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How Lending Experience and Borrower Credit Influences Rational Herding Behavior in
Peer-to-Peer Microloan Platform Markets

Abstract

This paper analyzes the herding behavior that characterizes lenders’ lending decisions on a microloan
platform and explains how rational herding behavior can resolve the information-asymmetry problem,
which is a well-known reason for the failure of online microloan platforms. Using a set of panel data on
individual lending decisions acquired from Paipaidai.com (PPDai), an online microloan platform, we
examine the influence of the lending decisions of prominent, experienced lenders on novice lenders to
identify rational herding behavior. Our empirical analysis demonstrates that rational herding behavior can
in fact efficiently reduce lender loss from borrower defaults caused by limited information. Although it is
typically assumed that herding behavior is irrational, we find that it can be rational in this context and can
thus shed light on why PPDai has succeeded while most other microloan platforms have failed. Accordingly,
we make three key contributions: (1) we use heterogeneous herding effects to empirically determine
whether lenders’ herding behavior on PPDai is rational based on observational learning; (2) we investigate
the moderating effect of borrower credit and novice-lender experience on herding, and we leverage this
heterogeneity in lender experience to better explain loan results; and (3) because PPDai publicly provides
potential lenders with a transparent credit score—in contrast to platforms like Prosper.com, which leverage
hidden proprietary credit information from Experian—we further analyze the credit composition of
prominent lenders to better understand the crucial determinants of rational herding. In fact, our follow-up
survival simulations indicate that without rational herding, the total number of successful PPDai loans
would have decreased by around 46% during the study period—a finding that further underlines the crucial
influence of rational herding and the unique contextual factors of PPDai that have fostered it.
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Introduction

Peer-to-peer (P2P) lending is the practice of loaning money to people through online platforms that provide
services for matching lenders and borrowers [32, 68, 109]. Usually, P2P lending involves small transaction
amounts (also known as microloans), and the online platforms involved disintermediate traditional financial
institutions and do not require the borrowers to provide collateral; thus, most P2P loans are unsecured
microloans. Several researchers have maintained that P2P lending will be one of the coming decade’s most
valuable innovations in financial services [32, 95]. Conversely, the anonymity of the borrowers and the
unsecured nature of microloans increase the risk of default [88] and give rise to the problems of information
asymmetry and moral hazard [27, 65, 81, 104].

Online platforms can lower the risk of default, mitigate the problem of information asymmetry—
consequently alleviating adverse selection and moral hazard issues—and increase transaction volume by
providing lenders with useful information about borrowers, such as their credit scores or records of their
past transactions on the focal platform [46, 48]. For example, Prosper.com, the first US-based microloan
platform, provides lenders with potential borrowers’ credit-grade categories [29], which the platform
generates using credit scores provided by Experian, an American—Irish multinational consumer-credit
reporting company. However, such a credit system works poorly for P2P lending when consumers’ credit
information is unavailable or inaccessible [2, 46], which is common in many developing countries,
including China, or when most of the borrowers of such unsecured microloans are first-time borrowers who
have no transaction records. Thus, one of the reasons behind the rise of microloan platforms in developing
countries could be the well-designed credit systems many of these platforms provide.

Arguably the strongest explanation for what lenders do in these situations was theorized by
Bikhchandani et al. [10, 11] and Banerjee [6], who provided compelling evidence that in a sequential
decision-making process—when decision-makers can combine their private information signals with those
of prior decision-makers (i.e., lenders)—their decisions will follow those of the better-informed decision-
makers, thus creating herding behavior. Herding behavior is a natural phenomenon in which animals or

humans act collectively but without formal or centralized coordination, and it is pervasive in market and



economic contexts [e.g., 6] and even in software adoption [110]. Substantial empirical research has
established that herding behavior plays an important role in online P2P lending transactions [e.g., 9, 41, 46,
61, 68, 89, 106, 109]. These studies have suggested that lenders acquire information by observing the
actions of individuals who preceded them in the lending process. Lenders are inclined to follow the crowd
when making decisions because they believe a large number of preceding decisions to fund a loan request
may reflect the collective wisdom regarding the borrower’s trustworthiness.

Such herding behaviors have been empirically observed in P2P lending platforms (e.g., Prosper.com,
Pop Funding) in US and other Western markets [e.g., 9, 41, 58, 61, 74, 89, 106, 109]. However, the extant
research has not addressed three important research opportunities, on which we focus our research: First,
as Kim and Viswanathan [56] suggested, these studies do not shed light on the heterogeneous herding
effects of different types of lenders on crowds. These effects have crucial research and practice implications.
In terms of research, heterogeneous herding effects can be leveraged to determine whether lenders’ herding
behavior is rational: if a crowd herds on experienced lenders rather than inexperienced lenders, it is likely
that the crowd has conducted observational learning before engaging in herding, which Zhang and Liu [109]
defined as rational herding behavior. In practice, this heterogeneity can prompt microloan platform
managers to design listing features that enable borrowers to provide information to the most influential
lenders. Although recent studies have proposed theoretical frameworks with which to identify strategies or
mechanism designs that would best promote the success of loan listings [7, 17, 28, 45], research has
provided scant empirical evidence of the existence and strength of the effects of such platform-designed
features on lenders’ contribution behavior [103].

Second, few studies have examined the influence of the platform-supplied information and
heterogeneity of lender expertise on herding behavior, with a few recent exceptions [e.g., 102, 103].
Because most of the literature has used cross-sectional variations to investigate the effects of herding
behavior or platform-designed features on the success of lending or investment [e.g., 80], it is difficult to
identify the influence of platform-designed features and herding and the moderating effects of lender
expertise on herding. Moreover, the literature has provided mixed empirical evidence concerning the effects
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of platform-designed attributes on herding. For example, Jiang et al. [48] found no discrepancies in herding
effects between listings assigned high-risk credit grades and those assigned low-risk grades, whereas Xiao
et al. [103] suggested that the information dynamically disclosed through communicative messages after
fundraising starts has a moderating effect on backer herding. This conflicting evidence indicates that further
research is needed to examine the moderating effects of platform-designed attributes on herding.

Third, even fewer studies have investigated specific drivers of herding in P2P platform markets—and
most of this research has focused on US and other Western P2P lending markets, with a few notable
exceptions [46, 68, 109]. Although the US leads in overall market size of P2P lending, with Europe as a
close second, the Asia-Pacific region has the fastest-growing P2P lending market, and at one point China
was expected to take a dominant position and to quickly rival the US in market size [13]. The mysteriously
rapid growth of the microloan market in China presents a conundrum: how could the market take off so
quickly when a centralized credit system was unavailable? Crucially, leveraging empirical observations of
this market provides us with an opportunity to identify the drivers of herding and its success. Examining
herding behaviors at the macro level across 127 P2P lending markets in China, Jiang et al. [46] provided
evidence that rational herding plays an important role in this industry; however, they did not discuss the
lack of a centralized credit system, an issue our study uniquely addresses.

To contribute to this research stream, we investigate the phenomenon of herding behavior on
Paipaidai.com (PPDai), the largest and most successful P2P platform in China, by examining the practices
of PPDai before the P2P loan market was dramatically re-regulated in response to the 2018 crisis (see §2.1
for details). This context is crucial not just because of the market size but because few P2P herding studies
have examined herding in the context of emerging markets. We analyze herding from three perspectives.
First, we distinguish prominent lenders from novice lenders and focus on the former’s role in determining
a follower’s lending behavior. Prominent lenders have accumulated rich experience from their previous
loans and thus may be better at judging the potential risks of proposed microloans. By contrast, novice
lenders have yet to acquire substantial loan experience. These inexperienced lenders can observe and follow
the loan decisions of the prominent lenders—if they believe the prominent lenders have better information
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about a loan than they do. Thus, novice lenders may herd on a loan listing when they observe prominent
lenders entering the listing. This unique context and data allow us to address three research opportunities
in the P2P herding literature, as follows.

First, following Zhang and Liu [109], we use heterogeneous herding effects to empirically determine
whether lenders’ herding behavior on PPDai is rational based on observational learning. Simonsohn and
Ariely [92] suggested that the basis of rational herding is observers’ ability to make unbiased inferences
from the decisions they observe, whereas other studies have defined rational herding in terms of inputs from
decision-makers without considering the effects of herding. We propose that such herding behaviors are
rational in this setting because novice lenders must engage in active, observational learning to identify
prominent lenders [109].

To test this proposition, we leverage the performance of loan listings to test the rationality of novice
lenders’ herding on prominent lenders. A unique feature of our data is that the performance of the successful
transactions is retrieved after the repayment is completed. Analyzing the performance of different kinds of
loans enables us to compare the default rates and overall loan returns with different kinds of prominent-
lender participation. We use the summary statistics from the performance data to justify our claim that the
herding behavior of these lenders was indeed rational and thus effective in decreasing information
asymmetry and buoying PPDai’s microloan platform at a time when the market was fraught with
information asymmetry.

Second, we empirically address the open question concerning the moderating effects of platform-
designed attributes on herding by investigating the moderating effect of borrower credit and novice-lender
experience on herding, and we leverage the heterogeneity of novice-lender experience to further explain
loan performance. Zhang and Liu [109] suggested that listing features will accentuate the herding effect if
herding is rational. Similarly, borrowers’ borrowing credit (BBC) may indicate the riskiness of the listings
(where a lower value indicates greater loan risk)—thus serving as an instrument for identifying rational
herding behavior. By contrast, lending experience may moderate or reinforce herding, depending on the
type of herding. The platform provides information of borrowers, who initiate the loan listings, and the
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lenders, who commit lending amount. The lenders’ dynamic lending commitments are observable for each
loan listing over our sample period. This unique data set with lending information at the individual
commitment level enables us to identify the heterogenous herding behavior, which is moderated by lenders’
and borrowers’ experience.

Third, we further analyze the credit composition of prominent lenders to better understand the crucial
determinants of rational herding. Importantly, PPDai has always provided potential lenders with this
detailed information rather than masking credit details into a proprietary, score-based system, as some
leading microloan platforms did (e.g., Prosper.com). This gave us the opportunity to investigate the
influence of various kinds of credit information on microloans. We surmise that prominent lenders can
accumulate credit through more channels than can novice lenders, an advantage that would give prominent
lenders a stronger ability to identify the degree of a loan listing’s risk. By decomposing prominent-lender
credit into distinct categories and examining the contribution of each category to novice-lender loan
decisions, we identify the theoretical drivers of rational herding in P2P microloan platform markets.

Our study contributes to the understanding of why and how the P2P lending market differs other
financial markets and how borrower and lender characteristics affect the rational herding effect. In the
PPDai context, the implications are potentially profound, because we conducted follow-up survival
simulations that indicate that without rational herding, the total number of successful PPDai loans would
have decreased by around 46% during the study period. This finding further underlines the crucial influence
of rational herding and the unique contextual factors of PPDai that have fostered it.

Background
The P2P Industry in China

The Asia-Pacific region has the fastest-growing market for P2P loan platforms; China now has the dominant
position and is expected to soon rival the US in market size [13]. The P2P loan platform market has grown
steadily since it emerged in 2007, and its growth peaked at around 6,610 platforms in 2019. However, as
noted above, this industry endured a massive shake-up that came at a great cost.'

Two of this industry’s key challenges have been the irrational behavior of financially unsavvy lenders



and information asymmetry [40, 71]. Around 2013, China’s credit reporting system covered only 60% of
its population, and the system’s information was highly limited; even major financial institutions had
limited access to the system, and lenders had no access [16]. Moreover, few laws governed the creation,
use, and management of credit information at the time [87]. This meant that compared to Western credit
systems, China’s was extremely opaque and provided a weak defense against information asymmetry.

The Chinese market recently experienced a major setback in which many platforms failed and billions
of RMB were lost by lenders [40]. In January 2016, there were 3,383 P2P platforms in China collectively
facilitating approximately RMB 130 billion (USD 18.77 billion) in monthly transactions [70], and by the
end of 2018, there were 6,621 platforms facilitating a total of RMB 8.03 trillion (USD 1.26 trillion) [40].
Unfortunately, in 2018 a large number of platforms began to default, peaking at 163 in July [70]. Between
2011 and 2018, over 84% of Chinese P2P lending platforms had failed [40], and approximately 700,000
small lenders lost a total of about RMB 120 billion (USD 18.77 billion) [71]. Although the recent turmoil
could be attributed in part to the unsecured nature of P2P lending [47], information asymmetry is a crucial
reason for the crisis. To address this crisis, the Chinese government imposed more regulations on the P2P
lending market—causing the microloan platforms themselves to become small-loan providers—because
the market had been undermined by scams, unscrupulous operators, the irrational behavior of financially
unsavvy lenders, and information asymmetry [40, 71].

A few platforms survived this period of tremendous turmoil, and their survival underscores the more
effective operations and practices they engaged in when this market was less regulated. In a study of P2P-
loan-platform survival in China, He and Li [40] demonstrated that large platforms, those that were publicly
listed, and those with better information disclosure, which mitigates information asymmetry, were much
less likely to go bankrupt or to experience “run off,” that is, the absconding of platform owners with lender
funds. Notably, PPDai, which is known for its good management, innovative information disclosure, and
unique credit system, was excellent at reducing information asymmetry and thus was able to continue to

operate, adapt successfully to the new regulatory environment, and grow its business.



The Emergence of PPDai and How It Reduced Information Asymmetry
The PPDai platform, which launched in June 2007, was the first P2P platform in China to offer unsecured

loans.” As of April 14, 2022, the platform had over 135 million cumulative registered users, had facilitated
over 63 million loans, and had a total transaction volume of around RMB 191.8 billion.> PPDai is both
large and publicly listed, and its innovative processes and credit- and borrower-evaluation schemes have
allowed the firm to greatly reduce information asymmetry.

The Process of and Rules for Lending on PPDai

On PPDai, borrowers initiate loan transactions and post offers; they specify the size, interest rate, and
duration of the loans, which vary across loan listings. This information about loan characteristics enables
us to investigate the influence of various kinds of credit information on microloans. Lenders are free to
review the offers and the borrowers’ credit information (see the next section) and to indicate their loan
amount subsequently. PPDai adopted a transaction model similar to that of Prosper.com, where lenders
simply need to “lend” an amount before the funding-target amount is reached,* which guarantees that
lenders will have the opportunity to provide loans to borrowers on a first-come, first-served basis. The
minimum lending amount is RMB 50, and the maximum lending amount is the target amount. PPDai
updates the lending process when new lenders enter, which makes the ongoing changes in lending
information publicly available. If the total amount cannot be met by the due date, a borrower’s offer fails.
If a deal is set but the borrower defaults at the due date, PPDai will send out its debt-collecting team to
collect the overdue debt. Its rate of debt-collection success is around 85%.

PPDai sets limits on loan sizes, interest rates, and terms. According to its rules, the minimum and
maximum loan sizes are RMB 3,000 (USD 470) and RMB 1,000,000 (USD 156,000), respectively; the
interest rates must be in the range of 6%—24%; and the loan terms must be 3, 6, 9, 12, 18, or 24 months. A
borrower who successfully obtains a loan must make monthly repayments to the lender before the loan’s
due date. If a payment is overdue, the borrower will be charged a late fee and penalized with a credit
reduction. Borrowers pay two types of fees to the platform, the administrative fee and service commission,

whereas lenders are exempt from fees. The administrative fee is 0.3% of the loan size, and the amount of
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the service commission is based on a borrower’s credit grade.

PPDai’s Unique Credit-Evaluation Scheme

Because it is difficult to obtain “hard” information about borrowers in this context, PPDai uses several
sources of “soft” information about borrowers to help lenders make sound decisions [cf.. 104] and avoid
making bad loans, thus reducing default risk. All potential borrowers must submit to PPDai’s unique credit-
approval process, which requires a plethora of soft information, such as diplomas, images of borrowers’ ID
cards, and cell phone numbers. Because borrowers have successful and unsuccessful loans on PPDai, this
information is tracked and integrated as part of the credit assessment. Based on its credit-assessment scheme,
PPDai calculates a credit rating for each borrower and shows each borrower’s PPDai loan history, which
potential lenders can access.

Table 1 details PPDai’s credit-evaluation scheme, which uses an awards approach to provide clear
incentives and disincentives for desired and undesired behaviors, respectively. Borrowers can earn credit
points in three ways. First, they can earn them by providing credit information for verification. For example,
borrowers who upload their scanned ID card to the platform earn 10 points once their ID is verified, and
they earn another 3 points for linking their debit account to the platform and making a successful wire
transfer. Second, they earn credit points by inviting friends to the platform; for every friend they invite,
borrowers receive 5 points. Third, borrowers earn credit points by successfully paying back loans and are
penalized with significant credit-point reductions for each overdue payment.

Table 1. Credit-Evaluation Scheme for Borrowers

Category Items Points
Verification Verified ID card 10
awards Video verification: a video clip showing the borrower holding their ID card. Brief 10

self-introduction is a bonus.
Verified college (same as “high school”) or university diploma
Verified cellphone number 10
Verified debit account number
Referral awards  Each invited friend who signs up with Ppdai.com
Transaction Each fully paid loan 1
awards Each overdue payment (over 15 days) -2

PPDai’s Unique Lender-Evaluation Scheme

To improve information transparency by leveraging soft information, PPDai has also developed a scheme
for evaluating its lenders. Like the credit-evaluation scheme, it is an awards-based system designed to
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encourage desired and discourage undesired behaviors. Table 2 summarizes the lender-evaluation scheme.
Lenders can earn points in two ways. First, like borrowers, lenders earn points by providing documents
verifying their soft information. Second, lenders earn points for each of their successful lending transactions.

Table 2. Lender-Evaluation Scheme

Category Items Points
Verified ID card 10
Verification Video verification: a video clip showing the borrower holding their ID card. Brief 10
awards self-introduction is a bonus.
Verified college (same as “ high school”) or university diploma 5
Verified cellphone number 10
Verified debit account number 3
Transaction Each successful lending 2
awards Each completed loan with full repayment of both principal and interest 2
Each repayment of principal or interests. 2
Each overdue loan -10
Herding

Prior research has examined the influence of widely observed herding behaviors on P2P loan transactions.
Zhang and Liu [109] suggested that herding is critical to P2P loans because each potential lender can
observe the amount of funds provided to a borrower and therefore infer that borrower’s creditworthiness,
which contributes to successful transactions. Herzenstein et al. [41] found that lenders engage in strategic
herding behavior and that such behavior benefits the lenders. Appendix A Table A1 summarizes several
other studies that have documented herding behaviors on P2P lending platforms.

To explain these herding behaviors, the naive theory posits that consumers (in our context, lenders)
make inferences to address their knowledge gaps when asymmetry of information prevails. In such
scenarios, customers make decisions based on inferential information [24, 55]. This theory may shed light
on herding behaviors on P2P platforms. According to the concept of procedural rationality, herding based
on “appropriate deliberation” is a time-saving decision heuristic and a cognitive strategy for reducing
transaction costs [5, 90].

Rationality in Herding

Neoclassical economics theory was developed on the basic postulate of optimization [12, 15, 35, 93].
According to this theory, rational lenders with insufficient information will herd because they believe others

have more information and that herding could maximize their utility. Simonsohn and Ariely [92] suggested
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that the basis of rational herding is the ability of observers to make unbiased inferences from the decisions
they observe. However, people can be irrational [33, 44, 75]. Simonsohn and Ariely [92] suggested that
irrational herding occurs when consumers (in our context, lenders) simply mimic others without rationally
processing their observations of others’ decisions. Thus, such inferences may turn out to be unjustified, and
the resulting herding behavior may be irrational.

However, rational herding can result from observational learning [6]. Extending these concepts to the
P2P microloan market, Zhang and Liu [109] proposed that the foundation of rational herding is
observational learning. Zhang and Liu [109] proposed and empirically supported that under the premise of
observational learning, each lender may receive a private signal of a borrower’s creditworthiness by
analyzing the listing information based on their personal experience and interaction with borrowers. Thus,
lenders can maximize their utility through rational herding and observational learning. More recently, Jiang
et al. [46] provided strong evidence that herding at the macro level—i.e., when lenders are choosing a P2P
lending platform—is rational.

Lending Experience and Lending Behavior

Lender experience also plays a critical role in loan decision-making. For example, prominent lenders can
better leverage relevant information to avoid loan fraud [36]. Theoretically, the critical role of experience
has both economic (i.e., rational) and psychological foundations. Psychology research [51, 54, 94] has
shown that a decision-maker’s retrospective evaluations of past episodes affect their choices; however,
systematic errors may occur in retrospective evaluations, thus leading the decision-maker to choose inferior
options. Economic research has predicted that as an individual’s market experience increases, their behavior
will converge to the prediction of neoclassical economics theory prediction [38, 66]. In the context of
financial decision-making, novice lenders are more skeptical of financial information and more willing to
adopt passive methods of selecting financial options [42]. Because prominent lenders have had more
opportunities to learn from experience, they are less likely to respond to irrelevant information, thus
enhancing their decision accuracy [30, 76].

Previous research has investigated the effects of experience on online lending. Ward and Clark [101]
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suggested that experience helps lenders recognize the true value of the target. Zeithammer and Adams [107]
found that prominent traders are more likely to behave “rationally” in the sense that their lending behaviors
approximate those predicted by theory. List and Shogren [67] showed that experience helps lenders
comprehend the strategic implications of second-price auctions. Kagel and Richard [50] concluded that in
a first-price common value auction, prominent lenders, in contrast to novice lenders, can on average gain
positive profits at least as good as the Nash equilibrium level.” Kagel [49] suggested that subjects can
improve their lending performance as they accrue experience through repeated participation in English
auctions. Yen and Lu [105] found that prominent lenders’ memory recall gives them more product
information and that they can make more rational decisions by reviewing relevant information about the
product options. In summary, prominent and novice lenders apply different forms of judgment, and this
difference results in varying loan decisions. Prominent lenders are more likely to make sound loan decisions.

Theoretical Model

Our theoretical model highlights the roles of herding in lender decision-making and the moderating effects
of borrower and lender heterogeneity on herding. Our operationalized context focuses on PPDai, which
famously has strong business practices and unique credit- and user-evaluation schemes designed to reduce
information asymmetry. Figure 1 illustrates the processes and mechanisms of the herding effect in the
context of P2P loan decisions under the condition of information asymmetry. Following previous studies,
we discuss the effects of these factors on loan transactions.

Figure 1. Theoretical Model of the Herding Effect in P2P Microloan Platform Markets

LA: Lending amount

CA: Cummuive amount
I: Irrational herding
R: Rational herding
novice lender 1

Lender

Moderating
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Confirming the Herding Effect in P2P Microloan Platform Markets

When information asymmetry exists between lenders and borrowers, herding arises and affects subsequent
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lending decisions because lenders perceive predecessor participation as a signal of a borrower’s
creditworthiness [61]. The theoretical framework presented in Figure 1 explains the factors that affect
novice lenders’ microloan decisions, including the lending amount (LA), cumulative amount (CA),
prominent-lender behaviors, and herding effects.® At each time point (e.g., time 7)), a novice lender decides
to lend an amount LA; under the condition of information asymmetry. Although novice lenders have little
ability to judge the listing due to limited knowledge, they can refer to signals from predecessor lenders to
make their lending decision [10]. The participation of such predecessors in a loan may signal the loan’s
quality, thus leading to a follower’s herding behavior. Thus, the total of all predecessors’ lending amounts
LA; fort=1, 2, ...T-1, or the cumulative loans at time 7, CA; = Zf;ll LA;, will influence LA; if a
herding effect exists. Moreover, because such lenders simply mimic predecessor decisions without applying
observational learning to the behavior of predecessors, this kind of herding behavior is irrational [109].
Figure 1 represents this type of herding effect with the symbol “(I).”

Crucially, the lending decisions of prominent lenders may generate a rational herding effect. Different
lenders will receive different private information about a borrower’s quality and have different perceptions
of that quality [109]. Because their experience is richer than that of novice lenders, prominent lenders are
more likely to be able to make a better lending decision based on the information they have. Thus, the
participation of such predecessors (i.e., prominent lenders) in a loan may signal the loan’s quality, thus
leading to a follower’s herding behavior. This herding effect helps materialize the loan listing and allows
borrowers to secure larger loans. Because novice lenders have to engage in observational learning to
identify the prominent lenders before herding occurs, this type of herding is rational [109]. Using data
obtained from Prosper.com, Zhang and Liu [109] found that loans with rational herding are less risky than
those without it. Prominent lenders have a better perception of the riskiness of loan listings; thus, loans with
prominent-lender participation should have lower risk, which suggests that following prominent lenders is
rational. In Figure 1, the symbol “(R)” represents rational herding. In contrast to irrational herding
behavior, however, rational herding caused by prominent lenders may generate a structural break in the

lending process. Thus, loans involving prominent lenders may exhibit patterns different from those without
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prominent-lender participation. In turn, such information can thus facilitate the identification of rational
herding. Thus, our first hypothesis is an attempt to replicate and confirm the rational herding effect theorized
by Zhang and Liu [109], but in a new context and with a new dataset:
H1 (Replication). Rational herding: Loans with prominent-lender participation will have lower risk
than those without such participation, generating the rational herding effect, in which the
participation of prominent lenders in a loan increases the novice-lender lending amount and shortens

the time of loan materialization.

Heterogeneity in Borrowers’ Creditworthiness

Because borrowers provide the listings, their characteristics—and especially their credit rating—will
ultimately determine lenders’ lending-amount decisions. Research has shown that the financial
characteristics of a loan listing, including interest rate, loan amount, and loan period, are eventually
determined by the borrower’s credit rating [4, 83, 106]; thus, borrowers’ creditworthiness influences the
listing’s attractiveness.’

Herding occurs due to information asymmetry and indicates lender intentions to use others’ decisions
to infer borrower quality. Thus, when borrowers can signal higher quality, rational herding becomes less
valuable since the lenders can get the quality information from the listing directly. Zhang and Liu [109]
suggested that if lenders are merely imitating the lending decisions of others, they will be less observant
regarding—or even oblivious to—how others have arrived at such decisions; however, if they use
observational learning, their herding will be moderated by the listing or borrower characteristics. Such
observational herding will occur when lenders believe that predecessor lenders who are willing to fund a
high-risk listing or a borrower without a strong credit record must have a certain amount of positive private
information about that listing or borrower. Thus, characteristics of loan listings will attenuate rational
herding. That is, favorable features of the listing or borrower will moderate the herding effect.

To illustrate the moderation effects of the characteristics of loan listings on rational herding, consider
two loans that differ only in terms of borrower credit, similar to the example proposed by Xiao et al. [103]:
the borrower credit of loan A is higher than that of loan B. In the absence of rational herding, loan A is

expected to attract more lenders and higher lending amounts than loan B. However, we observe that after
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prominent lenders lend on both loans, the loan amounts of the loans align. This indicates that the crowd
perceives the prominent lenders’ contributions to loan B as having more informational value and hence
relies more heavily on those signals. Intuitively, the crowd perceives less informational value with
prominent lenders’ lending on loan A, because their decisions could be explained largely by the borrower’s
favorable credit. Regarding loan B, however, the crowd believes that because the borrower’s credit is
unfavorable, the prominent lenders must have some positive private information about the listing or
borrower. Therefore, we expect that the rational herding effects will be larger for loans with more
unfavorable borrower credit, implying that borrower credit attenuates the rational herding effects.

However, it is unlikely that novice lenders will believe that their predecessors with similar lending
experience (i.e., peer predecessors) have better private information than they do; thus, rational herding is
more likely to be rooted in lenders’ belief that there are prominent lenders who have access to more private
information than does the novice lender [56, 68]. Hence, we predict that when we disentangle the influence
of such prominent lenders from that of peer novice lenders, the features of loan listings or borrowers will
only accentuate the direct effect of prominent-lender participation; moreover such features will reinforce
herding on the cumulative amount, because the decision-makers will believe others’ loans are reasonable
only when the listings are less risky (unless a prominent lender is involved). However, both types of
moderating effect indicate that lenders have engaged in observational learning; hence, an interaction
between listing or borrower features and the herding variables (prominent-lender participation and the
cumulative account) empirically indicates rational herding behavior. We thus summarize the expected
moderating effect of borrower heterogeneity on herding as follows:

H2. Moderating effect of borrower heterogeneity: A borrower’s total credit will dampen rational
herding.

Heterogeneity in Lenders’ Lending Experience

The extant literature has offered conflicting claims about the effects of heterogeneity in lending experience
on rational herding. On one hand, Avery and Chevalier [3] proposed that more experienced fund managers

have less incentive to herd than inexperienced managers. This proposition is supported by empirical
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evidence from studies of fund managers [20, 77], security analysts [43], and macroeconomic forecasters
[60]. By contrast, Prendergast and Stole [85] suggested that herding increases with experience. Our study
supports the latter claim.

Following Zhang and Liu [109], we use heterogeneous herding effects to empirically determine whether
lenders’ herding behavior on PPDai is rational based on observational learning. Simonsohn and Ariely [92]
suggested that the basis of rational herding is observers’ ability to make unbiased inferences from the
decisions they observe, whereas other studies have defined rational herding in terms of inputs from
decision-makers without considering the effects of herding. We propose that lenders’ herding behaviors are
rational in our setting because novice lenders must engage in active, observational learning to identify
prominent lenders [109]. Moreover, part of what makes prominent lenders more successful is their ability
to engage in more observational learning than novices. A decision-maker’s experience is a crucial factor of
their engagement in rational decision-making [91] and significantly affects herding behavior, although there
are still both theoretical debates and controversial empirical evidence regarding its effect. Klein and
Militello [57] proposed that prominent individuals develop strong perceptual skills through their experience
and that these skills and experiences allow such individuals to simulate mental models more effectively
than their less experienced counterparts. They can recognize problems and situations based on the
experiential patterns in their memory. They can also concentrate on analytical problem-solving approaches,
engage in mistake monitoring, and identify effective solutions to a problem. Such skills allow prominent
lenders to make better judgements about the performance of loans. Glaser and Weber [34] suggested that
experienced lenders have a more accurate perception of the actual loan return than novice lenders. Thus, as
they become experienced, lenders learn from their mistakes [85] and leverage more observational learning
over time generates less-biased inferences from the decisions they make [92], thus increasing rational
herding, not decreasing it.

We categorize lenders into two types and assume that novice lenders become prominent lenders after
accumulating sufficient experience, which enables them to make independent decisions [18]. Before this
qualitative change occurs, their lending naiveté causes them to follow their predecessors, including
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prominent lenders, in making decisions. As they gain experience, novice lenders gradually learn the
signaling role of the predecessor lenders; as Prendergast and Stole [85] argued, the herding effect therefore
increases with experience. Thus, we propose:

H3. Moderating effect of lender heterogeneity: A lender’s experience will positively influence the
herding effect.

Drivers of Rational Herding

We expect that when rational herding is a driver of lender decisions, prominent lenders with rich experience
in P2P loans will play a vital role in materializing a loan listing, because prominent lenders can more
accurately analyze the signals sent by borrowers and their participation is thus a useful signal of a
borrower’s quality. But what are the drivers of rational herding? Prior research has not addressed this
question fully [e.g., 109].

Lender credit is attributed to counts of lending on materialized listings (CML) and lending with
successful repayment (CSR).* Formally, the CML is defined as the ratio of the counts of lenders’ lending
on materialized listings to the counts of their total lending. Likewise, the CSR is defined as the ratio of the
counts of lenders’ lending on successfully repaid listings to the counts of their total lending; thus, a high
CSR indicates a successful investment. Intuitively, the CSR-based ratio should more accurately indicate
that lender’s ability to participate in less risky loans. Consequently, lenders should herd on high-CSR
lenders, implying a positive correlation between lending with successful repayment and lending amount.
However, lending with successful repayment is conditional on the materialization of a loan listing; thus,
the primary risk of a loan listing is its uncertainty of materialization rather than the uncertainty of repayment,
which is the secondary risk.

To explain the equity premium puzzle, Benartzi and Thaler [8] proposed the theory of myopic loss
aversion. The myopic loss aversion theory combines the theory of loss aversion [52] and the theory of
mental accounting [53, 97], and it posits that people are myopic in evaluating outcomes over time and are
more sensitive to losses than to gains, a phenomenon Haigh and List [38] confirmed from a neoclassical

perspective. The myopic loss aversion theory implies that lenders will pay more attention to lending on
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materialized listings than to lending with successful repayment, because they will immediately incur a time
cost if a listing fails to materialize, whereas the premium from a higher expected return due to a high ratio
of lending with successful repayment will be discounted.

By contrast, empirical evidence suggests that lenders may pay more attention to prominent lenders’
record of lending with successful repayment [31, 47]. Galak et al. [31] documented the fact that lenders
prefer loans with a shorter repayment period because such loans bear lower default risks. Jiang et al. [47]
suggested that the recent turmoil in China’s microloan market is attributable to the unsecured nature of P2P
lending, that is, its repayment risks. Namely, if a listing fails to materialize into a loan, the money invested
early on will be fully refunded. However, in the event of borrower default, the loan repayment is lost
because the loan is unsecured [47]. Consequently, it is reasonable to assume that a risk-averse lender would
care more about a loan’s repayment outcome than about the likelihood that a listing will turn into a loan. It
thus is crucial to empirically examine whether rational herding in this context is more likely to be driven
by lending on materialized listings or by lending with successful repayment. Given the compelling evidence
on both sides, we propose the following pair of competing hypotheses:

H4a. Drivers of rational herding: Rational herding is more likely to be driven by lending on
materialized listings than by lending with successful repayment.

H4b. Drivers of rational herding: Rational herding is more likely to be driven by lending with
successful repayment than by lending on materialized listings.

Methodology

Using data collected from PPDai, we statistically analyzed the process of a typical PPDai microloan to
explain the factors that affect the decision-making of microloan lenders and the microloan performance.
We used the feasible generalized least squared (FGLS) estimation to examine the number of lender
decisions. This clarified how novice lenders use signals from prominent lenders to make their decisions.

Paipaidai Financial Information Services

We now explain the background, collection, and analyses of our data. We obtained our data for the PPDai

platform from FinVolution Group.’
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Data Collection

To obtain our data, we wrote a Python program to scrape and process the loan listings from PPDai for the
period of October 2012 to December 2012. Namely, we downloaded all the loan listings that were posted
publicly during this period. We obtained a dataset with 5,706 observations. Each observation included
variables such as the time at which the loan listing was posted online, the loan size, the interest rate, the
duration of the loan, and so on. Based on each of the loan listings, we downloaded the information about
all the borrowers and lenders, including their gender, age, borrowing credit, and lending credit. We also
downloaded the time at which each lender provided a loan for a listing and the lending amount. A total of
4,643 borrowers and 8,472 lenders took part in P2P loan activities on PPDai during our study period. PPDai
published only the usernames of borrowers and lenders (rather than their personal names), so borrowers
and lenders were mutually anonymous. The PPDai platform also supplied a public “blacklist” of all the
borrowers who had defaulted. Merging this default data with the loan-listing data, we calculated a default
rate of roughly 3%, which was much lower than Prosper.com’s 2012 default rate of over 6% [109]."°

Measures of Key Variables
Lending Amount

We used the lending amount of individual lenders at each time point as the dependent variable in the loan-
amount analysis. We captured the lender characteristics corresponding to each lending and observed their
interaction with herding. This protocol extended the extant literature and enabled us to make inferences
about the moderating effect of lender characteristics on the herding effect.

Lender Experience

In the context of online activities, a decision-maker’s experience is typically understood as the extent to
which they have previously participated in the activity [84]. For online purchases, the number of previous
purchases is an indicator of experience [79]. For online auctions, Easley et al. [26] adopted two measures
for experience: the number of auctions in which the lender had participated and the lender’s reputation
score. We used PPDai’s lender score as a measure of lender experience. Figure 2 shows how the platform
calculates this score. PPDai determines the lender score not only by the number of successful transactions

a lender has undertaken (i.e., lending on materialized listings) but also by the successful repayment of loans
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Figure 2. The PPDai Credit Scheme
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(i.e., lending with successful repayment) in a lender’s history. Because the total credit score indicates a
lender’s experience, this score’s composition can reveal the sources of their credit.

Borrower Credit

PPDai also calculates and publishes the borrower credit measure. Figure 2 illustrates its calculation, which
incorporates verified information provided by a lender, lender referral efforts, and both the quantity and
quality of a borrower’s previous transactions. For example, borrowers receive 10 points if they have their
cellphone numbers verified and another 2 points if they repay a loan. The total borrower credit is the sum
of the points acquired from information verification and transaction experience.

Prominent versus Novice Lenders

We categorized lenders into two types based on their experience. We used a lender credit score of 1,000,
which is the 90th-percentile cutoff point in the lender-credit distribution, to distinguish between prominent

and novice lenders.!" That is, we categorized lenders with lender credit equal to or greater than 1,000 as
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prominent lenders and lenders with lender credit less than 1,000 as novice lenders. Of course, novice lenders
could have evolved into prominent lenders as they accrued credit over time, but because our study period
was brief, we did not take such developments into consideration. In our later robustness testing, we

used a different cutoff value to define the prominent lenders, and the results remained robust.

Herding

Prior research has measured herding by the lagged total amount of investment, lagged percentage of the
loan listing that has been funded, lagged total lending, and lagged average amount [109]. Table Al
summarizes the other measurements of herding used in extant research. To measure irrational herding upon
which each lending decision is made, we used (1) the lagged cumulative loan amount and (2) the number
of lending proceeding each decision. Zhang and Liu [109] suggested that the correlation between the lagged
cumulative amount and an individual’s investment (i.e., loan) amount is attributable to three mechanisms:

2 and unobserved heterogeneity across listings. Following Zhang and Liu

herding, payoff externalities,
[109], we used the percentage needed for a listing to materialize to control this externality effect. We
expected lenders to invest more in listings with a lower risk of failing to materialize (lower percentage
needed) and thus that the coefficient of the percentage needed would be negative. We used listing fixed
effects to control listing heterogeneity.

To measure a prominent lender’s influence on novice-lender decisions, we used a binary variable that
indicated whether a prominent lender (PL) had invested in the loan project (PL = 1) or not (PL = 0). On the
assumption that rational herding is contingent on observational learning, the coefficient of this variable thus
indicated the rational herding effect because it was necessary for lenders to study predecessor experience
to determine which prominent lenders to follow.

The interaction terms between the rational herding of prominent lenders (i.e., the binary variable PL)
and the listing features, including the percentage needed for a listing to materialize, can serve as further
indications of the two types of herding behavior. Zhang and Liu [109] suggested that the rational herding

effect is accentuated by a listing’s unfavorable features and dampened by its favorable features; thus, we

expected the coefficient of interaction between rational herding (via a prominent lender) and borrowers’
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borrowing credit to be negative. Percentage needed is a measure of the likelihood that a listing will never
be funded and therefore an unfavorable feature of the listing; hence, we expected its interaction with
prominent lender to have a positive coefficient, which would imply that percentage needed reinforces the
rational herding effect.

Prior research has not examined the effect of listing features on irrational herding. Because the listings
can be sorted by percentage funded, novice lenders may flood listings with a relatively low percentage left
unfunded or with favorable features (such as high borrowers’ borrowing credit) and then engage in irrational
herding if they do not know how to use observational learning to gain information about the other aspects
of the listing or to assess the experience of prominent lenders. We thus expected the irrational herding effect
to be higher for listings with a lower percentage needed for a listing to materialize or with higher borrowers’
borrowing credit.

Analysis Approach

We examined the herding effect by analyzing the influence of several factors on lenders’ loan-amount
decisions. The individual lending amount is a traditional measure of a lender’s preference for a loan listing
and is an indicator of a lender’s confidence in a loan’s performance. Lenders will invest a larger amount in
a loan with higher expected returns, which are determined by the interest, loan period, and perceived default
risk. The first two elements were observable directly from the lists, but the last one was not. However, we
were able to control such unobservable features using listing fixed effects.

The logarithmic lending amount of lender i on a loan listing ;j at time ¢ is denoted by log (LA;j¢).
Assuming that both herding behavior and listing characteristics (such as borrower credit) determine a
lender’s loan-amount decision yields the following formula:

lOg (LAth) = ,80 + ﬁllog (CA]t) + ﬁZPth + ﬁgBBCJ X lOg (CA]t) + ‘B4BBCJ X PL]t +
IBSLLCi X lOg (CA]t) + IBGLLCL X PL]t + COTlet + 61 + Eijes (1)

where CAj; is the cumulative amount of listing j at time zand PLj; is a binary variable indicating whether
the prominent lender has participated in listing j at time . BBC; and LLC; are borrowers’ borrowing credit

and lenders’ lending credit, respectively. §; is the fixed effect for listing ;; it measures unobservable listing
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features. ConVj, includes all the other control variables that contribute to novice-lender decisions,

including the variables measuring the time-variant flow information of the loan-listing process (such as
percentage needed for the loan to materialize). Herding is one of the components of flow information. Here,
&;j¢ 18 an unobservable factor that affects lender decisions.

We applied FGLS estimation to the regression of logarithmic lending amount (Eq. [1]). We assigned
each listing in our panel data an identity, which was used to control the fixed effect of a listing, including
the interest, terms of duration, and all the other unobservable features of a listing. When a lender lent money
to the borrower through “lending” (i.e., offered a certain amount to the borrower at a given interest rate and
loan duration), the listing status was changed to reflect the cumulative amount and whether the status of
prominent-lender involvement had changed. Moreover, the borrowers who initiated the loan listings and
the lenders involved in various listings were different. We used such variations within and between the
listings to identify the model parameters.

Analysis Results
Descriptive Statistics

Our data included the transaction information for 5,706 listings. During the sample period, PPDai was
transparent about the loan-listing information, which enabled us to collect the data for our analysis. Of these
listings, 3,517 were successfully funded, for a successful-funding rate of 61.40%. Table 3 provides
summary statistics of the key variables. On average, the successfully funded loans had larger loan amounts
than the unsuccessfully funded loans, although the proposed interest rates and terms were similar between
these two types. Because small loans are often for one-time consumption spending, such as the purchase of
an iPhone, this finding suggested that lenders cared about the purpose of the loan. They were more inclined
to lend for loans with an investment purpose than for loans intended to support a consumer purchase.
PPDai’s lending rules stated that anyone who had a mainland-China ID card and was 22—65 years old
was qualified to borrow; the same rules applied to lenders, with the exception that they could start at age
20. Table 4 summarizes the demographic data for the borrowers and lenders in our panel. A feature of the

successful borrowers was that their age distribution lay to the right of the entire sample distribution, which
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Table 3. Summary Statistics of All Loan Listings

Variable Obs Mean SD Min Max
All Loan Listings:
Loan size 5,706 6,671.34 17,629.74 3,000 300,000
Proposed interest rate (%) 5,671 20.67 2.46 9 25.24
Loan term (month) 5,671 6.23 3.01 1 12
Successfully Funded Loan Listings:
Loan amount 3,517 8,968.80 22,193.24 3,000 300,000
Loan term (month) 3,517 6.37 3.02 1 12
Unsuccessfully Funded Loan Listings:
Loan amount 2,189 3,016.8 246.8 3,000 10,000
Loan term (month) 2,189 6.00 2.98 3 12
Table 4. Information about Borrowers and Lenders
Frequency | Percent (%) | Frequency \ Percent (%)
Variable All Borrowers Successful Borrowers
Gender: Male 3,748 80.72 2,308 80.7
Female 589 12.69 379 13.25
Unknown 306 6.59 173 6.05
Age range: 20-25 (lender) 1,625 35 693 24.23
22-25 (borrower)
2631 (both) 1,811 39 1,259 44.02
32-38 (both) 873 18.80 672 23.5
more than 39 (both) 331 7.13 234 8.18
Unknown (both) 3 0.06 2 0.07
All Lenders Successful Lenders
Gender: Male 5,924 68.92 5,916 69.93
Female 1,565 18.47 1,563 18.48
Unknown 983 11.60 981 11.60
Age range: 20-25 (lender) 1,354 15.98 1,350 15.96
22-25 (borrower)
26-31 (both) 3,210 37.86 3,210 37.94
32-38 (both) 2,436 28.75 2,421 28.62
more than 39 (both) 1,089 12.77 1,081 12.78
Unknown (both) 398 4.64 398 4.70

suggested that senior borrowers accounted for a disproportionately larger share of all the borrowers who
posted successful listings. Most of the lenders (about 70%) were male, and most were over 26 years old.
Table 5 shows the transaction records of both the lenders and borrowers, and it indicates that borrowers
who posted successful listings had more successful transaction records than the average. Although these
borrowers also had more unsuccessful transaction records, this did not negatively affect their credit scores.
Figure 3 and Figure 4 depict the kernel density estimation of the lending amount and interval, respectively.
We deduced that most lenders lent a small amount, that is, an amount less than RMB 500 (USD 78). The
average lending amount in our sample was RMB 184 (or USD 29), much lower than Prosper.com’s average

lending amount of USD 86, which was documented by Zhang and Liu [109]. Moreover, most lenders
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Table 5. Records of Successful Borrowers and Lenders

Variable ] Obs \ Mean \ SD \ Min \ Max Obs | Mean | SD \ Min \ Max
All Borrowers Successful Borrowers
# Successful 4643 1.65 4.11 0 51 | 2860 2.68 4.96 0 51
# Unsuccessful | 4643 1.10 2.03 0 26 | 2860 1.65 2.37 0 26
Borrower CS 4643 38.49 19.71 0 141 | 2860 50.10 22.37 0 141
All lenders Successful Lenders
Borrower CS 8472 27.33 17.88 0 140 | 8460 27.34 17.89 0 139
Lender CS 8472 682.5 | 2682.2 0| 106185 | 8460 | 681.98 | 2658.59 0| 101545

Figure 3. Kernel Distribution Estimation of Individual Loan Amount
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followed proceeding lending closely, because the average lending interval was six minutes, which
suggested the presence of a longitudinal correlation among lender decisions.

Results of Hypothesis Testing
Herding and Lending Amount

Table 6 presents the estimation results of the FGLS regression of lending amount. Column (1) presents the
basic model specification with the irrational herding effect only. The coefficient of log(cumulative amount)

measured the irrational herding effect and was positive and significant (0.161), suggesting that irrational
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Table 6. Results of OLS Estimation of Loan Lending Amount (n = 13,4871)

(1) lending amount | (2) lending amount | (3) lending amount | (4) lending amount
BBC 0.00127""(12.26) 0.00134""(12.99)
log(CA) 0.161""(33.98) 0.131""(27.42) 0.482""(58.43) | 0.404™" (45.23)
Loan size 0.179"" (33.49) 0.132""(23.95)
PN -0.214™" (-12.60) -0.2117"(-12.44) 2.327°"(35.23) | 1.943""(28.98)
Loan (NO) -0.732"" (-71.95) -0.682™"" (-66.46) -1.003"" (-69.13) | -0.909""" (-60.26)
PL 0.256"" (33.14) 0.105""(7.11) | -0.0332 (-1.32)
CA X PN -0.267"" (-32.41) | -0.224"" (-26.88)
PL X PN 0.230""(9.60) | 0.0965™"" (4.02)
LLC XPL 0.0509"" (20.25)
BBC X PL -0.00267"" (-0.94)
LLC X CA 0.00279"" (13.79)
BBC X CA 0.000208™"" (10.61)
Constant 2.024*** (55.47) 2.593*** (64.52) 0.815%** (11.21) 1.275%** (17.11)
Adjusted R? 0.120 0.127 0.130 0.150

t-statistics are in parentheses; * = p < 0.05; ** p <0.01, *** p <0.001. BBC = borrower borrowing credits; CA =
cumulative amount; Loan (NO) = loan number of offers; PN = percent needed for materialization; PL = prominent
lender; LLC = lender lending credits; prominent lenders are the lenders with lending credits over the 90th percentile
cutoff value in the credit distribution.

herding played a role in determining a lender’s lending amount. Because the cumulative amounts could be
attributed to many small contributions, we also controlled the number of lending in the regression, and its
coefficient (-0.732) was negative and significant, implying that when the same cumulative amount was
contributed by many lenders, the average lending amount was low, and the followers would not only herd
on the cumulative amount but also herd on the predecessors’ decisions on average amount, meaning that
they would lend less. The coefficients of the other control variables were intuitive. The positive coefficient
of BBC (0.00127) revealed that lenders placed their trust in the credit record provided by PPDai: lenders
were more likely to invest more in the loan listings proposed by borrowers with a good credit history. The
negative coefficient of PN (percent needed for materialization) (-.274) indicated that listings with a lower
risk of materialization would also attract lending with higher amounts. The loan size (0.179) was also
positively correlated with the lending amount, because larger loan listings could accommodate more
individual lending on average.
Column (2) presents the results from a model specification with a binary variable indicating the

participation of prominent lenders. The coefficient of prominent-lender participation (0.256) was positive
and significant, which suggested that rational herding behavior existed. This supported the second part of

H1 (the first part will be discussed in §5.2.2). Our results indicated that the lending amount would increase
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by around 25.6% on average once the prominent lenders signaled their trust in the borrower by offering
their lending. The other results were similar to those in column (1).

Column (3) merges the two listing features, loan size and borrower credit, into the listing fixed effects
to focus our analysis on the interaction between listing features and herding effects. We added the
interactions CA X PN and PL X PN to the regression. Because higher CA (+) and lower PN (-) together
indicated that the risk of materialization was lower, the negative coefficient of CA X PN (-0.267)
suggested that lenders preferred to provide loans for listings with lower risk, ceteris paribus. However,
when a PL provided a loan for a listing in its earlier, riskier stage—when PN was large (or higher to-be
funded amount)—rational herding lenders saw this as a positive signal that the PL was confident and had
better knowledge of the listing, and they thus provided loans for the listing (i.e., engaged in rational herding),
explaining the positive coefficient of PL X PN (0.230), ceteris paribus. The coefficients of all the other
variables except PN remained in the same direction. Without the loan size in the regression, PN may also
have indicated the loan size, because the same cumulative amount may have accounted for the lower
percentage obtained when the loan size was larger. This confounding effect changed the coefficient of the
percentage needed for a listing to materialize.

Finally, column (4) incorporates the interactions between borrowers’ borrowing credit and herding
effects and the interactions between lenders’ lending credit and herding effects into the regression. The
coefficients of the interactions between borrowers’ borrowing credit and herding effects (BBC X PL) were
negative and significant. This suggests that when a loan with lower borrower credits (i.e., riskier loan)
receives lending from a prominent lender (i.e., positive signal), the rational herding effect will be greater,
which supports our proposed hypothesis concerning the attenuation effect of listing features on rational
herding (H2). Our findings echo those of Jiang et al. [48], who found that the risk-related attributes of a
loan listing could moderate the herding effects, and contribute evidence of the moderation effects of
platform-supplied listing attributes on rational herding to the literature.

The results also demonstrated the effect of lenders’ lending experience on herding. Specifically, the

regression shows a significant and positive coefficient of LLC X PL. This suggests that as lenders gained
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experience through lender credit, herding played a more pivotal role in determining their lending amounts.
These results supported our assumption that lenders would undertake more observational learning for
herding when their experience increased. This supported H3.

Drivers of Rational Herding

To analyze the behavioral mechanisms behind rational herding, we replaced lenders’ lending credit with its
two components—lending with successful repayment and lending on materialized listings—which
contributed the most to lenders’ lending credit, in the regression. Table 7 reports the estimation results.
Because the estimation results for the variables presented in Table 6 maintained the same sign and a similar
magnitude, we explain only the results for the new variables. The results shown in column 1 suggested that
rational herding was rooted in lending on materialized listings rather than lending with successful
repayment, supporting myopic loss aversion theory and H4a. The coefficients of all the variables with
lending with successful repayment, presented in column 2, were nonsignificant, suggesting that lending
with successful repayment had no significant effect on lending amount and was thus not a factor leading to
rational herding; we therefore rejected H4b. The coefficients of the interactions between lending on
materialized listings and listing features or lender experience were significant and had the same sign as the
interaction terms with prominent lender reported in Table 7. The myopic loss aversion theory may explain
the results, because if the listings failed to materialize, any lending costs, including the opportunity cost of
time, would be lost. It appears lenders were more sensitive to this immediate loss than to the more distant
loss caused by a bad loan. If true, CML (measuring lenders’ ability to achieve higher expected returns);
would have been discounted because lenders myopically discounted future returns.

The Rationality of Rational Herding

We used loan performance data to replicate the rationality of rational herding (H1) shown by Zhang and
Liu [109] using Prosper.com data. We first summarized the performance of the loan listings and tested the
difference in default rates and final returns between prominent- and novice-lender loans. Figure 5 depicts
the default rate of the loans by lender type, which is the ratio of the defaulted loan amount to the total loan

amount. Figure 5 shows that the total loans made by prominent lenders had a lower default rate than those
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made by novice lenders. Figure 6 illustrates the return rates of the loans by lender type. These graphs
summarize the returns from all the loans, including loan defaults.

Table 7. Results for Regression with Decomposed Lenders’ Lending Credit (n = 13,4870)

(1) lending amount | (2) lending amount
BBC 0.00132""(12.78)
log(CA) 0.133"(27.77) 0.406™" (45.78)
Loan size 0.134™"(24.31)
PN -0.210"" (-12.39) 1.956""(29.31)
Loan (NO) -0.684"" (-66.77) -0.912"" (-60.77)
CSR -0.0175 (-0.72) 0.0475 (0.55)
CML 0.0310""(17.04) -0.00541 (-0.82)
CA X PN -0.225™" (27.17)
CML X PN 0.0209"" (3.18)
CSR X PN -0.133 (-1.53)
LLC X CSR 0.00124 (0.12)
LLC X CML 0.00572""(7.30)
BBC X CSR -0.00109 (-1.17)
BBC X CML -0.000258"" (-3.51)
LLC X CA 0.00299""" (14.88)
BBC X CA 0.000212™"(10.91)
Constant 2.574™" (64.07) 1.256"" (16.94)
Adjusted R*> | 0.127 0.152

Notes: BBC = borrower borrowing credits; CA = cumulative amount; PN = percent needed for materialization; Loan
(NO) = loan number of offers; PL = prominent lender; LLC = lender lending credits; CML = count materialized
listings lending; CSR = count successful repayment leading; ¢-statistics are in parentheses; * = p < 0.05; ** p <0.01,
*** p <0.001. Prominent lender is defined as the lenders with lending credits over the 90th percentile cutoff value
in the credit distribution.

Figure 5. Default Rate of Total Loans by Lender Type
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Figure 6. Return Rates of Loans by Lender Type
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In contrast to our expectation, the return rates of prominent-lender loans were lower than those of
novice-lender loans. Because the return rates were observable when lenders made their decisions, these
summary statistics suggested that prominent lenders usually made more prudent decisions and invested in
loans with reasonable returns, whereas novice lenders chased high-return loans without considering the
potential risks. Considering the potential default risks, we calculated the expected return rates, which were
defined as the ratio of actual returns to the total loans, including the defaulted loans. Figure 7 presents the
actual return rates by lender type; this graph shows the error bars of actual returns with a 90% confidence
interval by lender type, and it indicates that the eventual returns of the microloan projects in which
prominent lenders invested were higher than those in which novice lenders invested. Therefore, the
expertise of prominent lenders was characterized by their discretion regarding potential risks and their
ability to maximize the expected returns while considering such risks, supporting the first part of H1. We
thus refined our definition of rational herding as follows: herding on lenders who exercised discretion
regarding potential risks and had the ability to acquire higher expected returns while considering such risks.

Figure 7. Actual Return Rates on Loans by Risk-neutral Lender Type
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Considering the possibility that confounding factors (e.g., a loan’s term) could moderate the difference
in both default rates and expected returns between prominent- and novice-lender loans, we ran a logit model
on default rates and a linear regression on effective interest rates, controlling the potential confounding
factors. The effective interest rates were defined as the actual return rates on a loan. For fully paid loans, it
was the interest rate offered by the borrower; however, for defaulted loans, it was -100%, because the
lenders could not recover their principal. Both regressions accounted for lender loan amounts and used them
as weights. Table 8 presents the results of this analysis.
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Table 8. Results for the Analysis of the Rationality of Herding on Prominent Lenders (n = 31,021,714)

(1) default (2) effective interest
herding_sig -0.295™" (-81.76) 0.0934"(7.92)
period 0.190""(616.10) -0.856™" (-651.28)
interest 0.118""(232.25)
log(BBC) -0.134™" (-89.02)

Constant -6.525™" (-509.08) 20.45™"(2059.84)
AIC 8766592.6
Adjusted R’ 0.013

Note: BBC = borrower borrowing credits; ¢ statistics in parentheses; * p < 0.05, ™ p <0.01, ™ p < 0.001

Our results showed that the rates of loan defaults were lower for prominent lenders than for novice
lenders. Because our analysis used lenders’ lending amounts as weights, these results demonstrated that
prominent lenders were more likely to avoid defaulted loans or to invest small amounts in them. The results
of the interest rate analysis also suggested that prominent lenders could usually achieve higher returns than
novice lenders, although the difference in return rates was marginal. The results for the other covariates in
both regressions were also intuitive: loans with higher offered interest and longer terms were more likely
to be defaulted on, because it was more difficult for borrowers to fully repay such loans. Borrowers with
more credit were less likely to default. The only counterintuitive result involved the coefficient of loan term
in the regression of effective interest rates. The negative coefficients implied that loans with longer terms
had lower effective returns—seemingly contradicting a normal interest rate scheme. This was the case
because this regression was for an analysis of effective interest rates considering defaults. Because the
default rate was higher for long-term loans, we had reason to conclude that the effective return was lower
for long-term loans. The regression results echoed the results depicted in Figure 5, Figure 6, and Figure
7, providing evidence of herding that was rational and thus reflected observational learning.

Robustness Checks

The key variable in our analysis was PL, and its measurement depended on the cutoff point used to
distinguish prominent from novice lenders; this choice had the potential to change our empirical results. To
test the robustness of our analysis, we chose different cutoffs of percentiles in the distribution of lender
credits and checked whether our results were sensitive to different definitions of PL. Table 9 and Table 10

in Appendix B detail the results based on 95% and 75% cutoff points, respectively. These checks indicated
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that the major results remained the same and thus that our findings and conclusions were robust.

It may be possible to measure the influence of prominent lenders by incorporating the information on
the number of prominent lenders, because the ratio of prominent lenders to total lenders may also play a
key role in determining the materialization of a loan list. Thus, we explored a new variable to capture the
possible influence of the number of prominent lenders: We used the number of PL/number of cumulative
lenders up to the focal lender as the measure of the fraction of PL among all lenders prior to the focal lender,
which we termed, FPL. We ran a regression of both lending amounts, and the results are reported in Table
11. The results remained virtually the same, providing further evidence of the robustness of our conclusions.

Simulation to Demonstrate the Influence of Rational Herding

Next, we conducted a large simulation to demonstrate the influence of rational herding based on the score
system set up by PPDai. To determine the magnitude of the influence of rational herding, we examined
what would happen if all the lenders could observe the behavior of the prominent lenders and compared the
quantified gain/loss of this simulated result with the actual results. To do so, we adopted the proportional
hazard model proposed by Cox [21] to examine the effect of observed covariates on lenders’ decision-
making duration. The conditional hazard is given by

Pt<T<t+h|T>tx)
h 2
where x is a vector of explanatory variables. Intuitively, this hazard rate is the probability that some

A(t;x) = lim
h—0

lenders will invest in a loan project after duration t, given that they wait at least until t. Assuming that
individual hazard functions are proportional to some common baseline hazard A,(t), the proportional
hazard model is as follows:

A(t; x) = K(x) A0 (D),
where k(x) isanonnegative function of x. Typically, this function is parameterized as x(x) = exp(xf3),

where f8 is a vector of parameters that measures the semielasticity of hazard with respect to x. Cox [21]
suggested a partial likelihood method for estimating the parameters in the proportional hazard model
without specifying the baseline hazard. Specifically, the probability that an individual i, out of a set of

lenders S, who will exit at time T, (or who have survived the first T}, periods) is
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Prob[t; = Ty|i € 5] = % ;
k

Equation (1) shows that the baseline hazard rate does not affect the probability of defection. Thus, the

partial likelihood of observing the existence of M; lenders over K periods is as follows:

InL = 3oy T [Bxe = InTjes, exp(Bx)]. (3)
Cox’s partial likelihood maximization estimator should maximize the equation [21].

Figure 8 shows the Kaplan—Meier survival estimates for all loan listings with a prominent lender and all
listings with no prominent lender (i.e., only novice lenders). The variable project sig was set to “1” if there
is prominent lender in the loan listing and set to “0” otherwise. Figure 8 shows that the loan listings with
prominent lenders were more likely to “exit” due to rational herding. The results of the Cox hazard
estimation results were consistent with the previous findings. Using the Cox hazard estimation, we
conducted simulations to quantify the possible loss or gain in the presence of rational herding based on
PPDai’s score system, following the literature [22, 62]. In the simulations, we assumed lenders could not
distinguish the prominent lenders and follow their loans (i.e., no rational herding). To do so, we substituted
all the estimated baseline hazards and all the estimated parameters in Equation (3) and assigned zeros to
the variable project_sig (even if there were prominent lenders), and we computed the new survival function

from the following standard Cox hazard model expression:

S X) = 1_[ & e B0
ilt;<t X
where @, is one minus the estimated baseline hazard for exit time i, and [ is the vector of coefficients
estimated with the Cox hazard model in Equation (3)."* After we obtained the new survival functions, we
computed the new total amount of successful loans. We conducted simulations one million times and
obtained a distribution of the simulated total amount of loans. Figure 9 shows the distribution of the total
successful loan amount for one million simulations. In our sample, the total amount of successful loans was
RMB 8,904,556 (about USD 1.3 million). The median value of the simulated successful loan value
decreased to RMB 4,728,524 (about USD 0.7 million). The simulation results suggests that without rational

herding, many successful loans might have been unsuccessful and the total amount of successful loans

would have decreased by around 46%. Rational herding thus had a highly consequential effect on the results.
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Figure 8. Comparison of the Loan Listing Survival Probability between Prominent and Novice Lenders
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Figure 9. Distribution of the Values of Total Successful Loan Listings over One Million Simulations
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Discussion

The P2P loan platform market has continued to grow and thrive globally, especially in the US, Europe, and
Asia. This market is a compelling area of research, particularly because P2P microlending is both
increasingly popular and fraught with economic challenges. In fact, although the largest market is in China,
this market endured a substantial period of turmoil brought about by scams, unscrupulous operators, and
irrational behavior among financially unsavvy lenders as well as information asymmetry, adverse selection,
moral hazard, and irrational herding behaviors [40, 71]. As a result, between 2011 and 2018, over 84% of
the Chinese P2P platforms failed [40], and approximately 700,000 small lenders lost a total of
approximately RMB 120 billion (USD 18.77 billion) [71]. At the end of 2019, the Chinese government
imposed much tighter regulations on this market—and although only a few of the original platforms
survived this regulatory regime, the market has transformed and continued to grow. As He and Li [40]
showed, the platforms that survived this period were large, were publicly listed, and implemented
information-disclosure practices that reduced information asymmetry.

Our study examines the P2P loan platform PPDai, which thrived during this period of turmoil because
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it was known for its innovative processes and information-disclosure systems (e.g., unique credit- and
vendor-rating systems). These innovations reduced information asymmetry, adverse selection, and moral
hazard. To illuminate what PPDai was doing right in terms of providing signals that led to rational herding,
we focus on the period directly before the platforms were forced to change their lending practices.

We analyze the factors that determined the successful funding of P2P loan listings on PPDai during this
period, with a focus on the effects of herding behavior. A key factor is that borrowers often lacked
established credit histories, which gives rise to questions about whether lenders can make rational decisions
in such risky scenarios and how these rational decisions are affected by lenders’ lending experience and
borrowers’ creditworthiness. PPDai addressed this asymmetry issue in several innovative ways, including
establishing its own transparent credit- and lender-evaluation system. We develop hypotheses to investigate
whether rational herding, both alone and in the context of borrower and lender characteristics, contributed
to PPDai’s success.

Our analyses of microloans on PPDai confirm that when making lending decisions, novice lenders
mimicked predecessor decisions. In particular, the results associated with HI confirm the existence of
rational herding behaviors and replicate the relationship Zhang and Liu [109] demonstrated using
Prosper.com data: First, prominent lenders’ loans resulted in lower default rates and higher expected return
rates. Second, prominent-lender participation in loans had a positive effect on novice-lender lending amount.
The results related to H2 showed that a borrower’s credit can dampen rational herding, and those related to
H3 verify that lenders’ lending experience had a positive moderating effect on rational herding on loan
amount. The results associated with H4 enable us to attribute rational herding to lending on materialized
listings instead of to lending with successful repayment, thus supporting myopic loss aversion theory.

Contributions to Research and Theory

Our empirical analysis suggests that lender experience, borrower credit information provided by the
platform, and the rational herding effect exerted by prominent lenders are key moderating factors that
facilitate a lender’s decision and increase the lending amount. In particular, the herding effect plays a

significant role in lender decision-making. Moreover, we further examine the influence of prominent
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lenders on a loan listing. This extends Simonsohn and Ariely’s [92] and Zhang and Liu’s [109] proposition
that behavioral rationality interacts with lenders’ lending experience. We also test the premise that
following prominent lenders is a rational herding behavior, and our findings demonstrate that prominent
lenders usually invest in loans with lower default rates; thus, although the return rates of these loans are not
higher than those of others, the expected return from such loans is generally higher, which suggests that
lender herding behavior is rational, that is, based on observational learning. Our empirical findings confirm
that rational herding plays an essential role in lender decision-making in microloan transactions.

Many studies have investigated the factors that facilitate transactions on P2P platforms in the presence
of information asymmetry. The most vital of these factors is the platform’s supplying of the borrower’s
credit information. However, these studies could not explain how this credit information affects herding
behaviors for initial lending decisions when borrowers lack traditional credit histories, as is the case with
Prosper.com’s use of Experian. This is especially problematic in China, which lacked a transparent and
universal credit systems on which platforms or lenders could rely. PPDai’s unique and transparent credit
system is a compelling research topic because the absence of such a system puts microloan platforms at
high risk for failure caused by asymmetric information and irrational herding [65, 106].

Zhang and Liu [109] provided the first empirical analysis of the effects of herding behavior on
microloan transactions. Their study used moderation effects to establish that rational herding can play a
vital role in determining successful transactions on microloan platforms. Our study provides further
empirical evidence concerning the rational herding effect in microloan transactions. Our study examines
the interaction effects of borrower credits and lender experience on herding. Moreover, our study
investigates two dimensions of listing materialization: lending on materialized listings and lending with
successful repayment. Lending on materialized listings was supported, supporting myopic loss aversion
theory. Although previous studies have overlooked these two dimensions, our study confirms that they can
be used to reveal lender confidence in the listings and that they are drivers of rational herding.

Our study contributes to the understanding of why and how the P2P lending market differs other
financial markets and how borrower and lender characteristics affect the rational herding effect. These
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insights can help researchers further explore the evaluation procedures and decision-making processes of
lenders confronted with information asymmetry. In the PPDai context, the implications are potentially
profound, because our follow-up survival simulations indicate that without rational herding, the total
number of successful PPDai loans would have decreased by around 46% during the study period. This
finding further underlines the crucial influence of rational herding and the unique contextual factors of
PPDai that have fostered it.

Contributions to Practice

The results of this study have key managerial implications. P2P platforms are not only changing retailing
patterns but also altering loan patterns. Internet commerce is a disruptive force that will forever change
retail, lending, and investing. Even though economists and finance experts did not expect P2P microloan
platforms to succeed, the global P2P microloan market has become robust enough to disrupt traditional loan
and investment markets.

The largest obstacle to the development of this online market is lender risk rooted in information
asymmetry, adverse selection, moral hazard, and herding behaviors. The key difference between P2P
microlending and bank investments for savers is that microlenders have no guarantee that their money will
be repaid. Any funds they lend through a P2P website are not covered by government-backed insurance,
which usually applies to savings. Thus, to support the success of this market, P2P platform managers must
develop mechanisms for resolving such problems. Our empirical findings suggest that prominent lenders
play significant roles in materializing loan listings. Thus, beneficial policies, such as favorable interest rates
based on loan credits, may be an effective way for platform managers to promote transactions and increase
profits.

Our study of P2P lending validates the critical importance of creditworthiness as a moderator of herding
behavior. Unfortunately, the absence of financial institutions as intermediaries can cause a borrower’s
creditworthiness to remain in doubt. Such ambiguity (i.e., increased information asymmetry) regarding
creditworthiness can dampen rational herding, but it offers opportunities for lenders to seek better returns,

depending on their ability to absorb the risk associated with different credit uncertainties. However, from
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the perspective of business operations, the uncertainty regarding borrowers’ creditworthiness should be
monitored. Hence, P2P lending platforms should alleviate lenders’ loan risks by offering them more soft
information on borrowers. For example, PPDai’s platform has rich qualitative information about its
members, including their photos, social capital, and external online links, and PPDai is affiliated with a
group of financial institutions and e-commerce platforms. PPDai could use its information architecture to
disclose certain elements of this information to its members. In this scenario, lenders could use the
information to improve their lending decisions.

Understanding the influence of lender experience on herding is essential to managing and designing
P2P lending platforms. Herding allows lenders to draw inferences from the lending decisions they have
observed. However, for novice lenders to lend effectively, there must be prominent lenders to follow. That
is, early prominent lenders facilitate the fulfillment of loan listings. If early prominent lenders are
nonexistent or insufficient in number, the probability of loan fulfillment deteriorates. Because distinct
groups of customers have heterogeneous rational herding behaviors, a given platform can customize its
information disclosure accordingly. Hence, P2P platform managers and designers should develop strategies
for building up early lending by prominent lenders as a precondition of herding. For example, P2P operators
could consider launching promotional strategies that encourage prominent lenders to lend in the initial
stages of loan listings. Such strategies could include incentives like points, lower service costs, or even
official titles for specific services offered. This strategy is analogous to that of organizing members into
groups to inspire social networking. Another potentially useful strategy could be for platforms to highlight
listings on which some prominent lenders have decided to invest as an aid to novice investors, while
directing the listings proposed by borrowers with sound credit history to prominent lenders.

Limitations and Future Research

In line with prior research, we examine the influence of herding behavior without fully identifying the
reasons for herding. One such reason is that herding serves as the signal effect of prominent-lender choices.
Although our study has a strong theoretical and empirical foundation, further research needs to be

conducted to better distinguish rational from irrational herding. This will require a stronger experimental
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examination of underlying causal mechanisms.

Additional analytical methodologies could be used to extend our study. For instance, researchers could
examine survey data on consumer beliefs regarding borrower credit and novice-lender beliefs regarding
prominent-lender choices. Such data could serve as the basis for psychological explanations of herding
behavior that are grounded in psychometric measures. This area is ripe for consumer behavior research
conducted from diverse perspectives, such as information systems, economics, marketing, and human—
computer interaction.

Our study is limited to the investigation of one highly successful P2P microloan platform in China.
Thus, our results may not generalize to different kinds of P2P microloan platforms or to different legal or
consumer cultures. Cross-cultural research on systems use—for example, research that compares the
systems use of Chinese and US participants—has shown that nation- and individual-level cultural factors
can affect trust perceptions and decision-making [72, 73, 108]. Trust perceptions are important in P2P
platform use and can vary greatly depending on cultural factors, legal protections, and the degree of trust
in institutions and even the platform technology itself.

We believe it is important to further examine the possibility of rational herding and observational
learning in other online-commerce contexts and platforms. This is especially promising in e-commerce
settings that involve large social networks with key information cues, such as the effects of online reviews
and recommendations on platforms [59, 96], and with general recommender systems [e.g., 64]. Moreover,
rational herding and observational learning could be investigated in many other types of online
crowdfunding markets [19, 23, 69]. It would also be useful to examine how rational herding and
observational learning influence backers’ behaviors in the related but distinct online-platform markets of
crowdfunding and crowdsourcing, which do not require loan repayment but use various schemes to provide
rewards for backers [cf. 14, 63, 98]. Herding behaviors have been observed in other technology contexts,
including software adoption, where it has been linked to information cascades [25, 110], an information-
based concept that explains “herd behavior that occurs when individuals who face a certain decision choose
to follow the actions of others instead of making a decision based on their own private information” [98, p.
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844], which can also be understood as a popularity effect [99] (see also [10, 11]). It would be particularly
intriguing to consider software adoption in terms of whether such behavior is rational and based on
observational learning, helping vendors understand how to best meet market needs and increase adoption.

Moreover, we assume that the P2P signals in question arise primarily from lending activity (and thus
involve observational learning), not from electronic word-of-mouth [cf. 1]. However, the latter is a
compelling source of direct learning that should be further considered in a P2P context. Electronic word-
of-mouth is “communication in an online context and can be described as a statement by potential, actual,
or former customers about a product or company” [98, p. 844]. Such information could also help lenders
decide whether to provide loans for a potential borrower, because in a crowdsourcing context, electronic
word-of-mouth has been shown to be linked to information cascades, another form of herding behavior [98].
Of course, the broader issue of lack of information disclosure between parties (and how to resolve it)
continues to vex most online markets [39] and fosters information asymmetry.

Finally, in contrast to the loans facilitated by the many P2P loan platforms that went bankrupt in China,
PPDai loans have had a low default rate. This is notable because although China’s legal system is
undergoing dramatic reforms, its rule of law remains less formalized than that of Western countries. Legal
experts believe this lack of legal formality contributes to moral hazard because it is more difficult to sue in
court to collect on a loan [78, 82, 100]. Yet, PPDai has an astounding collection rate of 85%, providing a
more cost-effective means of collection than going through any court in any country. PPDai (and other
successful Chinese platforms) skips the courts and successfully pursues its own “micro rule of law”; as a
result, it can operate without an unusually high burden of moral hazard. This is a promising phenomenon
for future study and policy development, because the dramatic potential of microloans rests largely in the
developing world, where the rule of law is fraught with challenges. Thus, a pressing need exists for research
on how PPDai has been able to create such effective mechanisms of trust and of the micro rule of law.

Conclusion

In this paper, we make three key contributions to the literature: (1) we use heterogeneous herding effects to

empirically determine whether lenders’ herding behavior on PPDai is rational based on observational
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learning; (2) we investigate the moderating effect of borrower credit and novice-lender experience on
herding, and we leverage this heterogeneity in lender experience to better explain loan results; and (3)
because PPDai publicly provides potential lenders with a transparent credit score—in contrast to platforms
like Prosper.com, which leverage hidden proprietary credit information from Experian—we further analyze
the credit composition of prominent lenders to better understand the crucial determinants of rational herding.
Crucially, our follow-up survival simulations indicate that without rational herding, the total number of
successful PPDai loans would have decreased by around 46% during the study period—a finding that
further underlines the crucial influence of rational herding and the unique contextual factors of PPDai that
have fostered it. These important findings has the potential to generate several streams of research noted in
our paper.
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Appendix A. Literature Review Support

Table Al. Prominent Research on Herding Behavior in the P2P Online Lending (Microloan) Market

Herrero [11]

number of previous lenders.

each round.

Citation Platform Definition of herding Measures of herding Implications
Berkovich [2] Prosper Buyers infer the purchase decisions | Examining whether the Loans with more bids are more valuable.
of previous buyers as a public estimated loan return correlates
signal of asset quality. Thus, a with the number of bids.
higher number of buyers
corresponds to higher quality.
Herzenstein et al. | Prosper The greater likelihood of bidding in | Determining whether as the bid | Bidders in Prosper auctions have a greater likelihood of
[6] auctions with more existing bids. number on a listing increases, its | bidding on a listing with more bids, but only to the point
likelihood of receiving an at which the listing has received full funding
additional bid also increases.

Jiang et al. [8] 127 different A well-documented social dynamic | Because they focus on the This is the first and only study to examine and establish
Chinese P2P in which individuals follow the platform-level, their herding that herding behavior also occurs on the macro level, in
lending actions of their peers measure is based on the that investors also herd in choosing which platform to
platforms cumulative number of investors | use on which to offer loans. By examining platform

of a platform during a given characteristics and government regulations, and ruling
week. out confounds, the authors provide evidence that such
macro-level herding is rational.

Jiang et al. [9] Anonymous The tendency for an individual to The impact of cumulative Herding momentum is moderated by the predecessors’
leading debt- follow the actions of preceding lending amount a listing has anonymity level associated with their usernames.
based peers received give a time on current
crowdfunding lending amount.
platform

Kim and Appbackr Individuals with less-accurate The impact of cumulative The crowd, rather than following the herd, has the

Viswanathan [10] information tend to follow the lead | amount of funding at time t-1 on | ability to infer the informative signals conveyed by the

of individuals with more-accurate current amount of funding. actions of the distinct types of early investors and are
information Or the cumulative number of selective in who they follow for the distinct types of
investment at time t-1 as another | investments on this platform
measure.
Krumme and Prosper The bid decision depends on the Comparing the number of bids in | The percentage funding asymptotically approaches the

maximum, but initial funding occurs slowly and then
accelerates once a few “pioneer” bids are placed.




Citation Platform Definition of herding Measures of herding Implications

Lee and Lee [12] | Pop Funding An individual will follow others’ Examining whether the increase | An auction with a higher participation rate attracts more
decisions, regardless of source or of participation rate of a listing bids.
certainty of the information. positively affects the probability

of full findings.

Liuetal. [13] PPDai When individuals face Using the probability of lender The lending probability increased with the number of
uncertainties in making economic bidding on a listing conditional prior bids.
decisions, they follow the actions on the total number of bids the
of others. listing gets.

Luo and Lin [14] | Prosper People use public information to Determining whether the “Friend bids” and bid counts impose significant effects
infer the beliefs of others while average time interval between on the decision-making time of investors, which is
ignoring private information. two consecutive bids is smaller evidence of herding. The availability of perfect

for listings that contain a “friend | information of the listing history would reduce the
bid” or more bid counts. probability of herding.

Wei et al. [16] JD An individual will demand more The positive regression Prefunding affects regular backers directly, who in turn
Crowdfunding | (less) of a commodity at a given coefficient of number of lottery influence lottery backers, demonstrating the mediation

price because some or all other backers (less informative ones) effect of regular backers on lottery backers. As a result,

individuals in the market also on the number of regular backers | the prefunding effect on lottery backers is indirect and

demand more (less) of the (more informative ones) second-order; herding occurs where lottery backers are

commodity attracted primarily due to the activity of regular backers,
rather than prefunding.

Xiao et al. [17] A leading By observing and taking The impact of the number of The frequency of communicative messages attenuates
reward-based | predecessors’ funding decisions as | cumulative investors on the successors’ herding momentum towards predecessors
crowdfunding | quality signals, successors can number of new investors at
platform in learn about a campaign’s quality certain time or the funding
China from the collective wisdom of the amount as an alternative

crowd measure.

Yum et al. [18] Pop Funding Lenders interpret information Calculating whether the portion | Collective intelligence, represented by the aggregated
provided by borrowers and infer of voting “yes” positively affects | voting results, positively influences the funding success
the creditworthiness of borrowers the loan funding success of borrowers who have never received funding.
from observing peer voting probability.
decisions under imperfect
information.

Zhang and Liu Prosper Rational herding is the result of Assessing the sequential Considerable evidence is found of rational herding on

[19]

observational learning among
lenders.
Irrational herding refers to others’

influence of the lagged
cumulative funding amount on
the current funding.

Prosper.




Citation Platform Definition of herding Measures of herding Implications
decisions as a descriptive social
norm or follows well-funded and
thus salient listings.
Table A2. Prominent Crowdfunding Research that Does not Address Herding Behavior

Citation Platform Purpose of paper Non-herding claims by the paper

Belavina et al. | General This paper proposes two mechanisms based on deferred Certain redesigned crowdfunding platform mechanism can help

[1] crowdfunding | payment to mitigate the risks in crowdfunding platforms. curb the issues of fund misappropriation and performance opacity.

platforms

Chakraborty General This paper studies how entrepreneurs signal the quality of Assumes that herding is not possible and claims the entrepreneur

and Swinney | crowdfunding | their product to the investors. It assumes that herding is not | should signal high quality by setting a high target that is distorted

[3] platforms possible. above the full information optimal level.

Fatehi and Bolstr, This paper studies how the new model of crowdfunding Revenue-sharing contracts are a novel approach to crowdfunding

Wagner [4] Localstake, with revenue-sharing contracts affects investors’ net present | and are superior to other financing models.

Startwise value.

Galak et al. Kiva This paper studies how two psychological mechanisms help | Investors prefer a lower number of borrowers (the size of borrower

[5] investors determine to whom they should lend: the group matters). Investors favor socially similar borrowers in terms
borrower group size and the investor-borrower social of gender, occupation, and even first name initials.
distance.

Huetal. [7] Kickstarter This paper studies the optimal marketing product line When buyers are heterogenous in their product evaluations, creators
strategy and the pricing strategy on the Kickstarter should offer a line of products with distinct levels of production
crowdfunding platform. It isolates the effects of asymmetric | quality.
information and primarily addresses the marketing strategy
at the platform.

Parhankangas | Kickstart This paper studies how the style of verbal communication Whereas improving the linguistic style in crowdfunding campaigns

and Renko factors into crowdfunding success. can improve perceptions of founding and their social campaigns,

[15]

such communication factors have little influence financially.




Appendix B. Support for Robustness Checks (Tables 9-11)
Table 9. Robustness Check (Cutoff = 95%)

@ 2 3) C))
In_lending_amt In_lending amt In_lending amt  In_lending amt
BBC 0.00127""(12.28) 0.00148"" (14.33)
CA 0.1617"*(34.06) 0.136"(28.27) 0.497"* (61.28) 0.410" (46.77)
Loan size 0.179"*(33.37) 0.1417*"(25.62)
PN -0.213""(-12.50) -0.228"* (-13.46) 2.366""(35.71) 1.978""(29.38)

Loan lending

-0.732™

-0.715™* (-70.40)

-1.044™ (-73.57)

-0.949"* (-64.31)

PL 0.2427*"(30.35) 0.113"(7.31) 0.0809" (3.16)
CA X PN -0.267°""(-32.53)  -0.225""(-27.05)
PL X PN 0.178"(7.22) 0.0678"" (2.74)
LLC X PL 0.0283""(11.38)
BBC X PL -0.00240™" (-10.05)
LLC X CA 0.00450™" (23.56)
BBC X CA 0.000175"""(9.68)
Constant 2.025%%% 2.502%*%* 0.694%#* 1.165%%*

(55.48) (63.15) (9.67) (15.83)
Observations 134,870 134,870 134,870 134,870
Adjusted R? 0.120 0.126 0.129 0.148

BBC = borrower borrowing credit; CA = log(cumulative amount; PL = prominent lender; PN = percent needed
for materialization; LLC = lender lending credits; CML = count materialized listings lending; CSR = count
successful repayment leading

Table 10. Robustness Check (Cutoff = 75%)
(0] (2) 3 (C))

In_lending amt In_lending amt In_lending _amt In_lending _amt

BBC 0.00127°"(1228)  0.00105™ (10.12)
CA 0.161"*(34.06) 0.137°(28.43)  0.498""(62.26)  0.426™ (49.95)
Loan size 0.179"*(33.37) 0.139"*(25.08)
PN 20.213""(-12.50)  -0.185""(-10.88)  2.450""(38.96)  2.073"*(32.86)

Loan lending  -0.732"*(-71.96)  -0.667"*"(-64.02)  -0.995"*(-67.67)  -0.901"** (-59.51)

PL 0.203"*(27.81)  0.0497"*(3.65)  -0.153""(-6.45)
CA X PN -0.283"*(-35.51)  -0.240""" (-30.29)
PL X PN 0271 (11.77)  0.142""(6.16)

LLC X PL 0.0701** (27.03)
BBC X PL -0.00344" (-13.51)
LLC X CA 0.00104™" (4.66)
BBC X CA 0.000277°* (12.46)
Constant 2.025™" (55.48) 2498 (62.18)  0.683"(9.70) L1517 (16.14)
Observations 134,870 134,870 134,870 134,870

Adjusted 2 0.120 0.125 0.129 0.152

BBC = borrower borrowing credit; CA = log(cumulative amount; PL = prominent lender; PN = percent needed
for materialization; LLC = lender lending credits; CML = count materialized listings lending; CSR = count
successful repayment leading



Table 11. Robustness Check (fraction of PL among all lenders)

) 2) 3 “

In_lending amt In_lending amt In_lending amt In_lending amt

BBC 0.00127" (12.28)

Loan size
FPN -0.213™(-12.50)
Loan lending

0.00163" (15.19)
0.148"" (31.39)
0.123"*(22.59)
-0.1987* (-11.74)
-0.588"" (-55.81)

0.161"*(34.06)
0.179"*(33.37)

0.456™(64.58) 0399 (52.73)

2,004 (35.73)
-0.916™* (-63.37)

1.829° (32.17)

-0.732" (-71.96) -0.863"* (-57.08)

PL 2746 (47.60)  3.394"(25.03)  1.687"(6.23)
CA X PN -0.218"%(-33.29)  -0.240"** (-30.29)
PL X PN -1.090°* (-6.04)  -1.008" (-5.24)
LLC X PL 0.177*(7.38)
BBC X PL -0.0061% (-2.47)
LLC X CA 0.00513"* (37.14)
BBC X CA 0.000677"" (4.92)
Constant 2.025™ (55.48) 2.605"(68.23)  1.064"(16.23)  1.289"*(19.20)
Observations 134,870 134,870 134,870 134,870

Adjusted R®*  0.120 0.125 0.129 0.152

BBC = borrower borrowing credit; CA = log(cumulative amount; FPL = number of prominent lenders/number
of cumulative lenders; PN = percent needed for materialization; LLC = lender lending credits; CML = count
materialized listings lending; CSR = count successful repayment leading
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