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Abstract
Most loan evaluation methods in peer-to-peer (P2P) lending mainly exploit the borrowers’ credit information. However, the present study presents the maturity-based
lender composition score, which exploits the investment capability of a group of
lenders who fund the same loan, to enhance the P2P loan evaluation. More specifically,
we extract lenders’ profiles in terms of performance, risk, and experience by quantifying their investment history and develop our loan evaluation indicator by aggregating the profiles of lenders in the composition. To measure the ability of a lender for
continuous improvement in P2P investment, we introduce lender maturity to capture
this evolvement and incorporate it into the aggregation process. Our empirical study
demonstrates that the maturity-based lender composition score can serve as an effective indicator for identifying loan quality and be included in other commonly used loan
evaluation models for accuracy improvement.
Keywords: P2P lending, Maturity assessment, Lender composition, Loan evaluation

Introduction
With the exciting developments in information technology, peer-to-peer (P2P) lending,
which has emerged as a new way of financing and investing, has undergone rapid growth
in recent years. Notably, P2P lending platforms are internet-based lending intermediaries among individual users who may participate as borrowers or lenders. In this marketplace, borrowers submit applications for loans, referred to as listings, by providing
many details about the loan request, such as the purpose and the total amount of funds
needed. Lenders are then allowed to partially fund these loan requests by specifying
their respective investment amounts. If the requested total dollar amount of the listing
is fulfilled within a prespecified time, the transaction proceeds and the listing becomes
a loan. Tremendous efforts have been made in both practice and academic research to
better understand this economic phenomenon and trading system (Wang et al. 2015a;
Liu et al. 2020; Du et al. 2020).
In P2P lending, the lender decides on which loans to invest in by considering the
return and associated risk. Moreover, if the borrowers default on their payment
obligations, the lenders absorb a loss. Thus, it is crucial for lenders to evaluate each
loan by determining whether it may present a significant default risk (Ge et al. 2016;
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Wang et al. 2020). Consequently, loan evaluation models have attracted widespread
attention. As a core decision support tool, credit scoring is used extensively in
financial institutions to predict borrower repayment behavior and provide accurate
credit risk estimations (Shen et al. 2020). This type of model scores loans based on
their profit potential such that the lenders can identify good quality loans that have
higher scores. A core problem entails the prediction of a loan’s profitability, which
mainly involves a credit risk assessment. While most existing methods primarily
utilize credit information from the borrowers (see, e.g., Guo et al. 2016; Thomas
et al. 2005), information gleaned from lenders has been found to be highly effective for identifying profitable loans in P2P lending (Luo et al. 2011; Guo et al. 2021).
Indeed, loans in P2P lending systems are typically funded collectively by many lenders. Diversification is made possible by allowing individual lenders to spread their
money across many different loans. Lenders make different investment decisions
based upon differences in experience, knowledge, sources of information, judgment,
personal preferences, and so on. In other words, the lender composition of a loan—
the group of lenders who invest in this loan—can reveal useful information that indicates successful loan evaluation.
In the present study, we propose a maturity-based lender composition score to
exploit the potential of lender information for loan evaluation in P2P lending. First,
we perform a quantitative analysis of the expertise of lenders and build lender profiles, including various segments of lenders with different characteristics. In this
process, we model the investment relationship between loans and lenders in a
straightforward way. The past performance, risk preference, and experience of each
lender are summarized. Second, by leveraging the statistical theory of observed confidence intervals, we quantify the lender maturity for measuring the ability of a lender
for continuous improvement in P2P investment. This mechanism ensures that, with
the same average performance, higher maturity lies in lenders who have made more
investments over time as opposed to newer lenders with less lending experience.
Finally, the expertise of the lenders who invest in a loan is aggregated to formulate
the maturity-based lender composition score. We demonstrate the effectiveness of
the maturity-based lender composition score through extensive experimentation on a
real-world P2P lending dataset. The results show that our maturity-based lender composition score could serve as an effective indicator for identifying loan quality and
be incorporated into other commonly used loan evaluation models for performance
improvement, including logistic regression (LR), support vector machine (SVM), and
random forests (RFs).
The rest of this paper is organized as follows: in the next section, we present a literature review. Thereafter, we describe the dataset to provide a general background of
how P2P lending works and the research context. This dataset is utilized to demonstrate our research methodology. The “Methodology” section provides details about
how we construct the maturity-based lender composition score for loan evaluation
in P2P lending. The “Experimental design” section outlines the structure, strategy,
and rationale of our experiments. In the “Results” section, we report the experimental
results for validating the effectiveness of the proposed maturity-based lender composition score. Finally, concluding remarks are given in the last section.
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Literature review
P2P systems attract much attention for sharing information and facilitating collaboration among the participating members (Chen et al. 2014; Kantere et al. 2009; Dewan and
Dasgupta 2010). As a novel economic model, P2P lending has been introduced as a new
e-commerce phenomenon in recent years (Hulme and Wright 2006). To benefit new
players in this market, several studies have investigated factors that improve the chances
of converting a listing to a funded loan and have provided decision support for borrowers in composing their requests (Wang et al. 2015b; Herzenstein et al. 2011b; Puro et al.
2011).
Credit risks are uncertainties associated with financing, and risk analysis can help
lenders to detect risks in advance, take appropriate actions to minimize the defaults,
and support decision-making (Kou et al. 2014). Similar to other financing marketplaces,
lenders in P2P lending need to evaluate each loan’s default risk. Traditional scorecard
modeling is still applicable as the information about the loans and borrowers in P2P
lending has the same structure as traditional loans. Tao et al. (2017) reveal that the credit
profile of borrowers could significantly affect their loan requests’ fulfillment likelihood
and also predict the default probability. Compared with traditional lending, P2P lending has some novel features that can be explored; these include language features of
request (Herzenstein et al. 2011b), social signals (Greiner et al. 2009; Freedman and Jin
2008; Lin et al. 2013), and even photos of the borrower (Ravina 2012; Pope and Sydnor 2011). This implies that feature selection (Kou et al. 2021) and feature construction
have significant potential in this field. Novel methods, such as semi-supervised SVM (Li
et al. 2017), profit scoring system (Serrano-Cinca and Gutiérrez-Nieto 2016), instancebased kernel regression (Guo et al. 2016, 2021), misclassification cost matrix credit grading (Wang et al. 2021), and cost-sensitive boosted tree model (Xia et al. 2017), are also
being developed to assist lenders’ investment decision-making.
While most of these methods utilize information from the borrowers, the information
from lenders has been under-explored. Identifying and following successful lenders may
be an effective investment strategy that enables tapping into the wisdom of the crowd
(James 2004), wherein aggregating information from a group is often ultimately better
than information from individuals of the group. For example, in stock investment, Hill
and Ready-Campbell (2011) find that investment picks from experts in the crowd should
be weighted more than novices in the crowd. The same strategy has also emerged in various social trading scenarios, both among traditional mutual fund managers (Jiang and
Verardo 2018) and newer platforms that deploy copy trading (Doering et al. 2015). We
are interested if similar trends or predictions could be found in the P2P lending market
to provide a possible solution based on such evidence. This idea motivates our study.
Lenders following others in a decision-making system may result in herding, which
is defined as a greater likelihood of participation in auctions with more existing bids.
Herzenstein et al. (2011a) study the herding behavior in P2P loan auctions and report
a positive relationship between partial funding and additional bids. Even though herding behaviors manifest irrationality (i.e., investment decision-making based on information irrelevant to the quality of the loan), it has been established that herding effects are
associated with better loan performances. This phenomenon is also reported and visualized by Ceyhan et al. (2011), who utilize the loan fulfillment information for outcome
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prediction of the loan. They find that owing to the herding effect, listings with partial
funds are more likely to become loans, and loans based on herding behaviors in the
past are more likely to be repaid. Zhang and Liu (2012) separates herding behaviors into
irrational and rational herding by investigating whether the herding effect is moderated
by observable listing attributes. It has been noted that such a distinction is critical as
rational herding could be beneficial. The above-mentioned works indicate that following
other people in P2P lending might be a viable strategy in selecting loan opportunities.
By viewing a loan as a portfolio of lenders, our study is related to works in composition
analysis. Composition analysis, or structure analysis, has been widely used in finance
and economics. For example, the portfolio composition (Markowitz 1991; Kolm et al.
2014) evaluates a portfolio of assets, each having different risks and returns, to reduce
overall risk to achieve a given level of return. Similarly, capital structure has been considered an important indicator of a firm’s financial position (Modigliani and Miller 1958).
Furthermore, firms’ board composition has been considered to be an important factor
that affects firms’ overall performance (Linck et al. 2008).
Finally, our study is relevant to works in crowdfunding research. Crowdfunding platforms, such as Kickstarter and Indiegogo, follow a crowd-based funding model (Rakesh
et al. 2015; Hong et al. 2018). Researchers usually analyze the inherent factors and predict the participants’ behaviors (Chen et al. 2016; Fan-Osuala et al. 2018; Zhao et al.
2019). Despite the focus on startup projects rather than personal lending, the general
idea of lender composition analysis may help develop newer venture ideas or discover
interesting ideas in which to invest.

Data and background
Our study is based on a dataset from Prosper, one of the world’s largest P2P lending
marketplaces. It has more than two million members and has funded over two billion
USD in loans. Fig. 1 provides a screenshot of a typical listing viewed by a prospective
lender. As we can see from this figure, there are four sections of information: the listing
summary, the borrower’s credit profile, the borrower’s activity history on Prosper, and
the description of the loan.
Our dataset includes several relational data tables. The Members data table contains
the users’ basic registration information. The Credit Profile table contains the borrowers’ personal credit information. The Listings table contains information about
the loan requests. The Loans table contains all information about the loans, such as
loan terms, amount, interest rate, and payment status (e.g., paid, late, or default). This
table is the most important to evaluate the performance of a loan. The Bids table contains the bidding time and the dollar amount contributed by each lender on each loan.
Given this information, we can learn about each lender’s number of investments and
the amount invested on each loan. Based on the data, we can also know whether each
loan has been fulfilled. This information provides the basis to build an entire investment
network.
We collected a total of 17,407 loans from Prosper that originated between June
2007 and December 2008 and involved 34,155 lenders. All these loans followed a term
of 36 months; thus, the payment data of these loans started in June 2007 and ended in
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Fig. 1 A sample listing at Prosper

December 2011. Our sample only consists of loans that are closed at the time of data
collection. In other words, either the loans were paid in full or the borrower defaulted.
The loan-level attributes are a combination of loan, borrower, and lender characteristics. The loan attributes include loan purpose, request amount, interest rate, and
origination date. Borrower attributes can be divided into two groups: credit risk and
individual information. Credit risk features include the borrower’s FICO credit score,
the number of credit inquiries made upon the borrower’s credit score in the last 6
months, and the number of delinquencies the borrower has amassed over the last 7
years. The borrowers’ characteristics include whether they are a homeowner, the state
in which they reside, employment status, income range, and the debt-to-income ratio.
Lender information includes identifiers of lenders that funded the loan and their
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specific participation amount. Additionally, certain unstructured data, in the form of
pictures or text, are available.

Methodology
In this section, we describe the maturity-based lender composition score for loan evaluation in P2P lending. We first construct lender profiles by outlining three basic metrics
to summarize their historical investment records. Next, we introduce the lender maturity and discuss its methodological foundations. Finally, we provide details of the maturity-based lender composition score.

Lender profile

Bipartite networks are widely used to model the relationship between two types of entities (Holme et al. 2003). In P2P lending, we consider the following two types of entities:
lenders, those who provide capital to selective loans; and loans, which are the listings
that are funded or to be funded. In the following, we describe the construction of the
bipartite investment network with basic notations. Suppose there is a set of m lenders U = {u1 , u2 , u3 , . . . , um } and a set of n loans V = {v1 , v2 , v3 , . . . , vn }. We can build a
bipartite investment network G = {U , V , E}, where U and V are the two types of entities
mentioned above, and E = (eij )m×n are the edges connecting them. Each edge, eij , represents the amount lender ui has lent to loan vj . Note that eij = 0 if lender ui has never lent
to loan vj.
As shown in Fig. 2, in P2P lending, we can construct a whole bipartite investment network, based on lender investment data and loan performance data, which provides the
basis to quantitatively analyze lender profiles and lender composition.
Based on the lending amount matrix E, we further define the loan weight matrix
� = (ωij )m×n, where ωij is the ratio of lender ui ’s investment on loan vj to the total
amount of all of ui ’s investments in the investment network G, calculated as:

eij
ωij = n

j=1 eij

.

(1)

Similarly, we define the lender weight matrix � = (θij )m×n where θij is the ratio of lender
ui ’s investment in loan vj to the total amount that loan vj receives from all lenders in the
investment network G, calculated as:

Fig. 2 Bipartite investment network (The top side represents the lenders, the bottom side represents the
loans, and the middle line represents the investment relationship between the lenders and loans.)
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θij = m

i=1 eij
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.

(2)

A mini example of the P2P lending investment network is provided in Fig. 3. In this
example, it is evident that there are four lender nodes (u1, u2, u3, and u4), shown in ovals;
and five loan nodes (v1, v2, v3, v4, and v5), shown in rectangles. The links between lender and
loan nodes represent investment relations, with investment amounts labeled on the edges.
Considering that lenders’ investment ability is not time-invariant (i.e., the expertise
of lenders is constantly updated over time, especially by learning from their experiences
with several investments made), recent investments may be more representative of their
ability than those made a long while ago. To better quantify the lender’s current expertise,
higher weights should be given to the lender’s more recent investments. Thus, we introduce a time-decaying weight to formulate the importance of the lender’s past investments.
Consistent with Newton’s Law of Cooling (Davidzon 2012), we assume that the time decay
rate of the importance is proportional to its value. Hence, we employ the exponential decay
function, which is mostly used to formulate the decay effect (Baucells and Bellezza 2017), to
evaluate the importance of all the lender’s historical investment record. Specifically, when
using lender ui’s historical investment on loan vk to estimate a new target investment vj, the
time-decaying weight would be:

tjk = N0 e−δ(tj −tk ) ,

(3)

where N0 is the initial decay value and the parameter δ controls the decay rate; tk and tj
represent the origination dates of loans vk and vj , respectively; and the part tk − tj is the
time difference between vk ’s and vj ’s origination dates.

Fig. 3 An illustration of loan weight and lender weight (Four lenders and five loans are involved,
ω1j , j = 1, 2, 3, 4 is the loan weight of lender u1, and θi3 , i = 1, 2, 3, 4 is the lender weight of loan v3.)
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To analyze the lender composition of loans, we should first characterize the lenders.
We describe basic quantitative variables, extracted from their past investment histories,
to represent lenders’ proficiency in making successful investments. Specifically, we consider performance, risk, and experience, and describe the computational equations for
synthesizing each of these metrics into an operationalized numerical measure.
The first variable for lenders’ profiles is the overall investment performance or return.
This variable represents how successful the lender has been in the past. As a lender in
the P2P lending marketplace typically has made multiple investments before, each of
which may have a different rates of return, the past investment return of lender ui can
be calculated as a weighted average of investment returns from all previous investments,
written as:

ȳi =

n

j=1

tj· ωij
n
Rj ,
j=1 tj· ωij

(4)

where tj· is the time decay between the origination date of loan vj and today, ωij is the
weight in Eq. 1, and Rj represents the rate of return of loan j. Note that as loans could
default with partial or no payment, the rate of return Rj could be negative.
Standard deviation is commonly used to quantify risk (Markowitz 1991). For each
lender ui , we define investment risk preference, si , as the weighted standard deviation of
investment rates of return, written as:


2
 n
tj· ωij 
n
Rj − ȳi ,
si = 
(5)
j=1 tj· ωij
j=1

which can be naturally interpreted as the variation or stability of performance in past
investments.
It is reasonable to believe that the more the past investments, the more the experience a lender has acquired in the P2P lending marketplace. For each lender ui , we define
investment experience as the number of previous investments. In P2P lending, given
an investment network, the degree of a node ui , denoted as Ei , is the number of edges
that have one end attached to the node. We can compute investment experience ki using
Eq.6:


ki = # eij |eij > 0, ∀j
(6)
where # represents the cardinality of a set.
Summarily, in this section, we quantitatively analyze past performance, risk preference, and experience. The analysis of lender profiles provides the basis on which we can
analyze the loan’s lender composition.
Lender maturity

Maturity is a measurement of the ability of an organization or individual for continuous improvement in a particular discipline (Vicente 2017). The higher the maturity, the
better the chances that decisions made by the organization/individual would lead to
improvements either in the quality or use of the resources (Becker et al. 2009). Most
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maturity models qualitatively assess people/culture, processes/structures, and objects/
technology (Mettler 2011). In project quality management, maturity is used by a business or organization as a benchmark of how mature their processes are, and how well
they are embedded in their culture, with respect to service or product quality management (Crosby 1979; Caballero et al. 2008). In personal career planning, maturity is
utilized to reflect individuals’ readiness to make well-informed, age-appropriate career
decisions and to shape their career carefully in the face of existing societal opportunities
and constraints (Naidoo 1998; Savickas 2011). In knowledge management, maturity is
employed to assess the capability of an organization with respect to the management of
its knowledge resources (Kulkarni and Louis 2003; Grundstein 2008).
In the previous subsection, to assess the expertise of lenders, the lender’s profile is
built based upon that lender’s past investment history. Intuitively, lenders with more historical investments have a higher degree of maturity than inexperienced lenders, which
consequently leads to increased accuracy when estimating lenders’ profiles. For example, we can better predict the performance of a lender with 30 previous investments
than that of a lender with only three past investments. Based on this logic, we introduce
maturity into profiling lender’s expertise, in which the maturity is used to capture the
dynamic changes of the accuracy of the lender’s investment ability indicators with the
accumulation of investment records.
The maturity of lenders with different investment experiences varies significantly.
Moreover, lenders can accumulate knowledge through continuous investment, thereby
changing from low to high maturity and tending to stability. Hence, to improve accuracy,
it is necessary to identify the maturity level of lenders and the way maturity evolves. It is
illogical to believe that lenders are mature only if they have had at least a minimum number of past investments. However, lender experience, or the number of past investments,
may be an over-simplified measure for building lender profiles because the number of
past investments may not necessarily have a linear relationship with the actual maturity
of a lender. Moreover, it is difficult to choose a good cut-off point for a minimum number of past investments without considering the distribution of data.
Herein, we propose a way to quantitatively measure lender maturity, which considers their past performance and risk preference, and thus facilitates a comparison among
lenders with different numbers of past investments. Specifically, we consider the adequacy of experience (i.e., the number of past investments) as a sample size problem and
quantitatively measure lender maturity by estimating the probability of their performance falling into a fixed-width confidence interval.
Suppose that the performance of lenders ui is a random variable Yi that follows a normal distribution with mean µi and standard deviation σi . The performance of the lender
investing in a loan is a sample from that normal distribution. More specifically, each past
investment made (as indexed by j) is an independent and identically distributed observation from that distribution. Thus, we have
iid

Yij ∼N (µi , σi2 ), j = 1, 2, . . . , ki ,
where ki is the total number of past investments, as seen in Eq. 6.

(7)
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With ki observed investments, the average performance of the lender, Ȳi , would also
follow a normal distribution, with a smaller standard deviation:


σi2
.
Ȳi ∼ N µi ,
(8)
ki
Graphically, we would expect the probability density curve of Ȳi to have a thinner and
taller peak, if either σi is smaller or ki is larger, as illustrated in Fig. 4.
In statistics, confidence intervals are widely used to provide a range of probable values for a given confidence level. With a larger sample size, the variance of the sample
mean is reduced, resulting in a narrower confidence interval under the same confidence level because the density curve narrows toward the center. The concept of
maturity utilizes the confidence interval mechanism reversely, which we refer to as
“interval confidence”. In other words, instead of fixing the confidence level, we fix the
margin of error and determine the corresponding confidence value.
As mentioned earlier, lender ui ’s average performance has a normal distribution,
whose mean and standard deviation can be estimated using historical data. Using

sample mean Ȳi = k1i ki Yij to estimate µi , and sample standard deviation si to estimate σi , the lender’s average performance will follow tki −1, a T distribution with
(ki − 1) degrees of freedom, which helps us to establish confidence intervals.
Assuming the same margin of error for all lenders, we evaluate the maturity of a
lender using the concept of an observed confidence level (Polansky 2007). Specifically, we set the margin of error, b, as a global parameter for all lenders. The maturity
of a lender ui is then defined as the probability of capturing his or her true level of
performance, given by mean µi , within the interval [Ȳi − b, Ȳi + b]. This way, despite
their different performances, risks, and number of investments, we could synthesize a
numerical value that enables comparison among different lenders.
For lender ui , the margin of error can be written as:

Fig. 4 Distributions of sample mean with different σ and n

Page 10 of 24

Guo et al. Financ Innov

(2021) 7:49

Page 11 of 24

Fig. 5 Relationship between lender experience, risk, and maturity (assuming b = 0.05)

Table 1 Examples of lender maturity calculation
Lender (i)

Return ( ȳi)

Risk (si)

Experience (ki)

Maturity (fi)

1

0.20

0.15

60

0.987

2

0.15

0.20

55

0.931

3

0.10

0.25

50

0.836

4

0.05

0.30

45

0.730

si
b = tki −1 (αi ) · √ .
ki

(9)
√

Our goal is to solve αi , the percentile that corresponds to a critical value b siki in a T distribution with (ki − 1) degrees of freedom. Formally, we define
 √ 
b ki
fi = 1 − 2αi = 2 · Ft(ki −1)
−1
(10)
si
as lender ui ’s maturity, where Ft(ki −1) (x) represents the cumulative density function of
t(ki −1) distribution. This measure, as a probability value, ranged between 0 and 1, provides a suitable maturity measure.
Figure 5 shows the relationship between the maturity score and the actual number of past investments for different levels of lender risks. As we can see, the maturity score increases monotonically with the increase in experience, and the increase
levels of when the experience is sufficiently large. Furthermore, the speed of the
increase in maturity depends on the level of risk. When the risk is higher, the maturity increases slowly.
Based on the examples shown in Fig. 3, we can come up with simple profiles
(including lender maturity calculation) of lenders as shown in Table 1. We can learn
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from Table 1 that lower risk and higher experience can be translated into higher
maturity of lenders.
Lender composition for loan evaluation

In this subsection, we study the quantitative evaluation of loans based upon their lender
composition, considering lender maturity to improve the superiority of the loan evaluation
model.
In a typical case in a bipartite network, a lender can invest across many different loans,
and a loan can be funded by several different lenders, i.e., lender composition. As lenders
may have individually contributed different amounts to the total loan, each lender is not
equally important. Furthermore, realizing that more weight should be given to the lenders
with higher maturity, we adjust the lender weights by considering their maturity. Specifically, we define a maturity-adjusted lender weight, θ̃ij, as:

θij fi
,
θ̃ij = m
i=1 θij fi

(11)

where θij is the unadjusted version in Eq. 2.
For each loan vj, the lender performance composition, ADJ .CRj, is defined as the
weighted average of its lenders’ performance. We use the maturity-adjusted lender weights
from Eq. 11. Specifically,

ADJ .CRj =

m


θ̃ij ȳi .

i=1

(12)

Similarly, we use the maturity-adjusted lender weights to compute the adjusted lender
risk composition, ADJ .CPj , as follows:

ADJ .CPj =

m


θ̃ij si .

i=1

(13)

Note that even though the weights are being adjusted, the correlation between lenders is
ignored when combining risk (i.e., standard deviation). Assuming independence among
lenders is logical as they make their own decisions.
Finally, the composition score, ADJ .CSj, is defined as the ratio of return to risk:

ADJ .CSj =

ADJ .CRj
,
ADJ .CPj

(14)

where ADJ .CRj is given in Eq. 12 and ADJ .CPj is given in Eq. 13.
The maturity-based lender composition score, ADJ .CSj, is a synthesized index that considers both return and risk, and it can be directly applied to the loan evaluation task for
indicating the investment value of loans. Each loan can be scored in this way, and all the
loans in this marketplace can be ranked according to their maturity-based lender composition score. Evidently, loans with a higher score, ADJ .CSj, which implies higher performance
composition ( ADJ .CRj) or lower risk composition ( ADJ .CPj), translate to better investment
values.
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Table 2 Description and statistics of variables
Variables

Mean

SD

Description

X1

5525

5258

The monetary amount of the loan

X2

0.2022

0.0903

The Borrower’s interest rate for this loan

X3

672.90

75.5151

FICO credit score of the borrower

X4

2.0259

2.8737

Inquires number of borrower in the last 6 months

X5

4.0224

9.9051

Number of borrower’s delinquencies in the past 7 years

X6

0.2350

0.2550

The debt to income ratio of the borrower

X7

0.6798

2.1153

Current delinquent of borrower’s accounts

X8

3.7121

1.2032

The income range of the borrower

X9

1.4317

2.0168

Loan score calculated by PageRank mechanism

X10

−0.3139

0.1254

Loan score without considering lender maturity

0.1507

Loan score proposed by this paper

0.2985

0.4577

The current status of the loan: 0-Paid; 1-Default

X11
Y

−0.2805

Experimental design
To find empirical evidence to support the value of the maturity-based lender composition score for loan evaluation in P2P lending, we perform extensive experimental studies using a real-world dataset as described in the third section. This section describes
the overall design for the experiments and outlines the choices made at each step of the
evaluation process.

Moving window strategy

The proposed loan evaluation indicator mainly includes two phases: building lenders’
profiles and calculating lender composition scores of P2P loans. Accordingly, we divide
the loan data into training and testing sets. The training set is utilized to build lender
profiles, while the testing set is utilized to calculate the lender composition score. Loans
in the profile building phase (i.e., the training set) must precede those in the composition score calculation phase (i.e., the testing set). Therefore, we apply the moving window strategy to divide the training and testing sets. More specifically, at the beginning
of the experiment, each loan observation is assigned a unique identifier according to its
creation time. Thereafter, the first n loans are used as the training data, and the next
(i.e., the (n + 1)-th) loan is the test loan. In the subsequent step, the training window
moves forward: the previous test case becomes part of the training data and a new test
loan is selected. This process continues in this sequential fashion until the full data set is
exhausted.

Benchmark variables

To verify that the maturity-based lender composition score is an effective indicator to
identify investment values of loans, we select a range of variables and compare their
importance in forecasting the probability of default and return rate. A description of
these variables is shown in Table 2.
As illustrated in Table 2, X1, X2, ..., X11 are independent variables, while Y is the
dependent variable. The loan status Y assumes two possible values that represent a loan’s
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Table 3 Variables combinations (The variables in borrower credit are extracted from borrower
information, while PageRank, LS, and ADJCS are extracted from lender information.)
Combination

Class

Variables

A

Borrower Credit

X1 , X2 , X3 , X4 , X5 , X6 , X7 , X8

B

Borrower Credit + PageRank

X1 , X2 , X3 , X4 , X5 , X6 , X7 , X8, X9

Borrower Credit + ADJCS

X1 , X2 , X3 , X4 , X5 , X6 , X7 , X8, X11

Borrower Credit + LS

C
D

X1 , X2 , X3 , X4 , X5 , X6 , X7 , X8, X10

The statistic is considered significant when its P-value is less than 0.05

outcome: paid or defaulted. Among the independent variables, attributes X1, X2, ..., X8
are extracted from borrower information. These variables are commonly used in traditional loan evaluation practices. Therefore, all our predictive models include these variables. In particular, our first benchmark includes only these variables (see Combination
A in Table 3).
The last three independent variables, X9, X10, and X11, are derived from the lenders’
information; X11 is the maturity-based composition score proposed herein, whereas X9
and X10 are two benchmark indicators with which we compare X11. Specifically, X9 is
the score derived from the PageRank algorithm (Brin and Page 1998). As our proposed
lender composition score eventually provides a ranked list of loans, PageRank, a stateof-the-art ranking method, is selected to provide a strong benchmark. When applying
the PageRank algorithm for loan evaluation, we construct a one-mode loan network,
wherein the connections between loans are determined by lenders. Finally, the loan
score without considering lender maturity serves as another benchmark.
Predictive models

This study aims to investigate whether the predictive model that incorporates a lender
composition feature could lead to more accurate and profitable P2P investments than
those models that solely consider borrower credit information. Thus, we set four different combinations of independent variables as the input of the predictive model, as
shown in Table 3.
In Table 3, feature combination A only contains the borrower’s credit information,
which is our base model following traditional practice. Combination B adds the variable, X9 , loan value calculated by the PageRank mechanism, which exploits lenders’
information. Combination C adds the variable, X10 , the loan score without considering lender maturity. Combination D uses the proposed loan score, X11, which introduces lender maturity into the lender composition.
To robustly evaluate the predictive power of lender composition, we use different
predictor combinations as model inputs, but additionally use three vastly different
predictive models for comparison, defined as:
1. Logistic regression (LR). An individual model that specifies a linear relationship
between the response variable and predictors.
2. Support vector machine (SVM). An individual model that specifies a nonlinear relationship between the response variable and predictors.
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3. Random forests (RFs). An ensemble model that specifies a nonlinear relationship
between the response variable and predictors.
The R software (Version 4.0.0) is used for all experiments. The following packages are
used to run the experiments: LR is implemented by the base function named glm,
SVM using the e1071 package, and RFs using the randomForest package. All the
hyper-parameters involved in these algorithms are tuned via the grid search strategy.
The radial basis function is adopted as the kernel function in the SVM.

Results
In this section, we first show statistical distributions from the Prosper data. Thereafter, we compare our lender composition indicator with other available variables to
study its effectiveness for indicating the potential investment value of a loan. Finally,
we demonstrate the model performance to investigate the predictive power of our
proposed lender composition score.
Distributions and associations

In this subsection, we show the distributions of the proposed statistics, which are pertinent to lender profiles and lender compositions. We also review the risk and return
association in our data.
The distribution of lender profiles is shown in Fig. 6. From Fig. 6a, we notice that
the distribution of lender experience is extremely skewed. This is well-aligned with
our expectation that the number of lenders drops quickly when we require a higher
threshold of minimum investments. We choose a cut-off point of 5 as the minimum
number of lender experiences required to be included in the training data. The distribution of their maturity is shown in Fig. 6b, and it is unimodal and skews moderately
to the right. This indicates that a large group of the lenders possesses lower maturity.
In Fig. 7, we show the distributions of performance composition (CR), risk composition (CP), and the composition score (CS), both with maturity adjustments (gray
bars and blue density curve) and without maturity adjustments (red density curve).
We could see that despite much similarity and overlap of the density curves, there is a
slight shift when adding maturity adjustment. The probability density curves without

Fig. 6 Distribution of lenders’ experience and maturity
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Fig. 7 Distribution of loans’ lender composition metrics

Fig. 8 Association between risks and returns

a maturity adjustment have a thinner and taller peak, which implies that the proposed
lender maturity provides a better distinction among loans.
Finally, we consider the association between risk and return in different scenarios.
Figure 8a shows the scatter plot of lenders’ risk versus lenders’ performance, while
Fig. 8b shows the scatter plot of each loans’ composite risk versus composite return.
In both cases, the data points lay on a curve.

Lender composition as an indicator

In this subsection, we study the possibility of the proposed maturity-based lender
composition score as an indicator for predicting loan outcome (i.e., paid or defaulted).
When used individually, we find that the maturity-based lender composition score,
compared with a range of other baseline variables, performs as a more powerful predictor for indicating the loan’s investment value. For this design, we also group loans
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Table 4 Significance test between groups
Model

Group

Mean

SD

T-Statistic

P value

Without

Paid

20.114

< 0.001

Default

−0.2925

0.0968

Maturity

−0.2499

0.1184

22.262

< 0.001

With

Paid

Maturity

Default

−0.3670

0.1114

−0.3553

0.1444

The statistic is considered significant when its P-value is less than 0.05

Table 5 Correlations between variables and loan default status
Variable

Correlation

Adjusted R2

X1

0.0279

0.0005

0.0772

X2

0.2608

0.0678

< 0.001

X3

−0.1766

0.0310

< 0.001

0.1797

0.0320

< 0.001

X5

0.0517

0.0024

< 0.0011

X6

0.0837

0.0068

< 0.001

X7

0.0950

0.0088

< 0.001

X8

−0.0195

0.0001

0.2202

−0.1613

0.0258

< 0.001

0.1171

< 0.001

−0.3977

0.1580

< 0.001

X4

X9
X10
X11

−0.3425

P value

The statistic is considered significant when its P-value is less than 0.05

based on their default status and compare the lender composition score of loans
within each group.
First, we compare the lender composition scores between the paid loans versus the
defaulted loans, as shown in Table 4. In both with and without maturity cases, the difference between the paid and the defaulted loan groups is highly significant, but the
T-statistic for the composition scores with maturity is higher than without it.
The above-mentioned results in Table 4 show that there is a significant difference in
the lender composition score between the defaulted and the paid loans, and the lender
maturity intensifies this distinction. However, we want to further explore how lender
composition score, when considering lender maturity, compared with other available
variables when used as a predictor for loan outcome. There are two ways of verifying
the effectiveness of the composition score for predicting the response variable. First, we
apply a single explanatory variable at a time to predict the loan default status, and the
results are listed in Table 5. We see that the maturity-based lender composition score
yields better results than any other variable.
Second, we rank loans by using one of the indicators: LR, LS, ADJCS or PageRank,
where LR is the predicted default probability obtained by applying logical regression
to the borrower variables of X1 −X8 only, which has been the most widely used in the
literature; PageRank is the score by applying the PageRank algorithm; LS is the loan
score without considering the lender maturity; and ADJCS is the maturity-based lender
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Fig. 9 Rate of return comparison of different indicators

Table 6 Mean square errors of different predictive models
Variables combination

LR

SVM

RFs

A

0.1912

0.1882

0.1992

B

0.1910

0.1842

0.1949

C

0.1826

0.1724

0.1863

D

0.1743

0.1591

0.1765

composition score proposed herein. We compare the rate of return by selecting top
loans ranked by each of these indicators, and the results are shown in Fig. 9.
In Fig. 9, the x-axis represents the percentage of top loans in which to invest (i.e., top
rates), and the y-axis is the corresponding rate of return if we invest in such a set of
loans with equal weights. We find that with different top rate thresholds, loans chosen
according to ADJCS consistently show higher rates of return than the others. Overall,
the maturity-based lender composition score computed in the present study is a better
indicator of loan quality than other indicators.
Predictive power of lender composition

In this subsection, we investigate the predictive power of the maturity-based lender
composition score. We train predictive models by combining different variables to predict loans’ default probability, which is an important research area in the P2P loan evaluation literature (Serrano-Cinca and Gutiérrez-Nieto 2016; Tao et al. 2017; Dendramis
et al. 2020). Based on the predicted default probability, the classification performance
and the outcomes of different models are compared. The prediction algorithms and variables we consider are described in detail in the last section.
First, we compare the mean square error between different predictive models. As
shown in Table 6, regardless of the machine learning algorithm used, the mean square
error is the smallest when the input is the variable combination D. Conversely, the combination A produces a larger error. This suggests that our maturity-based lender composition score can significantly reduce the prediction error of the model.
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Fig. 10 ROC comparison of different predictive models

Table 7 Precision comparison of different predictive models
Observations
ALL

TOP 50%

TOP 30%

Variables combination

LR

SVM

RFs

A

0.7308

0.7085

0.7299

B

0.7326

0.7091

0.7376

C

0.7428

0.7174

0.7587

D

0.7539

0.7807

0.7747

A

0.8037

0.8685

0.7953

B

0.8032

0.8819

0.8008

C

0.8321

0.8964

0.8157

D

0.856

0.9098

0.8453

A

0.8596

0.8787

0.8418

B

0.8621

0.8895

0.8479

C

0.8779

0.9153

0.8671

D

0.9086

0.9377

0.8954
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Second, considering the impact of data distribution on the classification results, we
draw the receiver operating characteristic curve (ROC) and compute the area under the
curve (AUC) based on the prediction results of each model; the results are shown in
Fig. 10. In Fig. 10a, the LR algorithm is employed, and we can see that when the input is
variable combination D, the AUC of this predictive model is 0.757, which outperforms
the other three combinations. When the learning algorithm is changed to SVM or RFs,
as shown in Fig. 10b and c, similar comparison results can still be observed. In other
words, when the evaluation measure is the AUC, the proposed indicator still duly works.
Third, in P2P lending, lenders generally pay more attention to loans with lower default
probability because such loans usually imply higher profitability. From this perspective,
in Table 7, we illustrate the classification precision, which measures the percentage of
the predicted non-default loans that are successfully classified by the model, for each of
our constructed model. When considering all the observations in our test set, we see in
the first row of Table 7 that irrespective of the applied algorithm, the models that include
lender information as an independent variable (Combination B, C, and D) have better
performances than the baseline that does not consider lender information (Combination A). Further, Combination D, which incorporates the maturity-based lender composition score, presents even better results than Combination B and Combination C, as it
has higher precision. These results show that our indicator could make overall improvements on the loan default prediction process.
While the aforementioned improvement of classification precision is determined by all
loans, the return rate of investment depends more on the best quality part of all loans.
This is because the lenders, in general, select these best quality loans as their investee
rather than all candidates. We suggest that the lower default probability predicted by the
model also indicates the higher return rate. Thus, we additionally present the detailed
improvement of default prediction by considering the distribution of predicted probability. As shown in the second and third rows of Table 7, we select 50% and 30% of
loans with lower default probability as best candidates set, respectively, and compare the
classification precision of these best loans set. The conclusions we could draw from the
results are consistent with the case of all observations. Moreover, the improvement of
classification precision increases with the decrease in default probability. When considering the 30% of loans with the lowest default probability, Combination D could make an
approximately 3% improvement over Combination C, which reveals that our indicator
exhibits more significant improvement on the candidates with a lower predicted probability of default.
To further investigate the profitability value implied in the improvement of the default
probability prediction, we evaluate each model’s actual return by selecting the top γ percentage of the most attractive loans based on that model’s predictions and compare different models’ average returns.
In Fig. 11, we show the results that compared Combination D’s average return rate
against the other combinations in the entire test set. In this figure, the x-axis, γ , is the
percentage of candidates in which to invest, and the y-axis is the corresponding rate of
return if we invest on such a set of loans with equal weights. As evident in Fig. 11a, when
the LR algorithm is applied, the models that incorporate the combination of the variables, which include lender composition indicator (Combinations C and D) consistently
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Fig. 11 Rate of return comparison of different predictive models

have the best return rate performance with different values of γ . Furthermore, Combination D has even better results than Combination C, as it has higher return rates. The
same conclusion holds for SVM and RFs, as is evident in Fig. 11b and c, respectively.
From all these results, we logically conclude that the maturity-based lender composition score proposed herein consistently demonstrates competitive performance compared to several benchmarks, which include a range of borrowers’ credit features and
two representative lender indicators.

Concluding remarks
In this paper, we present the maturity-based lender composition score, which exploits
lender information, for loan evaluation in P2P lending. First, we build profiles to quantify the lenders’ ability to pick high-quality loans. Next, based on these lender profiles,
we formulate a lender maturity factor to measure the ability of a lender for continuous
improvement in P2P investment. Finally, we develop a maturity-based lender composition score to predict the profit potential of each loan. Our empirical results on a realworld P2P lending dataset reveal that the maturity-based lender composition score
improves the efficiency of indicating the investment value, and loan evaluation models
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with this lender composition indicator perform significantly better than without it. Summarily, the maturity-based lender composition score proposed herein effectively indicates the investment value of loans and improves loan evaluation accuracy.
Additionally, we design an effective framework to extract the investment expertise
of lenders and prove that identifying and following the more mature lenders can lead
to better investment performance. By providing a way to acquire knowledge about
loans and the implicit behavior of lender crowd, we further contribute to the literature related to the wisdom of crowds. Hence, the maturity-based composition score
proposed herein not only provides methodological and theoretical support for loan
evaluation in P2P lending but also provides decision support for investors in similar
application scenarios, such as the securities market.
From the perspective of P2P lending platforms, all the bidding and profit information of the lenders, which play vital roles in profiling the lender’s investment ability and in constructing the lender composition score, can be collected and analyzed.
Hence, there is a robust chance that these platforms would employ our model to construct the proposed indicator of loan applications and incorporate it into the credit
evaluation system of loans to strengthen risk identification. Furthermore, the lender
composition score can be provided to the potential lenders as a value-added service;
thus, lending platforms can help lenders to identify the credit risk of loans more comprehensively, which not only reduces the investment risk of lenders but also facilitates
the loan credit management of the platform itself.
It should be noted that our loan evaluation method primarily focuses on judging
the relative merit of the potential investment value of the loans. Therefore, we do not
attempt to optimally assess the expected return and risk of the loans, which serve as
necessary inputs for loan portfolio optimization. Conceptualizing an efficient way to
build investment decision-making based on lender composition analysis is a promising area to which appropriate risk assessment can significantly contribute. In addition
to exploiting lenders’ historical investment records in this P2P lending marketplace,
it is worthwhile to further strengthen the investor composition analysis for loan
evaluation by using investors’ social networks, behavioral records, and other external
information.
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