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Abstract 

The peer to peer (p2p) lending industry has grown fast in recent years. This study put 

an eye on the credit evaluation system of one of the p2p platform named lending 

club. The author used the empirical method and discussed the determinants of the 

interest rate and the default risk in the p2p lending market. The author concluded 

that the evaluation system founded by lending club could predict the risk of loans. 

Collecting more information about borrowers’ credit history may increase the 

accuracy of model.  
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1. INTRODUCTION 

1.1 BACKGROUND  

 

As the development of the electronic market, the online lending platform, 

which called the online peer-to-peer (p2p) lending platform comes to the public's 

sight (Weiss, G. et al. 2010). Peer-to-peer lending is defined as the practice that 

lends microloans to individuals, introducing borrowers to lenders through an 

online marketplace (Estrada, D.F., & Zamora, P.G., 2017). 

In the traditional banking market, people borrow loans from banks with a low-

interest rate. Banks will decide if the application of loans could be accepted 

according to borrowers’ financial reports. Borrowers usually are required to have 

a stable job and enough monthly income or good credits record. Sometimes 

borrowers even need to mortgage their property. In the traditional market, 

information about the credit of borrowers is provided very sufficiently to the 

lenders (banks) compared to the p2p lending market, but in the same time, the 

lower interest rate will be charged since the traditional market is safer than the 

p2p lending market. 

  The environment is different in the p2p lending market. The p2p lending 

market also is called the microlending market, since the amount of loans issued 

in this market is small (Emekter, R., et al., 2014). The entre requirement of the 

p2p market is comparably lower than in the traditional bank lending market. It 

allows more borrowers to could easily enter that market without handing 

financial report as much as they usually do in bank lending (Estrada, D.F., & 

Zamora, P.G., 2017). Also, the processing time of the p2p lending business is 

short because of the low entre requirement (Estrada, D.F., & Zamora, P.G., 

2017). Furthermore, due to both sides of customers in the p2p lending market 

meet anonymously through the internet, it is difficult for lenders to evaluate the 

credits of borrowers (Weiss, G. et al. 2010). 
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Moreover, the platform itself does not bear the default risk of loans, because 

the money that lenders leave in their account is an investment instead of deposit 

(Estrada, D.F., & Zamora, P.G., 2017). Furthermore, borrowers could be benefited 

by the low transaction cost and credit requirements, which means they have a 

chance to receive micro-credits immediately from lenders through the p2p 

lending platform without providing a certain length of historical loan record. 

Meanwhile, lenders could control and monitor where and whom they lent their 

money. Also, they normally receive a higher interest rate than the bank deposit 

or corporate bond (Emekter, R., et al., 2014; Estrada, D.F., & Zamora, P.G., 2017).  

 

1.2 LITERATURE REVIEW 

 

Several studies have been viewed before the research started. Aveni(Aveni T., 

2015)'s study first came to the author's eyes. It gives an overview of the whole 

industry, discussed the definition of p2p lending, difference, and advantage 

compare with traditional lending, and also prospected the future of the p2p 

lending market. The researchers point out that p2p lending has an advantage in 

lower transaction costs and the entry threshold. It claims that, to a certain 

extent, the p2p lending business helps people who live in developed countries to 

balance their debt condition and avoid getting into the cycle of expensive high-

rate credit card interest. It could also help people to purchase cars at a lower 

cost, changing their accommodation conditions (Aveni T., 2015). 

Furthermore, the study summarized the development direction of the p2p 

lending business. Pieces of evidence show that p2p lending companies are 

focusing on developing their technology in providing information and screening 

borrowers' behavior. However, market regulation still needs to be enhanced as 

soon as possible (Aveni T., 2015).  
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Many studies researched the relationship between different financial or non-

financial characteristics and successful loan applications. Most of them found out 

that credit rating has a significant impact on the probability of successful 

application of loans (Ravina, 2008; Hildebrand et al., 2010; Weiss, G. et al. 2010; 

Herzenstein et al., 2011; Gavurova, B. et al., 2018). Some studies show the DTI 

(debt to income rate) is the most important variable that affects the lenders’ 

decision making (Herzenstein et al., 2008, 2011; Hildebrand et al., 2010; Weiss, 

G. et al. 2010; Gavurova, B. et al., 2018). However, Beata (2018) comes to a 

discussion about which one has more impact between income and debt and 

finally concluded that all of the income types are irrelevant. Moreover, it also 

concludes that the amount of loans has no relationship with success select of 

loans (Gavurova, B. et al., 2018). 

Gavurova B. (2018) concludes that females have a higher success rate than 

males. However, according to Herzenstein (Weiss, G. et al. 2010), even though 

the data shows that gender and race have influence, their impacts are still much 

lower than financial features such like DTI and credit rate (Herzenstein et al., 

2008). The author thinks the effect of gender and race might be influenced by 

different cultural backgrounds of data selected since Herzenstein used an 

American company Prosper's database, while Beata's research based on an 

Estonia company.  

Furthermore, the education and employed length of current employees have 

been measured. Herzenstein (2010) and Beata (2018) point out that higher 

educated borrowers are more preferable by lenders, but the interesting is that all 

of the education categories have a negative relationship with the possibility of 

the successful loan application. 

Although these studies above focus on the successful loan application at p2p 

platforms, the author believes they are still valuable for this paper since it is 
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reasonable to relate those variables selected in the above studies to the loan 

status or the default risk at p2p platforms. 

Some researches discussed the determinants of the default risk at the p2p 

lending business. According to Emekter, R. (2014) and Serrano-Cinca C. (2015), 

the credit rate giving by p2p lending platforms themselves has the most definite 

impact of the default risk of loans. Other variables such as loan amount, the 

purpose of the borrower, household ownership…. also have an impact of default 

risk (Serrano-Cinca C. et al., 2015).  

Moreover, according to the findings of Serrano-Cinca’s study, adding relevant 

variables into the module will improve the accuracy of prediction (Serrano-Cinca 

C. et al., 2015). What variables will be included in the module of this paper will 

be discussed later on. Also, those researches, which compared p2p lending with 

traditional banking or related it to economics environments, will be included in 

the limitation section. 

Although many studies researched about determinants of default risk on p2p 

lending platforms, the author believes it is still reasonable to repeat similar 

research with updated data and different platforms. According to Aveni (2015), 

p2p lending experienced massive growth after 2014. According to data from the 

lending club (2019), the total amount of loans issued in 2015 is almost equal to 

the total amount of loans issued from 2008 to 2014.Also, the result might be 

different in different platforms or different countries since they do not use the 

same system to verify borrowers' credits. 
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1.3 PROBLEM DEFINITION  

   

In order to mitigate the problems described above, the p2p lending platforms 

build up their information systems to provide more information about borrowers 

to lenders. The systems contain both categories of borrowers themselves and 

loans. Based on such information systems, different interest rates have been 

charged up to borrowers according to their different characteristics.  

  When an investor comes into that market, the first two variables he will view 

are the interest rate and loan status. In other words, lenders tend to judge the 

risk of loans by interest rate or loan status. Moreover, when one goes to the p2p 

platform's website such as Prosper and Lending Club, the very first thing that he 

might see is always the interest rate with the loan amount.  

  According to the discussion above, the author starts to wonder how the 

interest rates have been made up by the platform. Could lenders correctly 

estimate the risk of loans mainly based on the interest rate?   

 

1.4 THE AIM OF THE THESIS  

  

  In order to solve the problem described in section 1.3, this thesis will focus on 

finding the relationship between the interest rate and the default risk of the loans. In 

order to achieve that aim, the author will find the determinants of the interest rate 

and the default risk. 
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1.5 LIMITATIONS 

 

In this study, there are some limitations. Firstly, the author would not discuss the 

loans issued in different terms but only focus on the three years loans issued in 

February 2015. The long period loans are still in the processing of the payment. 

Hence it is hard to observe if the loans are successfully paid and default. 

  Secondly, the author does not intend to compare the p2p lending market with 

traditional bank lending. It is hard to find or estimate the interest rate and default 

risk in traditional bank loans issued in February 2015 due to the time limited. 

Another reason that let the author decide to avoid to discuss the p2p market in the 

macro environment is that the business was just started in recent years. It is difficult 

to compare the p2p lending market with variables such as the unemployment rate 

year by year since the data are too few. 

  Thirdly, due to the limited time, the author did not include the survive time of 

defaulted loans into the discussion. According to Serrano-Cinca C. (2015), instead of 

taking a look of only default risk, researchers should also consider the survive time of 

defaulted loans. Some default loans might survive a long time before they defaulted 

in the end. Such kind of loans might cover off some part of the loss of lenders.   
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1.6 METHODOLOGY  

 

To find out the determinants of the interest rate, an OLS regression of the interest 

rate will be used (Weiss,G et al. 2010). Then, a binary logistic regression will be 

applied to find out the determinants of the default risk. 

The discussion of empirical findings will be divided into three parts: the 

description of selected data, the OLS regression on the interest rate and the binary 

logistic regression on loan status. 

The data was collected from one of the biggest U.S. p2p lending platform 

lendingclub.com, consisting of the 5081 loan transactions of February 2015. The loan 

transactions are recorded with variable characteristics such as loan status, loan 

amount, interest rate, term, employment, employed length, credit grade, DTI, 

historical records, home ownership, annual income, verification... 

The author divided the research process into several steps. Firstly, the author will 

explain how variables have been select based on previous studies. Then, the 

correlation between the selected variables will be tested before the analysis start, in 

order to detect the potential multicollinearity problems. After that, the author will 

give an overview of data selected, and explain the expected signs of the variables 

selected.    

Secondly, the OLS regression will be processed. The multicollinearity and 

heteroscedastic will be detected using statistic methods. The model will be adjusted, 

and irrelevant variables will be removed from the regression until the result 

improved. 

Thirdly, a binary logistic regression will be programmed. Those variables which 

are found to have relationships with the interest rate will be excluded from the 

logistic regression since the interest rate is included as an independent variable in 
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the binary logistic regression. The author will improve the regression function by 

remove insignificant variables, and discuss the accuracy of the regression to see if 

the interest rate could match up with the loan status.  

 

2. THEORETICAL FRAMEWORK AND VARIABLE SELECT 

 

2.1 INFORMATION ASYMMETRY MARKET 

 

According to Estrada, D.F., & Zamora, P.G. (2017), the market grew sharply after 

the severe global financial crisis during 2007 – 2009. Some studies show that after 

the crisis banks had enhanced their standard in regulating the lending market 

(Bakker, B. et al., 2012) and also shown that securitization will induce banks’ screen 

willingness (Keys et al., 2010; Mian and Sufi 2009). The p2p lending industry 

expanded even more than two times in China, the US, and the UK in 2014 (Aveni T., 

2015). In other words, some studies believe that the rise of the p2p lending market is 

related to the regulation of traditional bank lending after crisis (Estrada, D.F., & 

Zamora, P.G., 2017).  

The growing problem in the p2p lending business is the credit default risk since 

the p2p lending market is an information asymmetry market (Emekter, R. et al., 

2014). The lenders are not informed about the risk and credit condition of borrowers 

as clearly as borrowers know about themselves. Meanwhile, since the borrowers 

only negotiate with the lender in an online environment and they do not meet face 

to face, it is difficult for lenders to know the credit information and debt status of 

borrowers (Gregor, Katharina, and Andreas, 2010). That occurs when the platform 

could not provide enough information to lenders (Estrada, D.F., & Zamora, P.G., 

2017).  
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To some extent, lenders and the platform itself could not control and monitor the 

real propose of borrowers' loan behavior (Emekter, R. et al., 2014). These situations 

might probably lead to adverse selection (Akerlof, 1970) and moral hazard 

(Greenwald, B. and Stiglitz, J., 1987). In this case, uncreditable borrowers might use 

their advantages in such an information asymmetry market to get as many benefits 

as possible for themselves and make a loss on lenders' side. 

In Akerlof’s study (1970), he took an example from the second-hand car market of 

the US. Assume that there are both good cars and bad cars in one market at the 

same time and buyers could not differentiate the good from the bad. In this case, 

those buyers will only pay for those cars at their weighted average price (let us 

assume it is P) based on the amount of good and bad cars in the market. On the 

other hand, the sellers, in this case, are only willing to sell bad cars at the price of P. 

Because that is more worthy than sell good cars to buyers. Then, those good cars will 

be gradually withdrawn from the second-hand car market, until the entire second-

hand car market has been occupied by ‘lemons.' 

As a result of such a process, only those low-quality cars will be left on the market 

due to information asymmetry, and the market finally became a lemon market. 

In our study, there are both high credit borrowers and low credit borrowers in the 

market. The lender, in that case, would like to take an average interest rate (11.21%) 

Unexpectedly, there are also some lousy credit borrowers hiding among those 

borrowers charged by 11.21% interest rate. These ‘lemons' will shift down the 

overall repayment rate of the people who charged in 11.21%, and unexpected dell 

money lost to lenders. Therefore, in order to maintain the platform's rate of return, 

the p2p lending platform has to higher the overall interest rate of good credit 

borrowers. 

As a result, on those excellent faith borrowers, many of them will leave the 

market because of the rise in borrowing costs. The demand for p2p online loans by 
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good borrowers will decline, but low credit borrowers might probably not care about 

these (whatever the interest rate they received will be lower than they deserved). 

Therefore, the number of good credit borrowers will keep decline, but bad credit 

borrowers will increase. Then, the default risk of the whole platform will increase. In 

order to balance the loss, the platform would shift the interest rate one step higher. 

Furthermore, if the platform could not control the default risk, more uncreditable 

borrowers will be attracted to the market, and that will lead to a vicious circle of 

market. At the end of all of this, the lenders will be not able to earn anything from 

the market, and the platform might probably go bankrupt!  

 

 

However, based on the fact the p2p lending platform introduces borrowers to 

lenders through the internet, using the traditional method in an online environment 

such as a mortgage, certified accounts, and regular reports to enhance the trust of 

borrowers would be very expensive (Emekter, R. et al., 2014).   
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2.2 THE SELECTION OF VARIABLES 

 

As mentioned previously, the p2p lending platform works as financial 

intermediation. It provides information for lenders to decide whether they will invest 

money. To achieve that they built up an information system that provides varies of 

borrowers' status. Aveni (Aveni, T.2015)'s study shown that p2p platforms invest 

colossal money in developing technology and mechanism to screen their loan 

market, providing more useful information to the lenders. However, did the 

information system build by the p2p platform (such as a lending club) play its role?   

  Emekter, R. in 2014 have presented a similar study. In their study, they measured 

how the screening system of lending club monitors the default risk of loans. They 

selected around 60,000 loans of the lending club from 2007 - 2012. They compared 

the interest rate and default risk to traditional bank lending and concluded that the 

high-interest rate charged by platforms is not enough to balance the default risk of 

the loan itself. They also find out that the credit grade score of borrowers given by 

the platform has a strong relationship with the interest rate, and these two factors 

(credit grade and interest rate) could be used alternatively in the regression model. 

  As the growth of the p2p lending market continued, the lending club has 

developed its screening system with more characteristics. Another empirical study 

was done in 2015, including more different variables into the discussion (Serrano-

Cinca C. et al., 2015). The research also focuses on the determinants of loans' default 

risk, and divided variables intro different types, which are interest rate, borrower 

characteristics (including annual income, housing situation, employment length), 

loan characteristics (including loan purpose and loan amount), credit history 

(delinquency, inquiries, public records, open accounts and revolving utilization), and 

borrower indebtedness (DTI, loan amount to annual income).  
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  Based on the result of the research, among those variables, the interest rate has 

the strongest influence of default risk. The study also pointed out that adding all of 

these factors together to the model could not improve the accuracy of the model, 

but lower down the accuracy of it. The author thinks that the result might be 

different with updated data. 

  

3. DATA AND HYPOTHESIS   

 

According to these two similar studies above, the author selected 14 variables 

from the database of the lending club. These variables might not be included in the 

final regression due to the significant level, but all of them are valuable to be 

discussed since the previous study included them in the test. 

 

3.1 DATA OVERVIEW 

 

The loan status shows the current status of those loans in 2019. There are two 

types of loans offered in the lending club, which is either 36 months length or 60-

month length. This paper only selects the loans that are the 36-month length, in 

order to make sure that all of the loans are ended in 2018. As a result, 5801 loans 

issued in February 2015 have been selected to the data set.  

  Among those loans selected, 5000 loans have been fully paid at the end of its 

period (86.2%). 801 loans are ‘charged off' (13.8) which means that the platform 

does not expect to receive further payment from the borrowers who could be seen 

as ‘default'. The loan status will be measured either 0 or 1 in our study. If the loan is 

fully paid in the end, its loan status will be measured as 1. If it is charged off 

(default), then it is 0. 



 16 / 43 

3.2 EXPLANATORY VARIABLES AND EXPECTED SIGNS 

   

As was mentioned in the aim of this study, we use the OLS regression to explain 

the interest rate charged and the binary logistic regression to explain the loans 

status. As a result, 14 explanatory variables were used. All those 14 variables will be 

discussed in this section. Among those variables, the loan status is the dependent 

variable of the binary logistic regression, and the interest rate will be the 

independent variable in OLS regression but the dependent variable in the binary 

regression. All those variables are selected from previous studies except the 

verification (the author guess that might also affect the interest rate or default risk). 

The definition of variables is shown in the table below refers to the lending club data 

dictionary 2019 
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Table.1 Definition of explanatory variables 

 

The first variable is credit grade, and the subgrade of borrowers divide by the 

platform itself based on their credit record, such as the FICO score. FICO scores are 

credit scores calculate based on the report from credit bureaus. The original function 

of the FICO score is developed by Fair Issac, which is a data analytics company in the 

United States. The FICO focuses on evaluating the credit risk of consumers and credit 

scoring services. Nowadays, the FICO score is an integral part of the US credit 

market. 

Variables Definitions 

Credit grade The credit grade is given by the lending club, mainly based on reports from 

credit bureaus. Seven grades from A to G. 

Subgrade Subgrades divided from the seven credit grades. Each grade will be divided 

into five subgrades. Thirty-five grades from A1 to G5. The highest grade 

one could receive is 35 (A1).   

Loan amount The total loan amount applied by borrowers. 

Installment The monthly payment of loans 

Employed length The employed length of borrowers of current employment 

Homeownership Homeownership of borrowers. If own is 1, otherwise is 0.  

Annual income The annual income of borrowers. 

Verification If the income reported by borrowers has been verified. Including not 

verified, verified, and source verified. Source verified means only the 

source of income had been verified, while verified means the amount and 

source of income have both been verified. Verified=2 , Source verified = 1 

Not verified = 0. 

DTI Debit to income ratio of borrowers. 

Delinquency in 2 

years 

How many times that the borrower pay late for his debts in past 2 years. 

Inquires last 6 

month 

The number of inquiries by any other institution in the last 6 months 

(excluding auto and mortgage inquiries). 

Open account The number of credit records that borrowers have. 

Public record Number of derogatory public records 

Revolving utilization Current credit card debt divided by borrowing limit of the credit card. 
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However, the function of the FICO score has been kept in secret to the public's 

sight. All we know about it is that it is calculated based on various financial reports 

and credit reports of individuals. Credit bureaus are responsible for publishing these 

reports in the US. There are three largest credit bureaus in the US, which are 

Experian, TransUnion, and Equifax. The function of the FICO score has been kept in 

secret, but it is known based on several variables of borrower's credit records. That 

might leads the potential multicollinearity problems between variables.   

There are 7-grade groups from A to G. A present the best credit score while G 

presents the worst credit score. From the pie chart of distribution of credit grades, it 

is clear to see that A, B, and C are the three largest groups among all grades which 

occupied 27%, 29.9%, and 28.1%. Group G has occupied the lowest percentage, 

which is only 0.1 percent. Each grade will be divided into five subgrades from A1 to 

G5. Since the subgrades are divided based on grades, the author will only include 

subgrade into the regressions. 

  In order to build the regression model, the author rewrites subgrades into grade 

scores from 1 to 35. Group A1 receives a score of 35 and A5 receives a score of 31, 

while G1 receives 5 and G5 receives 1. However, borrowers' data from G1 and G2 is 

lacked in the database. That might because the sample size is not large enough. 

Moreover, there are not many borrowers from group G will launch their loans 

successfully in the application stage. Hence the scale of subgrades used in regression 

will be from 3 to 35. The mean of the subgrade is 26.23 and the median is 27. 

Based on the fact that high grades represent high credits. The author expects that 

subgrades have a positive relationship with the probability of fully paid loans and a 

negative relationship with interest rates. 

The DTI, which is the debt to income ratio, has also been included into 

consideration. The debt to income ratio is calculated by the monthly debt payment 

of the borrower divide by his monthly income. The average debt to income ratio 

among 5801 borrowers is 18.27%, and the median is 17.62%. Range from 0 to 39.96. 
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Due to the higher debt to income ratio shows the evidence that the borrower might 

have worse finance conditions, it is reasonable to expect that high-interest rates will 

be charged to high DTI borrowers (since they are riskier than low DTI people). In 

addition, DTI has a negative relationship with the loan status which means the higher 

DTI a borrower has the higher default risk he will face. 

As mentioned above many studies show that house ownership is related to the 

successful application of loans (for example Gregor N.F. et al. 2010, and Gavurova et 

al., 2018). The author might expect that low-interest rates will be charged to those 

borrowers who have their own house, and also they might have higher possibilities 

to pay their loans at the end entirely. However, only 646 borrowers have their own 

house in this study (which presents only 11.1% of borrowers), the result might be 

affected by the scale of data.    

The loan amount, installment, and annual income have been included in this 

study. Based on the correlation test, installment has a strong correlation with loan 

amount, which is 0.995. According to Cohen, J. (1988), in the field of social science, 

when the Pearson correlation coefficient is larger than 0.9, there is a strong 

relationship between two variables. The author thinks that might be explained by 

installment is settled by the amount of loan, since installment is the monthly 

payment of the loan and all loans selected in this study are 36-month length. Hence, 

these two variables could be seen as a pair of substitute factors, and in this case, the 

author will use loans amount instead of installment. The reason why the author do 

not use installment is mainly because of that the installment is made based on the 

loans amount.   

Moreover, the correlation coefficient between annual income and the loan 

amount is also high, which is 0.454 with a powerful significant level (0.01). A similar 

result appeared between annual income and installment, which is 0.435, also with a 

great significant level (0.01). Those similar coefficients were probably caused by the 

high correlation between loan amount and installment. This is due to the fact that 
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the higher annual income people are probably more capable of pay for higher 

monthly loan payments, they might apply for more loans than lower annual income 

people do. 

In order to solve that potential multicollinearity problem, the author transforms 

the loan amount and annual income into the form of a ratio. A new variable called 

loan amount to annual income ratio has been included in the discussion. The highest 

rate in borrowers is 50% while the lowest is 0.64% with mean of 19.933% and 

median of 18.421%. Furthermore, the author thinks that the loan amount to the 

annual income rate might have a positive relationship with the interest rate charged, 

due to the fact that higher ratio borrower normally has the higher risk. A negative 

relationship might exist between the ratio and the loan status, since low ratio people 

probably have better finance conditions. 

Additionally, the verification of income has been included in the discussion. The 

verification has been divided into three types: not verified, verified, and source 

verified. The term verified means that the amount of income has of the borrower 

has been verified by review one's bank report. Source verified means that only the 

title of the employee had been verified. According to the lending club's explanation, 

source verification has been confirmed by calling to the company that the borrower 

claimed where he worked at. However, the lending club also claims that the 

verifications do not affect the result of the loan's final status significant. The author 

would like to check this argument.  

Additionally, the employment length has been added into variables. The author 

ranked borrowers employment length from 0 to 10. Rank 0 means that the borrower 

have no job experience, and rank 10 means the employment length is longer than 10 

years. Typically, those who worked for a more extended period in the same working 

place have more stable finance support compared to those who do not have a stable 

job. Hence, the author expects that the employment length has a negative 

relationship with interest rate and positive with the possibility of loans fully paid.  
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In the data of this study, most borrowers have verified either income or source. 

Only 38.4 percent of the borrowers are not verified. In the rest of 61.6 percent 

borrowers, 21.2 percent are verified, and 40.4 percent are source verified. The 

author expects that verified people might have a lower default risk than none-

verified people but at a low significance level. We ranked verification status into 3 

measurements. The highest level is verified which has been ranked in 2, and source 

verified is 1. For those borrowers were not verified by any forms, we ranked them as 

0.  

The purpose of borrowers filled by borrowers themselves might also have an 

impact on the default risk of loans, even though it is not reliable since the platform 

could not control the real purpose of applicants according to Emekter R. (2014). 

Based on the fact that the real purpose of the borrower is impossible to screen, the 

author thinks that the purpose is irrelevant with the interest rate. Hence it will be 

removed from the independent variables of the OLS regression of interest rate, but 

some particular type of purpose might still influence loan status. 

In order to predict the estimates of the regression to loan status, the author made 

a cross-tabulation of loan status and purpose. It is clear to see that most of the 

default loans happened when the purpose of the application was debt consolidation. 

There are a totally 801 charged off loans, and 519 of them are under the category of 

debt consolidation. That might lead by the scale of data, but it might also be a signal 

showing that if the purpose of the borrower is debt consolidation, then his loan is 

probably a high risk. However, due to the fact that, the real purpose is impossible to 

monitor by the platform, the author decide to do not use this variable in the 

regression.  
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 loan status Total 

Charged Off Fully Paid 

purpose car 9 51 60 

credit card 168 1340 1508 

debt consolidation 519 2916 3435 

home improvement 34 230 264 

house 3 11 14 

major purchase 11 96 107 

medical 5 44 49 

moving 9 27 36 

other 30 234 264 

renewable energy 0 2 2 

small business 9 23 32 

vacation 4 26 30 

Total 801 5000 5801 

Table.2 The crosstabulation between the purpose of borrowers and the loan 

status 

 

The historical records of borrowers are included in the study as another 

explanatory variable. Delinquency in 30 days represents the number of an event 

which the borrowers pay late for their debt in two years according to the credit file 

of them. A large value in delinquency represents the fact that the borrower always 

pay their debts late, which also means that the borrower has bad credits. Hence 

delinquency is expected to have a positive relationship with interest rate and 

adverse relationship with loan status. 

However, from the statistic of delinquency, most of the borrowers did not have 

delinquencies in February 2015, even though the scale of it is from 0 to 17. There is 

only 1 borrower that had 17 delinquencies, and 1 had 14, but both of their loans did 
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not charge off in February 2019. Hence the delinquencies might not significant or 

even show irrelevant due to the scale of data. 

A similar situation happened in inquiries and public records. Inquires represent 

the number of times that the borrowers' credit files are reviewed, and public records 

show the number of derogatory public records of borrowers. However, most of the 

borrowers have 0 reviews in the past 6 months (about 60%), and 82% of borrowers 

have 0 public records. The impact of inquiries and public records might be slight, due 

to the selection of the data. The author expects that inquiries and public records 

have positive relationships with an interest rate, and negative with possibilities of 

loans fully paid. 

Moreover, the open credits of borrowers are expected to have a positive 

relationship with an interest rate, but negative with loan status. High open credits of 

a borrower probably means that the he is ‘bad' customer. The data of open credits 

(open account) is scaled from 2 to 42 with a mean of 11.44 and a median of 10. The 

author expected it has a significant result in regressions.     

The last variable is the revolving utilization rate. That is the rate calculated by the 

outstanding debt of borrowers credit card divided by the credits limit of the credit 

card. A borrower with a high utilization rate might have trouble with his credit card 

balance. Because of that, such kind of borrowers would probably be charged in a 

high-interest risk, and his default risk is considerably high. The author expects the 

revolving utilization rate has a positive relationship with the interest rate and a 

negative relationship with loan status. 
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3.3 THE FORMULAS AND HYPOTHESIS 

   

  In order to prevent the multicollinearity problem, a Pearson correlation test has 

been used to test the correlation between continuous variables. The test result could 

be found in the appendix. The result shows that the correlation of interest rate and 

subgrades is very high, which is -0.996. Also, a strong correlation exists between 

installment and loan amount, which is 0.995. Consider that the absolute value of the 

coefficient of these two correlations above is both larger than 0.8. The 

multicollinearity might occur. Hence we excluded subgrades from the binary logistic 

regression, and also excluded installment from both two regressions.  

Based on the discussion above, we build up to two regression formular and set 

hypothesis of variables: 

For the first OLS regression the formula is: 

 

H1a. The subgrade score has a negative relationship with the interest rate. 

H2a. The employment length has a negative relationship with the interest rate. 

H3a. The house ownership has a negative relationship with the interest rate. 

H4a. The DTI has a positive relationship with the interest rate.  

H5a. The delinquency has a positive relationship with the interest rate. 

H6a. The inquiry has a positive relationship with the interest rate. 

H7a. The open account has a positive relationship with the interest rate.  

H8a. The public records have a positive relationship with the interest rate. 
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H9a. The revolving utilization has a positive relationship with the interest rate. 

H10a. The loan to income rate has a positive relationship with the interest rate. 

H11a. The verification has a negative relationship with the interest rate. 

 

For the binary logistic regression, the formula is:  

 

The final formula might be different. Some variables might be found out have a 

relationship with interest rate base on the first OLS regression. 

H1b. The interest rate has a negative relationship with the loan status. 

H2b. The employment length has a positive relationship with the loan status. 

H3b. The house ownership has a positive relationship with the loan status. 

H4b. The DTI has a negative relationship with the loan status.  

H5b. The delinquency has a negative relationship with the loan status. 

H6b. The inquiry has a negative relationship with the loan status. 

H7b. The open account has a negative relationship with the loan status.  

H8b. The public records have a negative relationship with the loan status. 

H9b. The revolving utilization has a negative relationship with the loan status. 

H10b. The loan to income rate has a negative relationship with the loan status. 

H11b. The verification has a positive relationship with the loan status. 
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These hypothesize set up based on the discussion of explanatory variables in 

section 3.2. All of them will be tested and discussed in the result section. According 

to the result of OLS regression, some hypothesis of the binary regression would be 

removed from the list.  

 

4. RESULT AND DISCUSSION 

 

  4.1 THE OLS REGRESSION OF INTEREST RATE 

 

The author first runs the OLS regression of interest rate with 11 independent 

variables. The R^2 of this regression model is 0.992, which means a 99.2% estimate 

result based on this model is correct, and that is considered very high.   

On the right side, the VIF (variance inflation factor) has been shown refer to each 

variable. The VIF is the ratio between the variance of multiple variables and the 

variance of one variable alone (Gareth et al., 2017). It is used to detect the potential 

collinearity problem of the regression model. The larger VIF shows the stronger 

collinearity between variables. Although the author has already tested the 

correlation among all of these variables, it is still possible that variables may be 

related to each other to some extent. 
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Coefficients 

Model Unstandardized 

Coefficients 

Standardized 

Coefficients 

t Sig. Collinearity 

Statistics 

B Std. 

Error 

Beta Toleranc

e 

VIF 

 (Constant) 28.882 0.032  891.920 0.000   

subgrade -0.6725 0.000862 -0.997 -

780.715 

0.000 0.795 1.258 

employment 

length 

-0.0015 0.001112 -0.001613 -1.406 0.160 0.986 1.014 

homeownershi

p 

0.01645 0.013337 0.001410 1.233 0.218 0.992 1.008 

verification 

status 

-0.00847 0.005916 -0.001738 -1.432 0.152 0.881 1.135 

DTI 0.000542 0.000555 0.001265 0.977 0.329 0.774 1.292 

Delinquency in 

2 years 

-

0.005760 

0.004981 -0.001325 -1.156 0.248 0.988 1.012 

Inquires last 6 

months 

-

0.002925 

0.005173 -0.000689 -.565 0.572 0.873 1.146 

Open account 0.001634 0.000852 0.002417 1.919 0.055 0.818 1.223 

Public record 0.002115 0.006708 0.000367 0.315 0.753 0.957 1.045 

Revolving 

utilization 

-0.00042 0.000187 -0.002711 -2.247 0.025 0.891 1.123 

Loan to income -

0.000544 

0.000440 -0.001532 -1.236 0.216 0.844 1.185 

a. Dependent Variable: interest rate 

Table.3 The result of OLS regression (normal) 
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Graph.1 scaterplot 

The author has also tested the heteroscedasticity problem. Based on the 

scatterplot of the dependent variable interest rate above, the residuals are 

distributed evenly. Hence the heteroscedasticity problem has been excluded. 

From the result of OLS regression above, all of the VIF is slightly higher than 1. 

According to Kutner M.H. (2004), when VIF larger than 10, the multicollinearity is 

strong. In this case, multicollinearity is not a problem for the author. 

The t value and significant level could also be found on the right side of the table. 

If the significant value is smaller than 0.05, that told us the variable has a significant 

relationship with the interest rate. If the value is even smaller than 0.01, the 

significant level of it is extremely high. 

The left side shows the coefficients of different variables and significant levels of 

them. From those result, we could see the subgrade scores is the essential factor 
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that influences the interest rate. The coefficient of it is -0.673 when we including the 

constant value, and it is in the 1% significant level (means it is extremely significant). 

Hence, hypothesis H1a cannot be rejected by the result.   

However, among other variables in this model, only the revolving utilization rate is 

significant, which is in a 5% significant level, but the coefficient of revolving 

utilization is very small which is only -0.00042. On the other hand, we could take a 

look into the standardized coefficient of it. The standardized coefficients' absolutely 

value identified how strong the effect that a variable has in the regression. The 

absolute value of the standardized coefficient of the revolving utilization rate is 

0.0027 larger than all the other variables except subgrades. Hence the author 

believes that hypothesis H9a can be rejected. Consider with that we are trying to 

explain the interest rate based on thousands of data, and also the fact that the 

interest rate is not fully match the subgrades. The author still think revolving 

utilization has negative relationship with the interest rate (even is weak).   

The author rejects the rest of hypothesis, due to those variables have no 

significant effect with interest rate. Among those rejected hypothesis, h2a, h3a, h4a, 

h8a, and h11a have the same sign as expected. H5a, H6a, and h10a, which represent 

the delinquency, the inquiry, and the verification received opposite sign compared to 

the author's expectation. For the delinquency and the inquiry, the author thinks it 

might be led by the structure of data. As described in section 3.2, most of the 

borrowers in our database have no delinquency record in 2 years, and a similar 

situation happened to the inquiry. Such a data structure might influence the 

significance of variables. As a result, the significant value of these two variables is 

considerably high. 

Another variable that receives different sign as expect is the loan to income rate. 

It is not significant (0.216), and the coefficient of it is also relatively low. The author, 

believe that loan to income rate might irrelevant with interest rate.  
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Additionally, the significant value of the open account is very close to the 0.05 

significant level (which is 0.055). The author thinks if irrelevant variables could be 

removed, the significant of open accounts will increase. So, it comes to the second 

regression using the forward method. 

 

Coefficientsa 

Model Unstandardized Coefficients Standardized 

Coefficients 

t Sig. 

B Std. Error Beta 

1 (Constant) 28.841 0.020595  1400.399 0.000 

subgrade -0.671879 0.000769 -0.996227 -873.964 0.000 

2 (Constant) 28.876 0.024736  1167.380 0.000 

subgrade -0.672268 0.000783 -0.996805 -858.048 0.000 

Revolving 

utilization 

-0.000459 0.000180 -0.002959 -2.548 0.011 

3 (Constant) 28.858 0.026431  1091.815 0.000 

subgrade -0.672336 0.000784 -0.996906 -857.557 0.000 

Revolving 

utilization 

-0.000411 0.000182 -0.002648 -2.260 0.024 

Open 

account 

0.001561 0.000779 0.002309 2.004 0.045 

a. Dependent Variable: interest rate 

Table.4 The OLS regression result (forward) 

 

 In the second regression, the author used the forward regression function in 

SPSS. All not significant variables will be excluded from the regression. In model 3, 

which is the final model of the regression, we could find that the open account also 

has a positive relationship with the interest rate. As the author predicted in previous 

sections, the more credit records one has, the higher the interest rate he will be 

charged. Because of that, the hypothesis H7a cannot be rejected.  
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Those regressions above show that the subgrade, open account, and the revolving 

utilization have a relationship with the interest rate. In order to avoid the 

multicollinearity problem, these variables will be included in the binary logistic 

regression together with interest rate. 

 

4.2 THE BINARY LOGISTIC REGRESSION OF LOAN STATUS 

 

Variables in the Equation 

 B S.E. Wald df Sig. Exp(B) 

Interest rate -0.135 0.011 148.906 1 0.000 0.874 

Employment length 0.025 0.010 5.781 1 0.016 1.025 

Homeownership 0.095 0.125 0.581 1 0.446 1.100 

Verification status -0.054 0.054 1.007 1 0.316 0.947 

DTI -0.022 0.005 23.533 1 0.000 0.978 

Delinquency in 2yrs 0.042 0.048 0.783 1 0.376 1.043 

Inquire in last 6 moths -0.063 0.043 2.190 1 0.139 0.939 

Public record -0.058 0.057 1.018 1 0.313 0.944 

Loan to income 0.001101 0.004 0.078 1 0.780 1.001 

Constant 3.799 0.170 497.637 1 0.000 44.668 

Table.5 The result of binary logistic regression (normal) 
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Classification Table 

Observed Predicted 

 loan status Percentage Correct 

Charged Fully Pa 

loan status Charged 3 798 0.4 

Fully Pa 11 4989 99.8 

Overall Percentage   86.1 

Table.6 Accuracy of the regression 

Same as the OLS regression of interest rate, the author did a regression with all 

variables in first and then using the forward regression function of SPSS to remove 

the terms which are not significant. Based on the result of OLS regression, subgrade 

scores, revolving utilization rate, and open account are proved to have a strong 

relationship with interest rate. Those factors are considered as the contributions of 

interest rate and have been removed from independent variables. 

The table above shows the result of the binary regression of loan status. B is the 

coefficient of different terms, while sig. shows the significant levels and ‘Wald' shows 

the importance of the variables. The higher ‘Wald' value received, the more 

influential the variable is. 

Based on the result above, it is clear to see that interest rate is the most influential 

factor affecting the loan status, and has a negative relationship with the B value at – 

0.135 and Wald at 148.906 in 0.000 significant level. The hypothesis of H1b cannot 

be rejected. 

Moreover, DTI is negatively related to loan status with B value at – 0.022, and 

Wald at 23.533, which is the second influential factor among those variables. It is 

also extremely significant (at 0.000 significant level). The hypothesis 4b cannot be 

rejected. That means highly debt to income ratio result in high risk of default. 

On the other hand, among those other explanatory variables, employment length 

has a positive effect on the probability of loan fully paid. It has a B value of 0.025, 

and thirdly important among all of these variables (Wald=5.781). The significance of 

it is a little bit lower than DTI and interest rate, which inside 0.05 significant level 

(0.016 < 0.05). 

Other explanatory variables are not significant will be removed to enhance the 

model, due to their weak significant value.  
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Variables in the Equation 

 B S.E. Wald df Sig. Exp(B) 

Step 1 Interest rate -0.152 0.010 222.930 1 0.000 0.859 

Constant 3.655 0.135 732.332 1 0.000 38.661 

Step 2 Interest rate -0.143 0.010 186.346 1 0.000 0.867 

DTI -0.021 0.004 22.733 1 0.000 0.979 

Constant 3.949 0.150 689.307 1 0.000 51.904 

Step 3 Interest rate -0.141 0.010 180.538 1 0.000 0.869 

Emp_length 0.025 0.010 5.942 1 0.015 1.026 

DTI -0.022 0.004 23.128 1 0.000 0.979 

Constant 3.796 0.162 546.958 1 0.000 44.509 

Table.7 The result of binary logistic regression (forward) 

Classification Table 

 Observed Predicted 

 loan status Percentage Correct 

 Charged Fully Pa 

Step 1 loan status Charged 5 796 0.6 

Fully Pa 15 4985 99.7 

Overall Percentage   86.0 

Step 2 loan status Charged 5 796 0.6 

Fully Pa 10 4990 99.8 

Overall Percentage   86.1 

Step 3 loan status Charged 4 797 0.5 

Fully Pa 10 4990 99.8 

Overall Percentage   86.1 

Table.8 The accuracy of the regression 

After the irrelevant factors have been removed, the significant of those three 

remain variables are improved. The percentage correct of charged-off loans has 

been improved a little bit, and the accuracy of the model is 86.1%. 
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On the other hand, the result shows the overall default risk is still high, and 

variables are weak in predict the risk. Only 0.5% (found by 4/801) showed default 

according to the model. This told us that the information provided by the platform 

lending club is still not enough for lenders to predict the risk. Moreover, it also 

means that the interest rates charged to borrowers are not entirely reasonable since 

lenders could not fully predict the default of loans rely on the interest rate. 

It is very interesting to consider the reason behind such a result. Why the interest 

rate is weak in predicting the default of loans, even though the Wald value shows 

that the impact of the interest rate is strong? 

Let us go back to the p2p lending market itself. According to the World Bank's 

online data files (2019), the lending interest rate in the United States in 2015 is only 

3.26%, but the minimum interest rate of the lending club in February 2015 is already 

5.93%. Imagine if the people who are charged in a 5.93% interest rate with highest 

subgrade score are real high-quality borrowers, why would they borrow money from 

the p2p lending market instead of the traditional market?   

Such kind of p2p lending market itself is probably not similar to the market of the 

second-hand car market. There might are only ‘lemons' (low-quality borrowers) 

inside the market. The reason why people would borrower money through the 

platform is that they could not borrow more money from the traditional market. The 

only thing that managers of the platform could do is try to differentiate those ‘good 

lemons' from ‘bad lemons'.  

All lemons are risky. Hence the interest rate setting based on credit grade (FICO 

score) and the financial report could not inform the default risk 100% to the lenders. 

From the results of the 3 forward regression module above, we could find out that 

adding more variables about borrowers' debt situation might help to improve the 

accuracy of the module (even only a little bit). 

On the other hand, if the platform could 100% predict the default risk, those 

default loans would be not allowed to apply at the beginning. Hence, it is always 

reasonable to have some default loans left out. In our case, the default risk is still 

high, but that doesn’t means the platform could not predict the default risk at all.  
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5. CONCLUSION 

 

  Overall, the study find the determinants of the interest rate and default risk. The 

regression models showed that the subgrade scores is the most powerful factor that 

determinant the interest rate. The revolving utilization and the open account also 

have been added into the formula of the interest rate. Furthermore, the possible 

determinants of default risk have been illustrated by a binary logistic regression. 

Those variables are the interest rate, the employment length, and the debt to 

income ratio.  

  As a conclusion, the p2p platform lending club monitored 86% of loans, and that 

means the platform could predict the risk of loans. However such an information 

system should be improved, due to the model so far is difficult to predict the default 

of loans. That result might be caused by the limitation of the variable selected. 

Further studies could put the eyes on the macro market and the survival time of 

default loans. As the author discussed in the previous section, the defaulted loans 

might not 100% default. Lenders might still receive part of invest since those loans 

have survived for a certain period. 

  The author also believes that the accuracy of the model might be improved by 

adding more information about borrowers' debt information — for example, the 

time of his last credit card payment, or more payment history information. On the 

other hand, the risk of the p2p lending market is difficult to control since the market 

is already full of ‘lemons.' To some extent, the p2p lending market itself is probably a 

market for only low-quality borrowers already. As a suggestion, the author suggest 

lenders to do not enter such a market.   
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APPENDIX 

APPENDIX.1 CORRELATION TEST 
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APPENDIX.2 FULL DATA OF THE OLS REGRESSION: 

 

Variables Entered/Removeda 

Model Variables 

Entered 

Variables 

Removed 

Method 

1 sub_grade . Stepwise (Criteria: Probability-of-F-to-enter <= .050, 

Probability-of-F-to-remove >= .100). 

2 revol_util . Stepwise (Criteria: Probability-of-F-to-enter <= .050, 

Probability-of-F-to-remove >= .100). 

3 open_acc . Stepwise (Criteria: Probability-of-F-to-enter <= .050, 

Probability-of-F-to-remove >= .100). 

a. Dependent Variable: int_rate 

 

Model Summary 

Model R R Square Adjusted R 

Square 

Std. Error of the Estimate 

1 .996a .992 .992 0.31841% 

2 .996b .992 .992 0.31826% 

3 .996c .992 .992 0.31818% 

a. Predictors: (Constant), sub_grade 

b. Predictors: (Constant), sub_grade, revol_util 

c. Predictors: (Constant), sub_grade, revol_util, open_acc 
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ANOVAa 

Model Sum of Squares df Mean Square F Sig. 

1 Regression 77439.431 1 77439.431 763813.096 .000b 

Residual 587.629 5796 .101   

Total 78027.060 5797    

2 Regression 77440.088 2 38720.044 382271.521 .000c 

Residual 586.972 5795 .101   

Total 78027.060 5797    

3 Regression 77440.494 3 25813.498 254981.653 .000d 

Residual 586.565 5794 .101   

Total 78027.060 5797    

a. Dependent Variable: int_rate 

b. Predictors: (Constant), sub_grade 

c. Predictors: (Constant), sub_grade, revol_util 

d. Predictors: (Constant), sub_grade, revol_util, open_acc 

 

 

Coefficientsa 

Model Unstandardized Coefficients Standardized 

Coefficients 

t Sig. 

B Std. Error Beta 

1 (Constant) 28.841 .021  1400.399 .000 

sub_grade -.672 .001 -.996 -873.964 .000 

2 (Constant) 28.876 .025  1167.380 .000 

sub_grade -.672 .001 -.997 -858.048 .000 

revol_util .000 .000 -.003 -2.548 .011 

3 (Constant) 28.858 .026  1091.815 .000 

sub_grade -.672 .001 -.997 -857.557 .000 

revol_util .000 .000 -.003 -2.260 .024 

open_acc .002 .001 .002 2.004 .045 
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APPENDIX.3 FULL DATA OF THE BINARY LOGISTIC REGRESSION 

 

Classification Tablea 

 Observed Predicted 

 loan_status Percentage Correct 

 Charged Fully Pa 

Step 1 loan_status Charged 5 796 .6 

Fully Pa 15 4985 99.7 

Overall Percentage   86.0 

Step 2 loan_status Charged 5 796 .6 

Fully Pa 10 4990 99.8 

Overall Percentage   86.1 

Step 3 loan_status Charged 4 797 .5 

Fully Pa 10 4990 99.8 

Overall Percentage   86.1 

 

 

Variables in the Equation 

 B S.E. Wald df Sig. Exp(B) 

Step 1a int_rate -.152 .010 222.930 1 .000 .859 

Constant 3.655 .135 732.332 1 .000 38.661 

Step 2b int_rate -.143 .010 186.346 1 .000 .867 

dti -.021 .004 22.733 1 .000 .979 

Constant 3.949 .150 689.307 1 .000 51.904 

Step 3c int_rate -.141 .010 180.538 1 .000 .869 

emp_length .025 .010 5.942 1 .015 1.026 

dti -.022 .004 23.128 1 .000 .979 

Constant 3.796 .162 546.958 1 .000 44.509 

a. Variable(s) entered on step 1: int_rate. 

b. Variable(s) entered on step 2: dti. 

c. Variable(s) entered on step 3: emp_length. 
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Variables not in the Equation 

 Score df Sig. 

Step 1 Variables emp_length 5.555 1 .018 

home_ownership .303 1 .582 

verification_status 2.206 1 .137 

dti 22.861 1 .000 

delinq_2yrs .925 1 .336 

inq_last_6mths 2.110 1 .146 

pub_rec .781 1 .377 

Laontoincome .817 1 .366 

Overall Statistics 35.250 8 .000 

Step 2 Variables emp_length 5.952 1 .015 

home_ownership .587 1 .444 

verification_status 1.460 1 .227 

delinq_2yrs .880 1 .348 

inq_last_6mths 2.824 1 .093 

pub_rec 1.547 1 .214 

Laontoincome .020 1 .888 

Overall Statistics 12.414 7 .088 

Step 3 Variables home_ownership .612 1 .434 

verification_status 1.380 1 .240 

delinq_2yrs .722 1 .395 

inq_last_6mths 2.776 1 .096 

pub_rec 1.581 1 .209 

Laontoincome .092 1 .761 

Overall Statistics 6.460 6 .374 
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