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Peer-to-peer (P2P) lending allows individual borrowers to raise funding
from multiple individual lenders. P2P lending has recently become a popular IS
research field due to information asymmetry issues that exist and result in
investors having a limited amount of information with which to distinguish
between good and bad borrowers. The intermediary, in general, publicly
provides the funding status for listings such as the percent funded in real time,
thus aiming to help the decisions of subsequent investors. This is likely to lead to
peer influence. Irrational herding happens when lenders mimic the choices of
others by referring to their decisions and following well-funded listings.
Whereas, rational herding occurs when lenders make decisions based on
observational learning.
We use a unique panel data set that tracks the funding dynamics of
borrower listings on Popfunding.com, the largest P2P lending site in Korea. We
implement the econometric model for panel data in order to analyze if herding
influences lending decisions on Popfunding.com. In addition, if so, we have
developed a model to identify whether such herding is irrational or rational. We
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focus on the bid amount and the number of bids as the measure of how a request
attracts investors.
We find evidence of herding among lenders, which echoes the results of
previous research on P2P lending. However, our results show that the existence
of rational herding is ambiguous, a finding different from the results of Zhang
and Liu (2012). The moderating effects of the total amount on herding are
identified significant while the effects of the interest rate are not consistent.
Most presumably, the investors in Popfunding.com have limited information
regarding the borrowers. In this line of investor behavior, the information
provided by the intermediary is very crucial in that investors may make their
decisions easily based on the impression received from the basic information
provided on the website. The role of information provided by the intermediary,
specifically the leaderboard, grows in importance in this setting.
In this P2P lending context, the leaderboard, where popular loan requests
are displayed on the website’s front page, provides information for lenders to
use when evaluating the requests. This is similar to how many e-commerce
websites display products based on their popularity, in other words, ranking
items according to previous sales records. Information related to popularity
such as a leaderboard will serve as an indicator of the choices previously made
by people who decided on a particular purchase.
We empirically examine the effects of leaderboard information regarding
the most popular existing loan requests in the perspective of both the likelihood
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of being financed and loan performance. Our results show that the leaderboard
information works ex ante in attracting additional bids to get loan requests
successfully financed. However, it does not work ex post in improving the
performance, thus there is less potential for default.

Keywords: rational herding, observational learning, peer-to-peer lending,
online marketplace, information asymmetry, econometric Analyses, wisdom of
crowds
Student Number: 2009-30884
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I.

Rational and Irrational Herding
in P2P lending

1. Introduction
Peer-to-peer (P2P) lending provides a new platform where borrowers are
able to raise funding from multiple individual lenders online. P2P lending has
information asymmetry issues in that investors have a limited amount of
information with which to distinguish between good and bad borrowers. Peer
influence is expected to be a significant driver of lending and consequently,
investors are likely to herd. The question remains as to whether this kind of
herding will be rational or irrational. We use a unique panel data set that tracks
the funding dynamics of borrower listings on Popfunding.com, the largest online
P2P lending site in Korea. We find evidence of herding among lenders, however,
the existence of rational herding is ambiguous, contrary to the results of Zhang
and Liu (2012).
P2P lending represents an open marketplace for loans provided not by a
bank, but instead by individuals online taking advantage of P2P architecture. In
P2P lending, financial transactions are facilitated directly between individuals
(“peers”). Potential borrowers create and post listings with an overview of their
need for a loan; while potential lenders place bids on listings they would be
interested in funding. A borrower is then provided a loan only in the case that
his or her listing attracts enough bids to exceed a predefined amount or to fulfill
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a loan request by a number of lenders. One of the biggest P2P lending markets,
Prosper.com, has come to have 200,000 listings seeking to raise $1 billion in
funding despite that this market did not exist as recently as 2005. According to a
market study by the Open Data Institute, the P2P lending market will be worth
£1billion by 2016 if it continues to grow at its current rate (Financial Times,
2013).
P2P lending is different from traditional financial markets. A borrower will
raise fund from multiple lenders who share some portion of the loan. P2P
lending markets have a number of advantages over traditional financial
institutions. The most widely known benefit of P2P lending is that borrowers are
able to make loans at a lower interest rate with no security or collateral, while
investors are able to get a higher return on their investments with little or no
involvement by financial intermediaries. The value that P2P lending provides to
borrowers is that borrowers who were not able to obtain loans now have a
chance to raise funding thanks to the implementation of Internet and social
network technology-driven microfinance platforms which rely upon social
collateral (Bruett, 2007). Additionally, investors can choose whom to invest in
with conditions they would have on their own. Furthermore, the social aspect of
lending is outstanding in that potential lenders will be able to see how much
funding a borrower raises from other lenders. These contexts will likely make
peer lending decisions influenced by the choices of others. Whereas, intrinsic
risk of default exists as loans are made to strangers without any security or
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collateral even though portfolio management enables investors to manage the
risks regarding returns. Additionally, evaluating a large number of small loan
requests may consume a lot of time and effort (Slavin, 2007).
P2P lending has recently become a popular business research field not only
because it has witnessed substantial growth after the emergence of Grameen
Bank-like microloan markets (Yunnus, 2003) in the off-line world, but also due
to information asymmetry issues which exist and result in investors having a
limited amount of information with which to distinguish between good and bad
borrowers (e.g., Puro et al., 2010; Puro et al., 2011). Therefore, we may say that
information asymmetry is one of the fundamental issues that P2P lending
markets face. This issue turns to be more acute when the markets are used for
microloans, where the borrowers are mostly under-privileged people from an
economic perspective (Yum et al. 2012).
Peer influence is expected to be a significant driver of P2P lending. There
are several previous studies on herding behavior in P2P lending (Puro et al. 2011;
Shen et al. 2010; Zhang and Liu, 2012; Herzenstein et al., 2011). Zhang and Liu
(2012) document evidence of the behavioral mechanism underlying herding
among lenders in P2P lending. They discriminate rational herding and irrational
herding using the data set from Proper.com, one of the biggest P2P lending
markets in the U.S. Irrational herding happens when lenders mimic others’
choices, referring to others’ decisions and following well-funded listings (Croson
and Shang, 2008; Simonsohn and Ariely, 2008), whereas rational herding
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occurs when lenders make decisions based on observational learning (Banerjee
1992; Bikhchandani et al. 1992).
To examine how these contexts of P2P lending affect lenders’ decisions, we
work on the data sets received from Popfunding.com, the biggest P2P markets in
Korea. Launched in February 2007, Popfunding.com facilitated over $1.5
million in loans by December 2010. Popfunding.com targets the segment of
borrowers with low credit scores strategically. Financial crises in the 1990s and
2000s have increased the number of people who are below the threshold of
being granted loans from traditional financial institutions. According to the
estimates of the company, more than 30% of the workforce in Korea falls in this
category. The company provides the whole transaction data set to contain the
amount requested, the borrower rate, the listing date, and the number and
amount of bids the list of requests attracts during a typical 15 days, ex ante.
Furthermore, we are able to track the loan performance during the repay period,
ex post.
This study identifies rational and irrational herding empirically mainly
through two steps presented by Zhang and Liu (2012). First, we control herding
factors for listings’ unobserved heterogeneity and externalities among lenders.
That is, the unobserved characteristics of listings may influence the bid
participation of investors, and investors are likely to prefer a well-funded listing
because the listing has high chances to get financed. Second, rational and
irrational herding will be differentiated through the identification of the
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moderating effects of observational learning.
The remainder of this paper is organized as follows. In the second section,
we review literature on rational and irrational herding and P2P lending. We
describe the overview on the data set used in this analysis and present
information on the methods to identify the existence of herding and
discrimination between rational and irrational herding. Finally, we present our
conclusion, as well as the limitations of our study.

2. Theoretical Backgrounds
2.1. Literature Review
2.1.1. Peer-to-Peer and Microloan
Peer-to-peer lending or P2P lending is known as both person-to-person
lending and social lending. It is a way of borrowing and lending money through
peers or anonymous individuals on the Internet, without any intermediation by
traditional financial institutions. In most cases, peer-to-peer lending is an
auction market for personal loans, rather than company loans. Moreover,
borrowers do not have to provide collateral for their loans.
The concept of P2P comes from peer-to-peer computer networks. A peerto-peer network is where peers are connected with one another and share
resources among their peers without the involvement of a centralized system.

5

The concept of P2P became popular after the emergence of file sharing systems
such as Napster, an online P2P music-sharing application released in 1999. P2P
lending appeared in 2005 for the first time. 2008 marked the creation of Bitcoin,
a peer-to-peer digital currency. The applications of P2P concepts have been
partially transmitted to the sharing economy, which refers to economic systems
where people share access to goods, services and talent. Many forms of
experimental services have emerged such as AirBnB for lodging and Uber for
transportation.
The market for microloans has a long history. Before financial institutions
operated, microloan markets have played a key role in helping people meet their
financial needs. Groups of people around the world have interacted to borrow
and lend through microloan markets (Bouman, 1995). Microcredit can be
defined as the extension of small loans to poor borrowers who have neither
collateral nor a credit history. Microcredit, one form of microloans, gained
attention after Grameen Bank in Bangladesh was founded in 1983. Microcredit
is believed to have enormous potential as a tool for poverty alleviation in
developing countries and poor areas in developed countries where the poor do
not have access to financial services (Yunnus, 2003).
The concepts of a microloan are transmitted to a number of Internet-based
organizations that have developed platforms which coordinate a form of P2P
lending. Organizations such as Kiva, Zidisha, and the Microloan Foundation
stress the cause to the general public, namely that anyone is able to participate
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in alleviating poverty through the Web platforms.
Web-based P2P lending has rapidly grown in popularity because it has
reduced transaction time and cost, resulting in the creation of economies of
scale on the Internet. P2P lending sites have spread all over the world since
Zopa.com in the United Kingdom started its services in 2005 (Ashta and Assadi,
2010). Research on P2P lending has increased, as well. Wang et al. (2009)
classify P2P lending business processes into market-making, loan processing,
enabling investment strategy and community-building activities. Meyer (2007)
points out that one of the most distinguishing features of P2P lending is that
decisions to lend money to strangers with no collateral are left to individual
investors.

2.1.2. Risks in P2P lending

Investors in P2P lending are most likely to encounter three sources of risk,
namely that regarding borrowers, the lending products and the online
environment (Yum et al. 2012). P2P lending platforms attract broader customer
segments of borrowers beyond those of traditional financial institutions and deal
with anonymous unknown borrowers. More often than not, borrowers do not
have a credit history and have had trouble obtaining transactions from
traditional financial institutions. This Internet’s anonymous environment keeps
trust from being established among participants and fraud issues are rising as
not a small number of users tend to have fictitious user names (Klafft, 2008;
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Greiner and Wang, 2007). Consequently, the fundamental issue with P2P
lending is the default which results when strangers do not pay back the money at
all (Wang et al., 2011). Moreover, an individual investor is vulnerable to the risks
brought on by loan default, while financial institutions manage risk through
portfolio management.
Investors should screen borrowing candidates carefully in order to alleviate
information asymmetry or in a worst case scenario, avoid borrower default. P2P
lending acts like an agent to process available information on borrowing
candidates. Normally, investors will enjoy higher interest than that earned by
financial products provided by official financial institutions. Historically, the
majority of borrowers in P2P lending sites have not been able to obtain a loan.
In this context, investors encounter an issue known as information asymmetry
under which one party has better or more information than the other. This
results in an imbalance of power in transactions which can only to lead a
situation of adverse selection. We can imagine that P2P lending sites will likely
attract high-risk borrowers who have low credit ratings. Fear of lending to
“lemons” or bad borrowers who will make lenders face loan default will
discourage potential lenders from bidding. Moreover P2P lending's biggest
drawback for individuals is the small size of loans – generally in the thousands
of dollars – amounts that traditional financial institutions with high overhead
costs would not deal with.
Information asymmetry models developed in the area of information
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economics assume that one party to a transaction has, at the bare minimum,
related information while the other party does not (Akerlof, 1970). Information
asymmetry situations can be classified as hidden characteristic, hidden action
and hidden information (Mas-Colell et al., 1995).
First, hidden characteristic explains asymmetric information on the
characteristics of a product, service, or utility prior to parties making a
transaction. This is one of the most crucial aspects in that one party should have
a contract or transaction before acquiring more knowledge on the characteristic
of products or services than the other party. The more complex products or
services are, the more likely they have hidden characteristics. For instance, the
quality of used cars, the productivity of an employee candidate and the
willingness to pay an airline ticket show these attributes. In these cases, we are
likely to have what we call adverse selection in that most of the products and
services on the market are “lemons.”
Second, hidden action describes the conditions in which one party is unable
to control or monitor the other party after the parties make a transaction. This
situation can normally be described as an agency or a principal-agent problem.
The principal is defined as a party to delegate the rights, while the agent is the
delegated party. Issues in this case arise due to the consequences of the
transaction not being wholly dependent on the agent’s behavior, while the
principal can never know the degree of the agent’s efforts. Examples include
investors with less information than management or land owners who know less
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than their tenants would not know how their agents act on their behalf. The
issues of moral hazard emerge in a principal-agent problem because the
principal normally cannot thoroughly monitor the agent. The agent likely has an
incentive to act adversely from what the principal expects unless the objectives
of the agent and the principal are aligned.
Third, hidden information represents a situation where one party has more
information than the other party after they enter into a transaction. Even though
the principal can monitor the agent, he or she would not have complete
information on what the tasks of the agent are like, whereas, the agent will have
better or more information on the task than the principal does. For instance, a
company that obtains a loan from a bank will likely know more about their
project returns post-transaction. This case is different from hidden character in
that the agent is first able to manage the character of the product and service
and then the hidden information situation after making a transaction.
We are able to extend our classifications of information asymmetry to the
microloan market. Suppose a simple model composed of a borrower and an
investor. The borrower has a project but lacks enough money to finance it. In
such a case, he or she should depend on the investor.
First, hidden character works here to explain the situation that the borrower
has more information on the project than the investor. The returns from the
project are given exogenously. It is unlikely that the borrower is able to choose
the probability distribution of the returns from the project. The investor needs
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some information to tell the bad borrower.
Second, agency problems emerge in the event of a hidden action, as the
investor does not possess all the knowledge regarding how the borrower will use
the loan. As an agent who should pay back the loan, the borrower may be more
likely not to do his or her best than if he or she were self-financed. Moral
hazards will happen when the investor is not able to observe the borrower’s
efforts. The borrower may have moral hazards both before and after the project
returns get realized.
Third, hidden information issues appear if only the borrower knows the
returns from the project while the investor does not. The borrower has the
incentive to wrongly report returns from the project deliberately. All the
classifications of information asymmetry apply to loan transactions even though
the presented model is so simple.
For loans provided by financial institutions, information asymmetry issues
still hold even if they work as an intermediary between lenders and buyers.
Borrowers privately possess information about their own credit risk.
Furthermore, borrowers playing a role as agent in order to obtain a loan from a
financial institution could have the moral hazard as that presented in the simple
model above (Greenbaum and Thakor, 2009).
In order to review borrowers for the purpose of determining whether to
offer the loan, financial institutions will require information on potential
borrowers. This kind of information normally has the characteristics of public
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goods in terms that some information acquired by one financial institution can
be shared by another bank. That is the reason that banks, during in the
screening process, share the information from the credit score systems. They
will likely have free-rider issues regarding the sharing of information.
Stiglitz and Weiss (1981) point out why credit is rationed in the loan market
when financial institutions make use of the concept of information asymmetry;
the equilibriums in the markets do not always entail supply equaling demand.
There is excess demand for funds and then financial institutions make loans
considering the conditions, i.e. how high the interest rates and how risky the
loans are.
Based on this finding, we can explain that the higher the interest rate, the
riskier it is for the financial institution. This is because the lemons in the loan
market are willing to bear the risk in accepting high interest rates. Borrowers
who can obtain loans at lower interest rates would not deal with financial
institutions. Thus, a pricing mechanism does not work perfectly in this kind of
market and consequently credit rationing exists.
A signaling convention is effective for adverse selection. Generally safe
borrowers who are likely to pay back a loan on time would reveal observable
characteristics to distinguish themselves from higher risk borrowers. Bester’s
self-selection mechanism model clarifies that borrowers will choose the
transactions that suit them (Bester, 1985). In terms of self-selection, the decision
aid of Puro et al. (2010) could be effective for lenders in making loan decisions.
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Investors in P2P lending appear to be aware of risks involving the borrowers’
opportunistic behavior through the social networks on P2P lending. It is
reported that only a small portion of the requests listed on Prosper are
successfully funded (Freedman and Jin, 2011; Chen et al. 2011). Berger and
Gleisner (2009) find that investors are able to screen potential borrowers and
monitor the repayment through group leaders. Group leaders are expected to
reduce information asymmetry, particularly when there are riskier borrowers.
Freedman and Jin (2011) also find that the friendship in the social networks is
effective through the endorsements. However, the estimated loans’ returns for
group are lower than those for non-group. They raise issues that the group
leaders may have inappropriate incentives to fund lower quality loans for their
own sakes, though the group mechanism is known to work in the microcredit
such as Grameen bank. Unlike the offline world, the group leaders could not
effectively play their roles in monitoring borrowers’ moral hazards through the
social networks on the Internet.
The social networks provide a larger quantity of information than
microcredit at the same time. If the market is facilitated with richer information,
market efficiency will be likely to improve. P2P lending platforms typically
provide communication channels through which their users can communicate
and share knowledge. The lenders are able to utilize soft information such as
postings on bulletin boards, Q&As and replies in the communities (Iyer et al.
2009). In reality, a number of investors track the soft information to double-
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check the trustworthiness of borrowers’ previous online activities. Investors
review the hard information or facts such as credit grades as well as soft
information. A number of studies investigate the effects of soft information for
investors to use in order to screen the requests (Sonenshein et al., 2011;
Larrimore et al., 2011). Soft information is more effective for borrowers with low
credit grades. Herzenstein et al. (2011) find that soft information may increase
funding, however, it negatively affects the overall quality of the decisions. In
sum, the investors’ interpretations of soft information are so varied that it is not
easy to determine how effective soft information is in screening borrowers’
requests.

2.1.3. Social Networks and the Wisdom of Crowds
A number of studies examine the social network effects in P2P lending, for
instance, friend endorsements (Freedman and Jin, 2011), group affiliations
(Everett 2010), online communities and friendships (Lin et al. 2013). In
particular, Lin et al. (2013) investigate friend networks that provide the
information on the borrowers. They find that the borrowers’ online friendships
play a role as signals for credit. Friendships increase the likelihood of successful
funding and lower default rates.
As herding exists in the traditional financial market, P2P lenders are also
likely to exhibit herding behaviors. This is because many investors follow other
investors’ decisions, as they do not possess financial expertise and ability to
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distinguish the good borrowers from bad ones in a situation of imperfect
information. Several studies have investigated herding in P2P lending (Lee and
Lee, 2012; Herzenstein et al., 2011; Shen et al., 2010; Zhang and Liu, 2012).
Zhang and Liu (2012) find that lenders herd and then undertake observational
learning to review the borrowers’ characteristics. They claim that herding in the
P2P lending is rational. Puro et al. (2011), as well, point out that investors adjust
the bidding strategies based on their learning experience. With these findings,
P2P lending appears to leverage the wisdom of crowds that the beliefs of all the
agents in society will converge (Golub and Jackson, 2010). On the other hand,
irrational herding is known to exist in the auction market. For example,
Simonsohn and Ariely (2008) find that eBay bidders who have no experience
have tendency to herd into auctions with more bids, however, they ignore the
fact that the high number of bids actually results from low starting prices.

2.2. Hypotheses
Herding may help attract bids and subsequently improve a loan’s chances of
getting financed. Like herding in the traditional financial market, herding is
found to be a factor in non-diagnostic decisions in the context of online auctions
(Simonsohn and Ariely, 2008). A number of investors have the incentive to
follow other investors’ decisions as they learn from their peers by imitating their
behaviors in situations of imperfect information. Thus, it can be inferred that
lenders show the behavior of herding by following the other investors behavior.
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In this context, the following statement is presented:

H1: Investors’ choice of participation in bidding is significantly affected by
the participation of other investors.

If investors exhibit herding behavior, they just mimic others’ behavior or
undertake observational learning to review the requests’ attributes. Like what
Zhang and Liu (2012) claim, investors in P2P lending are expected to show the
behavior of rational herding. They are likely to identify which requests they
would bid on by looking at how financed the request is, that is, how many peers
have already bid. Then they will review the details of the identified requests to
make their own decisions to bid. These processes can be understood as a part of
social learning. To clarify the effects of social learning and rational herding, we
present the hypothesis on investors’ decisions relating to our investigation:

H2: Investors in P2P lending show the behavior of rational herding by
undertaking their own reviews and making decisions after having the behavior
of herding.
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3. Data and Model
3.1. Data
Starting to provide its services to the public in May 2007, Popfunding.com
has grown rapidly into one of the largest online microloan markets in Korea.
Early in 2010, Popfunding.com had mediated more than $1 million in funding.
The Korea Institute of Finance estimates the size of Korea’s private money
lending market at 18 trillion Korean won (KRW), approximately equivalent to
$19.9 billion. The FSS reported that more than 1 in 3 Koreans have borrowed
money at least once from consumer loan providers (The Korean Herald, 2007).
95% or more outstanding loads are repaid. This is surprising from the
viewpoint of financial markets as more than 97% borrowers have low credit
grades from 7 to 10 as shown in Table 1. Furthermore, 26% of return borrowers
came to improve their credit grades.

Table 1. Distribution of Credit Grades by Funding Outcome
Credit

Fully

Not Fully

Mean

Financed

Financed

Difference

Overall
Grade
1

0.11%

0.00%

0.14%

-0.14%

3

0.11%

0.00%

0.14%

-0.14%

5

0.33%

0.00%

0.43%

-0.43%
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6

2.44%

1.01%

2.84%

-1.84%

7

8.64%

6.53%

9.23%

-2.70%

8

16.61%

15.08%

17.05%

-1.97%

9

27.46%

28.64%

27.13%

1.51%

10

37.76%

46.73%

35.23%

11.51%

0*

6.53%

2.01%

7.81%

-5.80%

Total

100%

100%

100%

903

199

704

Number of
Observations
This table presents the distribution of credit grades of fully financed or not
fully financed listings in the sample. * The borrowers who have never had the
credit records will have credit grade of 0.

Lending and borrowing on Popfunding.com proceed as follows. If a
borrower wants to make a request for a loan, he or she should create a listing.
The listing is required to specify the terms such as amount, the borrower interest
rate and the repayment period. In addition, the borrowers are expected to
provide a personal profile, including age, gender and occupation. To have a high
chances of getting financed, borrowers are recommended to provide certificates
to verify their information like identification certificates, credit, phone number,
address, job, income and tax.
Moreover, borrowers provide detailed information on the loan purpose,
repayment plans and descriptions of the financial need. Occasionally, personal
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stories can move investors to have charitable motives, while storytelling may
influence the likelihood of being financed (Herzenstein et al. 2011). Some bids
have exceptionally low interest rates as some investors are likely to donate their
money with this kind of motives.
An investor will make decisions whether he or she bids to a certain request
and, if so, the conditions such as the amount and the rate. Borrowers and
investors are able to communicate through the listings’ Q&A bulletin boards. On
the board, investors normally ask for more details about borrowers’ financial
needs and repayment plans. Other than the Q&A bulletin board, the
intermediary provides a free bulletin board, as well. Borrowers are able to
advertise their loan listings and build up social networks with other borrowers
and potential investors.
If the total bid amount surpasses the requested amount, the loan will be
financed. Investors bidding with the lowest interest rates will have their own
shares in the loan. If the total bid amount fails to reach the requested amount,
the loan will be canceled and both borrowers and investors come to have no
obligations regarding the request.
Typically, the funding request auction will be listed for 15 days. The reverse
auction mechanism is very much similar to those of Prosper.com and Zopa.com.
Like the way that sellers bid on requests for quotations made by a potential
buyer in a reverse auction, investors bid on requests for loans in P2P lending.
Consequently, interest rates are decided at the end of the auction at a level that
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the investor who fulfills the last amount of loan proposes. The average interest
rate for Popfunding.com’s financed loans is 26%. The average borrower rate in
these auctions is 29.72%, while the average interest rate for financed requests is
27.73%.
We track a sample of listings posted on Popfunding.com from July 2009 to
December 2009. We have listings with duration of 15 days, the typical duration
on Popfunding.com. Our sample contains 903 listings. Each listing has a set of
its attributes and contains panel information such as bids and funding status.
Table 2 describes the summary statistics for all 903 listings.

Table 2. Summary Statistics
Variable

Mean

Std. Dev.

Min

Max

2,105,205

778,740

500,000

5,000,000

29.721

1.954

3.000

30.000

21,415

62,088

0

947,000

1

3

0

36

739,597

1,065,407

1,000

6,102,000

Listing Attributes
Amount requested
(KRW)
Borrower Rate (%)
First-day statistics
Amount Funded
(KRW)
Bids
Funding Outcome
Total Amount
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Funded (KRW)
Total Percent
0.322

0.388

0

1

0.220

0.415

0

1

Funded
Fully Funded
(1=yes)
Number of
903
observations
This table describes a sample of 903 listings posted on Popfunding.com from
July 2009 to December 2009. Amount Funded is the amount investors bid
during the day; Total Amount Funded is the cumulative funding each listing
raises. Total Percent Funded is truncated at 100%. KRW represents Korean Won
and 1,000 KRW is equivalent approximately one US dollar.

The minimum amount for a bid is 1,000 KRW, equivalent to $1. In this
sample, listings request between 500,000 KRW or $500 and 5,000,000 KRW or
$50,000, with a mean of $2105 or about $2,000. Borrowers propose interest
rates between 3% and 30%, with an average of 29.72%. The intermediary caps
the interest rate in P2P lending no higher than 30 % taking into account the
regulations of Financial Supervisory Service in Korea for subprime loan
providers. However, the average actual interest rates for private loans are
investigated as 52% even though registered private lenders, by law, can charge
borrowers an annual interest rate of up to 38.5 percent (The Korean Herald,
2007; Newsis, 2013).
Table 2 presents summary statistics on bidding activities on the first day as
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well. On the first day, an average listing attracts one bid representing 21,415
KRW. The average total funding per listing is 739,597 KRW, representing 32.2%
of the amount requested. Only 22% of listings end up getting financed.
Table 3 describes the summary statistics for listings over funding outcome,
that is, the attributes of above listings that are fully funded and not fully funded,
respectively, at the end of auction. Even though this summary presents a simple
description of data, fully funded listings are associated with smaller requested
amounts and higher borrower rates. Moreover, fully funded listings have a
tendency to have the stronger momentum to attract more bids on the first day;
on average, fully funded requests attract 2.8 bids and 51,613 KRW on the first
day, whereas not fully funded requests attract only 0.8 bids and 12,879 KRW.
Fully funded requests, on average, end up attracting a total amount of
2,349,256 KRW, whereas not fully funded requests attract only 284,594 KRW,
14.4% of the requested amount. Through t-test, all these differences turn out to
be statistically significant at the p = 0.0001 level.

Table 3. Summary Statistics by Funding Outcome
Fully Funded
Variable

Not Fully Funded

Mean
t-stat

p-value

- 450,776

-7.01

<0.0001

0.319

3.7622

<0.0001

Std. Dev.

Mean

Std. Dev.

Difference

1,753,769

817,840

2,204,545

738,155

29.970

0.244

29.651

2.204

Mean

Listing Attributes
Amount
requested
Borrower
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Rate
First-day statistics
Amount
51,613

106,084

12,879

38,019

38,734

5.0597

<0.0001

2.764

4.776

0.810

2.052

1.954

5.6273

<0.0001

2,349,256

1,117,672

284,594

404,732

2,064,662

25.5893

<0.0001

1

0

0.144

0.196

0.856

51.549

<0.0001

Funded
Bids

Funding Outcome
Total
Amount
Funded
Total
Percent
Funded
Number of
199

704

observations

This table presents the summary statistics for sample listings over funding
outcome. The p-values are calculated based upon two-tailed t-tests.

Table 4 presents the descriptive statistics for the variables for the sample in this
analysis.
Table 4. Descriptive Statistics
Variable

Obs

Mean

Std.Dev.

Min

Max

Amount Day

4,780

139,719

295,780

1,000

3.850e+06

Total Amount

4,780

400,981

602,082

1,000

6.102e+06

Percent Needed

4,780

0.806

0.250

0

1.000

Total Bids

4,780

20.10

27.78

1

221
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Bids

4,780

6.551

12.05

1

99

Amount Requested

4,780

2.112e+06

769,503

500,000

5.000e+06

Borrower Rate

4,780

29.91

0.941

3

30

3,160

144,054

307,383

0.333

3.280e+06

3,160

8.420e+11

1.170e+12

5.000e+08

1.640e+13

3,160

1.110e+07

1.230e+07

29,000

9.860e+07

3,160

1.490e+07

3.250e+07

1,000

3.880e+08

3,160

2.675

2.412

0

20.75

3,160

1.160e+07

1.520e+07

500,000

2.000e+08

3,160

169.1

209.0

20

1,590

Financed

4,780

0.330

0.470

0

1

Week

4,780

41.32

7.463

27

53

weekday

4,780

4.106

1.908

1

7

nth day

4,780

5.635

3.825

0

15

Lag Total Amount
X Percent Needed
Lag Total Amount
X Amount
Requested
Lag Total Amount
X Borrower Rate
Lag Total Amount
X
Lag Bids
Lag Total Bids X
Percent Needed
Lag Total Bids X
Amount Requested
Lag Total Bids X
Borrower Rate
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3.2. Econometric Model
In this section, we implement the econometric model for panel data in order
to analyze if herding influences lending decisions on Popfunding. In addition, if
so, we come to have the model to identify if such herding is irrational or rational.
The intermediary publicly provides the funding status such as the percent
funded in real time, aiming to help the decisions of subsequent investors. This is
likely to lead to peer influence. We focus on the bid amount and the number of
bids as the measure for how a request attracts an investor. We assume that
investors optimally allocate their investment money among many choices of
listings on Popfunding.com. At the same time, the number of bids represents the
number of people who recognize the listing as being deserving to be financed.

Figure 1. Conceptual diagram for herding and rational herding
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As illustrated in the conceptual diagram in Figure 1 above, we attempt to
examine the impacts of the time variant and time invariant variables at t-1 on
the bid amount and the number of bids at t, to put simply.
We symbolize the amount of funding that request i attracts on its t th day as
yit, where t = 1, …, N. N represents the duration period for a request that could
be 15 at maximum. The alternative dependent variable for herding momentum
could be the number of bids that request i attracts on its t th day as yit, where t =
1, …, N. This is because both the cumulative total amount and the number of
bids reflects previous investors’ collective evaluations on a request for their
resource allocation.
A simple test of herding may find serial correlations in lending. Both the
amount funded on the day and the number of bids attracted on the day, yit, are
likely to be correlated positively with the lagged cumulative amount and the
cumulated number of bids, yit-1.

(1)

where  represents time-varying request attributes and  describes timeinvariant request attributes. The time-varying request attributes  include
Lag Percent Needed, the percentage of the amount requested by listing i, Lag
Total Bids, the cumulative number of bids listing i has attracted by the day t-1.
To control the influences on certain days of the week or certain days during a
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request’s duration, we include Day-of-Week Fixed Effects and t th Day-of-Period
Fixed Effects in Xit. Time-invariant request attributes Zi include Amount
Requested and Borrower Rate. The error term  is included.
This equation appears to capture the time effect well. However, the process is
quite likely to be autoregressive if we identify with this equation. As a result of
this, there is likely to be serial correlation in the error term, and this problem
will be exacerbated by the inclusion of lagged variables.
Moreover, we expect that they have heterogeneity across requests. For
instance, some of borrowers would input the detailed information on their
financial needs while others would not write down their requirement clearly. We
are able to decompose the error term in the equation (1) as  =ui + vit, where ui
represents request attributes unobserved to researchers and vit is an error term
to the independent variables in the equation. The unobserved error term is likely
to cause a bias, resulting in endogeneity problem in the estimation of the
coefficient (Angrist and Pischke, 2008). Woodridge (2009) describes the
method to identify unobserved correlations of preferences among investors to a
request by using the panel data set with fixed effects.
The equation (1) can be rewritten as
(2)

where ui represents a fixed effect control term for unobserved request
characteristic. The assumption here is that unobservable characteristics of
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requests are time-invariant. We may accept the assumption in that the requests’
characteristics would not change during the funding period as the conditions for
the requests are likely to remain unchanged.
As we pointed out in the previous chapter, it is crucial to discriminate the
irrational herding from rational herding. Irrational herding as well could have
serial correlation patterns. That is, investors simply mimic other investors by
participating in the bids according to the popularity of listings such as
leaderboard. Zhang and Liu (2012) have the independent variable of Lag
Percent Needed to explain how much investors decide to bid based on the social
comparison theory, referring the work of Croson and Shang (2008). However,
the equation (2) itself will not be able to tell the difference between rational and
irrational herding as both increasing patterns of bids over time are almost
identical.
To deal with the issues, we have the variables extracted from the crosssectional variation in requests’ attributes like the way that Zhang and Liu (2012)
had. We assume that investors are irrationally herding as long as they simply
mimic other investors’ decision. Meanwhile, if investors are rational, their
decisions are likely to be moderated through reviewing the requests’ attributes.
For instance, two requests are listed to raise fund and attracted the same percent
funded on the first day. On the day 2, investors will review the requests and find
both of them are at the same level to get funded. Rational investors are expected
to review the requests’ attributes while irrational investors just follow the

28

previous investors’ decision without reviewing the attributes. To discriminate
the rational herding from irrational herding, we supplement the equation (2)
with the interaction terms between the lagged total amount and observable
listing attributes.

(3)

If rational herding exists, the coefficient of  should have the opposite
signs of request attributes’ influence on funding amount. The moderating effect
of a request’s number of bids on its cumulative funding amount will vary by
whether investors are rational and irrational. Rational investors are likely to
review the number of investors who already participated in bidding, not alone
the total percent funded. Therefore, we add the variable of interaction term
between lag total amount and lag total bids.
To check the robustness of the model, we supplement the model with fixed
effects Poisson equation. One of technical issues with the equation (3) is that the
dependent variable of the number of bids is the count data, which cannot be
negative. Additionally, many requests fail to attract one bid and the number of
bids on a certain day is zero-truncated. To deal with these issues, we have the
fixed effects Poisson model (Wooldridge 1999). The basic concept for the model
is that each request’s bid count is drawn from each Poisson distribution. The
Poisson parameter λit of request i on day t is written down as
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(4)

log

4. Results
For the results of testing the serical correlation, column (1) in Table 4
reports the ordinary least squares (OLS) results for the equation (1). The effect
of Lag Total Amount, Lag Percent Needed and Lag total bids are positive and
significant. However, the results do not reflect unobservable attributes of
requests as described above. Only Lag total bids are positive and statistically
significant consistently through (1) to (3).
Column (2) in Table 4 reports the estimation results for Equation (2).
Having the fixed effects controlled for the heterogeneous characteristics of each
request, the result of R-squared increases from 44% to 71%. The effect of the
total amount that a request attracted on the previous day is positive and
statistically significant. The total number of bids that a request attracts on the
previous day has a significant and positive effect as well. This can be interpreted
as they have herding—a request’s past bid attraction is effective in attracting
more subsequent funding. This finding confirms the research of Herzenstein et
al. (2011) and Zhang and Liu (2012) on Prosper. Additionally, we track the effect
of the externality which is negative counter-intuitively. The interaction term of
Lag Total Amount X Lag Percent Needed is significant and negative. Investors
are not likely to take parts in having the requests financed by bidding on the
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requests that need more amount to get financed.
This is an interesting point that the investors in Popfunding.com do not care
much about the amount that a request attracts on the previous day, behaving
differently from those of Prosper.
Column (3) of Table 5 presents the estimation results of Equation (3). The
statistical significance of the interaction term between and Lag Total Amount
and time-invariant variables are somehow complex. Displaying greater total
amount does not have significant effects on funding. After controlling the effects
of revealed information to herding investors, the total attracted amount does not
play effective role to raise the subsequent funding.
Borrower rate has weakly positive and significant effect on funding. The
interaction term with Lag Total Amount is significant as well. We will be able to
say that the borrowing conditions the borrowers present become important
issues after a review by herding investors.
The interaction term between the Total Amount and Lag Percent Needed is
negative and significant. Moreover, the coefficient decreases compared with the
result of (2). In the study by Zhang and Liu (2012) takes this variable as a proof
of rational herding if it is positive. When we look at the coefficient for Lag
Percent Needed is positive and significant. This is also interesting because a
higher percentage needed will normally discourage funding. This is generally
contrary to the result of the strategic behavior of investors who would
participate in the bids in the listings that are likely to get funded easily. However,
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when we interact with the total funded amount with the percent needed, we find
that investors behave strategically to fund the listings that need a small amount
to get financed. This echoes the findings of Herzenstein et al. (2011).

Table 5. Results for Herding and Rational Herding (Amount)

L.Total Amount
L.Percent Needed
L.Total Bids
Amount
Requested
Borrower Rate

(1)

(2)

(3)

Serial Correlation

Herding

Rational Herding

0.214***

0.442***

-1.481

(0.043)

(0.041)

(0.940)

-212,790***

345,087***

548,145***

(62,750)

(54,323)

(79,535)

7,140***

5,479***

16,393***

(826)

(884.2)

(841.5)

-1.573***

-2.358***

(0.034)

(0.039)

-0.0313***
(0.009)
3,149
(13,018)

Lag Total Amount
X Percent Needed
Lag Total Amount
X Amount
Requested

2.58e-07***

Lag Total Amount
X Borrower Rate

0.0689**

Lag Total Amount
X
Lag Bids

-0.013***

weekday
Nth day

(1.68e-08)
(0.031)
(0.000)
7,254***

6,031***

5,222***

(2,345)

(1,808)

(1,541)

-14,741***

28,614***

14,606***

(1,533)

(2,046)

(1,821)
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Listing fixed
effects
Observations

No

Yes

Yes

3,160

3,160

3,160

R-squared

0.44

0.71

0.79

Number of listings
662
662
662
The dependent variable is the amount of funding that a request attracts on a day.
Panel regression with standard errors clustered by listing and reported in
parentheses under parameter estimates.
*p <0.1;**p <0005;***p<0.001.
We verify what we find with the model above by applying a set of alternative
model specifications. First, we have the dependent variable of the number of
bids that the request attracts on the day instead of funded amount. Column (1)
in Table 5 describes the OLS results for serial correlation. The number of bids is
influenced by the number of bids on the previous day. The coefficient for Lag
Percent Needed is negative and while the effect of Lag Total Amount is not
significant.
Column (2) in Table 6 describes the fixed effect panel regression estimation
for herding. Herding clearly stands out in that the number of bids on the
previous day is positive and significant. The effect of the total amount that a
request attracted on the previous day is not significant. The bid amount on the
previous day in Popfunding.com appears not working as a herding mechanism.
This is an interesting point that the investors on Popfunding.com do not care
much about the amount that a request attracts on the previous day, behaving
differently from those of Prosper. It could be explained with different contexts of
business processes or cultural issues. One of most probable reasons is that
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investors in Popfunding.com are able to join the bid with minimum bid of $1
which is more like a charity. Therefore, the amount itself may not that
significant. Moreover, we find the negative effect of the externality again by
looking at the interaction term of Lag Total Amount X Lag Percent Needed
which is significant and negative.
Column (3) of Table 6 reports the estimation results for rational herding.
The statistical significance of the interaction terms shows consistent results in
the column (3) of Table 4. One interesting point here is that the coefficient for
Lag total amount is negative and significant. The result is opposite to the
patterns of rational herding described by Zhang and Liu (2012). The investors
who show the behaviors of herding would not participate in the bids for the
listings that raise more amount of funding.

Table 6. Results for Herding and Rational Herding (Bids)

L.Total Amount
L.Percent Needed
L.Total Bids

(1)
Serial
correlation
-2.08E-06

(2)

(3)

Herding

Rational Herding

1.53E-06

-8.46e-06***

(0.000)

(0.000)

(0.000)

-33.35***

-27.42***

-23.60***

(2.326)

(2.571)

(3.703)

0.302***

0.300***

0.0760*

(0.031)

(0.042)

(0.042)

Amount
Requested

-7.90e-07**

Borrower Rate

0.203

(0.000)
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(0.489)
Lag Total Bids
X Percent
Needed
Lag Total Bids
X Amount
Requested

-1.304***

-2.678***

(0.080)

(0.091)
5.43e-07***
(0.000)

Lag Total Bids
X Borrower Rate

0.00644*

Lag Total
Amount
X Lag Total Bids

-3.17e-08*

Nth day
Weekday
Observations

(0.004)
(0.000)
-0.657***

-0.810***

0.15

(0.057)

(0.082)

(0.092)

0.305***

0.651***

0.302***

(0.086)

(0.089)

(0.079)

3,160

3,160

3,160

R-squared
0.53
0.57
0.68
Number of
662
662
662
listings
The dependent variable is the number of bids that a request attracts during a
day. The dummy variable for Amount requested is 1 if the total amount is more
than 2,000,000 KRW and equals to 0 otherwise. Standard errors are reported in
parentheses under parameter estimates. *p <0.1; **p <0. 05; ***p <0.01
Table 7 reports the fixed effect Poission results estimated with the equation
(4). Compared with results of Table 6, interaction terms consistently keep the
same signs while the lagged variables do not. Especially, in the column (3), the
rational herding is in question as the coefficient for Lag total bids is negative and
significant. We understand the linearity has not influenced the total models up
to now, however, we suspect the evidence on the rational herding patterns as the
signs for the coefficients for lagged variables are inconsistent.
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Table 7. Results for Herding and Rational Herding
(Bids, Poisson Model)
(1)

(2)

Serial Correlation

Herding

6.10E-08

4.17E-08

(3)
Rational
Herding
-5.37e-07***

(0.000)

(0.000)

(0.000)

-1.387***

-1.423***

-2.006***

(0.076)

(0.076)

(0.133)

0.00868***

-0.00225

-0.00922***

(0.001)

(0.001)

(0.002)

Lag Total Bids X

-0.0902***

-0.117***

Percent Needed

(0.003)

(0.004)

L.Total Amount

L.Percent_Needed
L.Total Bids
Amount Requested
Borrower Rate

-2.89e-07***
(0.000)
0.196***
(0.073)

Lag Total Bids X

1.98e-08***

Amount Requested

(0.000)

Lag Total Bids X

-0.000244**

Borrower Rate

(0.000)

Lag Total Amount
X Lag Total Bids

-1.89e-09***

nth_day
Weekday

(0.000)
0.0949***

0.156***

0.194***

(0.004)

(0.005)

(0.006)

0.0320***

0.0645***

0.0456***

(0.004)

(0.004)

(0.004)
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Observations

3,160

3,031

3,031

Number of listings
662
533
533
Notes. The dependent variable is the number of bids that a request attracts
during a day. Standard errors are reported in parentheses under parameter
estimates. *p <0.1; **p <0. 05; ***p <0.01
The main effect of herding in terms of the number of bids is consistent as
long as linearity holds. However, the analyses across Table 4 to Table 6 show
that rational herding does not hold with modified models and is not fully
supported by the results.
To investigate the moderating effects of time invariable variables, we find
that Amount Requested statistically significantly moderates the herding effects
while the effects of Interest Rate are ambiguous.

Table 8. Results for moderating effects of the time invariant variable
of Amount Requested

L.total_amount
Lag Percent_Needed
Lag total_bids
Amount dummy * lag
total amount

(1)

(2)

(3)

Amount

Bids

Poisson

-0.912

-5.84E-05

-1.81E-06

(0.953)

(0.000)

(0.000)

947,140***

7.027**

-0.531***

(68,799.000)

(2.873)

(0.107)

15,425***

0.347***

0.000673

(848.800)

(0.036)

(0.002)

0.0923***

-0.00175**

(0.021)

(0.001)

0.296***
(0.024)

Amount dummy * Lag
total bids
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Lag Total Bids X Amount
Requested

0.0718**

3.38e-06**

9.93e-08**

(0.032)

(0.000)

(0.000)

Lag Total Bids X Percent
Needed

-2.321***

-7.69e-05***

-3.24e-06***

(0.040)

(0.000)

(0.000)

Lag Total Amount
X Lag Total Bids

-0.0122***

-3.72e-07***

-1.19e-08***

(0.000)

(0.000)

(0.000)

Observations

3,160

3,160

3,031

R-squared

0.781

0.759

Number of listings
662
662
533
Notes. The dependent variable for (1) is the amount and the number of bids that
a request attracts during a day. The dependent variable for (2) and (3) is the
number of bids that a request attracts during a day. Standard errors are reported
in parentheses under parameter estimates. *p <0.1; **p <0. 05; ***p <0.01

The coefficient for the interaction term of amount dummy and lag total
amount at the column (1) in the Table 8 above shows the positive moderating
effects of Amount Requested. That is, the greater the amount requested is, the
greater effects of herding are likely to influence on the raised amount. Likewise,
the coefficient for the interaction term of amount dummy and lag total bids at
the column (2) confirms the positive moderating effects of Amount Requested.
However, nonlinear model of Poission at the column (3) results in the negative
sign of the coefficient for the interaction term. It can be interpreted as the
moderating effects of amount requested are not increasing thoroughly and it is
probable that the effects influence the herding negatively when it comes to with
relatively greater amount. We break down the amount requested with short
intervals to find the results confirming nonlinear patterns of moderating effects.
The detailed results moderating effects for amount requested and interest rates
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are included at the appendix.
To summarize the results from the various models, we report that the
amounts of funding and the number of bids that a request attracts each day are
serially correlated. Then we present the evidence of herding through the fixed
effect model by controlling for unobservable characteristics of requests.
However, we find that investors on Popfunding.com appear not to behave in
forms of rational herding from the results that requests’ observed attributes
moderate the herding momentum not significant. Furthermore, the amounts of
funding on the previous day influence the subsequent number of bids negatively.
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5. Conclusions and Discussions
P2P lending is different from a traditional financial institution in that the
loan decisions are made through the reviews and bid participation of many
investors on the Internet. Thus, peer influence is expected to be significant.
Previous studies have worked on the existence of rational herding through social
learning and irrational herding via uncertainty about the creditworthiness of a
borrower.
We confirm evidence of herding using a unique panel data set from
Popfunding.com, the largest microloan market in Korea. Imitation and mimicry
may work even in the traditional financial markets. Herding is found in fashion
and fads, not only in a simple decision but also in investment decisions.
Investors are frequently influenced by the decisions of others. Herding happens
through a coordination mechanism. Typically in the financial market, this
mechanism is coordinated through the widely accepted rule of price. Or the
influential group of people will stimulate others to follow their decisions. There
are two polar views of herding; rational herding and irrational herding.
We investigate the mechanism behind the presence of the herding
phenomenon, following the approaches in the previous research that concludes
the existence of rational herding. However, our results show that the existence of
rational herding is ambiguous, somewhat different from the results of Zhang
and Liu (2012). The moderating effects of the total amount on herding are
identified significant while the effects of the interest rate are not consistent.
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Most presumably, the investors in Popfunding.com have limited information on
the borrowers in that the credit grades are mostly low and thus it is hard to tell
who will be good borrowers. Information such as whether the borrower is a
homeowner, has an endorsement and his or her debt-to-income ratio, are not
provided to the investors as well. In addition, the investors join the bid with
minimum bid of $1 and are likely to think of their participation as charity rather
than a form of investment. In this line of investor behavior, the information that
the intermediary has is very crucial in that investors may make their decisions
easily based on the impression from the basic information from the website.
The role of information provided by the intermediary, specifically the
leaderboard, will be described in the next chapter.
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II. Leaderboard Effects
in P2P lending
1. Introduction
P2P lending has recently become a popular business research field not
only because it has witnessed substantial growth after the emergence of
Grameen bank (Yunnus, 2003) in the offline world, but also due to information
asymmetry issues which exist and result in investors having a limited amount of
information with which to distinguish between good and bad borrowers (e.g.,
Puro et al. 2010; Puro et al. 2011). Signaling is expected to mitigate the adverse
selection problem in Akerlof’s “lemon” market and P2P lending (Akerlof, 1970;
Spence, 1973; Lin et al. 2013). Regarding the P2P lending site investigated in
this study, the leaderboard which contains existing loan requests is displayed on
the site’s front page. This unique method of sharing information regarding the
choices of others offers the ideal environment in which to test the adverse
selection and the signaling effect. Although the bestseller effect has previously
been addressed in studies in the fields of economics (e.g., Sorensen, 2007;
Banerjee, 1992; Bikhchandani et al., 1992; Cai et al., 2009) and IS (e.g., Zhang
and Liu, 2012; Duan et al., 2009), this paper contributes the existing literature
by exploring empirically the leaderboard effects in the context of P2P lending.
We study the relationships between the information on the leaderboard and its
impacts on the likelihood of being financed and loan performance.
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P2P lending represents an open marketplace for loans provided not by a
bank, but instead by individuals online taking advantage of P2P architecture. In
P2P lending, financial transactions are facilitated directly between individuals
(“peers”). Potential borrowers create and post listings with an overview of their
need for a loan; while potential lenders place bids on listings they would be
interested in funding. A borrower is then provided a loan only in the case that
his or her listing attracts enough bids to exceed a predefined amount or to fulfill
a loan request by a number of lenders. The industry is growing rapidly. Renton
(2012) describe that the monthly loan volume of both Prosper.com
(www.prosper.com) and Lending Club (www.lendingclub.com) exceed US$50
million in February 2012 with 100% annual growth rate. According to a market
study by the Open Data Institute, the P2P lending market will be worth £1billion
by 2016 if it continues to grow at its current speed (Financial Times, 2013).
“The wisdom of crowds (Surowiecki, 2004; Bonabeau, 2009)” is said to
enable businesses to make profits when social networks try to establish the
concept of a community into the decision making process. The underwriting
decisions assessing the risk of each loan on a micro-lending site are made by
individuals, while the value of a loan is established through lender bidding.
When considering the context of borrowers, such lending decisions, which are
attributed to the “wisdom of crowds”, are expected to be superior to the same
decisions currently made by loan officials at banks as the collective intelligence
experiment shows (Wolley at al., 2010).
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Before we take the wisdom of crowds in haste, it is better to consider
literature on adverse selection and signaling that is applicable to the P2P lending
market in which there exist information asymmetry problems. Akerlof’s (1970)
used car “lemon” market crowds out sellers of high quality cars, leading to
market failure. Even though the difficulty exists that quality discovery of nonstandardized and complex products will increase transaction costs, many
successful electronic auction markets deal in seemingly typical “lemon” goods.
Signaling is expected to mitigate the adverse selection problem in the lemon
market according to Spence (1973). In his job market model, education is a
signal of quality. High quality workers signal their quality through education.
The implication is that educated workers should have better ex-ante outcomes,
i.e. getting employed and ex-post results, and thus have better job performance.
Lin et al. (2013) and Liu et al. (2012) apply this theory to the borrower’s
friendship signal in P2P lending to show that if a borrower's friendship signals
better borrower quality, borrowers with friends should have a higher likelihood
of getting their requests financed, while ex-ante and borrowers with friends
should default less given their higher intrinsic quality, ex-post.
The leaderboard of existing loan requests is displayed on the P2P lending
site’s front page. It displays information about the “Top 8” most financed
requests in terms of the percentages for the respective requested amounts so
that all potential lenders can easily find popular loan requests. We intend to
examine the signaling effect of the leaderboard on the likelihood of being
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financed and loan performance.
Following the aforementioned description, our research questions are as
follows:

l

Does the leaderboard information influence whether a loan request is
financed successfully?

l

Does the leaderboard information have predictive power regarding the
loan’s performance or the likelihood of default?

The results show that the leaderboard information works ex ante, thus
attracting additional bids to get requests financed. However, it does not work ex
post and lacks a correlation with the likelihood of paying back the loan on time.
This paper is organized as follows: Studies related to the theories of
information asymmetry and adverse selection, are briefly reviewed. Previous
research on the effects of a bestseller list and leaderboard, as well as reviews of
studies on P2P lending is presented. The data set used in this study is then
introduced. After we describe the construction of the model and introduce the
underlying methods, then results are presented. Finally the conclusions and
discussions follow.
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2. Theoretical Backgrounds
2. 1. Literature Review

On a P2P lending web site, the information provided by the intermediary is
likely to work as a signal as potential lenders face and struggle to overcome
information asymmetry issues due to limited information on the credit of
potential borrowers. Another approach to mitigate issues related to information
asymmetry in the loan market is credit rationing as presented by Stilglitz et al.
(1981). Social networks with Web 2.0 features found in P2P lending sites have
been analyzed in the research of Lin et al. (2013), which explained the effects
and patterns of social networks on the fundability and appropriateness of a
repayment. The intervention and coordination of groups and group leaders play
a key role in full funding and loan performance according to the study by
Freedman and Jin (2011), while Collie and Hampshire (2010) pointed out the
effects of the community’s signals enhancing the reputation of the community in
order to reduce adverse selection and moral hazard risk. Lending strategies in
P2P lending have also been analyzed in regard to the effectiveness of the group’s
reputation. Findings have shown that having a low final rate and getting the loan
funded, as well as bidding behavior, is not homogeneous among bidders (Puro et
al. 2011). Herzenstein et al. (2011) analyzed the incentives to herd and found
herding behavior in P2P lending to be sub-optimal and that lenders show
strategic herding behavior up to a threshold point. Shen et al. (2010) found that
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P2P lending site users follow herds rather than profit. That is, herding takes
place when lenders make investments on loan listings, rather than on more
rational investments based on risk and returns. Lee and Lee (2012) investigates
herding behavior empirically in the P2P lending market in which seemingly
conflicting conditions and features of herding exist.
Theory regarding observational learning and information cascading
presents a social learning mechanism (Banerjee 1992, Bikhchandani et al. 1992).
These theories show that individuals make decisions with incomplete and
inaccurate information. Consequently, people refer not only to their own
information, but also to the actions of predecessors without any knowledge of
the predecessors’ decision making process.
The value of online reviews works as a good source of information.
Dellarocas et al. (2007) find that the characteristics of online reviews can be a
good predictor for box office sales of new released motion pictures. Zhu and
Zhang (2010) find that the reviews are more influential and valuable for less
popular product and consumers who are more internet-savvy. Herd behavior is
particularly prominent in the IS field. Computer users frequently adopt popular
software products consequently making them even more popular (Brynjolfsson
and Kemerer, 1996). Bid participation in eBay auction shows the herding
pattern (Dholakia and Soltysinki, 2001). Duan et al. (2009) empirically
examined the impact of leaderboard information in the context of software
adoption, while Ghose and Yang (2009) found empirically that the monetary
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value of a click is not uniform across all positions in a search result. Herding
behavior in the crowd-funding markets is empirically examined in terms of
network externality (Burtch, 2011; Burtch et al. 2013).
Specifically in the P2p lending, Zhang and Liu (2012) distinguish the
rational herding and rational herding to find that obvious defects such as poor
credit grades grow the herding momentum while favorable borrower
characteristics like friend endorsements reduce the herding effect.

2. 2. Hypotheses
While observational learning and herding may help attract bids and
subsequently improve a loan’s chances of getting financed, a lender’s final profit
depends on the quality of the loan decision. Herding can be found in many cases
and investors may imitate investment decisions made for peculiar reasons. For
example, restaurant patrons may choose to go to a busier restaurant with the
expectation of higher quality. Herding is found to be a factor in non-diagnostic
decisions in the context of online auctions (Simonsohn and Ariely, 2008). Thus,
it can be inferred that requests with more bids have a higher probability of being
funded if requests are high on the leaderboard. In this light, the following
statement is presented:

H1: Lenders’ choice of participation in bidding is significantly affected by the
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leaderboard information.

It is reasonable to infer that the more lenders participate in bidding, the
more likely requests get financed. To cross check the leaderboard effect on
getting financed, we present the following statement.

H1a: The likelihood for requests to get financed is significantly affected by the
leaderboard information.

Loan performance is measured by the likelihood of default. This study
investigates the impact of the leaderboard through observational learning and
herding in regard to the qualification assessment of borrowers. In other words,
we examine whether a decision by lenders supported by observational learning
really improves the quality of the decision when selecting the investment most
likely to see repayment of invested funds and interest successfully. If the
leaderboard is able to screen which borrowers are more likely to default, loans
highly ranked on the leaderboard are more apt to be paid back in a timely
manner. Positive association between herding in the P2P lending and its loan
performance is found (Herzenstein et al., 2011). To clarify the effects of
leaderboard, we present the hypothesis on loan outcomes relating to our
investigation:
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H2: Requests which remain on the leaderboard longer have a lower likelihood
of default and subsequent loss of loan.

As an indicator for the performance of the loans, the number of days
overdue is examined. It can be inferred that the more numbers of days overdue a
loan has, the worse the loan performance is. To cross check the leaderboard
effect on loan performance, we have the following statement.

H2a: Requests which remain on the leaderboard longer have a lower number
of days overdue.

3. Data and Model
3. 1. Data

Popfunding.com, one of the biggest P2P lending sites in Korea, presents an
ideal environment for this study in that the site’s P2P lending market follows the
rule of Dutch auctions for borrowers’ requests in the same format as found on
Prosper.com and Zopa.com. This study focuses on transaction data collected
from registration dates between July 1 and December 31, 2009.
We extracted two types of data set, a cross sectional one and a panel. To
inquire the characteristics of the 903 requests, we had a cross sectional data at
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the end of the period. Additionally we constituted the panel data to see the
effects of the leaders’ board, gettng rid of the specific influences of specific
requests and days. Total number of requests for this period were 2,470 and
39,722 bids were generated for those requests. Normally a request has a bidding
period from 1 week to 10 days. We had 4,780 day-request combinations. Overall,
14% of total requests got enough number of bids to get funded. As majority of
requests do not attract any bid and have no transactions, requests without any
bid were eliminated. The descriptive statistics is presented in Table 8.
Table 9. Descriptive Statistics

Cross Sectional Data Sample (N = 903)
Mean

Std. Dev.

Min

Max

Bids

.1606

3950.3511

2

224

Days on the leaderboard

1.6301

2.5324

0

13

Leaderboard dummy

.4164

.4932

0

1

13.3854

5.4239

3

24

29.7

1.9539

3

30

11.1008

75.3101

0

1227

15.2104

53.8674

0

833

35.9236

136.2098

0

3675

Repayment period
Interest
Replies on the bulletin board
Comments on the bulletin
board
Q&As
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Vote

57.8782

18.5649

0

100

8.71

2.1218

5

13

Age

34.8306

6.9284

21

58

Male

.4784

.4998

0

1

Financed

.2204

.4147

0

1

Performance

-.9524

.2996

-1

1

Supporting Document

Sample Panel Descriptive Statistics (N = 4,780)
Mean

Std. Dev.

Min

Max

Leaderboard dummy

.3079

.4620

0

1

Bids

6.5506

12.0548

1

99

Daily Bid Amount (KRW)

139,718.8

295,780

1,000

3,850,000

Average Bid Amount (KRW)

20,102.6

20,944

1,000

99,000

52

0

10

bid_num
20

30

40

Figure 2. Average number of bids for leaderboard request group and
non-leaderboard request group on Nth day

0

5

10

15

nth_day
0
lb/ub

1

*bid_num = the number of bids, lb/ub = lower bound / upper bound
Group 1 represents a group of requests that have listed on the leaderboard more than
once. Group 0 represents a group of requests that have never listed on the leaderboard.

For the entire period, 2,470 requests for funding are generated, while
39,722 bids are made for those requests all outstanding over 15 days. Figure 1
provide a rough image of the impact of leaderboard information on participating
bids. These two plots represents the average number of bids for leaderboard
request group and non-leaderboard request group on each day during the bid
period. These panels illustrate that the requests listed on the leaderbaord will be
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likely to attract far more number of bids. Thus, we can infer that the leaderboard
information is very infulential to have more bids.
The length of the period during which the requests are on the leaders’ board
is not correlated with the likelihood to get funded. Through survival analysis, we
identify that the requested amount explains the length of period. The KaplanMeier survival estimate in Figure 2 describes the likelihood of survival as the
days on the leaders' board pass by. The smoothed hazard estimates in Figure 3
shows that survival probability that the requests are on the leaders’ board and
hazard estimate that increases rapidly after 8th day on the leaders’ board.

Figure 3. Survival Analysis on the number of days listed
on the leaderboard

0.00

0.25

0.50

0.75

1.00

Kaplan-Meier survival estimate

0

5

analysis time

54

10

15

Figure 4. Smoothed hazard estimate on the number of days listed on
the leaderboard
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.25
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5
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15
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3.2. Econometric Model
3.2.1. Bid Participation and the Likelihood of Being Financed

The empirical attempt to quantify the effect of the leaderboard is found to
be difficult due to the identification issues described by Manski (1993) in that
the relationship between the leaderboard and the number of bids could be bidirectional. In this study, the panel data set is constituted to clarify the causality
of the number of bids from the leaderboard effect based on the fixed estimation
model. The differences between two groups of on-the-leaderboard and others
taken from previous dates are what are examined. Dummy variables,
Leaderboardit-1, Leaderboardit-2..., Leaderboardit-14 exhibit these differences
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where Leaderboardit-k is 1 if the loan request appears on the leaderboard on the
day t-k, and zero if otherwise.

…

1

where yit is the dependent variable of the number of bids observed for each
request i at time t, Leaderboardit-k (1 ≤ k ≤ 14) is the binary variable to identify if
the request i is on the leaderboard on the day t-k and αi is the unobserved
individual effect. The assumption that αi is not independent of Leaderboardit-k
in that the requests are expected to be affected by specific daily situations and
the specific context of the request, as well, is made. Furthermore, dummy
variable of request fixed effecti, is included to control the request specific
unobserved effects. The influences of specific weekly changes, daily changes on
the Nth day from the bid starting point, as well as the weekend effect, are
investigated. Dummy variables of week fixed effectt, Nth dayt from the bid
starting day at time t and binary variable of weekendt at time t are also added.
To examine the influence of the leaderboard on the likelihood of being
financed, the relationship between the number of days in the leaderboard and
the likelihood of being financed is analyzed using a logit model. The dummy
variable to hard and soft information and control variables are added as was
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done in previous research about P2P lending (Iyer et al., 2009). Potential
investors are likely to infer the most not only from standard banking “hard”
information such as objective evidence, but also from subjective “soft”
information like online community activities. We have a logit model for this
equation.

∗

.

.

2

where ∗ is the binary dependent variable to respresent being financed ( = 1) or
not ( = 0).

3.2.2. Loan Performance

Requests staying longer on the leaderboard are expected to have lower
default rates. The relationship between the number of days on the leaderboard
and the likelihood of default is analyzed using a logit model for the requests
which succeeded in getting funded. Hard and soft information and control
variables are added here, as well. We take a logit model for this equation as we
did for the likelihood of being financed.
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∗

.

.

(3)

where ∗ is the binary dependent variable to respresent repaying on time ( = 1)
or not ( = 0).

The numbers of days overdue of the requests staying longer on the
leaderboard are expected to be lower if the leaderboard information is useful to
identify the good performance requests. The relationship between the number of
days on the leaderboard and the numbers of days overdue is explained through a
tobit model for the financed requests. The dependent variable of the number of
days overdue is observed only within the interval between 0 to 61 as the loans
overdue more than 61 days are classified as bad debts.

∗

.

.

(4)

The observed variable 

is related to the latent variable ∗ through the

obervation rule
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∗

0
∗

0
∗

61

0
∗

61

61

where the probability of an observation being censored and truncated mean are
defined as the Tobit model of left-censored and right-truncated examples
(Woodridge, 2009).

4. Results
Regarding the results of testing the hypotheses, firstly for H1, the number of
bids is found to be significantly affected by whether the request appeared on the
leaderboard for the previous 7 days. The dynamic panel regression of System
GMM, as well as the panel and OLS regression, consistently show that the
leaderboard effect from the previous day to 7 days prior influences the number
of bids significantly, while the leaderboard effect of the previous day is
interpreted as most influential as shown in Table 9. The reason that
Leaderboard_14 is dropped is that not one request is listed on the leaderboard
on day 1. The coefficient for Leaderboard_12 is stastistically significant
prominently, which is presumed for new requests on the leaderboard to attract
the interests of lenders, who would bookmark and participate in bidding toward
the end of an auction.
The number of bids made during the weekend is found to be fewer than
those made during the week when the coefficients of the weekday dummies are
statistically evaluated, thus inferring that lenders are participating in bids on
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weekdays rather than on weekends. Such a finding could be attributed to lenders
being involved in P2P lending on business days rather than on non-business
days.

Table 10. Results for Leaderboard Effects on the Number of Bids
(2)
(1)

(3)
Panel Regression

OLS

System GMM
with Fixed Effects
0.916***

L_number_of_bids
(0.0451)
9.541***

6.279***

1.817**

(0.543)

(0.551)

(0.8)

5.397***

5.557***

3.861***

(0.692)

(0.646)

(0.776)

1.943**

3.528***

1.772**

(0.77)

(0.715)

(0.849)

1.145

2.825***

2.483***

(0.868)

(0.802)

(0.936)

0.714

2.389***

2.170**

(0.978)

(0.907)

(1.042)

1.759

3.258***

3.604***

(1.134)

(1.052)

(1.2)

2.227

3.950***

4.247***

leaderboard_1

leaderboard_2

leaderboard_3

leaderboard_4

leaderboard_5

leaderboard_6

leaderboard_7
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(1.397)

(1.301)

(1.468)

20.31***

20.48***

21.76***

(5.946)

(5.555)

(6.455)

-3.624***

-3.821***

-4.972***

(0.356)

(0.346)

(0.486)

Observations

4,780

4,780

3,160

R-squared

0.289

0.323

903

903

leaderboard_12

weekend dummy

Number

of
662

Requests

Dependent variable is the number of bids.
The values in parentheses are standard errors.
All tests are two-tailed with * = 10%, ** = 5%, and *** = 1% significance.
Sargan test of overidentifying restrictions
H0: overidentifying restrictions are valid
chi2(1546)
= 2992.038 Prob > chi2 =
0.0000

The system GMM results are presented in order to explore the effects of
various lags of the dependent variable, that is, we try to identify the extent of
autocorrelation in the data. Based on the Sargan test results, we determine that
the second lags of contribution have a significant effect on contribution in the
present period. With this result, we select to implement the 2nd and next order
lags as instruments in our Arellano-Bond estimations.
According to the results of the study, it is easily inferred that requests
having more bids are more likely to be financed. For H1a, the likelihood of being
financed is found to be significantly affected by the number of days in the
leaderboard. The Logit regression shows that the coefficients for the number of
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days on the leaderboard and the dummy variable to identify whether the
requests are on the leaderboard more than once are both statistically significant
as shown in Table 10. Therefore, it is understood that the leaderboard
information positively influences the lenders’ willingness to participate in
bidding and the number of bids caused by the leaderboard effect will help
requests on the leaderboard to get funded. Additionally, to examine the effect of
soft and hard information pointed out in a previous study (Wang et al. 2010), we
find that the number of supporting documents submitted by borrowers is
statistically significant.
Table 11. Results for Testing the Likelihood of Getting Financed
(1)

(2)

(3)

0.224***

0.0853*

0.188***

(0.0485)

(0.049)

(0.056)

3.284***

2.696***

1.647***

(0.442)

(0.417)

(0.479)

days on the leaderboard

leaderboard dummy
-5.39e-07**

-1.70e-06***

(2.25E-07)

(3.13E-07)

-0.00802

-0.00953

(0.0364)

(0.0485)

-0.145***

-0.315***

(0.048)

(0.0803)

requested amount

Terms

repayment period

Interest
Soft

replies on the bulletin

0.001
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0.001

Info.

board
comments

on

(0.002)

(0.002)

0.001

0.005

(0.003)

(0.003)

0.085***

0.131***

(0.013)

(0.017)

0.267***

0.526***

(0.078)

(0.101)

Yes

Yes

Yes

0.134

0.117

-0.063

(0.217)

(0.235)

(0.27)

903

903

903

the

bulletin board
Vote

Hard
supporting documents
Info.
Age
Control
Male
Observations

Dependent variable is getting financed (1=Financed, 0=Not).
The values in parentheses are standard errors.
All tests are two-tailed with * = 10%, ** = 5%, and *** = 1% significance.

However, for the H2, a request’s long stay on the leaderboard does not
guarantee a lower likelihood of loan default in that we find no correlation or
negative correlation between the number of days on the leaderboard and the
likelihood of default.
As described in Table 11, the variables of the information presented on the
P2P lending website, including the hard information which is significant for
likelihood of being funded, are found not to have a clear correlation with the
likelihood of default even though information on the friends’ networks of
borrowers is identified as an effective signal in differentiating the borrowers who
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will have lower likelihood of default in a previous study (Lin et al. 2013). Some
of soft information such as vote and Q&As are statistically significant.

The

interesting point here is that the vote point of averaged binary ratings for
requests could be useful information to identify the “good” requests. Meanwhile,
the number of questions and answers influences the likelihood to pay the loan
back on time. This can be explained as the number of questions and answers are
increasing if the loan payment is not on time.
Table 12. Results for Testing the Likelihood of Default
(1)

(2)

(3)

-0.175*

-0.107

-0.397**

(0.0986)

(0.110)

(0.160)

1.181

0.608

1.682

(1.238)

(1.3)

(2.276)

days on the leaderboard

leaderboard dummy

Terms

1.01E-07

1.56e-06*

(4.45E-07)

(9.20E-07)

0.125

0.260*

(0.0808)

(0.133)

-0.0289

0.06

(0.24)

(0.275)

requested amount

repayment period

Interest
Soft

-0.004

-0.008

(0.003)

(0.005)

0.008

0.006

replies on the bulletin board
Info.
comments on the bulletin
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board

(0.008)

(0.0114)

0.0751**

0.038

(0.032)

(0.039)

-0.016***

-0.024***

(0.003)

(0.005)

-0.0637

-0.31

(0.205)

(0.263)

Yes

Yes

Yes

-0.293

-0.990*

-0.78

(0.482)

(0.578)

(0.655)

196

196

196

Vote

Q&As

Hard
supporting documents
Info.
Control

Age
Male

Observations

Dependent variable is the likelihood of default
(1=Repaid on Time, 0=Default).
The values in parentheses are standard errors.
All tests are two-tailed with * = 10%, ** = 5%, and *** = 1% significance.

We find the leaderboard information does not significantly affect the
number of days overdue consistently. As shown in the results in the Table 12,
vote and Q&As are statistically significant here as well.
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Table 13. Results for Leaderboard Effect on the Number of Days
Overdue

days on the leaderboard

leaderboard dummy

Terms

(1)

(2)

(3)

1.146

-0.966

0.88

(1.389)

(0.143)

(1.128)

-18.66

-4.864

-13.46

(16.06)

(13.64)

(12.91)

-7.45E-06

-1.60e-05***

(6.36E-06)

(5.88E-06)

-0.96

-0.613

(1.011)

(0.82)

-0.714

-2.846

(3.615)

(2.889)

requested amount

repayment period

Interest
Soft

replies

on

Info.

bulletin board
comments

on

the

the

bulletin board

0.0348

0.0349

(0.0444)

(0.0386)

-0.223**

-0.146

(0.103)

(0.0949)

-1.152***

-0.673**

(0.318)

(0.309)

0.215***

0.263***

(0.0322)

(0.033)

Vote

Q&As
Hard

supporting

1.969

4.017**

Info.

documents

(1.962)

( 1.871)

Control

Age

Yes

Yes

Yes
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-5.599

2.02

-0.997

(6.548)

(5.613)

(5.26)

199

199

199

Male
Observations

Dependent variable is the number of days overdue for financed requests.
The values in parentheses are standard errors.
All tests are two-tailed with * = 10%, ** = 5%, and *** = 1% significance.
82 left-censored observations at delay_day<=0, 89
uncensored
observations, 28 right-censored observations at delay_day>=61

5. Robustness Checks
We have a Heckman model to investigate the likelihood of being financed
and the loan performance for being on the leaderboard influenced by the hard
and soft information relative to their counterfactuals controlling for potential
endogeneity. At first stage we identify if being on the leaderboard is influenced
by the hard and soft information. The second stage then examines the effects of
the independent variables on the outcome (the number of delay days for loan
performance). Each stage has a residual for each observation, or a set of
unknowns for each observation. To test for bias, we examine the relationship
between the residuals for the two stages (stage 1 and stage 2). If the
unobservables in the selection model are correlated with the unobservables in
the stage 2 model, we have biased estimates without correction. Since the
requests are likely to attract bids to be on the leaderboard, we incorporate the
selection process by including a Heckman correction term in the being financed
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and load performance equation. The resulting selection equation enables us to
identify the leaderboard effects in P2P lending.
We fit the model with the equation

Delay day = β0 + β1 Soft Info. + β2 Ex Ante Hard Info. + β3 Control + u1

(5)

and we assumed that loan performance is observed if

Leaderboard dummy = β0 + β1 Soft Info. + β2 Ex Post Hard Info. + β3 Control +
u2 > 0

where u1 and u2 have correlation with ρ.

We report results for the equations for being financed and loan
performance in the Table 13.
Table 14. Results for Heckman Selection Model
Heckman
Dependent Variable
days on the leaderboard

leaderboard dummy

2nd stage OLS

1st stage OLS

delay_day

select

delay_day

total_bids

0.206

-0.115

0.175

8.552***

(0.658)

(0.143)

(0.682)

(0.658)

-5.552

1.731

-5.66

28.94***

(7.342)

(1.431)

(7.609)

(3.449)
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Soft Info.

-0.00593

-0.00223

-0.00567

0.0474***

(0.010)

(0.006)

(0.011)

(0.014)

0.0241***

0.0918***

0.0247***

0.0774***

(0.005)

(0.020)

(0.005)

(0.008)

ofreply

lendqna
-0.273

-0.22

(0.176)

(0.180)

vote
Terms

Interest
(requested)
Interest

(3.673)

(0.548)
-1.712

finally)

(1.610)

(1.660)

repayment

-0.124

-0.408***

-0.265

0.0408

period

(0.439)

(0.105)

(0.451)

(0.207)

amount
Control

0.639

-1.479

requested

age

(set

0.738

-3.67E-06

-2.74E-06

(0.000)

(0.000)

Yes

Yes

Yes

Yes

-0.145

1.285*

-0.391

1.812

(2.969)

(0.688)

(3.077)

(2.160)

male
Total number of bids

0.0472***
(0.015)

athrho

-0.726*
(0.395)

lnsigma

2.962***
(0.050)
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Observations

903

903

R-squared

199

903

0.174

0.603

Dependent variable is the number of days overdue for financed requests.
The values in parentheses are standard errors.
All tests are two-tailed with * = 10%, ** = 5%, and *** = 1% significance.

Our results show that the leaderboard information works ex ante in
attracting additional bids to get loan requests successfully financed. The value of
rho is negative, which indicates that unobservable variables are negatively
correlated with one another. Thus, in our model, the characteristics of the
requests are unobserved and positively related to the number of bids, but are
negatively related to the number of delay days. These results are in line with
rational herding in P2P lending (Zhang and Liu, 2012). However, leaderboard
effects do not work ex post in improving the performance so that it has less
potential for default.
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6. Conclusions and Discussions
In this study, we have attempted to analyze empirically the impacts of
leaderboard information which is presented on the front webpage. Such analyses
are done in the context of P2P lending, which provides a number of investment
choices available to potential lenders as well as ranking chart information that
illustrates which funding requests are getting comparatively more bids. While
the P2P lending market represents an extreme case of information overload in
which only a limited amount of information regarding borrowers can be seen,
information about others’ participation in bidding could influence subsequent
lenders’ decisions. By analyzing the panel and cross section data, we show that
the lenders’ choice of bids is influenced by a funding request’s entry on the
leaderboard. The findings are consistent with observational learning that show
that individuals are very much influenced by the information inferred from
others’ behavior in an online market. In P2P lending, the bids of lenders rely on
the information provided by the intermediary. However, following the analysis
undertaken in this study, it has been found that longer exposure on the
leaderboard does not necessarily correlate to the likelihood of default.
Screening mechanism for bad borrowers is one of the most important
characteristics of P2P lending. However, it is observed in this case that rational
screening such as the wisdom of crowds in the P2P lending market does not
work properly when the leaderboard forces bidders to obtain certain
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information regarding requests. Instead, a type of irrational herding caused by
given information occurs as a signaling effect. While the analysis in this study
focuses mainly on lenders’ participation in bids for funding requests by potential
borrowers, the results from the analysis have implications for e-commerce
intermediaries, as well. It is recommended that an intermediary should manage
the ranking information and review the feasibility of underwriting to verify loan
requests to the extent possible by providing lenders with a sense of assurance, as
well as with an anti-fraud index. Effective underwriting is hard to realize,
requires a large input of labor, and is thus consequently expensive. As such,
providing underwriting information on a P2P lending site will act as a ‘double
edged sword,’ both securing asset stability while at the same time not allowing
the customer base to grow within a short amount of time. As Venkatesan et al.
(2007) show, market characteristics should be considered together with retailer
characteristics for the better performances of online markets. From the
perspective of this research, an intermediary may well provide the underwriting
information about requests that are on the leaderboard.
In light of the results of this study, there are many areas which can be
improved upon in future studies. Future studies should extend to a more
thorough analysis of the effect of ranks within the leaderboard and any
comments posted along with the requests, as well as those on the community
bulletin board. Herding resulting from informational cascades is rational in that
decision makers integrate antecedents’ actions into their own decisions (Duan et
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al., 2009). The development of a measurement apparatus for non-rational
herding should be a suitable topic for further exploration in later studies.
Furthermore, exploring exogenous changes such as requests’ moving out from
the leaderboard will help identifying the leaderboard effects clearly.
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APPENDIX A. Description of Variables
Variable

Description

Bids

Number of bids for the request i on a day t
Past value of dependent variables’ difference in System

L.Bids

GMM
Δyit-1=yit-1 -yit-2
Binary variable to show if the request is on the

Leaderboard dummy

leaderboard on the (t- n)th day (on the leaderboard =1,
else =0)
Binary dummy variable that shows if the day t is weekend

Weekend dummy
(weekend =1, else =0)
Binary variable that shows if the total amount offered by
Financed

lenders is bigger than the requested amount of request i
(yes =1, no =0)

Days

in

the
The number of days request i is on the leaderboard

leaderboard
Requested amount

The total amount requested by borrower

Repayment period

Repayment Period for request i (Month)
Maximum interest rate of request i offered by borrower

Interest
(%)
Replies on the bulletin

The number of the replies of the request i’s borrower on
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board
Comments

the community bulletin board
on

bulletin board

the

The number of the comments by the request i’s borrower
on the community bulletin board
Averaged binary ratings for request i by the members

Vote
(Points/100)
Supporting
The number of certified documents for borrower
documents
Age

Age of borrower

Male

Dummy variable for sex of borrower (Male =1, Female=0)
Binary variable that shows whether the loan of request i is

Loan Performance

in situations of default and loss (Timely repayment=1,
Otherwise=0)

Q&As

The number of Q&As for request i
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APPENDIX B. Moderating Effects of Time Invariant
Variables

L.Percent_Needed
L.total_bids
L.Total Amount
Amount dummy 2*
L.Total Amount
Amount dummy 3*
L.Total Amount

(1)
1.103e+06***
(102,117)
15,366***
(848.800)
-0.685
(0.961)
-0.0868**
(0.044)
0.188***
(0.058)

Amount dummy 2*
L.Total Bids
Amount dummy 3*
L.Total Bids
Lag Total Bids X
Borrower Rate
Lag Total Bids X
Percent Needed
Lag Total Amount
X Lag Total Bids
nth_day
Weekday
Observations
R-squared
Number of listings

0.0697**
(0.032)
-2.323***
(0.040)
-0.0123***
(0.000)
15,764***
(1,854.000)
4,780***
(1,565.000)
3,160
0.781
662

(2)
17.17***
(4.151)
0.443***
(0.046)

(3)
-0.134
(0.143)
0.00427**
(0.002)

-0.105***
(0.032)
(0.037)
(0.044)
3.26e-06**
(0.000)
-7.71e-05***
(0.000)
-3.77e-07***
(0.000)
0.474***
(0.077)
0.245***
(0.065)
3,160
0.760
662

-0.00451***
(0.001)
-0.00706***
(0.001)
9.02e-08**
(0.000)
-3.28e-06***
(0.000)
-1.20e-08***
(0.000)
0.200***
(0.006)
0.0351***
(0.004)
3,031
533

Notes. The dependent variable for (1) is the amount and the number of bids that
a request attracts during a day. The dependent variable for (2) and (3) is the
number of bids that a request attracts during a day. Amount dummy 2
represents a dummy variable for the amount between 1,500,001 KRW to 2,500,
000=2 and Amount dummy 3 represents a dummy variable for the amount
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greater than 2500001. Standard errors are reported in parentheses under
parameter estimates. *p <0.1; **p <0. 05; ***p <0.01

(2)
15.58***
(4.466)
0.425***
(0.050)

(3)
(0.145)
(0.149)
0.00398**
(0.002)

Amount dummy 2*
L.Total Bids

0.045
(0.049)

0.001
(0.002)

Amount dummy 3*
L.Total Bids

-0.0892**

-0.00433***

(0.036)
(0.038)
(0.140)
(0.015)
(0.049)
3.25e-06**
(0.000)
-7.70e-05***
(0.000)
-3.75e-07***
(0.000)
0.467***
(0.077)
0.245***

(0.001)
-0.0307**
(0.013)
-0.00690***
(0.002)
9.05e-08**
(0.000)
-3.27e-06***
(0.000)
-1.20e-08***
(0.000)
0.201***
(0.006)
0.0353***

L.Percent_Needed
L.total_bids
L.Total Amount
Amount dummy 2*
L.Total Amount
Amount dummy 3*
L.Total Amount
Amount dummy 4*
L.Total Amount
Amount dummy 5*
L.Total Amount

(1)
1.080e+06***
(111,038)
15,396***
(849.900)
(0.700)
(0.961)
0.018
(0.067)
-0.077
(0.051)
0.192
(0.160)
0.204***
(0.067)

Amount dummy 4*
L.Total Bids
Amount dummy 5*
L.Total Bids
Lag Total Bids
X Borrower Rate
Lag Total Bids
X Percent Needed
Lag Total Amount
X Lag Total Bids
nth_day
weekday

0.0694**
(0.032)
-2.325***
(0.040)
-0.0122***
(0.000)
15,505***
(1,860.000)
4,701***
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Observations
R-squared

(1,565.000)
3,160
0.781

(0.065)
3,160
0.760

(0.004)
3,031

Number of listings

662

662

533

Notes. The dependent variable for (1) is the amount and the number of bids that
a request attracts during a day. The dependent variable for (2) and (3) is the
number of bids that a request attracts during a day. Amount dummy 2, 3, 4 and
5 represent dummy variables for the amount between 1,000,001 KRW to
1,500,000 KRW, between 1,500,001 KRW to 2,000,000 KRW, between
2,000,001 KRW to 2,500,000 KRW and greater than 2,500,001 KRW
respectively. Standard errors are reported in parentheses under parameter
estimates.
*p <0.1; **p <0. 05; ***p <0.01
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APPENDIX C. The Leaderboard at the Front Webpage of
Popfunding.com
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1

-0.1769

-0.0632

0.2691

0.0304

0.0815

0.1187

0.437

0.0244

The # of bids

The # of delay
days

Leaderboard
dummy

days on the
leaderboard

The # of
previous tries

replies

Q&As

vote

Interest

The # of
bids

-0.1175

-0.1822

0.2879

-0.1019

0.0707

-0.0252

-0.0208

1

The # of
delay
days

0.0314

-0.0057

0.0142

0.0348

0.0542

0.3756

1

Leaderbo
ard
dummy

0.1668

-0.0489

0.0858

-0.0176

-0.0811

1

days on
the
leaderbo
ard

0.0167

-0.0776

-0.0358

0.0188

1

The # of
previous
tries

APPENDIX D. Correlation Table

0.0631

0.1509

-0.0032

1

Replies

0.08

0.0393

1

Q&As

0.0928

1

vote

1

Interest

repayme
nt period

requeste
d amount
age

male
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0.4635

0.6871

0.2517

-0.0033

repayment
period

requested
amount

age

male

-0.065

-0.1684

-0.1996

-0.1762

-0.0407

-0.1386

-0.036

-0.0453

-0.0987

-0.0086

0.2759

0.1625

0.136

0.0495

0.016

-0.0172

0.0216

-0.0187

0.2522

0.313

-0.1032

-0.0913

0.1226

0.0882

0.1691

0.1479

0.43

0.2968

0.0091

0.0794

0.3611

0.2358

-0.0989

0.14

0.7363

1

-0.0228

0.2037

1

0.2684

1

1

초 록
정보불균형 온라인 시장에 대한 연구
: P2P 대부시장의 허딩과 리더보드 효과에
대한 실증분석

전 성 민
서울대학교 대학원
경영학과 경영학 전공
P2P (Peer to Peer) 대부 시장의 출현으로 말미암아 개인은 인터넷
상에서

다른

대부시장에서

개인들로부터
투자자들은

대출을

받을

수

대부자에

대한

정보를

제한적이어서 정보 불균형 문제가 발생한다.

있게

되었다.

P2P

획득하는

데에

이 문제는 경영정보

연구의 주요한 연구 주제로 주목 받고 있다. 경매방식으로 진행되는
대부신청에

대해

P2P

대부시장의

중개자는

일반적으로

현재의

참가현황 정보를 제공함으로써, 추가적인 투자자의 참여를 이끌어
내려 한다. 따라서, 투자자는 다른 투자자들의 행동에 영향을 받을
가능성이

높다.

기존

연구

문헌에

기초한

분류에

따르면,

다른

투자자들의 의사결정에 따라 검토 없이 투자하는 것을 비합리적
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허딩이라 하고, 관찰학습에 기초하여 투자하는 것을 합리적 허딩이라
한다.
본

연구의

1장에서는

Popfunding.com으로부터
대부시장의

투자자들에게

국내에서

실거래
허딩

가장

내역

패널

행태가

큰

대부시장인

P2P

데이터를

존재하는지,

받아
또

P2P

허딩이

존재한다면 합리적 허딩인지 비합리적 허딩인지를 실증 분석 하였다.
분석 결과, 기존 연구에서 얻은 결과와 같이 투자자들 사이에서
허딩이 존재하는 것을 확인하였으나, Zhang and Liu (2012)의 연구
결과와는 달리, 합리적 허딩의 결과는 명확하지 않았는데 대부금액의
조절효과는 유의미하였으나 이자율의 조절효과는 일관적이지 않았다.
이는 Popfunding.com의 정보제공 수준과 투자자들의 다른 행태에
기인한다고 볼 수 있는데, 특히, 대부시장의 중개자가 어떤 정보를
제공하는가에 많은 영향을 받는다고 할 수 있다.
대부시장의 중개자가 제공하는 정보 중, 인기 있는 경매에 대한
정보를 제공하는 리더보드 정보는 웹사이트의 첫 페이지에 제공되어
투자자들이 경매에 대한 평가를 하는 데에 중요한 역할을 하게 된다.
이는

마치

전자상거래

사이트에서

판매량이

높은

상품

목록을

제시하는 것과 같다. 본 연구 2장에서는 이런 리더보드 정보가
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투자자들에게 미치는 영향을 분석하였다. 분석은 경매가 이루어져
대부를 받게 되는지 여부와 대부가 이루어진 후 상환이 기한 내에
이루어지는지를 검토하였다.
분석 결과, 리더보드 정보는 사전적으로 대부를 받게 되는 데에는
효과적이나 사후적으로 상환이 기한 내에 이루어지는 데에는 효과가
없는 것으로 확인되었다.

주요어 : 허딩, 관찰학습, P2P 대부, 온라인 시장, 정보불균형, 실증분석, 대중
의 지혜
학번 : 2009-30884
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