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1 |  INTRODUCTION

P2P lending platforms create an environment in which individuals can directly borrow and lend with-
out the use of intermediaries (Serrano-Cinca, Gutiérrez-Nieto, & López-Palacios, 2015). These lending 
platforms offer simplified procedures and lower transaction costs as compared to traditional financial 
markets (Collier & Hampshire, 2010), yet they also attract investors who are not well-equipped to cope 
with the risks associated with lending in risky markets (Lee & Lee, 2012; Zhang & Chen, 2017). In such 
markets, a listing receives multiple bids and lenders (investors) generally contribute to multiple loans 
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Abstract
This paper investigates expert bidding imitation in peer-to-
peer lending platforms. We employ data from Renrendai.
com, which contains information of about 170,000 investors 
who placed almost four million bids on 111,234 loan list-
ings from 2010 to 2018. The experts are defined as investors 
who either have more central roles or who spend more time 
or money on the network. We find that an average investor 
mimics the bids of expert lenders. Inactive lenders learn top 
investors’ lending behaviour through observational learning 
and then, follow their actions, although they do not know 
the experts’ identity. Finally, we show that experts rarely 
imitate other experts, yet they exhibit herding behaviour.

K E Y W O R D S

peer-to-peer lending, network analysis, expert imitation, big data, 
financial technology

J E L  C L A S S I F I C A T I O N

G11; G21; G40; G41

www.wileyonlinelibrary.com/journal/manc
mailto:
https://orcid.org/0000-0002-1606-6501
https://orcid.org/0000-0002-4799-778X
http://creativecommons.org/licenses/by/4.0/
mailto:gxg862@bham.ac.uk
http://crossmark.crossref.org/dialog/?doi=10.1111%2Fmanc.12321&domain=pdf&date_stamp=2020-06-13


2 |   GAO et Al.

to diversify their risk (Zhang & Liu, 2012). Bidding information is recorded and visible to all platform 
users. Hence, besides borrower or loan characteristics, earlier bids of peers in the system can be taken 
as additional information by investors in the community when making new lending decisions. While the 
effects of previous bidding volume or herding behaviour have been explored in the previous literature (ial 
correlation and exper & Gleisner, 2009; Caglayan, Talavera, & Zhang, 2019), little is known about the 
impact of the composition of the crowd on lending behaviour and whether expert imitation is observed.

The literature on expert imitation is scarce. Kahle and Homer (1985) provide early evidence that 
expert behaviour affects individual decisions. While experts act independently, their activities affect 
others, prompting a followership (Aral & Walker, 2012; Hayes-Roth, Waterman, & Lenat, 1983). Kim 
and Viswanathan (2018) showed that experienced investors affect crowd decisions in Appbackr, a 
crowdfunding website. In P2P lending markets, the composition of the crowd could also play an im-
portant role. In particular, when investors are not well-equipped to evaluate the risks, they may choose 
to mimic (replicate) the actions of those who are more experienced.

In this study, we seek evidence for the presence of expert imitation in a Chinese P2P platform, 
Renrendai.com. What we propose here is related to, yet differs from, the simple herding behaviour 
which associates certain actions of an individual to those of the whole crowd. In this study, we ques-
tion whether an individual's bidding behaviour is related to that of an expert's bids. Yet, to investigate 
whether ordinary investors follow experts’ actions, we must come up with an approach to identify 
the leaders in a P2P platform. Unlike social media celebrities, experts/leaders on P2P lending plat-
forms are not flagged or marked. We identify a P2P investment expert as an individual who has high 
investment intensity, defined either by the number of bids or by the amount of investments carried 
out by the same individual. This approach is further extended by centrality measures from network 
analysis in which investors (nodes) are linked (edged) if they invested in the same loan. The strength 
of connection can also be measured by either the amount of investment, the number of investments or 
a weighted measure of both.

To explore behavioural investment patterns in the crowd, we focus on Renrendai.com, one of the 
leading platforms in China (Yang & Lee, 2016), and extract data from 2010 to 2018. The dataset pro-
vides detailed socio-demographic and financial information about borrowers (e.g., income) as well as 
loan listings terms (e.g., interest rate or maturity). Furthermore, each loan listing contains the history 
of all biddings, including time span, amount of bid and investor anonymized ID. Using this infor-
mation in conjunction with the centrality measures mentioned above, we identify the most active or 
central investors in the Renrendai.com universe, and call them experts.

Having defined experts, we next check whether experts’ decisions influence the rest of the inves-
tors on the platform. We first implement a simple OLS model in search of a sequential correlation. 
This model provides the initial evidence that investors imitate experts’ bidding patterns. We then 
include, in our empirical models, listing fixed effects and variables to control for payoff externalities; 
we confirm that the investment community follows the experts: Our measure of expert indicator exerts 
a significant and positive effect on investors’ lending behaviour. As we deepen our investigation, we 
further find that all investors in the P2P community, including experts, herd. This observation pro-
vides evidence that herding is inherent to human nature.

This paper draws on two strands of research. First, our work is related to behavioural finance lit-
erature that discusses herding behaviour (Berger & Gleisner, 2009; Rook, 2006; Wei & Lin, 2016; 
Jiang, Ho, Yan, & Tan, 2018). This phenomenon is explored within P2P markets. Lee and Lee (2012) 
find evidence of herding behaviour in Popfunding.com, a Korean platform. Herzenstein, Dholakia, and 
Andrews (2011) study the strategic herding in Prosper.com while arguing that herding increases crowd-
funding, but once the target is fully funded, herding diminishes. Zhang and Liu (2012) investigate the 
rational herding in Prosper.com, which contributes to the literature because the herding is considered 
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an irrational mechanism. Similar to these studies, we observe evidence of herding behaviour. However, 
additionally, we provide evidence that investors observe and imitate their peers’ bidding actions.

Our study is also built on the literature on expert/opinion leaders. Influential people are likely 
to promote the diffusion of information, innovation, social capital and behaviour in a community 
(Burt, 1999; Chan & Misra, 1990; Valente & Rogers, 1995; Watts & Dodd, 2007), as these people are 
identified as experts or opinion leaders. For instance, Trusov, Bodapati, and Bucklin (2010) provide 
a measure by which to detect influential people in social media based on their communication and 
activity and provide evidence that users can be clustered into different levels of influence in the com-
munity. Iyengar, Van den Bulte, and Valente (2011) combine a sociometric and self-reported measure 
to detect the influence of actors in the social network. They find that heavy social media users are 
more influential in new product diffusion. This study, within a P2P environment, identifies the leaders 
and shows that leaders impact bids of the remaining investors in the community.

We construct the paper as follows. Section 2 provides information about the data and the associated 
descriptive statistics. Section 3 lays out our methodology and the empirical model. Section 4 presents 
the results. The last section concludes the paper.

2 |  DATA

2.1 | Renrendai.com

Renrendai.com, a leading P2P platform in China, was founded in October 2010; since then, it has at-
tracted about 170,000 investors and 90,000 borrowers (Wang & Liao, 2014).1 By the end of 2018, the 
platform had achieved over RMB 10 billion total investment with more than one million confirmed 
loans. To request a loan, a borrower initially creates a loan listing and can demand an amount ranging 
from 3,000 RMB to 50,000 RMB. The listing is allowed to be posted on the bidding system for up to 
168 hr. In doing so, the borrower is required to submit a stylized statement describing the funding 
purpose, as well as information about the borrower's employment, annual income and liability.

Once the information is uploaded, the platform assigns the listing a credit rating, from AA, A, B, 
C, D, F to HR, where AA reflects the most recommended ranking and HR stands for “High Risk”. 
The credit rating is based mainly on the information that the borrowers upload. Borrowers with good 
identification and a good credit history would be likely to receive a better credit ranking. As expected, 
a borrower who has defaulted, has an overdue payment, or has a criminal record would be labelled as 
poor-credit. Once the platform issues the credit ranking, the listing is posted on the bidding system. 
Renrendai.com provides mainly manual, automatic and hybrid bidding services. The manual bidding 
service allows investors to make decisions on their own. In contrast, the automatic bidding system 
makes decisions for the investors. The hybrid service allows investors to enjoy both automatic and 
manual bidding options. In this study, we focus on data from human activities only. Elimination of the 
automatic bidding data results in a reduction of 3% of the data.

Investors have access to listing and borrower characteristics. In general, investors bid several list-
ings with varying characteristics so as to diversify the idiosyncratic risk associated with specific 
borrowers. Investors also have access to the historical bidding records on each listing. Given a listing, 
once the requested loan amount is filled, the loan is created and the listing is removed from the web-
site. On average, a listing is completed within approximately 4 hr after the listing is posted; however, 
some other listings need a longer time for completion. The loan earnings are credited into a bank 

 1See Caglayan, Talavera, Xiong, and Zhang (2019), who also use Renrendai.com data for further detail on the data.
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account owned by the borrower. The repayments are withdrawn automatically from the same account. 
However, a listing that is not funded within 7 days is identified as failed and removed from the system, 
while all investors who have deposited money are fully reimbursed.

2.2 | Data description

We collect data from Renrendai.com between the period from October 2010 to October 2018 (Platform 
Profile: data is updated in real time, 2020). Our data are constructed from two sources. First, we col-
lect loan listings information about loan and borrower characteristics. Second, for each loan listing, 
we capture the bidding records and identify the bidder for each bidding. Hence, every specific bidding 
record is associated with a particular lender ID. We combined these two resources by utilizing the loan 
ID and generated a sample containing more than 16 million observations. For a particular loan ID, its 
loan characteristics, including annual interest rate, credit ranking, requested loan amount, listing time, 
maturity and duration, are recorded. The platform provides information about the borrower character-
istics, including borrower ID, monthly income, borrower age, employment situation, residence loca-
tion, educational level, immovable property ownership and credit history on the platform. When we 
turn to the investors’ view, we have lender ID, bid amount on all lists and bidding time on each bid. 
Finally, for each loan listing, we construct a dummy variable to depict hourly human or hybrid bid-
ding. Also, a pseudo panel on active bidders is constructed to investigate all active bidders’ activities.

Table 1 shows the basic statistics on lenders. Our dataset records both bidding and borrowing in-
formation on 432,882 observations based on 3,947,996 bids on 111,234 listings. The average number 
of hourly bids is 6.44, with a standard deviation of 19.03. The wide variation of the bidding frequency 
may be associated with investors’ daily routine, as investors may be more active at certain times of the 
day. In contrast, we observe that the average hourly number of bids attributable to experts is 1.88, with 

T A B L E  1  Descriptive statistics

Mean Std p25 p50 p75

(1) (2) (3) (4) (5)

Hourly Total Bids 6.44 19.03 0.00 0.00 5.00

Hourly Total Experts Bids 1.88 4.98 0.00 0.00 1.00

Hourly Total Non-Experts Bids 4.56 15.54 0.00 0.00 3.00

Hourly Bid Amount 9,368.00 23,609.70 0.00 0.00 3,500.00

Hourly Experts Amount 3,511.97 11,615.26 0.00 0.00 400.00

Hourly Non-Experts Amount 5,856.03 16,213.16 0.00 0.00 1,750.00

Hourly Experts Amount Percent 0.39 0.32 0.10 0.32 0.64

Log Bidders 5.06 2.03 3.64 4.88 5.77

Percent Needed 63.46 37.60 31.67 81.67 95.00

Obs. 432,882

Notes: This table shows the mean (1), standard deviation (2) and quartiles (3)-(5) of the following variables. Hourly Total Bids represents 
the hourly total number of bids from lenders for a loan request. Hourly Total Experts Bids represents the hourly total number of bids from 
experts for a loan request. Hourly Total Non-Experts Bids represents the hourly total number of bids from non-experts for a loan request. 
Hourly Bid Amount represents the hourly bid amount a listing receives. Hourly Experts Amount represents the hourly bid amount a listing 
receives from experts. Hourly Non-Experts Amount represents the hourly bid amount a listing receives from non-experts. Hourly Experts 
Amount Percent represents the percentage of the bid amount a listing receives attributed to experts. Log Bidders represents the logarithm 
of number of bidders. Percent Needed (%) represents the percentage of the amount requested that is left unfunded.
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a standard deviation of 4.98. Furthermore, the average hourly total bid amount on the platform is 9,368 
and the average expert contribution to the platform is 3,511, indicating that 37% of the investments 
are made by the experts. These features suggest that experts invest much more actively than do the 
rest, and that their investment pattern is more stable than that of the average investors, as the standard 
deviation associated with expert behaviour is lower.

Table 2 displays the basic descriptive statistics for all 111,234 listings in our dataset. The amount of the 
loan that a borrower can receive varies from 3,000 RMB to 500,000 RMB with an average of 49,142 RMB. 
The average interest rate is about 12.29% with a standard deviation of 2.61%. The average maturity is ap-
proximately 22 months. The platform labels 22% of the loan applications as high-risk listings. Borrowers’ 
average debt to income ratio (DTI) is about 28%. Although DTI could be very high for some of the appli-
cants, some borrowers do not have any outstanding debt; therefore, the DTI for such applicants is calculated 
as 0. Having no outstanding debt gives confidence to borrowers, as lenders in China tend to prefer funding 
applicants who have no or little debt. Generally, a listing reaches the requested amount within approxi-
mately 4 hr, with a standard deviation of 17 hr. A high standard deviation on completion rates implies that 
some listings are very popular and are completed very fast, though other listings take longer to fill, if at all. 
In the 1st hour, a listing receives 23 bids on average. This high average suggests that investors are eager to 
bid on listings, or perhaps new listings do not arrive as quickly, which causes investors to race to place a bid. 
This makes sense, as most of the bidders are small investors and the savings rates from banks are very low.

3 |  METHODOLOGY

3.1 | Expert definitions

Our proxies of expert lenders are based on the count measure as well as network centrality measures. 
To implement the count measure, we employ two approaches. Using a 4-month rolling window, we 

T A B L E  2  Descriptive statistics for loan characteristics

Mean Std p25 p50 p75

(1) (2) (3) (4) (5)

Loan Amount 49,142.76 43,465.87 15,000.00 41,100.00 73,700.00

Interest Rate (%) 12.29 2.61 10.80 12.00 13.00

Maturity (Months) 21.79 12.29 12.00 20.00 36.00

Credit Risky (1 = yes) 0.22 0.41 0.00 0.00 0.00

Debt-to-Income Ratio 0.28 0.36 0.11 0.19 0.35

Monthly Income 4.37 1.28 3.00 4.00 5.00

High Education 0.67 0.47 0.00 1.00 1.00

Time on Market 4.22 17.12 0.00 0.00 0.00

Obs. 111,234

Notes: This table shows the mean (1), standard deviation (2) and quartiles (3)-(5) of the following variables. Loan Amount represents 
the total amount of the loan received. Interest Rate (%) represents the annual percentage rate on the loan. Maturity represents the 
current loan duration in months. Credit Risky (1 = yes) means that the listing's credit grade is E or below, that is, E, F and HR, 
else = 0. Debt-to-Income Ratio represents the ratio of the borrower's monthly debt divided by gross income before the borrower 
applies for loans. Monthly Income represents the monthly income (measured by 1,000) for every borrower. High Education represents 
that the borrower holds a certificate that is above or equal to college level. Time on Market represents the time duration term that a 
listing is posted on the platform before it is full.
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calculate (a) the total amount of investment during the first 3 months (we call this period the learning 
interval) and (b) the number of investments for each investor.2 Then, we identify the top 15% of the 
investors within each proxy and generate two separate measures to identify experts. Count measure is 
straightforward and computationally light, which provides a simple means to directly record the in-
vestment experience of members in the P2P community. However, “count” measures could not prop-
erly reflect the linkages among investors. For instance, when an investor provides funds to a loan that 
has a potential of 100 bidders (including this investor), the investor's action is visible to 99 investors 
in the community. In contrast, an investment decision on a listing that has the potential for only 10 
investors to bid would be seen by only nine bidders. Practically, imitation emerges from observational 
learning and observational learning requires a visible signal. If the signal is not observed by as many 
investors as possible, the influence of expert behaviour on the community will be limited. Hence, 
count measures could be a good first-choice approach, but they would not capture the extent to which 
an investor influences other investors in the same community.

To study how signal transmissions can affect the behaviour of investors, we next apply network 
centrality measures. Centrality allows us to investigate the importance or influence of prominent ac-
tors in a network (Barrat, Barthélemy, & Vespignani, 2004). A network contains nodes (actors) that 
are associated by links (ties or edges) (Otte & Rousseau, 2002). Nodes refer to individuals who have 
connections to other individuals; a tie represents a unique connection between two nodes (Menichetti, 
Remondini, Panzarasa, Mondragón, & Bianconi, 2014). In this context, the P2P community is similar 
to a social network that embodies a substantial amount of information. In fact, investors in P2P com-
munities are connected by the bidding signals dispatched by the investors who bid on various listings 
at a time.

Using Renrendai data, we construct a network on a monthly basis in which investors connect with 
others by observing and learning peers’ behaviour. In particular, we construct connections between 
every individual lender ID who invests in the same loan ID; the connection is weighted by the bid 
amount and the bid amount is the signal that the particular lender ID dispatches to the other lender ID. 
Given the connections and investors, we generate an edge list that records the signal (bid information), 
resource, target and strength (bid amount). Then, we compute a degree of centrality to identify the 
most influential actors (investors) (Bonacich, 2007). Different measures capture the influence of ac-
tors in a network. Degree centrality, betweenness centrality and closeness centrality are the most com-
mon choices (Bonacich, 2007). As the most basic centrality measure, degree centrality captures the 
number of ties to a given point, which is defined as the number of links that a node has to other nodes 
(Opsahl, Agneessens, & Skvoretz, 2010). Betweenness centrality captures how many times a particu-
lar node serves as a bridge on the shortest path between two other nodes (Newman, 2005). Closeness 
centrality captures how many ties (steps) of the shortest path are required for a specific node to con-
nect with every other point in the network (Borgatti, 1995). In this study, we estimate degree centrality 
to measure the number of ties, that is, connections, of a particular agent. This indicator reflects the 
extent to which an actor is important or central to a network (Herrero-Lopez, 2009). Ignoring the 
direction, degree centrality simply counts the number of ties for every actor, CD (k)=

∑N

j
Xkj, where 

k is the focal node, j is all other nodes, N is the total number of nodes and x is the adjacency matrix.
As defined above, the degree centrality measure considers only the number of connections that 

an agent holds. However, in weighted networks, each connection is associated with a weight that 
represents the strength of the connection (Opsahl et al., 2010). To extend the degree centrality mea-
sure, Newman (2005) and Barrat et al. (2004) introduced the weighted degree, which summarizes 

 2We have conducted two extra checks by allowing the rolling windows to be either 3 or 5 months; we received quantitatively 
similar results. The results from these exercises are available from the authors upon request.
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the weights of all connections. More specifically, Cw
D
(k)=

∑N

j
Wkj, where W is the weighted matrix, 

in which if actor k connects with j, the associated element of the weight matrix, wkj, represents the 
strength of the connection.

The original degree and weighted degree reflect the number of connections and the strength of the 
connections, respectively. To combine the number and the strength, Opsahl et al. (2010) introduced a 
balancing parameter, α, to their proposed measure, Cw�

D
(k)=CD (k)�Cw

D
(k)(1−�). For our purposes, we 

weight the P2P network by the investment amount and we extend the degree by the sum of the weight 
with which we summarize the bid amount. We calculate the degree centrality by number of ties CD (k) 
by summarizing the total number of connections that an investor has in relation to other investors. 
Also, we compute the degree by the weight Cw

D
(k), which belongs to a lender ID, by summarizing the 

total bid amount that the lender ID dispatches to all target lenders. The degree measures the result in 
two rankings, which represent the connection number and the connection strength. We employ both of 
these two rankings and identify, as experts, the top 15% of investors in the ranking.

Unlike a simple count measure, centrality measures reflect how the information is transmitted in a 
community. In Renrendai.com, the historical bidding records are the only visible resource for investors 
to observe and learn from while the listing is active on the website. This information source disappears 
once the listing is completed and removed from the platform. Of course, past records are open to all 
lenders, but if we consider that the signals pass throughout a network, the lenders who invest in the 
same loan listing are most likely to observe and learn when the listing is actively receiving funds from 
the public. In a P2P platform, bid amount and bid number are the two visible resources. By taking both 
the number of connections and the strength of connections into account, we calculate a balanced de-
gree of centrality. Assuming that the degree and the strength are equally important, we calculate the 
balanced degree centrality measure Cw�

D
(k) for each lender ID. The balanced degree centrality pro-

vides our additional ranking from which we select, as the experts, the top 15% of investors with the 
highest balanced degree.3 Using these centrality measures, we generate a dummy Expert to flag the 
expert investors in the P2P investor community.

3.2 | Empirical model

To examine the claim that expert lending behaviour influences the remaining members in the invest-
ment community, we focus on the role of the cumulative historical biddings in the previous hours on 
investors’ current bidding decisions. While doing so, we split the previous bidding information into 
two groups: bids received from experts and bids received from non-experts. We are interested in in-
vestors’ behaviour for a specific listing after these investors have observed the number of expert bids 
as well as the total amount that experts invested in the previous hour. We generate cumulative hourly 
bidding data for each listing, from the time a listing is posted until the listing fills up or expires.

Our first approach is based on a simple OLS model and takes the following specification:

 3We have experimented with thresholds of 10% and 20% to define experts and received quantitatively similar results. Results 
are available from the authors upon request.

(1)
Hour Bid Amountit =�1Expert Amount Percenti,t−1+�2Total Bid Amounti,t−1

+�3Total Bidsi,t−1+Xit�1+Zi�2+eit
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where Hour Bid Amountit is the funding amount that loan i has received at time t = 1, 2,..., 60.4 
Although Renrendai.com allows every loan listing to be posted on the system for up to 7 days (168 hr), 
we keep data on loan listings up to T = 60 hr because the average completion time on the platform is 
around 4 hr. We also observe that listings that are not funded at T = 60 hr rarely receive full funding 
by the end of 168 hr, or 7 days. Also, as noted earlier, Hour Bid Amountit does include investments 
from those who join the community in the middle of a rolling window.

The OLS specification (1) allows us to check whether investors are affected by experts in the com-
munity. The key variables of interest, Expert Amount Percenti,t−1 and Hour Bid Amounti,t−1, gauge 
lagged cumulative funding from experts and collective investors, respectively. In particular, Expert 
Amount Percenti,t−1 represents the percentage of the cumulative amount which is attributed to experts 
in a listing i by the end of hour t-1.5

The model employs vectors Xit and Zi to measure the time varying and time invariant. For vector 
Xit, %Neededi,t-1 presents the percentage of the requested amount by loan i which is left unfunded by 
the end of hour t-1. To capture the effect of the bidding time throughout a day, we include Hour of 
Day, Hit-1 and Day of Week, Dit-1, as time fixed effects. Vector Zi contains the time invariant loan char-
acteristics, including Requested-Amount, Maturity, Credit Risk, Debt-to-Income-Ratio and Property-
Ownership Dummy. The Start Day is also included in Zi to measure the opening date for the loan 
listing. Because our data incorporates information from both manual bidding and manual-auto-hybrid 
bidding services, we introduced lagged Percent Auto Bidding in our model to control for the effect of 
machine bidding for the subscribed investors. The eit denotes the error term.

Model (1) could not be used to capture the presence of observational learning and imitation. This 
is because sequential correlation could materialize as a result of unobserved heterogeneity across loan 
listings. To control for unobserved heterogeneity in the data, we modify our model and introduce list-
ing fixed effects, μi. The model now takes the following form:

Both models (1) and (2) are estimated using five definitions of “expert”.
In addition to “following the crowd”, investors’ decisions could be driven by payoff externalities 

(Arieli, 2017). On Renrendai.com, investors take the opportunity cost that investing in a listing that 
may fail to complete. Although the contribution is fully refunded if the listing fails, investors still 
waste their time and potential opportunity. Hence, investment into nearly completed listings has sev-
eral advantages. This fact may further boost the completion speed and enhance the impacts of expert 
imitation and herding.

To capture the payoff externalities, we interact the Lag Percentage Need, the percentage remains 
unfunded to measure the opportunity cost, with the Lag Total Bid Amount. The augmented model is 
shown below:

 4We have also experimented with a normalization of all variables except percentages by loan size. Results are similar to those 
reported in the paper and are available from the authors upon request.

 5The results are qualitatively similar if we replace the percentage of the cumulative amount of bids made by experts with the 
percentage of cumulative number of bids made by experts.

(2)
Hour Bid Amountit =�1Expert Amount Percenti,t−1+�2Total Bid Amounti,t−1

+�3Total Bidsit−1+Xit�1+�i+vit

(3)
Hour Bid Amountit =�1Expert Amount Percenti,t−1+�2Total Bid Amounti,t−1+�3Total Bidsi,t−1

+Xit�1+Zi�2+�4Total Bid Amountit−1× Lag Percentage Need+eit
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4 |  RESULTS

Table 3 presents the results for the presence of sequential correlation using all five expert proxies that 
we described above. These regressions control for loan- and borrower-specific characteristics. Next, 
Table 4 presents the results for expert imitation after we introduce both the hour of day and the listing 
fixed effects into the model. Table 5 presents the results for expert imitation among different catego-
ries of investors after we categorize investors into different groups based on experience.

4.1 | Sequential correlation

Using the expert identifiers from both count measures and centrality measures, we examine for se-
quential correlation in Table 3. We include Expert Amount Percent, the percentage of the cumula-
tive amount which is attributed to expert; Lag Total Bid Amount refers to the funding amount that 
the listing receives. Columns 1–2 show the results based on the expert definition stemming from the 
count measure by amount, or by the number of bids. The last three columns report the results based 
on expert lists stemming from degree centrality by weight, the number of ties and the balanced degree 
centrality measure.

To detect expert imitation, we inspect the coefficient associated with Expert Amount Percent. The 
positive significant Lag Expert Amount Percent coefficient suggests that the expert decisions have a 
significant influence on investors in the Renrendai community: A listing receiving more past contri-
butions from experts does attract more subsequent funding. Precisely, if Lag Expert Amount Percent 
increases by 50 percentage points, we would expect to observe an approximately 6 to 8 percent in-
crease in the funding that a listing receives in the next hour. In other words, when investors explore 
the historical biddings, if there are more amount attributes to experts instead of average non-experts, 
they would provide more contributions to this listing. Overall, the more experts who appear on the 
historical bidding record, the more appealing the listing becomes to the observant investors.

Apart from expert imitation, we also observe evidence of herding. The coefficient of Lag Total 
Bid Amount is statistically significant and positive as well, which suggests that the more lenders con-
tribute, the more investors would follow. A similar finding was reported by Zhang and Liu (2012). 
Furthermore, we find that Lag Total Bids takes a positive coefficient in all the columns, suggesting 
that the earlier the bids appear in a listing, the more future investors will provide funding. This finding 
also supports herding behaviour, as investors, while making decisions, observe both the bids list and 
the amount of all bids.

When we turn to the remaining independent variables in the model, we first find that the Automatic 
Bidding Percent negatively affects the hourly bid amount, which suggests that the automatic bidding 
system discourages the investment intent on listings. This is interesting, as the primary function of the 
automatic bidding service is to ease investors’ decision-making problem and therefore, increase the 
overall amount invested in a listing. Lag Percentage Needed has a positive effect, which indicates that 
when a listing approaches completion, investors’ interest in this listing declines. As a result, it takes a 
slightly longer time to fill the listing. We find that Amount Requested has a positive effect on the total 
bid, which indicates that a listing that asks for a larger amount can attract the attention of investors. 
Log (number of) Bidders has a positive impact on the amount of the bid. This is meaningful because 
as the number of bidders increases, so does the amount bid on a listing.

Our results show that several borrower and listing characteristics also affect the lenders’ decision. 
Interest Rate takes a positive coefficient, reflecting that investors are attracted by high returns. Log 
(Monthly) Income has a positive coefficient, suggesting that investors prefer to fund applicants with 
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T A B L E  3  Sequential correlation and expert imitation

Count amount Count bids Degree amount Degree bids Balanced degree

(1) (2) (3) (4) (5)

Lag Expert Amount 
Percent

0.122*** 0.133*** 0.127*** 0.169*** 0.152***

(0.005) (0.005) (0.005) (0.005) (0.005)

Lag Total Bid Amount 0.313*** 0.316*** 0.313*** 0.318*** 0.318***

(0.012) (0.012) (0.012) (0.012) (0.012)

Lag Total Bids 0.011*** 0.011*** 0.011*** 0.011*** 0.011***

(0.002) (0.002) (0.002) (0.002) (0.002)

Lag Percentage 
Needed (%)

0.009*** 0.009*** 0.009*** 0.008*** 0.009***

(0.001) (0.001) (0.001) (0.001) (0.001)

Lag Percent Automatic 
Bidding

−0.801*** −0.792*** −0.795*** −0.824*** −0.812***

(0.019) (0.019) (0.019) (0.019) (0.019)

Amount Requested 0.163*** 0.162*** 0.162*** 0.158*** 0.152***

(0.006) (0.006) (0.006) (0.006) (0.007)

Interest Rate (%) 0.013*** 0.012*** 0.013*** 0.013*** 0.013***

(0.000) (0.000) (0.000) (0.000) (0.000)

Maturity −0.018*** −0.018*** −0.018*** −0.018*** −0.018***

(0.000) (0.000) (0.000) (0.000) (0.000)

Monthly income 0.009*** 0.009*** 0.009*** 0.009*** 0.009***

(0.003) (0.003) (0.003) (0.003) (0.003)

High Education 0.012** 0.014** 0.015*** 0.011** 0.013**

(0.006) (0.006) (0.006) (0.006) (0.006)

Credit Risky −0.105*** −0.102*** −0.102*** −0.103*** −0.105***

(0.008) (0.008) (0.008) (0.008) (0.008)

Debt-to-Income Ratio −0.004 −0.001 −0.002 0.002 −0.012

(0.009) (0.009) (0.009) (0.009) (0.011)

Log Bidders 1.231*** 1.231*** 1.232*** 1.231*** 1.230***

(0.003) (0.003) (0.003) (0.003) (0.003)

Lag Total 
Amount × Lag 
Percentage Needed 
(%)

−0.001*** −0.001*** −0.001*** −0.001*** −0.001***

(0.000) (0.000) (0.000) (0.000) (0.000)

Obs. 432,882 432,882 432,882 432,882 432,882

R2 0.849 0.849 0.848 0.849 0.849

Notes: This table shows the sequential correlation of the following variables based on (1) Count Amount Method, (2) Count Bids 
Method, (3) Degree Amount Method, (4) Degree Bids Method and (5) Balanced Degree Method. The dependent variable of all five 
clusters is Log Hour Bid Amount. Lag Expert Amount Percent represents the percentage of the total amount of the loan received 
from experts at time t-1. Lag Total Bid Amount shows the total amount of funding from collective investors at t-1. Lag Total Bids 
represents the total number of bids at t-1. Lag Percentage Needed (%) represents the percentage of the amount requested that is 
unfunded at t-1. Amount Requested represents the requested loan amount. Interest Rate (%) represents the annual interest rate of the 
loan. Maturity represents the loan duration in months. Monthly Income represents the monthly income of the particular borrower. 
High Education (1 = yes) represents whether the borrower holds a high education certificate. Credit Risky (1 = yes) represents the 
listing's credit grade, that is, E, F or HR, else = 0. Debt-to-Income Ratio represents the ratio of the borrower's monthly debt divided 
by gross income before they apply for loans. Log Bidders represents the logarithm of bidder numbers. Lag Percent Automatic Bidding 
shows the percentage of automatic bidding at t-1. The Hour of Day dummy variables are included but not reported.
**Significant at 5% level; ***Significant at 1% level. Robust standard errors are presented in parentheses. 
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higher incomes, as high-income applicants can be considered less risky. Debt-to-Income Ratio takes a 
negative coefficient, suggesting that investors tend to avoid borrowers with high debt levels. Credit 
Risky has a negative coefficient in all five columns. To avoid risk, investors are certainly filling loan 
requests of applicants with better credit scores. Maturity takes a negative coefficient; investors on 
Renrendai seem to prefer short-term loans over loans that mature further into the future. The negative 
coefficient associated with the interaction between Lag Total Bid Amount and Lag Percentage Needed 
suggests that as a listing approaches completion, investors will reduce their funding to that particular 
list.6 Given the speed of the action on Renrendai.com, investors must be quick in identifying opportu-
nities for new listings are posted as the older ones fill over the course of the day. Overall, the findings 
in Table 3 provide evidence of expert imitation and herding, and the role of the remaining variables in 
the model is similar to results in earlier work.

 6We observe a negative coefficient for the interaction term in Table 5, as well.

T A B L E  4  Fixed effect and expert imitation

Count amount Count bids
Degree 
amount Degree bids

Balanced 
degree

(1) (2) (3) (4) (5)

Lag Expert Amount Percent 0.121*** 0.172*** 0.137*** 0.193*** 0.166***

(0.017) (0.018) (0.017) (0.019) (0.018)

Lag Total Bid Amount 0.145*** 0.152*** 0.145*** 0.153*** 0.145***

(0.021) (0.021) (0.021) (0.021) (0.021)

Lag Total Bids 0.004*** 0.005*** 0.004*** 0.004*** 0.004***

(0.001) (0.001) (0.001) (0.001) (0.001)

Lag Percentage Needed (%) 0.001 0.000 0.000 0.000 0.000

(0.002) (0.002) (0.002) (0.002) (0.002)

Lag Percent Automatic 
Bidding

−0.547*** −0.541*** −0.536*** −0.556*** −0.554***

(0.026) (0.026) (0.026) (0.026) (0.026)

Lag Total Amount × Lag 
Percentage Needed (%)

0.000 0.000 0.000 0.000 0.000

(0.000) (0.000) (0.000) (0.000) (0.000)

Log Bidders 1.267*** 1.268*** 1.269*** 1.267*** 1.267***

(0.004) (0.004) (0.004) (0.004) (0.004)

Obs. 432,882 432,882 432,882 432,882 432,882

R2 (within) 0.709 0.709 0.709 0.709 0.709

Notes: This table shows the Fixed Effect Model results of the following: Count Amount Method, (2) Count Bids Method, (3) Degree 
Amount Method, (4) Degree Bids Method and (5) Balanced Degree Method. The dependent variable of all five clusters is Log Hour 
Bid Amount. Lag Expert Amount Percent represents the percentage of the total amount of the loan received from experts at time t-1. 
Lag Total Bid Amount shows the total amount of funding from collective investors at t-1. Lag Total Bids represents the total number 
of bids from lenders at t-1. Lag Percentage Needed (%) represents the percentage of the amount requested Zhang that is left unfunded 
at t-1. Log Bidders represents the logarithm of bidder numbers. Lag Percent Automatic Bidding shows the percentage of automatic 
bidding at t-1. The Hour of Day dummy variables are included but not reported.
***Significant at 1% level. Robust standard errors are presented in parentheses. 
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T A B L E  5  Active versus new investors

Active New Active experts Active non-experts

(1) (2) (3) (4)

Hour Expert Amount 
Percent

0.108*** −0.002 −0.028* 0.193***

(0.006) (0.017) (0.016) (0.017)

Lag Total Bid Amount 0.337*** 0.281*** 0.323*** 0.429***

(0.013) (0.011) (0.015) (0.016)

Lag Total Bids 0.011*** 0.010*** 0.010*** 0.011***

(0.002) (0.001) (0.002) (0.002)

Lag Percentage Needed 
(%)

0.011*** 0.014*** 0.014*** 0.024***

(0.001) (0.001) (0.001) (0.001)

Lag Percent Automatic 
Bidding

−0.764*** −0.531*** −0.613*** −0.687***

(0.018) (0.014) (0.016) (0.016)

Amount Requested 0.118*** 0.050*** 0.080*** 0.022***

(0.007) (0.007) (0.007) (0.008)

Interest Rate (%) 0.015*** 0.012*** 0.019*** 0.017***

(0.000) (0.001) (0.001) (0.001)

Maturity −0.018*** −0.012*** −0.017*** −0.017***

(0.000) (0.000) (0.000) (0.000)

Credit Risky −0.077*** −0.119*** −0.038*** −0.102***

(0.008) (0.009) (0.009) (0.011)

Debt-to-Income Ratio 0.016 0.019* 0.021* 0.029**

(0.011) (0.011) (0.011) (0.011)

Monthly Income 0.012*** 0.007 0.011*** 0.015***

(0.003) (0.004) (0.004) (0.005)

High Education 0.017*** 0.001 0.022*** 0.015**

(0.006) (0.007) (0.007) (0.008)

Log Bidders 1.271*** 1.424*** 1.371*** 1.332***

−0.003 (0.003) (0.003) −0.003

Lag Total Amount × Lag 
Percentage Needed (%)

−0.002*** −0.002*** −0.002*** −0.002***

(0.000) (0.000) (0.000) (0.000)

Obs. 354,252 246,491 255,174 235,411

R2 0.855 0.867 0.863 0.857

Notes: This table shows the OLS result with Log Hour Bid Amount as the dependent variable. The investor is defined as Active if she 
bid during the first 3 months of a 4-month rolling window. Otherwise, the investor is defined as New if she entered the window only 
in the 4th month. Expert is defined based on the balanced degree definition. Lag Expert Amount Percent represents the percentage of 
the total amount of the loan received from Expert at time t-1. Lag Total Bid Amount shows the total amount of funding from collective 
investors at t-1. Lag Total Bids represents the total number of bids at t-1. Lag Percentage Needed (%) represents the percentage of the 
amount requested that is unfunded at t-1. Amount Requested represents the requested loan amount. Interest Rate (%) represents the 
annual interest rate of the loan. Maturity represents the loan duration in months. Monthly Income represents the monthly income of the 
particular borrower. High Education (1 = yes) represents whether the borrower holds a high education certificate. Credit Risky (1 = yes) 
represents that the listing's credit grade is E, F or HR, else = 0. Debt-to-Income Ratio represents the ratio of the borrower's monthly debt 
divided by gross income before they apply for loans. Log Bidders represents the logarithm of bidder numbers. Lag Percent Automatic 
Bidding shows the percentage of automatic bidding at t-1. The Hour of Day dummy variables are included but not reported.
*Significant at 10% level; **Significant at 5% level; ***Significant at 1% level. Robust standard errors are presented in parentheses. 
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4.2 | Listing heterogeneity and payoff externalities

Having confirmed the sequential correlation for expert variation, we introduce listing fixed effects to 
control for listing heterogeneity. We include listing fixed effects to check for whether the expert imita-
tion and herding are overestimated, as the positive sequential correlation result could be driven by the 
unobserved heterogeneity across listings and payoff externalities among lenders. Thus, all listing- and 
borrower-specific characteristics are dropped from our econometric specifications.

When we inspect Table 4, we find that Lag Expert Amount Percent still takes a highly significant 
positive coefficient, which suggests the presence of expert imitation on Renrendai.com. Lag Total Bid 
Amount is statistically significant and positive. This suggests herding behaviour in the community. 
These findings confirm that the expert, as well as the herding, exist in the P2P market. Furthermore, 
herding seems to be overestimated in the main result. Lag Total Bids has a positive effect on the in-
vestors’ decisions, which is consistent with the earlier results (Zhang and Liu, 2012). The coefficient 
of Log (number of) Bidders is significantly positive, which suggests that the number of lenders on the 
market increases the amount that a listing receives. Finally, the interaction term Lag Total Bid Amount ×  
Lag Percentage Need does not take a significant coefficient. Overall, the findings in Table 4 corrobo-
rate the expert imitation evidence and herding evidence in our main results.

4.3 | Extensions

Our analysis is further extended by the categorization of investors based on recent experience. Within 
every 4-month rolling window, we identify Active Investor if she invested during the first 3 months. 
However, an investor can enter the window in the 4th month; in this case, she is defined as New 
Investor. We split investors based on experience because the expert imitation comes from observa-
tional learning during the learning interval. Without sufficient learning, it is rarely possible to ac-
quire expert acknowledge. Furthermore, although some New Investors might have participated in the 
previous windows, because “expert” is continually updated, the lack of earlier activity in a window 
indicates that they are less likely to observe and learn during the current rolling window. Active inves-
tors are further split into experts and non-experts based on the balanced degree definition of experts. 
Active investors are not always considered experts. Active non-experts have a level of investment 
that is lower in frequency and quantity as compared to those identified as experts. Hence, Model (1) 
is estimated for all four groups and the results are reported in Table 5.

When we examine the effect of expert imitation on active investors (Column 1), we find that Active 
Investors are likely to imitate the decisions attributed to experts. Meanwhile, the coefficient of Lag 
Total Bid Amount suggests that these Active Investors also herd. Interestingly, when we compare these 
results to New Investors (Column 2 of Table 5), we do not detect the expert imitation while herding 
is still present: The coefficient of Lag Total Bid Amount is positive and significant for this group sug-
gesting that the new investors are inclined to follow the collective investors’ decisions. This is perhaps 
because the new investors have not observed enough listings to identify experts and, thus, they prefer 
to simply follow the crowd.

When we examine the behaviour of both active experts and active non-experts as reported in 
Columns 3 and 4, we find that the latter are positively affected by other experts’ decisions, while the 
evidence for the former is not conclusive (negative and weakly significant). This phenomenon can be 
explained by the difference in perception between both experts and non-experts. When they observe 
historical biddings, non-experts might be geared towards using information extracted from experts’ 
bids as an aid to their investment decisions, whereas experts do not pay attention to other experts. 
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However, both types of investors are positively affected by the Lag Total Bid Amount, which suggests 
that both experts and non-experts herd, whereas non-experts are more likely to follow the crowd 
decisions.

5 |  CONCLUSION

During the past decade, online peer-to-peer lending platforms have benefited both investors who 
sought better returns for their hard-earned savings and credit-constrained borrowers who had dif-
ficulty obtaining loans by resorting to traditional means. However, P2P lending platforms are still in 
development; in particular, most investors are not adequately equipped with the expert knowledge to 
cope with the risks associated with lending on these platforms. Earlier literature has shown that, under 
uncertainty, investors herd. However, given that investors can observe historical data about the lend-
ing behaviour of all other investors, it would be possible to single out investors who have expert infor-
mation on listings posted on the platform. When such individuals are identified through observation, 
rather than blindly following the crowd, that is, herd, investors may prefer to follow expert behaviour 
and mimic their lending pattern.

Our research focuses on data extracted from Renrendai.com and shows, for the first time that 
observational learning takes place in P2P markets and that naïve investors learn through observation 
and imitate market leaders’ lending behaviour. Using sequences of rolling windows over historical 
bidding data, we empirically identify some investors as experts using count methods and network 
centrality measures. Although these measures are different from each other, they successfully capture 
the top investors in the P2P community and provide similar results. Introducing these measures into an 
empirical framework similar to models that researchers have used to examine the presence of herding 
behaviour, we show that experts’ lending behaviour significantly and positively affects the lending 
behaviour of the remaining P2P investors in the community. In other words, we provide evidence that 
investors observe and learn from experts and act in line with expert behaviour.

Finally, we show that experts do not follow other experts in the community, but they have the ten-
dency to herd. This is perhaps because herding behaviour is ultimately subconsciously inherent in all 
living beings. We believe that further research along these lines would be beneficial.

ACKNOWLEDGEMENTS
This work has been supported by the Economic and Social Research Council (ESRC) grant ES/
P004741/1. We thank Linh Vi for excellent research assistance.

ORCID
Mustafa Caglayan   https://orcid.org/0000-0002-1606-6501 
Oleksandr Talavera   https://orcid.org/0000-0002-4799-778X 

REFERENCES
Aral, S., & Walker, D. (2012). Identifying influential and susceptible members of social networks. Science, 337(6092), 

337–341. https://doi.org/10.1126/scien ce.1215842
Arieli, I. (2017). Payoff externalities and social learning. Games and Economic Behavior, 104, 392–410. https://doi.

org/10.1016/j.geb.2017.05.005
Barrat, A., Barthélemy, M., & Vespignani, A. (2004). Weighted evolving networks: Coupling topology and weight dy-

namics. Physical Review Letters, 92(22), 228701. https://doi.org/10.1103/PhysR evLett.92.228701

https://orcid.org/0000-0002-1606-6501
https://orcid.org/0000-0002-1606-6501
https://orcid.org/0000-0002-4799-778X
https://orcid.org/0000-0002-4799-778X
https://doi.org/10.1126/science.1215842
https://doi.org/10.1016/j.geb.2017.05.005
https://doi.org/10.1016/j.geb.2017.05.005
https://doi.org/10.1103/PhysRevLett.92.228701


   | 15GAO et Al.

Berger, S. C., & Gleisner, F. (2009). Emergence of financial intermediaries in electronic markets: The case of online p2p 
lending. BuR Business Research Journal, 2(1). https://doi.org/10.1007/BF033 43528

Bonacich, P. (2007). Some unique properties of eigenvector centrality. Social Networks, 29(4), 555–564. https://doi.
org/10.1016/j.socnet.2007.04.002

Borgatti, S. P. (1995). Centrality and aids. Connections, 18(1), 112–114.
Burt, R. S. (1999). The social capital of opinion leaders. The Annals of the American Academy of Political and Social 

Science, 566(1), 37–54. https://doi.org/10.1177/00027 16299 56600104
Caglayan, M., Talavera, O., Xiong, L., & Zhang, J. (2019). What does not kill us makes us stronger: The story of re-

petitive consumer loan applications, (Discussion Papers No. 19–01). Birmingham, UK: Department of Economics, 
University of Birmingham.

Caglayan, M., Talavera, O., & Zhang, W. (2019). Herding behaviour in P2P lending markets. BOFIT, (Discussion 
Papers No. 22/2019). Helsinki, Finland: Bank of Finland, Institute for Economies in Transition.

Chan, K. K., & Misra, S. (1990). Characteristics of the opinion leader: A new dimension. Journal of Advertising, 19(3), 
53–60. https://doi.org/10.1080/00913 367.1990.10673192

Collier, B. C., & Hampshire, R. (2010 February). Sending mixed signals: Multilevel reputation effects in peer-to-peer 
lending markets. In Proceedings of the 2010 ACM Conference on Computer Supported Cooperative Work (pp. 
197–206). New York, NY: ACM.

Hayes-Roth, F, Waterman, D, & Lenat, D (1983). Building expert systems, Boston, MA: Addison-Wesley.
Herrero-Lopez, S. (2009). Social interactions in p2p lending. In Proceedings of the 3rd Workshop on Social Network 

Mining and Analysis (pp. 1–8). New York, NY: Association for Computing Machinery. https://dl.acm.org/
doi/10.1145/17310 11.1731014

Herzenstein, M., Dholakia, U. M., & Andrews, R. L. (2011). Strategic herding behavior in peer-to-peer loan auctions. 
Journal of Interactive Marketing, 25(1), 27–36. https://doi.org/10.1016/j.intmar.2010.07.001

Iyengar, R., Van den Bulte, C., & Valente, T. W. (2011). Opinion leadership and social contagion in new product diffu-
sion. Marketing Science, 30(2), 195–212. https://doi.org/10.1287/mksc.1100.0566

Jiang, Y., Ho, Y. C., Yan, X., & Tan, Y. (2018). Investor platform choice: Herding, platform attributes, and regulations. 
Journal of Management Information Systems, 35(1), 86–116. https://doi.org/10.1080/07421 222.2018.1440770

Kahle, L. R., & Homer, P. M. (1985). Physical attractiveness of the celebrity endorser: A social adaptation perspective. 
Journal of Consumer Research, 11(4), 954–961. https://doi.org/10.1086/209029

Kim, K., & Viswanathan, S. (2018). The 'Experts' in the crowd: The role of experienced investors in a crowdfunding 
market. MIS Quarterly.

Lee, E., & Lee, B. (2012). Herding behavior in online p2p lending: An empirical investigation. Electronic Commerce 
Research and Applications, 11(5), 495–503. https://doi.org/10.1016/j.elerap.2012.02.001

Menichetti, G., Remondini, D., Panzarasa, P., Mondragón, R. J., & Bianconi, G. (2014). Weighted multiplex networks. 
PLoS ONE, 9(6), e97857. https://doi.org/10.1371/journ al.pone.0097857

Newman, M. E. (2005). A measure of betweenness centrality based on random walks. Social Networks, 27(1), 39–54. 
https://doi.org/10.1016/j.socnet.2004.11.009

Opsahl, T., Agneessens, F., & Skvoretz, J. (2010). Node centrality in weighted networks: Generalizing degree and short-
est paths. Social Networks, 32(3), 245–251. https://doi.org/10.1016/j.socnet.2010.03.006

Otte, E., & Rousseau, R. (2002). Social network analysis: A powerful strategy, also for the information sciences. Journal 
of Information Science, 28(6), 441–453. https://doi.org/10.1177/01655 51502 02800601

Platform Profile: data is updated in real time. (2020, January, 11). Retrieved from https://www.renre ndai.com/about /
opera te/dataR eveal

Rook, L. (2006). An economic psychological approach to herd behavior. Journal of Economic Issues, 40(1), 75–95. 
https://doi.org/10.1080/00213 624.2006.11506883

Serrano-Cinca, C., Gutiérrez-Nieto, B., & López-Palacios, L. (2015). Determinants of default in p2p lending. PLoS 
One, 10(10), e0139427. https://doi.org/10.1371/journ al.pone.0139427

Trusov, M., Bodapati, A. V., & Bucklin, R. E. (2010). Determining influential users in internet social networks. Journal 
of Marketing Research, 47(4), 643–658. https://doi.org/10.1509/jmkr.47.4.643

Valente, T. W., & Rogers, E. M. (1995). The origins and development of the diffusion of innovations paradigm as an 
example of scientific growth. Science Communication, 16(3), 242–273. https://doi.org/10.1177/10755 47095 01600 
3002

https://doi.org/10.1007/BF03343528
https://doi.org/10.1016/j.socnet.2007.04.002
https://doi.org/10.1016/j.socnet.2007.04.002
https://doi.org/10.1177/000271629956600104
https://doi.org/10.1080/00913367.1990.10673192
https://dl.acm.org/doi/10.1145/1731011.1731014
https://dl.acm.org/doi/10.1145/1731011.1731014
https://doi.org/10.1016/j.intmar.2010.07.001
https://doi.org/10.1287/mksc.1100.0566
https://doi.org/10.1080/07421222.2018.1440770
https://doi.org/10.1086/209029
https://doi.org/10.1016/j.elerap.2012.02.001
https://doi.org/10.1371/journal.pone.0097857
https://doi.org/10.1016/j.socnet.2004.11.009
https://doi.org/10.1016/j.socnet.2010.03.006
https://doi.org/10.1177/016555150202800601
https://www.renrendai.com/about/operate/dataReveal
https://www.renrendai.com/about/operate/dataReveal
https://doi.org/10.1080/00213624.2006.11506883
https://doi.org/10.1371/journal.pone.0139427
https://doi.org/10.1509/jmkr.47.4.643
https://doi.org/10.1177/1075547095016003002
https://doi.org/10.1177/1075547095016003002


16 |   GAO et Al.

Wang, H. J., & Liao, L. (2014). Chinese P2P platform’s credit authentication mechanism research—Evidence from 
Renrendai. China Industrial Economics, 4, 136–147.

Watts, D. J., & Dodds, P. S. (2007). Influentials, networks, and public opinion formation. Journal of Consumer Research, 
34(4), 441–458. https://doi.org/10.1086/518527

Wei, Z., & Lin, M. (2016). Market mechanisms in online peer-to-peer lending. Management Science, 63(12), 4236–
4257. https://doi.org/10.1287/mnsc.2016.2531

Yang, Q., & Lee, Y.-C. (2016). Influencing factors on the lending intention of online peer-to-peer lending: Lessons from 
renrendai. com. The Journal of Information Systems, 25(2), 79–110.

Zhang, J., & Liu, P. (2012). Rational herding in microloan markets. Management Science, 58(5), 892–912. https://doi.
org/10.1287/mnsc.1110.1459

Zhang, K, & Chen, X (2017). Herding in a P2P lending market: Rational inference OR irrational trust? Electronic 
Commerce Research and Applications, 23, 45–53. https://doi.org/10.1016/j.elerap.2017.04.001

How to cite this article: Gao G, Caglayan M, Li Y, Talavera O. Expert imitation in P2P 
markets. The Manchester School. 2020;00:1–16. https://doi.org/10.1111/manc.12321

https://doi.org/10.1086/518527
https://doi.org/10.1287/mnsc.2016.2531
https://doi.org/10.1287/mnsc.1110.1459
https://doi.org/10.1287/mnsc.1110.1459
https://doi.org/10.1016/j.elerap.2017.04.001
https://doi.org/10.1111/manc.12321

