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Abstract This paper investigates how signaling and
herding behavior interact in crowdfunding markets to
give raise to an information cascade, even when there
are no identifiable experts, which is the typical case in
reward-based crowdfunding. Using daily funding data
for on all the projects launched on Kickstarter during
one month, we find that during the initial phase of the
campaign, the funding decisions of a reduced number
of early backers are based on information and qual-
ity signals offered by the creator. However, during the
second phase, signaling is substituted by the herding
behavior of a large number of late backers, imitating
early backers. The results suggest that, even in the
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absence of identifiable experts, backers self-select
into early or late backers depending on their ability to
process the information, so that herding after signal-
ing generates an information cascade that ameliorates
asymmetric information problems. The findings are
relevant for (i) creators, that will obtain better results
by targeting their crowdfunding campaigns at better
informed potential contributors, and (ii) regulators,
that can expect backers’ self-selection and herding
to work together to protect uninformed backers from
fraud and deception even when participation is not
restricted.

Plain English Summary Information Cascades in
Funding Markets without Experts: Our paper shows
that in funding markets where there are no identifi-
able experts, such as reward-funding crowdfunding,
a phenomenon of information cascades leading to
efficient finance decisions may appear. In reward-
based crowdfunding most backers are not experts in
the products and services they are buying and, even
those that may know more, cannot be identified by
the rest of the backers. Thus, these funding markets
are expected to produce inadequate funding deci-
sions. However, we show that better-informed back-
ers self-select into becoming early backers, while
worst-informed backers prefer to be late backers. This
results in a positive reinforcing information cascade
that improves the quality of funding decisions. This
result has implications for entrepreneurs, who should
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target their campaigns at better informed potential
backers, for backers looking for attractive products to
fund, and for regulators worried about consumer pro-
tection in reward-based platforms.

Keywords Reward-based crowdfunding -

Herding behavior - Information cascades - Signaling -
Observational learning - Wisdom of the crowd -
Kickstarter

JEL Classification G30 - G32

1 Introduction

Creative ideas are typically generated by individu-
als with reduced financial resources and no access
to banks, angel investors, or venture capital funds
(Agrawal et al., 2015; Schwienbacher & Larralde,
2012). In this setting, crowdfunding appears as an
innovative way of overcoming difficulties in early-
stage funding (Cosh et al., 2009), allowing entrepre-
neurs to bypass traditional financial investors, and
raise funds from large, online communities that meet
on crowdfunding platforms (Agrawal et al., 2015;
Belleflamme et al., 2014; Kuppuswamy & Bayus,
2018b; Schwienbacher & Larralde, 2012) where the
sense of belonging to a community is important (Goe-
thner et al., 2021a). On these platforms, entrepreneurs
are known as “creators” and the funds are provided
by “contributors” or “backers”. Depending on the
type of crowdfunding, in exchange for the funds, the
backers receive either equity or debt securities (in
equity and debt crowdfunding) or the commitment to
receive the product or service once it is developed (in
reward-based crowdfunding).

Although the particular characteristics of back-
ers depend on the type of crowdfunding, many
backers are usually small, first time contributors
and there is doubt concerning the soundness of
their funding decisions relative to those made by
business angels, venture capitalists and banks in
the traditional financial industry (Agrawal et al.,
2013). Nevertheless, there is empirical evidence
showing that both creators and backers find ways
to reduce the asymmetric information that charac-
terizes this market by engaging in signaling and
herding behavior.
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First, signaling is used by creators to convince
platforms and potential backers of the quality of
their projects. Creators provide detailed informa-
tion and project descriptions and also use costly
signals to convince backers of the quality of their
projects and backers react to information and sig-
nals. And these signals have been shown to deter-
mine to a large extent the probability of campaign
success (Ahlers et al., 2015; Mollick, 2014). How-
ever, the effectiveness of signaling by the creator
also depends on the ability of the target receiver
of the signal to process the information (Vismara,
2018b). And, specifically, in reward-based crowd-
funding -where backers are found among small,
dispersed, potential consumers-, this ability is
expected to be small, casting doubts on the effi-
ciency of signaling.

Second, backers also pay attention to the fund-
ing decisions made by other backers and herd (i.e.
late backers imitate early backers) as an alternative
mechanism to reduce asymmetric information. Inter-
estingly, this herding behavior may result either in
information cascades, with each new backer having
more information than the previous backers, giv-
ing rise to a “wisdom of the crowd” effect, or in
irrational herding, with late backers following the
whims of early ones.! The effectiveness of herding
will also depend on the characteristics of the first
receivers of the creators’ signals at the beginning
of the campaign. In equity and debt crowdfund-
ing, the signals are first analyzed by the platforms
that give access to the platform to a small number
of applicants (Kleinert & Vismara, 2024) and by
reputed professional investors, and this can then
trigger an information cascade (Vismara, 2018a, b),
with poorly informed potential backers imitating the
behavior of these experts. However, reward-based
crowdfunding platforms accept almost all projects
and there are no identifiable experts, which casts
doubts on the possibility of information cascades in
this market and raises concerns of irrational herding.

! Throughout the paper we use the term “herding” in a neutral
fashion indicating that late backers’ decision to pledge is influ-
enced by the funding decisions made by earlier backers. We
use the term “irrational herding” when this influence is based
on fashions and whims and the term “information cascade”
when the influence is rational and due to information aggrega-
tion effects.
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In this paper we show that in reward-based crowd-
funding campaigns there is a dynamic relationship
between signaling and herding that is consistent with
an informational cascade, even in the absence of rec-
ognizable expert backers. Our results indicate that
early backers do learn from the information and sig-
nals offered by the creator, and late bakers passively
herd on early backers’ behavior and benefit from
their information, even though at the onset they were
unidentifiable. We posit that this happens because
potential backers can self-select into being early, and
using their own information and quality signals and
information provided by the creator, or being late, and
imitating previous backers. Backers who do not have
the ability to process this information prefer to come
late and rely on herding, while backers that are better
informed arrive early and make their decisions based
on available information and processing the signals of
the creator. Therefore, the creator signals are impor-
tant for the better-informed potential contributors,
who can become early backers, and then, other poten-
tial contributors simply herd, imitating the behaviour
of early backers or ignoring the project if there are
not enough early backers. This implies that signaling
and herding seem to substitute each other as the cam-
paign evolves but they are effectively complementing
each other to produce an information cascade.

We use a unique dataset composed of the popula-
tion of projects launched on Kickstarter from Novem-
ber 15, 2017 to December 20, 2017 (3,923 Kickstarter
projects). This database contains daily information on
funding, which is pivotal to study the dynamics of
the signaling and the herding behavior along time. In
particular, first, we prove that early backers (i.e. those
that provide the first 10% of the funding goal) make
their funding decisions relying heavily on information
of projects’ and entrepreneurs’ characteristics as well
as on costly signals, rather than acting on the bases
of whims. Specifically, the time it takes to raise this
first 10% of funds is significantly lower for projects
of higher observed quality. Moreover, we show that
the ultimate success of the funding campaign also
depends on costly information variables. Second, we
show that as the funding campaign progresses, late
backers’ interest in the project and their decision on
whether to pledge funds (i.e. measured as the time it
takes to move the funding from 10 to 20%, 20% to
30%, etc.) is less influenced by quality information
and more by the behavior of early backers. Hence,

their herding becomes more pronounced as more
information from earlier backers accumulates (i.e.
as the backers can observe how much time it took
to raise the first 10%, 20%, etc.). Remarkably, the
dependence of late backers on early backers’ behav-
ior is more pronounced when early backers act in a
more informative way (i.e. there is less dispersion in
the early pledges). Overall, the pattern of behavior we
identify in this market is compatible with the dynam-
ics of information cascades rather than irrational
herding. Additionally, we show our results are robust
once we tackle endogeneity concerns related to omit-
ted variables problems that may lead to a spurious
connection between early backers’ interests and the
behavior of late backers.

We contribute to the crowdfunding literature in
general by showing how signaling and herding, as
separate strategies to reduce asymmetric information,
can complement each other and work to produce an
information cascade even when there are no identi-
fiable experts. We identify a self-selection mecha-
nism among backers depending on their information
processing abilities. Zhang and Liu (2012), Vismara
(2016), Vismara (2018a) and Wang et al. (2019),
among others, have already documented informa-
tion cascades in crowdfunding, but they have mainly
focused on equity and debt crowdfunding platforms,
where signals can be targeted towards reputed pro-
fessional investors and late backers can observe the
decisions of these experts. We also contribute to the
specific literature on reward-based crowdfunding.
There is, in fact, a large empirical literature show-
ing evidence of signaling and herding in reward-
based crowdfunding. Our contribution to this litera-
ture is twofold. First, we show that the signals that
have been shown to impact the probability of success
(Mollick, 2014; Zheng et al., 2014) are being pro-
cessed by early backers (5-10% of the total backers)
with higher information processing ability but not
by late backers. And, second, we provide evidence
indicating that the herding behavior, previously doc-
umented by authors such as Colombo et al. (2015),
Gangi and Daniele (2017), Kuppuswamy and Bayus
(2018b) and Chan et al. (2020), happens after the
signaling phase is over, represents most of the fund-
ing raised and is consistent with an information cas-
cade rather than with irrational herding.

Our findings also have important policy implica-
tions for creators seeking funding, regulators trying to
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protect uninformed backers, and for our understand-
ing of the crowdfunding market in general. Regarding
entrepreneurs/creators, our results indicate that they
will obtain better results from crowdfunding cam-
paigns if they target their products and campaigns at
better informed potential backers, which may include
potential customers that have already used similar
products or services. These types can interpret bet-
ters the signals of the entrepreneur and, if they chose
to back the project, they will trigger positive rein-
forcing herding behavior so that other investors will
follow confidently. Regulators can also find these
results useful. Some legal scholars have expressed
concerns that irrational herding behavior can result
in fraud in crowdfunding because consumer protec-
tion is scarce in these markets (Bradford, 2012; Grif-
fin, 2013; Hazen, 2012). However, our results indi-
cate that, although late backers do herd, this herding
can result in better overall funding decisions. This
implies that, first, large-scale fraud and deception
are unlikely to occur in crowdfunding markets. And
second, the interplay between signaling and herding
increases both the funding opportunities and the qual-
ity of decisions so that the crowdfunding market, in
general, and the reward-based crowdfunding market,
in particular, becomes more attractive. Rational unin-
formed backers would not participate in crowdfund-
ing if they could not choose to arrive late and herd on
the behavior of better-informed backers who arrived
earlier and paid attention to the quality signals of the
creator.

The structure of the paper is as follows. Section 2
presents the theoretical background and develops the
hypotheses. Section 3 and 4 describe the data and
the methodology used. Section 5 presents the results.
Section 6 explains the robustness tests. Section 7 dis-
cusses the results obtained and their policy implica-
tions, presents limitations and guidelines for future
research. Finally, Section 8 includes some brief con-
cluding remarks.

2 Theoretical background, literature review,
and hypothesis development
2.1 Asymmetric information in crowdfunding

According to Mollick (2014), crowdfunding “refers to
the efforts by entrepreneurial individuals and groups
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—cultural, social, and for-profit — to fund their ven-
tures by drawing on relatively small contributions
from a relatively large number of individuals using
the internet, without standard financial intermediar-
ies”. In this sense crowdfunding increases the oppor-
tunities for funding new ventures and it can “democ-
ratize entrepreneurial finance by providing access
to funding to underrepresented groups of potential
entrepreneurs” (Cumming et al., 2021).

In equity and debt crowdfunding the entrepre-
neurs must have set up a firm before launching the
campaign to raise funds by selling standard financial
contracts and the backers can be divided into accred-
ited (typically venture capitalists, business angels and
high net worth individuals) and non-accredited, and
there are restrictions in the amounts that non-accred-
ited investors can pledge.”Moreover, because security
issuance needs to comply with the financial regula-
tion of the country where the firm is incorporated,
equity and debt crowdfunding platforms usually oper-
ate at the national level and filter applications from
entrepreneurs that want to raise funds (according to
Kleinert et al., 2022 these platforms reject as much as
90% of applicants).

In reward-based crowdfunding any would-be
entrepreneur with a project at an early develop-
ment stage can raise funding by pre-selling the
product or service (Vismara, 2018b). Therefore,
typically, creators in reward-based crowdfunding
have little experience in moving products from
their initial concept to the market and they are rel-
atively unknown to the potential backers (Ganatra,
2016). Regarding backers, everyone is a potential
backer and contributions are usually small because
they relate to the cost of buying a number of units
of the product or service. In fact, in reward-based
crowdfunding platforms the majority of con-
tributors are one-time backers who join the plat-
form and pledge in the same day, while in equity
and debt platforms there are many serial backers

2 Crowdfunding is regulated by the JOBS act in the US. This
act came into effect on May 16, 2016, and separates accredited
from non-accredited investors and sets limits of investment for
each type of investor in equity and debt crowdfunding. Note
that an investor is considered accredited if s/he had an annual
income of at least $200,000 a year for the past two years (or
household annual income of $300,000) with the expectation
that it will continue; or a net worth of $1 million US or more,
excluding the investor’s primary residence.
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(Agrawal et al., 2015). Finally, reward-based
crowdfunding is dominated by a few very large
platforms that operate internationally (Kickstarter
& Indiegogo).

Three additional characteristics of reward-based
crowdfunding can exacerbate these information prob-
lems. First, backers in reward-based crowdfunding
are also future consumers. While this can make pro-
ject selection easier it can also increase the likelihood
of irrational herding behaviors if backers want to fol-
low the latest fashions and fads that only bring utility
because of their novelty, rather than from objective
quality (Becker & Stigler, 1977). Second, early inves-
tors may try to manipulate later backers into herding
making large contributions that they later can with-
draw. Meoli and Vismara (2021) show that in equity
crowdfunding there are frequent investment with-
drawals (10.2%) and in Kickstarter this is much easier
because, while a project is still live, backers can can-
cel their pledge anytime easily by clicking the "Can-
cel Pledge" link. Third, love money could appear at the
beginning of the campaign, implying creators would
receive funding at early stages from family and friends,
rather than from informed backers (Abrams, 2017).
This problem may even be compounded by the easi-
ness of posterior withdrawals.

All of these characteristics point in the direc-
tion of uninformed and even irrational herding by
reward-based crowdfunding backers (Bogost, 2012).
However, the empirical evidence shows that reward-
based crowdfunding is very successful with more
than 257 thousand projects having been successfully
funded to date only in Kickstarter, with a small per-
centage of funded projects failing to deliver (Mollick,
2015) and total global funding amounts very similar
to those of equity crowdfunding.*Moreover, a large
number of businesses successfully financed through
reward-based crowdfunding platforms have become,
at a later stage, high-growth ventures (Greenberg &
Mollick, 2017; Kuppuswamy & Mollick, 2014, 2014;
Schwienbacher & Larralde, 2012). As pointed out
by Vismara (2018b), “it is particularly important for
the future of these markets to demonstrate signals’

3 According to The 2nd Global Alternative Finance Mar-
ket Benchmarking Report by Cambridge University, in year
2020, the total volume of funds raised over the world in equity
crowdfunding platforms was 1520 US million compared to
1250 Us million in reward-based crowdfunding platforms.

validity, as once receivers have received a signal and
have used it to successfully make an informed choice,
they are more likely to attend to similar signals in the
future”. We therefore set out to explain this paradox.

2.2 Literature review

Crowdfunding, as a form of financing suffering from
important information asymmetries, is an ideal set-
ting to investigate both the impact of quality signals
and herding behavior (Vismara, 2016). Moreover, in
crowdfunding, the study of signaling is facilitated
because the information and quality signals provided
by the creators can be directly observed by research-
ers (Kleinert & Vismara, 2024); and herding is easy
because platforms allow backers to observe previous
funding with minimum costs (Vismara, 2018a). Here
we will focus on the empirical literature on reward-
based crowdfunding and its differences with respect
to other types of crowdfunding.

The initial studies on reward-based crowdfunding
showed that costly quality signals about the project or
the entrepreneur, such as the quality of the descrip-
tion provided and previous experience, increase the
probability of success (Mollick, 2014; Zheng et al.,
2014). This line of research has provided impor-
tant insights into the information that backers pay
attention to (Allison et al., 2015; Block et al., 2018;
Courtney et al., 2017; Davis et al., 2017; Deichmann
et al., 2021; Gafni et al., 2019; Hellman et al., 2019).
Thus, there is ample evidence indicating that signal-
ing works in reward-based crowdfunding platforms,
which seems to contradict the fact that most potential
backers in reward-based crowdfunding are expected
to have low information processing ability.

The more recent empirical studies have focused on
the dynamics of crowdfunding and, specifically, on
how the behavior of early backers affects late back-
ers. The general idea is that of herding, dating back to
Schelling (1978), implying that the existence of many
early participants triggers even more participation.
Interestingly, herding may have either positive or nega-
tive information effects since it can be the consequence
of information cascades or of irrational behavior. In an
information cascade, people follow the crowd because,
using Bayesian inferences, they assume that the collec-
tive wisdom of previous decision-makers must be more
accurate or informed than their individual judgment,
i.e. the informational content of the aggregate behavior
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of the individuals that have already made their deci-
sions is stronger than their individual judgment (Baner-
jee, 1992; Bikhchandani et al., 1992; Nofsinger & Sias,
1999). However, irrational herding occurs when indi-
viduals make decisions based solely on the observation
of what others are doing, without necessarily having
any information or judgment about the underlying rea-
sons or merits of those choices. In irrational herding
individuals blindly follow the actions of others without
a proper assessment of risks and fundamentals. The
reason for following is usually a fear of missing out or
a desire to conform to social norms and not the result
of information analysis (Becker & Stigler, 1977; Cro-
son & Shang, 2008; Simonsohn & Ariely, 2008).

The first to document a positive correlation between
daily lending amounts and the previously accumulated
amounts were Zhang and Liu (2012) using data on a
peer-to-peer lending web site (Prosper.com). After that,
most papers focused on equity crowdfunding, studying
how the behavior of expert and sophisticated inves-
tors is followed by later contributors, as an indication
of positive information cascades. Specifically, Vismara
(2018a) shows that, in equity crowdfunding, more con-
tributions by sophisticated investors (whose names are
disclosed on the platform) increase the attractiveness
of the offer among early investors, who in turn attract
late investors. Also, Signori and Vismara (2016) show
that, for initial equity crowdfunding, none of the com-
panies initially backed by professional investors failed
in their campaigns. Moreover, Wang et al. (2019) also
find that in equity crowdfunding, information flows
from business angels to the crowd. Additional evidence
of herding in different equity crowdfunding platforms
is presented by Hornuf and Schwienbacher (2018),
Vulkan et al. (2016), Goethner et al. (2021b). Because
in these platforms expert backers can be identified, the
influence of early backers on late backers is generally
interpreted as evidence of information cascades. This
idea also extends to some reward-based crowdfund-
ing platforms, such as Ulule, where the platform pro-
vides information on the expertise of previous backers
(Petit & Wirtz, 2022).

Herding behavior is also well documented in
reward-based crowdfunding but, in this case, because
there are no identifiable experts, the correlation
that the different authors find between late backers’
pledges and earlier backers’ accumulated pledges
does not necessarily correspond to an information
cascade argument. Hence, the observed behavior
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may well be the result of irrational herding. Colombo
et al. (2015) are the first to test for herding in reward-
based crowdfunding, showing that the creator’s
patient development of social capital (by contribut-
ing to a number of campaigns before launching their
own) is highly valued by early backers and that,
although late backers do not seem to pay attention
to social capital, they follow the behavior of earlier
backers. Kuppuswamy and Bayus (2018a) focus on
the number of added backers each day in reward-
based crowdfunding campaigns and show that early
backers tend to attract subsequent backers but this
effect is only strong at the end of the campaign.
Gangi and Daniele (2017) also focus on the late part
of the campaign and find that a higher number of
backers at the beginning of the end of the campaign
(i.e. a higher number of late-early backers) increase
the probability of success. Interestingly, these
authors use data from Italian crowdfunding platforms
that allow backers to see the names of previous back-
ers and particularly to know if a company has backed
the campaign. They report that campaigns which
have been supported by a company (a “mentor”),
which can be interpreted as an identifiable expert,
have a higher probability of success. Finally, Chan et
at. (2020) use daily campaign data to show that the
total pledged amount (to date) exhibits a U-shaped
relationship with the daily pledged amount.

While all of these studies show the existence of
herding in reward-based crowdfunding, some addi-
tional evidence indicates irrational behavior may be
at play. Specifically, Jiang et al. (2021) show that the
decision to back a crowdfunding project depends crit-
ically not only on the expected utilitarian value, but
also on the socioemotional value and participatory
value for the backers. These extra sources of value
for the backers may easily be driven by irrational
impulses. Additionally, Allison et al. (2017) find that
inexperienced first-time funders are likely to be influ-
enced by subjective cues about group identity and pay
little attention to objective information.

2.3 Hypothesis development

As we have already seen, almost all the informational
characteristics of reward-based crowdfunding make
this market a likely candidate for poor informational
outcomes. Creators signals are targeted to the general
crowd, which is expected to have poor information
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processing ability. And, moreover, there is evidence
of herding behavior, which could lead to irrational
herding given the absence of identifiable experts in
most reward-based crowdfunding platforms: if fol-
lowers passively mimic the behavior of no-better
informed early backers the final result will be an
uninformed, inefficient market (Croson & Shang,
2008; Simonsohn & Ariely, 2008).4

On the other hand, the reward-based crowdfunding
market has been very successful and there is evidence
indicating that creators that offer more information
and quality signals increase the chances of success
of their campaigns. To explain this apparent paradox,
we hypothesize that there is a self-selection mecha-
nism among backers that makes signaling and herd-
ing behaviors work together and generate an infor-
mational cascade even in the absence of identifiable
experts.

This hypothesis is consistent with the idea that
the “crowd” is not a homogeneous community,
even if its heterogeneity cannot be observed by the
researcher (Lin & Boh 2020; Goethner et al., 2021a).
This heterogeneity implies that the arrival of backers
to the market is endogenous and depends on their
information set. This is because in reward-based
crowdfunding, backers have the option to wait and
see, and this option is more valuable when a backer
has less information and believes other backers to be
better informed. Specifically, some backers will have
more private information or better judgement, either
because they have previous experience in evaluating
projects on the platform or because they have better
knowledge of the type of product or service offered
in the campaign and will therefore feel more capa-
ble of analyzing the public information disclosed by
the entrepreneur. Moreover, backers with a higher

* For example, Simonsohn and Ariely (2008) found that those
bidders that behave irrationally in eBay, herd into auctions
with many bids. However, these bidders do not realise that
these auctions have historically obtained more bids because
the starting price of the auction was very low. Hence, at very
low prices, any consumer is willing to buy the product and
bids for it. This produces a signal of interest that is not always
as reliable as some irrational investors consider. There is also
evidence of inefficient follower behavior in markets for music
downloads (Salganik et al., 2006) and, even more closely
related to our study, in equity crowdfunding, where amateur
(but self-confident) funders are more likely to disregard objec-
tive quality signals and go with the crowd and end up investing
in lower quality ventures (Stevenson et al., 2019).

information set have incentives to provide funds
earlier since they can benefit from a wider menu of
funding options and additional perks (e.g. two prod-
ucts at a discounted amount of funding for the first
50 backers). In addition, the fear of losing out on
the opportunity to provide funds to a good project
incentivizes these backers to provide early funds,
which make this decision an informative signal for
late backers. Thus, we expect backers who believe
they have better (worse) information to be early
(late) backers. Hence our first hypothesis is:

Hypothesis 1: In the early stage of reward-based
crowdfunding campaigns, the funding decisions of
early backers are determined by the quality signals
provided by the creator.

Regarding the choices of less informed back-
ers, we expect that they choose to wait and see
how many early backers are interested in and back
the project. They either choose to become follow-
ers or refrain from backing the project depending
on the strength of the early backers’ interest in
the project. We know that following the behavior
of the preceding individuals and disregarding his/
her own information can be optimal for the poorly
informed individual (Bikhchandani et al., 1992).
Besides, in our particular context, this effect will
be reinforced due to self-selection: late backers
can infer the pattern of behavior of early backers
and realize these backers are better informed as we
have explained in the development of Hypothesis
1. This leads us to formulate our second hypoth-
esis as follows:

Hypothesis 2: In the later stages of reward-based
crowdfunding campaigns, herding behavior will
substitute project information and creator’s signal-
ing as the main determinant of the funding deci-
sions of late backers.

The simultaneous validation of both hypotheses
would be consistent with an information cascade,
and allow us to disregard irrational herding. This is
because two conditions are necessary for an infor-
mation cascade to appear. First, the decisions made
by early adopters should be based on useful infor-
mation (Hypothesis 1). Second, in an information
cascade the importance of individual information
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Fig. 1 Theoretical model Creator Early backers Late backers
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will decrease as the choices of previous individu-
als accumulate (i.e. as previous information accu-
mulates), while in irrational herding the very first
individuals may have much more influence. In this
sense, the validation of our second hypothesis, with
results indicating that backers paying less and less
attention to quality variables as information from
previous backers accumulates, would be consistent
with an information cascade.

The interplay between the hypotheses is summa-
rized in Fig. 1, which shows how herding substitutes
signaling as the campaign evolves but also how the
outcome of the herding phase, and the generation
of an informational cascade, depends critically on
initial signaling in such a way that the quality of
signaling complements herding decisions once we
consider an intertemporal view. In this sense we
can also say that signaling does not disappear but
changes into rational herding. Early backers use the
information directly provided by the creator and
their previous knowledge, while late backers use the
derivative signal and information provided by the
behavior of early backers.

3 Data and methods
3.1 Data

We used a unique and granular dataset crawled from
Kickstarter. In particular, we gathered data on all the
projects launched on Kickstarter from November 15,
2017 to December 20, 2017 (3,923 projects) to build
a panel of data with daily information on the fund-
ing dynamics until February 13, 2018 when the last
project campaign finalizes. We removed a total of 423
projects, either because there was no precise ex-ante
information about their duration or because the end
date of the campaign was changed once the campaign
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had started. A small portion of these projects was
directly canceled by Kickstarter as an antifraud
measure. Our final sample includes a total of 3,500
projects.

The initial exploration of the data shows no
significant differences in the key variables of the
projects when we compare our sample period
with other periods. For example, the success rate
was 40%, while for the overall period of projects
financed through Kickstarter (257,715 projects from
April 28, 2009 until March 2024), the success rate
is 41%. Note that we work with a sample composed
of the population of all projects launched during the
mentioned period, hence, reducing sample selection
issues.

3.2 Variables
3.2.1 Dependent variables

To measure backers’ funding behavior, we use dif-
ferent variables that capture funding outcomes. The
signaling literature generally uses a dummy variable,
Success, indicating whether the campaign’s funding
goal has been reached at the closing date. However,
this variable does not separate the behavior of early
and late backers. The behavior of early backers is cap-
tured by using as a dependent variable Time to reach
10% goal, defined as the ratio between the number of
days that the project takes to reach 10% of the fund-
ing goal over the total duration of the campaign. A
low value of this variable indicates strong early fund-
ing interest in the project.’

5 The variable takes values between 0 and 1 and projects that
never reach 10% of their funding goal are assigned a value of
1. We follow the same criterium when we define the variables
Time to move from one % funding threshold to the next. In
robustness test we do not apply this adjustment and the results
remain robust.
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To capture the behavior of late backers we use as
dependent variables Time to move from one % funding
threshold to the next that measure the time it takes to
move from one percent of the funding goal threshold to
another (e.g. from 10 to 20%). In these latter specifica-
tions, we test for herding in the behavior of late backers
and use Time to reach 10% goal as an additional explan-
atory variable because late backers are able to observe
this information on reward-based crowdfunding plat-
forms before making their decisions. Herding behavior
would be consistent with a positive relationship between
the time to reach the 10% goal and the time to reach
higher percentages by late backers.

3.2.2 Independent variables

We classify the information that should be relevant for
backers into (i) observable project characteristics con-
nected to their quality, (ii) entrepreneur characteristics
connected to their abilities, and (iii) project description
variables. Remarkably, some of the information on pro-
ject and entrepreneur characteristics is also considered
a quality signal in the Spence framework (i.e. costlier
to produce when projects have low quality rather than
high quality). This information is ex-ante because it is
released and available for all potential investors when
the project is launched.

First, regarding the observable project character-
istics, we include in the analysis are Funding goal,
Duration, Number of webs and Quick updates. We
use Quick updates and Number of webs as our meas-
ures of project preparedness indicating that the entre-
preneur has invested more time and effort to ensure
that the project pitches conformed to standards for
successful pitches as indicated by the platform. In the
crowdfunding literature project preparedness is gen-
erally considered a signal of project quality (Chen
et al., 2009; Huang et al., 2022; Mollick, 2014).

Funding goal Amount of funding (in logs) that the
entrepreneur intends to obtain in order to develop the
project. Projects with high funding goals are more likely
to fail to reach their goal, and their chances of success are
lower. Nevertheless, the funding goal may also depend
on the technical needs of the project or on the funding
that the entrepreneur has obtained before, which in turn,
may depend on the quality of the project and/or the entre-
preneur. In our sample, the funding goals ranged from

$50 to $5,000,000. This variable is found relevant in
studies like Hornuf and Schwienbacher (2016).

Duration The number of days during which the
project’s funding campaign will be active. Longer
duration makes it more likely to reach the funding
goal but may signal low confidence in the project.
The maximum duration that Kickstarter allows is cur-
rently 60 days.

Number of webs The number of links to the pro-
ject’s and to the entrepreneur’s webpages. Providing
this information is important for developing a social
community and for better informing backers of the
main objectives and characteristics of the project.

Quick update Dummy taking value one if updates
are provided within the first day. Kickstarter strongly
suggests posting information on any new develop-
ment or idea, or missing information about the pro-
ject based on the feedback obtained within the first
day of the campaign from backers or other sources.
This variable has been shown to be relevant in equity
crowdfunding (Block et al., 2018).

Second, entrepreneurs experience is a particularly
powerful signal in crowdfunding (Kleinert & Vis-
mara, 2024). We proxy for this experience using the
variables Created projects, Backed projects and Crea-
tor indirect experience.

Created projects The number of projects a creator
has previously created and launched on Kickstarter.
The more projects the entrepreneur has launched previ-
ously, the more experience s/he has of obtaining funds.

Backed projects The number of projects launched
by other entrepreneurs that the entrepreneur has
backed prior to launching her/his own project on
Kickstarter. This signal was found relevant by Klein-
ert et al. (2020).

Creator indirect experience The time, in years,
since the entrepreneur has had an active profile on
Kickstarter. Some entrepreneurs may spend months
studying the platform before launching their project
to learn how the platform and backers behave. This is
a particularly relevant signal for Vismara (2006) and
Belleflamme et al. (2014).
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Our third and last set of variables includes those
related to project’s description.® These variables both
capture project characteristics and are a signal of pro-
ject quality as well. In particular, we define the fol-
lowing variables:

Project description length The natural logarithm
of one plus the number of “net” words (after cleaning
prepositions and conjunctions) used in the funding
campaign description.

Sentiment of risk description Defined as (# posi-
tive net words+ 1) / (# negative net words+ 1). The
variable takes the value between 0 and 1 if the over-
all tone is negative, and greater than 1 otherwise. We
use the Harvard IV dictionary for determining nega-
tive and positive words.

Finally, we control for Project category. Specifi-
cally, Kickstarter’s classifies projects into 15 industries
according to their characteristics (design, games, tech-
nology, etc.). This is important because backers are
likely to start their search by selecting a project category
and also to control for industry dependent trends.

4 Methodology

We study the information that early and late back-
ers use to make their funding decisions. We do so
by using the following regression as our general
specification:

Funding outcome; = o« + B Project characteristics;

+ v Entrepreneur characteristics;

+ & Project description;

+ 0 Early backers interest in the project;

+x Project category; + g; (D)

When implementing this general specification,

we run a logistic regression model when we use
the dichotomous variable Success as our dependent
variable, and a linear regression model when we use

Time to reach 10% goal and other linear funding out-
comes as dependent variables.

® Kaminski and Hopp (2020), among others, show the predict-
ing capacity of the text message in crowdfunding campaigns.
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To test Hypothesis 1 regarding the reliance of early
backers on signaling, we will use Time to reach 10%
goal as a dependent variable (inversely correlated
with success). By construction, the early backers’
interest in the project measure is not included in the
explanatory variables in this case. Negative and sig-
nificant coefficients for the quality variables (<0,
y<0, §<0) will indicate that early backers act as
informed investors that rely on information and qual-
ity signals, and they are not simply following whims,
fashions or fads.

To test Hypothesis 2, we will use alternative
dependent variables, Time to move from one % fund-
ing threshold to the next, capturing the time it takes
for late backers to move from one funding level to
another. According to Hypothesis 2, quality signals
should become less significant and early backers’
interest more significant (0>0) as we move to later
stages of the campaign (reductions in the time to
reach 10% goal will lead to reductions in the time to
get further percentages of funding goals).

5 Results
5.1 Descriptive results

The summary statistics can be found in Table 1. The table
shows that the mean values of the variables that measure
the level of project preparedness directly connected to a
project’s quality (Number of webs, Quick update), as well
as those reflecting entrepreneur’s experience (Created
projects, Backed projects, Creator indirect experience)
are higher for projects that end up being successful.

These results are also confirmed in the correlation
matrix, where the correlations of the previous variables
with Success are positive and the correlations with Time
to reach 10% goal are negative (see Table 2). Also
notable is the significant negative correlation (-0.77)
between Time to reach 10% goal and Success. This
result highlights the relevance of early backers’ interest
in ensuring financial success, which is consistent with
the proposal that early backers rely on signaling by the
entrepreneur to make their decisions.

An interesting phenomenon can be seen in Fig. 2,
which shows the evolution of funding relative to the
funding goal. Successful projects and failures can be dis-
tinguished early on by looking at the daily funding they
attract. The graph suggests that from the beginning of
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the campaign, daily pledges are on average larger for the
group of projects that will succeed than for the group of
projects that will fail. This difference is sustained along
the campaign. The graph indicates that successful pro-
jects, not only start with higher funding levels (pledges),
but also experience faster growth in funding over time
due, which is consistent with the herding effect.

5.2 Early backers’ response to information and
signals

Table 3 shows the results of testing Hypothesis 1
using Time to reach 10% goal as the dependent vari-
able to capture the behavior of early backers.” The
results show that early backers’ interest is based on
information and quality signals regarding (i) pro-
ject quality and preparedness (Project funding goal,
Duration, Number of webs, and Quick update); (ii)
creator’s experience and preparedness (Created pro-
Jjects, Backed projects, Creator indirect experience),
and (iii) project’s description (Sentiment of risk
description, Project description length). Hence, the
behavior of early backers seems rational and objec-
tive. Their decisions do not appear to be the result of
“love money” from friends or family, fads or whims
since early backers react strongly to the public infor-
mation disclosed by the creator at the beginning of
the campaign.

Our results conform to Hypothesis 1 and show that
early backers base their funding decisions on qual-
ity signals and, hence, do not create irrational trends.
Thus, following early backers could be positive for
later investors. Whether this herding really takes
place and how late investors aggregate the quality
variables and the information on early backers’ inter-
est information is analyzed next.

5.3 Late backers’ decisions

To test our second hypothesis, we start by construct-
ing a set of variables that measure the time it takes
for the project to reach additional funding levels.

7 In the Online Appendix (Table Al) we replicated these
results using Success as dependent variable. We found signifi-
cant results for the explanatory variables capturing the quality
of the project and/or entrepreneur (f>0, y>0, 5> 0) indicate
signaling effects. We also found significant results for early
backers’ interest in the project (0>0) indicative of herding
behavior.

Specifically, Time a% to b% measures the proportion
in the number of days out of the total duration of the
campaign that the project takes to increase funding
from a% to b% (b > a). If our hypothesis is correct, we
expect to see that, as we move toward higher inter-
vals, quality signals have less impact on these vari-
ables, while the behavior of earlier backers becomes a
more important determinant of late backers’ interest.

The results are presented in Tables 4, 5, and 6.
First, in Table 4 we only incorporate quality signals
and, as expected, we find that ex-ante quality vari-
ables lose their significance as determinants of late
backers’ decisions (see Table 4, Model 2). Then, in
the same Table 4, we incorporate the behavior of
early backers as an independent variable that can be
observed by late backers. This variable (Time to reach
10% goal) is highly significant, suggesting that the
shorter the time to reach the initial 10% of the fund-
ing goal, the lower will be the time to complete the
campaign (10-100%). This is clear evidence of herd-
ing behavior, which confirms Hypothesis 2. Moreo-
ver, most of the quality variables that are the basis
of signaling behavior, as reflected in Tables 3 and 4
(Model 1), lose significance here, become insignifi-
cant or even change signs.

Furthermore, in Tables 5 and 6 we perform a simi-
lar analysis to that one in Table 4 (Models 2 and 3)
but separating late backers into intervals. We test
whether the herding behavior of late backers is rel-
evant only at the beginning of the campaign (i.e. for
the backers that provide funds from 10 to 15% and
from 15 to 20%) or whether it continues to be rele-
vant for the very late backers. Therefore, in Table 5
we only incorporate quality signals and, as expected
(and similar to results in Table 4, Model 2), we find
that ex-ante quality variables lose their significance as
determinants of late backers’ decisions. Interestingly,
the signaling effect starts to disappear quite quickly
and exponentially since the results for the 10 to 15%
range are far more similar to the 15 to 20% and even
to the 60 to 80% range than to the results of early
backers (0-10%) in Table 3 (also reported in column
1 of Table 4 and 5). Moreover, it is important to note
the existence of four variables that maintain their
effect and significance, namely, Project funding goal,
Duration (beyond 50% of funding), Quick Update,
and Project description length. Interestingly, these
variables are rather salient and have a clear informa-
tive signal component about project quality.
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Fig. 2 Daily pledges
obtained by projects that
succeed and projects that
fail
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To further investigate the impact of early backers on
the behavior of late backers, in Table 6 we check whether
the behavior of the early backers is relevant only at the
beginning of the campaign (i.e. for the backers that
provide funds from 10 to 15% and from 15 to 20%) or
whether it continues to be relevant for the very late back-
ers (i.e. the ones that provide funds from 60 to 80%). We
observe the behavior of early backers is relevant for all
subsequent investors, even as the quality signals become
less and less significant for very late backers.®

Hence, herding is shown to substitute signal-
ing as the driving force behind the late backers.
According to the results, a one standard deviation
increase in the time it takes to reach the first 10%
funding goal increases the time it takes to obtain
an extra 5% of funding by about 0.44, and the time

8 The changes of the estimated coefficients in the subse-
quent funding intervals of Table 6 are significant, as shown
in the tests on differences (see online Appendix, Table A2).
In order to better compare these un-nested models with dif-
ferent dependent variables we included statistical measures of
information criteria such as AIC or BIC to assess model fit and
complexity (see Table 6). These criteria provide a measure of
model quality that balances goodness of fit against model com-
plexity. Results show that both BIC and AIC values increases,
indicating a worst model fit. This is consistent with early back-
ers’ behavior directly affecting to a larger extend the initial
window of late backers’ behavior rather than the last window
of late backers’ behavior.
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it takes to obtain the following extra 5% thresholds
by about 0.42.

Together all these results indicate that most of
the funding in a reward-based crowdfunding cam-
paign comes from backers that do not pay much
attention to quality signals but rely instead on
the observable behavior of the early backers to
make their decisions. Therefore, the reward-based
crowdfunding market, even in the absence of iden-
tifiable experts, seems characterized by the exist-
ence of a small number of backers that analyze
signals and a large number of backers who follow
them.

6 Robustness checks

We conducted several robustness checks to validate
our findings. The results of most of these checks
are reported in an additional Appendix which is
available upon request.

6.1 Endogeneity issues

We want to rule out the possibility that our results for
the impact of early adopters’ interest on late back-
ers’ interest are not capturing herding and are simply
the result of the correlation between early adopters’
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Table 3 Early backers’ response to quality signals

) 2) 3
Time to reach 10% goal

Project funding goal 0.067%** 0.064%**  (0.072%*%*
(0.005) (0.005) (0.005)
Duration 0.004***  0.004***  (0.003%*%*
(0.001) (0.001) (0.001)
Number of webs -0.050%**  -0.039%** -0.030%**
(0.005) (0.005) (0.005)
Quick update -0.179%*%  -0.163*** -0.150%**
(0.037) (0.036) (0.036)
Created projects -0.006***  -0.007**%*
(0.002) (0.002)
Backed projects -0.002%**  -0.002%%*%*
(0.001) (0.001)
Creator indirect experi- -0.032%*% -0.029%**
ence
(0.004) (0.004)
Sentiment of risk -0.019%**
description
(0.004)
Project description -0.065%**
length
(0.006)
Category Controls Yes Yes Yes
Constant -0.147***  -0.037 0.254%#%%*
(0.044) (0.045) (0.050)
Observations 3,500 3,479 3,479
F 37.34 39.71 45.03
P 0 0 0
R? 0.161 0.193 0.229

Standard errors in parentheses. *** p<0.01, ** p<0.05, *
p<0.1. Category control for all models. OLS regression. All
variables are defined in the main text

interest and omitted variables related to quality
signals.

We think this is unlikely. Since we have the exact
timing of every pledge made in every campaign, we
can focus the analysis on within-campaign dynam-
ics, controlling for all time-invariant unobserved
heterogeneity across campaigns. Specifically, we
show that late backers interest changes with changes
in early backers’ interests, when information vari-
ables are not changing and cannot be affecting the
direct effect that we find between changes in these
two variables (Arellano & Carrasco, 2003). Hence,
we have changes of both variables of interest while

the predetermined variables remain unchanged,
which reduces potential endogeneity concerns.’

However, it is still possible that there are some
quality signals that are obtained after the campaign
starts (e.g. a project is reported in the news) and these
signals could be simultaneously causing a lower Time
to reach 10% goal and a higher interest by late back-
ers, thus generating a spurious correlation between
these two variables. We conducted several robustness
checks to dismiss this possibility.

First, we performed an instrumental variable
analysis (IV). We need an instrument that affects
the time to reach 10% but it is independent of
other quality information. We use a dummy that
captures the existence of population aggregation
or network effects for each of the product cat-
egories.'” This dummy indicates which type of
products are more interesting for the user when
more people are using them as explained by Katz
and Shapiro (1986, 1992). In this case, when this
dummy is equal to 1, there is a higher likelihood
of herding effects for any given level of product
quality.

To test the validity of our instrument, we run a first
stage estimation that shows a strong impact (F-statistic
16.73) of the instrument on the instrumented variable
(see column 1 in Table 7). Moreover, we believe the
exclusion restriction is satisfied too because network
effects should impact late backers specifically through
their observation of the interest of early backer: prod-
ucts with population aggregation effects become more
interesting for the late backers precisely because there
is already a large number of early backers interested in
them. In the second stage estimation we find that the
results with the instrumented variable are similar to our
initial results (see columns 2 to 6 in Table 7).

9 Notice that, for example, in Cumming, Meoli and Vismara
(2019) the main interest is in knowing whether the setting
up of a campaign with dual-class shares (i.e. where there is a
maximum investment threshold beyond which no voting rights
are granted for the additional shares to be issued) affects suc-
cess, and the dual-class variable is also predetermined and
does not change throughout the campaign.

10 To construct the dummy, we asked 12 PhD students to go
through the list of product categories and to report indepen-
dently up to five categories which they thought had the largest
potential aggregation effects. Based on their responses we cre-
ated a dummy that takes the value 1 for the eight most voted
categories: Art, Comics, Design, Fashion, Film/Video, Games,
Photography and Theater.
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Table 4 Early and late

backers’ response to quality (1_) (2_) ) .
signals and early backers’ Time to reach Time to move from 10% funding
behavior 10% goal threshold to 100%
Time to reach 10% goal -0.093#%*
(0.018)
Project funding goal 0.072%%* 0.012%%* 0.018%#%*%*
(0.005) (0.005) (0.005)
Duration 0.003%%** -0.002%#5#%* -0.001**
(0.001) (0.001) (0.001)
Number of webs -0.030%%#%* 0.006 0.003
(0.005) (0.005) (0.005)
Quick Update -0.150%%%* -0.176%%%* -0.191%#%#%*
(0.036) (0.037) (0.037)
Created projects -0.007%** -0.009%** -0.010%**
(0.002) (0.002) (0.002)
Backed projects -0.002%** -0.001 -0.001*
(0.001) (0.001) (0.001)
Creator indirect experience -0.029%** 0.001 -0.001
(0.004) (0.004) (0.004)
Sentiment of risk description -0.019%** 0.009** 0.007*
(0.004) (0.004) (0.004)
Project description length -0.065%** 0.010* 0.004
(0.006) (0.006) (0.006)
Category Controls Yes Yes Yes
Constant 0.266%** 0.435%** 0.460%**
(0.049) (0.051) (0.051)
Observations 3,479 3,479 3,479
F 45.03 6.983 7.885
p 0 0 0
R? 0.231 0.044 0.052

Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1 Category control for all models.
OLS regression. Column 1 tests the decisions of early backers (same as last column of Table 3).
Column 2 tests all late backers’ response to quality signals. Column 3 tests all late backers’
response to both quality signals and to early backers’ behavior. All variables are defined in the

main text

Secondly, we have tried a second type of instru-
ment following Cumming et al. (2019). In Table 8 we
instrument Time to reach 10% goal using a mimick-
ing variable computed as the mean value within pro-
ject category, considering all projects in the category
that were active during the week before the launching
of the focal project.'! After estimating a 2SLS model
using this instrument, results are consistent to those
of Table 6.

1 To avoid multicollinearity problems and ensure the validity
of the instruments, we have not included the category controls
in the first-stage estimation to build the instrument.

@ Springer

Thirdly, we tried to measure the separate impact of
public and private information on the behavior of both
early and late adopters. Our basic assumption is that
early backers have extra information not available to late
backers and/or are able to analyze the existing informa-
tion more precisely than late backers. Therefore, ideally,
we seek to measure the extent and impact of the extra
information that late backers do not have themselves and
can only infer from the behavior of early backers. To do
this, we reran our tests formally separating any informa-
tion coming from, on the one hand, publicly available
information and quality signals (which may drive both
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Table 5 Late backers’ response to quality signals

Time to move from one % funding threshold to the next

(0-10%) (10-15%) (15-20%) (20-40%) (40-60%) (60-80%)
Project funding goal 0.072%** 0.031%** 0.032%** 0.029%%** 0.028%** 0.029%**
(0.005) (0.004) (0.004) (0.005) (0.005) (0.005)
Duration 0.003%** -0.000 -0.001 -0.001 -0.001** -0.001**
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Number of webs -0.030%#* -0.007 -0.007 -0.005 -0.004 -0.007
(0.005) (0.005) (0.005) (0.005) (0.005) (0.005)
Quick Update -0.150%** -0.143 %% -0.143 %% -0.152%%*%* -0.106%** -0.108***
(0.036) (0.035) (0.035) (0.036) (0.036) (0.037)
Created projects -0.007%** -0.005%* -0.005%* -0.008*** -0.005%* -0.003
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)
Backed projects -0.002%*%* -0.001 -0.000 -0.001 -0.001 -0.000
(0.001) (0.000) (0.000) (0.001) (0.001) (0.001)
Creator indirect experience -0.029%*3* -0.014%** -0.013%** -0.006 -0.006 -0.006
(0.004) (0.004) (0.004) (0.004) (0.004) (0.004)
Sentiment of risk description -0.019%** -0.003 -0.002 0.001 0.003 0.002
(0.004) (0.004) (0.004) (0.004) (0.004) (0.004)
Project description length -0.065%** -0.025%%%* -0.025%%%* -0.017%#%%* -0.016%** -0.017%**
(0.006) (0.005) (0.006) (0.006) (0.006) (0.006)
Category Controls Yes Yes Yes Yes Yes Yes
Constant 0.254%** 0.177%** 0.192%** 0.23]%** 0.221%** 0.217%**
(0.050) (0.048) (0.049) (0.050) (0.051) (0.051)
Observations 3,479 3,479 3,479 3,479 3,479 3,479
F 45.03 10.86 9.77 8.28 5.80 5.36
P 0 0 0 0 0 0
R? 0.229 0.057 0.054 0.043 0.031 0.029

Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1 Category control for all models. OLS regression. All variables are

defined in the main text

early and late backers’ behavior simultaneously) and, on
the other hand, any other information that is orthogo-
nal to this quality signals but is captured by the rate of
adoption of the early backers. The results (Table A3 in
the Online Appendix) are consistent with our hypoth-
eses and show that the behavior of late backers is, at
least, partly driven by the behavior of early backers that
conveys extra orthogonal information that cannot be
extracted from the publicly available quality signals.
Fourthly, as an alternative control for poten-
tial endogeneity, we reran our tests on a specifically
matched subsample using the propensity score match-
ing (PSM) technique, both with and without replace-
ment. We construct two samples that are similar in
observable quality but differ in their interest to early
backers. First, we select a treated sample, consisting of

projects that attract strong interest from early backers,
which we define as projects that receive 10% or more
of their funding goal in less than 1% of their campaign
time. We then create a control sample by matching
each of these observations with an observation from
the remaining projects in the initial sample (i.e. an
observation that did not attract strong interest from
early backers) considered the closest neighbor obser-
vation in terms of observable characteristics (ex-ante
information and category fixed effects). Therefore, in
these estimations, the Treated variable is a dummy
taking the value 1 when it takes less than 1% of the
campaign time to reach at least 10% of the funding
goal. Since the control sample is specifically selected
to be similar in quality information and signals, this
Treated variable should capture a pure herding effect.

@ Springer
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Table 6 Late backers’

response to quality signals 0 o @ ®) . @ )
and early backers’ behavior Relative time to move from one % funding threshold to the next
(10-15%) (15-20%) (20-40%) (40-60%) (60-80%)
Time to reach 10% goal 0.442%%* 0.420%** 0.252%%* 0.289%%** 0.316%**
(0.015) (0.015) 0.017) 0.017) (0.017)
Project funding goal -0.000 0.002 0.011%* 0.007 0.007
(0.004) (0.004) (0.005) (0.005) (0.005)
Duration -0.002%%%  -0.002%**  -0.002***  -0.002%%*  -0.002%**
(0.001) (0.001) (0.001) (0.001) (0.001)
Number of webs 0.006 0.006 0.002 0.004 0.003
(0.004) (0.004) (0.005) (0.005) (0.005)
Quick Update -0.078** -0.080%* -0.114%**  -0.063* -0.061*
(0.031) (0.032) (0.035) (0.035) (0.035)
Created projects -0.002 -0.003 -0.006***  -0.003 -0.001
(0.002) (0.002) (0.002) (0.002) (0.002)
Backed projects 0.000 0.000 -0.000 -0.000 0.000
(0.000) (0.000) (0.000) (0.000) (0.000)
Creator indirect experience -0.001 -0.001 0.002 0.002 0.003
(0.004) (0.004) (0.004) (0.004) (0.004)
Sentiment of risk description ~ 0.005 0.006 0.006 0.009%* 0.008*
(0.004) (0.004) (0.004) (0.004) (0.004)
Project description length 0.004 0.002 -0.001 0.003 0.003
(0.005) (0.005) (0.006) (0.006) (0.006)
Category Controls Yes Yes Yes Yes Yes
Constant 0.065 0.085* 0.168%** 0.148%** 0.137%**
(0.043) (0.044) (0.049) (0.049) (0.049)
Observations 3,479 3,479 3,479 3,479 3,479
F 60.13 51.41 21.98 22.19 24.21
P 0 0 0 0 0
R? 0.253 0.226 0.101 0.108 0.120
AIC 2759.7 3016.4 3646.5 3690.1 3735.2
BIC 2913.6 3170.2 3800.4 3844.0 3889.1

Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1 Category control for all models.
OLS regression. All variables are defined in the main text

The re-estimation of the main results using the new
matched sample shows consistent results (Table A4
and Figure Al in the Online Appendix).

Finally, as an alternative control for potential
endogeneity, we also repeat the analysis for larger
projects (funding goal above $5,000), smaller pro-
jects (funding goal below $5,000), projects with
shorter campaigns (lower than 31 days) and longer
campaigns (higher than 30 days). With these tests,
we check whether herding or signaling is driven
by entrepreneurs’ decisions before the opening
of the campaign. Our results for these subsamples
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are similar to those found for the whole sample
(Table A5 in the Online Appendix).

6.2 Additional tests for information cascades versus
irrational herding

We have argued that the simultaneous validation of
hypothesis 1 and 2 indicates that the behavior we
observe in reward-based crowdfunding is consist-
ent with an information cascade rather than irra-
tional herding. An additional difference between an
information cascade and irrational herding is that
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Table 7 Instrumental Variable analysis of Late backers’ response to early backers’ behavior (instrumented by dummy on Aggrega-

tion Effect)

M @) 3 (C)) 5) (6)
First stage Second stage
Time to reach  Time to move from one % funding threshold to the next
10% goal (10-15%)  (1520%)  (20-40%)  (40-60%)  (60-80%)
Dummy Aggregation Effect -0.060%**
(instrument) (0.015)
Time to reach 10% goal (instrumented) 0.957%%* 0.891##* 0.601%** 0.611%* 0.638%**
(0.244) (0.243) (0.252) (0.249) (0.249)
Project funding goal 0.069%** -0.037%#* -0.032* -0.016 -0.017 -0.017
(0.004) (0.018) (0.018) (0.018) (0.018) (0.018)
Duration 0.003*** -0.004##* -0.004#** -0.003*%* -0.003%#* -0.003%**
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Number of webs -0.0327%#* 0.023%#* 0.022%* 0.014 0.015 0.014
(0.005) (0.009) (0.009) (0.010) (0.009) (0.009)
Quick Update -0.155%#* 0.002 -0.010 -0.067 -0.020 -0.015
(0.036) (0.053) (0.053) (0.055) (0.054) (0.054)
Created projects -0.007%** 0.001 0.000 -0.005 -0.001 0.001
(0.002) (0.003) (0.003) (0.003) (0.003) (0.003)
Backed projects -0.001*** 0.001 0.001 0.000 0.000 0.000
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Creator indirect experience -0.031%#%%* 0.015% 0.014 0.012 0.012 0.013
(0.004) (0.009) (0.009) (0.009) (0.009) (0.009)
Sentiment of risk description -0.020%** 0.015%%* 0.015%* 0.012%* 0.015%* 0.014%%*
(0.004) (0.006) (0.006) (0.007) (0.007) (0.007)
Project description length -0.066%*%* 0.038%* 0.033* 0.022 0.024 0.024
(0.006) (0.017) (0.017) (0.018) (0.017) (0.017)
Categories Control No No No No No No
Constant 0.320%%* -0.056 -0.023 0.105 0.091 0.074
(0.047) (0.081) (0.081) (0.084) (0.083) (0.083)
Observations 3,479 3,479 3,479 3,479 3,479 3,479
F test 92.96
Wald chi2 171.5 167.3 126.5 91.41 90.52
R?2 0.211 0.102 0.134 0.016 0.031 0.064

Standard errors in parentheses. *** p <0.01, ** p<0.05, * p<0.1. Categories not controlled for any model due to collinearity with
instrument. OLS regression similar to Table 5 but instrumenting Time to reach 10% goal with instrumental variable Dummy Aggre-
gation Effect. Instrument is not weak (exclusion restriction is met) since it has a significant effect on instrumented variable (see col-
umn 1), F-test of the instrument in the first stage is 16.73, significantly high, and relatively high R-squared. All variables are defined

in the main text

the strength of information cascades should be cor-
related with the informational quality of the deci-
sions made by early adopters, while the strength of
irrational herding is not expected to be correlated to
informational quality.

To investigate this difference, we measure the dis-
persion of initial contributions (i.e. the volatility of the

mean daily funding obtained per backer, or average daily
pledge provided by the backer) during the initial phase
of the campaign.'> More dispersion at the beginning
of the funding campaign should imply less agreement

12 In this case, we use the shortest possible period, the first
3 days of the campaign, to conserve more observations.

@ Springer
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Table 8 Instrumental Variable analysis (Mimicking variable for “Time to reach 10% goal”) of early and late backers’ response to

quality signals and early backers’ behavior.

)] @

First stage

Second stage

3 (C)) ) (6)

Time to reach

Time to move from one % funding threshold to the next

10% goal
(10-15%) (15-20%) (20-40%) (40-60%) (60-80%)
Myv. Category Mean Time to 0.231%%*
reach 10% goal (instrument) (0.052)
Time to reach 10% goal 0.772%%* 0.832%##:* 0.730%%* 0.626%%* 0.543%**
(instrumented) (0.208) (0.221) (0.246) (0.236) (0.231)
Project funding goal 0.070%** -0.022 -0.026 -0.022 -0.016 -0.010
(0.004) (0.016) (0.017) (0.018) (0.018) (0.017)
Duration 0.003%** -0.005%#* -0.006%#* -0.005%#* -0.006%** -0.005%#*
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Number of webs -0.03 1% 0.015* 0.017#** 0.017* 0.012 0.00