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Evaluating the risk of the Chinese borrowers’ default in peer-to-peer lending: using 

the Logistic regression model for ordinal response variables 

The interpersonal lending has appeared since the historical record. The key difference between 

the new P2P and previous interpersonal lending is that the borrows and lenders no longer need to 

meet each other before the transition completed. Using data from a P2P lending platform in China, 

this article explores the P2P load characteristics, evaluate the risk of the Chinese borrowers’ default. 

The article finds that the ordinal categories of the number of late repayment days and the ordinal 

logistic regression is much more precise than the binary variable and the binary logistic regression 

when solving this problem. By using the ordinal logistic regression, the article finds that older male 

and divorced or widowed borrowers who have children and have ever repaid late, with lower 

education level, lower monthly earning and larger amount of load money are more likely to repay 

late. The P2P lending platform in China must find ways to attract younger, married borrowers with 

higher education level, higher monthly earning and great borrowing history. 

Keywords: Peer-to-Peer lending; default risk; ordinal logistic regression; ordinal categories 
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I. Introduction 

The interpersonal lending has appeared since the historical record. With the emergence of the first online 

P2P lending platform “Zopa” the new lending model raised attention for the first time in the year 2006 

(Hulme & Wright 2006). However, it was Prosper.com, who caused a wave of scientific contributions by 

making the entire platform’s data public in 2007. The key difference between the new P2P and previous 

interpersonal lending is that the borrows and lenders no longer need to meet each other before the 

transition completed. (P2P Research Group 2017) Within these platforms borrowers generally describe 

the purpose of their loan request and provide information about their current financial situation, like 

income or open credit lines. Lenders then have opportunity to offer a loan with an interest rate derived 

upon this information. For borrowers, online P2P lending is a way to receive a loan without a financial 



institution involved in the decision process and might also be a possibility to receive better conditions 

than in the traditional banking system. For lenders, it can be seen as an investment model where the 

investment risk is coupled to the credit rating of the funded loans. The platforms themselves often benefit 

by raising fees for successful realized transactions (Galloway 2009). 

Information asymmetry is the fundamental problem in online P2P lending. The challenge is to 

overcome the principal-agent problem (Jensen & Meckling 1976). While the lender wants to get as much 

valid information about the borrower as possible, the borrower might be interested in hiding some of his 

characteristics in order to get an interest rate as low as possible. In order to allow lenders to make an 

informed decision based on valid information, P2P lending platforms force their borrowers to provide 

financial information that have been validated by external agencies. Additionally, many platforms 

demand users to supply demographic information, like gender, race or age. Borrowers are also often 

given the opportunity to provide social information, which cannot be validated, like hobbies, the family 

background or a photo. We call these characteristics determinants of P2P lending, since they have major 

influence on the successful funding of a borrower’s loan-listing and the demanded interest-rate. 

(Alexander Bachmann 2011) Some platforms like prosper.com provide additional financial information 

about their borrowers like current open credit lines or bankcard utilization (Klafft 2008). 

As for the determinants in P2P lending, Alexander Bachmann divide them into financial 

characteristics, also called hard-factors, and soft-factors like demographic characteristics and group 

intermediation. We conclude with ideas for future research in online P2P lending. (Alexander Bachmann 

2011; Freedman & Jin 2008) reveal in their study that the average funding rate on prosper.com rose from 

8.51% in the time-period 11/2005 to 03/2007 to 10.14% between 06/2006 and 07/2008. They assume that 

the higher funding rate is a result of the improved information that prosper.com provides to its lenders 

(on February 12, 2007, prosper.com added more detailed financial information about the borrower and 



the possibility that borrowers report their current income, employment-status and occupation). Research 

shows that discrimination based on demographic characteristics other than race have only little impact on 

the likelihood of funding and interest rates (Herzenstein et al. 2008; Pope & Sydnor 2008; Ravina 2007). 

The borrower’s race can be an important determinant in P2P lending. Pope & Sydnor (2008) show that 

the chances of African American loan listings to get fully funded are 25 to 34 percent smaller than those 

of whites with similar credit ratings. These findings are confirmed by Herzenstein et al. (2008) Pope & 

Sydnor (2008) analyze the effects of the borrowers’ age on funding success. Compared to a base group of 

35-60 year olds, there is a 40 to 90 basis points higher chance of getting funded for those who appear 

younger than 35. Those who appear to be 60 years and older are between 1.1 and 2.3 percentage points 

less likely to succeed in acquiring a loan. Barasinska (2009) investigates the question if the lenders’ 

gender is relevant for return and risk characteristics of the loan. To her surprise, she finds that female 

lenders are less risk-averse than male lenders. 

At present, two of the biggest P2P platforms are prosper and the lending Club. Although the 

Chinese P2P lending platform started later than those of western developed countries, the gross trading 

amount of China has been the global number one since 2014. The gross trading amount of the Chinese 

P2P lending platform has been $53,760,000,000 in the 2014, while that of America was $8,800,000,000, 

that of England was $1,900,000,000. The emerging of the P2P lending platform offered a low-cost and 

convenient platform to the small amount lenders and borrower. One of the technology requirements for 

the P2P lending platforms to develop healthily and fast is that they should acquire the related information 

to evaluate the credit risk of the borrowers in order to manage the credit risk of borrowers. Compared 

with the risk management system of Chinese P2P lending platform, the western mature credit risk rating 

system and the FICO score standard provide the references for the development of the risk management 

system of Chinese P2P lending platform. 



Chinese seemed rigorous laws and large number of the national stated banks may not be a good 

place to lend to the financial creativity. However, these characteristics are exactly why Chinese Peer-to-

peer leading market increased rapidly. Chinese entrepreneurs made the Chinese Peer-to-peer leading 

market have the first history breaking increase by using the grey area of the law. (P2P Research Group 

2017) In 2015, the Chinese largest Peer-to-peer lending platforms are Shanghai Lujiazui International 

Financial Asset Exchange, Hongling Capital, Wealth Evolution. Until August, 2016, “The management 

interim measures of network lending information intermediary activity” was published, the peer-to-peer 

lending platform began to develop standardly. Then in the next year of 2016, Chinese largest Peer-to-peer 

lending platforms are Shanghai Lujiazui International Financial Asset Exchange, Hongling Capital 

and CreditEast. The peer-to-peer leading platform in China began to shuffle. The development status of 

the Chinese Peer-to-peer lending platforms is shown in Table 1. 

In generally, the default of the Peer-to-peer leading platform has two kinds: First is the voluntary 

default and the second is the negative default. The voluntary default is due to the repaying capability and 

repaying willingness of individuals. The negative default is due to the macroeconomic environment, 

including the unemployment caused by economic depression, the systematic risk of peer-to-peer lending 

platform, the imperfect of the domestic credit system, the volatility of financial markets. Another 

significant factor which can lead to default is the “free-rider” mentality of the lenders. Because the load 

amount is always small, once a borrower repays late, some of the lenders would rely on those lenders 

with large loss. Generally, if a borrower repays late, the platform would phone to the borrower. In the 

severe cases, the platform would open the borrower’s personal information. To the peer-to-peer lending 

platform which want to develop healthily, it must have the risk pricing ability and make the estimation 

and the prediction of the probability of the default borrower crowds. 



In America, the Peer-to-peer lending platforms always use the credit rating and FICO score to 

estimate the probability of the default. Among them, Proster is the simple intermediary model, both the 

borrowers and lenders have the completely autonomous choice. The lending club connect the Facebook 

to use the effective information to recognize the suitable borrowers and constraint the borrowers except 

using the credit rating system. Zopa in England uses the intermediary and regulation system and make the 

rigorous credit system to the borrowers. However, no matter in the peer- to-peer lending market or in the 

traditional banks, securities market, China doesn’t have the perfect financial credit rating system. At 

present, most of the Chinese peer-to-peer lending platforms use the personal information and the default 

history of the borrowers to assess the risk of default. This article use the ordinal logistic regression to help 

the Chinese peer-to-peer lending platforms to find the better borrowers much more precisely. In the 

meantime, some emerging peer-to-peer platforms in China have began to use the FICO score system to 

estimate the probability of default. In the future, using the big data to establish the risk management 

model and decision making engine is the development trend of the risk estimation system of the peer-to-

peer lending platforms. 

When it comes to the factors that influence the possibility of loan default. In the past, most study 

choose the binary variable and the binary logistic regression. However, ordinal categories are common in 

research situations where the assignment of numbers representing successive categories of an attribute, 

construct, or behavior coincides with meaningful directional differences. Knapp (1999) used ordinal 

ratings to assess severity of illness with scale categories such as mild (1), moderate (2), and severe (3). 

The primary characteristic of ordinal data is that the numbers assigned to successive categories of the 

variable being measured represent differences in magnitude, or a “greater than” or “less than” quality 

(Stevens 1946). Some examples of ordinal data include rubrics for scaling open-ended writing responses 

or essays and the solutions to arithmetic problems for which responses are scored based on improving 

levels of quality (e.g., 0 = poor, 1 = acceptable, 2 = excellent). In contrast, nominal-level data occur when 



the numeric values used to measure a variable simply identify distinct qualitative differences between 

categories (i.e., gender as 1 = male or 2 = female; geographic description of school attended as 1 = rural, 

2 = urban, 3 = suburban, etc.); nominal data do not possess the directional characteristics of ordinal data. 

On the other hand, variables measured on an interval- level or ratio-level scale do use scale values to 

indicate the “greater than” or “less than” quality of ordinal variables but in addition maintain a property 

of equal-distance or equal-interval length between adjacent values across the scale. 

The choice of numbers used to represent the progressively more severe categories conveniently 

preserves the “greater than” or “less than” quality of the underlying attribute defining the categories 

themselves. If the value of 3 represents a state that is more critical than the state represented by the value 

2, and the value 2 represents a state more critical than the condition represented by the value 1, then the 

property of transitivity implies that the condition represented by the value of 3 is also more critical than 

the condition represented by the value of 1 (Cliff & Keats 2003; Krantz, Luce, Suppes, & Tversky 1971). 

When the possible responses for an outcome variable consist of more than two categories and are ordinal 

in nature, the notion of “success” can be conceived of in many different ways. Regression models for 

ordinal response variables are designed for just this situation and are extensions of the logistic regression 

model for dichotomous data. (Ann A. O’Connell 2006) 

The remainder of the article is organized as follows. In the next section, the article describes our 

data and summarizes the descriptive statistics of online P2P in China. In Section III, we present the 

descriptions of methodologies and empirical results for evaluating and predict the risk of a borrower’s 

default by using the personal information and borrow information in history. Section IV discusses how 

each variable influences the risk of a borrower’s default. The last section makes the conclusion and 

provide the suggestion to the peer-to-peer lending club in China. 
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II. Data 

In this section, the article describes and summarizes the descriptive statistics of the data used in our 

study, including the personal information of the borrowers and the borrow information in history. This 

article uses 52017 borrowers from 1 January 2015 to 31 May 2015 obtained from a P2P lending 

platform in China. Through data preprocessing and data screening, we excluded the cases of P2P 

borrowers which lack the vital information and eventually we get 49,449 valid cases of P2P borrowers. 

According to the available data, the explained variable is the risk of a borrower’s default and 

the explanatory variables of each cases include Gender, Geography status, Marital Status, Children 

status, Educational level, Monthly income, Company scale, Working years, Age, Lending periods, 

Load amount and Default history. In particular, we define the explained variables (the risk of a 

borrower’s default) and some of the explanatory variables (Gender, Geography status, Marital Status, 

Children status, Educational level and Default history) as ordinal categories. The detailed definition of 

variables is as Table 2. 

Based on the sample of the 49,449 borrowers, more than 75% the borrowers repay on time; late 

payment within 7 days, late payment from 7 to 32 days and late payment from 32 to 62 days cases all 

together are more than 9%; late payment over 62 days cases are less than 1%. The male borrowers are 

more than female borrowers. More than 99% of the borrowers are live in the western China, which 

means this explanatory variable is unrepresentative. More than 25% of the borrowers are married, more 

than 45% of the borrowers are single and more than 1% of the borrowers are divorced or widowed. 

More than 75% of the borrowers don’t have the children. More than 9% of the borrowers have 

secondary school degree; more than 25% of the borrowers have high school degree; less than 25% of 

the borrowers have technical secondary school degree; more than 15% of the borrowers have junior 

college degree; more than 4% of the borrowers have the bachelor degree; less than 1% of the borrowers 
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have elementary school degree, master degree and doctor degree. More than 95% of the borrowers 

have the monthly earning 7000RMB or less than 7000RMB. The largest amount of the borrowers is 

200,000RMB. More than 90% of the borrowers are in the companies which have less than 200 

employees; more than 5% of the borrowers are in the companies which have 1000 employees. More 

than 95% of the borrowers have worked 6 or less than 6 years. Half of the borrowers are 24 years old or 

younger than 24 years old. More than 10% of the borrowers’ load period is 6 months and 24 months 

separately. Other load periods include 9, 12, 15, 18 and 21 months. More than 99% of the load amount 

is less than 5888RMB. Less than 10% of the borrowers have ever repaid late. The descriptive statistics 

of the loan data used in this study is shown in Table 3, including the general characteristics of 

borrowers and loans.  

 III. Empirical results 

In this section, the article explores the factors that influence the possibility of loan default. In order to 

evaluate and predict the risk of a borrower’s default by using the personal information and borrow 

information in history, we choose the logistic regression model for ordinal response variables. Some of 

statistics in our study, for which the explained variable (on time payment, late payment within 7 days, 

late payment from 7 to 32 days, late payment from 32 to 62 days, late payment over 62 days) and some 

of the explanatory variables (such as Marital Status and Educational level), although not a Likert-type 

scale1, is never the less ordinal. We could estimate a linear regression model or classical logistic 

regression. There are, however, some obvious problems. First and foremost, classical linear regression 

                                                

1 The typical Likert-type scale has five categories (e.g., strongly disagree, disagree, undecided, agree, strongly 

agree) to gauge one’s response to a question, though it may have anywhere between three and seven or 

more response categories. 
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assumes a continuous dependent variable with equally spaced, ordered response categories. A Likert-

type scale, or any other ordinal scale, is, albeit ordered, not necessarily equally spaced between 

categories. Second, and perhaps more important, such a scale would not give the normal distribution 

that the classical linear regression or classical logistic regression assumes the data to display. As the 

Geography status is not representative and the load period is not a prominent variable, the explanatory 

variables included in the Logistic regression model for ordinal response variables are Gender, Marital 

Status, Children status, Educational level, Monthly income, Company scale, Working years, Age, Load 

amount and Default history. 

（1）Logistic regression model for ordinal response variables 

Assume that we have an ordinal scales variable constituted by the J Category Y (Y=1, …, J),  

																																																							L# X = logit F# X , j = 1,… J − 1                                                         (1) 

																																																								= log 2 Y ≤ j X
2 Y > j X 																																																																														  (2) 

																																																																= log	{ 2 Y ≤ j X
782 Y > j X }																																																																																					  (3) 

Among which, F# X = P Y ≤ j X  is the cumulative probability function ( c.d.f. ) of the J 

Category. 

If Y is independent from X, then 

																					𝐿< 𝑋 = 𝛼<                                                                (4) 

If not, then 

																																																																					𝐿< 𝑋 = 𝛼< − 𝛽𝑋		                                                     (5) 
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With different X, for instance X7 and  X@, then 

													L# 	X7 − L# 	X@ = β(	X@ −	X7)                                  (6) 

To certain explained variable (≤ j), the possibility of explaining variable X7 to the possibility of 

explaining variable X7 is exp[H(	IJ8	IK)]. 

In our study, YM = 1 (on time payment), if −∞ < Y#∗ ≤ α7; YM = 2 (late payment within 7 days), 

if α7 < Y#∗ ≤ α@; YM = 3 (late payment from 7 to 32 days), if α@ < Y#∗ ≤ αT; YM = 4 (late payment from 

32 to 62 days), if αT < Y#∗ ≤ αV; YM = 5 (late payment over 62 days), if αV < Y#∗ ≤ αX; Here, α7 <

α@ < αT < αV < αX is the cut off points. 

Y∗ =	βX + α																																																																												(7) 

P Y = j X = F α7 − 	βX − F α#87 − 	βX 																				(8) 

Using the OLM Model in STATA, the result is as Table 4. 

The estimated value of y: when y∗ ≤ 2.192(cut1), y=1 (on time payment); When 2.192 < y∗ ≤ 

2.718(cut2), y = 2 (late payment within 7 days); When 2.718 < y∗ ≤ 3.884(cut3), y = 3 (late payment 

from 7 to 32 days); When 3.884 < y∗ ≤ 5.298 (cut4), y = 4 (late payment from 32 to 62 days); When 

y∗ > 5.298	(cut4), y = 5 (late payment over 62 days). 

Add other explanatory variables into the model: Gender (X1), Marital Status (X3), Children 

status (X4), Educational level (X5), Monthly income (X6), Company scale (X7), Working years (X8), 

Age (X9), Load amount (X11), Default history (X12). Using the OLM Model in STATA, the result is 

as Table 5. 
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IV. Discussion 

(1) Men have the more possibility than women to repay late. If other variables are constant 

and the borrower is woman rather than man, compared with the possibility of late payment over 

62 days, the possibility of on time payment, late payment within 7 days, late payment from 7 to 

32 days and late payment from 32 to 62 days all increase by 121%.  

(2) Divorced or widowed borrowers are more likely to repay late than single borrowers or 

married borrowers. The single borrowers are more likely to repay late than married borrowers. 

If other variables are constant and the borrower is single rather than married, compared with the 

possibility of on time payment, the possibility of late payment within 7 days, late payment from 

7 to 32 days, late payment from 32 to 62 days and the possibility of late payment over 62 days 

all decrease by 19%. 

(3) The borrowers who have children have the more possibility to repay late than those who 

don’t have children. If other variables are constant and the borrower have children rather than 

don’t have children, compared with the possibility of on time payment, the possibility of late 

payment within 7 days, late payment from 7 to 32 days, late payment from 32 to 62 days and 

the possibility of late payment over 62 days all decrease by 15%. 

(4) When the education level of the borrowers increases, the possibility of late payment 

decreases. If other variables are constant and the education level of the borrowers increases by 

one level, compared with the possibility of late payment over 62 days, the possibility of on time 

payment, late payment within 7 days, late payment from 7 to 32 days and late payment from 32 

to 62 days all increase by 17%. 

(5) When the working year of the borrowers increases, the possibility of late payment 

decreases. If other variables are constant and the working year of the borrowers increases by 

one year, compared with the possibility of late payment over 62 days, the possibility of on time 
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payment, late payment within 7 days, late payment from 7 to 32 days and late payment from 32 

to 62 days all increase by 3%. The probability predictions graph of working years is as Figure 1. 

(6)  When age of the borrowers increases, the possibility of late payment increases. If other 

variables are constant and the age of the borrowers increases by one year, compared with the 

possibility of on time payment, the possibility of late payment within 7 days, late payment from 

7 to 32 days, late payment from 32 to 62 days and the possibility of late payment over 62 days 

all decrease by 4%. The probability predictions graph of age is as Figure 2.  

(7)  When load amount of the borrowers increases, the possibility of late payment increases. 

If other variables are constant and the load amount of the borrowers increases by 100 RMB, 

compared with the possibility of on time payment, the possibility of late payment within 7 days, 

late payment from 7 to 32 days, late payment from 32 to 62 days and the possibility of late 

payment over 62 days all decrease by 3%. The probability predictions graph of load amount is 

as Figure 3. 

(8) The borrowers who have ever repaid late have the more possibility than the borrowers 

who have never repaid late. If other variables are constant and the borrower have ever repaid 

late rather than have never repaid late, compared with the possibility of late payment over 62 

days, the possibility of on time payment, late payment within 7 days, late payment from 7 to 32 

days and late payment from 32 to 62 days all increase by 3607%.  

(9) The estimated value of y: when y∗ ≤ −9.21(cut1), y=1 (on time payment); When -9.21 

< y∗ ≤ -8.39(cut2), y = 2 (late payment within 7 days); When -8.39 < y∗ ≤ −6.83(cut3), y = 

3 (late payment from 7 to 32 days); When -6.83 < y∗ ≤ -5.30 (cut4), y = 4 (late payment from 

32 to 62 days); When y∗ > −5.30	(cut4), y = 5 (late payment over 62 days) 
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V. Conclusion 

Online P2P lending has gained scientific relevance over the past years. The availability of data about 

markets and transactions allows researchers from different disciplines to investigate the various 

determinants that play a role in the process of funding. (Alexander Bachmann 2011) 

As for the risk management of P2P platforms in China, P2P platforms have extended different 

amount of advancement in 2015. The amount of advancement provided by P2P platform has been 

stable from Q4 2014 to Q1 2015. Some P2P platforms have set up risk reserve funds. The risk reserve 

fund balance of four was less than 4%of their total outstanding loans, and one platform’s reserve fund 

balance reached approximately 10%. No matter advancements or risk reserve funds, they indicate P2P 

platforms are sharing credit risks and are functioning as banks rather than as information 

intermediaries. Since 2014 there has been a gradual increase in the amount of overdue loans. The 

absolute amount and growth rate of overdue loans have increased rapidly. Because of different business 

models, mature structures for overdue loans on different platforms are also difficult. For example, the 

majority of platform 10’s overdue loans have terms of approximately 90-180 says; however, the 

majority of overdue loans of platform 12 and 16 have term lengths of 30 days or less. Overall, the vast 

majority of overdue loans on the four platforms had a maturity of less than 180 days. (P2P Research 

Group 2017) 

As an information intermediary between borrowers and lenders, whether or not a P2P platform 

has access to and distributes client funds is seen as an important sign to determine if the platform’s 

operations are in compliance with rules and regulations. The article employs the data to evaluate the 

default risk of the peer-to-peer lending platforms by using the ordinal logistic regression and ordinal 

categories. The study finds that gender, marital status, children status, educational level, monthly 

income, company scale, working years, age, load amount and the default history have the significant 
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influence on the risk of a borrower’s default. Older male and divorced or widowed borrowers who have 

children and have ever repaid late, with lower education level, lower monthly earning and larger 

amount of load money. While the findings indicated that characteristics of borrowers with low default 

risk are female gender, young adults, long working time, stable marital status, high educational level, 

working in large company, low monthly payment, low loan amount, low debt to income ratio and no 

default history. (Xuchen Lin, Xiaolong Li & Zhong Zheng 2017) The peer-to-peer lending platforms in 

China must find ways to attract younger, married borrowers with higher education level, higher 

monthly earning, great borrowing history.  

On the basis of the survey, more than 60% of P2P platforms in China are using fund custody 

services. The kind of institutions that can provide custody services for the platforms include third party 

payment institution (57%), banks (36%) and asset management companies (7%). Over half of the 

platforms use a third party payment institution as a custodian. Furthermore, over half of P2P platforms 

have introduced fund guarantor. There is a variety of guarantor institutions, including guarantee 

companies, micro loan companies, investment management and consulting companies, as well as 

pawnbrokers, factoring companies, and financial leasing companies. There is no major difference in the 

interest rate level between platforms that have not introduced a guarantor and those that have. (P2P 

Research Group 2017) Compared with the peer-to-peer lending platforms in America and UK such as 

Prosper, Lending Club and Zapo, which have the perfect credit rating system, Chinese peer-to-peer 

lending platform should gradually establish a more mature credit rating system. borrowers’ credit grade 

is an indicator of financial strength and ability to repay the loan, which is an important input into the 

decisions of Prosper lenders. Similarly, other financial indicators, demographic characteristics, and 

effort measures may sway lenders to bid on one auction and not the other even when the auction 

decision variables are equal. (MICHAL HERZENSTEIN 2008) To establish a much more scientific 
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and mature risk management system has been the significant factor of the Chinese peer-to-peer lending 

platform to develop. 

VI. Appendices 

Table 1. Development status of the Chinese Peer-to-peer lending platforms                                        

Year Number of 
platform 

Year-on-
year growth 
（%） 

Amount of transition
（Unit: 

100,000,000RMB） 

Yea-on-year 
growth rate
（%） 

2007 1 - - - 

2008 1 0 <0.1 - 

2009 5 400 1.5 - 

2010 15 200 13.7 813.3 

2011 50 233 84.2 514.6 

2012 148 196 228.6 171.5 

2013 523 253 897.1 292.4 

2014 1,942 271 2528 181.8 

2015 2,769 94 6381 152.4 
(Statistics from www.wdzj.com and www.ce.com) 

Table 2. Definition of variables 

Dimension of variables Name of variables Definition and assignment of 
variables 

explained variable The risk of a borrower's default 
(Y) 

Use the number of late 
payment days to evaluate the 
risk of a borrower's default:  

on time payment is 1;  
late payment within 7 days is 

2;  
late payment from 7 to 32 days 

is 3;  
late payment from 32 to 62 

days is 4;  
late payment over 62 days is 5. 

explanatory variables Gender (X1) Male is 1;  
female is 2. 
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 Geography status (X2) 
Eastern China is 1;  
central China is 2; 
western China is 3. 

 Marital Status (X3) 
Married is 1;  
single is 2;  

divorced or widowed is 3. 

 Children status (X4) Don’t have child is 1;  
have child is 2. 

 Educational level (X5) 

Elementary school is 1;  
secondary school is 2;  

high school is 3;  
technical secondary school is 

4;  
junior college is 5;  

bachelor is 6;  
master is 7;  
doctor is 8. 

 Monthly income (X6) The earning of a borrower 
monthly. (Unit: RMB) 

 Company scale (X7) The number of the employees 
in a borrower’s company. 

 Working years (X8) The number of the years a 
borrower has worked.  

 Age (X9) The age of a borrower. 

 Load periods (X10) The number of the lending 
months. 

 Load amount (X11) The amount of lending money. 

 Default history (X12) 

Ever late payment over 7 days 
in the past is 1;  

never late payment over 7 days 
in the past is 2. 

Note: Eastern China includes Beijing, Shanghai, Tianjin, Fujian, Guangdong, Hainan, Hebei, Jiangsu, Liaoning, 
Shandong, Zhejiang; central China includes Anhui, Henan, Heilongjiang, Hubei, Hunan, Jilin, Jiangxi, Shanxi; 
western China includes Gansu, Guangxi, Guangzhou, Ningxia, Shanxi, Sichuan, Xizang, Xinjiang, Yunnan, 
Chongqing. 

Table 3. Descriptive statistics 

Name of 
variables N Min Max Mean SD Variance Skewness Kurtosis 
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The risk of 
a borrower's 
default (Y) 

49,448 1 5 1.188 0.622 0.388 3.646 16.512 

Gender 
(X1) 49,448 1 2 1.367 0.482 0.232 0.550 1.302 

Geography 
status (X2) 49,448 1 3 2.997 0.078 0.006 -24.528 613.051 

Marital 
Status (X3) 49,448 1 3 1.762 0.521 0.272 -0.216 2.760 

Children 
status (X4) 49,448 1 2 1.242 0.429 0.184 1.202 2.445 

Educational 
level (X5) 49,448 1 8 3.604 1.280 1.638 0.220 1.975 

Monthly 
income 

(X6) 
49,448 0 200,

000 
3,706.6

32 
2,791.7

42 
7,993,82

5 19.426 819.125 

Company 
scale (X7) 49,448 5 1,00

0 
113.10

6 235.244 55,339.5
3 3.044 11.300 

Working 
years (X8) 49,448 0 83 1.842 3.270 10.695 7.618 112.308 

Age (X9) 49,448 16 55 25.026 6.077 36.930 1.579 5.890 

Load 
periods 
(X10) 

49,448 6 24 12.830 5.186 26.900 0.867 3.233 

Load 
amount 
(X11) 

49,448 800 10,0
00 

3,471.1
73 

1,050.9
03 

1,104,39
7 0.110 3.085 

Default 
history 
(X12) 

49,448 1 2 1.858 0.349 0.121 -2.057 5.231 

Table 4. Ordinal logistic regression results of the explained variable 

y Coef. Std. Err. [95% Conf. In > terval] 

Cut 1 2.192 0.015 2.162703    0.221341 

Cut 2 2.718 0.019 2.681017    0.754146 

Cut 3 3.884 0.032 3.820849    0.946266 
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Cut 4 5.298 0.064 5.173083    0.423633 

Table 5. Ordinal logistic regression results 

Y β Std. Err. [95% Conf. In > terval] exp(8H) 

X1 -0.7917*** 0.0416 -0.8736       -0.7099 2.2071 

X3 0.2140*** 0.0626 0.0913          0.3366 0.8073 

X4 0.1655* 0.0884 -0.0078         0.3387 0.8475 

X5 -0.1571*** 0.0147 -0.1859        -0.1284 1.1701 

X6 -0.0006*** 0.0000199 -0.0006        -0.0006 1.0006 

X7 -0.000821 0.0000761 -0.0002        -0.0000672 1.0008 

X8 -0.0284*** 0.0069 -0.0419        -0.0150 1.0288 

X9 0.0375*** 0.0036 0.0305           0.0446 0.9632 

X11 0.0003*** 0.0000176 0.0002           0.0003 0.9997 

X12 -3.6127*** 0.0380 -3.6873         -3.5382 37.0660 

Cut1 -5.0346 0.2319 -5.4891         -4.5800 / 

Cut2 -4.2168 0.2310 -4.6696         -3.7639 / 

Cut3 -2.6581 0.2314 -3.1117          -2.2046 / 

Cut4 -1.1305 0.2378 -1.5967          -0.6644 / 

Note: * represents significance at the 10% level, and *** represents significance at the 1% level.  
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Figure 1. The probability predictions graph of working years 

 

Figure 2. The probability predictions graph of age 
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Figure 3. The probability predictions graph of load amount 
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