crowd behavior as reported by Block et al. (2018a).
However, according to Block et al. (2018a), updates on campaign development increase
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crowd participation significantly. We find that a high number of such updates is asso-
ciated with a higher risk of failure. Thus, updates on campaign development increase
crowd participation by drawing attention to the campaign. Investors should, therefore,
prefer startups that use updates to communicate relevant business information over
startups that primarily try to draw attention to their campaign.

Second, the number of large investments during a campaign appears to have a nega-
tive effect on startup survival. This contradicts the positive effect of large investments on
the number of investments and their size on Companisto (Hornuf and Schwienbacher
2018; Walther and Bade 2020). Our finding indicates that large investments might have
led to information cascades and consequently, inefficient investments. Investors who
invest large amounts into a campaign may have non-financial motives as they may be
from the social network of the entrepreneurs. In this case, the large investment is not
from a sophisticated investor who has procured information and assessed the chances
of success as promising. Large investments can, therefore, be easily misinterpreted by
other crowdfunding investors. Our result emphasizes the importance of the regulation
of large investments to prevent information cascades. Misinterpretations of large invest-
ments could be reduced if platforms provide information on the level of sophistication
and (professional) investing experience of crowd investors. For example, platforms could
provide investors with the opportunity to state their profession. Furthermore, the max-
imum amount that may be invested could made dependent on the professionalism or
investment experience of the investor. However, limiting access to investment oppor-
tunities for less-sophisticated investors contradicts the notion of democratizing equity-
based crowdfunding (Cumming et al. 2021). Furthermore, strong regulations could
harm the ability of startups to bridge the early-stage funding gap and also reduce the
attractiveness of equity crowdfunding (Hornuf and Schwienbacher 2017). This harsh
measure should, therefore, only be taken if providing further information turns out to be
insufficient.

Third, we find that the percentage of equity shares offered is negatively related to the
probability of startup failure. This contradicts the recent finding by Cumming et al.
(2019), using data from the UK, that equity retention is positively related to post-offer-
ing success. As Companisto brokered participatory loans without voting rights instead
of shares, our contrary result suggests that the type of financial instrument used by the
crowdfunding platform is decisive for the behavior of risk of failure with respect to the
equity shares offered during the crowdfunding campaign.

Regarding updates on campaign development, large investments and equity shares
offered the crowd thus follows signals that lead to a worse subsequent performance.
These results challenge the wisdom of the crowd. Furthermore, it raises the question of
whether the screening carried out by the platform, the signaling performed by the start-
ups, and the wisdom of the crowd are enough for small private investors to overcome
information asymmetries. The high failure rates and the change in the focus of Compa-
nisto’s business model from mainly small investors to accredited investors highlight this
great challenge facing equity-based crowdfunding.

As for the other studied signals, the behavior of the crowd and post-offering success
appear to be aligned. Thus, credible signals that entrepreneurs can send include indicat-
ing their university degree, indicating relevant industry experiences, and not choosing a
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legal form with low liability. Backing by reputable investors, although statistically insig-
nificant in most of our models, might have a rather positive effect on post-offering suc-
cess. Obtaining (and stating) support from reputable investors might, therefore, not only
increase the crowd’s willingness to invest, but also have a positive effect on post-offering
success. For entrepreneurs, the effort of acquiring such supporters could, therefore, be
worthwhile. Upon classifying reputable investors into BAs, VCs, and other investors, we
find that BAs are associated with a lower risk of failure, while startups with backing by
VCs have a higher risk of failure. Therefore, investors with low risk tolerance should not
base their investment decisions on backing by VCs.

Our analysis can also be valuable for other investors in later financing rounds, such as
venture capitalists, as they can use our results on signals generated during the crowd-
funding campaign to better assess failure risks.

Limitations

Our study has some limitations. First, we do not separately analyze the effects of signal-
ing a university degree, the equity shares offered, reputable investor backing, the number
of large investments, and the number of updates on offering success. Instead, we rely
on the results of other studies and assume that investors on Companisto show a similar
investment behavior as those in the studies considered. However, the considered studies,
for example, on the effects of updates and large investments on the investments of the
crowd, use data sets including a large proportion of campaigns from Companisto (Hor-
nuf and Schwienbacher 2018; Walther and Bade 2020).

Moreover, due to the lack of more available data, our data set contains only 88 cam-
paigns. This leads to higher standard errors that reduce the statistical power of our anal-
ysis. However, although the number of campaigns considered is smaller than in some
recent studies on post-offering outcomes, the number of events (failures) is on a similar
level: Hornuf et al. (2018) investigate a data set of 413 campaigns from 13 platforms over
seven years. A total of 143 campaigns (from eleven platforms) were conducted in Ger-
many. In their data set, 69 insolvencies occurred in total, 39 of which were in Germany.
For Germany, the event numbers are, therefore, comparable. Cumming et al. (2019) con-
sider 491 campaigns over five years from one platform (Crowdcube). They report that 45
firms had long-term success, while 31 failed. Signori and Vismara (2016, 2018) consider
212 offerings from Crowdcube. Their data sets contain 22 and 38 failures, respectively.
The sample of Hornuf et al. (2020) consists of 74 campaigns (31 insolvencies) from two
platforms over five years. The latter study requires very specific information (the loca-
tions of investors), which is why the number of observations is low.

We encounter a similar difficulty as Hornuf et al. (2020) in collecting data. Some of our
variables, particularly the number of large investments, are not available on all platforms.
Therefore, we only use data from Companisto. However, focusing on one platform has
the advantage that all campaigns are comparable. As indicated by the large difference
in failure rates between startups from Germany and the UK in Hornuf et al. (2018), the
probabilities of failure can differ greatly across platforms. Platforms have different levels
of reputation, different selection mechanisms for campaigns, and different audiences. As
we use data from only one platform in our study, we do not face this problem. Thus, we
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do not need platform dummies and possible interactions between them and the vari-
ables of interest, which is an advantage of our data set. Furthermore, Companisto has
fundamentally changed its approach to campaigns, making our data set a closed data set.

Overall, our number of observations is smaller than in recent comparable studies.
However, the number of events, which is decisive for the number of variables that can
be tested (Vittinghoff and McCulloch 2007), is on a similar level. Moreover, due to the
heterogeneity between countries and platforms, particularly in terms of the financial
instruments used, the aggregation of data from several platforms can be problematic.
The investigation of a long observation period (more than eight years) with comparable
campaigns can, therefore, also be seen as an advantage.w

We could only analyze failure probabilities because the number of exits is small, and
we cannot, therefore, examine the return on investment.

Another limitation is that we cannot rule out the possibility that multicollinearity
between variables might inflate standard errors. However, the estimates in our models
are robust to excluding variables. Therefore, we think that multicollinearity should not
be a major issue.

Our main results on the equity shares offered and the number of large investments are
statistically and economically significant. Therefore, our results can, despite these limita-
tions, make a relevant contribution to equity-based crowdfunding literature by identify-
ing signals that are used by the crowd but are likely to be misinterpreted.

Summary

This study investigates the relationship between the signals generated during equity
crowdfunding campaigns and subsequent venture success, measured as the probabil-
ity of survival. Using a hand-collected comprehensive data set of campaigns on a large
German crowdfunding platform and logit and Cox regression models, we consider the
effects of stating that the CEO holds a university degree, the equity stake offered, back-
ing by reputable investors, the number of large investments, and updates during the
campaign. Recent research has shown that during the course of a campaign, investors
are influenced by this information. In particular, stating that the CEO holds a univer-
sity degree, reputable investor backing, large investments of other investors, and updates
increase the willingness to invest, while offering high equity stakes reduces it (see Sec-
tion “Hypotheses development”).

Regarding venture success after the crowdfunding campaign, we find that ventures
that state that their CEO holds a university degree are less likely to fail. A higher num-
ber of business-related updates is associated with a lower risk of failure. The number of
updates on external certification, promotions, and the team is associated with a higher
risk of failure. Contradicting the expectation, we find that high equity stakes offered
increase the probability of survival, while large investments during the campaign result
in higher failure probabilities. These results suggest that investors are partly using wrong
signals and challenge the wisdom of the crowd. Furthermore, we find that ventures with

19 However, when more data is available, performing robustness checks using (non-aggregated) data from other plat-
forms would be worthwhile.
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the legal form “entrepreneurial company” or ventures that ran several crowdfunding
campaigns bear a higher risk of failure, while older and larger ventures and ventures with
CEOs who have work experience in the industry of the startup are less likely to fail.

These results have implications for investors, entrepreneurs, and platform design as
they provide guidance on the signals that are worth sending or using. Credible signals
that entrepreneurs can send include indicating their university degree and avoiding
choosing a legal form with low liability. Investors should not use the number of updates
on campaign development, external certification, promotions, and the team; large
investments of others; and offering a low equity stake as quality signals, if their goal is
to minimize the risk of failure. Our finding that large investments are related to a higher
risk of failure emphasizes the importance of regulating large investments in equity
crowdfunding. Platforms could help reduce the misinterpretation of large investments
by providing information on investors’ level of professionalism or investment experi-
ence. Furthermore, the maximum amount that may be invested could be made depend-
ent on investors’ professionalism or investment experience. Moreover, investors in later
financing rounds, such as venture capitalists, can better assess failure risks by using our
results on signals generated during the crowdfunding campaign.
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