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Abstract
Online microloans are a growing financial service. Therefore, resolving the ques-
tion of how to manage the dynamics of an individual borrower’s risk is crucial. By 
applying an installment-level borrower behavior dataset, we developed a compre-
hensive two-stage model for assessing borrowers’ delinquency and default risk for 
each installment of a loan. We also discovered new risk antecedents such as a bor-
rower’s previous repayment behavior and installment due date factors. This study 
uncovered three segments of borrowers and their corresponding risk levels. Further-
more, the study evaluated the economic benefit of debt collection. The study find-
ings provide a comprehensive model for evaluating borrowers’ delinquency and risk 
at the individual and segment levels over time.

Keywords Debt collection · Default · Delinquency · Microloan · Online 
microlending

 * Tian Lu 
 lutian@asu.edu

 Jiayan Han 
 jyhan20@fudan.edu.cn

 Yunjie Xu 
 yunjiexu@fudan.edu.cn

 Chenghong Zhang 
 chzhang@fudan.edu.cn

1 Fudan University, Shanghai, China
2 Arizona State University, 400 E Lemon St., Tempe, AZ 85287, USA

http://orcid.org/0000-0003-3730-1897
http://crossmark.crossref.org/dialog/?doi=10.1007/s10660-023-09778-2&domain=pdf


 J. Han et al.

1 3

1 Introduction

An online microloan is a financial service that offers unsecured, small loans between 
lenders and borrowers through online platforms without the intermediation of finan-
cial institutions [2, 9, 58]. Driven by the Internet and mobile technology, sharing 
economy arises as a new market model that provides peer-to-peer (P2P) sharing of 
access to goods and services [59]. Microlending, as a typical form of online micro-
loan in sharing economy, has received extensive attention from governments, indus-
try, investors, and researchers [6], and the corresponding worldwide growth in the 
number of loans and investors has been remarkable [43]. For example, China had 
approximately 6,000 microlending platforms with nearly 2.4 million borrowers and 
4.2 million investors at the end of 2016.1

The risk of default is often higher in online microloan platforms than in conven-
tional credit markets where borrowers could provide collateral for loans [19]. The 
information asymmetry is more severe in microlending platforms because borrower 
and lender identities are anonymous to each other [18]. Consequently, risk and credit 
assessment algorithms with limited personal information of borrowers is crucial to 
both platform managers and lenders. Because microloan borrowers frequently lack 
a credit report from formal institutions, most research has focused on the anteced-
ents to their default risk. Empirical studies of some platforms (e.g., Prosper, Lending 
Club, and PPDAI.com) have found that a borrower’s loan characteristics, individ-
ual characteristics, and social capital are useful indicators of the borrower’s default 
behaviors [34, 51]. A platform can collect most of these antecedents during the loan 
application process. However, “soft information,” such as a borrower’s social net-
work [34, 44, 56] and narratives provided by borrowers (e.g., [13, 28]), has been 
shown to be valuable in risk assessment.

A borrower’s risk manifests first as delinquency (i.e., not repaying an installment 
on time) and then as the ultimate default behavior (Fig. 1). Based on their repayment 
behavior, borrowers can be categorized into three groups: normal, delinquent, and 
default borrowers. Normal borrowers make timely repayments and are charged only 
the interest rate. In contrast, delinquent borrowers are charged a fine interest rate, in 
addition to the interest rate. If the delinquent borrowers fail to make required loan 
payments for an extended period of time, they then become default borrowers.

Although the repayment process comprises two stages, involving both delin-
quency and default, extant studies have mainly focused on a borrower’s default risk 
at the loan level (e.g., [31, 39, 51]). Although some have studied delinquency, it has 
been used as an indicator of default (e.g., [24]). Studies have treated delinquency 
and default as independent borrower outcome behaviors without considering the 
interrelationship between them (e.g., [12, 17, 22, 52]). Therefore, the literature lacks 
an integrated model that considers both stages and their transition.

Distinguishing borrowers’ behavior in the two stages is crucial for at least 
three reasons. First, the psychological motives underlying delinquency and 
default differ [7]. Specifically, delinquency is very likely to arise due to 

1 Data source: http:// shuju. wdzj. com/ indus try- list. html (Accessed on January 22, 2017).

http://shuju.wdzj.com/industry-list.html
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borrowers inadvertently failing to make timely payments such as missing the 
repayment due dates [21]. Default, however, stems from a variety of reasons, 
including intentional causes (such as financial fraud) and unintentional causes 
(such as low financial capability and accidental events) [37, 55]. Understanding 
the different antecedents to delinquency and default can offer rich insights for 
scholars and practitioners to make respective predictions at the loan-approval 
stage. Consequently, the risk antecedents may have different effects in predicting 
delinquency and default behavior [7]. To assess a borrower’s risk at each stage, 
platforms must identify the factors unique to delinquency or default. Second, 
once delinquency occurs, a platform may execute corresponding interventions 
such as a debt collection notice to prevent delinquency from turning to default 
[60]. An integrated two-stage model could help analyze the effect of interven-
tions conditional on the outcome of the first stage. Methodologically, an inte-
grated model avoids sample selection bias when analyzing default risk.2 Finally, 
because a platform may impose a fine on borrowers for delinquent payments, it 
may garner a higher return after the borrower repays the installment and fine. 

No
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Default?Yes
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Yes

T1 TIT0

Low-risk 
borrowers with 
less value

Medium-risk 
borrowers with 
higher value

High-risk 
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� Borrower social capital
� Previous repayment behavior

Loan date Repayment due date Default confirmation

Platform Intervention

� Debt collection
� Fine on delinquents

Time

Fig. 1  Two-stage repayment process

2 Consider a one-stage model with default as the dependent variable; to measure the effect of debt col-
lection, which is a variable conditional on the outcome of the first stage, only loans with delinquent 
installments are included in a study sample. This process introduces the problem of sample selection 
bias.
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Therefore, distinguishing delinquency and default enables a platform to more 
effectively assess the value and risk of loans.

This study proposes a two-stage conditional probit model for exploring the 
effect of antecedents on a borrower’s delinquency and default behavior. Spe-
cifically, we address the following questions: (1) What are the distinct effects 
of risk antecedents on a borrower’s delinquency and default behavior in micro-
loans? (2) How do the effects of risk antecedents and debt collection vary in dif-
ferent borrower segments? (3) What is the economic value of debt collection by 
a platform?

Risk occurs at the installment level. Studies have often analyzed the risk of an 
entire loan instead of each installment. According to our review of the literature, 
no research has been conducted on borrower risk at the installment level. That 
is, the literature fails to take advantage of the dynamic information of borrow-
ers’ monthly repayment. Delinquency and default may occur at the installment 
level. For instance, a borrower can be delinquent on an installment and finally 
default on it, or a borrower could be delinquent on some installments but finally 
pay them back with no loan-level default. Installment-level analyses entail using 
a borrower’s previous repayment records to assess the risk of an upcoming 
installment, resulting in a more fine-grained risk assessment. Moreover, mana-
gerial interventions such as a debt collection notice often occur at the install-
ment level. Their effectiveness can be analyzed only at the installment level.

This study modeled borrowers’ delinquency and default behaviors by apply-
ing a novel two-stage conditional probit model at the installment level. A latent 
class model was employed to capture the heterogeneity of borrowers. Our study 
proposes a set of new risk antecedents such as previous repayment behaviors and 
the installment due date in a month. These antecedents have not been explored 
by previous studies.

As revealed by our results, risk antecedents have a significant effect on delin-
quency, although the effects vary by segment, and that the antecedents to delin-
quency and default risk are different. Moreover, debt collection helps recover 
debt, but the effect varies by segment. Our results provide guidance for clas-
sifying customers into various segments and taking corresponding managerial 
interventions. Our results also provide a model for firms to assess the marginal 
effect of debt collection in the microloan context. Our findings reveal that com-
pared with a no-collection scenario, the default rate would decrease to 16.30% 
if the platform conducted debt collection for all the delinquent installments. If 
a platform collects a delinquent installment, its subsequent default rate would 
decrease by 0.1571. The marginal revenue of collecting an installment is 
¥282.41 (approximately US$43).

The remainder of this paper is organized as follows. Section 2 provides a lit-
erature review on studies of default risk in microloan context and studies on 
debt collection. Section  3 presents the research data and econometric model. 
Section 4 reports the empirical results. Finally, Sect. 5 offers a summary of the 
study with its limitations and contributions.
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2  Literature review

2.1  Antecedents to delinquency and default risk in microloans

The first group of antecedents to default risk comprises loan characteristics such 
as loan purpose, loan size, and interest rate. Serrano-Cinca et al. [51] defined 14 
types of loan purposes, such as debt consolidation, wedding, and starting a small 
business. Among these loan purposes, starting a small business has the highest 
risk and a wedding has the lowest risk. The relationship between risk and loan 
size has been extensively discussed [42]. A study argued that risk grows when 
the loan size is larger [33], whereas another found no such relationship [42]. Nev-
ertheless, another study reported a negative relationship [29]. Moreover, a study 
found a positive correlation between a loan’s interest rate and default risk [57].

The second group of antecedents to default risk comprises borrower character-
istics including demographics and financial information. Chen et al. [8] reported 
a lower default risk among female borrowers, compared with male borrowers. 
Yao and Sui [57] found a significant positive correlation between the age of bor-
rowers and their default behavior. Other research has demonstrated that financial 
information such as credit score, income, employment status, and house owner-
ship affects the probability of default [47, 51]. Furthermore, Ravina [49] revealed 
that borrowers perceived to be more esthetically pleasing were 1.41% more likely 
to have their loan application approved and pay 81 basis points less; notably, 
lenders may also be more willing to tolerate dishonest behavior from these bor-
rowers [30].

The third group of antecedents to default risk comprises the social capital 
of a borrower. Social capital refers to the borrower’s interpersonal connections 
such as friends, colleagues, and group affiliations [48]. In the context of a micro-
loan, social capital includes group resources and personal relationships. Some 
platforms (e.g., Prosper.com) encourage borrowers and lenders to join an online 
group with a group leader. The group leader may have private information about 
the borrowers and can thus select appropriate borrowers for lenders and influence 
them to repay their loans. Berger and Gleisner [3, 4] have found that such group 
membership reduces the default rate. Lin et  al. [34] revealed that when a bor-
rower’s friend is the lender, the borrower’s odds of default decreases by 9%, on 
average, and the odds of default decrease further if the friend joins the bidding. 
However, the number of general friends has no effect. Ge et al. [20] found that a 
borrower’s self-disclosure of their social media account and social media activi-
ties predicts a lower default probability in microlending.

Although many studies have focused on default risk, only a few quantita-
tive studies have been conducted on delinquent behavior in microloan contexts. 
Ravina [49] reported that borrowers perceived to be more esthetically pleasing 
are three times more likely to be delinquent than those perceived to have an aver-
age appearance. She also identified a borrower’s employment status as an ante-
cedent to delinquency risk. Agarwal and Liu [1] found that macroeconomic fac-
tors such as county unemployment rate significantly influence delinquency in 
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credit card loans. In a field experiment in India, Field and Pande [17] discovered 
that the type of repayment schedule (i.e., weekly or monthly repayment) has no 
effect on delinquency or default, but a more flexible schedule can significantly 
lower transaction costs without increasing default. Getter [22] showed that the 
size of a household’s payment burden (i.e., monthly payments relative to monthly 
income) has a nonsignificant effect on delinquency and a very small effect on 
default. Although these studies have considered both delinquency and default, the 
two behaviors have been treated as independent outcomes. Recently, Zhou et al. 
[60] partitioned consumer late repayment period into grace stage, delinquency 
stage, and default stage, and built prediction models by incorporating these three 
stages simultaneously as output variables. However, their data-driven study did 
not consider distinct effects of factors for different stages.

2.2  Debt collection

The literature on debt collection focuses on assessing the effectiveness of collection 
interventions on borrowers’ repayments. Debt collection is a common managerial 
intervention used by microloan platforms [25, 45] and can be costly. Lenders are 
willing to bear the cost only when the cost of collection is lower than its return [14].

The most common debt collection practice is offering economic incentives to 
borrowers. Cadena and Schoar [5] demonstrated that using waivers of interest and 
delayed fees have a positive effect on promoting a borrower’s repayment behav-
ior. Notice of outstanding and overdue installment is another common practice. 
Salisbury [50] indicated that a minimum payment warning printed on consumers’ 
monthly account statement has no effect on subsequent repayments, whereas Stew-
art [53] and Navarro-Martinez et al. [45] have found a negative effect. A third col-
lection practice is to impose social pressure on delinquents [11]. Specifically, with 
a borrower’s consent, platforms can disclose a borrower’s delinquency or default 
behavior to their family members or friends. Perez-Truglia and Troiano [46] found 
that shame penalties that entail publishing the names of those with tax delinquencies 
on a social website are effective. However, this effect is only significant for individu-
als with smaller debts. More relevantly, Luo et al. [40] conducted a field experiment 
and discovered that the combination of economic incentives and social pressure pen-
alties decreases the likelihood of loan repayment, whereas the use of each tactic sep-
arately has the opposite effect. Researchers have called for more precise and effec-
tive collection strategies [14]. Recently, Lu et al. [37] examined the impact of social 
notification on default and showed that notifying social contacts could reduce the 
default rates. Du et al. [15] revealed that embedding lender’s positive expectations 
in the reminder messages would increase loan repayment rates in both the short and 
long run whereas emphasizing adverse consequences exerted only pronoun effects 
on encouraging loan repayment in the short run.

Although the effectiveness of debt collection intervention methods has been 
explored, the marginal economic value of such managerial interventions has 
received less attention, as have the contingencies for effective collection. Because 
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debt collection is costly, quantifying its marginal benefit can help a loan pro-
vider determine the conditions (e.g., which type of delinquents) for applying such 
methods.

In summary, the literature has two gaps: It lacks a two-stage model for assessing 
delinquency and default risk simultaneously, and it also lacks an installment-level 
analysis factoring both individual repayment behavior and managerial intervention. 
Our work differs from the literature in several crucial aspects, as summarized in 
Table 1.

3  Research data and model

3.1  Research data

We derived our data from a startup microloan platform in China that targets col-
lege students as its customers. This study focused only on loans with a fixed size 
of ¥3,000 (approximately US$440) with an installment period of 6  months. The 
platform adopts a decreasing interest rate policy with a fixed mortgage; that is, a 
borrower is scheduled to repay ¥500 equally as principal capital every month,3 and 
the interest decreases by month in the loan period. Usually, the interest rate ranges 
between 9 and 18%. When borrowers apply for a loan, they provide their personal 
information and specify the purpose of the loan. Subsequently, the platform con-
ducts a thorough review and evaluation of the provided information, upon which 
the decision is made regarding the approval or denial of the loan application. The 
borrowers majorly leverage the microloans to cater to the temporary financial 
requirements, such as additional capital for small businesses, occasional shopping 
needs, education spending, and medical expenses. The debt collection methods 
of the platform include overdue notice and shame penalties if a borrower fails to 
respond to the notice.4 Specifically, the platform sends reminder texts to borrow-
ers and uses the shame penalties by informing delinquents’ social contacts, such 
as family members and friends. If the loan turns into default, the platform would 
submit the default records to a centralized shared blacklist system maintained by a 
symposium of microloan companies and initiate legal action. The platform gener-
ates revenue through a fixed commission fee from each borrower, interest paid by 
non-default borrowers, as well as the penalties imposed on those who fail to make 
timely payments (i.e., delinquency). The cost of the platform includes the loss of 
principal capital (i.e., exposure at default). Note that, the focal microloan platform 
has followed the common industrial practice (loan size, interest rates, and repay-
ment performance) and market regulation during our observation period. Thus, it is 
representative of the whole microloan platform population in China. Moreover, we 
believe that our findings can also be generalized to most other contexts because the 

3 The required monthly repayment amount of principal capital was integral multiples of RMB¥500. The 
minimum required payment was RMB¥500.
4 The platform obtained a borrower’s consent to its debt collection methods in the loan application stage.
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focal microloan platform presents shared similarities in loan type, loan purposes, 
and revenue structures with the microloan business in other countries.5

Our dataset covered the period from August 1, 2014, to December 31, 2015, 
including loan attributes, borrower characteristics, monthly repayment records, 
and debt collection records. The dataset had two parts: The first part comprised the 
loans issued from August 2014 to March 2015, and the second part comprised the 
monthly repayment records from September 2014 to December 2015. Because all 
the loans had a 6-month span, the last repayment of the sample was due on Sep-
tember 30, 2015. If an installment was not collected 3 months after the due date, a 
default was confirmed.6 The dataset covered the comprehensive repayment process 
of every installment, and it had a sufficient time span to observe the ultimate default 
of the installments and loans.

The dataset contained 6097 unique borrowers with 6207 loans. The total num-
ber of installments was 37,242 (= 6207 × 6). Figure 2 presents the delinquency and 
default rate of installments in the 6-month loan period. Specifically, the first install-
ment had the lowest default and delinquency rate. The delinquency rates were higher 
for the middle installments (i.e., months 2 through 5), and the default rate increased 
by month. Figure 2 also suggests that delinquency and default behavior have distinct 
trends.

3.2  Delinquency model for the first stage

Our econometric model is based on a conditional probit model.7 Let Y1i,t denote 
whether borrower i was delinquent at t, where subscript 1 refers to the first stage. Let 
the corresponding utility be Y∗

1i,t
 . A borrower’s delinquency behavior is specified in 

Eq. (1).

A dynamic binary panel choice model was used to specify the delinquency 
model. Let X1i,t be the covariate to denote the antecedents to the borrowers’ risk, 
including previous repayment behavior and other installment-specific variables. X1i,t 
represents the time-variant variables. As suggested by Gross and Souleles [24], Y1i,t 
is affected by both Y1i,(t−1) and X1i,t.

For the previous repayment behavior, we defined the accumulated number 
of delinquencies in a loan before month t (ANDLY), the accumulated number of 
defaults in a loan before month t (ANDFT), the average days of delinquency in a loan 
before month t (ADD), and the average days of advance repayment before month t 
(ADRA). At t = 1, there is no previous repayment behavior for borrowers. To manage 

(1)Y1i,t =

{
1 Y∗

1i,t
> 0,

0 Y∗
1i,t

≤ 0.

6 Confirming a case of default when the installment is 90 + days overdue is a common practice [14].
7 Because the dependent variables in the two stages are both binary, the conditional Probit model satis-
fies the assumption of independence of the irrelevant alternatives.

5 Sources: https:// www. 01cai jing. com/ finds/ report/ detai ls/ 255952. htm and https:// www. ibisw orld. com/ 
united- states/ market- resea rch- repor ts/ peer- to- lendi ng- platf orms- indus try/# Indus trySt atist icsAn dTren ds.

https://www.01caijing.com/finds/report/details/255952.htm
https://www.ibisworld.com/united-states/market-research-reports/peer-to-lending-platforms-industry/#IndustryStatisticsAndTrends
https://www.ibisworld.com/united-states/market-research-reports/peer-to-lending-platforms-industry/#IndustryStatisticsAndTrends
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the potential problem of a dynamic panel bias,8 following Heckman’s [26] approach, 
we specified a separate equation for the initial condition when t = 1. Specifically, we 
used M1i to denote an observable instrument variable to represent a borrower’s pre-
vious delinquency behavior before t = 1. M1i is the average delinquency rate of other 
borrowers who applied for a loan on the same day as borrower i.

For the installment-related attributes, we defined a set of date-specific attributes 
based on whether the installment due date is a weekend (Weekend), at the beginning 
or end (i.e., the first or last 3 days) of a month (B/E of month), during the summer 
or winter vacation (S/W vacation, based on China’s school calendar), or on national 
holidays (Holiday, as announced by China’s government). The monthly interest rate 
(MIR) and fixed month effects were controlled. Equation (2) specifies the dynamic 
binary panel choice model.

where λ, τ, β, and γ are coefficients and η is the error. We assumed that Y1i,t follows a 
probit distribution:

3.3  Unconditional default model for the second stage

Y2i,t denotes a borrower’s default behavior based on his or her utility in the second 
stage [Eq. (4)].

(2)Y∗
1i,t

=

{
�X1i,t + �M1i + �i,t t = 1;

�X1i,t + �Y1i,t−1 + �i,t t = 2, ..., T1i.

(3)

Pr(Y1i,t =1|X1i,t ,M1i) = Pr ob[�i,1 > −(�X1i,t + �M1i)|X1i,t ,M1i] = Φ(�X1i,t + �M1i), t = 1;

Pr(Y1i,t =1|X1i,t ,Y1i,t−1) = Pr ob[�i,t > −(�X1i,t + �Y1i,t−1)|X1i,t ,Y1i,t−1] = Φ(�X1i,t + �Y1i,t−1), t = 2, ...,T1i.

61.25%
68.47% 70.32% 70.65% 70.86%

64.25%

14.79%
22.28%

27.47%
31.63% 35.38%

38.63%

1 2 3 4 5 6

Delinquency rate Default rate

Month t

Fig. 2  Monthly delinquency and default rates in the sample

8 In the dynamic binary choice model, the correlation between the heterogeneity and Y1i,(t−1) makes 
Y1i,(t−1) endogenous. Thus, the estimators are not consistent [22].



 J. Han et al.

1 3

The covariate X2i,t includes the previous repayment variables, the installment-spe-
cific attributes, and a borrower’s time-invariant attributes. Additionally, we defined a 
dummy variable, Collection, which indicates whether the platform took any collec-
tion actions for an installment.9 Collection is a variable unique in the second stage to 
represent managerial intervention. Similar to the first stage, we modeled the initial 
condition at t = 1 with a separate equation. We used N2i as an instrumental observed 
variable, which was the average default rate of other borrowers who applied for 
loans on the same day as borrower i.

where θ, � , δ, ϕ are coefficients and ε is the error. We assumed Y2i,t to follow a pro-
bit distribution.

3.4  Conditional default model for the second stage

The behavior of default is conditional on delinquency. That is, the probit function 
of Y2i,t is conditional on X1i,t, M1i, Y1i,t-1, and Y1i,t = 1. Assuming �i,t and �i,t are inde-
pendent of X with a zero-mean normal distribution, we could derive the conditional 
probability as follows, where � is the correlation between � and �:

(4)Y2i,t =

{
1 Y∗

2i,t
> 0,

0 Y∗

2i,t
≤ 0.

(5)Y∗
2i,t

=

{
�X2i,t + �N2i + �i,t t = 1,

�X2i,t + �Y2i,t−1 + �i,t t = 2, ..., T2i.

(6)

Pr(Y2i,t = 1) =

{
Pr ob[𝜀i,t > −(𝜃X2i,t + 𝜑N2i)] = Φ(𝜃X2i,t + 𝜑N2i) t = 1;

Pr ob[𝜀i,t > −(𝛿X2i,t + 𝜙Y2i,t−1)] = Φ(𝛿X2i,t + 𝜙Y2i,t−1) t = 2, ..., T2i.

Pr(Y2i,t = 0) =

{
Pr ob[𝜀i,t ≤ −(𝜃X2i,t + 𝜑N2i,t)] = 1 − Φ(𝜃X2i,t + 𝜑N2i) t = 1;

Pr ob[𝜀i,t ≤ −(𝛿X2i,t + 𝜙Y2i,t−1)] = 1 − Φ(𝛿X2i,t + 𝜙Y2i,t−1) t = 2, ..., T2i.

(7)

Pr(Y2i,t = 1|Y1i,t = 1,X1i,t ,M1i) =E[Pr(Y2i,t = 1|�,X1i,t ,M1i)|Y1i,t = 1,X1i,t ,M1i)]

=E
{

Φ[(�X2i,t + �N2i − ��)∕(1 − �2)1∕2]|Y1i,t = 1,X1i,t ,M1i
}

= 1
Φ(�X1i,t + �M1i) ∫

∞

−(�X1i,t+�M1i )
Φ[(�X2i,t + �N2i−��)∕(1 − �2)1∕2]�(�)d�;

Pr(Y2i,t = 1|Y1i,t = 1,X1i,t , Y1i,t−1) = E[Pr(Y2i,t = 1|�,X1i,t , Y1i,t−1)|Y1i,t = 1,X1i,t , Y1i,t−1)]

=E
{

Φ[(�X2i,t + �Y2i,t−1 − ��)∕(1 − �2)1∕2]|Y1i,t = 1,X1i,t , Y1i,t−1
}

= 1
Φ(�X1i,t + �Y1i,t−1) ∫

∞

−(�X1i,t+�Y1i,t−1 )
Φ[(�X2i,t + �Y2i,t−1−��)∕(1 − �2)1∕2]�(�)d�.

9 Platform managers taking multiple collection actions for a delinquent installment could be possible. 
We used a dummy variable to indicate whether at least one collection action occurred.
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Similarly, we could infer the conditional probability of Y2i,t = 0 as follows:

Hence, the probability of the observed behavior of borrower i in a loan is expressed 
as follows:

3.5  Model borrower heterogeneity

Unobserved borrower characteristics are highly likely to affect the behavior of delin-
quency and default. To account for such unobserved borrower heterogeneity, we 
assumed that the observed behavior of borrowers follows a mixture of distributions. Let 
fits indicate the probability of observing the behavior of i in month t if i belongs to seg-
ment s, and let mis indicate the logit form of the probability of i belonging to segment s.

As suggested by Heckman and Singer [27], a latent class model can be specified 
with a borrower’s segment membership, dependent on time-invariant borrower-specific 
financial information and demographic variables (Demo), which include age, gender, 
loan experience, education level, monthly income, average hometown GDP, house 
ownership, and distance from home. Equations  (10) and (11) define fit and mis with 
regard to borrower heterogeneity.

With these equations, we could define the log-likelihood function as follows:

(8)

Pr(Y2i,t = 0|Y1i,t = 1,X1i,t,M1i)

=
1

Φ(�X1i,t + �M1i) ∫
∞

−(�X1i,t+�M1i)

{1 − Φ[(�X2i,t + �N2i−��)∕(1 − �2)1∕2]}�(�)d�;

Pr(Y2i,t = 0|Y1i,t = 1,X1i,t, Y1i,t−1)

=
1

Φ(�X1i,t + �Y1i,t−1) ∫
∞

−(�X1i,t+�Y1i,t−1)

{1 − Φ[(�X2i,t + �Y2i,t−1−��)∕(1 − �2)1∕2]}�(�)d�.

(9)

fit = (Pr(Y2i,1 = 1|Y1i,1 = 1)Y2i,1=1 Pr(Y2i,1 = 0|Y1i,1 = 1)Y2i,1=0)Y1i,1=1(1 − Φ(�X1i,t + �M1i))Y1i,1=0

×
Ti
∏

2
(Pr(Y2i,t = 1|Y1i,t = 1)Y2i,t=1Pri(Y2i,t = 0|Y1i,t = 1)Y2i,t=0)Y1i,t=1(1 − Φ(�X1i,t + �Y1i,t−1))Y1i,t=0.

(10)fit =

S∑

s=1

misfits(�s, �s, �s, �s, �s, �s,�s,�s,�s, �),

(11)mis =
exp(�is + ��

is
Demoi)

∑S

k=1
exp(�ik + ��

ik
Demoi)

.

(12)L(�, �, �, � , �, �,�,�,�, �) =

n∑

i=1

ln fit.
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4  Estimation results

Section 3 proposed the two-stage economic model. In this section, we employed this 
model to estimate the antecedents of delinquency and default behavior. Specifically, 
in Sect. 4.1, we provided an overview of the variables used in our analysis, along 
with their corresponding descriptive statistics. Subsequently, in Sect.  4.2, we pre-
sented the estimation results for the two-stage model, followed by an analysis of 
borrower heterogeneity in Sect. 4.3. Finally, in Sect. 4.4, we evaluated the marginal 
effect of debt collection on both default rate and revenue.

4.1  Variables and descriptive statistics

Table 2 presents the variables, their definitions, and the descriptive statistics. In the 
dataset, the overall delinquency rate was 0.68 and the default rate was 0.28. The 
platform took partial collection action on 17.7% of delinquent installments,10 con-
stituting approximately 12% (= 17.7% × 0.68) of all installments. Although the plat-
form should have taken collection actions for all delinquent installments, the incom-
plete intervention offered a unique opportunity for us to assess the effect of debt 
collection.

Most borrowers had an income level less than ¥3,000 per month and were from 
less-developed regions with a hometown GDP per capita of approximately ¥53,000. 
The borrowers’ average education level was low (Mean = 1.52; i.e., many borrowers 
had only completed junior college or college education), and only 18% of the bor-
rowers owned their places of residence. Regarding the time distribution of loans, 

10 During our sample period, the platform did not have an elaborated set of debt collection rules. The 
debt collection for delinquent installments was random.

Table 3  Comparison of model specifications

*Because no solution exists to address the problem of incidental parameters for a dynamic probit model, 
we used a logit model for the one-stage models. A panel logit model was estimated through conditional 
MLE, as suggested by [23]

Model Description Parameters LL BIC AIC

One-stage dynamic panel logit model*
Logit (Delinquency) 20  − 13,618.8 27,427.05 27,276.04
Logit (Default) 21  − 10,884.5 21,968.98 21,812.64
Two-stage dynamic panel Probit model
 Homogeneous model 36  − 9,218.4 18,635.71 18,330.51
 Heterogeneous model
  2 segments 79  − 8,888.6 18,608.69 17,935.75
  3  segments☆ 122  − 8,642.9 18,569.87 17,529.81
  4 segments 165  − 8,805.5 19,347.66 17,939.47

Sample size 37,242
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application dates were distributed uniformly in the sample period. For instance, the 
loans applied for on the weekends were proportional to the number of weekend days 
in the entire period.

4.2  Estimation results

We estimated the two-stage model with maximum likelihood estimation (MLE), 
using the quasi-Newton method to maximize the log-likelihood function. Table  3 
shows the results of the fitted models. The two-stage model had lower Bayesian 
information criterion (BIC) and Akaike information criterion (AIC) scores com-
pared to the one-stage model, suggesting that the two-stage model had a better fit to 
the data. To investigate borrower heterogeneity, we also fitted a latent class model 
with different segmentations, and the results showed that the BIC and AIC scores 
were the lowest when the segment was 3. Comparing the BIC and AIC of the homo-
geneous fixed-effect model and heterogeneous model revealed that the model with 
heterogeneity was better.

Table 4 presents the results of the fitted two-stage models, assuming a homogene-
ous population or assuming a heterogeneous population of the three segments. Panel 
a (parameters of delinquency model) and Panel b (parameters of conditional default 
model) correspond to model specifications for the two-stage repayment behaviors 
(i.e., delinquency and default). Besides, as introduced in Sect.  3.5 (Eq.  11), we 
applied borrower heterogeneity analysis and reported the results in Panel c. The 
table also differentiates models for t = 1 and t > 1, in addition to presenting the effect 
of risk antecedents on delinquency (panel a) and default (panel b). The ρ value for 
the entire model was positive and significant, indicating that the first- and second-
stage choices were highly dependent, and the rationality of the two-stage model was 
thus justified.

A few salient patterns appeared in the results when consumers were assumed to 
be heterogeneous and when t > 1. In the first stage (i.e., Panel a), all our proposed 
installment repayment behavior variables were significant to delinquent behavior. 
Among them, ADRA was an indicator of low risk, and it was shown to reduce delin-
quency risk. The rest of the variables (i.e., ANDLY, ANDFT, ADD) were indica-
tors of high risk, and they were revealed to increase delinquency risk. These effects 
were consistent across all segments, suggesting that these variables are critical new 
behavior variables for predicting delinquent behavior.

Furthermore, borrowers’ delinquency behavior in the previous month, Y1i,t-1, was 
a significant predictor of the delinquency risk in the following month. Segments 1, 
2, and 3 represented low-, medium-, and high-risk borrowers, respectively. For seg-
ments 1 and 3, those who had been delinquent in the previous month tended to be 
delinquent the following month, suggesting a carry-over effect over months. The 
negative coefficient of segment 2 suggests that borrowers tended to swing between 
delinquent and nondelinquent behaviors.

Second, the date-related variables (Weekend, B/E of month, S/W vacation, Holi-
day) were also significant antecedents to delinquency risk. However, their effect var-
ied across segment. In particular, segments 1 and 2 were less likely to be delinquent 
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at the beginning and end of a month and during vacations and holidays. Personal 
income usually arrives at the beginning or end of a month. A vacation is a time 
when a borrower might receive extra income or incur extra expenses, and a holiday 
often suggests extra expenses. A plausible reason for segments 1 and 2 is that the 
borrowers had a greater amount of income or fewer expenses on those days. By con-
trast, segment 3 had a higher risk on such days: plausibly, they had less income or 
more expenses on those days.

Third, in the second stage (i.e., Panel b), most of our proposed installment repay-
ment behavior variables were still significant to default behavior. Among them, 
ADRA reduced the default risk, whereas ANDLY and ADD increased the default 
risk. ANDFT was significant in segment 1 but not in segment 2 or 3. Furthermore, 
a borrower’s default behavior in the previous month,  Y2i,t-1, was significant to the 
default risk of the following month, suggesting a carry-over effect over months.

Fourth, debt collection significantly reduced default risk, and the effect varied 
across segments. Segment 2 was the most sensitive to debt collection.

Fifth, the due date-related variables had similar but less pronounced effects on 
default behavior than on delinquency. S/W vacation reduced the default risk for seg-
ments 1 and 2, plausibly indicating extra income during vacations or avoidance of 
extra spending. S/W vacation increased the default risk for segment 3, plausibly 
because of extra spending. B/E of month reduced the default risk for segments 1 and 
2, plausibly because of the income schedule, but had no effect on segment 3. Seg-
ment 1 had a lower default risk for the weekend, whereas segment 3 was more likely 
to default on the weekends, plausibly because of greater expenses.

Sixth, the interest rate increased delinquency and default risk in all segments. 
Segment 3 was more sensitive to interest rate than segment 1.

Finally, regarding the estimation results in Panel c, for the homogeneous model 
(i.e., Columns 1 and 2), we considered the borrower-fixed effect. Therefore, the 
parameters of borrower characteristics were absorbed by the borrower-fixed effect. 
As for the heterogenous model (i.e., from Columns 3 to 8), borrowers were opti-
mally identified by our latent class model with three segments. Since we treated 
Segment 1 as the benchmark, the estimated parameters of borrower characteris-
tics for Segment 1 (i.e., Columns 3 and 4 in Panel c) were omitted. The estimated 
parameters of borrower characteristics Segments 2 and 3 were reported in Columns 
5 to 8, respectively. The last row of Panel c presents the estimation of ρ, which is the 
correlation between ε and η. As for borrower characteristics (i.e., Panel c), financial 
indicators (i.e., hometown GDP, house ownership) reduced delinquency and default 
risk, whereas individual income had no effect.

4.3  Borrower heterogeneity analysis

Table 5 presents a summary of the statistics for each borrower segment. Segment 1 
contained approximately half (50.35%) of our sample, and its delinquency (61.92%) 
and default (20.56%) rates were the lowest among the three segments, suggest-
ing relatively low-risk borrowers. The average days of delinquency in segment 1 
were much less than those in segments 2 and 3; the borrowers in segment 1 repaid 
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installments nearly 1 week in advance. The borrowers in segment 1 came from rela-
tively more developed cities and had a higher monthly income and level of educa-
tion, compared with those in segments 2 and 3. One-fifth of the borrowers in seg-
ment 1 lived in their own houses, instead of living in dormitories or rentals.

Segment 3 had the highest delinquent (75.73%) and default (46.41%) risk, nearly 
doubling the risk of segments 1 and 2. This segment contained the least proportion 
(23.65%) of our sample. Borrowers in segment 3 were from less-developed cities 
and had a relatively lower monthly income, compared with those in segments 1 and 
2. The majority of the borrowers in segment 3 were junior college students living 
in dormitories. The average days of delinquency were more than 70 days. Overall, 
those in segment 3 were high-risk borrowers; therefore, the platform should screen 
them carefully during the loan application process.

Segment 2 comprised 26% of the borrowers. They had a high delinquency rate 
(71.49%) similar to that of segment 3, but their default rate (27.40%) was much 
lower than that of segment 3. These results suggest that segment 2 represented 
median-risk borrowers among the three segments. Therefore, the platform could 
garner greater profits from segment 2 by using delinquency fines as a penalty. The 
socioeconomic features of segment 2 were lower than those of segment 1 and higher 
than those of segment 3. Notably, the three segments corresponded well to our ex 
ante classification of borrower behavior in Fig. 1.

4.4  Marginal effect of debt collection

This section aims to evaluate the marginal effect of debt collection. To achieve this 
goal, we made the following assumptions: (1) The borrowers in this study are repre-
sentative of the microloan student population in terms of demographics. (2) Collec-
tion of delinquent installments at time t does not affect the borrowers’ delinquency 
and default behavior for future installments of the loan. (3) Collection does not mod-
erate the effects of the antecedents on the borrowers’ repayment behavior.

As mentioned in Sect. 4.1, the platform in fact conducted partial collection, with 
the rate of 17.7%. To better assess the marginal effect of debt collection, we simu-
lated and compared the differences in default rates between two hypothetical sce-
narios: no debt collection and full debt collection. In the no- and the full-collection 
scenarios, the values of debt collection in our dataset were set to 0 and 1, respec-
tively, for all overdue installments. Then, we applied the parameters from Table 4 
to Eq. (8) to obtain the predicted probability of default for each installment. If the 
predicted probability was greater than 0.5 (i.e., P̂default,it ≥ 0.5 ), the installment was 
considered a default. Because the artificial changes to collection might affect the 
model fitting result for segmentation, we recalculated the posterior probabilities of 
segmentation based on Eq. (10). Figure 3 shows the new segments based on the sim-
ulation results. N is the total number of installments in each segment under different 
collection scenarios. We observed that the number of installments in each segment 
were redistributed due to the debt collection mode change. Specifically, if the full-
collection practice was enforced, compared with the partial-collection practice, seg-
ment 3 would lose the largest number of installments (from 8670 to 2844) while 
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segment 2 would gain the most (from 9720 to 14232). These results suggest that 
many borrowers with high default risk would become medium-risk borrowers. This 
change would not only reduce risk but also increase profit, because segment 2 pays a 
greater amount of delinquency fines.

We also notice that default rate varies according to the segments and collec-
tion scenarios. We can therefore compute the marginal effect of debt collection on 
default rate. Simulation result demonstrates that the overall default rate of the plat-
form would be 31.14% if it does not enact any measure to collect debts: the default 
rate would decrease by 0.027811 (= 31.14% − 28.36%) if partial collection are 
adopted. By contrast, if the platform conducts debt collection for all installments, 
the default rate would decrease to 16.30%. Hence, full collection is clearly the supe-
rior option, whereas no collection is the worst. The marginal effect of partial col-
lection on default risk thus can be calculated by the change in default rate between 
partial and no collection, relative to the percentage of loans in partial collection; in 
this case, it is 0.1571 (= 0.0278/17.7%).12 Moreover, when using the no-collection 
scenario as the benchmark, partial collection could reduce the number of defaulted 
installments by 50.43% (= 0.1571/31.14%); that is, the number of defaulted install-
ments in the no-collection scenario can be reduced by half.

Alternatively, the effect of collection on default can also be assessed by compar-
ing the full- and no-collection scenarios. The difference in the aggregate level default 
rate between no- and full-collection is 0.1484 (= 31.14% − 16.30%). The marginal 
effect on default risk can be calculated by the change in default rate between full and 
no collection relative to the percentage of loans in full collection, which is 0.1484 
(= 0.1484/100%). Full collection reduces the number of defaulted installments by 
47.66% (= 0.1484/31.14%).

Collectively, the results from the comparison between full and no collection and 
partial and no collection arrive at similar conclusions in terms of the marginal effects 
of collection on the default rate and number of defaults. These results also indicate 
that the platform conducted collection randomly in the early stage; otherwise, the 
effect of collection calculated based on partial versus no collection would be signifi-
cantly different from that of full versus no collection. The random collection prac-
tice justifies the treatment of collection as an exogenous variable in our model.

We further analyzed the marginal effect of debt collection on revenue contribu-
tion. The average number of days of a delinquent but not defaulted installment was 
approximately 23 (22.86) days. The average interest rate for these installments was 
1.65% and the delinquency fine rate was 0.45% of the loan size per day. The size of 
an installment was ¥500. With these parameters, the revenue from each collection 
was ¥282.41 (= 500 × (1 + 1.65% + 0.45% × 23) × 50.43%). That is, when the total 
cost of debt collection was less than 56% (= 282.41/500) of the installment amount, 

11 We use a decimal form to present the absolute amount of change in percentage; this is not the ratio of 
change in percentage.
12 We can also assess the marginal effect of debt collection on default by plugging in the coefficient of 
collection in the homogeneous model into Eq. (9) and comparing the default risks of collection = 1 and 
collection = 0 (keeping other variables constant). The marginal effect of debt collection on the reduction 
of default risk was 0.1571, which is consistent with the estimation from the aggregate level simulation.
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the corresponding debt collection implementation would be averagely lucrative for 
the platform.

5  Summary and implications

5.1  Summary

With an installment-level dataset, this study proposed and empirically tested a two-
stage model of borrowers’ delinquency and default behavior during the repayment 
process. The results confirm the better fitting of the two-stage model to the data, and 
they thus suggest that the variables of the borrowers’ previous repayment behav-
ior have a significant influence on borrowers’ delinquency risk and default behavior. 
The results also suggest that the due date of an installment affects delinquency and 
default.

The heterogeneity analysis results suggest that borrowers in the three segments 
behaved differently. Moreover, the results suggest a positive effect of debt collec-
tion on debt recovery. We found that compared with the no-collection scenario, the 
default rate would decrease to 16.30% if the platform conducts collection for all the 
delinquent installments. When a platform collects a delinquent installment, its sub-
sequent default rate would decrease by 0.1571. The marginal revenue of collecting 
an installment is ¥282.41.

5.2  Theoretical implications

Our study offers noteworthy theoretical implications. First, to help microloan man-
agers and lenders make a better use of borrowers’ monthly repayment behavior, 
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departing from the traditional one-stage model, this study proposes a two-stage 
probability model to factor in the dynamics of borrowers’ repayment behavior for 
predicting delinquency and default behavior. A one-stage loan level model is use-
ful for screening loan applications but lacks the capability to assess the dynamics 
of individual risks. The two-stage model offers not only screening capability, but 
also the capability to capture the borrower’s dynamic behavior during the repayment 
process and accordingly adjust the delinquency and default risk of the individual for 
each month. This comprehensive model covers the entire loan life cycle.

Second, according to our review of the literature, this study is among the earliest 
to incorporate debt collection in the model and investigate its effect on delinquency 
and default risk. In addition to carefully screening loan applicants in the preloan 
stage, debt collection is often the only managerial intervention to control the risk of 
an outstanding loan. Hence, assessing the economic benefit of debt collection rela-
tive to its cost is imperative. The proposed two-stage model offers a new instrument 
to make such an assessment for debt collection and other managerial interventions in 
a loan’s life cycle.

Third, this study proposes a set of novel risk antecedents, particularly borrowers’ 
repayment behaviors and characteristics of an installment due date. Only a staged 
model can leverage these valuable variables. A traditional one-stage loan-level anal-
ysis would have to forego such nuanced behavior measurements and date-specific 
factors. The behavior variables offer a set of indicators that enable the constant mon-
itoring of borrower risk.

5.3  Practical implications

The key practical contribution of the two-staged model is that it offers the capability 
to assess loan risks dynamically over a loan’s life cycle. First, this study considered 
borrowers’ heterogeneity and offers an instrument to classify borrowers into seg-
ments. Although many studies have identified borrowers’ risk antecedents in micro-
loans [6, 57], our findings demonstrate how borrowers behave differently in various 
segments.

In this study, segment 2 represented medium-risk borrowers and higher revenues, 
and segment 3 represented high-risk borrowers. During the screening stage, a plat-
form can classify applicants to a segment, depending on a variety of variables, with 
an algorithm such as k-nearest-neighbors. This system of classification is the first 
step of risk and value assessment. Thus, a platform could set higher screening crite-
ria for segment 3 to increase the probability of loan repayment and profits.

After a platform grants a loan, it should closely monitor segment 3 by, for exam-
ple, strengthening managerial interventions during the loan’s life cycle and checking 
whether the due date is on a weekend, at beginning or end of a month, or during 
school vacations or holidays. This is because the risks of segment 3 would be higher 
during such periods.

Second, a platform can employ our model to forecast the delinquency and default 
risk of each installment. As an illustration, we fitted a model with loans applied for 
from August 2014 to January 2015 (i.e., three-quarters of the sample) and used the 
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result to forecast the repayment behaviors of borrowers in the rest of the sample. 
Table 6 indicates that the two-stage model provides a more accurate forecast than do 
one-stage models for installments. Both the root mean-squared error (RMSE) and 
mean absolute percentage error (MAPE) of the two-stage model are shown to be 
lower.13

Third, the two-stage model can depict the risk of a loan over time. Figure 4 illus-
trates the predicted risk of each installment over time. Figure 4 illustrates how the 
risk of default would change if a collection action had been employed, given a bor-
rower’s previous repayment behavior (as presented in the table in this figure). Based 
on the default risk of the upcoming installment, the platform can set a threshold 
to activate managerial interventions such as a collection action. After a collection 
action, the risk dynamics of the borrower would change accordingly.

For platform managers, the model can also provide a summary report of borrower 
segments. For example, Fig. 5 presents the risk trend of segment 2.

5.4  Limitations

This study has limitations that should be considered when interpreting the study 
results. First, the dataset did not have antecedents, such as the loan’s purpose and 
social capital, and inclusion of such factors would have enhanced the predictive 
ability of the risk measurement model. Second, this study neither differentiated the 
types of intervention (e.g., notice, warning, and shame penalty) nor considered the 
lasting effect of debt collection across multiple installments [7]. Third, this study 
simplified debt collection to a binary variable and its time of occurrence, neglect-
ing the choice of collection action types and frequency of those actions. Fourth, we 
have only considered a single platform and the delinquency rate and default rate of 
our focal platform were high during the research period, which may result in biased 
estimations and hamper the generalizability of the findings. Future research, with 
more installment-level data available, would alleviate this issue by employing the 
proposed two-stage model across other platforms, regions, and periods.

Author contributions All authors contributed to the study conception and design. Material preparation, 
data collection and analysis were performed by JH and TL. The first draft of the manuscript was written 
by all authors and all authors commented on previous versions of the manuscript. All authors read and 
approved the final manuscript.

Table 6  Comparison of model 
prediction precision (N = 9440)

Model RMSE MAPE

One-stage model (delinquency) 0.6015 0.3776
Two-stage homogeneous model (delinquency) 0.4462 0.2109
One-stage model (default) 0.5311 0.2942
Two-stage homogeneous model (default) 0.4129 0.1986

13 The RMSE and the MAPE are common indicators of forecasting efficiency [36].
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Fig. 4  Predicted risk of a loan in segment 2

Fig. 5  Segment level risk trends (segment 2)
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