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ABSTRACT 
Extensive literature argues that crowds possess essential collec-
tive intelligence benefts that allow superior decision-making by 
untrained individuals working in low-information environments. 
Classic wisdom of crowds theory is based on evidence gathered 
from studying large groups of diverse and independent decision-
makers. Yet, most human decisions are reached in online settings 
of interconnected like-minded people that challenge these criteria. 
This observation raises a key question: Are there surprising expres-
sions of collective intelligence online? Here, we explore whether 
crowds furnish collective intelligence benefts in crowdfunding sys-
tems. Crowdfunding has grown and diversifed quickly over the 
past decade, expanding from funding aspirant creative works and 
supplying pro-social donations to enabling large citizen-funded 
urban projects and providing commercial interest-based unsecured 
loans. Using nearly 10 million loan contributions from a market-
dominant lending platform, we fnd evidence for collective intel-
ligence indicators in crowdfunding. Our results, which are based 
on a two-stage Heckman selection model, indicate that opinion 
diversity and the speed at which funds are contributed predict who 
gets funded and who repays, even after accounting for traditional 
measures of creditworthiness. Moreover, crowds work consistently 
well in correctly assessing the outcome of high-risk projects. Finally, 
diversity and speed serve as early warning signals when inferring 
fundraising based solely on the initial part of the campaign. Our 
fndings broaden the feld of crowd-aware system design and in-
form discussions about the augmentation of traditional fnancing 
systems with tech innovations. 

CCS CONCEPTS 
• Human-centered computing → Empirical studies in collab-
orative and social computing; Empirical studies in HCI. 
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1 INTRODUCTION 
An impactful discovery in decision-making research has been “crowd 
wisdom,” or the ability of the crowd to make better decisions than 
individuals make [7, 48, 54, 74, 103, 104]. Recent research has begun 
exploring the important question of whether the wisdom of crowds 
operates in complex human decision-making situations [13, 34, 51, 
75, 80, 84, 86, 89]. Currently, the wisdom of crowds studies show 
that crowds can produce better estimates of unknown knowns— 
decisions where true answers are known a priori but not by the 
crowd. The original case of unknown knowns dating back to the 
early twentieth century involved guessing the weight of a quar-
tered ox at an English countryside fair. The closest guesser would 
win the quartered ox. Only the butcher knew the ox’s true weight. 
The remarkable discovery was that the crowd’s estimate of the 
ox’s weight was better than any person’s in the crowd, including 
people with expertise in cattle ranching and butchery. The crowd’s 
guessed weight, measured as the average of all guesses, was of by 
just 11 pounds (the true weight was 1109 pounds) [46]. The power 
of crowds to guess unknown knowns has been replicated in diverse 
contexts [92, 95], including estimating the number of jellybeans in 
a jar [12]. 

In contrast to unknown knowns, complex decisions involve esti-
mating unknown unknowns, where the true value becomes known 
in the future instead of at the time of the guess1. Complex deci-
sions are widespread and include judgments about investments, 
patients’ reactions to therapies, the impact of climate on migration, 
1We argue that unknown unknowns are a crucial challenge in crowd decision-making, 
just as they are a weak spot in machine learning. In the case of machine learning, 
unknown unknowns represent examples where a model is confdent about its answer 
but is wrong, as opposed to signaling that it is unsure of the answer [64, 91, 109]. Work 
in human computation demonstrates that humans can identify unknown unknowns 
in machine learning models, recognizing rare but important errors [9]. Motivated by 
this evidence, we go one step further and use the concept of unknown unknowns to 
distinguish the toughest problems for collective intelligence that do not have a clear 
true value at the time of estimation. Specifcally, our paper tests the ability of the 
crowd to provide superior decisions in complex real-world unknown unknowns. 
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insurance risks, mission failure, or the replicability of scientifc 
fndings [19, 26, 39]. Typically, complex decision-making is left to 
specially trained or experienced experts [96]. However, there is in-
creasing evidence that expert decision-makers are more inaccurate 
and biased than was previously assumed [15, 80, 96]. Celebrated 
experts are barely more accurate than informed non-experts and, 
depending on the circumstances, as low as 12% of the outcomes 
they predict actualize [15, 80, 96]. This suggests that the exploration 
of crowd wisdom for complex decision-making has both theoretical 
and practical importance [80]. Together, the limitations of expertise 
and the remarkable estimation accuracy of crowds raise new ques-
tions about whether crowd wisdom can provide decision-making 
support for complex decisions. 

Web systems enable broad tests of crowd wisdom’s potential 
application in complex decision-making. A growing area of crowd 
decision-making includes crowdfunding decisions, which is an im-
portant scientifc study on its own [47, 79, 94]. Over the past years, 
crowdfunding has grown rapidly in popularity, with some project-
ing that the global crowdfunding market will reach USD 28.9 billion 
by 2028 [106]. Crowdfunding could be especially critical in sec-
tors under-served by traditional fnancing institutions [8, 73]. Our 
analysis studies investment decision-making on one of the frst 
crowdfunding platforms for personal loans in the U.S. Crowdfund-
ing involves untrained novices making complex decisions about 
loaning their funds. Funds are loaned to anonymous borrowers 
who promise to repay the loan’s principle with interest but who 
pledge no collateral in the event of default, meaning that the crowd 
bears the entire risk associated with fnancing. In crowdfunding, 
loan decisions rely on collective intelligence because the crowd 
agrees without the aid of a leader or formal organizational rules to 
fund or not fund the loan. 

Collective intelligence is linked to a crowd’s diversity of opinions 
and the speed at which opinions are aggregated. When estimates are 
diverse, there is a greater likelihood that they will be equivalently 
dispersed above and below the true value, thereby averaging out 
estimation errors [55, 83]. When opinions arrive quickly, one after 
the other, the increased aggregation speed enables novel or special-
ized knowledge to be incorporated early into the crowd’s decisions, 
thus avoiding bias toward lowest common denominator informa-
tion [71, 84, 95]. How these factors operate in complex decision 
situations involving unknown unknowns is unclear because un-
known unknowns have no a priori true value, and decision-makers 
are predisposed to social infuence [28]. Experiments indicate that 
when individuals fnd it difcult to evaluate an object’s true quality, 
they are susceptible to herding, which restricts the diversity of 
opinions [88]. Similarly, fast aggregation can emphasize the frst 
few estimates of quality, which can lead to collective decisions that 
are biased [14, 41, 81]. 

We hypothesize that diversity and speed positively relate to 
prediction accuracy in real-world decisions but with a contingency. 
Because real-world decisions are complex and concern unknown 
unknowns, the mechanisms that generate collective intelligence 
need to be stronger for such decisions than they would need to 
be when the crowd is estimating unknown knowns. This suggests 
that the collective intelligence of the crowd for complex decisions 
with unknown unknowns requires both a high level of diversity 
and high speed for accurate collective decision-making. If either or 

Figure 1: Histograms of (a) contribution amounts and (b) 
inter-bid times. Evolution of campaigns on the lending plat-
form (c): the raised capital as the percentage of the target 
amount is shown in function of time for successful and un-
successful campaigns (depicted in tones of red and gray, re-
spectively). 

both of these collective intelligence indicators are low, the crowd’s 
decisions will be no more accurate than what is expected by the 
simple base rate. Specifcally, we test whether crowds make accurate 
funding decisions as predicted by the diversity of opinion and 
the speed at which people collectively bid on a loan. A related 
theoretical and practical test is whether a few people reach the 
same decision as large groups in complex real-world estimation 
settings [82]. Due to their size, large crowds are intuitively likely 
to be more diverse and have more novel information. This raises 
the question of whether diversity and speed based on the frst 
few contributors only (i.e., a small crowd) are associated with the 
funding decisions that large crowds made. 

This paper thus puts to the test two non-trivial collective intelli-
gence indicators (diversity and speed), fnding empirically that they 
may beneft lenders and borrowers alike by promoting strategies 
for timely reinvesting and campaign retraction to avoid credit dete-
rioration. Conceptually, our work identifes a compelling example 
of collective intelligence working better in practice than theories 
have predicted. In the human computation community, our fndings 
call for concerted eforts to develop new theories of the wisdom 
of crowds that are inspired by parallel research in Web-enabled 
collective intelligence systems. 

2 RELATED WORK 
The idea of human computation as a means to solving computa-
tional problems in crowdsourcing applications has attracted sub-
stantial research attention from diverse felds, including artifcial 

3807



Hidden Indicators of Collective Intelligence in Crowdfunding WWW ’23, April 30–May 04, 2023, Austin, TX, USA 

intelligence and human-computer interaction (HCI) [87]. Relat-
edly, the notion that large groups of loosely organized people can 
arrive at solutions superior to those invented by any individual 
in the group has gained prominence in human computation re-
search and allowed for several real-world applications of collective 
intelligence [74]. While human computation is related to, but not 
synonymous with, collective intelligence, most human computation 
systems comprise “groups of individuals doing things collectively 
that seem intelligent” [74] rather than individuals working in iso-
lation. This recognition raises the question of how to optimally 
harnessing collective intelligence in human computation systems. 

Despite rapidly growing research that taps into the collective in-
telligence accumulated on the Web, there are substantial challenges 
with harnessing the wisdom of crowds [16, 38, 59, 63, 85]. For exam-
ple, efectively implementing crowdsourcing systems that rely on 
collective intelligence is challenging due to difculties in ensuring 
that crowd members pay sufcient attention to the task, which 
impacts the quality of their responses [59, 85]. Enabling efective 
coordination among crowd members in crowdsourcing applications 
can likewise prove challenging in the sense that applications must 
dynamically adapt the system’s behavior to the quantity, quality, 
and reliability of users’ responses [16]. As another example, pro-
viding appealing and appropriate incentives can also be difcult as 
users’ motivations may not always be well-aligned with the goals 
of the collective task [59]. 

Given these common challenges in crowdsourcing, crowdfund-
ing platforms provide an ideal setting for scrutinizing the emer-
gence of collective intelligence. Crowdfunding entails several indi-
vidual decisions that yield collective outcomes. This process lends 
itself to thorough empirical study. Access to comprehensive data 
on successful and failed projects enables us to understand the infor-
mation available to the crowd that represents the basis for crowd 
members’ decision-making. With these data, one can track to the 
minute individual bids and the outcome of the project. Additionally, 
crowdfunding platforms represent a high-stakes decision-making 
setting where people risk fnancial losses. This personal investment 
strengthens users’ attention to and investment in the task. 

There is ample evidence that the quality of the project descrip-
tion [5, 65, 78], project updates [105], the use of media content such 
as photos and videos [66, 105], and promotional activities on social 
media [43, 69, 108] are important factors in securing the success 
of a fundraising efort. Some research indicates that the type of 
project also matters because people tend to support projects that 
refect their interests or values [70, 79]. Additionally, projects that 
request large amounts of money are more likely to fail to reach 
their fundraising goal than small asks [32, 33, 79]. Several studies 
also suggest that the reputation of the project creators [30], their 
social capital [27, 31, 56, 58, 79], and their ability to attract funders 
early in the campaign [3, 20, 24, 31, 93, 100] impact whether they 
can secure funding or not. 

Few studies have examined the probability that projects deliver. 
The majority of these studies focus on lending and rely on at-
tributes of the borrowers (e.g., annual income, credit history, hous-
ing situation, indebtedness, etc.) or loans (e.g., loan size and interest 
rate) [23, 42, 90] to predict loan default. Prior research that focuses 
on loan characteristics also shows that bad credit and high interest 
rates are associated with a greater likelihood of loan default in 

crowdfunding as well [23, 42, 60]. According to this literature, a 
borrower’s credit information is regarded as the most informative 
predictor of loan default, even in online crowdfunding settings. 

Previous studies have also developed crowd-based indicators of 
crowdfunding success. These indicators describe the overall number 
of contributions [24], the contribution amounts [25, 62] and tim-
ings [31, 93], and the amounts raised over a certain time frame [20]. 
Data from donation, equity, and lending-based crowdfunding plat-
forms show that crowd signals similar to opinion diversity and ag-
gregation speed are the most important in predicting who receives 
funding [37]. Our paper builds on these studies to establish empir-
ically whether such signals are genuinely collective intelligence 
indicators that predict repayment or if they simply forecast the 
engagement or herding needed for successfully raising funds. This 
is critical because prior research shows that while herding [25, 107] 
and network efects [3, 99] facilitate fundraising, they can also 
lead to collective decisions that converge on sub-optimal lending 
outcomes in the long-term [107]. 

Our work difers from previous research in that we predict both 
funding and default, not based on project-related factors, social 
characteristics, or the amount of money bid as a function of time, 
but on two universal variables, the crowd’s opinion diversity and 
the speed at which the crowd contributes funds. Moreover, we also 
test the predictive power of these indicators based on small crowds. 
Additionally, we explicitly focus on whether crowds are relatively 
“smart” in predicting loan funding and default. Correctly predicting 
repayment for low-risk loans may be relatively easy, because the 
background rate of repayment for these loans is already high. One 
measure of a smart crowd is that it can predict the outcome of 
risky loans better than expected by the background rate. Thus, we 
model new collective intelligence problems in novel ways, using 
universal variables. In this way, we contribute to the expanding 
body of research that aims to harness the wisdom of crowds in 
online settings [34, 36, 92]. 

3 CROWDFUNDING PLATFORM & DATA 
We use a data set that contains verifed funding and repayment infor-
mation, as well as fne-grained information on individual lender con-
tributions. We analyze all fnancial transactions from Prosper.com 
between January 2006 and March 2012. Over this six-year period, 
29,494 borrowers posted 236,409 loan requests, on which 65,756 
lenders made 9,702,242 bids. 179,445 campaigns that did not receive 
bids were omitted. Prosper.com brings together crowds of poten-
tial borrowers and lenders from around the world and is based 
in the U.S. On the platform, the lending process begins when a 
borrower asks for a loan at a target amount and interest rate, i.e., 
they create a campaign. Lenders can decide to fund any fraction of 
the overall loan amount requested. This is done through a bidding 
process where lenders pledge to fund any fraction of the requested 
loan based on their assessment of the loan’s reward of interest vs. 
the borrower’s creditworthiness. In the considered data, 21.92% of 
projects received funding. Of the funded loans with known repay-
ment outcomes, 65.44% were repaid. 

While there are common trends in the fundraising dynamics 
of successful campaigns, like a steep increase in the raised capital 
shortly after launching, campaigns remain unique from each other 
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in how they arrive at the desired funds. Typically, within a week, 
campaigns need to raise most of the sought capital to succeed. Bids 
usually consist of small chunks (the median contribution is $50, see 
Figure 1a) and are raised in short inter-bid times (the median is less 
than 10 minutes, see Figure 1b). Figure 1c depicts randomly chosen 
trajectories of successful as well as failed campaigns and indicates 
that the distribution of bid amounts and inter-bid times are the two 
complementary components of this dynamics. 

In lending institutions like banks, loan ofcers may be required 
to have formal college training in an economics-related area and 
receive special training to increase the chances that they make reli-
ably accurate loan decisions. Bank loan ofcers base their estimates 
of a borrower’s creditworthiness on credit rating (i.e., the letter 
rating assigned to one’s credit score by Prosper), debt-to-equity 
ratio (i.e., the ratio between the amount of money that one owes to 
how much they earn), collateral, and personal relationship with the 
borrower. The crowd of lenders makes their lending decisions with 
information only on credit rating and debt-to-equity ratio. Because 
of the size of the platform, it is unlikely that lenders know borrow-
ers personally or are familiar with borrowers’ networks except in 
special cases [57]. Because no collateral is pledged by borrowers 
as surety of repayment, lenders carry the entire risk of default as-
sociated with their portion of the loan. Finally, because loans are 
divided into smaller pieces spread across many lenders (i.e., loans 
are “syndicated”), the loan decisions are inherently collective. 

On Prosper.com, borrowers’ credit rating is quantifed in seven 
typical categories AA (excellent credit, 6%), A (6.62%), B (9.44%), 
C (14.62%), D (17.12%), E (16.14%), and HR (high risk, 29.99%). The 
prevalence of high-risk borrowers suggests that individuals without 
access to funds from traditional fnancial institutions use the plat-
form. On Prosper.com, the default rate of AA loans, which are more 
likely to qualify for traditional lending sources, is 5.2%2. By contrast, 
bank lending ofcers, presumably equipped with formal training 
and more detailed background data had a default rate between 1.5% 
and 7.4% on diverse types of loans during the same time period [1]. 
This suggests that collectively lenders have a non-negligible suc-
cess rate compared to trained experts and do signifcantly better 
than chance in identifying good credit risks. Previous research on 
an early subset of the Prosper.com data indicates that lenders can 
attain a greater accuracy in predicting a borrower’s likelihood of 
defaulting on a loan than models that simply use the borrower’s 
credit score [60]. Our work expands on this line of investigation 
by developing indicators that tap into the collective intelligence of 
lenders for improved assessment of borrower creditworthiness. 

4 MEASURES 
Risk categories. According to fnancial lending research, good 

lending decisions occur if creditworthy borrowers receive funds 
and non-creditworthy borrowers are denied funds [2]. Creditwor-
thy borrowers are those whose risk of default relative to reward is 
low. High-risk borrowers have low credit ratings and ask for large 
loans; low-risk borrowers have high credit ratings and ask for small 
loans. Between these endpoints are hybrids of medium risk: borrow-
ers with low credit ratings/small loans and those with high credit 
ratings/large loans. Each of the four categories has an associated 

2Another 10.5% of the loans are written of by the lender as a loss for unknown reasons. 

base rate of accurate predictions, which equals the fraction of suc-
cessful campaigns in that group. A test of collective intelligence’s 
accuracy is whether crowds can predict funding and default better 
than expected by the base rate. To construct categories of risk vs. re-
ward (Figure 2), we thus developed four categories of loan decisions. 
High-risk loans involve decisions about lending big amounts to 
borrowers with bad credit ratings. Medium-high risk (aka Medium 
1 risk) loans involve decisions about lending big amounts to borrow-
ers with good credit. Medium-low risk (aka Medium 2 risk) loans 
involve decisions about lending small amounts to borrowers with 
bad credit. Low-risk loans involve decisions about lending small 
amounts to borrowers with good credit. Good credit is defned as 
AA and A credit rating; bad credit is defned as the HR (high risk) 
credit category. Big and small loan sizes are defned as being above 
or below the median loan size found in our data. 

Figure 2: Illustration of risk categories in the credit rating 
and loan amount plane. We combine credit information 
from Prosper.com with loan amounts to indicate whether 
high/low-risk borrowers are seeking large/small amounts. 

Opinion diversity. Crowdfunding lenders pledge to carry a por-
tion of a loan based on their opinion about the borrower’s cred-
itworthiness relative to the size of the reward (repayment with 
interest). Investors form their opinions of the loan’s risk vs. reward 
based on their idiosyncratic beliefs, personal and business experi-
ence, and biases [18, 21, 44, 61, 76]. This suggests that each lender’s 
bid represents their estimate of the right risk-reward balance based 
on their particular information and evaluation criteria. The bidding 
of the crowd represents the collective diversity of the crowd. This 
pattern between the size of a bid and the valuation of the object 
or project is a basis for auction theory [101]. Bidders bid diferent 
amounts for the same object or project because they have diferent 
opinions about its worth. It may also be possible that two diverse 
lenders bid equal amounts, but this would only create a conserva-
tive test of our hypotheses because our diversity measure would 
underestimate the true diversity of the system. We computed a Gini 
coefcient of the sizes of lenders’ bids to operationalize the opinion 
diversity of lenders as follows: 

� � ∑ ∑ 
��� = Í� 

1 |��� − �
�

� | (1)
2� 

�=1 �
�
� �=1 � =1 
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where � is the number of bids and �� is the amount contributed by 
� 

lender � to campaign � . The coefcient ranges from 0, or complete 
equality, to 1, or maximum inequality. For example, a campaign 
receiving the amounts $10, $25, $150, and $500 has an opinion 
diversity of 0.58. 

Aggregation speed. Building on prior research suggesting that 
higher aggregation speed positively correlates with successful 
fundraising [24, 37, 93], our second indicator quantifes how quickly 
lenders contribute funds by measuring the average time between 
bids. Thus, for each campaign � , we compute the average inter-bid 
time as follows: 

�∑−11 
��� = (��+1 − �� ) (2)� � � − 1 

�=0 

where � is the number of bids, �� is the time when the ��ℎ bid was 
� 

made, and �0 marks the time at which the campaign was launched. 
�

For ease of interpretation, we scale the average inter-bid times to 
the 0 to 1 interval to indicate slow to fast aggregation. For example, 
consider a campaign with bids that arrive 1, 15, 36, and 72 hours 
after the campaign’s launch. The corresponding inter-bid times 
would be 1, 14, 21, and 36 hours, which yields an average inter-bid 
time of 18 hours. 

Null models. We construct null models of both diversity and 
speed to test whether the observed data could be explained by 
chance, bid sizes, or inter-bid times. The tests involve taking the 
observed data and randomly shufing over the observed bid sizes 
and inter-bid times as follows. 

To compare opinion diversity with a random expectation, we 
compute Z-scores based on 1,000 samples of random bid amounts 
where bid sizes were left to chance. Each random sample consists of 
� uniformly distributed bid amounts taken from the actual values 
in the observed data that adds up to the amount funded in the 
campaign. The majority of observed bids are not explained by 
chance, even for extremely short campaigns that closed after just 
fve bids. The bidding for 78% of the campaigns difer from what is 
expected by chance (� < 0.05 one-tailed test). 

To compare aggregation speed with a random expectation, we 
rely on a Poisson process [6, 10] that assumes that bids occur inde-
pendently at a constant rate � and with exponentially distributed 
inter-bid times � : p(�)=�exp(-��). For every campaign � , we com-
pute the theoretical expectation as the rate �� , which is equal to the 
total running time of the campaign divided by the number of bids 
it receives. We fnd that the diference between the expected and 
observed inter-bid times is statistically signifcant (Kolmogorov-
Smirnov test: � < 0.001). Thus, for both collective intelligence 
indicators, the null models indicate that the observed data are not 
explained by chance. 

Control variables. To evaluate the predictive power of diver-
sity and speed, we control for a set of variables found to infu-
ence fundraising and repayment. We control for the number of 
bids [24], size of loan [97, 100], debt-to-income ratio [23, 42, 90], 
credit score [23, 42, 60], length of borrower’s explanation for why 
they want the loan [5, 24, 65], and the state the borrower lives 
in. We consider the borrower’s state because it can bias results 

when location triggers stereotypes of persons from diferent re-
gions of the U.S. or promotes in-group bias for persons living in 
certain states [52, 67]. For instance, 15.37% of the campaigns are 
from California. 

5 MODELS 

5.1 Selection Model 
Selection bias arises in our data because funded projects are not ran-
domly selected from all possible projects. This means information is 
lacking on whether an unfunded campaign would have returned the 
investment had it been funded. In other words, conclusions about 
repayment are contingent on the selection bias introduced in the 
stage of getting a loan. To jointly model fundraising and repayment, 
we thus use a two-stage Heckman probit model that considers the 
selection bias [53, 97]. In the frst stage, we specify the selection 
model by estimating the probability of funding. We control for the 
total number of bids due to its high correlation with funding prob-
ability [24, 36] and the variables related to creditworthiness that 
might infuence the lender’s decision to fund (see Section 4, Control 
variables). In the second stage, we use the estimated Mills ratio 
from the frst stage to account for selection bias. Additionally, we 
control again for the number of bids and for the two variables that 
directly make repayment more challenging: the amount requested 
and the debt-to-income ratio. In both stages, our variables of in-
terest are the collective intelligence indicators of opinion diversity 
and aggregation speed. 

Thus, in our two-stage selection model, the fundraising proba-
bility for a campaign � is expressed as: 

�� = � [�0 + �1��� + �2 log(��� ) + �3���(�� )+ � 

�4�� + �5�� + �6�� + �7�� + �8�� > 0] 
(3) 

whereas the repayment probabilities for a campaign � is: 

�� = �0 + �1��� + �2 log(��� ) + �3���(�� )+ � (4) 
�4�� + �5�� + ���

� + ��� 

where corr(�0, �0) = 0.25 ≠ 0 indicating that standard regression 
techniques applied to the regression Equation 4 would yield biased 
results. � denotes the total number of received bids, � is the amount 
requested, � is the borrower’s debt-to-income ratio, � is their credit 
rating, � is their state, and � is the length of the proposal request. 
� denotes the indicator function. The parametric correction term 
assumes a normal hazard and equals the inverse Mill’s ratio �� , 
which depends only on known parameters of Equation 3. 

5.2 Predicting Fundraising from Small Crowds 
From a theoretical and practical perspective, collective intelligence 
indicators are most valuable when good fundraising estimates are 
made early in the bidding process. To test whether such indicators 
can operate with small crowds, we examine whether collective 
intelligence indicators predicted fundraising by using a random 
forest classifcation algorithm [17] that considered the frst � = 
1, 2, ..., 10 bids. We choose to work with random forests because 
they have been shown previously to perform better than other 
comparable algorithms in the context of crowdfunding [50]. We 
evaluate the algorithm’s performance with 10-fold cross-validation 
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Table 1: Results of the two-stage Heckman model. The table 
shows the regression coefcients for fundraising as the se-
lection variable and repayment as the outcome variable. The 
collective intelligence indicators of opinion diversity and 
aggregation speed are statistically signifcant in both cases. † 

denotes logged variables; *** p<0.001 

Stage 1 Stage 2 
Independent Variables Selection: Fundraising Outcome: Repayment 
Opinion Diversity 3.151*** (0.048) 0.340*** (0.031) 
Aggregation Speed† 2.160*** (0.065) 0.457*** (0.039) 
Number of Bids† 2.291*** (0.015) 0.452*** (0.014) 
Amount Requested† -2.813*** (0.025) -0.586*** (0.019) 
Debt-to-Income Ratio 0.027*** (0.007) -0.014*** (0.003) 
Credit Rating 
Region of Borrower 
Description Length 0.0002*** (0.00004) 
Constant 4.393*** (0.424) 1.467*** (0.037) 
Wald �2 1315.49*** 
Log-Likelihood -42060.43 
Rho 0.454 (0.016) 

using the area under the ROC curve (AUC). The AUC measures 
the probability that truly funded campaigns are considered by the 
algorithm to have better chances of successful fundraising than 
campaigns that failed in reality. 

Beyond prediction, random forests enable us to assess variable 
importance. Specifcally, for a chosen crowd size (i.e., a set number 
of bids), we frst make a prediction based on the observed data. 
Next, we randomize the observed values of one variable. We repeat 
the prediction using the randomized variable and the untouched re-
mainder of the data. The decrease in prediction accuracy quantifes 
the predictive power (or importance) of the randomized variable. 
We monitor the evolution of the importance of the variable as more 
and more bids are considered, which informs us about the variable’s 
utility with changing crowd size. 

6 RESULTS 
Collective intelligence indicators are reliable predictors of fundrais-

ing and repayment. We begin by presenting the results of our two-
stage selection model that regresses the probability of a loan being 
funded and the probability of a loan being repaid. As shown in 
Table 1, the model replicates prior work, demonstrating that the 
total number of received bids, the amount of capital requested, the 
borrower’s debt-to-income ratio, as well as their credit rating, ge-
ographical and administrative region, and the length of the loan 
proposal request is signifcantly associated with who gets funded 
and who repays. Our model also fnds that both collective intel-
ligence indicators consistently relate to a loan being funded and 
repaid. We obtain similar results to the Heckman probit model us-
ing a logit regression and a random forest model to predict funding 
success. However, the Heckman framework has the advantage that 
it accounts for a crucial sample selection issue: repayment informa-
tion is not available for unfunded projects. These results suggest 
that opinion diversity and aggregation speed are separate features 
unique to crowd dynamics, not substitutes for measures of a bor-
rower’s creditworthiness and default risk. Both fundraising and 
repayment success is more likely in the presence of high bid inequal-
ity (i.e., more opinion diversity) and low average inter-bid-time (i.e., 
high aggregation speed). 

Collective intelligence indicators are associated with project out-
come regardless of risk level. Our fndings thus far show that diver-
sity and speed predict two key outcomes related to borrowers’ and 
lenders’ crowdfunding goals but do not indicate the smartness of 
the crowd relative to what is expected given the background rate. 
Figure 3 shows the estimates of the likelihood of successful fundrais-
ing and repayment conditional on combinations of diversity and 
speed for four risk-reward levels grouped by low and high borrower 
credit rating and low and high loan amounts. The estimates are 
computed by adding interaction efects into the regression shown 
in Table 1 after dichotomizing the amount requested and credit 
rating as described in Section 4, Risk categories. In the fgure gen-
erated from the Heckman selection model, the dashed horizontal 
red line indicates the base rates for the probability of fundraising 
and repayment in each of the risk categories. Three fndings are 
noteworthy. 

First, campaigns that have high diversity and high speed make 
better predictions about the creditworthiness of a borrower and 
a borrower’s likelihood of default than expected by the base rate 
in seven out of eight risk categories. Repayment in the low-risk 
category is underestimated by crowd wisdom, potentially because 
the actual repayment is nearly 100% in this category. High-diversity 
and high-speed campaigns can be up to 92.9% better than predicted 
by the base rate. 

Second, in all four fundraising risk categories (Figure 3, top 
panels), we see that the lift from crowd wisdom over the base is 
statistically signifcant. Even in the high-risk category, where the 
diference seems relatively small in real terms, the lift of the high-
diversity and high-speed predictions is 37.6%. The four repayment 
categories indicate the most interesting and important theoretical 
and practical fndings from our study (Figure 3, bottom panels). 
The lift provided by crowd wisdom is statistically and substantially 
greater than expected by the base rate in the two categories with 
the highest risk. In the high-risk category, for example, the base 
rate estimates a repayment in roughly 40% of the cases. In contrast, 
the combination of high diversity and high speed correctly predicts 
repayment 55.3% of the time. 

Third, consistent with our hypotheses, we see that crowd wis-
dom consistently arises only when both diversity and speed are 
relatively high. Campaigns that are high on one but not both col-
lective intelligence indicators have a success rate between 43.7% 
and 95.2% of the base rate, while campaigns that are low on both 
indicators (low diversity and low speed) have success rates up to 
14.1% lower than the base rate. 

Collective intelligence indicators as early warning signals. Next 
we show that the two collective intelligence indicators of diversity 
and speed work reliably also with small crowds, suggesting that 
the crowdfunding system’s efciency can be improved. To test the 
indicators’ ability to predict fundraising success from a few bids 
relative to traditional measures of creditworthiness, we train a clas-
sifer at diferent bid numbers. We fnd that in the range of the frst 
� = 1, 2, ..., 10 bids, the random forest’s performance in predicting 
fundraising increases from AUC=0.64 to AUC=0.76. With the in-
creasing number of bids, the algorithm has more information about 
the progression of the bidding process, becoming more accurate. 

Figure 4 shows the permutation importance of the collective in-
telligence indicators relative to credit rating, debt-to-income ratio, 
and description length. Only 38.6% of the campaigns receive more 
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Figure 3: Probability of successful fundraising (top) and re-
payment (botom) for campaigns of diferent risk levels, con-
ditional on opinion diversity and aggregation speed. Dashed 
lines indicate base rates computed under the assumption 
of random campaign outcomes in each risk category; gray 
bars depict the high opinion diversity and high aggregation 
speed condition that maximizes crowd wisdom. In seven out 
of eight cases, these campaigns are more likely to be success-
ful than predicted by the base rate. Campaigns with a low 
diversity and/or aggregation speed perform worse than the 
base rate. 

than 10 bids and thus lie outside of this analysis. As a validity check, 
we observe that for the minimum value of one bid, credit rating 
holds the most information about project merit. However, at four 
bids, opinion diversity and aggregation speed have more predictive 
value than credit rating. The importance of credit rating decreases 
over the bidding, while at the same time, the predictive power of 
diversity and speed grows. Note that the prediction accuracy of the 
random forests and the importance of the collective intelligence 
indicators relative to credit rating can be further elevated if the 
number of bids is included in an algorithm that learns based on all 
campaigns up to a given bid number. These fndings indicate that 

Figure 4: Collective intelligence indicators as early warning 
signals based on small crowds. Forecasts are made after each 
consecutive bid to assess prediction quality at the initial 
stages of campaigns. At the very beginning of the bidding 
process, credit rating is the most predictive variable. After 
only four bids, however, credit rating is outperformed by 
both opinion diversity and aggregation speed. 

diversity and speed are powerful in predicting borrower creditwor-
thiness in populations of non-experts making complex estimates 
about future unknowns. 

7 DISCUSSION 
Several fndings about dishonesty and corruption in the banking 
industry [29, 98] highlight the challenges facing traditional fnanc-
ing models. At the same time, trends suggest that crowdfunding is 
growing at a rate that will possibly supplant traditional approaches 
from banks. Increased transparency, lack of fnancial intermediaries, 
and potential for diminished biases make crowdfunding an attrac-
tive alternative. Yet, little is known about how efective untrained 
crowds are at selecting creditworthy borrowers. Poor selection 
would misallocate funds from meritorious projects and possibly 
undermine the growth of crowdfunding systems. 

Despite academic speculations about the ‘madness of crowds’ [72], 
a few studies have shown that the consequences of violating some 
of the conditions for collective intelligence need not be as dramatic 
as suspected. For instance, research on prediction markets shows 
that crowd performance is superior to individual decisions even 
when individuals rely on the observable opinions of other crowd 
members [7, 102]. Moreover, theoretical predictions and experimen-
tal results indicate that under certain conditions, infuence among 
crowd members produces the most accurate judgments [4, 11, 12]. 

Reliance on expertise also requires extensive experience or train-
ing, which can limit the supply of experts and diversity [29, 97]. For 
example, up until the early 1960s, it was accepted practice by bank 
loan ofcers in the United States not to consider women eligible 
for a loan unless their request was cosigned by a man [22]. 

In this paper, we contribute to the expanding literature on the 
wisdom of crowds with empirical evidence of a new form of collec-
tive intelligence that the crowd is not aware of. To do so, we apply 
concepts from the literature on the wisdom of crowds to examine 
whether factors that are thought to produce collective intelligence 
in other contexts operate in crowdfunding using a dominant crowd-
funding platform. In agreement with theoretical expectations, we 
fnd that two collective intelligence indicators, i.e., opinion diversity 
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and aggregation speed, quantifed by the Gini coefcient of the bid 
amounts and the average inter-bid time, are predictive of who gets 
capital and who pays back. Furthermore, we fnd that these factors 
are potent at forecasting the outcome of high-risk campaigns and 
are indicative of successful fundraising, even in the early stages of 
a campaign. 

Our results align with and advance work on the role of collective 
intelligence in crowdfunding. Others have shown recently that sim-
ilar signals deduced from contribution patterns on various types 
of crowdfunding sites, including equity and donations-based plat-
forms, are predictive of which projects will meet their fundraising 
goal [37]. This work demonstrates associations between crowd 
dynamics and fundraising success in diferent contexts. Research 
relying on data from Prosper.com, specifcally, points to various 
individual factors predicting default [23, 36, 42, 60, 90], albeit with-
out properly accounting for the selection bias, i.e., the fact that we 
inherently lack the knowledge of whether an unfunded campaign 
would have returned the investment had it been funded. Further-
more, to the best of our knowledge, our paper is the frst to show 
that lending crowds are (1) smart in the sense that they can predict 
the outcome of risky loans and (2) agile, meaning that they can con-
cur on determinations of creditworthiness after only as few as four 
bids. Finally, recent experimental work further demonstrates the 
validity of similar collective intelligence indicators across a range 
of conditions, such as diferent project types, fundraising goals, 
participants’ interest level in the projects, their altruistic attitudes, 
and their susceptibility to social infuence [35]. 

The identifed collective intelligence indicators are generalizable 
to many crowdfunding contexts (c.f. [37] for predicting fundrais-
ing in newer datasets), simple to compute in any crowdfunding 
setting and distill key information from campaign dynamics. On 
the one hand, our indicators draw from the study of auctions, in 
that we focus on the amounts contributed as indicators of investors’ 
assessment of borrower trustworthiness. Our derived concept of 
diversity is based on expressed opinions instead of predefned 
socio-demographic categories. In this regard, it is unique and one 
step ahead of traditional notions of diversity. On the other hand, 
our collective intelligence indicators exploit the temporal patterns 
emerging in crowdfunding by using accurate fne-grained data on 
campaign dynamics. Successful campaigns are characterized by 
lenders acting promptly, but not in unison, regarding bid amounts. 
The inequality of contributed capital observed in this study con-
trasts with hypotheses of irrational herding, which imply mimicry 
among lenders in risk-taking [107]. We present evidence that even 
though its lenders do not act independently, Prosper.com gave rise 
to systematic crowd wisdom with tangible performance gains. This 
might help us to better understand and equip the future devel-
opment of the crowdfunding phenomenon, which is of interest 
to organizations and governments. Our fndings pinpoint the key 
component, which is central to human computation more broadly: 
latent collective behaviors that enhance crowd efciency and lay 
the foundations for a crowd-aware system design. 

8 CONCLUSIONS 
Existing research on fnancing, both on- and of-line, has focused 
on characteristics of creditworthiness, such as credit scores [2, 
60], social capital [45, 49, 50, 56, 68, 97], and the presentation of 
the borrower [5, 18, 40]. These approaches lack a crowd-centric 

perspective and thus overlook the appealing possibility that Web-
based crowdfunding might have produced conditions that have 
enabled the emergence of superior decision-making performance at 
the group level. Lending crowds beneft from aggregating multiple 
perspectives giving a more rounded view of the risk. However, 
crowd members are not independent and might be restricted by the 
actions of those who lend frst, leading to cascading behavior that 
may not gravitate toward rational choices. Hence the two factors 
that could contribute to collective intelligence in crowdfunding are 
(1) the diversity of the perspectives in the lending crowd and (2) 
the aggregation mechanism that transforms individual evaluations 
into collective estimations considering that the decision-makers 
are not acting independently. 

In this paper, we developed two collective intelligence indicators 
tailored to the specifcs of crowdfunding. First, we looked at the 
inequality of loans, which directly polls the diversity of a group 
of lenders and overcomes the weaknesses of traditional categories 
such as gender, education, and ethnicity. Second, to devise a suitable 
aggregation mechanism, we studied the evolution of a campaign 
and viewed the time intervals between single bids as a particu-
lar combination of opinions that reinforces the crowd’s overall 
assessment of the merit of a project. We then showed that our two 
resulting indicators, opinion diversity and aggregation speed, are 
predictive of campaign outcomes and can admit a model that jointly 
explains fundraising and subsequent repayment. Moreover, these 
indicators work particularly well with high-risk projects and might 
even serve as early warning signals of funding outcomes relying 
on data from small crowds. 

Altogether, our work has resulted in large-scale empirical evi-
dence for collective intelligence indicators in online crowdfunding. 
These indicators have implications for lenders, borrowers, and plat-
forms alike. Our fndings call for more concerted digital literacy ed-
ucation for lenders about the positive and negative efects of crowd 
signals. Borrowers can improve the success of their campaigns, 
for example, by diversifying their outreach to multiple funder cate-
gories. Platform creators can develop higher-performing sites when 
harnessing collective intelligence indicators. Given that the indi-
cators are heavily dependent on crowd activity, they could be ma-
nipulated by nefarious actors (c.f. how /r/wallstreetbets gamed the 
stock of GameStop [77]). Future research should therefore increase 
awareness of these collective intelligence indicators and investigate 
their robustness to potential manipulation. Finally, our fndings 
contribute to the growing literature on collective intelligence and 
crowd computation, opening up new avenues for theoretical work 
inspired by the increasingly granular understanding of the surpris-
ing efciency of Web-enabled wisdom of crowds systems. 
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