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ow the COVID-19 pandemic has im-
Hpacted entrepreneurship in America
is a critical question. Despite the pan-
demic, entrepreneurs have been, and still are,

looking to finance their ongoing, established
businesses, as well as

analyses show that reward-based crowdfund-
ing campaigns on Kickstarter have reached a
global maximum in terms of success rates. Fur-
thermore, the number of backers, the ratio of
a campaign’s funds raised to its goal, and the

average funds pledged

finance new ventures.
Reward-based crowd-
funding has filled an
important gap in alter-
native finance since the
2008 financial crisis,
and many are wonder-
ing if it can do the same
for the current crisis.
By examining 114,838

In early 2020, many entrepreneurs
were ready to turn to alternative
financing such as crowdfunding.

But were the ‘crowd’ financing
campaigns like they used to? They
were not; paradoxically, they were

helping projects succeed at a
never-before-seen rate.

per campaign, have
also increased during
the pandemic. Fur-
thermore, some prod-
uct categories have
erformed dramatical-
y better than others.
Each of these findings
alone would contribute
towards an increased
understanding of the

Kickstarter — projects
spanning more than
a decade, including

through the COVID-19 pandemic, this paper
tries to answer the following questions: how
has the COVID-19 pandemic impacted crowd-
funding campaigns in America, and how have
different product categories been affected? The

effects of the pandemic
on crowdfunding; how-
ever, taken together, these results contribute
substantially towards an understanding of the
dynamics of crowdfunding with implications
for academics as well as practitioners.
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Reward-based Crowd-funding

The birth of the web 2.0 shook the world and allowed
entrepreneurs seeking capital to use online sources
to fund their ventures, sources such as Crowdfund-
ing (CF) (A. K. Agrawal, Catalini, & Goldfarb, 2011;
Belleflamme, Lambert, & Schwienbacher, 2010). CF
is one of many types of alternative finance (AF) that
permit fundraisers to seek funds in a slightly differ-
ent fashion than ventures seeking funds in tradition-
al financing, for example from a venture capitalist,
bank, or angel investor. CF casts a wide net, often
through online platforms, permitting funds to be
raised from a large number of individuals (Belle-
flamme, Lambert, & Schwienbacher, 2014). So while
individually large sums from a few investors are rare
in CE, smaller amounts from many investors are
common (E. Mollick, 2014). CF is not new. Before
the web, and especially before web 2.0, CF took place
offline, such as in the case of the Statue of Liberty.
America’s shining beacon needed a pedestal, and the
‘crowd’ came together, collectively donating small
sums to purchase one. CF is not just used for singu-
lar projects, established businesses use CF to fund
individual projects as well. In fact, CF could be seen
as an extension of crowdsourcing, where work, ideas,
and solutions for problems

has emerged as a sub-group of equity CF in recent
years (Ziegler et al., 2021)

Lending CF funders seek a possible interest on their
pledged capital. Prosper and LendingClub are two
popular lending platforms (Dushnitsky & Fitza,
2018). Lending CF can be seen as the type of CF
most comparable to traditional bank lending (Belle-
flamme et al., 2015).

Donation CF concerns charitable giving without
monetary or non-monetary reward. GoFundMe is
a prominent donation platform that had an early
start in the donation CF space in the United States
(Belleflamme et al., 2015). Humanitarian, ecolog-
ically friendly, and artistic projects typify the most
common campaigns on GoFundMe. Warm-glow, as
a resulting feeling from prosocial behavior, can be
seen as analogous to an experiential reward and is
a motivator for funders in donation CF (Cecere, Le
Guel, & Rochelandet, 2017).

Of primary interest in this paper are questions
about non-investment CF, specifically reward-based
crowdfunding (RBCF), where the fundraiser es-
sentially presells rewards, often tangible products,

but sometimes also ex-

can be sought from oth-
ers, also now often online
(Belleflamme et al., 2010).

There are a number of
both coarse and granular
definitions of the various
types of AF, and the same
holds true for CFE. Broadly
CF models can be classi-

Crowdfunding is one of many
types of alternative finance that
permit fundraisers to seek funds

in a slightly different fashion than
ventures seeking funds in
traditional financing.

periences. In America,
Kickstarter (Kickstarter.
com) (KS) is the largest,
and one of the more well-
known RBCF platforms.
As of August 2021, KS
has recorded over 6 Bil-
lion USD pledged (Kick-
starter, 2021, August 8).

fied as non-investment, or

as investment (Shneor & Vik Amy, 2020). But one
of the more common categorizations of CF types is:
donation, equity, lending, and reward (Belleflamme
et al., 2014; Kshetri, 2015; E. Mollick, 2014).

Equity CF concerns raising funds with the promise of
equity or profit-sharing. In the United States, com-
mon equity CFPs include WeFunder, StartEngine,
and Republic; while overseas, Crowdcube, Seedrs,
WIiSEED, and Seedmatch are leading sites (Yasar,
2021). Originally, fundraisers might have used eq-
uity CF for early funding or as a first step in a larg-
er strategy involving future funding (Belleflamme,
Omrani, & Peitz, 2015). There have been some inter-
esting developments in the Equity CF space. As an
example of equity CF in film, Legion M was founded
several years ago as a self-proclaimed co-op. Legion
M is an entertainment studio that allows fans to in-
vest directly and have limited influence on future
movies through offering class A common stock with
each share representing a vote, although the exact
influence funders have in practice is likely limited
(Wroldsen, 2016). Lastly, real estate crowdfunding,
which allows ownership of property through shares,

RBCF also allows for
co-creation, that is col-
laborative development, between funders and fund-
raisers, of new products. Co-creation, through the
crowdsourcing aspects of CE has been extended
from e-commerce into the RBCF context (Ryu &
Kim, 2016).

There are usually three principal components of CF
that receive attention: the capital seeker, the capi-
tal provider, and intermediaries (Moritz & Block,
2016). The first, the capital seeker, is known as the
fundraiser. The fundraiser can be an individual, a
group of individuals, or even an already established
business. The second, the capital provider, is often
called the funder. The funder finances the fundrais-
er’s proposed campaign, sometimes known as a proj-
ect. The third, an intermediary, is the Crowdfunding
Platform (CFP) which can act as a bridge between
funders and fundraisers (Belleflamme et al., 2015).
This 3-way relationship can be seen in Figure 1. Al-
though CFPs receive a large amount of attention in
CE and although they are extremely common, CFPs
need not be present. Some fundraisers have attempt-
ed to engage directly with funders. This direct rela-
tionship can be seen in Figure 2. Take as an example
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Figure 1: Relationship when a fundraiser uses a crowdfunding platform (most common).

Figure 2: Relationship when a crowdfunding campaign is self-hosted (uses the company’s own website,

not a CF platform) by the fundraiser.

Star Citizen, an in-development video game, which,
although an anomaly in its success, is worth study-
ing as an atypical success story. Star Citizen, which
is still collecting funds as of August 2021, has raised
379 million USD during a protracted campaign
(Belleflamme et al., 2015; “Stretch Goals - Roberts
Space Industries;,” 2021). When a CFP is present, it
acts as an intermediary that charges fees to the fund-
raiser, usually around 5% and an additional 3-5% for
payment processing, and in exchange allows fund-
raisers to host their campaign on their website. De-
pending on the business model and the type of CF,
CFPs can also act as advisors to fundraisers by pro-
viding structure to the CF process and suggestions
(Belleflamme et al., 2015).

CFPs today are organized by the collection model
they permit on their site. The all-or-nothing (AON)
model allows fundraisers to keep the funders’
pledged funds only if they achieve a predetermined
threshold known as the campaign goal. If they do
not achieve the campaign goal, then no funds are
collected from the funders and the campaign fails.
KS employs this model. Keep-it-all (KIA) allows
fundraisers to keep any funds raised during the
campaign. Some CEPs, such as Indiegogo (Indiego-
go.com) permit fundraisers to choose between AON
and KIA when they are designing their campaign.

Of key interest to entrepreneurs, and examined in
this article, is how the alternative finance environ-
ment has changed due to the COVID-19 pandemic.
This paper will present an up-to-date examination of

data from KS. Academically framed research ques-
tions and hypotheses are presented in this paper, but
most practitioners will be asking themselves a much
simpler question: “Is now a good time to use CF to
finance my new project or venture, or will the pan-
demic hurt my chances of success?” The answer to
that question is both surprising and unexpected.

This paper presents a natural experiment with the
period after the beginning of the pandemic acting
as the experimental condition. The goal is to exam-
ine the data to discover if the COVID-19 pandemic
disrupted CF and thus entrepreneurial ventures. It
is hoped that this paper contributes in some small
way towards examining the phenomena and the new
data, alerting other researchers to new and interest-
ing information, and leading to further theoretical
insights.

Review of Research

A brief history of CF is in order. CF research has
been published in top Association of Business School
(ABS) ranked journals (Shneor & Vik Amy, 2020).
Worldwide RBCF accounted for 1.2 Billion USD in
2020, a fraction of the tens of billions of dollars that
all CF types combined (Ziegler et al., 2021). CF is
a new and hot topic. It is on its way to becoming a
dominant research field (Barbi & Bigelli, 2017).

First, the role of geography in CF will be examined;
next, two popular theories in CF literature; third, the
role of web scraped data in CF observational studies;
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Reward-based Crowd-funding

fourth, the role of experiments in CF; fifth, research
related to the 2008 financial crisis; sixth, the growth
of e-commerce during the COVID-19 pandemic;
lastly, the current scarcity of COVID-19 CF research
and how such research might begin.

One focus in CF literature has been understanding
the role that geography plays in CF. Traditional fi-
nancing success has been shown to be determined
by geographic factors (Chen, Gompers, Kovner, &
Lerner, 2010; Stuart & Sorenson, 2003). Some re-
search has found that CF has a very large geograph-
ic dispersion of investors, that is that funders and
fundraisers are located thousands of miles apart
from one another (A. K. Agrawal et al., 2011). Con-
trasting this is other research showing that distance
remains quite important in CF (Dejean, 2019; Lin
& Viswanathan, 2016). Other research has focused
on the proximity of fundraisers that pledge early.
Those fundraisers do tend to be closer to the fund-
raiser than those that pledge later (A. K. Agrawal
et al., 2011). Friends and family of fundraisers also
tend to exhibit different pledge patterns, being less
impacted by the campaign’s performance and funds
raised than other investors

potential funders (Belleflamme et al., 2015; Calic &
Shevchenko, 2020; Davies & Giovannetti, 2018; Kro-
midha & Robson, 2016; W. Wang, He, Wu, & Goh,
2021; Yeh, Chen, & Lee, 2019).

Data sources and methodology in CF vary, but ob-
servational studies using data sourced directly from
CFPs, often extracted with the assistance of web
crawling algorithms, compose a large proportion
of the CF literature including the most well-known
paper in CF literature by Ethan Mollick in 2014 (E.
Mollick, 2014). Some researchers have shown that
these publicly available campaign factors of goal
size, social media network size, pictures, videos,
comments, and updates, to name a few, are obvious
predictors of CF success, and for those using sig-
naling theory, signals of campaign quality (Calic &
Shevchenko, 2020; Davies & Giovannetti, 2018; Kro-
midha & Robson, 2016).

However, contrasting those observational studies,
innovative experiments have recently proven in-
valuable for CFE, allowing researchers to tap into the
minds of funders and discover things that an ob-
servational study would have trouble finding such
as purchasing decisions

(A. Agrawal, Catalini, &
Goldfarb, 2015). Geogra-
phy can play an oversized
role in the project mix that
comes out of certain cities,
near which the CF cam-
paign is based. (E. Mollick,
2014). In addition, creative
geographic concentrations
of individuals are associat-

Some researchers have shown that
these publicly available campaign
factors of goal size, social media
network size, pictures, videos,
comments, and updates, to name
a few, are obvious predictors of
Crowdfunding success

based on rewards and
reward structure (Wein-
mann, Mishra, Kaiser,
& vom Brocke, 2020).
Researchers  exploring
motivations beyond re-
wards have seen success
in experiments as well
(Cholakova & Clarysse,
2015; Herrero, Hernan-

ed with campaign success
(E. Mollick, 2014). Some
research has examined the theoretical underpin-
nings of such geographic dependence in CF, finding
that altruism and social capital play an important
role (Giudici, Guerini, & Rossi-Lamastra, 2018). Yet
others have examined the discriminatory or undem-
ocratic distribution of funds, with rural or less afflu-
ent areas experiencing low success rates (Gallemore,
Nielsen, & Jespersen, 2019).

A number of theoretical perspectives have been tak-
en to understand CF. Several of the most popular
will be examined here. The first, the elaboration like-
lihood model of persuasion (ELM) has been used to
study what the theory terms the central and periph-
eral routes and has extended the original theory of
attitude change into persuasion in CF (Allison, Da-
vis, Webb, & Short, 2017; Bi, Liu, & Usman, 2017;
Z. Wang & Yang, 2019; Xiang, Zhang, Tao, Wang, &
Ma, 2019; Zheng, Hung, Qi, & Xu, 2016). The sec-
ond, signaling theory was adapted from its original
intent of studying signals sent between job seekers
and employers and extended into CF to look at the
signals that fundraisers and their campaigns send to

dez-Ortega, &  San
Martin, 2020; Nielsen & Binder, 2020; Zvilichovsky,
Danziger, & Steinhart, 2018). Some researchers have
made extensions of decades-old research such as the
decoy effect in an online CF setting (Tietz, Simons,
Weinmann, & vom Brocke, 2016). Herding theory
has been introduced into experimental CF research
as well showing that early contributions and posi-
tive opinions matter and can create a strong ‘herd’
which goes a long way towards explaining some of
the nonlinear pledging relationships seen in CF (C.
S. R. Chan, Parhankangas, Sahaym, & Oo, 2020;
Comeig Ramirez, Mesa Vazquez, Sendra-Pons, &
Urbano, 2020). Experimental studies into privacy
issues have produced mixed, counterintuitive results
where a loss of privacy can increase donations, but
decrease the size of donations (Burtch, Ghose, &
Wattal, 2015). What is apparent is that CF research
is poised to develop much further in the near future
(Moritz & Block, 2016).

RBCF is unique in that it is both a means of financ-
ing and a form of e-commerce where the funder
pre-purchases a product. An examination of the
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2008 financial crisis with comparisons to the current
pandemic and its impacts on financing is in order.
Access to credit is essential for entrepreneurs (Apa-
ricio, Urbano, & Audretsch, 2016). The 2008 finan-
cial crisis was devastating to some groups seeking fi-
nancing (Block & Sandner, 2009). In many ways, the
financial crisis gave way to alternative finance and CE,
or at least hastened the adoption (Zhang, Wardrop,
Rau, & Gray, 2015). Credit constraints were com-
mon not only in the U.S., but also worldwide, with
firms taking drastic measures to preserve cash, and
cut costs, all while seeking loans that in many cases
never came (Campello, Graham, & Harvey, 2010).
Large firms received the most attention, but small
and medium enterprises (SMEs) were impacted as
well, with many of those able to, seeking trade cred-
it or engaging in a variety of traditional and alter-
native finance options available at the time (Casey
& O’Toole, 2014). Firms with fewer tangible assets
were affected more by the shocks from the financial
crisis (Popov & Udell, 2012). Many startups and en-
trepreneurs have very few tangible assets available.
The COVID-19 pandemic is similar to the 2008 fi-
nancial crisis in several ways. First, the current crisis
has already caused global financial markets to have

although primarily by examining donation-based
CF data, such as from the CFP GoFundMe (Elmer,
Ward-Kimola, & Burton, 2020; Rajwa et al., 2020;
Saleh, Lehmann, & Medford, 2021). And yet oth-
ers have used a broader perspective to develop new
theories around events like the pandemic in general,
their effects on businesses, and the various attempts
at a post-crisis recovery, through the perspective of
CF (Chandler, Short, & Wolfe, 2021). At this time,
there has been no published paper specifically exam-
ining RBCF performance and the COVID-19 pan-
demic.

To begin such an examination, some preliminary
reviews must be made concerning the economy
and the government pandemic stimulus measures.
According to the U.S. Department of Commerce’s
Bureau of Economic Analysis, The impact of The
Coronavirus Aid, Relief, and Economic Security Act
of 2020 also provided relief funds to qualifying indi-
viduals in April of 2020 (“How are federal econom-
ic impact payments to support individuals during
the COVID-19 pandemic recorded in the NIPAs?
| U.S. Bureau of Economic Analysis (BEA),” 2021).
The Coronavirus Response and Relief Supplemen-

tal Appropriations Act of

nearly the same volatility
and declines as those in
2008 (Fernandes, 2020)
In addition, the pandem-
ic had a negative effect
on bank consumer lend-
ing (Cumming, Marti-
nez-Salgueiro, Reardon,
& Sewaid, 2021).

In many ways, the 2008 financial
crisis gave way to alternative fi-
nance and crowdfunding, or at

least hastened their adoption

2021 provided a similar
supplemental tax credit to
qualifying individuals, and
although the distribution
did not occur until Janu-
ary 2021, households were
able to plan and budget for
the then-upcoming pay-

As mentioned previously,

RBCF permits a pre-purchase of a product in a man-
ner similar to transactions in e-commerce. Under-
standing the effects of the COVID-19 pandemic on
e-commerce is thus essential to gaining insight into
the relationship between the pandemic and CE The
World Trade Organization released an information
note in May of 2020 stating that e-commerce, specif-
ically business-to-consumer, and business-to-busi-
ness, sales spiked due to social distancing and lock-
downs in response to the COVID-19 pandemic
(“E-COMMERCE, TRADE AND THE COVID-19
PANDEMIC,” 2021). The World Bank Group re-
leased a guidance note in May of 2020 with insights
and practical measures for governments on using
e-commerce to mitigate the impact of the COVID-19
pandemic, in part focusing on the sale of goods and
services online as a major pillar (Ungerer, Portugal,
Molinuevo, & Rovo, 2020).

There is a paucity of CF research that has directly
examined the effects of the COVID-19 pandemic,
although that is starting to change. In 2021, there
have been several attempts to study the pandemic,

ments. Furthermore, by
May 2020, households of
all income levels experienced large increases in asset
balances (Cox et al., 2020).

Based on these above analyses the following research
questions and hypotheses are proposed:

RQ1: How has the COVID-19 pandemic affected
crowdfunding in America?

H1.1: Success rates will increase. In light of the ex-
amined nature of CF as a hybrid e-commerce and
alternative finance activity, and due to the examina-
tion of the performance of e-commerce and alterna-
tive finance activity during the pandemic, as shown
above, specifically due to the lack of traditional fi-
nancing, and the increase in e-commerce levels, CF
success rates will similarly increase.

H1.2: Similarly, the number of funders per campaign
will increase.

H1.3: Similarly, the ratio of funds raised to a cam-
paign’s goal will increase.

H1.4: Pledge size will decrease slightly. Although
more consumers will begin engaging in CF as
funders, constraints from the pandemic on discre-
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The Protocol

This paper seeks to provide initial evidence of the
nature of CF and how that has changed due to the
COVID-19 Pandemic. This paper and the data
can help to springboard future research into the
effects of the pandemic on other CFPs, other types
of CF (i.e., equity, lending), or even other types of
alternative finance.

To begin, KS was chosen as this researcher’s pri-
mary source of data due to its prominence and
dominance in the CF space. KS Datasets were
obtained from Web Robots a well-known repos-
itory for CF Data used by many CF researchers
(de Larrea, Altin, & Singh, 2019; Patel, Wolfe, &
Manikas, 2021b; Song, Berger, Yosipof, & Barnes,
2019; Wolfe, Patel, & Manikas, 2021). Web Ro-
bots, a company that provides data services such
as scraping, or migration, maintains the data and
makes their KS datasets publicly available on their
site for free (“Kickstarter Datasets,” 2021).

The data obtained spanned the timeframe from
April 2009 to April 2021 and contained nearly a
quarter-million projects in one of four distinct
states: failed, successful, canceled, and live. These
projects contained over 7 million data points and
would contain nearly 10 million after certain de-
rived values of interest were calculated.

Next, the data was cleaned; first, removing any du-
plicate project IDs, missing records, live projects,
and canceled projects. Next, countries outside of
the United States of America were removed. This
was done for two purposes. The first, in order to
create homogeneity between campaigns since
the foreign projects might be atypical similar to
Mollick’s seminal work in 2014 (E. Mollick, 2014).
Second, in particular, to also ensure the creation
of a clearly defined “Pandemic Period” for when
the COVID-19 pandemic impacted the United
States of America, explained in further detail be-
low. Lastly, campaigns with large and small fund-
raising goals were removed as most researchers
have done (E. Mollick, 2014). Projects with goals
larger than 2 million USD and less than 200 USD
were eliminated. Upon examination, these proj-
ects did not represent serious attempts to crowd-
fund. It is also worth noting that no project with
a goal larger than 2 million USD was successful,
but that a number of projects larger than 1 mil-
lion USD were successful, with some of those
projects being rather recent. It is supposed that
this demonstrates increasingly large, authentic,
campaigns representing serious attempts at using
CF to fund large capital projects or new business
ventures outright. Figure 3 presents summaries of
this data.

tionary income and increased attempts to save mon-
ey will make pledges more conservative.

RQ2: How have campaigns in different product cat-
egories been impacted by the COVID-19 pandemic?

H2.1: Product categories will vary dramatically in
their success, including the ratio of funds raised to
goal, and the number of backers. Product categories
that provide more tangible products as rewards will
perform better than those that are more experiential,
or that require going out and socializing.

May 1%, 2020, was chosen as the date that best rep-
resented the COVID-19 pandemic period of inter-
est in this study. This date was chosen since it oc-
curred well after the first cases of COVID-19 were
confirmed, and slightly after the WHO declared a
worldwide pandemic in March (Morens, Daszak,
Markel, & Taubenberger, 2020). It was in May that
the Washington Post, one of America’s largest news
outlets declared that 100,000 Americans had died as
a result of COVID-19 and that Americans were liv-
ing daily life aware of the virus (“U.S. coronavirus
death toll surpasses 100,000, 2021). Furthermore,
on May 1%, the FDA issued emergency use autho-
rization for the investigational drug Remdesivir for
COVID-19, the CDC launched the SHERES con-
sortium for genomic sequencing of the COVID-19
virus and launched the PPE burn rate calculator for
healthcare facilities (Cdcgov, 2021). Lastly, by May
2" the World Health Organization (WHO) issued a
renewal declaration stating that the pandemic was a
Global Health Crisis.

Just under 120,000 campaigns were considered suit-
able to be included in the analysis. The factors of in-
terest are summarized below. As will be mentioned
below again specifically, any of the below variables
that were nonnormal were transformed with the
natural log, and in all cases, any troublesome skew-
ness was resolved.

Pandemic Period: A dichotomous variable, and the
focus of this paper. Projects that had an end date
occurring before May 1%, 2020, were defined as
pre-pandemic, and those occurring after through
the remainder of 2020 were determined to be in the
COVID-19 pandemic period.

Prep Time Days: preparation time, was calculated
as the difference between when the campaign page
was created and when the campaign was launched.
The days that the fundraiser spent preparing for the
campaign has, in some research, been determined to
increase the odds of a campaign succeeding (Kunz,
Bretschneider, Erler, & Leimeister, 2017). This vari-
able is logged in the regressions presented.

Campaign Length Days: The campaign duration, or
runtime, or length, is often associated with a de-
creased chance of success (Barbi & Bigelli, 2017; Du,
Li, & Wang, 2019; Frydrych, Bock, Kinder, & Koeck,
2014). In particular, signaling theory has been em-
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Category
Film&
Art  Comics Crafts Dance Design Fashion Video Food Games Journal.. Music Photog.. Publishi.. Technol.. Theater
Avg. Campaign length days 32 30 32 31 32 31 33 35 31 24 34 32 32 36 31
Std. dev. of Campaign length days 13 9 3 ) 12 13 12 12 11 13 12 12 11 12 12
Avg. Goal 9,839 7,190 7,971 7,245 25231 12,576 32,536 30,083 24,015 18,420 9,874 11,680 8,229 43,500 16,397
Std. dev. of Goal 47,479 20,852 24323 23311 106,617 40,839 130,647 87,099 78,448 59,316 42,041 45390 33,111 112,747 88,072
Avg. Num Backer 78 268 45 57 3% 136 128 74 416 66 79 58 121 367 57
Std. dev. of Num Backer 308 554 244 103 2,083 560 1,215 361 2,017 231 238 154 562 1,769 s7
Avg. Pledge/Backer €3 46 45 8l 76 76 93 74 58 45 68 61 60 130 77
Std. dev. of Pledge/Backer 84 38 77 82 139 109 150 143 164 86 78 4 134 251 83
Avg. Prep time days 41 76 37 32 58 55 50 58 65 34 52 41 51 67 41
Std. dev. of Prep time days 133 198 127 78 158 142 158 159 174 115 153 129 143 162 158
Avg. Pledged 6,002 13,740 2,834 4769 41,188 13,652 12,551 7,475 27,345 4,627 5514 6,340 7,293 51,597 5,451
Std. dev. of Pledged 30,064 39,000 11,605 6,771 245065 83,827 117,626 39,638 194679 15166 7,583 29,064 69,395 227,786 11424
Count of Category 13,836 4,516 3,896 2,418 3,380 53% 16364 10,441 5,048 2,536 20,280 3,218 10,818 10,274 2,417
Avg. RATIO pledged/goal 1.465 2.443 1091 0.974 4348 2.425 0.807 0.626 2179 0.491 0.919 0.732 1236 2.4886 0.797
Std. dev. of RATIO pledged/goal 3.806 5.465 3.008 0.542 17687 7.992 1.062 3110 5.831 0.863 1.020 14869 2.610 9.234 0613
% Success 62.14% 89.24% 36.42% 1.22% 53.31% 63.34% 59.87% 33.06% 62.74% 32.29% 69.63% 37.97% 68.36% 45.74% 63.84%
Frequencies for Successful or Failed
Successful or Failed Frequency Percent Valid Percent Cumulative Percent
failed 47393 41.269 41.269 41.269
successful 67445 58.731 58.731 100.000
Missing 0 0.000
Total 114838 100.000
Frequencies for Pandemic Period?
Pandemic Period? Frequency Percent Valid Percent Cumulative Percent
No 106736 92.945 92.945 92.945
Yes 8102 7.055 7.055 100.000
Missing 0 0.000
Total 114838 100.000
Frequencies for Staff Pick
Staff Pick Frequency Percent Valid Percent Cumulative Percent
No 98974 86.186 86.186 86.186
Yes 15864 13.814 13.814 100.000
Missing 0 0.000
Total 114838 100.000

Figure 3: Summary statistics

ployed to understand how fundraisers are signaling
quality to funders (Kunz et al., 2017). Others have
viewed campaign length from an entrepreneurial le-
gitimacy theory perspective (Frydrych et al., 2014).

Goal: The campaign goal, or project goal, is the
amount of money (or the minimum amount of
money) that the fundraisers declare that they are
seeking to raise using CE As a reminder, KS uses an
AON model where the campaign needs to meet the
goal threshold in order to receive funds. When they
do so, then the funds are collected from the funders
and subsequently released to the fundraiser. Previ-
ous research has investigated this factor and deter-

mined that a larger goal is usually associated with a
higher failure rate (Barbi & Bigelli, 2017; Dikaputra,
Sulung, & Kot, 2019; E. Mollick, 2014; Oo, Allison,
Sahaym, & Juasrikul, 2019). Although paradoxical-
ly, it is also associated with more funds raised, more
backers, and a higher chance of being promoted on
a CFP (H. E Chan, Moy, Schaffner, & Torgler, 2021).
In order to eliminate any possibly troublesome dis-
persion of goal values, a transformation in the form
of the natural logarithm was used on the goal data in
line with other researchers (E. Mollick, 2014).

Staff Pick: KS employs a ‘Staft Pick” that acts as a
form of promotion on the KS CFP. Sometimes also
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studied as a response variable in CF literature. It has
been shown to increase a campaign’s chance of suc-
cess (Kunz et al., 2017; E. Mollick, 2014).

Category: KS groups similar projects into catego-
ries. The possible classification into categories that
a campaign may have are: comics, crafts, dance, de-
sign, fashion, film & video, food, games, journalism,
music, photography, publishing, technology, and
theater. In many studies, project category is a control
variable (Koch & Siering, 2019; E. Mollick, 2014).
In this paper, however, we consider the categories
and their interrelations with other variables because
there is no reason to suspect that the pandemic
would not have affected the categories different-
ly. This will potentially create a substantially larger
model; however, it was deemed essential.

Successful or Failed: this study’s response variable,
a dichotomous ‘successful / failed, is determined
by the campaign’s ability to achieve its fundraising
goal by the campaign deadline date chosen before
the project launches. As CF theory established itself,
dozens of studies have identified a plethora of factors
that possibly influence the success of a campaign,
(Shneor & Vik Amy, 2020). Furthermore, a cam-
paign’s success on an AON CFP determines if the
tundraiser is able to collect any funds from funders.
Only when pledged funds exceed the campaign goal,
are funds collected by the CFP and distributed to the
Fundraiser.

NumBacker: The number of funders (backers) of
a CF campaign. A lesser studied response variable
with the exception of a few insightful studies (Bi et
al., 2017; H. E Chan et al,, 2021; Z. Wang & Yang,
2019). The number of campaign backers, by itself,
does not indicate the amount of funds raised, or the
success or failure of a campaign, which is of prime
importance in an AON campaign. This variable was
transformed using the natural logarithm.

Ratio: A ratio formed by dividing the pledge funds
by the campaign goal. A lesser studied response vari-
able that can act as an alternate to the more com-
monly studied binary measure of success or failure,
since ratios larger than or equal to 1 indicate cam-
paign success as well (Zheng et al., 2016; Zheng, Li,
Wu, & Xu, 2014). This variable was transformed us-
ing the natural logarithm.

Descriptive Statistics

Pledge/Backer: Individual pledges are not available
for KS campaigns however, since the total pledged
funds and the number of backers are available, this
response variable can be derived. This variable was
transformed using the natural logarithm.

Preliminarily, to begin, summary statistics by KS
category were compiled, along with frequencies for
the categorical variables. Second, a visual analysis of
the success or failure of a campaign over time was
conducted. Third, tests for proportions and means
were conducted preliminarily following the advice
of Thad Dunning on simplicity and transparency in
natural experiments, since by reporting the ‘raw’ dif-
ference in proportions and means between the two
periods in addition to our other primary tests, the
causal inference is strengthened (Dunning, 2010).

Four regression analyses were conducted. First, a
logistic regression was carried out on Successful or
Failed. Next, three separate linear regressions (OLS)
were completed on LN NumBacker, LN Ratio, and
LN Pledge/Backer. Before beginning each analysis,
correlations were checked. There were no compli-
cating correlations. The same factors of Category,
Staff Pick, LN Goal, Campaign Length Days, LN Prep
Time, and Pandemic Period, were chosen for all 4
models. In addition, Pandemic Period was interacted
with each other variable in all 4 models. In partic-
ular, and of key interest is if the pandemic had an
influence on each model and if it had varying effects
on each of the categories?

The first analysis proceeded using a generalized lin-
ear model logistic regression. Logistic regression is
appropriate for studying Successful or Failed because
the response variable is dichotomous. This method
has been employed in the vast majority of CF Liter-
ature, including in certain key seminal research (E.
Mollick, 2014). Logistic regression allows for a de-
termination of the success factors available from the
dataset and can allow for a comparison between the
two time periods of interest by including the time
period of interest as a dichotomous variable.

OLS regression is the appropriate method to model
LN NumBacker, LN Ratio, and LN Pledge/Backer as
other key research in the CF space has created in-
sights that would not otherwise be available through
logistic regression alone, using this method (H. F.

LN(Goal)  Campaign length days ~ LN(Preptime) LN NumBacker LN Ratio LN Pledge /backer
Valid 114838 114838 114838 114838 114838 114838
Missing 0 0 0 0 0 0
Skewness 0.254 1.035 -0.642 -0.571 0.020 -1.733
Std. Error of Skewness 0.007 0.007 0.007 0.007 0.007 0.007
Kurtosis 0.092 1.626 0.626 0.068 -0.609 2542
Std. Error of Kurtosis 0.014 0.014 0.014 0.014 0.014 0.014

Figure 4: Skewness and kurtosis statistics. Note that all variables are approximately normal, with even
LN Pledge/backer being less than moderately non-normal (Curran et al., 1996)
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Chan et al., 2021; Raab, Schlauderer, Overhage, &
Friedrich, 2020; Ryu & Kim, 2018). To begin, nor-
mality was assessed using measures of skewness and
kurtosis (see Table 2). LN Ratio and LN NumBacker
were approximately normal. LN Pledge/Backer was
less than moderately nonnormal, which was suf-
ficient to proceed (Curran, West, & Finch, 1996).
Following other research, because some campaigns
have no funders, they have no funds, and thus for LN
NumBacker, LN Ratio, and LN Pledge/Backer, their
inclusion, and the logarithmic transformations were
permitted by adding 0.1 to each value, before trans-
formation, in the model. i.e. LN(NumBacker+0.1),
LN(Ratio+0.1), LN(Pledge/Backer+0.1). (H. F. Chan
etal, 2021).

Findings
Please refer to the appendix for detailed statistical
analysis and visualizations. What follows is an ex-
tremely brief description of key findings specifically

0/100

with the practitioner in mind. A pie chart of proj-
ects by KS defined categories can be found in Fig-
ure 5, and visualizations of factors by pre-pandemic
and pandemic period are found in Figure 6. For the
results of the visualizations and tests of proportions
and means of interest between the pre-pandemic
and pandemic periods see Figure 7, Figure 8, Figure
9, and Figure 10.

Overall, all 4 models were significant (p<.001). They
also explained a significant portion of the variance
in each case. The pseudo R-squared of the logistic re-
gression for the success or failure of a campaign was
.222. The linear regression for the number of backers
had an R-squared value of .274. The linear regression
for the ratio of funds raised had an R-squared val-
ue of .308. The linear regression for the pledge per
backer had an R-squared value of .109.

Paradoxically, and as the main finding of this paper,
the logistic regression model shows that CF during
the pandemic substantially increased the odds of a

Category

Art

Comics
Crafts
Dance
Design
Fashion

Film & Video
Food
Games
Journalism
Music
Photography
Publishing
Technology
Theater

Figure 5: Pie chart of projects by Kickstarter category type
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Avg. Pledge/Backer = Avg. Num Backer Avg.Campaign length Avg. Goal

Avg. Prep time days
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Figure 7: Successful campaign proportions by pre-pandemic and pandemic period

successful campaign over pre-pandemic periods
(OR% = 1096%, p<.001). Correlations and the re-
sults of this model can be found in Figure 11. H1.1
is thus supported. In addition, to make the results
more convincing, the variable Pandemic Period was
altered in supplemental tests. First, it was altered to
begin in April, and then to June of 2020. The main
variable of interest, Pandemic Period, was still sig-
nificant at p<.001 in both cases. Thus, there can be
additional confidence that the defined Pandemic
Period represents a true effect. Visualizations of the
data show that the increase in success rates during
the pandemic is, in fact, dramatic. Success rates nev-
er declined from May to December 2020, reaching a
global maximum at the end of 2020, surpassing suc-
cess rates at all other times since the data began in
2009. See Figure 12 and Figure 13. There had never
been a better time to use RBCF in terms of improv-
ing your chance of succeeding.

Other factors of significance for that model are as
follows. The (logged) time that the fundraiser spent
preparing their campaign page before launching it
increased the chance of success. The logarithm of
the fundraising goal, that is the projects request-
ed funds, was also significant. A large fundraising
goal dramatically decreased a campaign’s chance of
success. If the project was promoted on the site as a
staft pick during the pandemic, then the chances of

the campaign succeeding increased. A longer cam-
paign length minorly decreased a campaign’s chance
of success. Concerning interaction eftects of signif-
icance, preparation time was even more important
during the pandemic, as was the negative effect of
longer campaigns and larger goals during the pan-
demic.

The KS product categories deserve special atten-
tion. All of the KS project categories (relative to the
chosen category of art) were significant, with some
categories having increased odds of success rates:
comics, dance, fashion, film & video, games, music,
publishing, and theater. Other categories had the op-
posite effect, decreasing success rates: crafts, design,
food, journalism, photography, and technology. The
interaction effects between categories and the pan-
demic are as follows. Comics, crafts, dance, film &
video, food, journalism, music, publishing, technol-
ogy, and theatre all had negative interaction effects.
But so powerful was the direct Pandemic Period ef-
fect that even those categories had a higher chance of
success overall. One specific effect worth spotlight-
ing is that the design category fared very well during
the pandemic period with an interaction odds ratio
increase of 757.9%.

Concerning the first of the OLS regressions, par-
adoxically, the number of backers for campaigns
increased during the pandemic (B= .427, p=.002).
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Figure 8: Visual comparisons of means for the 3 linear regressions in this study by pandemic period

Correlations and the results of this model can be
found in Figure 14. Thus, H1.2 is supported. Sim-
ilarly. the time that the fundraiser spent preparing
their campaign before launching it also increased
the number of backers. Longer campaigns had few-
er backers especially so during the pandemic. And
KS spotlighting a campaign increased the number
of backers. Surprisingly the larger a campaign’s goal,
the more backers it gained, especially so during the
pandemic (interaction effect) which contrasts with
the first model that showed the chance of a campaign
failing increased as the funding goal increased. Thus,
we can likely conclude that even though campaigns
with larger goals gain more backers it does not offset
the additional amount of funds required to succeed,
or simply that although a large campaign may gain

backers, they may pledge fewer funds. This subject
will be revisited in the next two models.

The pandemic effect on backers in each KS category
was not as strong as in the logistic regression mod-
el. The number of backers during the pandemic in a
few categories was higher or lower. To present a few
of the interesting findings, film & video and tech-
nology were among the worst-performing catego-
ries with regard to the pandemic, whereas the design
category during the pandemic performed the best of
any category.

The second OLS regression, the ratio of funds raised
to a campaign’s goal, was similar to the model for
the number of backers. The Pandemic Period’s direct
effect improved the ratio of funds dramatically (B=
1.401, p<.001). Correlations and the results of this
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Contingency Tables

Pandemic Period?

Successful or Failed No Yes Total
failled Count 45380.000 2013.000 47393.000
Expected count 44049.350 3343.650 47393.000
successful Count 61356.000 6089.000 67445.000
Expected count 62686.650 4758.350 67445.000
Total Count 106736.000 8102.000 114833.000
Expected count 106736.000 8102.000 114838.000
Chi-Squared Tests
Value df p
X 970.102 1 < 001
Likelihood ratio 1023.191 1 < 001
N 114838

Log Odds Ratio

95% Confidence Intervals

Log Odds Ratio Lower Upper p
Odds ratio 0.805 0.753 0.857
Fisher's exact test 0.805 0.753 0.858 = 001

Figure 9: Successful and failed campaigns by pre-pandemic and pandemic period

model can be found in Figure 15. Thus, H1.3 is sup-
ported. Preparation time increased the ratio of funds
raised, especially so during the pandemic (interac-
tion effect). Whereas the length of the campaign
and the campaign goal had a negative impact on
the ratio of funds raised, again especially so during
the pandemic. Staff Pick, as seen in each previous
model, was dramatically favorable for campaign per-
formance. Category performance was similar to the
previous model for the number of backers. The ratio
of funds raised by design during the pandemic was
impressive (B= .987, p<.001), while technology and
film & video performed more poorly than normal.

The third OLS regression concerning the average
pledge per backer (funder) for a campaign, required
a more nuanced interpretation. Where an initial
examination of the data showed that the average

pledge per backer had been very slightly higher
during the pandemic, and where that would have
broadly agreed with the previous three models,
Pandemic Period in the final OLS regression model
showed a negative effect on the average pledge per
backer (B= -.430, p=.001.). Correlations and the re-
sults of this model can be found in Figure 16. Thus,
H1.4 is supported. A further examination of the data
shows potential reasons that might be. First, it must
be acknowledged that the model might not account
for unknown and unaccounted-for variables. In fact,
the R-squared value for this model is the lowest of
the four models presented. However, another likely
explanation for why the average pledge per backer
appears higher in the pandemic period, but is not at-
tributable to the pandemic period directly, is that at
least partially the increased percentage of staft picks,
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Pairwise mean comparisons (t-test)

Data : LN_all_3_pand_period_ratio_backer_dv
Variables : Pandemic_Period, LN_NumBacker
Samples : independent

Confidence: ©.95

Adjustment: None

Pandemic_Period mean n n_missing sd se me
No 2.894 106,736 9 2.310 0.007 ©.014
Yes 4.092 8,102 9 1.873 0.021 @.041
Null hyp. Alt. hyp. diff p.value

No = Yes No not equal to Yes -1.198 < .@@1 F**

Signif. codes: @ '*=*' g @@l '**' @.01 '*' @.05 '.' 0.1 " ' 1

Pairwise mean comparisons (t-test)

Data : LN_all 3 pand_period_ratio_backer_dv
Variables : Pandemic_Period, LN_Ratio

Samples : independent

Confidence: 8.95

Adjustment: None

Pandemic_Period mean n n_missing sd se me
No -©.561 106,736 © 1.284 0.004 0.008
Yes ©.262 §,102 © 1.487 ©.017 0.032

Null hyp. Alt. hyp. diff p.value

No = Yes No not equal to Yes -9.824 < .@P1 xxx

Signif. codes: @ '***' @.001 '**' ©9.01 '*' ©.05 '." €.1 " ' 1

Pairwise mean comparisons (t-test)

Data : LN _all 3 pand period ratio backer dv
Variables : Pandemic_Period, LN_Pledge_backer
Samples : independent

Confidence: 0.95

Adjustment: None

Pandemic Period mean n n_missing sd se me
No 3.347 106,736 9 2.021 0.006 ©.012
Yes 3.800 8,102 9 1.179 ©.013 ©.926

Null hyp. Alt. hyp. diff p.value

No = Yes No not equal to Yes -0.452 < .0@1 (xxx

Signif. codes: @ '"***' g @l '**' @.@1 '*' @.05 '.' ©.1 ' ' 1

Figure 10: Comparisons of means (T-Test) for the 3 linear regressions in this study by pandemic period
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Pearson's Correlations

Variable LN(Prep time) Campaign length days LN(Goal)
1. LN(Prep time) Pearson's r —
2. Campaign length days Pearson's r -0.005 —
3. LN(Goal) Pearson'sr 0183 0209 —

*p=<.05"p<.01,"p=<.001

Logistic regression (GLM)

Data 1 LN_all_3_pand_period_ratio_backer_dv
Response variable 1 Successful_or_Failed
Level 1 successful in Successful_or_Failed

Explanatory variables: Pandemic_Period, LMN_Prep_time_, Campaign_length_days, LN_Goal_, Staff_Pick, Category
Null hyp.: there is no effect of x on Successful_or_Failed

Alt. hyp.: there is an effect of x on Successful_or_Failed
oR OR% coefficient std.error z.value p.value

(Intercept) 3.876 @.e5@ 78.812 < .e@1 ***
Pandemic_Period|Yes 11.960 1,9896.8% 2.482 8.237 18.467 < .81 ***
LN_Prep_time_ 1.273 27.3% @.241 9.884 66.700 < .91 ***
Campaign_length_days e.980e -2.e% -e.020 8.e81 -32,717 < .e@1 ***
LN_Goal_ 2.644 -35.6% -8.440 9.8086 -77.668 < .@@1 ***
Staff_Pick|Yes 12.973 1,197.3% 2.563 ©.832 79.437 < .e@l *x*
Category|Comics 3.758 275.8% 1.322 ©.858 22,638 < .0@1 ***
Category|CraFts ©.353 -64.7% -1.e41 9.843 -24.344 < .eel ***
Category|Dance 2.883 188.3% 1.859 ©.e68 17.759 < .e@l ***
Category|Design e.443  -55.7% -@.815 8.85e -16.444 < .eel ***
Category |Fashion 1.124 12.4% 8.117 8.e38 3.885 8.ee2 **
Category |Film & Video 1.468 46.8% @.384 9.827 13.969 < .@@1 ***
Category | Food 9.442 -55.8% -8.815 ©.832 -25,341 < .e@1 ***
Category |Games 1.1ee 18.8% ©.095 @.e4e 2.357 e.e18 *
Category|Journalism @.345 -65.5% -1.865 ©.853 -19.934 < .e@l ***
Category |Music 1.988 98.8% ©.687 8.826 26.128 < .8@1 ***
Category |Photography .42 -59.8% -8.911 8.e46 -19.597 < .eel ***
Category |Publishing 1.327 32.7% ©.283 2.831 9,152 < .@@1 ***
Category|Technology e.s7e -13.e% -e.139 8.832 -4.377 < .eel ***
Category |Theater 1.357 35.7% ©.386 @.e51 5.951 < .@@1 =**
Pandemic_Period|Yes:LN_Prep_time_ 1.894 9.4% 0.890 8.819 4.719 < .B@1 ***
Pandemic_Period|Yes:Campaign_length_days ©.984 -1.6% -8.016 8.803 -5.978 < .@@1 ***
Pandemic_Period|Yes:LN_Goal_ 8.851 -14.9% -8.161 8.828 -5.799 < .@@1 **¥
Pandemic_Period|Yes:Staff_Pick|Yes 1.085 8.5% 9.081 8.162 ©.501 @.617
Pandemic_Period|Yes:Category|Comics 8.752 -24.8% -9.286 8.176 -1.621 8.185
Pandemic_Period|Yes:Category|Crafts 8.794 -20.8% -8.231 8.218 -1.896 ©.273
Pandemic_Period|Yes:Category|Dance e.72e -28.e% -@.328 8.721 -8.,456 ©.649
Pandemic_Period|Yes:Category|Design 8.579 757.9% 2.149 8.174 12.388 < .@@l ***
Pandemic_Period|Yes:Category|Fashion 1.577 57.7% ©.456 8.178 2.554 @.011 *
Pandemic_Period|Yes:Category|Film & Video ©.333 -66.7% -1.101 8.143 -7.725 < .@@1 ***
Pandemic_Period|Yes:Category|Food 08.998 -0.2% -8.0803 8.151 -0.817 0.987
Pandemic_Period|Yes:Category|Games 2.954  195.4% 1.883 8.165 6.566 < .@@1 ***
Pandemic_Period|Yes:Category|Journalism 8.623 -37.7% -9.474 e.304 -1.559 @.119
Pandemic_Period|Yes:Category|Music ©.820 -18.e% -9.198 8.147 -1.345 @.179
Pandemic_Period|Yes:Category|Photography 1.925 92.5% 8.655 ©.273 2.3%6 8.017 *
Pandemic_Period|Yes:Category|Publishing 1.217 21.7% 8.196 @.142 1.379 @.le8
Pandemic_Period|Yes:Category|Technology ©8.385 -61.5% -8.955 8.129 -7.421 < .@@l ***
Pandemic_Period|Yes:Category|Theater 1.129 12.9% e.122 8.511 ©.238 @.812

Signif. codes: @ '***' p.ge1 '**' @.@1 '*' @.05 '.' .1 ' ' 1

Pseudo R-squared: ©.222

Log-likelihood: -60521.878, AIC: 121118.157, BIC: 121484,985

Chi-squared: 34637.799 df(37), p.value < .@el

Nr obs: 114,838

Figure 11: Correlations and logistic regression of successful or failed campaigns
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Figure 12: Campaigns by deadline date From 2009 until December 31st, 2020
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Figure 13: Campaigns by deadline date from 2009 until December 31st, 2020, separated by pre-pan-
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Pearson's Correlations

Variable LN(Prep time) Campaign length days LN(Goal) LN NumBacker
1. LN(Prep time) Pearson's r —
2. Campaign length days Pearson's r -0.005 —
3. LN(Goal) Pearson's r 0.183* 0209 —
4. LN NumBacker Pearson's r 0331 -0.090** 0.078* —

“p=.05"p=.01 " p=.001

Linear regression (OLS)

Data : LN_all_3_pand_period_ratio_backer_dv

Response variable ¢ LN_NumBacker

Explanatory variables: Pandemic_Period, LN_Prep_time_, Campaign_length_days, LN_Goal_, Staff_Pick, Category
Null hyp.: the effect of x on LN_NumBacker is zero

Alt. hyp.: the effect of x on LN_NumBacker is not zero

coefficient std.error t.value p.value

(Intercept) 2.236 9.839 56.71@ < .@@1 ***
Pandemic_Period|Yes 9.427 9.141 3.832 ©.002 **
LN_Prep_time_ 9.278 9.803 95.349 < .01 ***
Campaign_length_days -8.813 9.881 -25.594 < .@@1 ***
LN_Goal_ 8.ell1 9.884 2.415 ®©.09l6 *
Staff_Pick|Yes 2.212 8.018 122.885 < .@@1 ***
Category|Comics 1.198 9.837 31.967 < .@81 ***
Category|Crafts -9.729 8.837 -19.944 < ,@@1 ***
Category|Dance 9.261 8.844 5.985 < .01 ***
Category|Design -8.152 9.842 -3.585 < .@01 ***
Category|Fashion 8.211 8.833 6.392 < ,@@1 ***
Category|Film & Video 8.129 ©.824 5.435 < .@@1 ***
Category|Food -8.512 ©.027 -19.878 < .@01 ***
Category|Games 0.486 ©.835 13.816 < .@@1 ***
Category|Journalism -8.958 9.843 -22.094 < .@P1 ***
Category|Music @.361 9.822 16.137 < .@e1 ***
Category|Photography -8.708 9.839 -17.999 < .81 ***
Category|Publishing 0.1%@ 09.826 7.234 < .00l ***
Category|Technology 8.291 ©.828 1@.539 < .B@1 ***
Category|Theater 8.829 8.844 ©8.654 ©.513
Pandemic_Period|Yes:LN_Prep_time_ -8.061 ©.813 -4.841 < ,001 ***
Pandemic_Period|Yes:Campaign_length_days -@.887 8.882 -3.679 < .@@1 ***
Pandemic_Period|Yes:LN_Goal_ 9.151 ©.017 8.702 < .B@1 ***
Pandemic_Period|Yes:Staff_Pick|Yes -9.718 ©.866 -10.815 < .@01 ***
Pandemic_Period|Yes:Category|Comics -8.775 9.896 -8.887 < .@@1 ***
Pandemic_Period|Yes:Category|Crafts -8.199 9.172 -1.158 ©.247
Pandemic_Period|Yes:Category|Dance -8.630 9.497 -1.268 ©.205
Pandemic_Period|Yes:Category|Design 1.832 B8.184 9.931 < .@P1 ***
Pandemic_Period|Yes:Category|Fashion -8.030 ©.111 -8.273 ©.785
Pandemic_Period|Yes:Category|Film & Video -1.215 9.109 -11.128 < .B@1 ***
Pandemic_Period|Yes:Category|Food -8.197 ©8.116 -1.691 ©.091 .
Pandemic_Period|Yes:Category|Games 9.433 ©.998 4.398 < .@@1 ***
Pandemic_Period|Yes:Category|Journalism -9.532 9.230 -2.312 @.021 *
Pandemic_Period|Yes:Category|Music -8.638 0.183 -6.179 < .001 ***
Pandemic_Period|Yes:Category|Photography 9.244 8.197 1.240 ©.215
Pandemic_Period|Yes:Category|Publishing -9.338 8.894 -3.594 < .B@1 ***
Pandemic_Period|Yes:Category|Technology -1.389 ©.999 -14.044 < .B@1 ***
Pandemic_Period|Yes:Category|Theater -8.875 ©.379 -2.309 ©.021 *
Signif. codes: @ '***' §.eel '**' @.@1 '*' @.85 '." 8.1 ' ' 1

R-squared: ©.274, Adjusted R-squared: @.274
F-statistic: 1178.738 df(37,114808), p.value < .@01
Nr obs: 114,838

Figure 14: Campaigns by deadline date from 2009 until December 31st, 2020, separated by pre-pan-
demic period above, and pandemic period below
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Pearson's Correlations

Variable LN(Prep time) Campaign length days LN(Goal) LN Ratio
1. LN(Prep time) Pearson's r —
2. Campaign length days Pearson's r -0.005 —
3. LN(Goal) Pearson's r 0.183** 0.209" —
4. LN Ratio Pearson's r 0.228** -0.178** =0.272*= —

*p=.05*p=.01 **p= 001

Linear regression (OLS)

Data : LN_all_3_pand_period_ratio_backer_dv

Response variable : LN_Ratio

Explanatory variables: Pandemic_Period, LN_Prep_time_, Campaign_length_days, LN_Goal_, Staff_Pick, Category
Null hyp.: the effect of x on LN_Ratio is zero

Alt. hyp.: the effect of x on LN_Ratio is not zero

coefficient std.error t.value p.value

(Intercept) 1.639 8.922 74.498 < .@@l ***
Pandemic_Period|Yes 1.4e1 9.879 17.831 < .@@1 ***
LN_Prep_time_ 9.131 @.802 80.802 < ,@01 ***
Campaign_length_days -0.009 9.000 -32.668 < .@01 ***
LN_Goal_ -8.276 9.082 -111.455 < .@@l1 ***
Staff_Pick|Yes 1.1e9 8.018 118.319 < .80l ***
Category|Comics 8.534 8.821 25.538 < .8@1 ***
Category|Crafts -9.461 9.820 -22.619 < .@@L **=
Category|Dance 8.182 8.824 7.479 < .@@1 **=
Category|Design -9.158 @.824 -6.695 < ,001 ***
Category|Fashion 9.202 9.018 10.934 < .@@1 ***
Category|Film & Video 8.e77 9.013 5.831 < .@@1 ***
Category|Food -8.372 9.915 -24.839 < .@@1 ***
Category|Games @.152 @.e20 7.723 < .@@1 **=
Category|Journalism -0.607 9.924 -25.871 < .@@l ***
Category|Music 9.172 @.e12 13.758 < .@@l **=
Category | Photography -0.443 9.022 -20.169 < .@01 ***
Category|Publishing @.068 8.815 4.188 < .@B1l ***
Category|Technology 9.288 9.015 13.514 < .@@1 ***
Category|Theater 9.886 8.824 8.233 @.816
Pandemic_Period|Yes:LN_Prep_time_ @.819 @.007 2.785 9.887 **
Pandemic_Period|Yes:Campaign_length_days -8.008 9.891 -5.568 < .@@1 ***
Pandemic_Period|Yes:LN_Goal_ -9.853 9.818 -5.473 < .8@1 ***
Pandemic_Period|Yes:Staff_Pick|Yes -9.121 ©.837 -3.,276 @.801 **
Pandemic_Period|Yes:Category|Comics -9.540 ©.854 -10.689 < .91 ***
Pandemic_Period|Yes:Category|Crafts -8.360 9.896 -3.762 < .8@1 ***
Pandemic_Period|Yes:Category |Dance -8.594 8.277 -2.142 ©.832 *
Pandemic_Period|Yes:Category|Design 0.987 9.958 17.886 < .@@l ***
Pandemic_Period|Yes:Category|Fashion @8.832 8.862 8.521 @.602
Pandemic_Period|Yes:Category|Film & Video -9.828 9.861 -13.589 < .@@1 **=
Pandemic_Period|Yes:Category |Food -9.253 9.865 -3.894 < .@@l ***
Pandemic_Period|Yes:Category|Games 0.289 0.e55 5.258 < .@@l ***
Pandemic_Period|Yes:Category|Journalism -8.471 8.128 -3.678 < .8@1 ***
Pandemic_Period|Yes:Category |Music -8.514 8.858 -8.926 < .@@1 ***
Pandemic_Period|Yes:Category |Photography @.11e e.11e 1.8e2 @.316
Pandemic_Period|Yes:Category|Publishing -8.384 8.852 -7.321 < .8@1 ***
Pandemic_Period|Yes:Category|Technology -9.738 ©.855 -13,358 < ,@@1 ***
Pandemic_Period|Yes:Category|Theater -9.448 9.212 -2.119 ©.834 *
Signif. codes: @ '***' g.@gpl '**' @.81 '*' @.@5 '.' ©.1 ' ' 1

R-squared: ©.388, Adjusted R-squared: 8.387
F-statistic: 1378.994 df(37,114808), p.value < .00l
Nr obs: 114,838

Figure 15: Correlations and OLS linear regression of the natural logarithm of the ratio of funds raised
to the campaign goal (pledged/goal) by campaigns
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Pearson's Correlations

Variable LN(Prep time) Campaign length days LN(Goal) LN Pledge /backer
1. LN(Prep time) Pearson's r _
2. Campaign length days Pearson's r -0.005 —_
3. LN(Goal) Pearson's r 0.183** 0.209*** —
4. LN Pledge /backer Pearson's r 0.262*** -0.047*** 0.051** —

2p<.05.p<.01,*"p

Linear regression (OL
Data
Response variable

Explanatory variables: Pandemic_Period, LN_Prep_time_, Campaign_length_days, LN_Goal_, Staff_Pick, Category

<.001

5)

: LN_all_3_pand_period_ratio_backer_dv

: LN_Pledge_backer

Null hyp.: the effect of x on LN_Pledge_backer is zero
of x on LN_Pledge_backer is not zero

Alt. hyp.: the effect

(Intercept)
Pandemic_Period|Yes
LN_Prep_time_
Campaign_length_days
LN_Goal_
Staff_Pick|Yes
Category|Comics
Category|Crafts
Category|Dance
Category|Design
Category|Fashion

Category|Film & video

Category|Food
Category|Games
Category|Journalism
Category|Music
Category|Photography
Category|Publishing
Category| Technology
Category| Theater
Pandemic_Period|Yes:
Pandemic_Period|Yes
Pandemic_Period|Yes:
Pandemic_Period|Yes
Pandemic_Period|yes:
Pandemic_Period|Yes
Pandemic_Period|Yes
Pandemic_Period|Yes:
Pandemic_Period|Yes
Pandemic_Period|Yes:
Pandemic_Period|Yes
Pandemic_Period|Yes:
Pandemic_Period|Yes
Pandemic_Period|Yes
Pandemic_Period|Yes
Pandemic_Period|Yes
Pandemic_Period|yes
Pandemic_Period|Yes:

Signif. codes: @ '**

R-squared: 8.189, Adjusted R-squared: ©.189

LN_Prep_time_

:Campaign_length_days

LN_Goal_

:Staff_Pick|Yes

Category|Comics

:Category|Crafts
:Category|Dance

Category|Design

:Category|Fashion

Category|Film & Video

:Category | Food

Category|Games

:Category | Journalism
:Category|Music
:Category | Photography
:Category|Publishing
:Category| Technology

Category| Theater
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Figure 16: Correlations and OLS linear regression of the natural logarithm of the average pledge per

backer
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during the pandemic, and the Staff Pick large effect
size, compared to the pre-pandemic time frame. For
a contingency table of staff picks by pre-pandemic
and pandemic periods see Figure 17. One last sur-
prising effect was the interaction between Pandemic
Period and Staff Pick where the positive effect was
moderated somewhat.

Longer preparation time increased the average
pledge per backer, although slightly less so during
the pandemic. A longer campaign length decreased
the average pledge per backer and during the pan-
demic that decrease was slightly larger an effect. A
larger campaign goal decreased the average pledge
per backer; however, during the pandemic, a larger
campaign increased the average pledge per backer.
The average pledge per backer in each of the KS cat-
egories was impacted similarly to Model 2, the ratio
model presented previously. Film & video, and tech-
nology, were among the worst-performing catego-
ries with regard to the pandemic, whereas the design
category during the pandemic performed the best
of any category. Full category details can be found
in the attached tables. Thus, there is partial support
for H2.1. Categories such as design and games which
provide typically tangible rewards, performed better
than those that do not such as the food, theater, or
film categories. However, the extreme positive effect
size of the pandemic period factor was enough to
outweigh many category-specific effects on success,
funds raised, and backer count.

Discussion

CE as an online activity is a relatively new form of
financing. Given its rapid rise and undeniable im-
portance, its study is warranted. This paper offers
unique insight into the previously unexamined im-
pact of the COVID-19 pandemic. This paper has
contributed to the broader academic literature by
confirming some recognized success factors. Fur-
thermore, this paper has demonstrated a previously
unexplored factor, the pandemic, and proven it to
be highly significant, and with a large effect on cam-
paign success. The pandemic period beginning fully
in May 2020, can be considered unique and worthy
of further exploration.

Returning to the practitioner’s most important ques-
tions, outlined at the beginning of this paper: “Is
now a good time to use CF to finance my new proj-
ect or venture, or will the pandemic hurt my chances
of success?” We can answer it authoritatively now.
It is indeed a great time to use RBCF to start a new
venture or begin a project, with success rates being
at an all-time high. Campaigns are seeing a higher
number of backers, and projects are experiencing
better overall funding, as a percent to goal, as a result
of the pandemic. How long that continues to be the
case, has yet to be seen.

And although these results are of great comfort to

practitioners seeking funding, it represents just a
first examination of RBCE its success factors, and
the influence of the pandemic. It did not examine
any of the other types of CE namely the investment
models, equity, and lending. These are limitations
in part, but realistically just represent future oppor-
tunities for other researchers to explore. There are
many reasons to suppose that the results of this pa-
per might not extend to the other CF models, as pre-
vious systematic literature reviews have demonstrat-
ed that while CF may share some success factors,
others are unique to the CF model (Shneor & Vik
Amy, 2020). One interesting avenue of exploration
would be in testing some conclusions of researchers
who have stated that RBCF funders are essentially
acting as a traditional investors (A. K. Agrawal et al.,
2011). By testing the effects of the pandemic on in-
vestment and non-investment CF, something more
might be added to that discussion.

As a brief aside, two points are worth mentioning
concerning the findings on goal size and campaign
length on RBCF success. The effect of goal size and
campaign length has not been entirely consistent
across prior CF studies (Shneor & Vik Amy, 2020),
despite many studies finding, similar to this study,
that goal size and duration decrease chances of suc-
cess, backers, or funds raised (Barbi & Bigelli, 2017;
Du et al,, 2019; Kunz et al., 2017; Oo et al., 2019;
Zheng et al., 2016). This discrepancy likely indicates
nonlinear effects, or even yet-undiscovered factors
(Shneor & Vik Amy, 2020). Although there have been
suggestions that longer campaigns or larger goals
signal to the funder a lack of confidence, or an over-
reach, there has been research into this nonlinear re-
lationship worth exploring briefly here. The seminal
research of Kuppuswamy and Bayas explains some
of the inconsistency, where they state that there is
a nonlinear, dynamic, interaction between funders
and prior contributions over the length of the cam-
paign and that funders are more inclined to fund a
campaign if their contributions will make an impact,
which likely occurs when a realistic and lower goal is
set as the target and this ‘goal gradient’ effect can be
achieved (Kuppuswamy & Bayus, 2017).

An examination of individual fundraisers whose
campaigns failed could also prove fruitful. Some-
times a fundraiser will launch another campaign, or
go on to seek traditional financing if they have not
already, or another type of CE But if success rates
elsewhere are also low, and funding scarce, then
there might not be as many alternative outlets for an
entrepreneur to check. A replication, and extension,
of some of Mollick & Kuppuswamy’s 2014 study
could create valuable insights into what occurs ‘af-
ter the campaign, but in light of the Pandemic (E. R.
Mollick & Kuppuswamy, 2014).

Some of the findings relating to the RBCF product
type categories in this article might also illuminate
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future research. Further study of ideas generated by
previous research examining rewards as strategic as-
sets in CF (Thiirridl & Kamleitner, 2016) might be
able to draw distinctions between tangible (material/
physical goods) and intangible rewards (immaterial/
experiential) by product category that could further
explain the success of some categories such as De-
sign compared to the poorer performers during the

Contingency Tables

pandemic such as film & video or technology.

Also interesting is the potential impact on CFPs.
When a campaign succeeds on an AON CFP, then
the CFP makes money through fees, usually around
5%, drawn from the funds raised by the fundraiser. If
success rates and total projects have increased, then
the CFP is seeing a similar increase in its revenue. It
is not unforeseeable that more CFPs would join the

Staff Pick
Pandemic Period No Yes Total
No Count 92126.000 14610.000 106736.000
Expected count 91991.230 14744770 106736.000
% within row 86.312 % 13.688 % 100.000 %
Yes Count 6848.000 1254.000 8102.000
Expected count 6982.770 1119.230 8102.000
% within row 84.522 % 15.478 % 100.000 %
Total Count 98974.000 15864.000 114838.000
Expected count 98974.000 15864.000 114838.000
% within row 86.186 % 13.814 % 100.000 %
Chi-Squared Tests
Value df o]
X2 20.258 1 < .001
Likelihood ratio 19.664 < .001
N 114838
Log Odds Ratio
95% Confidence Intervals
Log Odds Ratio Lower Upper p
Odds ratio 0.144 0.081 0.207
Fisher's exact test 0.144 0.080 0.207 < .001

Figure 17: Contingency table of staff pick by pandemic period
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market. Another question ff interest to the already
established CFPs is how they can maintain those
revenues as the pandemic winds down.

How will the fundraisers deliver on their rewards and
campaign promises? Previous research has already
shown that many campaigns fulfill their promises
late, and a few do not at all (E. Mollick, 2014; E. R.
Mollick & Kuppuswamy, 2014). Furthermore, fund-
raisers are not necessarily in the position to budget,
schedule appropriately, or adjust their business plans
as they become more informed, as many do not have
any business to speak of, or even estimates before be-
ginning the CF campaign (E. Mollick, 2014). Further
research could examine if there is an increase in the
number of campaigns that did not put serious effort
into thoughts of how to fulfill those promises being
suddenly put into a position to deliver?

There will likely need to be a reexamination of fraud
rates in the face of this changing landscape. Without
one, and if there has been a corresponding increase
in fraud as a result of the higher than pre-pandem-
ic success rates, CF may face a decline due to lost
trust from funders, or from increased regulation
(Cumming, Hornuf, Karami, & Schweizer, 2020). In
fact in late 2021, Indiegogo, another large CFP an-
nounced that they would begin manually reviewing
campaigns, and were actively working on ideas to
combat fraud and deceit (“10 Years, 1 Takeaway: It’s
All About Community & Trust,” 2021)

While these results are all intriguing, this study
has several limitations which are outlined, or high-
lighted again, here. First, this study only looked at
one CFP. Although the dates were comprehensive
of most of the modern RBCF timeline, other CFPs
were operating before KS, and are worthy of atten-
tion. Second, only non-investment CFE, specifically
RBCE was examined and only those projects that
were extractable from available data. Third, how the
CF landscape continues to change into 2021 and
onwards was left unexamined. In addition, no inter-
national CFPs were examined, and no conclusions
about the broader CF market in other countries were
drawn. It is certainly conceivable that what was dis-
covered would apply to other countries, but further
investigation is warranted.

Further economic measures have not been consid-
ered in the models and might be examined in more
detail in future studies. Exploration of the effects of
factors such as GDP, CPI, housing prices, stock mar-
ket measures, unemployment, and average hourly
earnings might add additional insight. It is already
acknowledged that there is a paucity of research
relating to macro-level factors in the CF literature
(Shneor & Vik Amy, 2020). An examination of mac-
roeconomic factors in the RBCF space is lacking in
particular.

Lastly, all of the various unique anomalies during

the pandemic taken together might give credence to
the proposition that increased relief funds, and tax
credits, could explain, in part, increased CF spend-
ing during the pandemic. However, caution must be
taken as personal income and disposable personal
income, although volatile during 2020, did not in-
crease dramatically for an extended period of time,
with only April seeing a truly large temporary spike
(“Personal Income and Outlays, December 2020
| U.S. Bureau of Economic Analysis (BEA),” 2021;
“Personal Income and Outlays, July 2020 | U.S. Bu-
reau of Economic Analysis (BEA),” 2021). Further
research, again, likely tying into the macroeconomic
factors just mentioned, is needed.

Conclusions

This paper was an empirical research effort. In the
same vein as other natural experiments, the goal
was to uncover evidence of how the COVID-19
pandemic, acting as a treatment in an experiment,
might have affected the subject of interest, RBCE.
Comparing the pandemic period, between May and
December 2020, to all of the data from the pre-pan-
demic period from when KS first launched in 2009,
provided a great opportunity to answer important
questions.

The evidence examined in this paper suggests that
entrepreneur success rates, the number of backers,
the ratio of funds raised, and the funds pledged per
backer, have all changed during the heart of the
COVID-19 pandemic. Entrepreneurs were rightful-
ly concerned that the pandemic might induce an-
other financial crisis similar to the one that began
in 2008. That financial crisis endangered many firms
and hurt or delayed many entrepreneurial dreams.
Fortunately, the COVID-19 pandemic proved to be
far different for those willing to use RBCE.

During the COVID-19 pandemic, ithasbeen demon-
strated that despite the average pledge per backer be-
ing negatively impacted by the pandemic, the odds
of a campaign succeeding were much higher and
that the pandemic also positively affected the ratio
of funds raised to a campaign’s goal and the number
of campaign backers. The pandemic can now be said
to be a truly unique period of time. Contrasting with
the financial crisis in 2008, where it was seen as dif-
ficult for many entrepreneurs to raise capital, 2020
can be viewed as a period of time where the ‘Crowd’
did what traditional financial institutions struggled
to do roughly a decade earlier: fund new business
ventures, and keep entrepreneurial hope alive.
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