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Information asymmetry is one of the fundamental problems that online peer-to-peer (P2P) lending plat-
forms face. This problem becomes more acute when platforms are used for microfinance, where the tar-
geted customers are mostly economically under-privileged people. Most of the prior empirical studies
have been based on data from Prosper.com or similar sites that compete in traditional consumer loan
markets. Our study examines P2P lending in microfinance for which borrowers are unbankable so that
signals on creditworthiness of new borrowers are very limited. In addition, microfinance customers have
more incentive to repeatedly seek loans from the market. Under this microfinance setting, we examine
how lenders change their decisions as creditworthiness inference becomes increasingly possible through
the accumulation of transaction history. Our findings confirm that lenders seek the wisdom of crowds
when information on creditworthiness is extremely limited but switch to their own judgment when
more signals are transmitted through the market. Different information sets are utilized according to
the structures of decisions. Due to the possibility of a repeated game, it is also shown that borrowers
try to maintain a good reputation, and direct communication with lenders may adjust incorrect inference
from hard data when their creditworthiness is questioned.

� 2012 Elsevier B.V. All rights reserved.
1. Introduction

Peer-to-peer (P2P) lending is a new platform of financial transac-
tions that bypasses conventional intermediaries by directly con-
necting borrowers and lenders. This new digital intermediary
was created on the basis of microcredit principles (Magee 2011)
and has rapidly grown in recent years.1 As of March 2008, over
US$500 million in loans originated from over twenty P2P lenders
worldwide (Ashta and Assadi 2010a,b, Bruene 2008, Cain 2008, Ma-
gee 2011). This exponential growth seems to have continued in the
United States (Pengo 2011, Renton 2011) and the United Kingdom
(Bachmann et al. 2011). According to Gartner (2010), by 2013, the
industry will soar to US$5 billion. Renton (2012) reported that the
combined monthly loan volume of Lending Club (www.lending-
club.com) and Prosper.com (www.prosper.com) exceeded US$50
million in February 2012, representing a more than 100% annual
growth rate. Some experts expected that P2P online exchange will
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lending-companies.
become an alternative platform for traditional saving and invest-
ment (Slavin 2007). One prediction is that, within the next few years,
such social banking platforms may have a market share of 10% of the
worldwide market for retail lending and financial planning (Gartner
2008). The roots of the emergence of this crowd-sourced funding
platform are both economic and philanthropic (Wang and Greiner
2011).

Due to the sudden popularity of this new kind of financial inter-
mediation, P2P lending has garnered significant attention from the
mainstream media and academia (Light 2012). P2P lending has
quickly emerged as a popular research area in several disciplines
(Wang and Greiner 2011, Bachmann et al. 2011). New digital inter-
mediation and the reintermediation of earlier intermediaries offer
new benefits as well as new challenges (Hawkins et al. 1999, Chir-
cu and Kauffman 2000, Berger and Gleisner 2009). What has made
the P2P lending platform so popular?

1.1. The benefits of P2P lending platforms

There are many benefits of P2P lending platforms compared to
loan transactions made through traditional lending institutions.
Perhaps the most widely advertised benefit of P2P lending is that
borrowers can get loans at a lower rate without collateral, while
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lenders can obtain a higher return on their investments (Magee
2011). Though the evidence for high returns on investment from
microfinance has been questioned, P2P lending nevertheless has
lured investors who have been discouraged by the stock market re-
turns and lower interest rates offered by banks (Brennan 2009).
The Wall Street Journal has reported that the leading P2P firms have
provided investors with 10% or higher annual returns at a time of
historically low interest rates. They also have attracted big institu-
tional investors such as hedge funds and wealth-management
firms (Light 2012).

The value proposition for P2P lending to borrowers is twofold.
First, unbankable borrowers or ones with low credit scores will
be attracted to P2P lending platforms, since technology now makes
it possible to implement microfinance approaches that rely upon
social collateral (Bruett 2007). According to Packer (2010), amid
the recession triggered by the global financial crisis, the market
for microfinance grew rapidly in 2009, building on the past success
of traditional microfinance institutions. The second value proposi-
tion for borrowers is that they can acquire loans with lower rates of
interest (Wang et al. 2009). Disintermediation of the expensive
middlemen associated with traditional financial firms by a more
cost-effective online platform has created lower operations costs
for the online P2P firms (Klafft 2008a,b). In addition, the increased
outreach they achieve through online media has created new econ-
omies of scale, and the lower financing costs have contributed to
cost reductions for the micro-lending sites (Ashta and Assadi
2010a,b, Magee 2011). Sviokla (2009) reported that the best inter-
est rate at the Lending Club was 7.3% while the bank rate for the
same credit was over 13% on average in 2009.

1.2. The countervailing risks that P2P lending platforms experience

While risk may be managed by taking advantage of a portfolio
that consists of a large number of microloans with diverse risk
levels, there is an inherent risk of default on loans made via the
online medium to strangers without collateral. In addition, evalu-
ating a large number of small loans can be time-consuming
(Slavin 2007). As online P2P lending platforms play a role in
microfinance, the loans that are made have additional risk factors
derived from borrower characteristics on top of those from the
online environment. Most borrowers in traditional microfinance
markets are poor and self-employed (Schreiner 2000). Earlier
studies on P2P lending have shown that there is not much vari-
ance in borrower characteristics, especially in terms of financial
strength and efforts to make a request (Herzenstein et al. 2008,
Pope and Sydnor 2011). This is because microfinance serves pre-
dominantly disadvantaged customers. In the online P2P lending
market, the traditional role of screening to determine whether
borrowers are trustworthy is left to individual lenders rather than
financial institutions. Thus, there is always the possibility of mis-
representation for borrowers in terms of their creditworthiness.
The existence of information asymmetries in the financial market
is well known (Sufi 2007), but the information asymmetry
between a borrower and potential lenders in the P2P lending
market is even more acute. As Cheung (1989) has argued, the sus-
tainability of any economic institution is subject to transaction
costs associated with the organization. In dealing with the risks
that information asymmetry engenders, it seems that the creators
of P2P lending platforms have aspired to the often-cited success
story of the Grameen Bank, which reported a continuous and
relatively low default rate on loans.

How to deal with the possibility of adverse selection in microfi-
nance is a central theme of research in this area since the long-
term success of this new platform depends on the lenders’ willing-
ness to place bids continuously when requests are made by risky
borrowers in the online environment (Weiss et al. 2010). The prior
studies focused mainly on how lenders screen the trustworthiness
of borrowers and the effectiveness of different mechanism design
features to mitigate the risk of information asymmetry. Many stud-
ies have addressed one distinguishing feature of the online P2P
lending setting: the utilization of soft information by lenders. They
show that unverifiable disclosures by borrowers, and the richness
of the dialogues between lenders and borrowers tend to affect
the loan outcomes, at least in terms of the likelihood of funding
(Iyer et al. 2009, Larrimore et al. 2011, Sonenshein et al. 2011, Her-
zenstein et al. 2011b, Michaels 2012). These studies, as a whole,
indicate that lenders combine objective and subjective information
available on the market to assess the extent of their uncertainty
with respect to the trustworthiness of potential borrowers.

Traditional microfinance institutions have relied upon social
networks to overcome adverse selection in their lending practices.
To replicate this in the online context, the new P2P lenders have at-
tempted to foster artificial social relationships. The effectiveness of
social features in online P2P lending platforms, including friend-
ship, endorsement, and group affiliation – has been intensively
studied also (Freedman and Jin 2008, Lin et al. 2011, Berger and
Gleisner 2009, Collier and Hampshire 2010, Aghion and Morduch
2000). They claim that social networking built on the online plat-
form has helped to overcome information asymmetries between
lenders and borrowers (Herrero-Lopez 2009, Greiner and Wang
2007, Freedman and Jin 2008). Most studies on the social aspects
of P2P lending have focused on the group lending feature of Pros-
per.com. Group lending is a mechanism that has been used by many
traditional microfinance institutions as a way of monitoring bor-
rower information to reduce information asymmetries and to en-
force the rules for repayment (Everett 2010, Bruett 2007). The
absence of group liability in the online platform makes it less effec-
tive in this market though (Michaels 2012). Wang and Greiner
(2011) have claimed that Prosper discovered that the benefits of
Grameen Bank’s approach to lending, by involving offline groups,
does not transfer very well to e-market settings.

There is clear evidence to suggest that an individual lender’s
capacity to infer from borrower information and group affiliation
alone are not sufficient in dealing with the uncertainty associated
with the trustworthiness of borrowers. This is partly due to the
herding behavior that borrowers demonstrate (Puro et al. 2011,
Shen et al. 2010, Zhang and Liu 2012, Herzenstein et al. 2011a).
Through herding, lenders not only can interpret information pro-
vided by borrowers, but they also can try to infer the creditworthi-
ness of borrowers from observing peer lending decisions. Plott
(2000) has shown that markets perform tasks to gather informa-
tion distributed across a system that describe beliefs, sentiments
and opinions, and also aggregate and publish them. As a result,
market participants can learn from the market. There is indirect
evidence that learning takes place in online P2P lending markets
also. Freedman and Jin (2008) have shown that there is a gap be-
tween group and individual borrower loan returns, but it is shrink-
ing over time. This can be partially attributed to lender learning.
The authors also revealed that the average funding rate on Pros-
per.com rose from 2005 to 2008, as the market matured. Puro
et al. (2011) also have presented evidence about bidder learning.
The time to when a loan is funded has become shorter and the dis-
persion of interest rates has increased. These developments indi-
cate that bidders have improved confidence in evaluating
potential borrowers. They also have observed different bidding
strategies on the part of lenders over time. They did not elaborate
on how lenders learn from different kinds of information though.
This study aims to provide an explanation of the how lender learn-
ing occurs.

In the absence of effective social ties, it appears that the P2P
platforms are continuing to experiment with various new mecha-
nisms and features to internalize transaction costs by encouraging



H. Yum et al. / Electronic Commerce Research and Applications 11 (2012) 469–483 471
learning from peers and markets. The facilitation of peer learning is
essentially an attempt to activate and leverage the wisdom of
crowds. Ray (2006) has argued that prediction markets for financial
variables produce surprisingly accurate information, revealing the
wisdom of crowds. As a result, such e-markets are among the most
efficient markets in history.

1.3. Exploring the wisdom of crowds for lending decisions at
Popfunding.com

We will investigate one such experiment that explores how the
wisdom of crowds works in our study context. Popfunding.com
(www.popfunding.com), the largest P2P lending platform in South
Korea, has added new functionality that gives prospective lenders
the power to vote on the trustworthiness of borrowers who make
loan requests. For each loan request for a few days afterit has been
made, the lenders will participate in a voting process to provide
their opinions (‘‘yes’’ or ‘‘no’’) about whether a borrower can be ex-
pected to repay the loan successfully. Then, the platform will count
the votes so that the collective wisdom is revealed. According to
Mauboussin (2008), this wisdom of crowds approach works very
well to solve probabilistic problems.

Surowiecki (2004) and Malone et al. (2009) also have pointed
out that crowds make good guesses in situations where informa-
tion resources reside in places that are not known in advance.
Under certain conditions, collective intelligence will emerge even
with naïve updating of individual beliefs in social networks (Golub
and Jackson 2010). Given the relatively high uncertainty in bor-
rower trustworthiness and the lack of lender expertise and infor-
mation, estimating borrower trustworthiness is a probabilistic
problem. So the online P2P lending environment appears to meet
the conditions that prior theoretical studies have identified (Golub
and Jackson 2010, Ray 2006). Thus, we expect the wisdom of
crowds approach to work for the online P2P lending platform,
and lenders may be able to take advantage of the voting results
when they make credit decisions with respect to different
borrowers.

On the other hand, focusing more on the P2P lending platform
for the purposes of conducting microfinance activities, we expect
that a small increase in information may significantly affect lend-
ers’ assessment due to the great initial uncertainty that is involved
in this application area. A possible information sources is the past
transaction history of the borrowers. In traditional microfinance, it
has been shown that past late repayments are useful in predicting
future late repayments. According to Schreiner (1999), for exam-
ple, in Bolivia, borrowers with payments that are late more than
fifteen days for a previous loan were 2.8% more likely to be late
in repaying current loans by at least fifteen days. Actually, microfi-
nance borrowers have an incentive to make loan requests more
than once due to their limited access to funds from traditional
financial institutions. Loan customers represented in the data set
that we will discuss from Popfunding.com are like this. This is be-
cause the platform targets mainly subprime and unbankable
customers.

Rational investors will adopt different strategies according to
the structure of the decision-making problem they face in the
P2P lending markets. As suggested by the prior literature, inves-
tors will take advantage of the collective intelligence of the mar-
ketplace in dealing with the uncertainties associated with
unknown borrowers, but they will become more dependent on
their own capacity to infer the trustworthiness of borrowers
when more revealing information becomes available to them.
In other words, with the accumulation of past loan history, pre-
dicting the creditworthiness of a borrower becomes more struc-
tured. We will assess Popfunding.com’s experiment to exploit the
wisdom of crowds.
1.4. Research questions

The idea that uncertainty may change for the lender as bor-
rower transaction history accumulates in P2P lending prompts
the following key questions for research. First, does collective intel-
ligence gathered from Popfunding.com’s voting mechanism have
any impact on loan repayments? Do lenders change their invest-
ment strategies according to the structure of the uncertainty-
related problems they face in P2P lending? Under what circum-
stance will lenders use collective intelligence versus their own
inferences from more reliable information? We posit that the situ-
ations in which one works better than the other will be different
depending on the degree of information revealed to the lenders.
We expect that the wisdom of crowds will work well with the
probabilistic problems that arise with novice borrowers. Past
transaction history will work better as borrowers build their repu-
tations through transaction histories. This will make the lenders’
problems more structured. While learning and the wisdom of
crowds have been hinted at in prior studies, to the best of our
knowledge, structural changes in decision-making in P2P lending
have not been studied to date.

We empirically tested whether the information set considered
by lenders changes as borrowers build their transaction history.
For borrowers with no history of receiving loaned funds, the vot-
ing results heavily affect the probability of loan success. For bor-
rowers who have past transaction history though, especially for
those who were successfully funded at least once before, the vot-
ing results were no longer very effective. Instead, the transaction
history during the period of repayment turns out to be more
important. Our findings thus indicate that the P2P lending mar-
ket also works as an information gathering mechanism, as sug-
gested by Plott (2000).

The rest of the paper is organized as follows. Section 2 discusses
the available literature on P2P lending, microfinance and the wis-
dom of crowds, and discusses our data source. In Section 3, we
present our hypotheses for this research. Section 4 describes the
research methodology and the data used for our empirical tests.
Section 5 presents the results, and Section 6 concludes.

2. Background and literature

2.1. P2P lending and microfinance

Since Zopa.com launched an online lending platform in 2005 in
the United Kingdom, P2P lending sites have popped up everywhere
(Ashta and Assadi 2010a,b). Online P2P lending platforms came
into the spotlight as they began to provide an alternative to tradi-
tional microfinance institutions. Microfinance, an important theme
in this special issue of Electronic Commerce Research and Applica-
tions, is often defined as financial services for poor and low-income
clients who do not have access to other traditional financial insti-
tutions. The term is often used to indicate loans from providers
that identify themselves as microfinance institutions (MFIs) (Kauff-
man and Riggins 2012).

This online platform plays a variety of roles in financial inter-
mediation. The structure is well depicted in recent research (Ashta
and Assadi 2010a,b, Bachmann et al. 2011, Kauffman and Riggins
2012). They include market-making, loan processing, enabling
investment strategy, and community-building activities (Wang
et al. 2009). Some of their intermediary roles are similar to tradi-
tional financial services firms but others are unique to these new
online market-makers. One of the most notable features of P2P
lending is that the lending decisions are left to individual lenders
for unsecured loans to strangers (Meyer 2007).

There are three main sources of potential risk to lenders who
want to invest through this platform: the targeted customers, the

http://www.popfunding.com
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online environment, and the lending products. Today, there are
many variations in how P2P platforms work (Bachmann et al.
2011), and many of them are for-profit commercial models that
try to compete with other financial services. They are gaining pop-
ularity in lending to smaller-scale borrowers. Commercial plat-
forms like Zopa.com target broader customer segments beyond
those of traditional microfinance, but still have to deal with mostly
unknown borrowers, who often lacking credit history or may actu-
ally be unbankable in terms of the risks they represent. The anon-
ymous environment of the Internet also hinders the formation of
trust among participants (Klafft 2008a,b). Transactions in e-credit
marketplaces often involve fictitious user names, so that there is
inherent risk of default through fraud in the online platform (Gre-
iner and Wang 2007). As a result, like traditional microfinance, the
fundamental problem with making unsecured loans to complete
strangers over the Internet is getting any money back at all (Wang
and Greiner 2011). In addition, lenders with less expertise in risk
management than financial institutes bear significant risk of loan
default.

All of these aspects point to the possibility of the borrowers
exhibiting opportunistic behavior to exploit lenders by misrepre-
senting their trustworthiness. Lenders seem to be aware of such
risks though. It has been reported that only a small fraction of
the listings posted by borrowers at Prosper.com, for example, are
ever successfully funded (Freedman and Jin 2008, Chen et al.
2011). In addition, the loan default rates on Prosper.com were re-
ported to be higher than expected (Wang and Greiner 2011). The
high level of defaulting borrowers has resulted in disappointingly
low average annual returns (Magee 2011). It also has been reported
that many lenders who invested funds through Prosper.com were
not able to achieve acceptable returns due to the high rate of loan
defaults, especially because of the repayment performance of poor
borrowers (Klafft 2008a,b).

2.2. Group lending

The relevant theory in finance states that default risk may be
lessened by either reducing the information gap between lenders
and borrowers, or by strengthening the monitoring of the moral
hazard that borrowers exhibit after they obtain a loan. Bruett
(2007) shows that the former is the more important for financial
institutions. Thus, a financial institution can control the extent of
adverse selection by lowering the information asymmetry that oc-
curs between lenders and borrowers. On the other hand, tradi-
tional microfinance institutions, including the Grameen Bank in
Bangladesh, have implemented increased monitoring to curb the
moral hazard that borrowers are likely to create. The Grameen
Bank has utilized group lending and group liability as a mechanism
to internalize default risk (Hartley 2010).

With the group lending mechanism, microfinance institutions
provide capital to groups of borrowers rather than to just one bor-
rower. Members within the group have joint liability, and thus also
have an incentive to monitor each other to reduce the likelihood of
default. Individual repayment performance is linked to the group’s
performance as a monitor (Hartley 2010). This process reduces
moral hazard and the transaction costs associated with loan distri-
bution and collection (Paxton 2000). This is exactly what Diamond
(1984) found: he pointed out that intermediaries can help over-
come asymmetric information by acting as delegated monitors. In
this case, the intermediaries again delegate monitoring to group
members, who serve to minimize the overall monitoring costs of
the bank. They also are better, more effective monitors because
they have good relationships with the borrowers (Everett 2010,
Wydick 1999) and physical proximity to them (Agarwal and Haus-
wald 2008). Both support good information quality, which is
widely known as a characteristic of community banking.
Encouraged by the success of microfinance, Prosper.com devel-
oped a mechanism that is analogous to the traditional group lend-
ing mechanism in microfinance, only in the online environment. In
Prosper.com, both borrowers and lenders can join a group. By join-
ing groups with good payment history, borrowers can enhance
their reputations and lenders will be more likely to offer them bet-
ter interest rates (Slavin 2007).

There have been several studies on the effect of this social fea-
ture of the online P2P platform. Everett (2010) hypothesized that
group membership is negatively associated with the default rate.
if there is a means of social punishment – such as shame or ostra-
cism – that the borrower wishes to avoid. However, it turns out
that group membership itself has a positive and significant effect
on the default rate, which goes against Everett’s hypothesis. His
study showed that group membership results in a lower default
rate only with groups that have personal relationships or at least
the potential for actual face-to-face relationships. Thus, according
to Everett (2010), even in a virtual world of limited physical rela-
tionships, group formation in the online P2P lending platform
may not work very well as a way of risk mitigation. Lin et al.
(2011) report that verifiable online friendship has positive impacts
on both ex ante and ex post outcomes though. Friendship not only
seems to increase the probability of successful funding but also
lowers the loan default rates.

In other related research, Berger and Gleisner (2009) investi-
gated the role of group leaders to whom the platform delegated
the screening of potential borrowers and the monitoring of loan
repayments. They found that group leaders reduce information
asymmetry, especially in dealing with riskier borrowers. However,
the results were not entirely consistent. Freedman and Jin (2008)
reported that the estimated returns of group loans are significantly
lower than those of non-group loans, while the effects of friend-
ship-related endorsements are consistent with those found in
other studies. They suspect there are inappropriate incentives for
group leaders, who may fund lower quality loans in order to earn
rewards. Wang and Greiner (2011) have reported that Prosper.com
found that Grameen Bank’s group lending practices to close-knit
traditional social groups was difficult to transfer to an e-market.
They further observed a gradual decline in the proportion of list-
ings with group membership after Prosper.com eliminated re-
wards to leaders. Thereafter, endorsements from friends grew
significantly. We conclude from the literature that traditional rem-
edies successfully developed by the MFIs are not available in the
online P2P lending, which presents a new and different set of chal-
lenges in financial risk management for the lenders.

2.3. Screening for borrower trustworthiness with unverifiable
information disclosures

Since social networks and their related features have a limited
impact on lenders’ monitoring of borrower moral hazards, the
remaining solution that lenders can explore is to alleviate informa-
tion asymmetries by reducing the information gap between them-
selves and the borrower. If the market facilitates richer information
transfer between these parties, market efficiency will improve. As a
way of trying to reduce the information gap, P2P lending platforms
have enabled their members to communicate and share knowl-
edge, so that the lenders can utilize non-standard, soft information
(Iyer et al. 2009). This kind of information includes such things as a
person’s identity, their picture, and even the vicissitudes of their
life, family and so on. Given this information, lenders can act like
private financial institutions (Sugar 2010), by performing value-
added actions to screen the creditworthiness of a borrower.

There are many studies that discuss the kinds of information in
the online P2P platform utilized by lenders to screen the trustwor-
thiness of borrowers, and how effectively they can infer the



Table 1
Borrowers’ Distribution of Credit Grades.

Credit grade Number of requests Credit grade Number of requests

0 15 6 17
1 0 7 77
2 2 8 137
3 3 9 288
4 3 10 441
5 8

Notes: This is the standard scoring system shared by all financial institutions in
Korea, which is accessed by credit bureaus. Financial services share transaction
records with the credit-scoring agencies for better assessment. There are two
agencies in Korea for consumer credit scoring, but they use the same scoring
system.
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creditworthiness of the borrower from this information. Lenders
typically base most of their inferences on the borrower’s credit-
worthiness from hard, factual information, but they also non-stan-
dard, subjective information (Iyer et al. 2009). This kind of soft
information is utilized more in decision-making for the extension
of lower credit approvals. As a result, unverifiable disclosures have
the potential to affect lending decisions, just as objective, verifiable
information does.

Soft information may increase loan funding but still adversely
affect the overall quality of the decisions that are made (Michaels
2012, Herzenstein et al. 2011b). Prior research has shown that
unverifiable information is associated with an increase in borrower
defaults. Sonenshein et al. (2011) also have confirmed that bor-
rower accounts may not provide sufficient information to predict
loan performance very well, yet it nevertheless increases the like-
lihood of favorable lending decisions to borrowers. However, Larri-
more et al.’s (2011) research has contradicted these findings. They
claim that humanizing personal information does not have a posi-
tive association with the borrower’s funding success. These find-
ings may indicate that borrowers are misrepresenting themselves
(Berger and Gleisner 2009), and this underscores the fact that lend-
ers’ ability to infer creditworthiness under uncertainty will be
limited.

2.4. Social lending and the wisdom of crowds

The aforementioned findings strongly imply that lenders suffer
from negative effects of imperfect information, and often seem to
overestimate the quality of their credit decisioAom of crowds in
prediction markets is much different from the feedback mechanism
that is widely used in e-commerce sites such as Amazon
(www.amazon.com), TripAdvisor (www.tripadvisor.com) and Yelp
(www.yelp.com). Customers rate products and services after they
have experienced them, although their sentiments are also the re-
sult of crowd-sourced opinions. For those web sites, online ranking
systems suffer from a number of inherent biases (Moyer 2010):
people who participate in the ranking systems offered by various
online platforms have already made their purchases. Thus, they
will have had a preference for the products and services they
decided to buy, and so they will tend not to give reviews on the
products and services with which they are not satisfied (Moyer
2010). In contrast in prediction markets, nobody knows the quality
of the products or the services of interest. According to Surowiecki
(2004), if the following three conditions are satisfied, then a crowd
will be able to offer collectively useful input: (1) it must be diverse;
(2) its members must be independent; and (3) it must have some
degree of decentralization. Our view is that online P2P lending
platforms seem to satisfy all of these conditions relative to
crowd-sourced information.

Without financial expertise and lacking the ability to infer the
creditworthiness of borrowers from imperfect information, indi-
vidual investors will not be confident with their own loan deci-
sions as P2P lenders, so they will try to learn from peers as
much as possible. A related outcome is that, when people make
decisions based on imperfect information in the financial markets,
they tend to herd. Several studies have examined herding behav-
ior in the P2P lending market (Lee and Lee 2012, Herzenstein et al.
2011a, Shen et al. 2010, Zhang and Liu 2012). Two aspects of on-
line P2P lending seem to encourage herding. The online P2P
microcredit market is a form of social lending in which multiple
lenders come together to jointly fund a loan request. The online
platform enables learning from peers due to transparent informa-
tion. Zhang and Liu (2012) have shown that lenders accomplish
observational learning from herd activity and also from the bor-
rowers’ characteristics. They claim, as a result, that herding in
the microloan market is rational.
Market outcomes also indirectly suggest that learning is occur-
ring on this platform. The average return for a lender increases as
credit history information improves (Magee 2011). Freedman and
Jin (2008) suggest that the return gap between group and non-
group loans has been closing over time, and that this may be occur-
ring in part due to lender learning. Puro et al. (2011) also have re-
ported that people adjust their bidding strategies according to their
learning experience.

With improvement in the market outcomes due to learning, and
strong evidence of learning behavior involving herding, we expect
that the P2P lending market will try to further leverage the wisdom
of crowds to improve market efficiency. Golub and Jackson (2010)
have suggested that the beliefs of all of the agents in large societies
will converge to the truth if they naïvely update their beliefs by
repeatedly taking the weighted average of their neighbors’ opin-
ions. On the other hand, Ray (2006) has commented that the com-
prehensive studies of financial prediction markets suggest that
they are remarkably accurate. Popfunding.com, the data source
for our study, similarly has been trying to take advantage of the
wisdom of crowds by embedding a prediction market feature into
its P2P lending platform.

2.5. Popfunding.com: an online P2P lending platform in Korea

This empirical study centers on Popfunding.com (www.pop-
funding.com), one of the biggest P2P lending platforms in Korea.
It was launched in June 2007, and as of February 28, 2011, it had
more than 55,000 members. Popfunding.com is an online P2P lend-
ing platform whose borrowers are mostly unbankable due to their
low creditworthiness. The distribution of Popfunding.com’s bor-
rowers confirms that it has mostly been focusing on this segment
of customers. Table 1 shows Popfunding.com’s borrowers’ distribu-
tion of credit grades, ranging from 0 to 10 representing the spec-
trum of the worst to the best risks, including those that are
unbankable for most traditional financial institutions. We note that
almost 80% of Popfunding.com’s borrowers earn an income that is
lower than the monthly average income in Korea of KRW2.03 mil-
lion, as summarized in Table 2. Considering the distribution of bor-
rower credit grades and monthly income levels, Popfunding.com is
not a simple lending platform but more of a microfinance
marketplace. In contrast, the three largest social lending sites –
Prosper.com, Zopa.com, and Lending Club – report that approxi-
mately 20% of their loans actually are for small businesses (Farrell
2008).

Popfunding.com intentionally targets this segment of borrowers
whose credit scores are below the threshold of traditional financial
institutions for strategic reasons. The economic turmoil involving
the foreign currency crisis in the late 1990s and the more recent
global financial crisis has produced a large number of subprime
or unbankable customers. Popfunding.com estimates that almost
30% of the workforce in Korea belong to this category, for example.

http://www.amazon.com
http://www.tripadvisor.com
http://www.yelp.com
http://www.popfunding.com
http://www.popfunding.com


Table 2
Borrowers’ distribution of monthly income.

Monthly income
(KRW)

Number of
requests

Monthly income
(KRW)

Number of
requests

0 420 2–3 M 117
�0.5 M 7 3–5 M 55
0.5–1 M 42 5 M� 6
1–2 M 344
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During the turbulent times of a financial crisis, financial institu-
tions typically struggle with their own survival, and people with
low credit scores are routinely denied loans by most retail banks
(Pattern et al. 2001).

The financial industry in Korea is still under development and
organizations that especially target subprime customers have yet
to emerge. Hence, these customers sometimes have to rely on ille-
gal loans by unlicensed loan sharks due to their limited access to
mainstream banks. Such exploitation makes things worse for the
underprivileged. According to what we learned in three interviews
that we conducted between 2008 and 2010 with the founder and
CEO of Popfunding.com, H.W. Shin, people with lower credit rat-
ings represent the niche market that is targeted, since there will
be no competition from incumbents in the financial industry, other
than loan sharks. Shin has claimed: ‘‘I hear and see how desper-
ately those unbankable customers want to restore their credit sta-
tus. They feel that they belong to the lower class when they are
denied by banks. It was [this] online community of such people
that gave me the idea of this business opportunity. You can see that
people with bad credit grades are desperately seeking advice and
help to ‘clean their names’ and restore their dignity. We not only
obviously provide lower interest rates but also try to give them
the opportunity to restore their pride. These are our main value
propositions.’’

To achieve this value proposition of restoring credit and avoid-
ing the need for a lender’s regulatory authority through a govern-
ment license, the funding process that Popfunding.com uses for
transactions is actually intermediated, although its P2P lending
Fig. 1. Screenshot of a borrower’s inform
platform simulates the direct funding process for loans that tradi-
tional lenders use, based on what the borrower experiences. Each
loan is disbursed from a savings bank, as a typical consumer loan
would be. Popfunding.com provides the savings bank with the
aggregate funding received from lenders for the specified loan in
exchange for the assignment of the borrower’s promissory note.
Then, the financial intermediary provides the borrower with the
loan proceeds in exchange for a corresponding promissory note
from the borrower. Following the assignment from the savings
bank, Popfunding.com collects the monthly payments from the
borrower and distributes the proceeds to the lenders, based on
each lender’s pro rata investment in the loan according to the
interest rates represented by their bids. This intermediation is very
similar to that of Lending Club (Magee 2011). Popfunding.com
claims that, by repaying loans to a savings bank, borrowers will
be able to restore their credit ratings, which otherwise would re-
main in the range of unbankable credit.

Popfunding.com has a similar lending process and a reverse
auction mechanism that is similar to other global players, such
as Prosper.com and Zopa.com. The reverse auction mechanism re-
quires sellers to bid on requests for quotations made by a potential
buyer, a process that was popularized by e-commerce sites such as
Priceline.com in the late 1990s and early 2000s (Ding et al. 2005).
First, a borrower must create a loan request with a specified
amount, duration, maximum interest rate, and personal profile,
including age, gender and occupation. In addition, Popfunding.com
solicits additional rich information based on volunteered disclo-
sures by the borrower, who has an incentive to disclose such infor-
mation to increase the likelihood of having the loan funded. As
shown in Fig. 1, the personal profile includes certificates to verify
their information such as certificates of identification, credit,
phone number, address, job, income and tax. The platform posts
the list of items verified through such certificates and other means.
Submitted certificates to Popfunding.com are not shown to lenders
publicly, but only the relevant individual financial status informa-
tion. This included information such as credit grade, debt history
and monthly income, and it will be not be revealed to unless a
funded borrower delays making a payment so that it becomes
ation based on the voting results.
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ten days past due. Popfunding.com only reports the existence of
the applicable certificates to lenders to help them in their deci-
sion-making, and so it acts like a process auditor.

Additionally, borrowers post detailed descriptions of the pur-
pose of loans they would like to obtain and their plans for repay-
ment (Ho 2010), and emotionally appeal to lenders by describing
the urgency of their financial needs. Such personal vicissitudes
occasionally seem to stimulate lenders’ philanthropic motives:
good story-telling has been reported to increases the likelihood
that a borrower’s loan will be funded (Herzenstein et al. 2011a).
In addition, sometimes bids with the exceptionally low interest
rates between zero and just a few percent can be found.

In the meantime, potential lenders place their bids on the listed
loans with the properties described above. They go over basic
information, and the loan request descriptions written by the bor-
rowers. Like other online P2P lending platforms, Popfunding.com
also provides access to a Q&A bulletin board for each loan request,
so lenders can ask questions directly to a borrower in order to ac-
quire additional information. Through the board, the lenders typi-
cally ask for more details about purpose of the request, and the
borrower’s ability to repay. Sometimes they post messages to indi-
cate they are willing to support the borrower. There is also a free
bulletin board, where any topic can be shared among every mem-
ber. Borrowers especially use this space for the purpose of adver-
tising their loans and building relationships with lenders in a
friendly and more informal manner. According to Ho (2010), even
without this group-lending support feature, social capital has sig-
nificant effects on loan success. His research has offered empirical
evidence to show that social interactions in Popfunding.com have
positive effects on the probability of a borrower’s success in getting
a loan funded. His approach was to count the number of articles on
a Q&A board related to the loan request, and use it as a proxy for
the creation of social capital.

The next step of the process is for lenders to assess the risks and
place a bid on a loan request. If the total bid amount reaches the
borrower’s requested amount, the loan will be initiated. In cases
when the total bid amount exceeds the listed amount, lenders with
the lowest interest rates will be granted a stake in the loan. If a loan
fails to attract enough lenders, then the loan will be canceled auto-
matically by the system.

What we are focusing on in this study is the simple voting fea-
ture that solicits prospective lenders’ predictions of the likelihood
of repayment by a borrower. The earlier Fig. 1 also shows the re-
sults of the potential lenders’ voting process. For this borrower,
there were 23 prospective lenders who expressed opinions, and
91% of them were positive. For each loan request, for the first
few days after the request for funding is listed, lenders vote for
screening whether a borrower is reliable enough to successfully
repay.

According to previous research on the likelihood of funding suc-
cess in online P2P lending platforms, each lender who participates
in the kind of voting process we have described might consider
various factors. They include the borrower’s demographic and
financial information, such as age, gender and job, and also the bor-
rower’s financial strength based on credit grade (Herzenstein et al.
2008), debt history and the number of credit inquiries, the exis-
tence of certificates, and past transaction history, if it exists. In
addition, the lenders will be interested in the borrower’s social
activities, including whether any effort has been made to build
relationships with them (Ho 2010), as well as the purpose of the
loan request.

This feature has a similar function to prediction markets in en-
abling information to be surfaced that represents the financial wis-
dom of crowds (Ray 2006). While lenders’ predictions are not
directly linked to their betting as in normal prediction markets,
anyone can check whether lenders who vote actually make a bid
on a borrower’s loan request. This feature bears a close resem-
blance to prediction markets. To the best of our knowledge though,
Popfunding.com’s approach seems unique in that it explicitly ex-
plores the possibility of collective intelligence in the P2P lending
market. Ray (2006) reported that prediction markets are accurate
in predicting many different types of events, and cited another
comprehensive study by Credit Suisse First Boston on this topic.
If this claim also holds for P2P lending, then this approach should
have a beneficial impact to improve the efficiency of the market.
This is even more interesting since we have shown that lender
inference and other means of information exchange in social set-
tings are still very limited in dealing with the inherent information
problems of P2P lending markets.

As we mentioned early, there are three necessary conditions for
the crowd to be good at prediction: diversity, independence and
decentralization. Additionally, an aggregation mechanism is re-
quired that turns disaggregated information on private judgments
into aggregated information for collective decision-making (Sur-
owiecki 2004). In Popfunding.com, there is a innovative aggrega-
tion mechanism that serves in this capacity. The number of votes
and the percentages of ‘‘yes’’ and ‘‘no’’ votes are shown as bar
graphs with the number of participants included in Fig. 1 also.

There is no clear explanation about why some prospective lend-
ers participate in the voting process. Motives for knowledge shar-
ing in virtual communities have been intensively studied (Chiu
et al. 2006). This voting seems like beneficial knowledge sharing,
but there is another possible explanation. Popfunding.com has
been experimenting with another way to lure hesitant investors
by providing a means for automatically allocating funds according
to the investment decisions of the designated successful investors.
Popfunding.com publishes a list of best investors based on the aver-
age return of their loan investments, as well as the cumulative re-
turn on investment for those who volunteer to be financial
intermediaries. If any novice investor designates one of them and
realizes profit, a certain percentage of return will be rewarded to
the designated investor. So a possible explanation is that some of
these potential lenders may use the voting process as a means of
advertising loan opportunities they are interesting in funding,
but where others need to come in also.

3. Theory and hypothesis development

3.1. Lender strategies for making credit decisions for high-risk
borrowers

Mauboussin (2008) identified the type of decision problems in
which collective intelligence prevails. Problems that can be solved
with a rule-based process should be left to experts, while collective
intelligence from crowds is superior in handling probabilistic prob-
lems. Our conjectures on the wisdom of crowds in P2P lending
markets are based on Mauboussin’s problem classification. We
are interested in under what conditions screening a borrower’s
creditworthiness can be resolved by seeking crowd-sourced
opinions.

As we explained earlier, additional disclosures tend to lure
more bidding, but are often associated with negative market out-
comes. Freedman and Jin (2008) reported that about 30% of Pros-
per.com’s loans that were originated in 2006 were in default by
August 1, 2008. So it is obvious that lenders make mistakes in loan
selection. Persistent herding behavior in P2P lending also is associ-
ated with the information asymmetry-fostered uncertainties in
loan selection. An insecure online environment also will only add
more uncertainty to the decision-making process.

There is anecdotal evidence that lenders are handling the prob-
lem of screening borrowers with different strategies, according to
the uncertainty level associated with the borrower. Lenders seem



Table 3
The purpose of loan requests.

Purpose of loan
requests

No. of
requests

Purpose of loan
requests

Number of
requests

Marriage expenses 1 Leisure activities
expenses

2

Funeral expenses 15 Medical expenses 142
Payment of a fine 3 Moving expenses 9
Tuition 30 Loan switching fees 112
Housing rent 75 Paying back a private

loan
99

Debt guarantee 2 Purchasing or fixing a
vehicle

7

Capital for
business

53 Credit card payment 2

Cost of living 99 Settlement expenses 1

Table 4
Survey results for the borrowers.

Psychologically pressing factors
arising during the repayment period

Number of
recipients

Percentage

Relationships with lenders on Q&A
or other b-boards

17 47%

Voting results 4 11%
Disclosed documents of certifications 1 3%
The possibility of the next loan request 11 31%
Other 3 8%
Total 36 100%
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to be much more confident with borrowers who have good credit
histories, but they are still struggling with those with poor credit.
Freedman and Jin (2008) have reported that the rate at which bor-
rowers’ loans are funded in Prosper.com are positively associated
with credit grades. Funding rates for the different credit categories
are as follows there: 2A: 32.08%; A: 25.45%; B: 21.88%; C: 15.76%;
D: 10.35%; E: 5.56%; and HR: 2.39%. Klafft (2008a,b) also has con-
firmed that P2P lending primarily works well with debtors of good
quality in the AA and A categories. Borrowers with weaker credit-
ratings are unlikely to be able to borrow so easily via the P2P lend-
ing channel. On the other hand, lenders make their investment
decisions based on hard information for borrowers of strong credit
quality, and use non-standard information when it is likely to pro-
vide credible signals regarding borrower creditworthiness (Iyer
et al. 2009). Klafft (2008a,b) maintains that the rules that apply
in P2P lending are very similar to those of the traditional banking
system. Lenders judge seemingly low-risk borrowers with hard,
objective information, and use a somewhat different process for
deciding about high-risk borrowers. In such cases, in a word, they
tend to herd more.

Larrimore et al. (2011) offered evidence that humanizing the
personal details for one’s current financial situation was negatively
associated with funding success. In other words, lenders do not
make positive inferences based on the unverifiable disclosures
from borrowers when hard information is not enough to do a prop-
er evaluation. Therefore, there is a spectrum of uncertainty regard-
ing the trustworthiness of a borrower in P2P lending that ranges
from good enough to be judged by hard information to highly
uncertain given a weak credit grade. The former involves a decision
about which solutions may be sought with rule-based logic and the
latter is a probabilistic one according to Mauboussin (2008).

3.2. The role of collective intelligence

Given the high degree of uncertainty in the P2P lending market,
we conjecture that lenders will try to take advantage of collective
intelligence in their loan decision-making process. Herding could
be a strategic choice under uncertainty but the decision-maker
may blindly follow others. However, the voting results explicitly
represent the opinions of others with objective measures. If you
can observe who participates, the richness of information would
be improved further. For example, if lenders with good track re-
cords favor a borrower, others may weigh that information more
favorably. Note though that there is not much variance in credit
grades among Popfunding.com’s borrowers because they are pre-
dominantly unbankable. There are several factors that may reduce
uncertainty in the prediction of a borrower’s creditworthiness.

Since Popfunding.com’s business model is based on microfi-
nance, participating lenders provide only microcredit, not large
sums of money to borrowers. Hence, the borrowers may need to
repeatedly borrow money from this platform. Our survey of bor-
rowers reveals that the purposes of the loans they seek are mostly
to cover basic living expenses. See Table 3. In addition, unbankable
borrowers can improve their credit grades by successful repaying
their loans through Popfunding.com, since they are actually offered
as typical customer loans from a savings bank. The more they use
the system, the more their creditworthiness scores will improve.

Thus, they will have a strong economic incentive to obtain loans
repeatedly via Popfunding.com. This leads us to expect that bor-
rowers will strategically try to maintain a good reputation for fu-
ture loan funding success. Such strategic behavior and
transaction history may change the structure of the loan decision
problem to lenders though. In fact, good credit in the traditional
lending markets is a result of the borrower having a good track re-
cord. Hence, collective intelligence from crowds remains more rel-
evant to lender decisions when there is no such historical
information on the borrower or her reputation. This is line with
Mauboussin’s reasoning (2008). Hence, the following hypothesis
defines the conditions under which the wisdom of crowds or col-
lective intelligence applies:

Hypothesis 1 (Collective Intelligence). Collective intelligence, rep-
resented by the aggregated voting results, has a positive effect on
the funding success of borrowers who have never been funded
previously
3.3. The role of transaction history

We already have illustrated why borrowers in this P2P lending
platform may seek loans more than once to build good reputation.
Our data confirm this. As of July 31, 2010, out of a total 5723 loan
listings, there were 3402 requests that had at least one past re-
quest. In addition, borrowers who were funded before requested
452 loans. This observation implies that repeated loan demand is
strong in this microloan market.

We also asked whether borrowers will try to maintain good
reputations. To this end, we conducted a survey for two weeks be-
tween November 29 and December 13, 2010. It included partici-
pants who were successfully funded and who repaid their loans
on Popfunding.com. We posted survey questions on Popfund-
ing.com’s webpage with help from the platform. There were 534
subjects out of 738 funded borrowers during the period our data
covers. They were asked: What is the most pressing psychological
factor that arises during the repayment period? Table 4 summa-
rizes our results. It is clear that the social relationship with lenders
and the possibility of a future loan request influence borrowers to
keep up with their loan repayment schedules. Thus, it is reasonable
that borrowers have an incentive to maintain a good reputation
even after they have had a loan funded.

In traditional microfinance, first-time borrowers are known to
be riskier to finance than second-time borrowers (Schreiner
1999). We observed very intensive information exchanges be-
tween a borrower and lenders when a loan request was listed. It
appears that some borrowers learn from sharing information in
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the market, since their loan requests were funded after they expe-
rienced a few failed trials for funding. This implies that lenders also
learn as more information is exchanged with a borrower and from
the borrower’s repeated loan requests.

The next hypothesis examines whether lenders are able to make
inferences from the transaction history of borrowers and their ef-
fort to keep good reputations. The number of loan requests that a
borrower makes after having a loan funded once should be more
likely to be funded, since additional historical information on
repayment is available to potential lenders. In other words, a trans-
action history is a substitute for a good credit rating. That changes
the decision problem from a probabilistic to a logical one. As a re-
sult, lenders may seek collective intelligence somewhat less for
loan requests that have an accompanying transaction history,
especially for borrowers who have been funded before.

Hypothesis 2.1 (Past Loan Activities). The number of loan requests
significantly affects the funding success of a borrower
Hypothesis 2.2 (Past Loan Success). The number of loan requests
after a borrower has been funded has a positive effect on the bor-
rower’s funding success
3.4. The role of past investment history and loan amounts

Though online P2P lending adopted the reverse auction mecha-
nism by which a borrower (acting as the seller) lists a loan request
(as the product) and lenders (acting as buyers) place bids with cer-
tain amounts and interest rates, the boundary between the lenders
and the borrower is not that clear. Because of the small amounts of
funds that are permissible in a Popfunding.com transaction, some
of the past borrowers also become lenders. As of July 30, 2010,
among 3077 distinct borrowers who posted loan requests, 8% of
them (276 people) had an investment history. However, this
number only counts successful bidders among past borrowers. If
all trials of bids by borrowers who made loan requests at least once
were considered, the proportion would be expected to be higher.
When it comes to successfully funded borrowers, this figure is
strikingly high. Among 551 unique borrowers over 863 loan auc-
tions, 276 borrowers had investment experiences (32%). Hence,
past investment history seems to improve the likelihood of current
funding.

In such a case, the borrowers’ investment activities are expected
to signal to other lenders that the borrowers will remain in the
platform. Therefore, investment records, in terms of frequency
and amount of investment, may be viewed as positive signals of
a past borrower’s commitment to the P2P lending community.
Hence, we expect similar effects of this information on lenders’
decisions, as follows:

Hypothesis 3.1 (Past Investment Frequency). For borrowers who
were funded before, the greater the number of investments they
have made, the higher the probability of current loan funding
success
Hypothesis 3.2 (Past Investment Amounts). For borrowers who
were funded before, the greater the investment amount was, the
higher the probability of current loan funding success.
3.5. The role of past repayment records and creditworthiness

When lenders make a decision about placing a bid on a loan, if a
previous delay of payments on the borrower’s part is observable,
this will diminish the uncertainty associated with decision-mak-
ing, by providing risk-related information to lenders. According
to Schreiner (1999) on microfinance borrowers in Bolivia, those
with arrears of more than fifteen days in their previous loan were
2.8% more likely to delay payment for at least fifteen days in their
current loan. According to Ba and Pavlou (2002), in the online auc-
tion market eBay, negative ratings are significant when expensive
products are involved in the transactions. A product’s faults are
more seriously discussed, and negative feedback becomes more
important. We anticipate that a history of past delays will have
negative effects on a potential borrower’s success to get a loan
funded. In this research, we will consider both payment delay fre-
quency and payment delay length. In contrast, a record that shows
early payment behavior is expected to positively influence loan
funding success. Thus, we propose:

Hypothesis 4.1 (Overdue Payment Frequency). For borrowers who
were funded before, the number of overdue payments will have a
negative effect on the probability of a borrower’s loan funding
success.
Hypothesis 4.2 (Overdue Payment Time). For borrowers who were
funded before, the length of time that payments are overdue will
have a negative effect on the probability of a borrower’s loan fund-
ing success.

We further propose:

Hypothesis 5 (Early Payment Frequency). For borrowers who were
funded before, early payments will have a positive effect on the
probability of the borrower’s loan funding success.

Although borrowers keep in mind the possibility of their next
loan requests and their relationships with lenders, sometimes they
are not able to meet their loan payment deadlines due to external
factors. It is hard for lenders to distinguish inevitable delays from
deliberate ones though. Borrowers can present information about
their situations by posting articles on the bulletin boards, and sig-
nal lenders so that they can prevent failure the next time they list a
loan request.

The use of extended narratives, accounts, and concrete descrip-
tions is positively associated with the likelihood of funding (Her-
zenstein et al. 2011a, Larrimore et al. 2011, Sonenshein et al.
2011), Ho (2010) also has shown that the number of articles writ-
ten by a borrower on a Q&A board can significantly affect a bor-
rower’s loan success. We are testing whether such qualitative
information still has a positive impact on loan funding success
when lenders are exposed to the negative information associated
with a borrower’s payment delay.

Hypothesis 6 (Information Exchanges During Overdue Payment
Period). For borrowers who were funded before, in spite of having
a repayment delay, the number of postings by a borrower on Q&A
or free bulletin board still will have a positive effect on the
probability of the borrower’s funding success.

An overview of the hypotheses is presented in Table 5.

4. Research methodology and data

4.1. Methodology and variables

We will test the role of the voting results on the online P2P plat-
form considered in Hypothesis 1, and the impact of transaction his-
tory on loan funding success when a borrower has experienced
loan funding success before in Hypotheses 2–6. We analyze a bin-
ary logistic regression, using SPSS 18’s backward LR method. Since
the dependent variable, loan funding success, is binary, linear
regression is inappropriate, and a limited dependent variable mod-
el will be more effective.



Table 5
Hypotheses in this study.

Number Hypotheses

H1 The Collective Intelligence Hypothesis. The collective
intelligence, represented by the voting results, has a positive effect
on the funding success of borrowers who have never been funded.

H2.1 The Past Loan Activities Hypothesis. The number of loan requests
borrowers make affects their current loan funding success.

H2.2 The Past Loan Amount Hypothesis. The number of loan requests
borrowers makes after being funded has a positive effect on their
current loan funding success.

H3.1 The Past Investment Frequency Hypothesis. For borrowers who
had loans funded before, the greater the number of prior
investments, the higher the probability of current loan funding
success.

H3.2 The Past Investment Amount Hypothesis. For borrowers who had
loans funded before, the greater their prior investment amount,
the higher the probability of current loan funding success.

H4.1 The Overdue Payment Hypothesis. For borrowers who had loans
funded before, the number of overdue loan payments has a
negative effect on the probability of current loan funding success.

H4.2 The Overdue Payment Time Hypothesis. For borrowers who had
loans funded before, longer payment delays have a negative effect
on the probability of current loan funding success.

H5 The Early Payment Hypothesis. For borrowers who had loans
funded before, early loan payment has a positive effect on the
probability of current loan funding success.

H6 The Information Exchanges During Overdue Payment Period
Hypothesis. For borrowers who had loans funded before, though
they may have had a payment delay, the number of their postings
on a Q&A bulletin board or a free bulletin board has a positive
effect on the probability of current loan funding success.

Table 6
Distribution of the number of loans according to previous funding successes.

Number of previous successes
before the current one

Number of loan requests Sample group

0 4822 Sample 1
1 252 Sample 2
2 85 Sample 2
3 32 Sample 2
4 11 Sample 2
5 or more 9 Sample 2

Table 7
Independent variables for both regression models.

Variable Description Possible Value

Cert_id Whether borrower ID
certificate exists

0/1

Cert_addr Whether borrower address
certificate exists

0/1

Cert_cohab Whether borrower is certified
as living with others

0/1

Cert_marriage Whether borrower marriage is
certified

0/1

Cert_income Whether borrower income is
certified

0/1

Cert_credit Whether borrower credit
rating is certified

0/1

Cert_asset Whether borrower assets are
certified

0/1

Cert_num Total number of existing
certificates for borrower

[0, 1, . . ., 7]

Past_req_num # past loan requests by
borrower

[0, 1, . . .]

Bor_qa_bf_num # Q&A board articles written
by borrower

[0, 1, . . .]

Tot_qa_bf_num # Q&A board articles by
borrower, lenders

[0, 1, . . .]

Bor_ivt_num # loan investments made by a
borrower

[0, 1, . . .]

Bor_ivt_amt KRW loan investment amount
by borrower

[0, 1, . . .]

Voting_num # votes cast for a loan auction [0, 1, . . .]
Y_ratio Proportion of ‘‘yes’’ (Y) votes Continuous between 0

and 1
Auc_amt Requested loan amount by

borrower
{0.5, 1, 1.5, 2, 2.5, 3, 4, 5,
10} million KRW

Auc_dur Requested duration for
borrower loan repayment

{3, 6, 9, 12, 15, 18, 21, 24}
months
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This study is about factors affecting lenders’ decision-making
for placing a bid under different levels of uncertainty. Since observ-
ing each bid is too costly, we will use the auction as the unit of
analysis. Since funding success reflects the collective opinion of
every participating lender, to measure the effects of collective
intelligence and social dynamics on P2P lending, use the auction
as the unit of analysis is appropriate. The heterogeneous character-
istics of each lender also are eliminated by using this unit of
analysis.

The fundamental premise in this research is that, to lenders, the
prior transaction records bear information value regarding the
creditworthiness of the borrower. To test this, we split the borrow-
ers into two sample groups: (1) those who did not have any prior
funding history and (2) those whose loan requests were funded
once. We tested these two samples using two regression models.
Model 1 examines a sample of borrowers who received no prior
loan funding. In contrast, Model 2 estimates a sample of borrowers
who received prior funding. Table 6 shows the distribution of prior
loan funding successes.

In both models, the dependent variable is loan funding success
(with 0 for failure and 1 for success). The independent variables
used in common across both models are presented in Table 7.
The variables are observable regardless of the borrower’s prior
funding success. The variables documented borrower information
based on verified certificates, the number of past loans, social
activities represented by the number of articles on a Q&A bulletin
board, loan investment activities, the voting results and the re-
lated loan characteristics. The latter includes the amount and
duration of the loan. The number of articles written by a bor-
rower before a loan is successfully funded and the total number
of articles written by both a borrower and lenders are added to
reflect the extent of social interaction between them. The speci-
fication of this variable is consistent with previous empirical
studies (Herzenstein et al. 2011a, Larrimore et al. 2011, Sonensh-
ein et al. 2011, Ho 2010).
Model 1 uses a number of control variables. The lending deci-
sion variables include the borrower’s requested loan amount and
payback duration. We excluded the maximum interest rate the
borrower was willing to pay for the loan, although most other
studies that have this (Iyer et al. 2009, Pope and Sydnor 2011, Her-
zenstein et al. 2008, 2011a, Ravina 2008, Duarte et al. 2010). This is
because most funded loans represented in our data have the same
interest rate of 30%, which is the upper limit imposed on interest
by law. As an alternative to Popfunding.com, unbankable borrow-
ers in Korea have been subject to exploitation by loan sharks,
who set interest rates above the legal limit. The legal maximum
interest rate is much lower than the alternatives that borrowers
face, so they are willing to pay an interest rate up to the maximum
threshold due to their poor credit grades.

Model 2, which deals with borrowers whose loans were funded
before, includes variables on repayment and the borrower’s effort
to communicate with the lenders, if there was any delay of repay-
ment. See Table 8. We observe that some borrowers with overdue
payments proactively communicate with the lenders to keep them
informed about why the delay took place. This behavior may be
viewed as an effort by the borrowers to manage their reputations.



Table 8
Additional independent variables in the second regression model.

Variable Description

Past_req_af_num # requests after first being funded
Past_delay_num # delayed payments for the previous funded loan
Past_delay_days # delay days for the previously funded loan
Past_early_num # early repayments for the previously funded loans
D_qa_num # articles on Q&A b-board borrower posted in payment

delay period
D_board_num # articles on free b-board borrower posted in payment

delay period

Note: All variables are integer values of 0 or greater.

Table 9
Summary statistics for the independent variables for Model 1.

N Mean Std. dev.

Cert_id 4703 0.44 0.496
Cert_addr 4751 0.21 0.411
Cert_cohab 4762 0.18 0.385
Cert_merriage 4769 0.18 0.380
Cert_income 4775 0.16 0.364
Cert_credit 4486 0.39 0.488
Cert_asset 4809 0.12 0.322
Cert_num 4822 1.62 2.081
Voting_num 4822 28.62 22.772
Y_ratio 3852 .4199 0.268
Past_req_num 4822 3.10 10.761
Bor_ivt_num 4822 0.46 3.723
Bor_ivt_amt 4822 3490 50,678
Bor_qa_bf_num 4822 2.03 4.799
Tot_qa_bf_num 4822 5.00 11.158
Auc_amt 4822 2156,159 784,616
Auc_dur 4822 14.07 5.622

Table 10
Summary statistics for the independent variables for Model 2.

N Mean Std. dev.

Cert_id 243 .89 0.315
Cert_addr 246 .37 0.485
Cert_cohab 247 .31 0.464
Cert_marriage 247 .27 0.446
Cert_income 246 .46 0.500
Cert_credit 235 .87 0.339
Cert_asset 248 .20 0.402
Cert_num 249 3.29 1.892
Past_req_num 249 4.77 3.838
Past_req_af_lsuc 249 2.23 1.774
Past_delay_num 163 2.08 2.669
Past_delay_days 163 14.64 29.167
D_qa_num 131 .52 1.624
D_board_num 131 1.49 2.199
Past_early_num 249 2.81 2.965
Term_bf_sec 249 187.18 89.360
Bor_ivt_num 249 8.09 18.911
Bor_ivt_amt 249 56,855 207,818
Bor_qa_bf_num 249 6.65 7.063
Tot_qa_bf_num 249 17.02 20.368
Voting_num 249 44.67 21.115
Y_ratio 246 .6654 0.167
Auc_amt 249 2074.30 1052.79
Auc_dur 249 14.04 5.012
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Two variables proxy for such effort in our model. One is the num-
ber of articles written by a borrower on a Q&A bulletin board. The
other is the number of articles posted on a free bulletin board dur-
ing the period when the borrower’s loan repayment was delayed.

4.2. Description of the data

Popfunding.com launched its service in 2007, but the voting
feature was added on May 26, 2008. Hence, our data consist of
loans listed on Popfunding.com from the date of the voting fea-
ture launching for a more than two-year period through July
31, 2010. Popfunding.com made all of the transaction data during
this period available to us for this research. We then selected all
of the loan requests that were relevant to our research. For each
borrower-requested loan, we identified the borrower and then
got the person’s prior funding records from Popfunding.com’s
transaction database. The membership database stored the mem-
ber’s income, credit grade and other personal information so that
the data listed in Tables 1 and 2 could be built easily. For each
loan request, borrowers declared the purpose of their loans. This
allowed us to derive the summary statistics presented in Table 4
as well.

During that period of the time, 2884 unique borrowers re-
quested a total of 5211 loans. Among them, 738 loan requests were
successfully funded (14%). Borrowers who had prior loan funding
successes listed 389 loans. This gave them a history of repayment
to lenders. Repeated transactions in Popfunding.com reflect the
platform’s microfinance aspect.

To test the Collective Intelligence Hypothesis (H1), we include
the loans with borrowers who had never been successfully funded
before in the analysis. This is because we expect that the lenders’
use of the voting results will work better in probabilistic situations
(Mauboussin 2008). Thus, weexcluded all of the repayment-related
variables in our test of this hypothesis.

For the remaining hypotheses, we included all of the indepen-
dent variables in Tables 7 and 8 in the analysis. In addition, we only
considered requests by borrowers who were previously funded.
The loans of borrowers who had more than one instance of loan
funding success were excluded because each instance of prior
funding may affect the outcome of the current loan differently.
For instance, the last one may be the most influential among them
all. As a result of this decision, the number of data points that we
had available for analysis drastically decreased.

Summary statistics for the independent variables of Models 1
and 2 are presented below in Tables 9 and 10. In both regression
models, we used the logarithm of the listed loan amounts.

5. Results

The results of Model 1’s analysis of the impact of lenders’ votes
on the funding success are shown in Table 11. Analysis based on
the backward LR method starts with all of the variables, but they
are removed one by one if they do not contribute enough informa-
tion to the regression equation. So not all of the independent vari-
ables in Table 7 are shown in the regression results.

5.1. Results for Model 1: a test of Hypothesis 1

5.1.1. Effects of hard information
Consistent with previous research, the variables representing

economic ability and verified certificates were positively associ-
ated with loan funding success (Greiner and Wang 2007). Since
the certificate-related variables have two possible values 0 or 1,
we treated them as dummy variables, and the values for each var-
iable are presented in parentheses. The variables for the existence
of certificates for borrower identification, cohabitation, income and
credit were significant, however, those for address, marriage, and
assets were removed by the backward LR algorithm because they
did not explain sufficient variance in the dependent variable.

5.1.2. Collective intelligence under a high level uncertainty
The effect of certificates on loan funding success was smaller

compared to the proportion of ‘‘yes’’ votes by lenders. On the



Table 11
Results for Model 1: effects of the voting results on current loan funding success (⁄, ⁄⁄,
and ⁄⁄⁄ represent significant in 90%, 95%, and 99% confidence level respectively).

b Std. err. Wals p-Value Exp(b)

Cert_id(0) �4.981 1.152 18.696 0.000��� 0.007
Cert_cohab(0) �0.452 0.211 4.587 0.032�� 0.637
Cert_income(0) �1.651 0.211 61.150 0.000��� 0.192
Cert_credit(0) �1.632 0.432 14.292 0.000��� 0.195
Voting_num �0.030 0.006 22.073 0.000��� 0.971
Y_ratio 6.787 0.686 97.839 0.000��� 886.666
Bor_ivt_num 0.046 0.026 3.154 0.076� 1.047
Bor_qa_bf_num �0.200 0.043 21.879 0.000��� 0.818
Tot_qa_bf_num 0.211 0.022 94.802 0.000��� 1.234
Log_amt �11.075 0.682 263.538 0.000��� 0.000
Constant 64.576 4.185 238.145 0.000��� 1.11E + 28

Table 12
Results for Model 2: effects of various variables on current loan funding success .(⁄, ⁄⁄,
and ⁄⁄⁄ represent significant in 90%, 95%, and 99% confidence level respectively).

b Std. err. p-Value Exp(b)

Cert_cohab(0) �1.498 0.89 0.092� 0.224
Cert_income(0) �1.416 0.872 0.104 0.243
Past_req_num �0.741 0.301 0.014�� 0.477
Past_req_af_lsuc 0.796 0.408 0.051� 2.217
D_qa_num 1.833 0.792 0.021�� 6.252
Past_early_num 0.376 0.209 0.071� 1.457
Tot_qa_bf_num 0.14 0.041 0.001��� 1.15
Auc_dur(24) 0.257
Auc_dur(6) 28.319 22494.302 0.999 1.99E + 12
Auc_dur(9) 5.779 2.443 0.018�� 323.354
Auc_dur(12) 4.312 1.945 0.027�� 74.567
Auc_dur(15) 2.93 1.737 0.092� 18.721
Auc_dur(18) 5.604 2.291 0.014�� 271.438
Auc_dur(21) 5.947 2.679 0.026�� 382.47
Constant �4.507 2.169 0.038�� 0.011
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online microfinance platform, since the borrowers’ characteristics
do not vary much, the initial information given to lenders on the
borrowers’ creditworthiness also did not vary much either across
the borrowers. Hence, collective intelligence shows a much more
significant impact on the likelihood of loan success. This result sup-
ports the Collective Intelligence Hypothesis (H1). Lenders will use
the voting results representing collective intelligence more when
the loan requests are by unknown borrowers. After adding the total
number of votes (Voting_num) into the model to control for the
number of total participants in the voting – essential the degree
of collectiveness in the opinions offered, we found that it had a
slightly negative effect on the funding success of a loan request.
Thus, it seems that lenders do not link the quality of collective
intelligence to the degree of participation in making a loan
decision.

5.1.3. Borrower’s prior participation as an investor
The number of investments by a borrower, and the number of

bulletin board articles written by both borrowers and lenders have
slightly positive effects on the success of a borrower to have a loan
funded. This is consistent with previous research (Ho 2010).

5.2. Results for Model 2: tests of Hypotheses 2–6

For borrowers with a history of past funding, we added all of the
independent variables in Tables 7 and 8 to the second regression.
The results for Hypotheses 2–6 are shown in Table 12.

5.2.1. Collective intelligence with past transaction history
Interestingly, the variable for the proportion of ‘‘yes’’ vote re-

sponses (Y_ratio) does not show up. This represents empirical evi-
dence in support of the idea that the weight given to collective
intelligence represented by voting diminishes as lenders infer bor-
rower trustworthiness from their past transaction history and
other efforts by the borrower. As Mauboussin (2008)) suggested,
lenders may make a decision based on rules involving more objec-
tive information.

5.2.2. Prior loan requests
It is interesting that the number of loan requests (Past_req_num)

has a negative impact on loan funding success, while the number
of requests after a borrower has had a loan funded once (Past_re-
q_af_lsuc) has the opposite effect on the outcome. It appears that
frequent requests may be interpreted as an indication of despera-
tion on the borrower’s part, and so they are less persuasive to the
peer lenders. However, once a borrower has had a loan funded, the
same actions by the borrower may be viewed as a confidence-
builder, supporting the borrower’s relationship with the lenders.
It seems that lenders trust another form of collective intelligence:
they react in a manner that is consistent with the judgment of their
peers on the funding of a borrower’s loan. This herding may be the
collective approval of creditworthiness by peers. Hence, both the
Past Loan Activities Hypothesis (H2.1) and the Past Loan Success
Hypothesis (H2.2) are accepted.

5.2.3. Borrower’s past investment record
The hypotheses about the impacts of borrowers’ investment

activities – the Past Investment Frequency Hypothesis (H3.1) and
the Past Investment Amount Hypothesis (H3.2) – are rejected
though. This is because the variables about the number and the
amount of the borrower’s peer investments in loans do not show
up in the final step of the back LR method’s output. We speculate
that a borrower’s past investments may signal the borrower’s
strong association with the platform community, and this develops
more trust among members. However, both investment frequency
and amount were not significant in explaining the variance of loan
funding success. From these results, we conjecture that this kind of
informational signaling may not be persuasive to the lenders when
they make their loan funding decisions. Converting from an inves-
tor to a borrower could be understood as a drastically worsening
financial situation for the borrower who lists a loan.

5.2.4. Repayment records
Contrary to expectations, the history of past delays in payment

– in this study, the number of overdue payments and total overdue
days – did not significantly affect the loan success. The two delay-
related variables are not shown on the table, as a result. Thus, both
the Overdue Payment Frequency Hypothesis (H4.1) and the Over-
due Payment Time Hypothesis (H4.2) are rejected. According to
previous research on traditional microfinance in Bolivia (Schreiner
1999), borrowers who have past payment delay history are more
likely to delay payment of their current loans. It turns out, how-
ever, that past payment delay history does not directly affect cur-
rent loan funding success in the online P2P lending platform. This
may be because delays are not the same as final default. Given that
the borrowers in Popfunding.com are predominantly unbankable
anyway, lenders expect that their vulnerable financial situation
may make them delay their payments to some extent anyway,
but still hope that the borrowers will continue to repay when their
situation improves. The result of Information Exchanges During
Overdue Payment Period Hypothesis (H6) seems to support this
interpretation.

At the same time, our results also suggest that information on
the number of early payments (Past_early_num) had a significant
and positive impact on current loan funding success. Therefore,
the Early Payment Frequency Hypothesis (H5) is accepted. Lenders
who deal with unbankable borrowers are likely to view a positive
repayment history as being more useful than a negative repayment
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record because lender expectations are already low, given the nat-
ure of poor borrowers.

5.2.5. Social activities by borrowers to manage creditworthiness
Finally, we present one of our most interesting results. We

found that even during a period when a borrower’s loan payment
was delayed, the number of postings (D_qa_num) by a borrower
on a Q&A bulletin board had a positive effect on current loan fund-
ing success. The same effort on the free bulletin board had no effect
though. Hence, the Information Exchanges During Overdue Pay-
ment Period Hypothesis (H6) is partly accepted. Communication
through the Q&A bulletin board apparently involves direct and per-
sonal communication with lenders. They are customized responses
to lenders’ specific questions. Borrower postings on the free bulle-
tin board, in contrast, are unilateral broadcasts to lenders. This re-
sult matches Sonenshein et al. (2011), who showed that a more
structured narrative, involving explanation-acknowledgment and
explanation-denial, increases the likelihood of favorable lending
decisions. In other words, the narratives must be good (Herzen-
stein et al. 2011a).

6. Conclusion

6.1. Contributions

Our research is unique. (See Table 13 for a concluding overview
of our main results.) First, we have shown that the experimental
feature to encourage collective intelligence works in the realm that
the theory suggests. That is, people seek the wisdom from peers
when problems are probabilistic, and the P2P lending market – like
any other market – appears to function as an information gathering
mechanism, as Plott (2000) suggested. Golub and Jackson (2010)
maintain that social networks are primary conduits for informa-
tion, opinions and behavior. One of our research questions is
whether the voting feature in Popfunding.com improved the P2P
lending platform so that it is a more efficient information conduit.
Although we could not test the repayment performance implica-
tions of collective intelligence since most of the loans have not ma-
tured, our study nevertheless shows that decision-makers seem to
act in a more effective way when the structure of their decision
problems matches those that can be solved by collective intelli-
gence. Popfunding.com’s voting feature is very simple and experi-
mental, but it still shows that herds take account of the
information generated by this feature. Hence, our findings suggest
the possibility that one of the most fundamental problems of P2P
lending markets can be alleviated, by taking advantage of collec-
tive intelligence engendered by an innovation application of infor-
mation technology.

We also have presented evidence that the structure of loan deci-
sions evolves as the market reveals more information. The upshot
is that decision-makers will adjust their decision strategies and
utilize a different set of information to support what they decide
to do. Hence, when more verifiable information accumulates, lend-
Table 13
Summary of hypothesis test results.

Number Hypothesis name Results

H1 The Collective Intelligence Hypothesis Accepted
H2.1 The Past Loan Activities Hypothesis Accepted
H2.2 The Past Loan Amount Hypothesis Accepted
H3.1 The Past Investment Frequency Hypothesis Rejected
H3.2 The Past Investment Amount Hypothesis Rejected
H4.1 The Overdue Payment Hypothesis Accepted
H4.2 The Overdue Payment Time Hypothesis Rejected
H5 The Early Payment Hypothesis Accepted
H6 The Information Exchanges During Overdue

Payment Period Hypothesis
Partly
Accepted
ers will tend to switch and rely upon their own reasoning and
abandon the collective opinion of the marketplace. Indeed, there
is much evidence of learning in P2P lending markets, but how par-
ticipants actually learn has not explicitly been studied, so far we
know. This study is an attempt to fill this knowledge void. P2P
lending platforms still retain information and financial intermedi-
ary roles, but we have shown the new possibility of an improved
information intermediation mechanism that can be accomplished
by this platform.

Most of the prior empirical published works have studied Pros-
per.com, largely due to the availability of data. Prosper.com and
Zopa.com compete with traditional financial services firm While
online P2P lending platforms are utilized both for general personal
loan markets and microfinance, empirical studies that study P2P
lending platforms for microfinance have been very rare to date.
The market we studied deals with relatively homogeneous borrow-
ers who present high risk to lenders. The associated information
problems are more clearly manifest as a result. Microloan borrow-
ers also have strong incentives to borrow repeatedly. So far though,
there has not been any research on online P2P lending which takes
into account repeated transactions by borrowers. Moreover, when
considering borrower characteristics, a small increase of informa-
tion may significantly help lenders distinguish the reliable borrow-
ers from the rest for an array of different loan requests. This makes
their decision-making problems more structured, which will be
beneficial.

We also confirm based on our empirical research that lenders
put more weight on hard information generated from repeated
transactions. This may induce borrowers to play a repeated game,
which will assuage the moral hazard of the borrowers. Borrowers’
strategic investments to maintain a good reputation seem to be
effective to some extent, if they act appropriately. Also their direct
communication with lenders prevents damage to their creditwor-
thiness, if they can show that contract breaches are not due to mor-
al hazard but to the vagaries of personal finances in a changing
economy.

6.2. Limitations

Our data set is from only one company. Hence, the generaliz-
ability of our findings may be limited. In this research, we did
not take into account the contents of the soft information revealed
by borrowers, except for the number of articles they posted on the
Q&A board. Unverifiable disclosures and the use of soft information
have been examined in prior studies. Thus, our research may pres-
ent the possibility of biased estimation due to omitted variables.
Popfunding.com is still a young startup with a relatively small
number of listings, which makes it very difficult for us to construct
the variables that would be possible to work with in a more mature
P2P lending platform. As transaction records grow, however, we
may be about to capture a lot more information and new variable
to support future research.

Finally, we did not consider loans requested by the borrowers
who had two or more successful transactions in this study. The
available data points for such loans were too few to make this addi-
tional analysis meaningful. This led us to test our hypotheses with
only samples that involved one prior loan success versus loans that
were not funded. Hence the extent of the impact of past transac-
tion records must be re-examined to incorporate the possibility
of repeated transactions over a longer time horizon.
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