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Machine learning, Prior research argues that the characteristics of crowdfunding
crowdfunding success campaigns affect their success rate. We examine this further
factors, venture capital to understand whether success in funding projects can be
(VC), entrepreneurial predicted by associated project characteristics. We apply
experience machine learning to classify reward-based projects in the

crowdfunding market. Specifically, we construct three
classification tree-based models and provide evidence that the
proposed machine learning models have a strong out-of-sample
predictive power over the probability of fundraising success. In
addition, the robustness check through both logistic regression
and propensity score matching approaches confirms that
project characteristics, except for those linked to venture
capital, are among the factors behind crowdfunding
campaign success. This study can assist entrepreneurs in
understanding the impact of project characteristics on the
crowdfunding success rate.

1. Introduction

Crowdfunding has broadened access to funding and changed the way capital is raised in the
current times. Compared with traditional forms of finance, crowdfunding is still a young and
evolving form of finance where entrepreneurs or start-up companies finance new ideas, products,
or services by soliciting funds from a large number of crowdfunders via the Internet. Prior
research contends that the characteristics of crowdfunding campaigns affect their success rate.
Unlike many studies that used regular econometric techniques to identify factors behind success
in securing funds in the crowdfunding market, our study adopts a machine learning (ML)
approach to distinguish factors behind successful fundraising from those behind failed
fundraising. With the advance of computer technology, ML algorithms have been applied
recently to forecast asset returns in financial markets. We implement three ML algorithms,
namely, decision tree, random forest, and gradient boosted tree, which enable computers to
recognize patterns, that is, crowdfunding factors contributing to a positive fundraising outcome
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such that the fundraising proceeds exceed the crowdfunding target set by an entrepreneur. The
empirical results of application of the algorithms point out that an entrepreneur’s experience is
the most important factor determining the success of a crowdfunding campaign. Put differently,
the more experienced entrepreneurs are in convincing potential crowdfunders to finance a
campaign, the better chance the campaign has that it will thrive. As a robustness check, a
logistic regression model is deployed to investigate the relationship of crowdfunding attributes
with the odds of succeeding in the crowdfunding market. We discover that majority of
crowdfunding attributes are statistically significant and connected to the success rate of a
crowdfunding event, evidence in agreement with the results of our ML models.

Additionally, we scrutinize the role of venture capital (VC) in crowdfunding campaigns. In
respect of entrepreneurs and VC firms, crowdfunding is not only a financing method but also a
means of expanding prospective online contributors. The literature on entrepreneurial finance
generally supports the endorsement effect that traditional VC-funded seed ventures signal to
the outsiders the superiority (i.e., superior quality) of the VC-backed over non-VC-backed start-
ups. There have been few studies, however, exploring the endorsement effect of venture
capitalists on the success rate of a crowdfunding campaign. Drawing on propensity score
matching method, this study also aims at filling this gap within the literature and analyzes, as
research question, the impact of VC endorsement on the chances of a crowdfunding campaign
success. It must be noted that, if the use of VC eliminates the information asymmetry inherent
in start-ups that raise funds through crowdfunding, VC-backed start-ups viewed as high-quality
investments will become more appealing to crowdfunders than their non-VC-backed
counterparts viewed as low-quality investments. In other words, VC-backed crowdfunding
campaigns may be more successful than those not funded by VC. The results of propensity score
matching model imply that VC support does not raise the success probability in the
crowdfunding market, contrary to the literature on entrepreneurial finance. In sum, our models
with their findings contribute to the existing literature on crowdfunding success rate.

The rest of the paper is organized as follows. Section 2 reviews the related literature, which
is followed by the hypothesis and an elaboration of the data and methodology in Section 3.
Subsequently, Section 4 discusses the results of the ML algorithms. Section 5 presents the
findings of logistic regression and propensity score matching. Section 6 concludes the study.

2. Literature Review

This section reviews the literature on key factors behind crowdfunding success. This is
followed by the review of literature on the capabilities of venture capitalists in sorting and
shepherding start-ups.

2.1 Determinants of Crowdfunding Success

The crowdfunding literature tends to support the notion that the market demand,
information transparency, confidence, and crowdfunding experience are associated with the
outcomes of a crowdfunding campaign. The attributes of reward proposals may trigger market
demand, which, in turn, is critical for success of crowdfunding projects (Wei & Lin, 2016).
Backers’” willingness to pre-acquire crowdfunding rewards hinges on the information
transparency of a crowdfunding project (Oo et al., 2019; Lagazio & Querci, 2018). Several studies
(Mollick, 2014; Arrow, 1962) validate the viewpoint that the confidence and experience of
entrepreneurs are positively related to the probability of crowdfunding success.
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2.2 Screening Process of Venture Capitalists

The literature on entrepreneurial finance agrees on the importance of the role of VC in
financial markets owing to VC’s screening activities for start-ups. The role of venture capitalists
is different from that of individual investors, also known as backers in the context of reward-
based crowdfunding. The body of literature on the role of VC in the entrepreneurial setting
verifies the standpoint that venture capitalists scout for and coach promising start-ups to boost
the overall return on their portfolio company investments (Baum & Silverman, 2004; Baum et
al., 2000).

Both high uncertainty and strong information asymmetry lead to adverse selection and
financing constraints for individual investors and entrepreneurs, respectively. However, venture
capitalists draw on screening activities to resolve the information asymmetry in financial markets.
Hence, the literature suggests that the dominance of venture capitalists over start-up
investments helps start-ups succeed (Gompers et al., 2008; Zacharakis & Meyer, 2000; Amit et
al., 1998; Fried & Hisrich, 1994).

Venture capitalists’ assessment of new venture survival aims to reduce the risk of adverse
selection. They consider the deal selection process the most important practice contributing to
value creation (Gompers et al., 2020; Shepherd, 1999; Tyebjee & Bruno, 1984). Typical
investment criteria in screening a deal are market awareness (e.g., size, growth, and access to
customers), product differentiation (e.g., patents and technical edge), managerial capabilities
(e.g., marketing and management skills and the references of entrepreneurs), and the cash-out
potential (e.g., mergers, acquisitions, and public offerings).

Although venture capitalists expend a great deal of effort on collecting information to
eliminate low-quality proposals, during a business pitch, they identify signals that would
determine whether the proposal will be successful (Kirsch et al., 2009; Rosch, 1975). The
research shows that the VC selection criteria comprise interorganizational endorsements (Stuart
et al., 1999), top-managers’ talent (Zarutskie, 2010; Franke et al., 2008; Beckman et al., 2007;
Eisenhardt & Schoonhoven, 1990; Becker, 1962), and founders’ human capital (Chatterji, 2008;
Colombo et al., 2004; Almus & Nerlinger, 1999; Stuart et al., 1999). These selection criteria are
positively correlated with the possibility of securing VC funds.

As most of the related literature examines the role of VC in equity-based crowdfunding
(Mamonov & Malaga, 2018; Mamonov et al., 2017; Lukkarinen et al., 2016; Ahlers et al., 2015),
we deal with reward-based crowdfunding and investigate whether the endorsement impact
brought by VC investment increases the likelihood of entrepreneurial firms to prosper in the
subsequent crowdfunding.
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3. Hypothesis and Data

Following Chang et al. (2021)’s study, we divide the attributes of a crowdfunding project
into five categories: the mastery of market demand, transparency of project information,
confidence of proponents, crowdfunding experience of proponents, and support of venture capital
(VC). If crowdfunding attributes come into play in the decision-making of both entrepreneurs
and backers, we would expect the subsequent outcome (either success or failure) of a
crowdfunding campaign to be susceptible to these attributes. Therefore, our crowdfunding
success hypothesis is articulated as follows:

H1: Crowdfunding attributes are positively correlated with the likelihood of being successful
in the crowdfunding market.

Our sample consists of 274,836 reward-based crowdfunding projects collected from both
Crunchbase website (https://www.crunchbase.com/home) and the FINDIT database
(https://findit.org.tw/English /index.aspx). Market demand is proxied by the actual proceeds
(Funding), the numbers of reward proposals (Nproposat) and backers (Npacker) in a crowdfunding
project. Information transparency is measured by the number of comments ( Neomment) posted by
backers and numbers of updates (Nupdaze), pictures (Npicture), and videos (Nuyigeo) uploaded by
proponents. Confidence is gauged by the duration of a crowdfunding campaign (Duration) and
the natural logarithm of the target amount of funding (Lngoal) set by a proponent. Experience
is quantified by the numbers of past successful (Nsuccess) and failed (Npiure) campaigns, and the
number of crowdfunding projects (Npacking) With which a proponent helps other proponents. VC
support is proxied by the amount of a VC’s investment ( VCmoney) and a dummy variable (VCy)
that takes on the value of one if a VC supports a crowdfunding start-up, and zero otherwise.
Whether a crowdfunding project succeeds or fails is indicated by a dummy variable (Successq)
that equals one if actual crowdfunding proceeds are higher than the fundraising goal, and zero
otherwise.

Table 1 lists all the crowdfunding variables and summarizes the statistics of each variable
under investigation. The Funding, VCmoney, VCi, and Successq statistics are notable. The
average of crowdfunding proceeds is only $11,895 and a relatively small deal, compared with
other large transactions in financial markets (e.g., initial public offerings). The averages of
VCmoney and VCy are $1,044 and 0.0003, respectively, suggesting that a VC does not
participate as much in the crowdfunding market as in the VC market. The average success rate
of a crowdfunding campaign (Successq) is merely 0.28 and indicates a low probability of a
successful crowdfunding project.
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Table 1: Summary and statistics of variables

Category Variable Symbol Description Average  Std. dev.
Market A project’s actual proceeds in U.S.
Proceeds Funding  dollars secured by an $11,895  $116,095
demand :
entrepreneurial start-up
Reward The number of reward proposals in
proposals Noroposal crowdfunding campaign 79 6.01
Backers Nooctor The number of.backers (Sponsors) 135 1078
in a crowdfunding campaign
The number of comments posted by
Transparency ~ Comments  Neomment backers in a crowdfunding campaign 52 1,298
The number of updates entered by
Updates Nupdate a proponent 3.84 9.16
Pictures Nyieture The number of pictures posted by a 766 11.64
proponent
Videos Noideo The number of videos uploaded by 0.78 0.82

a proponent

The duration of a crowdfunding
Confidence Duration Duration  campaign set by a proponent in 33.16 10.86
number of days

The natural logarithm of a
Goal Lngoal  proponent’s target fundraising 8.77 1.76
amount

The number of past successful

Experience Success Nauccess crowdfunding projects of a 0.92 3.26
proponent
The number of past failed
Failure Niviture crowdfunding projects of a 1.03 1.11
proponent

The number of crowdfunding
Backing Nbacking projects with which a proponent 6.37 24.95
helps other proponents

The amount of a VC’s investment
VC support VCmoney  VCmoney in U.S. dollars before launching a $1,044  $201,632
crowdfunding campaign

A binary dummy variable. Coded 1
Ve (VC-supported), if a VC supports a
VCq start-up before launching a 0.0003 0.0183
crowdfunding campaign, and 0
(non-VC-supported) otherwise

dummy

A binary dummy variable. Coded 1
(successful), if a project’s actual
Successq  proceeds are equal to or greater 0.28 0.45
than the fundraising target, and 0
(unsuccessful) otherwise

Crowdfunding Success
outcome dummy
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4. Methodology and Results

To forecast the outcome (classes or labels in the context of ML) of a crowdfunding project,
we rely on ML classification approach where classification results are labeled as Successq = 1 or
0, and review decision tree learning models (Kuhn & Johnson, 2013) that are among the most
popular machine learning algorithms given their simplicity. We briefly outline how to appraise
the effectiveness of decision tree algorithms, namely, predictive accuracy and feature importance
score. This is followed by the empirical estimations from three decision tree learning models.

4.1 Decision Tree Learning

The goal of the decision tree learning approach is to create a model that predicts the value
of a target (dependent) variable based on input (independent) variables. Decision trees where
the target variable takes discrete and continuous values are called classification and regression
trees, respectively. A decision tree classification method builds a decision tree where a dataset
is split based on dependent variables. Specifically, the decision tree starts from a root node that
recursively partitions the data space into subsets that contain instances with similar outcomes
(e.g., successful or failed crowdfunding projects). In an iterative process, we can repeat this
splitting procedure until the decision tree yields the largest information gain (conceptually akin
to identifying the minimum of the loss function) such that successful or failed projects are
grouped together. Unlike a simple decision tree model, ensemble methods (for example, random
decision forests and gradient boosted trees) use more than one decision tree. Random decision
forests construct multiple decision trees by repeatedly resampling the subsets of the data with
replacement. Gradient boosted trees allow optimization along with stochastic gradient boosting
algorithm where, at each iteration, a subsample of the data is drawn at random without
replacement.

4.2 Effectiveness of Decision Tree Algorithms

As decision tree algorithms are constructed to obtain final classification results, the
effectiveness of ML models can be measured by either predictive accuracy (ACC) or feature
importance score (FIS). In all our ML models, we stipulate the training sample size as 70% of
the total sample size. The remaining 30% is utilized as the out-of-sample testing dataset, and
the ACC of the out-of-sample dataset is obtained as follows:

Number of correct predictions

ACC =

(4.1)

Total number of predictions (out—of—sample size)

Gini Index is used to estimate the node impurity and feature importance is the
measurement of a reduction in the node impurity weighted by the number of observations that
reach a particular node from the total number of observations. The following equation calculates
Gini Index (GIn):

GIm = leﬁl Zkl#:k PmkPmk/ =1- ZLK=I1 Pr%zk (4'2)

where K is the number of classes (K=2 because of two classes of Successq being 1 or 0), and
Py is the proportion of class k at node m.
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As Gini Index (GI) attains the importance of a node m, and a single feature (independent

variable) can appear in several branches of a decision tree, we compute the FIS of feature i as
shown below:

Ym: i i GI
FISl — m:node m slplits on featurei Y!m (43)

Ymeall nodes GIm

Note that the FIS; are normalized against the sum of all feature importance scores across
all features. Therefore, the sum of all FIS; is equal to one.

4.3 Results of Decision Tree Algorithms

Decision tree, random forest, and gradient boosted tree algorithms are implemented in
Python 3.8. The predictive accuracies of the three models fall in the range of 97%-99%, with
ACC of 97%, 99%, and 99% for decision tree, random forest, and gradient boosted tree
algorithms, respectively. Not only do the precise predictions of the out-of-sample dataset hint
that our ML models are effective, but they also are in favor of our hypothesis (HI), that is,
crowdfunding features are corelated with the odds of a successful crowdfunding campaign.

Table 2: Results of the feature importance scores (FIS)

Decision Tree Random Forest Gradient Boosted Tree

Variable FIS* Variable FIS Variable FIS
Success 0.8525 Success 0.3059 Success 0.8232
Failure 0.0963 Failure 0.2462 Failure 0.1223
Backers 0.0338 Backers 0.1225 Backers 0.0157
Goal 0.0100 Proceeds 0.1039 Comments 0.0128
Pictures 0.0072 Goal 0.0552 Pictures 0.0116
VCmoney 0.0000 Pictures 0.0487 Updates 0.0056
VC dummy 0.0000 Updates 0.0474 Proceeds 0.0044
Backing 0.0000 Comments 0.0444 Goal 0.0036
Duration 0.0000 Backing 0.0143 Videos 0.0003
Videos 0.0000 Reward proposals 0.0052 Backing 0.0001
Updates 0.0000 Duration 0.0038 Duration 0.0000
Comments 0.0000 Videos 0.0024 Reward proposals 0.0000
Reward proposals 0.0000 VCmoney 0.0000 VCmoney 0.0000
Proceeds 0.0000 VC dummy 0.0000 VC dummy 0.0000
Sum of FIS 1.0000 1.0000 1.0000

Note: * The values of the feature importance score (FIS) are normalized so that the sum of the feature
importance scores is equal to one.

Table 2 reports the statistics of FIS on each crowdfunding feature. The top two features
are Nouccess and Njaiture as the sum of their FIS is well above 50%. The estimated values of FIS of
past successful (failed) crowdfunding campaigns are 0.8525, 0.3059, and 0.8232 (0.0963, 0.2462,
and 0.1223) in decision tree, random forest, and gradient boosted tree models, respectively. The
third most important feature is Backers, regardless of the three ML estimations. Compared with
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those of Nyuccess and Nygiture, the magnitudes of FIS of Backers are much small and about 12% in
the random forest model and in the neighborhood of 1.5% to 3.3% in the decision tree and
gradient boosted tree models. Given that the remainder of FIS are trivial, our findings imply
that entrepreneurs’ prior experience, in either successful or failed crowdfunding projects, has a
predictive power over the outcomes of subsequent crowdfunding campaigns.

5. Robustness Check

The main purpose of the robustness check is to see whether the effects of crowdfunding
variables on campaign success obtained in the ML tests are sensitive to conventional econometric
methodologies, two of which are logistic regression and propensity score matching.

5.1 Logistic Regression

This study uses logistic regression to explore the impact of crowdfunding traits on the
probability of project funding success. Similar to the crowdfunding success dummy variable
(Successq) described in Section 3, L; is defined as an observable variable to register the binary
outcomes (success or failure) for any crowdfunding project i. We define a project as a success if
the project reaches its funding threshold; hence, a successful project takes binary value one
(L=1). A project is defined as a failure if the proce;eds fall short of the funding goal; hence, the
binary value of a failed project is zero (L=0). Let L; denote the latent (unobservable) dependent
variable, which is determined by the logistic regression model below:

* K
Li = Lik=1 By X T € (5.1)

where ay; is the kth explanatory \*/ariable, B is the slope coefficient associated with the kth
regressor, and &; is the error term. L; has the following mapping function with the observable
dependent variable L;:

_(0,ifL; <6

L= {1, ifL; > 6 (5:2)

where 6 is the unknown threshold to be estimated along with the slope parameters, B (k=1,

2, ..., K) in Equation (5.1). If L strictly exceeds a certain threshold value &, then the project

is successful (L;i=1); otherwise, the project has failed (L;=0). Under the assumption of the error

term &; being normally distributed, the corresponding marginal probability with respect to
(the kth explanatory variable) can be derived as follows:

(5.3)

axk,i

OPr (Li=m) _ {_¢(5 — Xk=1 B X1ei) B if m = 0
P (8 = Xk=1 Brc X)) Brorif m = 1

where ¢(.) is the operator of a normally distributed probability density function (PDF) and
is always positive. Therefore, the sign of the estimated value of S, decides the positive/negative
sign of the estimated marginal probability of a project’s success (Li=1) or failure (L=0).
Specifically, if the sign of the estimated S is positive (negative), this implies the marginal
probability of a project being successful increases (decreases) as ax,; increases. Because there are
only two types (success and failure) of fundraising outcomes in our study, we avoid a common
problem that the sign of the marginal probability of intermediate types of outcomes (i.e., more
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than two types of crowdfunding project outcomes) cannot be determined by the sign of the
estimated [ Because computing marginal probabilities becomes extraneous in our logistic
regression model, it is sufficient to obtain the estimates of all unknown parameters, including
{B1, ..., Bx, 8}, for the purpose of our model design. These unknown parameters of the above
logistic regression model, characterized by Equations (5.1)—(5.3), can be estimated by the
maximum likelihood method.

To investigate the determinants of the probability of project funding success (L;), we regress
L;, viewed as the dependent variable, on an array of independent variables in Equation (5.4) as
follows:

Li = .80 + ﬁleroposal + ﬁszacker + ﬁSNcomment + .84Nupdate + .BSNpicture + ﬁﬁNvideo +
ﬁ7Duration + ﬁBLngoal + ﬁ‘)Nsuccess + ﬁIONfailure + ﬁlleacking + ﬁlzvcmoney + ﬁlSVCd

(5.4)

Table 3 presents the estimated coefficients of the logistic regression in which most of the
results are consistent with the literature on crowdfunding. The estimated slope coefficients with
respect to market demand, information transparency, and crowdfunding experience apart from
Nyaiture are positive and statistically significant at the 1% significance level. Except for the project
duration, funding goal, and the number of failed projects, all these explanatory variables
positively contribute to the success rate of crowdfunding campaigns.

Referring to the literature on VC financing, we look at both VCmoney and VCy variables
because they indicate whether the presence of VC firms and injection of VC seeding money
increase the success probability of crowdfunding. Given that the estimated slope coefficients of
VCmoney and VCq are not statistically significant, the evidence concerning both coefficients is
clear—VC endorsement does not lead to a statistical increase in the probability of crowdfunding
success.

Table 3: Results of logistic regression on crowdfunding success (L;)

Category Variable Symbol Coefficient”
- Constant - 4.95%**
Market demand Reward proposal Nproposal 0.05%**
Backer Niacker 0.01%**
Transparency Comment Neomment 0.00%**
Update Nupdate 0.15%**
Picture Npicture 0.04%**
Video Nyideo 0.30***
Confidence Duration Duration —().02%**
Goal Lngoal —(0.68***
Experience Success Niuceess 1.20%**
Failure Niailure —3.24%**
Backing Noacking 0.00%**
VC support VCmoney VCmoney 0.00
VC dummy VCq 0.48

Note: ™ *, ** and *** represent 10%, 5%, and 1% significance levels, respectively.
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5.2 Propensity Score Matching

In the context of adverse selection problem mitigated by VC endorsement, we investigate
whether the involvement of VC could help crowdfunders to differentiate high-quality projects
(VC-backed) from the low-quality (non-VC-backed) ones. To examine the influence of VC
endorsement, if any, on crowdfunding success rate, we work with the framework of Rosenbaum
and Rubin (1983), that is, propensity score matching (PSM). As is standard in potential
outcome models, PSM takes on predicted probabilities of groups, for example, VC-backed versus
non-VC-backed projects, based on an observed predictor (VCy). Being a statistical matching
technique, PSM reduces the bias due to confounding variables that could be found in estimating
probabilities among groups. Following the PSM model of Zhao and Vinig (2017), we consider
the equation below:

Successy; = ag + a,VCy; + a1 X; + € (5.5)

where Successq,i is a dichotomous indicator of the potential outcome for project i. Successq,
=1 is observed when the project wins the campaign and Successq; =0 otherwise. Let VCy denote
an indicator variable for VC endorsement. Confounding variable, X; is a vector of characteristics
of the i project and includes all the variables listed in Table 1, except for VCyj and Successq.

In traditional PSM estimation, each VC-backed project is paired with a few non-VC-backed
projects, under the assumptions of conditional independence and common support. Controlling
for confounders (X) that could affect the odds of securing VC investment as well as crowdfunding
outcomes, the average treatment effect (VC endorsement effect in our study) can be illustrated
by the mean within-match difference in the result variable (Successqd) between VC-backed and
non-VC-backed campaigns. Mathematically, the average treatment effect (ATE) for VC-backed
projects can be expressed as follows:

ATE = Prob. (Successy,VC; = 1|X) — Prob. (Successy, VCy = 0|X) (5.6)

where Prob. (Successq, VCi=1/X) and Prob. (Successq, VC3=0/X) are the probabilities of
being successful in VC-backed and non-VC-backed projects, respectively, conditional on
confounding effect of X.

The estimation of ATE through the above PSM procedures is merely 0.01 and not
statistically significant, evidence that VC endorsement has no influence on the outcomes of
crowdfunding campaigns.

6. Conclusion

Our paper sheds light on crowdfunding success rate. The findings of our three ML models
suggest that the experience (success or failure) of a proponent is a discriminating factor in the
success rate of a crowdfunding project. The feature importance score (FIS) of our decision tree-
based learning models is calculated as the average decrease in impurity and evaluated by its
relative significance. Among the 14 features, the number of past successful crowdfunding
campaigns (Nsuccess) ranks first, followed by the number of past failed crowdfunding campaigns
(Njaiture). Empirical evidence from the logistic regression model and propensity score matching
is somewhat in line with that from the ML models. Results of the logistic regression prove that
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crowdfunding characteristics, except for VC support, are statistically significant at the 1%
significance level and positively associated with the outcomes of crowdfunding campaigns. We
take a further step to quantify the effect of VC endorsement on the probability of crowdfunding
success. Results of propensity score matching show that VC endorsement has no impact on the
crowdfunding success rate.

Our contributions to the existing literature are twofold. First, to the best of our knowledge,
our study is the first to explore crowdfunding results by applying ML algorithms, different from
other studies that used conventional econometric methods for the purpose. Our second
contribution is that we show that VC-accreditation does not guarantee success of reward-based
start-ups, which is conditional on other determinants. All our models, including ML, logistic
regression, and propensity score matching consistently point out that VC is not the key to
success in a reward-based crowdfunding campaign possibly because of the rewards effect in
which the backers’ focus on rewards may cause the signaling effect of VC to fail in enhancing
their sensitivities to VC support.

As our study responds to a growing interest in the crowdfunding market, the practical
implication for decision makers is that entrepreneurs should deepen and advertise their
crowdfunding experience to prospective crowdfunders in raising the likelihood of success when
initiating a crowdfunding campaign. Although VC plays a vital role in financial markets, it may
not be worth the effort for crowdfunding entrepreneurs to pursue VC funding on account of the
low impact of VC endorsement on crowdfunding success. A direction for future research is the
application of artificial intelligence to predict the outcomes of crowdfunding projects because
machine learning is a subset of artificial intelligence. Future studies can address the role of VC
in equity crowdfunding campaigns to explore whether VC endorsement affects the decision-
making process of equity-based crowdfunders who may be sensitive to the signaling effect of VC.
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