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Abstract
The peer economy, such as crowdfunding, democratizes access to tasks available 
only to professionals. Although the peer economy has gained great popularity in 
practice, how crowds infer information from their peers, especially from experts, is 
still under minimal study in academia. Using data from a debt-based crowdfund-
ing platform in China, this study investigates the impact of seasoned predecessors’ 
bids on subsequent investors’ decisions and how seasoned and unseasoned inves-
tors respond differently to herding signals. We discover that the cumulative lending 
amount from seasoned predecessors is positively associated with the lending amount 
of a successor, and such an association is greater if the successor is seasoned. In the 
repayment process, we find that the lending amount from seasoned investors is posi-
tively associated with loan performance, while the lending amount from unseasoned 
investors is not. Our results contribute to the literature on crowds of wisdom, imply-
ing that in a context that requires sophisticated knowledge, extracting hidden talents 
from experts rather than from crowds is more appropriate.
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1  Introduction

The signature of the "peer economy" is that it democratizes access to service 
tasks that used to be dominated by professionals, such as house renting (Airbnb), 
taxi service (Uber and DiDi), crowdfunding (Lending Club), and digital pho-
tography (Photostock). This paper focuses on debt-based crowdfunding, where 
mostly amateur investors collectively lend money to borrowers via an online plat-
form. Debt-based crowdfunding has experienced fast growth worldwide. As of 
September 30, 2019, LendingClub, the largest debt-based crowdfunding platform 
in the U.S., originated US$ 40.45 billion in loans. In China, debt-based crowd-
funding platforms facilitated more than 8800 billion RMB (US$1250 billion) in 
loans by the end of October 31, 2019.

The thriving of crowdfunding is premised on "collective intelligence": an army 
of amateurs, empowered by online platforms, can collectively make good invest-
ment decisions [39, 49]. One argument is that there are hidden talents among the 
amateurs that can make as sound decisions as the professionals but at a fraction 
of the cost [46], furthermore, even though a single amateur may be inferior to 
a professional, together they can, however, demonstrate "collective intelligence" 
that can rival professionals [49].

Collective intelligence is known to work the best when individual participants 
have local knowledge, and they each make independent judgments [11]. However, 
almost all real-world crowdfunding platforms violate the condition of independ-
ence—an investor in the crowdfunding market does not have to finance the entire 
amount of a loan request, so they could routinely study decisions made by prior 
investors and, in many cases, copy such decisions in a phenomenon known as 
"herding". Research has shown that herding is quite harmful to collective intel-
ligence in that it can magnify the small error made by early decision-makers 
and cause large uncertainties in market outcomes [39, 49]. When a later deci-
sion maker ignores his/her own information and copies prior decisions, the mar-
ket becomes inefficient in aggregating distributed information and thus greatly 
undermines collective intelligence [37, 49]. To date, there is little understanding 
of the degeneration of crowdfunding markets because of observational learning.

Of particular interest is the expertise of investors in the crowdfunding mar-
ket. Expertise, a form of “human capital” obtained through professional training 
or practical experience, reflects an individual’s competence and knowledge in a 
specific domain [17, 18]. Individuals with high expertise are expected to demon-
strate superior performance in a repeatable and reproducible manner [53]. When 
it comes to the field of the debt-based crowdfunding market, the investor exper-
tise could be reflected by investment experience and performance. We thereby 
divide investors into two categories based on their level of expertise: seasoned 
and unseasoned investors. Investors with rich investment experience and good 
performance are defined as seasoned investors, while the rest as unseasoned ones 
[13]. By definition, seasoned investors’ investment decisions are of higher qual-
ity than the rest. If participants can somehow identify such seasoned investors 
in crowds and follow their decisions more than others, the degenerative effect 
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of observational learning can be mitigated. Moreover, if seasoned investors act 
more independently than others, then the informational efficiency of crowdfund-
ing markets will be higher. Therefore, how seasoned investors are leveraged and 
act in crowdfunding markets holds important implications. These issues are the 
focus of this paper.

There are several reasons to argue that seasoned investors may not act or be 
viewed differently in debt-based crowdfunding markets. First, it may be difficult 
to tell the hidden talents in the crowds. After all, investment outcomes are highly 
uncertain and, in many cases, delayed, and it may not be clear which investor has 
higher expertise. Second, amateur investors may lack the sophistication or attention 
bandwidth to research the profiles of many investors before them (i.e., predeces-
sors). As a result, they may opt for other more accessible cues to aid their decisions. 
Third, seasoned investors may not have incentives to let others free ride and thus 
may disguise their expertise from others for strategic gains.

Given the gap in the understanding of experts’ role in the debt-based crowdfund-
ing market, we ask the following two questions: (1) Do seasoned and unseasoned 
predecessors have different influential power? (2) Do seasoned and unseasoned 
investors differ in interpreting the same market signal?

Drawing on signaling theory [1] and heuristic–systematic information process-
ing theory [5], we hypothesize that investors with greater expertise will be more 
influential than other investors and are more likely to make independent investment 
decisions. We then test these hypotheses using a dataset from a leading debt-based 
crowdfunding lending platform in China.

2 � Literature review

2.1 � The role of expertise in the market

Our study draws upon research relating to the role of expertise in the market. Cur-
rent studies have shown that expertise can be reflected in a variety of facets, such as 
opinion leaders, word-of-mouth, and tagged experts [29, 34]. For instance, people 
make decisions in e-commerce utilizing diverse information, among which consum-
ers’ comments and recommendations, especially opinion leaders, are typical (e.g., 
[12, 19]). Online information (e.g., recommendations) from different sources may 
influence consumer choices in different ways because consumers may consider that 
their credibility varies [24]. Information from high-credibility referents will be more 
influential and will be more likely to be accepted. Expertise and trustworthiness are 
the major sources of information credibility [27, 35], so reviewers’ expertise and 
trustworthiness positively affect consumers’ behaviors, such as their attitudes toward 
a brand, purchase intention, and actual purchases (e.g., [41, 51]).

Although experts were found to have important persuasion power, making 
choices completely following experts may have two limitations. First, it is difficult 
for consumers to identify who are real experts. Second, experts sometimes only have 
very limited information or expertise on specific topics. Compared to what has been 
found in the marketing field, there is very limited research on the value of individual 
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experts in the crowdfunding market. After examining industry practices of crowd 
designs across countries and reviewing relevant literature on this topic, Chen et al. 
[10] identified several inefficiencies of pure crowds in crowdfunding platforms and 
proposed that these shortcomings could be mitigated by a hybrid crowd design. 
Keongtae and Viswanathan [29] pointed out that special attention should be given to 
influential entities such as investment banks, experienced venture capitals, and top-
ranked mutual funds. Drawing on the dataset of individual investments in a mobile 
application (app) crowdfunding market, they investigated whether early investments 
work as signals of quality for later investors and whether the value of these signals 
differs depending on the identity of early investors. They found that two categories 
of experts, app development investors and experienced investors, have significant 
influences on subsequent investors. Furthermore, experts’ investment choices are 
indeed credible to predict apps ex-post performance, sales, and consumer ratings 
[29]. However, they do not differentiate the response behaviors of signal receivers.

The collective intelligence of crowds, especially end-users, also gains attention. 
Findings based on the reward-based crowdfunding platform Kickstarter indicate a 
significant agreement between the investment decisions of nonexperts (investors in 
Kickstarter) and experts (industrial professionals). There are no quantitative or qual-
itative differences in the long-term outcomes (e.g., ticket sales and critical reviews 
in press) between projects funded by both nonexperts and experts and those funded 
only by nonexperts [38]. These results suggest that nonexperts also play an impor-
tant role in project evaluation and that their decisions could complement expert 
decisions.

2.2 � Herding behaviors

Our study also draws upon work on herding behavior in the market. In a typical 
debt-based crowdfunding market, any verified user is eligible to register on the 
platform as a borrower or an investor [9]. A borrower could post a loan request, 
called a listing, on the crowdfunding platform, specifying listing terms such as the 
amount requested, the interest rate offered, loan purpose, loan duration, and infor-
mation about its borrower. Potential investors could bid when it is open for auction. 
An investor does not have to finance the entire amount of a loan request,instead, they 
can bid at a minimum amount specified by the platform [36]. Investors make their 
investment decision based on their evaluation of the information shown on the plat-
form, including the lending amount from peer predecessors, which makes herding 
behavior among investors possible (e.g., [4, 28, 56]).

A stream of research focuses on the existence of herding behavior in the market 
and its rationality. Herding behavior among investors is a ubiquitous phenomenon 
[21, 44]. Herzenstein et al. [23] discovered the existence of strategic herding behav-
ior among investors, arguing that they have a greater tendency to bid on an auction 
with more bids, but only to the point at which it has received full funding. They also 
discovered a positive association between the herding level in the auction period and 
the subsequent loan performance. Zhang and Liu [56] also discovered evidence of 
herding among lenders. That is, well-funded borrower listings tend to attract more 



1 3

The role of expertise in herding behaviors: evidence from a…

funding. Their study confirms that lenders engage in active observational learning 
rather than passively mimicking their peers. Herding behaviors among lenders in the 
crowdfunding market are observed in other places, such as South Korea and China 
(e.g., [32, 36, 54, 57]). Studies have shown that herding among lenders is irrational 
in China, as it is negatively associated with loan performance (Chen and Lin [8]).

Another stream of research focuses on how investors follow the herd. When 
information on borrower creditworthiness is limited, investors tend to seek infor-
mation from peer predecessors, and they switch to their own judgment when more 
signals are transmitted through the market [54]. Liu et al. [36] revealed that when 
offline friends of a potential lender place a bid, a relational herding effect occurs, 
as potential lenders are likely to follow their offline friends with a bid. Similarly, in 
the field of online reviews, community herding also occurs on high ratings, inducing 
subsequent users to provide high ratings, and such herding behavior will be reduced 
by the number of friends who have rated the same product [33].

The above studies imply that herding behavior serves as a signal of borrower 
creditworthiness for potential investors in the crowdfunding market, and it has a sig-
nificant impact on a successor’s decisions. However, prior studies generally assume 
that herding signals are produced by homogeneous investors, and their influences 
on successors are also homogeneous. Whether the lending amount from different 
peer predecessors would have different impacts on successors and whether different 
investors respond differently to the same herding signals are still under limited study.

3 � Theoretical framework and hypothesis development

3.1 � Theoretical framework

The usefulness of a market signal depends on two factors: (1) the quality of the sig-
nal (i.e., how a market signal is produced) and (2) the processing procedure of the 
signal (i.e., how the market signal is interpreted by receivers). This study is thus 
based on two well-established theories: signaling theory [1] and heuristic–system-
atic information processing theory [5]. Signaling theory is developed based on the 
seminal work of Akerlof [1] on the used car market, which studied the role of infor-
mation asymmetry between sellers and buyers and how such information asymmetry 
between these two parts can lead to adverse selection problems. Such an adverse 
selection problem can be mitigated if high-quality sellers can produce signals to 
communicate their superior quality [47]. Credible signals can be observed and can 
help buyers separate high-quality sellers from low-quality sellers, and ex-post, such 
signals can be validated to be useful. As crowdfunding is a special type of peer 
economy, most of the investors in this market are, unlike professional investors in 
the traditional financial market, less sophisticated [29]. Thus, investors may proac-
tively search and utilize market signals, such as bids from prior investors, to improve 
decision making. As bids may be from predecessors of different expertise, succes-
sors may distinguish the investment amount between from seasoned and from unsea-
soned investors.
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In addition to signaling theory, heuristic–systematic information processing the-
ory is also considered in our research to explain how investors interpret the mar-
ket signal of prior bids. According to heuristic–systematic information processing 
theory, information processing is a dual process. There are two different cognition 
patterns for information processing that require different degrees of cognitive effort: 
systematic processing and heuristic learning or intuition [14]. Systematic process-
ing is information-intensive and analytically oriented, while heuristic processing is 
based on simple decision rules with a focus on easily acquired and processed infor-
mation. Investors may choose between these two cognition patterns according to 
their knowledge base and their levels of involvement [26, 40]. A heuristic strategy 
has the economic advantage of requiring a minimum of cognitive effort, while its 
disadvantage is that it may be less reliable. As systematic processing is difficult and 
requires effort, unseasoned investors tend to have greater inclinations to adopt a heu-
ristic approach, such as following peers’ investment decisions, especially when their 
issue involvement is low.

Based on the above analysis, the conceptual model is developed as follows 
(Fig. 1).

3.2 � Hypothesis development

Expertise is a form of "human capital" accumulated through professional training 
and practical experience and indicated by the achievement of superior performance 
[10]. In the context of debt-based crowdfunding, an investor’s expertise grows as 
the individual’s experience of investment activities increases, and investors with dif-
ferent levels of expertise have different capabilities and strategies to process infor-
mation, which leads to different decision qualities [38]. Compared with unseasoned 
investors, seasoned investors are more likely to systematically collect relevant infor-
mation, analyze the true merits of the loan request, and make rational decisions [42]. 
Thus, seasoned investors might have a better judgment of the information related 
to a listing. The signal produced by seasoned predecessors would be regarded as 
more credible than unseasoned signals [52]. In the equity-based crowdfunding plat-
forms, studies have shown that the proportion of funding invested by lead investors 
in the funding target and their investment experience are positively related to fund-
raising performance [45]. Thus, in the debt-based crowdfunding platforms, invest-
ments from seasoned investors, working as an important market signal, may also 

Predecessors’ 

Expertise 
Investment Decision

Successors’ Expertise 

Market signal 

Fig. 1   Conceptual model
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exert a much stronger influence on potential investors than unseasoned investors. 
The investment history and performance of an investor are publicly available on 
most lending platforms,therefore, seasoned investors, although not explicitly tagged, 
could be distinguished from unseasoned investors, and the herding signals they pro-
duce will be given more weight by potential investors. Thus, we propose the follow-
ing hypothesis.

Hypothesis 1  The cumulative lending amount made by seasoned predecessors will 
attract more lending amount from a successor toward a listing than the cumulative 
lending amount made by unseasoned predecessors.

The effectiveness of a market signal relates not only to its informativeness but 
also to the information extraction capabilities of its receivers. According to heu-
ristic–systematic information process theory, individuals who are experienced and 
knowledgeable tend to adopt a systematic way to process all the available informa-
tion before making decisions, while those who are less experienced tend to place 
more weight on noncontent cues [42]. Therefore, unseasoned investors have greater 
inclinations to follow peer investors. Studies in the context of online purchases 
have confirmed that opinion seekers’ expertise level does affect their decisions. For 
instance, product experts feel that they are more confident in their ability to make 
a wise choice, and they conduct little external consultation. In contrast, inexperi-
enced consumers are more likely to doubt their ability to make a good purchasing 
decision, so they tend to learn from others’ advice [50]. Thus, we further argue that 
unseasoned investors are more likely to rely on predecessors’ decisions than sea-
soned investors. This is because unseasoned investors in debt-based crowdfunding 
are less capable of processing and interpreting diverse information about a loan or 
a borrower in a systematic way. As a result, they are more reliant on inferring prior 
experts’ decisions. Using data from a project crowdfunding platform, Keongtae and 
Viswanathan [29] have shown that the crowd investors, although inexperienced, are 
rather sophisticated in their ability to identify nuanced differences in the underlying 
expertise of the early investors. Thus, unseasoned investors might be more sensitive 
than seasoned investors to the herding signal and would give more weight to the 
lending amount from seasoned predecessors. Thus, we propose that,

Hypothesis 2  The positive effect of seasoned predecessors on herding is stronger 
among successors of unseasoned investors than among successors of seasoned 
investors.

4 � Data and methodology

4.1 � Research context and data

The research context is one of the leading debt-based crowdfunding platforms in 
China. This platform started operations in 2007 and now has more than 500,000 
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registered members. A user could register and create their loan request, called 
a listing. They need to specify the amount they seek, the interest rate they can 
offer, and other optional information, such as loan descriptions. Borrowers can 
choose the auction format of their listings as either open or closed. In the closed-
auction format, the auction closes as soon as the total amount raised exceeds the 
requested amount, while in the open-auction format, investors could continue to 
bid down the interest rate even if the listing is fully funded. Lenders, known as 
investors, make lending decisions based on the information displayed on the lend-
ing platform. They can choose to bid on any listings that are open for auction. 
Each bid on a listing is called a transaction. They can finance only a small portion 
of a listing, so a potential investor could observe prior investors’ decisions and 
their profiles just by clicking some hyperlinks.

The data were collected from the crowdfunding platform in 2017. We obtained 
13,911 listings, among which 10,189 were active listings that received at least one 
bid. The distribution of the number of bids of these listings is shown in Fig. 2a. 
A large proportion of listings received only a few bids; therefore, we restrict our 
sample to listings that received at least ten bids to ensure the possibility of herd-
ing behaviors. The resulting dataset of our main analysis contains 4372 listings, 
which attracted a total of 311,163 bids from 3205 distinct investors. The distri-
bution of the number of bids of the sample is shown in Fig. 2b. The panel data 
are constructed at the transaction (i.e., bid) level by following Jiang et al. [28]’s 
procedure. For each bid, we collect characteristics at the listing, borrower, and 
transaction levels. Listing characteristics include the amount requested, the inter-
est rate, the loan duration, the credit grade, the loan title, and the loan purpose. 
Borrower characteristics include each borrower’s age, education level, marriage 
status, gender, and the number of children. Characteristics of a bid include the 
investor’s lender score, the lending amount, the sequential index of the transac-
tion associated with a given loan, and whether the transaction is conducted by 
a human being or by the algorithm set by an investor (i.e., autobid). Among the 
4372 listings, 1762 are fully funded and turn into loans.

Fig. 2   The distribution of listings
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Next, we describe how “seasoned” and “unseasoned” investors are operational-
ized. We use the indicator lender score as a proxy of investor expertise. This score 
is calculated by the platform according to the following algorithm: (1) each valid bid 
made on a listing would bring the investor 2 points, (2) if the listing could be fully 
funded and turn into a loan, then each full monthly repayment of that loan would 
bring another 2 points, and (3) each repayment overdue of the loan, however, would 
deduct 10 points. The lender score is thus an appropriate indicator of investment 
expertise. Investors whose scores are among the top 10% are regarded as “seasoned” 
investors, while the rest are regarded as “unseasoned” investors.

We report the definition and summary statistics of our main variables in Table 1. 
An average listing request is RMB 5960 with an interest rate of 17.38% and receives 
an amount of RMB 229 per transaction. Each borrower will be assigned a credit 
score derived by the platform based on borrower demographics, verification doc-
uments, and repayment records. The dummy variable of credit risk takes a value 
of 1 if a listing is assigned a low credit rating by the platform (i.e., E or HR) and 
0 otherwise (i.e., A, B, C, or D). Approximately 31.5% of the listings were in the 
category of “risky”. Regarding loan purposes, approximately 42.0% are for “short-
term turnover debt”, 31.6% are for “goods consumption”, 10.5% are for “enterprise 
startup”, 13.1% are for “other purposes”, and the remaining 2.9% do not report loan 
purpose. The age of borrowers ranges from 19 to 60, with an average value of 29.6. 
The number of children of borrowers ranges from 1 to 5, with an average value of 
1.42. Approximately 38.3% of the borrowers had attended colleges, 46.2% did not 
report educational levels, 16% were female, and 49.4% were married.

4.2 � Research design

A test of herding is to look for the sequential correlation in the herding amount [28, 
56]. If herding exists, a positive correlation is expected to be seen between (1) the 
lending amount of a given bid and (2) the cumulative lending amount the listing has 
received prior to this bid [28, 55, 56]. Using the transaction-level dataset, we can 
observe the sequential order of all bids of a listing and construct the herding meas-
ure, the cumulative lending amount made to a listing up to any given point of time.

We denote i the investor and j the listing. The logarithm of the lending amount of 
the t th bid made to listing j by investor i is yijt , which is modeled as:

where t = 2, …, T and T is the total number of bids for listing j , and Yj,t−1 denotes 
the logarithm of the cumulative lending amount that listing j has received prior to 
the t th bid. The parameter β is the magnitude of herding. A positive and significant 
estimate of β indicates the existence of herding, as it means that subsequent inves-
tors’ lending amount is increasing with the cumulative lending amount made to the 
same listing.

The time-variant listing characteristics Xj,t include the percentage of the 
unfunded amount prior to the t th bid ( Lag Percent Needed ), the time gap between 
two consecutive transactions ( Time Interval ), the dummy variable indicating a 

(1)yijt = � + �Yj,t−1 + Xjt�1 + Zj�2 +Wi�3 + �ijt
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listing is situated in its late fundraising stage if the percentage of the unfunded 
amount is less than 50% ( Late Fundraising Stage ), and whether a bid is made 
by an algorithm ( Auto Bid ). To capture the possibility that lending concentrates 
on certain days of a week, we further include Day of Week fixed effects. Time-
invariant listing and borrower characteristics Zj include Amount Requested , 
Interest Rate , Loan Duration , Title Length , Credit Risky , Purpose , Age , 
Num of Children , Education , Gender , and Marriage . We include in Wi a dummy 
variable that indicates whether a bid is made by a seasoned investor ( Seasoned ). 
The error term is ϵijt.

We decompose Yj,t−1 into Ys
j,t−1

 and Yu
j,t−1

 to further differentiate the heterogene-
ous herding effects induced by seasoned and unseasoned predecessors. Ys

j,t−1
 and 

Yu
j,t−1

 denote the logarithm of the cumulative lending amount made by “seasoned” 
predecessors and “unseasoned” predecessors, respectively. Accordingly, we 
enhance Model (1) as follows:

where βs and βu measure the subsequent investor’s herding momentum toward pre-
decessors who are seasoned and unseasoned, respectively. The relative magnitude 
of these two coefficients will inform us of the role of investor expertise in investors’ 
observational learning process [28].

The variation in lending amounts could be attributed to some higher-level 
sources of variation where each bid resides. There could be unobserved heteroge-
neity beyond the observable listing characteristics that we have controlled for, and 
investors with different characteristics may also have different investment behaviors. 
Ignoring these unobserved heterogeneities could produce an inconsistent estimation 
[28]. We, therefore, use a cross-classified multilevel modeling approach to address 
this concern, as suggested by Jiang et al. [28]. As we can observe the bids made to 
different listings from distinct investors, the bids can be viewed as lowest-level units 
nested within higher levels: listings and investors, but listings and investors are not 
nested within each other. Accordingly, we enhance Models (1) and (2) by inserting 
investor-specific intercepts ( ηi ) and listing-specific intercepts ( ηj ) to better controls 
for unobserved heterogeneity at the investor and listing levels, respectively. Thus, we 
rewrite the model for herding analysis as:

where ηj ∼ N
(

0, σ2
ηi

)

 and ηj ∼ N
(

0, σ2
ηj

)

 . σ2
ηi
 and σ2

ηj
 are the variance of parameters 

that represent the degree of heterogeneity at the investor and listing level, respec-
tively. The model testing the role of investor expertise in herding is finally expressed 
as:

To test Hypothesis 2, we enhance Model (3) and Model (4) by allowing herd-
ing measures to interact with the variable Seasoned.

(2)yijt = � + �sY
s
j,t−1

+ �uY
u
j,t−1

+ Xjt�1 + Zj�2 +Wi�3 + �ijt

(3)yijt = � + �Yj,t−1 + Xjt�1 + Zj�2 +Wi�3 + �i + �j + �ijt

(4)yijt = � + �sY
s
j,t−1

+ �uY
u
j,t−1

+ Xjt�1 + Zj�2 +Wi�3 + �i + �j + �ijt
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5 � Results

5.1 � Estimation results

Table 2 presents the estimation results. We first examine whether herding behav-
ior exists in our research context. Column (1) of Table 2 reports the parameter 
estimates specified in Model (3). The estimated coefficient of Y is positive and 
significant, confirming the existence of herding among investors. Such results 
are consistent with prior studies ([28, 2374, 56]).

We next test our hypothesis about the role of investor expertise in herding 
(Hypothesis 1). Column (2) of Table 2 reports parameter estimates from Model 
(4). The estimated coefficient of Ys is positive and statistically significant, while 
the estimated coefficient of Yu is negative and statistically significant. Such find-
ings imply that investors herd only to seasoned predecessors, while unseasoned 
predecessors’ lending amount is regarded as a negative signal. To verify whether 
the two estimates are significantly different from each other, we test a null 
hypothesis: βs − βu = 0 . The result rejects the null hypothesis (p < 0.001). The 
above findings show that Hypothesis 1 is supported.

The results for testing Hypothesis 2 are presented in Columns (3)–(5) of 
Table 2. In Column (3), we find that the estimated coefficient of the interaction 
term Y × Seasoned is positive and statistically significant, and the coefficient of 
Y  becomes very weak. Such results imply that, compared to unseasoned inves-
tors, seasoned investors are more likely to herd to peer predecessors. We then 
proceed to examine the heterogeneous impact of seasoned predecessors on sea-
soned and unseasoned investors. In Column (4) in Table 2, the estimated coef-
ficient of the interaction term Ys × Seasoned is positive and statistically signifi-
cant, and in Column (5) in Table 2, the estimated coefficient of the interaction 
term Yu × Seasoned is negative and statistically insignificant. Such findings show 
that compared to unseasoned investors, seasoned investors are more likely to 
herd to seasoned predecessors, and they are more likely to take the cumulative 
lending amount from unseasoned predecessors as a negative signal. Such find-
ings indicate that Hypothesis 2 is not supported.

Our findings extend the conventional view of the wisdom of the crowd. Prior 
studies have shown that individual participants have local knowledge and that 
collective intelligence can be extracted by observational learning [11, 38, 56]. 
In contrast to this point of view, our results show that observational learning 
takes place only among seasoned investors in our research context. Unseasoned 
investors, on the contrary, can hardly notice the value of such market signals. 
They make decisions based on their own independent judgments. Moreover, our 
findings show that the market influences of peer predecessors are heterogene-
ous. Herding effects are mainly induced by seasoned predecessors, and unsea-
soned predecessors’ decisions, on the contrary, are recognized as negative mar-
ket signals.
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5.2 � Robustness checks

We perform a series of robustness checks in this section. We examine whether the 
findings in the previous section are robust with alternative measures of expertise and 
with alternative samples. We also account for serial correlation at the listing level, 
potential problems of endogeneity, and selection bias.

5.2.1 � Alternative measure of “seasoned” investors

In the main analysis, we define investors as “seasoned” if their lender scores are 
among the top 10% (i.e., percentile = 0.90). As the definition of seasoned investors 
may influence the results of our analysis, we use an alternative measure of “sea-
soned” investor to check the robustness of the findings. First, we define an investor 
as “seasoned” if his/her lender score is among the top 5% (i.e., percentile = 0.95). 
The results, shown in Table 3, are consistent with the results in the main analysis. 
Next, we define an investor as “seasoned” if his/her lender score is among the top 
15% (i.e., percentile = 0.85). The results, shown in Table 4, are also consistent with 
previous findings.

5.2.2 � Alternative sample

As previously discussed in Sect.  4.1, we restrict our sample to listings that have 
received at least ten bids to ensure the possibility of herding. Next, we examine 
whether the findings are robust if we use all listings. The results, shown in Table 5, 
are largely consistent with the results in the main analysis.

In our research context, a small proportion of bids (6.9%) are made by algorithms 
that are predefined by investors. The decision-making process of such algorithm-
based bids might be fundamentally different from that of bids made by humans, as 
the herding effect can hardly exist in nonhuman transactions. We thus re-estimate 
our model using a sample without these autobids. The results, reported in Table 6, 
are largely consistent with our main analysis.

5.2.3 � First‑order autoregression

We assume that there is no serial correlation among error terms in the main analysis. 
It is probable that error terms would be correlated with lagged independent vari-
ables, and such correlation would introduce bias into the estimation [28]. To address 
this potential issue, we thus fit multilevel models that allow for a first-order autore-
gressive correlation structure for residuals at the listing level. The results, presented 
in Table 7, are consistent with previous findings.

5.2.4 � Potential problem of endogeneity

The estimation could be biased if the random intercepts in our multilevel models 
are correlated with the herding measure. The problem of endogeneity stems from 
such correlations. To address this potential issue, we fit models using multilevel 
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generalized method of moments (GMM) estimators [30]. The results, shown in 
Table 8, are consistent with previous findings.

5.2.5 � Potential problem of selection bias

In the main analysis, we do not consider individuals who do not participate in lend-
ing. A potential problem of selection bias may occur if factors that affect an inves-
tor’s choice of which listing to participate in also affect the investor’s decision of 
how much to lend [28]. We address this concern by using a two-step Heckman cor-
rection procedure suggested by Liu et al. [36] and Jiang et al. [28]. First, we run a 
probit model estimating the probability of an investor’s participation in bidding on a 
listing. We construct the investor’s consideration set using all listings that are open 
for auction by the time he/she makes a bid. From this probit model, we calculate the 
inverse Mills ratio. Then, we include the inverse Mills ratio in the main model to 
correct the potential problem of selection bias. The estimation results from the first 
step probit model are shown in “Appendix A”. The results of the selection bias cor-
rected model, presented in Table 9, are consistent with previous findings.

5.3 � Additional analysis

We conduct additional analyses to further understand the role of investment exper-
tise in predicting loan performance. We examine whether loans that receive a greater 
lending amount from seasoned and unseasoned investors have better loan perfor-
mance. Among the 4372 listings in our dataset, 1762 are successfully funded and 
have turned into loans. The analysis in this section is based on such loans. Accord-
ing to the consumer finance literature, we label a loan as Late if the payment of a 
loan is late for 30 or more days and Defaulted if the repayment is late for 90 or more 
days [22]. The descriptive analysis of this dataset is shown in “Appendix B”. Some 
loans in the sample had not reached their maturity when the loan performance data 
were collected, which may cause the problem of right censoring. We thus estimated 
a Cox proportional hazards (CPH) model of loan late rates and a CPH model of 
default rates. The CPH model, widely accepted in studying loan performances [15], 
relates the time that passes before an event (i.e., late or default) occurs (if any) to 
loan covariates. The Kaplan–Meier approach was used to fit the empirical hazard 
rates. We also estimated a probit model and a logit model to examine whether the 
results are robust among different estimators.

Table 10 presents the association between loan attributes and late rates. The asso-
ciation between the late rate and the logarithm of the total lending amount ( Ys ) from 
seasoned investors is negative and statistically significant, implying that hidden tal-
ent in seasoned investors is valuable in predicting the loan performance of the late 
rate. However, the association between the late rate and the logarithm of the total 
lending amount ( Yu ) from unseasoned investors is not significant, implying that the 
herding signal from unseasoned investors is not informative in the current research 
context.
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Table 8   Multilevel GMM

(1) (2) (3) (4) (5)
Herding Decomposition Interaction I Interaction II Interaction III

Y  : All predecessors 0.051***
(0.004)

0.013*
(0.006)

Ys : Seasoned predecessors 0.020***
(0.003)

− 0.015***
(0.004)

0.021***
(0.003)

Yu : Unseasoned predeces-
sors

− 0.018***
(0.001)

− 0.019***
(0.001)

− 0.012***
(0.002)

Lag percent needed 0.104***
(0.021)

0.0120***
(0.018)

0.088***
(0.021)

− 0.121***
(0.018)

− 0.116***
(0.018)

Late fundraising stage 0.016*
(0.008)

− 0.007
(0.008)

0.016*
(0.007)

− 0.005
(0.008)

− 0.006
(0.008)

Auto bid 0.320***
(0.009)

0.297***
(0.009)

0.321***
(0.009)

0.296***
(0.009)

0.296***
(0.009)

Time interval − 0.009***
(0.002)

− 0.009***
(0.002)

− 0.010***
(0.002)

− 0.010***
(0.002)

− 0.009***
(0.002)

Seasoned (1 = yes) 0.125***
(0.026)

0.112***
(0.026)

− 0.210***
(0.042)

− 0.224***
(0.038)

0.155***
(0.028)

Amount requested 0.112***
(0.006)

0.162***
(0.005)

0.117***
(0.006)

0.162***
(0.005)

0.160***
(0.005)

Interest rate − 0.003***
(0.001)

− 0.004***
(0.001)

− 0.003***
(0.001)

− 0.004***
(0.001)

− 0.004***
(0.001)

Loan duration − 0.002*
(0.001)

− 0.004***
(0.001)

− 0.002***
(0.001)

− 0.004***
(0.001)

− 0.004***
(0.001)

Credit risky − 0.011*
(0.005)

− 0.007
(0.005)

− 0.011
(0.005)

− 0.009
(0.005)

− 0.007
(0.005)

Title length − 0.002***
(0.000)

− 0.002***
(0.000)

− 0.002***
(0.000)

− 0.002***
(0.000)

− 0.002***
(0)

Purpose (enterprise startup) 0.009
(0.007)

0.013
(0.007)

0.010
(0.007)

0.013*
(0.007)

0.013*
(0.007)

Purpose (other purpose) 0.026***
(0.006)

0.027***
(0.006)

0.026***
(0.006)

0.027***
(0.006)

0.027***
(0.006)

Purpose (short-term turno-
ver debt)

0.001
(0.005)

0.002
(0.005)

0.001
(0.004)

0.002
(0.004)

0.002
(0.005)

Purpose (not reported) 0.276***
(0.011)

0.272***
(0.011)

0.277***
(0.011)

0.272***
(0.011)

0.272***
(0.011)

Borrower age 0.001**
(0.000)

0.001**
(0.000)

0.001**
(0.000)

0.001**
(0.000)

0.001**
(0)

Education (low) − 0.005
(0.005)

− 0.002
(0.005)

− 0.005
(0.005)

− 0.002
(0.005)

− 0.002
(0.005)

Education (not reported) − 0.008
(0.005)

− 0.004
(0.005)

− 0.008
(0.005)

− 0.005
(0.005)

− 0.004
(0.005)

Gender (male) − 0.023***
(0.005)

− 0.018***
(0.005)

− 0.023***
(0.005)

− 0.017***
(0.005)

− 0.018***
(0.005)

Num of child − 0.007
(0.005)

− 0.007
(0.005)

− 0.007
(0.005)

− 0.007
(0.005)

− 0.007
(0.005)

Marriage (not married) − 0.011*
(0.006)

− 0.010*
(0.006)

− 0.011*
(0.006)

− 0.010*
(0.006)

− 0.010*
(0.006)



1 3

The role of expertise in herding behaviors: evidence from a…

Table 11 presents the association between loan attributes and default rates. The 
coefficient of Ys is negative across the three estimation models and statistically sig-
nificant in the probit and logit models, while the coefficient of Yu is not significant 
across the three estimation models. Such findings also show that seasoned investors’ 
lending amount is a useful signal in predicting loan performance, while unseasoned 
investors’ lending amount is not.

6 � Discussions

6.1 � Main findings

This study investigates the role of expertise in herding behaviors in China’s online 
debt-based crowdfunding market. We divide investors into two categories: seasoned 
investors and unseasoned investors. We examine (1) whether seasoned investors 
are more influential than unseasoned investors in attracting lending amounts and 
(2) whether seasoned and unseasoned investors behave differently toward the same 
herding signal. The main findings are summarized below, and the implications for 
research and practices follow.

First, our results reveal that seasoned investors are more influential than unsea-
soned investors. Listings with greater lending amounts from expert predecessors 
will attract more lending amounts from successors. The findings are consistent with 
the views that individuals weigh advice more heavily when advisors are more expe-
rienced or knowledgeable. Such findings imply that seasoned investors play a criti-
cal role in the crowdfunding market. Investors differentiate signals from seasoned 
and unseasoned predecessors, hoping to extract more useful information.

Second, our results reveal that investors with different expertise levels respond 
differently to market signals. Contrary to our expectations, seasoned investors are 

*p < 0.1, **p < 0.05, ***p < 0.01

Table 8   (continued)

(1) (2) (3) (4) (5)
Herding Decomposition Interaction I Interaction II Interaction III

Marriage (not reported) − 0.019
(0.012)

− 0.016
(0.012)

− 0.021
(0.012)

− 0.017
(0.012)

− 0.015
(0.012)

Y × Seasoned 0.042***
(0.004)

Ys × Seasoned 0.045***
(0.004)

Yu × Seasoned − 0.007***
(0.002)

Intercept 3.374***
(0.039)

3.422***
(0.038)

3.635***
(0.047)

3.676***
(0.044)

3.390***
(0.040)

Day of week fixed effects Yes Yes Yes Yes Yes
N 122,411 122,411 122,411 122,411 122,411
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more likely to follow peer predecessors than unseasoned investors. Such a find-
ing seems to go against the general logic of behavioral finance, suggesting that 

Table 10   Herding and late rates

*p < 0.1, **p < 0.05, ***p < 0.01
This table reports the estimation results for late loan rates. Late is defined as being 30 days late. Each 
observation is a loan. We report the point estimates, and the standard errors are in parentheses

(1) (2) (3)
Cox CPH Logit Probit

Ys ∶ Amount from seasoned − 0.4017**
(0.1585)

− 0.3136*
(0.1703)

− 0.1647*
(0.0863)

Yu ∶ Amount from unseasoned − 0.0254
(0.0619)

0.0418
(0.0686)

0.0164
(0.0326)

interest rate 0.1844***
(0.0444)

0.1887***
(0.0450)

0.0917***
(0.0210)

Loan duration − 0.3279***
(0.0538)

0.1659***
(0.0384)

0.0894***
(0.0199)

Credit risky 0.1940
(0.3343)

0.2216
(0.3570)

0.1395
(0.1769)

Title length − 0.0725***
(0.0190)

− 0.0753***
(0.0200)

− 0.0370***
(0.0099)

Purpose (enterprise startup) 0.0622
(0.3037)

0.1307
(0.3365)

0.0904
(0.1762)

Purpose (other purpose) − 0.5925
(0.4186)

− 0.8546*
(0.4421)

− 0.3699*
(0.2087)

Purpose (short-term turnover debt) − 0.0148
(0.2268)

− 0.0300
(0.2469)

− 0.0009
(0.1269)

Age 0.0184
(0.0242)

− 0.0028
(0.0274)

− 0.0026
(0.0135)

Education (low) − 0.7962**
(0.3450)

− 0.8613**
(0.3647)

− 0.4423**
(0.1788)

Education (not reported) − 0.4812*
(0.2501)

− 0.7473***
(0.2722)

− 0.3508***
(0.1328)

Gender (male) 0.3576
(0.2685)

0.4589
(0.2854)

0.2714*
(0.1458)

Num of children − 0.9199***
(0.2797)

− 0.8922***
(0.2963)

− 0.4358***
(0.1468)

Marriage (not married) 0.0380
(0.2612)

− 0.0268
(0.2828)

0.0014
(0.1469)

Marriage (not reported) 0.9607*
(0.5514)

0.7940
(0.6533)

0.4145
(0.3386)

Intercept − 1.8688
(1.9585)

− 1.0350
(0.9800)

N 1762 1563 1563
AIC 1315.5168 707.3733 707.0660
BIC 1400.4963 798.3974 798.0901
Log Likelihood − 641.7584 − 336.6866 − 336.5330
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we should take a more nuanced view of herding behavior. A plausible explanation 
might be as follows. Although people tend to prefer a less effortful mode of process-
ing (i.e., heuristic processing) to one that requires more time and cognitive resources 
(i.e., systematic processing), the heuristic and systematic information processing 

Table 11   Herding and default rates

*p < 0.1, **p < 0.05, ***p < 0.01

(1) (2) (3)
Cox CPH Logit Probit

Ys : Amount from seasoned − 0.2421
(0.1850)

− 0.3218*
(0.1909)

− 0.1895*
(0.1099)

Yu ∶ Amount from unseasoned 0.0192
(0.0848)

0.1470
(0.0929)

0.0561
(0.0468)

Interest rate 0.1603***
(0.0586)

0.2041***
(0.0544)

0.1134***
(0.0310)

Loan duration − 0.6384***
(0.0619)

0.1077**
(0.0442)

0.0261
(0.0270)

Credit risky 0.0048
(0.3848)

0.3391
(0.3784)

0.3100
(0.1994)

Title length − 0.0494**
(0.0234)

− 0.0779***
(0.0226)

− 0.0394***
(0.0128)

Purpose (enterprise startup) 0.1151
(0.3431)

0.4825
(0.3588)

0.4373**
(0.2160)

Purpose (other purpose) − 0.1826
(0.4390)

− 0.3724
(0.4559)

0.0650
(0.2525)

Purpose (short-term turnover debt) 0.0810
(0.2779)

− 0.0260
(0.2863)

0.2001
(0.1725)

Age 0.0037
(0.0295)

− 0.0324
(0.0318)

− 0.0318*
(0.0182)

Education (low) − 0.5937
(0.4028)

− 0.6608*
(0.3891)

− 0.3114
(0.2091)

Education (not reported) − 0.1052
(0.2989)

− 0.7652**
(0.3095)

− 0.4076**
(0.1718)

Gender (male) − 0.1935
(0.2935)

0.1504
(0.2978)

0.3935**
(0.1977)

Num of children − 0.5105
(0.3247)

− 0.6736**
(0.3293)

− 0.2840
(0.1804)

Marriage (not married) − 0.0323
(0.3071)

0.0297
(0.3221)

− 0.0571
(0.1830)

Marriage (not reported) 0.7456
(0.6595)

1.1203
(0.6945)

0.5836
(0.3960)

Intercept − 2.0748
(2.2702)

− 1.1170
(1.2817)

N 1497 1554 1548
AIC 813.7400 595.9183 443.3659
BIC 898.7195 686.8443 534.2261
Log Likelihood − 390.8700 − 280.9592 − 204.6829
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theory asserts that individuals are sometimes motivated to exert additional cognitive 
effort in order to reach a certain level of judgmental confidence, which is termed 
as sufficiency principle [6]. That is, the extent of information processing is deter-
mined by the size of the discrepancy that exists between an individual’s actual level 
of confidence in their judgment and the sufficiency threshold (i.e., their desired 
confidence). Effortful information processing (i.e., systematic processing) would 
occur when actual confidence falls below the sufficiency threshold and should con-
tinue until this confidence gap is closed. As information manipulation is prevalent 
in online markets in China, investors in the debt-based crowdfunding platform may 
worry that some market signals, such as the lending amount from predecessors, 
might be fabricated by borrowers and their colluding partners [7]. Therefore, simply 
referring to predecessors’ decisions would not produce sufficient judgmental confi-
dence. Instead, they would exert more cognitive effort (i.e., a systematic information 
processing approach) and rely less on heuristic cues such as predecessors’ decisions. 
As their investment experience grows, their investment knowledge increases [31], 
and they may gradually realize that their predecessors’ lending amount is a credible 
market signal and their judgmental confidence in such herding signals, especially 
the seasoned predecessors’ herding signals, may grow as well. As a result, com-
pared to unseasoned investors, seasoned investors would have a greater inclination 
to follow heuristic cues such as peer predecessors. Such findings are consistent with 
Korniotis and Kumar [31]’s findings at a major U.S. discount brokerage house that 
experienced investors are more likely to follow “rules of thumb” and with Huang 
[25]’s findings of early-stage entrepreneurial investment decision making that inex-
perienced investors rely less on their gut feels. Such a result also echoes Caglayan 
et al. [4], who find that, in the crowdfunding market, experienced investors have a 
greater tendency to follow the herd.

Third, we discover that compared to unseasoned investors, seasoned investors 
have a greater tendency to follow seasoned predecessors and deviate from unsea-
soned predecessors. Such findings extend the traditional view that decision-makers 
rely much on their own judgment if they feel powerful and knowledgeable [2, 43]. 
The result also echoes Sunder et al. [48], who find that, in the online rating context, 
as rater experience grows, the positive influence of the crowd diminishes, while the 
influence of credible predecessors, such as friends, amplifies.

Finally, the results show that the lending amount from seasoned investors is a 
valid signal in predicting loan performance, while the lending amount from unsea-
soned investors is not. Such findings extend prior studies about the wisdom of the 
crowd [3, 49], implying that collective intelligence could be extracted from seasoned 
investors rather than from unseasoned investors in the debt-based crowdfunding 
market. Online debt-based crowdfunding is a delicate, complicated financial market 
that requires investors to be equipped with sophisticated financial knowledge. There-
fore, in such markets, the local knowledge from unseasoned investors contributes 
little to the wisdom of the crowd.
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6.2 � Implications for research

This study holds several implications for research. First, we extend prior research 
on the signaling value of peer bids in crowdfunding by distinguishing between sea-
soned and unseasoned predecessors. Prior studies assume that the lending amount 
from predecessors is homogeneous in attracting the lending amount from a suc-
cessor (e.g., [56]). The current study shows that the effects of predecessors’ lend-
ing amounts are heterogeneous: investor expertise plays a significant role in judg-
ing its informativeness. Investors with greater investment expertise are more 
influential,therefore, lending amounts from seasoned predecessors could attract 
greater lending amounts from a successor. Although seasoned investors are not 
explicitly tagged in the crowdfunding platform, they are still distinguished by their 
successors and are given higher weight.

Second, we extend prior studies on information processing by distinguishing 
between seasoned and unseasoned investors and examine their different investment 
behaviors when facing the same market signals. Caglayan et al. [4] have shown that 
investment experience influences the pattern of investor herding. Despite the dif-
ferent definitions of expertise, our results are consistent with Caglayan et al. [4]’s 
findings, confirming that experienced investors have a greater tendency to follow 
the herd. We further discover that, compared to unseasoned investors, they have a 
greater tendency to follow seasoned predecessors and to deviate from unseasoned 
predecessors. Such findings imply that seasoned investors are more sensitive to 
herding signals and are more capable of extracting hidden information embedded in 
the signals. Moreover, our findings reveal that herding is less likely to occur among 
inexperienced investors. A plausible explanation might be that strategic herding in 
the crowdfunding market involves observational learning and requires sophisticated 
knowledge, so it is popular only among experienced investors. Such findings chal-
lenge the traditional view that inexperienced investors have greater tendencies to fol-
low the herd.

Finally, our study shed light on how to extract collective intelligence from the 
wisdom of the crowd. The study shows that in a market that requires sophisticated 
knowledge, such as crowdfunding, decisions from unseasoned individuals are not 
informative; therefore, it is not wise to blindly follow the herd. Instead, investors 
should distinguish seasoned predecessors from unseasoned predecessors and fol-
low seasoned predecessors’ decisions. This study shows that seasoned investors are 
more able to extract the hidden information embedded in the herding signals, indi-
cating that unseasoned individuals should be educated to improve strategic herding 
capabilities.

6.3 � Implications for practice

This study provides valuable insights for crowdfunding platforms, participants, and 
policymakers. First, our studies show that experts play a critical role as opinion 
leaders in the market. Successors observe predecessors’ activities and strategically 
follow them. Loans with greater lending amounts from seasoned predecessors are 
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less likely to default, implying that investment performance could be improved by 
identifying and following seasoned predecessors. To help the crowd better extract 
hidden information from experts, platforms could develop tools to facilitate inves-
tors in obtaining information about predecessors. For example, a diagram depicting 
the distribution of predecessors’ lending experience might be helpful.

Second, our findings suggest that we should be careful when extracting the 
wisdom of the crowd in a context that requires sophisticated knowledge, such as 
in the crowdfunding market. We find that little information is contained in unsea-
soned investors’ lending amounts. Therefore, it would be dangerous if we just 
aggregate all investors’ decisions in a naive manner. Instead, we need to differ-
entiate between seasoned and unseasoned predecessors and give more weight to 
predecessors with greater expertise. As unseasoned investors are less capable of 
extracting hidden information, a mechanism should be designed to equip them 
with a better understanding of market signals.

Finally, this study sheds new light on the rational level of investors in this mar-
ket, which provides valuable insights for policymaking. We discovered that sea-
soned investors could identify the signals from seasoned predecessors and stra-
tegically utilize them, implying that seasoned investors do behave in a rational 
manner. On the other hand, unseasoned investors are not capable of analyzing 
market signals. The bright point is that unseasoned investors might turn into sea-
soned investors if they have opportunities to learn and grow. We propose that the 
crowdfunding market should be strictly regulated at the early stages due to the 
existence of amateur investors, but the more important thing for policymakers is 
to give the market some patience and time. We believe that as time goes by, the 
market will eventually grow mature.

6.4 � Limitations and further studies

Although this study makes significant contributions to the literature and has 
important managerial implications, it also has several limitations. First, our study 
is based on the transaction data of only one crowdfunding platform in China. As 
there are quite a few crowdfunding platforms all over the world, which may use 
slightly different lending mechanisms, whether the findings in this platform can 
be applied to other lending platforms is unknown. Future studies could use data 
from other lending platforms to cross-validate the findings in this study.

Second, although we controlled for as many variables as we could in our 
regression models, other important confounding factors may still exist. They are 
absent from our study not by design but due to the unavailability of relevant data. 
For instance, some characteristics of borrowers, such as borrower social capital 
and listing appearances, may have significant influences on lending outcomes 
[16, 20] but are not included in our regression model due to the lack of such 
data. Therefore, our results may suffer from omitted variable bias (OVB). Future 
research could incorporate more variables into the research model to examine the 
validity of our findings.
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Finally, the behaviors of borrowers and investors may change with time as 
crowdfunding platforms are still evolving. The advancement of information tech-
nology and the development of the social economy may also bring about signifi-
cant changes in participants’ behaviors. To have a good understanding of the evo-
lution of the market, longitudinal studies could be conducted in future research.

7 � Conclusions

Our study provides a preliminary examination of the role that experts play in the 
debt-based crowdfunding market, a form of peer economy that is characterized as 
democratizing the access to tasks available only to professionals. Using datasets 
from a leading online debt-based crowdfunding platform in China, we find that 
(1) seasoned predecessors are more influential in attracting lending amounts from 
successors, (2) seasoned investors are more sensitive to herding signals in the 
market, and (3) the lending amount from seasoned investors is more informative 
than the lending amount from unseasoned investors in predicting loan repayment 
performance.

For academia, our work highlights the need to better understand the role that 
experts and crowds play in the peer economy context. Although the peer econ-
omy grants crowds opportunities to conduct complicated financial activities, such 
as investing, our study suggests that experts should still play a critical role as 
opinion leaders in such a market. For practitioners, our work suggests that the 
wisdom of the crowd should be extracted from experts rather than from crowds. 
For policymakers, our work suggests that some patience and time should be given 
to the crowdfunding market, waiting for it to grow mature.

Appendix A: Results of investor participation decision

(1)
Participate

Seasoned (1 = yes) − 0.0088***
(0.0024)

Amount requested 0.2713***
(0.0025)

Interest rate 0.0110***
(0.0003)

Loan duration − 0.0291***
(0.0004)

Credit risky − 0.2841***
(0.0030)

Title length − 0.0003
(0.0002)
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(1)
Participate

Purpose (enterprise startup) 0.0538***
(0.0042)

Purpose (other purpose) 0.1000***
(0.0040)

Purpose (short-term turnover debt) 0.0387***
(0.0028)

Purpose (not reported) 0.4559***
(0.0071)

Borrower age 0.0008***
(0.0002)

Education (low) − 0.0902***
(0.0034)

Education (not reported) − 0.2517***
(0.0029)

Gender (male) − 0.0804***
(0.0034)

Num of child − 0.0059**
(0.0030)

Marriage (not married) − 0.0156***
(0.0036)

Marriage (not reported) − 0.1131***
(0.0079)

Intercept − 4.1472***
(0.0239)

N 6,520,938
AIC 1,191,191.3033
BIC 1,191,437.7328
Log Likelihood − 595,577.6516

Appendix B: Loan level characteristics

Mean SD Min Max

Ys : Amount from seasoned Lending amount from sea-
soned investors

4940.770 5353.760 100.000 77,727

Yu : Amount from unsea-
soned

Lending amount from unsea-
soned investors

1786.219 1773.565 0.000 20,072

Amount requested Request amount of a loan 
(RMB)

6473.993 6156.625 3000.000 88,000

Interest rate Interest rate provided by a 
borrower (%)

16.144 4.127 5.000 22

Loan duration The number of months the 
borrower makes payments

5.561 3.477 1.000 12
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Mean SD Min Max

Credit risky 1 if a loan’s credit rating is E 
or HR, 1 otherwise

0.153 0.360 0.000 1

Title length Number of characteristics in 
the title of a loan

18.519 5.846 10.000 30

Late Whether a loan is late for 
more than 30 days

0.062 0.242 0.000 1

Default Whether a loan is late for 
more than 90 days

0.048 0.213 0.000 1

Purpose (base) The purpose of a loan is for 
goods consumption

0.305 0.461 0.000 1

Purpose (enterprise startup) The purpose of a loan is for 
enterprise startup

0.111 0.314 0.000 1

Purpose (other purpose) The purpose of a loan is for 
other purpose

0.177 0.382 0.000 1

Purpose (short-term turnover 
debt)

The purpose of a loan is for 
short-term turnover debt

0.407 0.491 0.000 1

Age The age of the borrower 30.537 5.337 20.000 54
Num of child Number of children that the 

borrower has
1.492 0.589 1.000 4

Education (base) The borrower has a college 
diploma or higher

0.468 0.499 0.000 1

Education (low) The borrower has a high 
school diploma or lower

0.142 0.350 0.000 1

Education (not reported) The borrower education level 
is not reported

0.389 0.488 0.000 1

Gender (base) The borrower is a female 0.172 0.377 0.000 1
Gender (male) The borrower is a male 0.828 0.377 0.000 1
Marriage (base) The borrower has married 0.578 0.494 0.000 1
Marriage (single) The borrower has not mar-

ried
0.401 0.49 0.000 1

Marriage (not reported) The borrower marriage 
status is not reported

0.021 0.143 0.000 1
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