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Heuristics in the Field:  
A Study of a P2P Lending Market 

 

Abstract 

 

Using data from a major peer-to-peer (P2P) lending market, we document that lenders appear to 

follow a simple heuristic, and make quick investment decisions based on interest rates. This 

heuristic is helpful because the institutional arrangements in this market significantly limit the 

loss from default, and hence interest rates and loan performances are highly correlated. 

Interestingly, credit ratings, which are provided by the P2P lending platform, also strongly 

predict loan performances. Holding the interest rate constant, loans with a “High Risk” rating 

underperform other loans by over 1% per year. Despite the fact that these ratings are free and 

only a click away, investors appear to largely ignore them. Through experiments, we find that by 

making credit rating information more salient, we can “nudge” investors into paying more 

attention to ratings and hence significantly improve their welfare.  
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People rely on a limited number of heuristic principles which reduce the complex 

tasks of assessing probabilities and predicting values to simpler judgmental 

operations. In general, these heuristics are quite useful, but sometimes they lead to 

severe and systematic errors.  

— Tversky and Kahneman (1974)  

 

 

I. Introduction 

As is established in the psychology literature, heuristics are often useful for coping with complex 

tasks and simplifying the decision making process, but sometimes lead to systematic errors. 

While existing evidence is mostly based on data from lab experiments, our paper attempts to 

examine this issue in an active financial market with large stakes. 

Specifically, we examine the transaction data from an online peer-to-peer (P2P) lending 

market, in which individual investors bid on unsecured microloans listed by individual borrowers.  

Our goal is to identify the heuristic that investors appear to be using to make their investment 

decisions, the ensuing systematic errors induced by the heuristic, and finally, simple inexpensive 

ways that can help investors improve their decisions. Our main analysis is based on the data from 

Renrendai, one of the leading P2P lending platforms in China. The cumulative amount of loans 

in our sample is over $100 million. Hence, our analysis offers an external validity check to the 

evidence based on lab experiments.   

Due to the market environment, which will be explained in detail in Section II, the loans 

on this platform are generally highly appealing to investors. As such, they were usually bought 

quickly by investors. For example, 25% of loans listed on Renrendai are fulfilled in 42 seconds 
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and 90% are fulfilled in under eight minutes.1 A distinct feature of Renrendai is that details on 

the funding process (e.g., the percentage of a loan’s required amount that is fulfilled, the time 

stamp for each lender’s commitment, and each lender’s user ID) are accessible to all investors in 

real time. The funding status of rapidly-funded loans is updated instantaneously on the screen. 

These features exert pressure on investors to make quick decisions, an extra reason for them to 

rely on simple heuristics rather than complex calculations to evaluate the loans in this market. 

Our findings are as follows. 

First, lenders in this market appear to respond strongly to the interest rates of the loans. 

Specifically, the “fulfillment time” of a loan, the time it takes for a loan to be completely 

purchased, is sensitive to its interest rate. Holding everything else constant, a one percent 

increase in the interest rate reduces the fulfillment time by nearly 20%. Moreover, the fulfillment 

time of faster loans appears to be more sensitive to the interest rate.  

Second, relying on interest rate is a sensible strategy in this market. This is because that, 

as discussed in detail in Section II, Renrendai guarantees to repay investors the outstanding 

principal of a loan within 30 days of the due date if a borrower fails to make a monthly payment. 

This principal guarantee significantly limits lenders’ exposure to borrowers’ credit risk. Hence, 

from investors’ perspective, their investment returns and the offered interest rates are highly 

correlated. The correlation coefficient between a loan’s interest rate and its ex post internal rate 

of return (IRR) is *** in our sample. Moreover, more experienced investors tend to hold more 

high-interest-rate loans in our sample.  

Third, investors appear to be making a systematic error by focusing mostly on interest 

rates. In particular, if investors had also paid attention to credit ratings, they could have increased 

                                                             
1 Measured from the moment when the loan becomes visible to potential lenders to the moment when funding is 
completed.  
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their IRR by 2%, which is amount to approximately RMB *** for P2P lending in China during 

our sample period.  

Fourth, one can help investors improve their decisions by making ratings information 

more visible. Investors paid even more attention to interest rates when they invest through 

Mobile App, where the interest rate is more salient and credit information is not visible. In lab 

experiments, investors with more experience said that they have paid more attention to ratings. 

[Investors paid more attention to ratings when that information is more prominent. In the field 

data, investors paid more attention to ratings when that information is more prominent.] 

A. Related Literature 

Since 2006, P2P lending has become an increasingly important method of providing 

small loans to individual borrowers. What are the comparative advantages and limitations of P2P 

lending? Most existing studies rely on Prosper.com. For example, Iyer, Khwaja, Luttmer, and 

Shue (2009) show that lenders effectively use soft and non-standard information to evaluate 

borrowers’ creditworthiness. Lin, Prabhala, and Viswanathan (2013) and Michels (2012) 

document that friendship networks and voluntary disclosure help reduce information asymmetry 

in the P2P lending markets. Zhang and Liu (2012) show rational herding among Prosper 

investors. Investigating the behavioral biases of P2P investors, Lin and Viswanathan (2015) find 

evidence of home biases that cannot be fully explained by rational models. Pope and Sydnor 

(2011), Revina (2008), and Duarte, Siegel, and Young (2012) show the roles of racial bias, the 

beauty premium, and trust in P2P lending decisions.  

In the same spirit as these latter studies, we focus on investors’ decision biases under fast 

thinking. Relying on System 1, individual investors pay excessive attention to salient interest 

rates, rushing to invest in loans with higher rates and ignoring their higher default risks. Our 
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research contributes to the psychology and economics literature on cognitive biases. Kahneman 

and Tversky (1974) established the foundation for studies of heuristics and biases. More recently, 

Heller, Shah, Guryan, Ludwig, Mullainathan, and Pollack (2017) carried out three large-scale 

randomized controlled trials in Chicago, showing that behavioral intervention and education 

programs can help young people slow down and reflect on their automatic thoughts and 

behaviors. This reduced the rates of arrests and readmission (to jail), and improved school 

engagement and graduation rates. However, studies of decision biases under fast thinking in a 

real-world setting have been rare due to the inherent challenges of measuring decision time. To 

our knowledge, we are the first to investigate the effect of fast thinking on biases in investment 

decisions. 

Our paper also relates to research on the role of limited attention in financial markets. 

Given the wealth of available financial information and the scarcity of attention, investors tend to 

focus on certain details—usually those that are most salient (Benartzi and Lehrer, 2015). For 

example, Barber and Odean (2008) show that individual investors are net buyers of attention-

grabbing stocks. Da, Engelberg, and Gao (2011) document that Google search frequency is 

associated with investor attention, and predicts stock prices over the next two weeks and an 

eventual reversal within the year.  Hirshleifer, Lim, and Teoh (2009) show that investor reactions 

to a firm’s earnings surprise are much weaker and post-announcement drift is much stronger 

when a greater number of same-day earnings announcements are made by other firms. Similarly, 

Renrendai investors' fixation on interest rates is related to their limited attention, a conclusion 

supported by the increased sensitivity of funding duration to interest among fast loans after 

Renrendai's mobile app makes interest rates more salient.  
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II. Institutional Background 

Online P2P lending was first introduced in China in 2007 and grew rapidly from 2011 to 2015. 

Renrendai was founded in 2010 and has an AAA rating from the Chinese Academy of Social 

Sciences, the highest rating for P2P lending platforms. We focus on credit loans, which have no 

collateral or guarantees, and comprise 76% of all loans made on Renrendai. The cumulative 

amount of credit loans on Renrendai as of September 2016 was over $100 million.  

To receive a credit loan, a borrower is required to provide identification, as well as to 

submit information on income, employment, and creditworthiness. To facilitate decision-making, 

Renrendai issues its own credit ratings, ranging from excellent to poor as follows: AA, A, B, C, 

D, E, and HR (High Risk). Each rating corresponds to a range of credit scores,2 and ratings 

increase with the number of optional documents submitted, including home deed, car title, 

marriage certificate, diploma, cellphone number, Weibo account (the Chinese version of Twitter), 

home address, and video interview. Renrendai updates each borrower’s credit rating monthly 

based on the repayment status of his/her outstanding loans.3 

Potential borrowers on Renrendai submit loan applications, specifying the requested 

amount, Maturity (time to maturity), and interest rate. The maximum amount for each loan varies 

with the borrower’s credit quality, ranging from ¥3,000 to ¥500,000 ($1 = ¥6.91 as of March 15, 

2017). A borrower is allowed to have multiple loans outstanding as long as the total amount does 

not exceed a given credit line, determined by his/her credit rating. There are eight Maturities for 

credit loans available at Renrendai: 3, 6, 9, 12, 15, 18, 24, and 36 months. Borrowers specify the 

                                                             
2 Rating AA: credit scores above 210; rating A: credit scores in the range [180, 209]; rating B: credit scores in the 
range [150, 179]; rating C: credit scores in the range [130, 149]; rating D: credit scores in the range [110, 129]; 
rating E: credit scores in the range [100, 109]; and rating HR: credit scores below 100. 
3 A borrower’s credit rating is updated monthly. The credit score increases by 1 point each month if payments 
remain current. The credit score is reduced by 3 points if a payment is overdue by 1-30 days, and is set to zero if a 
payment is overdue by more than 30 days. 
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interest rates of their loans, subject to the minimum interest rate requirement determined by 

Renrendai for each credit rating. In our sample, the minimum interest rate is 10% and the 

maximum is 24%. 

Renrendai denies approximately 95% of loan applications due to bad credit ratings or 

insufficient verifications. Approved applications are listed on its platform, and be viewed by all 

potentially investors. Each listing includes its loan characteristics, as well as borrower 

information, such as credit rating, age, education, marital status, monthly income reported as a 

range, possession of a house and/or a car, and the presence of a mortgage or car loan. There are 

additional verifications that a borrower can provide voluntarily. Figure 1 depicts a sample loan 

on the Renrendai website (translated by the authors from Chinese to English).  

Renrendai does not charge investors any fees. Investors on Renrendai choose to lend 

multiples of ¥50 at a loan’s pre-specified interest rate. Once the requested amount is fully funded, 

or if a loan cannot be fully funded in seven days, the funding process stops. As a result, the 

borrower receives either 100% funding or no funding.  Prepayment is allowed with a penalty of 1% 

of the outstanding balance.  

During the funding process, each investor’s commitment is posted online with a time 

stamp; this information is visible to all investors in real time. This feature enables us to calculate 

the timing of each loan’s funding process to the seconds, which is not feasible at other P2P 

lending platforms, such as Prosper.com. In addition, 90% of Renrendai loans are fully funded in 

under eight minutes so that investors have to make decisions quickly, while loans listed on 

Prosper.com often take several days to get funded. Moreover, the moment a loan is listed is the 

first time any investor can observe its characteristics. Thus, we can measure investors’ thinking 
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time quite precisely, which is not possible in other markets. These three features qualify 

Renrendai as an ideal setup for studying the role of heuristics in a natural setting.4  

An important feature for our study is that Renrendai guarantees to repay investors the 

outstanding principal of a loan within 30 days of the due date if a borrower fails to make a 

monthly payment. This principle guarantee is credible not only because Renrendai has a top 

credit rating but also because it levies an upfront service charge for each funded loan, which 

reaches up to 5% of the principal, depending on the credit rating of the borrower. In addition, a 

monthly management fee of 0.1–0.35% is charged for the outstanding balance. This principal 

guarantee significantly limits lenders’ exposure to borrowers’ credit risk. Hence, from investors’ 

perspective, their investment returns and the offered interest rates are highly correlated. Indeed, 

the correlation coefficient between a loan’s interest rate and its ex post IRR is *** in our sample.  

We extract Renrendai data on March 10, 2016 and use loans listed from September 1, 

2012 to December 31, 2014 as our sample. We exclude loans originated in 2015 and 2016, since 

the repayment status for the vast majority of the loans (paid off or defaulted) is not yet available. 

We also exclude loans originated before September 1, 2012, since Renrendai did not record the 

start time of the funding process before this date. Our final sample contains 10,385 loans fully 

funded by 205,724 investors, corresponding to 25,314 unique investors. 

III. Empirical Results 

                                                             
4 Renrendai differs from Prosper.com, one of the two leading online P2P platforms in the U.S., on many dimensions. 
For example, (1) On Renrendai, potential investors observe the bid/investment of each lender in real time, while on 
Prosper, they only see the fraction of the requested amount that is fulfilled—not the number of lenders or the size of 
each lender’s investment; (2) Renrendai provides the funding start and end time for each completed loan, while 
Prosper records only the start time of the funding process; (3) On Renrendai, a loan is made only if 100% of its 
listed amount is raised, while Prosper permits a listed loan to move forward if at least 70% of the listed amount is 
fulfilled; (4) Renrendai suggests the minimum interest rate based on the credit rating of a borrower and the borrower 
determines the interest rate, while Prosper determines the interest rate for loans from the borrowers with the same 
credit rating (starting from December 2010); (5) Credit loans listed on Renrendai are much smaller than those listed 
on Prosper; (6) Renrendai promises to repay the principal if the borrower defaults on the loan, while Prosper does 
not provide such a guarantee. 
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A. Univariate analysis 

We winsorize all continuous variables in our analyses at the 1st and 99th percentiles. Loan 

and borrower characteristics are reported in Panel A of Table 1. The average and median values 

of the interest rate are 12.7% and 12%, respectively. The average and median loan amounts are 

¥25,372 and ¥14,000, respectively. Loan Maturity ranges from 3 to 36 months, with an average 

of 10.3 months and a median of 9 months. 

We show that 71.2% of Renrendai borrowers are categorized as having a high risk of 

default (HR), and 87.3% are male. The mean and median ages of the borrowers are 32.9 and 32 

years, respectively. About one third of the borrowers hold a bachelor’s degree or higher, and 

56.7% have work experience of three or more years. Financially, 41.3% of the borrowers have 

monthly income exceeding ¥10,000, and the average of Ln(Income/Debt) (calculated using the 

lower bound of the reported income range) is 1.233. While 55.5% of borrowers are homeowners 

and 40.8% own a car, only 21.7% of borrowers make mortgage payments and 8% have a current 

car loan.  

As far as the length of the funding process, 25% of loans get fully funded in 42 seconds; 

we label these “fast loans”, 75% of loans get funded in less than three minutes and 90% in less 

than eight minutes. The funding process has accelerated during our sample period; see Figure 2 

for the distribution of the fulfillment time over time. Given how rapidly loan listings disappear 

from the screen, investors have to make quick decisions. We contrast loan and borrower 

characteristics for fast loans with all other loans and report the results in Panel B of Table 1.  

On average, fast loans offer higher interest rates (13.711% vs. 12.36%), are smaller 

(9.276 vs. 9.752 in logarithmic Maturity), and have longer Maturity (10.568 vs. 10.209 months). 

Fast loans also have higher default rates (19.8% vs. 16.7%) and higher IRR (11.666% vs. 

10.525%). Borrowers of fast loans are more likely to be HR-rated (78.7% vs. 68.6%), male (88.2% 
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vs. 86.9%), and younger (31.313 vs. 33.427 years). Fast loan borrowers are less likely to be 

employed for more than three years. Their monthly income tends to be much lower, and the 

income to debt ratio is also lower than that of other borrowers on average. Fast loan borrowers 

are also less likely to own a house or a car. Overall, fast loans are riskier than other loans.  

B. Sensitivity of fulfillment time to interest rate and HR 

In this subsection, we examine whether higher interest rates attract investors to engage in 

fast thinking when making lending decisions. We first perform an OLS regression of 

Ln(Fulfillment time) on Interest Rate, then quantile regressions at discrete quantiles to compare 

the coefficient estimate of Interest Rate (i.e., the sensitivity of investors’ reaction time to the 

interest rate) for fast loans with that of other loans. We include 12 verification fixed effects, 

week fixed effects, day-of-the-week, and hour-of-the-day fixed effects to control for time trend 

in investors’ bidding speed. Results are presented in Table 2.  

In the OLS regression, the coefficient estimate of Interest Rate is -0.212, statistically 

significant at the 1% level. Economically, a one-standard-deviation increase in the interest rate 

(i.e., ***%) reduces the fulfillment time by *** seconds. Coefficient estimates of control 

variables are largely consistent with our predictions. Loans with a larger amount and a longer 

Maturity take longer to fulfill. Moreover, loans from borrowers who have a college or higher 

degree, a house, or home mortgage are more rapidly fulfilled.  Interestingly, we find that loans 

from borrowers with a HR credit rating take less time to fulfill, even though the result is only 

significant at the 10% level.  

To estimate these differential effects, we run quantile regressions to fully utilize the 

information contained in the funding process (Koenker and Bassett, 1978). The main difference 

between the least squares (OLS) regression and quantile regression is that the loss function is 
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quadratic for the OLS regression and uses absolute values for quantile regression. Quantile 

regression produces more robust coefficient estimates than OLS does when the data distribution 

is fat-tailed or significant heteroscedasticity exists. In addition, it is more efficient than OLS 

when the distribution of the error term is non-normal (Koenker and Bassett, 1978; Deaton, 1997). 

The !-quantile of a random variable Y that has a cumulative distribution function of F is 

defined as:	#$%(!) = )*+{-: #(-) ≥ !}, ! ∈ (0,1).  We run a τ-quantile regression as follows: 

      678 = 9:;)*+
<

=∑ !?∈{?:@ABCA
D<} |F? − H?I6| + ∑ (1 − !)?∈{?:@AKCA

D<} |F? − H?I6|L , ! ∈ (0,1).   (1) 

Equation (3) assigns a weight of τ to data points above the fit line, and a weight of 1-τ to 

data points below the fit line.5 A unique fit function is generated based on Equation (3), allowing 

us to calculate 678, the coefficient estimate under τ-quantile regression. 678 measures the marginal 

effect of x on y at the τ-quantile of y.  

For our purposes, we hope to find different marginal effects of Interest Rate on 

Ln(Fulfillment time) in the low and high quantiles of Ln(Funding Duration) after controlling for 

other variables:  

M+(#N+O*+;	PN:9Q*R+)?8 = S8 + 68 ∗ U+QV:VWQ	X9QV?8 + Y8 ∗ ZR+Q:R[?8 + \?8, ! ∈ (0,1),  (4) 

where M+(#N+O*+;	PN:9Q*R+)?8 is the !-quantile of Ln(Funding Duration).  

We find that the coefficient estimate of Interest Rate is negative and significant at the 1% 

level for all quantile regressions. More importantly, the absolute value of the coefficient estimate 

of Interest Rate decreases almost monotonically in Ln(Fulfillment time). The coefficient estimate 

of Interest Rate is -0.221 for the 5th quantile, -0.204 for the 25th quantile, -0.17 for the 75th 

                                                             
5 The most widely used quantile regression is the median regression (! = 0.5), in which we minimize the sum of 
absolute residuals to obtain the estimates of the regression parameters: 67 = 9:;)*+

<
∑ |F? − H?I6|^
?_% .                       
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quantile, and -0.131 for the 95th quantile. In other words, when investors are thinking fast, as 

they do in the low quantiles of Ln(Fulfillment time), they pay more attention to interest rates. 

Interestingly, investors appear not to pay any attention to HR in quantile regressions.  

To more clearly understand the relationship between Ln(Fulfillment Time) and Interest 

Rate, we plot the coefficient estimate of Interest Rate at continuous quantiles in Figure 3. The 

horizontal axis is the quantile of Ln(Fulfillment Time), ranging from 0th to 100th percentiles. The 

vertical axis is the coefficient estimate of Interest Rate from the quantile regression of 

Ln(Fulfillment Time) on Interest Rate and a list of control variables. The solid green line 

represents the coefficient of Interest Rate from the OLS regression and the dashed lines are the 

boundaries of its 95% confidence interval. The grey region is the 95% confidence interval for the 

coefficient estimate of Interest Rate in quantile regressions. We find that the coefficient estimate 

of Interest Rate increases gradually as Ln(Fulfillment Time) moves from 0th to 100th percentiles 

(becoming less sensitive).  

The more negative coefficient estimates of Interest Rate likely represent investors’ high 

sensitivity to interest rates in rapid funding processes. When thinking fast, investors focus on 

high interest rates and have no time to thoroughly consider other aspects of loans, such as credit 

ratings. This tendency is reinforced by the platform’s guaranteed repayment of the loan’s 

principal.  

Next, we examine whether more experienced investors respond to interest rates and 

borrowers’ credit risk differently from inexperienced investors. For each week, we sort investors 

into experienced and inexperienced ones. Experienced investors are the 25% of investors that 

have the most experience based on their lending history on Renrendai up to that point, while 

inexperienced investors are the 25% of investors that have the least investing experience. We 
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report the results in Table 3. Investor experience is measured by the cumulative number of loans 

an investor lends on Renrendai in Panel A, by cumulative dollar amount of loans an investor 

lends in Panel B, and by the number of months since an investor’s first investing on Renrendai in 

Panel C. We report the difference in value-weighted average interest rate and the fraction HR 

borrowers of the loans invested by experienced and inexperienced investors. We cluster standard 

errors by week to address the correlation in the error terms across the loans funded in the same 

week, and use Newey-West test to address autocorrelation and heteroscedasticity in the error 

terms. 

Under all three specifications, we find that more experienced investors appear to select 

loans with higher interest rates and HR-rated borrowers. Using the results reported in Panel A, 

for example, the weighted average interest rate is 13.294% for loans of experienced investors and 

12.426% for loans of inexperienced investors. The difference of 0.868% is statistically 

significant at the 1% level. The fraction of HR borrowers is 59.6% for loans of experienced 

investors and 55.6% for loans with inexperienced investors. The difference of 4% is statistically 

significant at the 1% level. 

Is investing in loans with higher interest rates helpful given worse credit ratings of their 

borrowers? A higher interest rate will yield a higher IRR, everything equal. However, loans with 

higher interest rates are also from riskier borrowers, and thus more likely to default. In the next 

section, we examine loan performance and defaults.  

C. Regression analysis of loan performance 

We examine loan performance and default in this section. Loan performance is measured by 

(IRR – CD Rate). We estimate the IRR using the amount of the principal (Amount), the time to 

maturity (T), and the (amortized) repayment cash flows, as follows: 
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CD rate is the rate of return for bank deposits with a maturity similar to that of the loan. We 

report the results of the loan performance analyses in Table 4. Column 1 includes three loan 

characteristics, the interest rate, Ln(amount), and maturity. Column 2 adds stock market return in 

the previous month to control for general market condition. Column 3 further adds borrower 

characteristics, and Column 4 includes verification dummies. In all four specifications, we 

include week fixed effects, day-of-week fixed effects, and hour-of-day fixed effects to account 

for potential time trends in loan performance, market conditions, or investor preferences. 

We show that (IRR – CD Rate) is positively correlated with interest rates, and negatively 

correlated with loan amounts and maturity (Columns 1 to 4). The coefficient estimate of the 

interest rate ranges from 0.757 to 0.971. Moreover, loan performance is positively correlated 

with HR but negatively correlated with the interaction term of interest rate and HR, suggesting 

that loans with higher interest rates perform better but those lent to HR borrowers do not perform 

as well.  

Coefficient estimates for control variables are largely consistent with economic theories.  

We find that loans to female borrowers, younger borrowers, and borrowers with college degrees 

perform better. Loans to borrowers with higher monthly income, lower income to debt ratio, and 

home mortgage, and loans to car owners tend to perform better. Stock market condition does not 

affect loans performance. 

We next examine whether loans lent to high-risk borrowers perform worse than other 

loans given fixed interest rates. Within each week, we sort loans by interest rate into 10 deciles. 

For each decide, we calculate the value-weighted average of (IRR – CD Rate) for HR loans and 

non-HR loans. We then calculate the performance difference between the two types of loans. 
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Standard errors are clustered by week to address the correlation in the error terms across loans 

funded in the same week.  

We report the results in Table 5. For all deciles, HR loans underperform non-HR loans. 

The magnitude of underperformance decreases monotonically from the top to bottom decile, 

ranging from -3.749% to -0.839%. The difference is statistically significantly at the 1% level for 

all interest rate deciles. This evidence suggests that had investors paid attention to credit ratings, 

they could have increased their IRR (relative to CD rate) by about 2% on average. Thus, 

incorporating borrowers’ credit ratings into the interest rate heuristics could improve investor 

performance substantially.  

We further analyze the cause of lower performance of HR loans: a higher likelihood of 

default. We use a specification similar to that of Table 4, replacing loan performance by default, 

a dummy variable. We show in Table 6 that loans with higher interest rates are more likely to 

default (Columns 1 and 2). However, defaults are solely driven by high interest loans from HR 

borrowers (Columns 3 and 4). 

Confirming the results reported in Table 4, we find that larger loans and loans with longer 

maturity are more likely to default. In addition, loans to male borrowers, older borrowers, and 

borrowers without college degrees are more likely to default. Loans to borrowers with shorter 

than five years employment and higher self-reported income are more likely to default. Finally, 

loans to borrowers with a house but without mortgage, and loans to borrowers without a car are 

more likely to default.    

D. Introduction of mobile apps 

On July 30, 2014, Renrendai launched its mobile app, which enabled individuals to invest 

in listed loans using mobile phones. The screen of a mobile phone is much smaller than that of a 
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computer and contains much less information. As shown in Figure 4, the most salient aspect of a 

listed loan on the mobile app is its interest rate: not only it is located near the top and in the 

middle of the screen (easy-middle bias), but it is also shown in orange ink (the only information 

not presented in black). Additionally, the updated funding status of “99% Funded” shown on the 

screen could press investors to act fast. Interestingly, the credit rating of the borrower is not 

shown at all, though the borrower’s credit report was verified. The introduction of the mobile 

app can be considered an exogenous shock to Renrendai investors’ lending decisions, even 

though the company consciously decided to introduce it. Do investors behave differently when 

investing on their mobile phones? Does the new user interface draw investors further into 

investing in high-interest loans? 

To answer these questions, we examine the link between the fraction of mobile app 

investment and interest rate as well as borrower HR dummy. Once the mobile app was launched, 

an investor can use either a computer or a mobile phone to select loans. Renrendai records 

investments from the mobile app separately, which enables us to separate investments made via 

computers from those made via mobile phones. For each loan, we calculate the fraction of 

investment via the mobile app. We show in Table 7 that, mobile investors pay even more 

attention to interest rates. Without observing borrowers’ credit ratings, such a decision leave 

mobile investors with more HR loans. Thus, the more prominent display of interest rates on the 

mobile app exacerbates Renrendai lenders’ fast-thinking investment bias.6  

IV. Controlled Experiments 

To complement our empirical analyses of Renrendai data, we design two experiments: 

one focused on investor attention, and one focused on investor learning. Both experiments were 

                                                             
6 The fraction of mobile investments is also higher for loans with higher interest rate if we use the sample period of 
Sept. 2012 to Dec. 2014. The coefficient estimate of interest rate is statistically significant at the 10% level. 
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conducted in 2017 at the People’s Bank of China School of Finance (PBCSF), Tsinghua 

University. Both involved 60 students and the two sets of 60 participants do not overlap. 

A. An experiment on investor attention  

The first experiment, conducted in January 2017, examines whether investors pay more 

attention to interest rates when thinking fast. All 60 participants were involved in (1) training, or 

learning about the relationship between loan/borrower characteristics and loan performance; and 

(2) investing, or selecting one from five offered loans. In the training stage, all participants study 

the same materials over the same time interval. We introduced the institutional background of 

Renrendai and described the experiment procedure to both groups.  

These 60 participants are from a first-year graduate class at PBCSF, Tsinghua University, 

and have consecutive student IDs. To compare loan choices resulting from fast and slow thinking, 

we divided the 60 participants into two groups based on their student IDs: 30 students with odd 

ID numbers were placed into the fast-thinking group, while 30 students with even ID numbers 

were placed into the slow-thinking group.  In the investing stage, participants in the fast-thinking 

group were required to select a loan within 42 seconds (the 25th percentile of the Funding 

Duration in our sample), while participants in the slow-thinking group were required to take a 

minimum of 180 seconds to make deliberate and careful decisions.  

Historically, Renrendai investors on average have five listed loans to choose from. Thus, 

we randomly selected five loans from those listed on November 4, 2013, an arbitrary day in the 

middle of our sample period, from which participants chose one to invest in. The interest rates 

and credit ratings of these five loans differed from each other. To train participants, we provided 

them with loan characteristics, borrower characteristics, and loan performance for 50 loans listed 

from October 4, 2013 to November 3, 2013 (randomly selected from the 194 loans listed on 
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Renrendai in that entire month), the 30-day period prior to the appearance of our five chosen 

loans on the platform. We printed out the screenshots of these 50 loans from Renrendai’s website 

and bound them into a book. All 60 participants were gathered in a classroom and given 30 

minutes to study these 50 loans. In the training stage, participants were asked to think about what 

types of loans deliver higher returns and what types of loans are likely to default. 

Communication with other participants was prohibited. In the investing stage, each participant 

was asked to select one loan from the five offered loans. To avoid interference, the two groups 

make investment decisions in different rooms. 

In Table 8, we record the main characteristics of the selected loans, contrasting fast 

thinking with slow thinking. We show that participants pay more attention to high interest rates 

when thinking fast, as the average interest rate of loans selected by participants in the fast-

thinking group is substantially higher than that of loans chosen by participants in the slow-

thinking group (16.267% vs. 15.067%). In addition, participants in the fast-thinking group 

ignored the higher risk of their selected loans (HR of 0.267 vs. 0.067).7 As a results, fast loans 

have a higher likelihood of default (0.233 vs. 0) and a lower rate of return (14.67% vs. 15.07%). 

The maturities of selected loans are similar for the fast-thinking and the other groups, while the 

amount for fast loans are larger than those of other loans. The experiment results reinforce our 

empirical evidence that fast thinking favors more salient factors (e.g., interest rate) over other 

relevant information (e.g., default risk) when making a decision (see Table 2). 

B.  An experiment on learning 

                                                             
7 Among the five offered loans, 60% involved borrowers with HR ratings. This is largely consistent with the sample 
average fraction of HR-rated borrowers (71.2%). However, experiment participants figured out during the training 
stage that on average, HR-rated loans do not perform well. As a result, many participants avoided investing in these 
risky high-interest loans. 
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We conducted the second experiment, focused on investor learning, in June 2017. Sixty 

undergraduate students from different departments and majors at Tsinghua University 

participated in the experiment. We divide these 60 participants into two groups based on their 

sequence numbers (i.e., 1 through 60) in a class at the PBCSF, placing 30 students with an odd 

number into Group 1 and 30 students with an even number into Group 2. The sequence number 

is their student ID’s rank within the class, from the smallest to largest; where student ID is 

deMaturityined by the on-campus registration time at the beginning of the freshman year. 

Training was conducted in the same way as in the previous experiment, using 50 randomly-

selected loans listed from October 4, 2013 to November 3, 2013.  

Both groups participated in two rounds of investments. In each round, each participant 

selected one loan from five offered loans listed on the same screen, extracted from Renrendai 

loans funded on November 4, 2013. The interest rates and credit ratings of these loans differed 

from each other. All participants observed the performance of all five loans in the first round 

before investing in the second round. Participants in Group 1 were given a survey before 

observing first-round loan performance, which was before the second-round investment. 

Participants in Group 2 were given the survey at the end of the second round, after observing 

first-round loan performance and making their second investments. To avoid interference, 

experiments were conducted separately for Group 1 and Group 2. To improve decision quality, 

participants with above-median performance in each round were entered in a lottery for a gift 

worth ¥50.8 In the survey, we asked all participants the following questions: 

1. Please write down your student ID number. 
2. Which of the following factors do you value most when you make investing decisions?  

A. Interest Rate; B. Maturity; C. Amount; D. Credit Rating; E. Others. 

                                                             
8 We ranked participants by investment performance; for those who had same investment performance, we ranked 
them by decision time.  
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3. Please rate the extent to which you rely on intuition in making lending decisions on a scale of 
1 to 7, where 1 indicates the lowest possible reliance on intuition and 7 indicates the highest 
possible reliance on intuition. 

We used SurveyMonkey to conduct the surveys. Both rounds of investments were also 

done via SurveyMonkey. SurveyMonkey is a mobile app, frequently used for questionnaires, that 

records each participant’s answers and decision time. We include a screenshot of the survey in 

Figure 6 and report the analysis of survey responses in Table 9.  

Consistent with our prediction, we find that participants pay more attention to interest 

rates and less attention to credit ratings when surveyed before observing loan performance than 

after observing loan performance. In Panel A, we show that the percentage of participants who 

select interest rate as the factor they value the most is substantially higher for Group 1 than for 

Group 2 (50.0% vs. 13.3%). On the other hand, the percentage of participants who select credit 

rating as the factor they value most is substantially lower for Group 1 than for Group 2 (23.3% 

vs. 66.7%). Moreover, the importance of intuition decreases significantly after observing loan 

performance (average score of 5.47/7 for Group 1 and 4.07/7 for Group 2). For completeness, we 

also look at the percentages of participants who consider loan maturity, loan amount, or other 

factors as the most important for their decision-making, and we find them to be similar across 

two groups.  

Panel B of Table 9 shows that the average decision time decreases in the second round 

for 60 participants, because the participants are more familiar with the system. Interestingly, if 

the participants received a survey between the two rounds (Group 1), the reduction in their 

decision time is insignificant, while participants in Group 2 made decisions more rapidly in the 

second round. This evidence is consistent with the notion that the survey may lead investors to 

make slower and more prudent investment decisions.  
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Next, we run an OLS regression to examine whether an investor’s behavior and 

preferences change if his or her first-round loan defaults. We show in Panel C of Table 9 that 

after a default, the decision time for the second-round investment increases by 56.4% for all 60 

participants, and by 48.8% for the 30 Group 2 participants who did not receive the survey before 

making the second-round investment. This evidence reinforces our interpretation that the survey 

may prompt investors to think harder before making investment decisions.  

For Group 2 investors, who receive the survey after observing first-round loan 

performance, the fraction of participants who value interest rate most decreases by 40.0% and the 

fraction of participants who value credit rating most increases by 55.5% among those whose 

chosen first-round loans default.9 Moreover, these investors rely on intuition to a lesser extent 

when they make subsequent investment decisions, as evidenced by a decrease of 1.95 (out of 7) 

in the importance of intuition.  

Overall, our experimental results reinforce our empirical findings that investment 

decisions made by individual investors when thinking fast may over-emphasize salient factors 

while ignoring other relevant pieces of information. Such behavioral biases may lead to inferior 

investment outcomes. Participating in surveys or observing loan performance may help investors 

make better decisions. 

 

 

 

 

  

                                                             
9 For this analysis on survey responses, we can only use Group 2 participants, because Group 1 participants 
completed their survey before observing the first-round loan performance.  
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Figure 1. Computer screenshot of a sample Renrendai loan   
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Figure 2. Probability density distribution of fulfillment time  

In this figure, we plot the density of the loan fulfillment time (in seconds) for our sample. To illustrate the 
leftward shift of the distribution (acceleration of the funding process) over time, we plot the data for 
September 1, 2012–December 31, 2012, January 1, 2013–December 31, 2013, and January 1, 2014–
December 31, 2014 separately. 
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Figure 3.  Marginal effect of interest rate on fulfillment time at different quantiles 
 
The horizontal axis is the quantile of Ln(Fulfillment time) from 0.0 to 1.0 continuously. The vertical axis 
is the coefficient estimate of Interest Rate from the quantile regression of Ln(Fulfillment time) on Interest 
Rate and a list of control variables. We include year fixed effects, day-of-week fixed effects and hour-of-
day fixed effects in the regressions. The solid green line is the coefficient estimate of Interest Rate from 
quantile regressions and the grey region is the 95% confidence interval for the coefficient estimate of 
Interest Rate from the quantile regressions. The solid black line represents the coefficient estimate of 
Interest Rate from the OLS regression and the dashed lines around it are the boundaries of the 95% 
confidence interval. 
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Figure 4. Mobile App screenshot of a sample Renrendai loan  
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Figure 5. Timeline of experiment on attention 

A. Timeline of experiment on attention for Group 1 

 

Training                                     First-Round Investment                       Survey                          Observed Performance        Second-Round Investment 

 

  

 

 

 

 

 

B. Timeline of experiment on attention for Group 2 

 

Training                                     First-Round Investment           Observed Performance           Second-Round Investment               Survey 
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Figure 6. A screenshot of survey questions from SurveyMonkey 
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Table 1. Summary Statistics  
Panel A. Summary statistics of the whole sample  

Variable No. of 
Obs.  Mean S.D. p1 p10 p25 p50 p75 p90 p99 

 
Loan characteristics 
Interest Rate (%) 10,385  12.704 2.204 10 10 11 12 13 15 20 
Amount (¥) 10,385  25,371.75 39,667.60 3,000 5,000 8,000 14,000 27,000 50,000 200,000 
Ln(Amount) (¥) 10,385  9.631 0.920 8.006 8.517 8.987 9.547 10.204 10.820 12.206 
Maturity (months) 10,385  10.301 7.076 3 3 6 9 12 18 36 
Fulfillment time (in seconds) 10,385  290.930 1,581.505 4 23 42 80 180 480 2,972 
Ln(Fulfillment time) (in seconds) 10,385  4.542 1.266 1.609 3.178 3.761 4.394 5.198 6.176 7.997 
IRR (%) 10,385  10.816 3.801 0 6.428 8.019 10.774 13.000 15.147 21.973 
IRR – CD Rate (%) 10,385  7.891 3.813 -2.8 3.678 5.073 7.774 10.200 12.199 19.164 
Default 10,385  0.175 0.380 0 0 0 0 0 1 1 

 
Market conditions 
Rm 10,385  0.037 0.068 -0.117 -0.039 -0.004 0.025 0.063 0.137 0.247 
Rf (%) 10,385  2.924 0.355 2.55 2.6 2.75 2.8 3 3 4.25 

 
Borrower characteristics 
HR 10,385  0.712 0.453 0 0 0 1 1 1 1 
Male 10,385  0.873 0.333 0 0 1 1 1 1 1 
Age 10,385  32.889 7.024 23 25 28 32 37 43 52 
Bachelor 10,385  0.298 0.457 0 0 0 0 1 1 1 
MasterOrHigher 10,385  0.023 0.151 0 0 0 0 0 0 1 
Employ(3–5yrs) 10,385  0.220 0.414 0 0 0 0 0 1 1 
Employ(5yrs+) 10,385  0.347 0.476 0 0 0 0 1 1 1 
Income(¥5,000–10,000) 10,385  0.267 0.442 0 0 0 0 1 1 1 
Income(¥10,000–20,000) 10,385  0.140 0.348 0 0 0 0 0 1 1 
Income(¥20,000–50,000) 10,385  0.143 0.350 0 0 0 0 0 1 1 
Income(¥50,000+) 10,385  0.130 0.336 0 0 0 0 0 1 1 
Ln(Income/debt) 10,385  1.233 1.038 0 0 0 1.339 1.929 2.533 3.773 
House 10,385  0.555 0.497 0 0 0 1 1 1 1 
Mortgage 10,385  0.217 0.412 0 0 0 0 0 1 1 
Car 10,385  0.408 0.492 0 0 0 0 1 1 1 
CarLoan 10,385  0.080 0.272 0 0 0 0 0 0 1 



 

30 
 

Table 1. Continued  
Panel B. Characteristics of fast loans vs. other loans 

�  �  Fast 
Loans 

�  �  �  Other 
Loans 

�  �  Fast minus Other Loans 

Variable: No. of 
Obs. Mean Std. Dev. �  

No. of 
Obs. Mean Std. Dev. �  Diff t-stat 

Interest Rate (%) 2,644 13.711 2.880  7,741 12.36 1.760  1.351 28.236*** 
Amount (¥) 2,644 13,872

.66 
13,941.4

6 
 7,741 29,299.36 44,542.87  -15,426.71 -17.517*** 

Ln(Amount) (¥) 2,644 9.276 0.668  7,741 9.752 0.968  -0.476 -23.572*** 
Maturity (months) 2,644 10.568 6.787  7,741 10.209 7.127  0.359 2.253** 
Fulfillment time (in 
seconds) 

2,644 25.707 10.606  7,741 381.519 1,822.987  -355.813 -10.036*** 
Ln(Fulfillment time) (in 
seconds) 

2,644 3.127 0.733  7,741 5.025 1.024  -1.897 -87.865*** 
IRR(%) 2,644 11.666 4.268  7,741 10.525 3.607  1.141 13.439*** 
IRR – CD Rate (%) 2,644 8.718 4.310  7,741 7.609 3.585  1.108 13.007*** 
Default 2,644 0.198 0.360  7,741 0.167 0.352  0.031 3.551*** 
Rm 2,644 0.019 0.051  7,741 0.043 0.088  -0.024 -15.379*** 
Rf (%) 2,644 2.949 0.360  7,741 2.916 0.352  0.033 4.074*** 
HR 2,644 0.787 0.411  7,741 0.686 0.440  0.101 10.03*** 
Male 2,644 0.882 0.309  7,741 0.869 0.352  0.013 1.745* 
Age (in years) 2,644 31.313 6.119  7,741 33.427 7.215  -2.114 13.479*** 
Bachelor 2,644 0.291 0.463  7,741 0.301 0.440  -0.01 0.96 
MasterOrHigher 2,644 0.022 0.154  7,741 0.024 0.176  -0.002 0.689 
Employ(3–5yrs) 2,644 0.208 0.411  7,741 0.224 0.440  -0.016 1.686* 
Employ(5yrs+) 2,644 0.304 0.463  7,741 0.361 0.440  -0.057 5.275*** 
Income(¥5,000–10,000) 2,644 0.31 0.309  7,741 0.253 0.352  0.057 5.749*** 
Income(¥10,000–20,000) 2,644 0.127 0.309  7,741 0.145 0.352  -0.018 2.234** 
Income(¥20,000–50,000) 2,644 0.095 0.257  7,741 0.16 0.352  -0.065 8.268*** 
Income(¥50,000+) 2,644 0.061 0.206  7,741 0.153 0.264  -0.092 12.327*** 
Ln(Income/Debt) 2,644 1.163 1.080  7,741 1.257 1.056  -0.094 4.026*** 
House 2,644 0.476 0.514  7,741 0.582 0.528  -0.106 9.503*** 
Mortgage 2,644 0.205 0.411  7,741 0.221 0.440  -0.016 1.659* 
Car 2,644 0.292 0.463  7,741 0.448 0.528  -0.156 14.252*** 
CarLoan 2,644 0.056 0.206 �  7,741 0.089 0.264 �  -0.033 5.274*** 
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Table 2. Fulfillment Time vs. Interest Rate and HR: OLS and Quantile Regressions 
 
This table presents the results of the OLS regression and quantile regressions of Ln(Fulfillment time) on 
Interest Rate and a list of control variables: 

!"($%&'(&&)*"+	+()*).
/ = 1/ + 3/ ∗ 5"+*6*7+	89+*.

/ + :/ ∗ ;<"+6<&.
/ + =.

/  
          3>/ = 96?)("

@
A∑ C.∈{.:GHIJH

K@} |N. − P.
Q3| + ∑ (1 − C).∈{.:GHSJH

K@} |N. − P.
Q3|T , 	C ∈ (0,1)	   

where !"($%&'(&&)*"+	+()*)./  represents the τ quantile of !"($%"X("?	Y%69+(<"). Quantiles τ for 
quantile regressions include the 10th, 25th, 75th, and 90th percentiles. Ln(Fulfillment time) is defined as the 
natural log of one plus the time interval between the beginning and the ending time of a loan’s funding 
process. Control variables include Ln(amount), Maturity, Rm, Rf, HR, Male, Age, Bachelor, 
MasterOrHigher, Employ(3-5yrs), Employ(5yrs+), Income(¥5,000-10,000), Income(¥10,000-20,000), 
Income(¥20,000-50,000), Income(¥50,000+), Ln(Income/debt), House, Mortgage, Car, CarLoan, and 
Verification Dummies. Verifications are conducted on the credit report, ID, employment, income, home 
deed, car title, marriage certificate, education diploma, mobile phone, Weibo account, address, and video 
interview. All continuous variables are winsorized at the 1st and 99th percentiles in the OLS regression. ***, 
**, and * indicate significance at the 1%, 5%, and 10% levels, respectively. Numbers in parentheses are the 
t-statistics. 
 

Dependent variable: Ln(Fulfillment time) 
 

OLS Regression 
Quantile Regression 

 10th 
Quantile 

25th 
Quantile 

75th 
Quantile 

90th 
Quantile 

 (1) (2) (3) (4) (5) 
Interest Rate -0.206*** -0.227*** -0.201*** -0.172*** -0.157*** 
 (-19.352) (-23.475) (-40.775) (-29.769) (-17.208) 
Ln(Amount) -1.384*** -0.268 -0.880*** -1.808*** -2.071*** 
 (-8.105) (-0.836) (-5.387) (-9.401) (-6.848) 
Ln(Amount) Squared 0.100*** 0.040** 0.070*** 0.120*** 0.131*** 
 (11.042) (2.440) (8.270) (12.027) (8.373) 
Maturity 0.023*** 0.026** 0.018*** 0.020*** 0.026** 
 (3.122) (2.099) (2.935) (2.675) (2.276) 
Rm 0.069 -0.187 0.091 0.109 0.187 
 (0.036) (-0.167) (0.159) (0.163) (0.177) 
Rf -0.093 -0.195 -0.042 -0.079 -0.108 
 (-0.670) (-0.846) (-0.362) (-0.570) (-0.499) 
HR -0.036 -0.034 0.026 -0.014 -0.068 
 (-1.310) (-0.639) (0.960) (-0.450) (-1.376) 
Male -0.002 0.002 0.020 0.028 -0.033 
 (-0.094) (0.030) (0.749) (0.864) (-0.660) 
Age -0.000 -0.000 0.002 -0.001 -0.000 

 (-0.117) (-0.129) (1.190) (-0.783) (-0.144) 
Bachelor -0.032 -0.059 -0.022 -0.021 -0.041 
 (-1.626) (-1.434) (-1.032) (-0.871) (-1.069) 
MasterOrHigher -0.130*** -0.043 -0.064 -0.155** -0.201* 
 (-3.125) (-0.360) (-1.052) (-2.172) (-1.790) 
Employ(3–5yrs) -0.022 0.024 -0.006 -0.025 -0.077* 
 (-1.057) (0.506) (-0.260) (-0.880) (-1.732) 
Employ(5yrs+) -0.000 0.035 -0.014 0.021 -0.014 
 (-0.005) (0.772) (-0.581) (0.764) (-0.317) 
Income(¥5,000–10,000) -0.131** -0.214* -0.184*** -0.060 0.088 
 (-2.123) (-1.861) (-3.143) (-0.864) (0.810) 
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Income(¥10,000–20,000) -0.118 -0.267* -0.206*** -0.000 0.217 
 (-1.452) (-1.812) (-2.742) (-0.004) (1.567) 
Income(¥20,000–50,000) -0.156 -0.357** -0.230** -0.031 0.175 
 (-1.625) (-1.999) (-2.529) (-0.290) (1.037) 
Income(¥50,000+) -0.211* -0.420* -0.296*** -0.037 0.230 
 (-1.815) (-1.884) (-2.607) (-0.273) (1.093) 
Ln(Income/debt) 0.051 0.117* 0.079** 0.020 -0.060 
 (1.500) (1.873) (2.485) (0.542) (-1.019) 
House -0.061*** -0.066 -0.043* -0.058** -0.071 

 (-2.769) (-1.406) (-1.788) (-2.075) (-1.603) 
Mortgage -0.023 -0.021 0.006 -0.004 -0.045 

 (-0.998) (-0.420) (0.246) (-0.138) (-0.961) 
Car -0.003 -0.046 -0.007 0.009 0.001 

 (-0.107) (-0.876) (-0.271) (0.292) (0.027) 
CarLoan 0.027 0.087 0.068* 0.029 0.016 

 (0.820) (1.241) (1.893) (0.691) (0.240) 
Constant 14.035*** 8.287*** 10.912*** 16.398*** 18.339*** 

 (14.984) (4.760) (12.304) (15.710) (11.173) 
      
Verification Fixed Effects YES YES YES YES YES 
Week Fixed Effects YES YES YES YES YES 
Day-of-week Fixed Effects YES YES YES YES YES 
Hour-of-Day Fixed Effects YES YES YES YES YES 
No. of Obs. 10,385 10,385 10,385 10,385 10,385 
Adjusted/Pseudo- R2 0.582 0.355 0.352 0.426 0.454 
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Table 3. Loan Performance 
 
This table presents a series of regressions; the dependent variable is defined as (IRR – CD Rate), where CD 
Rate is the rate for a bank deposit made in the same month as the loan and with the same time to maturity. We 
run the regression as follows: 
(588	– 	;Y	89+*). = 1 + 3[ ∗ 5"+*6*7+	89+*. + 3\ ∗ ]8( + 3^ ∗ 5"+*6*7+	89+*. × ]8( + : ∗ ;<"+6<&. + =.. 
Column 1 includes loan characteristics; Column 2 adds the stock market return over the previous 20 trading 
days; Column 3 adds borrower characteristics; and Column 4 includes verification fixed effects. We use the 
Cox proportional hazards model, where the survival time is the time period from the loan gets funded to the 
time when the loan defaults or gets repaid. All specifications include week fixed effects, day-of-week fixed 
effects, and hour-of-day fixed effects to control for potential trends in the funding time for loans listed on 
Renrendai. All continuous variables are winsorized at the 1st and 99th percentiles. ***, **, and * indicate 
significance at the 1%, 5%, and 10% levels, respectively. Numbers in parentheses are the t-statistics. Standard 
errors are clustered by week. 
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Table 3. Continued 
Dependent variable: IRR – CD Rate 
 (1) (2) (3) (4) 
Interest Rate 0.773*** 0.773*** 0.814*** 0.820*** 

 (30.163) (30.163) (32.873) (33.182) 
Ln(Amount) -0.198*** -0.198*** -0.550*** -0.567*** 

 (-6.879) (-6.878) (-9.310) (-9.391) 
Maturity -0.115*** -0.115*** -0.090*** -0.089*** 
 (-22.660) (-22.659) (-18.600) (-18.237) 
Rm  -0.728 -0.952 -1.048 

  (-0.558) (-0.737) (-0.817) 
HR   -1.091*** -1.056*** 

   (-19.046) (-15.578) 
Male   -0.172*** -0.157** 

   (-2.659) (-2.428) 
Age   -0.017*** -0.015*** 

   (-3.994) (-3.659) 
Bachelor   0.357*** 0.353*** 

   (7.170) (7.199) 
MasterOrHigher   0.758*** 0.779*** 

   (5.030) (5.228) 
Employ(3–5yrs)   0.081 0.082 

   (1.306) (1.317) 
Employ(5yrs+)   0.097 0.110 

   (1.332) (1.486) 
Income(¥5,000–10,000)   0.634*** 0.673*** 

   (4.506) (4.906) 
Income(¥10,000–20,000)   0.896*** 0.942*** 

   (5.179) (5.487) 
Income(¥20,000–50,000)   1.189*** 1.219*** 

   (5.547) (5.752) 
Income(¥50,000+)   1.447*** 1.495*** 

   (5.088) (5.298) 
Ln(Income/debt)   -0.444*** -0.463*** 

   (-5.239) (-5.541) 
House   -0.102 -0.069 

   (-1.569) (-1.022) 
Mortgage   0.311*** 0.333*** 

   (4.072) (4.319) 
Car   0.163*** 0.194*** 

   (2.753) (2.634) 
CarLoan   -0.065 -0.057 

   (-0.625) (-0.553) 
Constant 4.312*** 4.275*** 7.049*** 7.356*** 

 (4.844) (4.779) (7.051) (7.296) 
     
Verification Fixed Effects NO NO NO YES 
Week Fixed Effects YES YES YES YES 
Day-of-week Fixed Effects YES YES YES YES 
Hour-of-day Fixed Effects YES YES YES YES 
     
No. of Obs. 10,385 10,385 10,385 10,385 
R-squared 0.578 0.578 0.599 0.602 
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Table 4. Performance of HR vs. Non-HR Loans  

This table compares the investment performance of investment to high-risk loans with that to non-HR 
borrowers, fixed the interest rate of the loan. In each week, we sort loans into ten deciles based on their 
interest rate. Within each decile and each week, we calculated the weighted average IRR – CD Rate of 
investment to HR loans and non-HR loans, using bidding amount as the weight. We then compare the 
difference between them for each decile. Standard errors are clustered by week. IRR – CD Rate is 
winsorized at the 1st and 99th percentiles. 
 
Sample  IRR – CD Rate(%) of HR Loans IRR – CD Rate(%) of Non-HR loans Diff t-stat 
Full Sample 8.219 9.340 -1.121 -6.32*** 
Decile 1 (high) 10.751 11.877 -1.133 -4.15*** 
2 8.896 10.435 -1.549 -8.44*** 
3 8.373 9.692 -1.315 -6.64*** 
4 8.008 9.472 -1.402 -5.79*** 
5 7.963 9.338 -1.369 -5.32*** 
6 7.844 9.073 -1.240 -5.44*** 
7 8.003 8.860 -0.857 -5.06*** 
8 8.012 8.660 -0.678 -4.71*** 
9 7.664 8.354 -0.632 -4.42*** 
Decile 10 (low) 7.307 7.790 -0.485 -3.42*** 
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Table 5. Loan Default 
 
This table presents a series of regressions; the dependent variable is Default. We run the regression as follows: 

Y*'9%&+. = 1 + 3[ ∗ 5"+*6*7+	89+*. + 3\ ∗ ]8( + 3^ ∗ 5"+*6*7+	89+*. × ]8( + : ∗ ;<"+6<&. + =.. 
Column 1 includes loan characteristics; Column 2 adds the stock market return over the previous 20 trading 
days; Column 3 adds borrower characteristics; and Column 4 includes verification fixed effects. We use the 
Cox proportional hazards model, where the survival time is the time period from the loan gets funded to the 
time when the loan defaults or gets repaid. All specifications include week fixed effects, day-of-week fixed 
effects, and hour-of-day fixed effects to control for potential trends in the funding time for loans listed on 
Renrendai. All continuous variables are winsorized at the 1st and 99th percentiles. ***, **, and * indicate 
significance at the 1%, 5%, and 10% levels, respectively. Numbers in parentheses are the t-statistics. Standard 
errors are clustered by week. 
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Table 5. Continued 
Dependent variable: Default 
 (1) (2) (3) (4) 
Interest Rate 0.147*** 0.147*** 0.130*** 0.127*** 

 (8.954) (8.958) (7.572) (7.392) 
Ln(Amount) 0.106*** 0.105*** 0.062 0.094 

 (2.993) (2.980) (0.879) (1.282) 
Maturity 0.052*** 0.052*** 0.051*** 0.050*** 
 (18.940) (18.952) (14.807) (13.733) 
Rm  1.833 3.513** 3.676** 

  (1.337) (2.229) (2.308) 
HR   2.011*** 2.010*** 

   (8.181) (8.923) 
Male   0.213** 0.195** 

   (2.423) (2.249) 
Age   0.024*** 0.021*** 

   (5.265) (4.640) 
Bachelor   -0.585*** -0.531*** 

   (-9.944) (-9.017) 
MasterOrHigher   -1.199*** -1.089*** 

   (-4.271) (-4.016) 
Employ(3–5yrs)   -0.041 -0.077 

   (-0.660) (-1.217) 
Employ(5yrs+)   -0.154** -0.187*** 

   (-2.375) (-2.801) 
Income(¥5,000–10,000)   0.398** 0.392** 

   (2.383) (2.347) 
Income(¥10,000–20,000)   0.510*** 0.514** 

   (2.592) (2.498) 
Income(¥20,000–50,000)   0.835*** 0.873*** 

   (3.139) (3.199) 
Income(¥50,000+)   1.038*** 1.057*** 

   (3.116) (3.070) 
Ln(Income/debt)   -0.111 -0.108 

   (-1.248) (-1.214) 
House   0.107* 0.108* 

   (1.684) (1.702) 
Mortgage   -0.438*** -0.432*** 

   (-6.215) (-5.883) 
Car   -0.237*** -0.306*** 

   (-3.366) (-3.412) 
CarLoan   0.100 0.087 

   (0.849) (0.763) 
     
Verification Fixed Effects NO NO NO YES 
Week Fixed Effects YES YES YES YES 
Day-of-week Fixed Effects YES YES YES YES 
Hour-of-day Fixed Effects YES YES YES YES 
No. of Obs. 10,385 10,385 10,385 10,385 
Wald chi2 3.65e8 1.05e8 2.78e8 5.39e9 
Prob > chi2 0.000 0.000 0.000 0.000 
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Table 5.Probit 

Dependent variable: Default 
 (1) (2) (3) (4) 
Interest Rate 0.030*** 0.030*** 0.032*** 0.033*** 

 (2.839) (2.840) (2.908) (2.849) 
Ln(Amount) 0.073*** 0.073*** -0.027 -0.025 

 (3.324) (3.309) (-0.572) (-0.524) 
Maturity -0.030*** -0.030*** -0.026*** -0.027*** 
 (-5.613) (-5.614) (-4.375) (-4.454) 
Rm  0.463 1.280 1.336 

  (0.272) (0.684) (0.713) 
HR   1.585*** 1.526*** 

   (11.025) (10.992) 
Male   0.218*** 0.225*** 

   (3.695) (3.762) 
Age   0.011*** 0.009*** 

   (3.427) (2.780) 
Bachelor   -0.396*** -0.384*** 

   (-8.867) (-8.795) 
MasterOrHigher   -0.638*** -0.632*** 

   (-3.578) (-3.548) 
Employ(3–5yrs)   -0.077 -0.090* 

   (-1.568) (-1.848) 
Employ(5yrs+)   -0.120*** -0.132*** 

   (-2.607) (-2.809) 
Income(¥5,000–10,000)   0.456*** 0.462*** 

   (3.939) (3.906) 
Income(¥10,000–20,000)   0.592*** 0.613*** 

   (4.337) (4.326) 
Income(¥20,000–50,000)   0.763*** 0.794*** 

   (4.392) (4.515) 
Income(¥50,000+)   1.031*** 1.045*** 

   (4.698) (4.684) 
Ln(Income/debt)   -0.199*** -0.199*** 

   (-3.353) (-3.327) 
House   0.081 0.075 

   (1.600) (1.483) 
Mortgage   -0.243*** -0.223*** 

   (-4.352) (-3.873) 
Car   -0.155*** -0.170*** 

   (-3.233) (-2.881) 
CarLoan   0.167** 0.160** 

   (2.298) (2.164) 
Constant -2.879*** -2.853*** -3.023*** -2.847*** 
 (-5.679) (-5.439) (-6.595) (-6.267) 
Verification Fixed Effects NO NO NO YES 
Week Fixed Effects YES YES YES YES 
Day-of-week Fixed Effects YES YES YES YES 
Hour-of-day Fixed Effects YES YES YES YES 
No. of Obs. 23,733 23,733 23,733 23,666 
Pseudo R2 0.053 0.053 0.147 0.155 
 



 

39 
 

Table 6. Experienced vs. Inexperienced Investors  
 
This table examines whether investors learn from their lending experience on Renrendai. In Panel A, we report the summary statistics of main 
variables. Panels B through D report the results of regression analyses using the cumulative number of loans an investor has invested on Renrendai, 
the cumulative dollar amount of loans, and the number of weeks since the investor’s first investment on Renrendai.  For each week in which an 
investor lends on Renrendai, we calculated the value-weighted average jump in time, interest rate, the proportion of high-risk loans, and loan returns 
for the investor, while the weight is the dollar amount of the loan. We include a quadratic term for experience to capture non-linearity in learning. 
In all regressions, we include investors fixed effects to control for investor heterogeneity and week fixed effects to control for time trend. All 
continuous variables are winsorized at the 1st and 99th percentiles. ***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively. Numbers 
in parentheses are the t-statistics. Standard errors are clustered by week. 

Panel A. Summary Statistics 
Variable: No. of Obs. Mean S.D. p1 p10 p25 p50 p75 p90 p99 
Accubids 114,975 50.338 106.559 1 1 3 11 43 141 629 
AccuBidSquared 114,975 13,888.50 60,954.23 1 1 9 121 1,849 19,881 395,641 
AccuBidAmount (¥) 114,975 51,999.23 179,294.4 100 400 1,450 6,500 27,050 103,550 995,250 
AccuBidAmountSquared 114,975 3.49e10 2.66e11 10,000 160,000 2,102,500 4.23e7 7.32e8 1.07e10 9.91e11 
WeeksFromFirstBid 114,975 31.411 34.827 0 0 3 20 49 80 143 
WeeksFromFirstBidSquared 114,975 2,199.597 4,125.692 0 0 9 400 2,401 6,400 20,449 
JumpInTime (in seconds) 114,975 635.452 2,771.293 9 21 38.087 93 300 1,055 12,451.3 
Interest Rate (%) 114,975 12.703 1.542 10 11 11.978 13 13 15 18 
HR 114,975 0.524 0.462 0 0 0 0.6 1 1 1 
IRR-CD rate (%) 114,975 8.647 3.211 -0.460 4.556 7.913 9.181 10.200 11.573 15.200 
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Table 6. Continued 
 
Panel B. Experience measured by the cumulative number of loans invested 
Dependent variable: JumpInTime JumpInTime Interest Rate Interest Rate HR HR IRR-CD rate IRR-CD rate 
AccuBids 1.080*** 0.980 0.001*** 0.004*** -6.46e-5 3.98e-5 0.001 0.002** 
 (3.555) (1.640) (6.116) (13.688) (-1.230) (0.385) (1.518) (2.215) 
AccuBidSquared  1.49e-4  -4.93e-6***  -1.56e-7  -1.46e-6* 
  (0.194)  (-12.282)  (-1.174)  (-1.676) 
Constant 984.354*** 985.376*** 13.288*** 13.254*** 0.271*** 0.270*** 10.138*** 10.128*** 

 (13.882) (13.858) (357.167) (355.584) (22.121) (21.974) (125.275) (124.809) 
No. of Obs. 114,975 114,975 114,975 114,975 114,975 114,975 114,975 114,975 
R-squared 0.435 0.435 0.497 0.498 0.391 0.391 0.451 0.452 
Bidder fixed effects Yes Yes Yes Yes Yes Yes Yes Yes 
Week fixed effects Yes Yes Yes Yes Yes Yes Yes Yes 
 
Panel C. Experience measured by the cumulative amount of loans invested  
Dependent variable: JumpInTime JumpInTime Interest Rate Interest Rate HR HR IRR-CD rate IRR-CD rate 
AccuBidamount -1.65e-4*** -4.82e-4*** 9.85e-7*** 2.77e-6*** 7.85e-9 3.57e-8* 7.42e-7*** 1.66e-6*** 
 (-4.166) (-4.513) (41.647) (43.550) (1.136) (1.909) (15.780) (13.061) 
AccuBidamountSquared  2.29e-10***  -1.29e-12***  -2.01e-14  -6.63e-13*** 
  (3.197)  (-30.220)  (-1.602)  (-7.770) 
Constant 1,464.972*** 1,477.071*** 13.091*** 13.023*** 0.250*** 0.249*** 9.997*** 9.962*** 

 (24.060) (24.213) (359.401) (358.256) (23.500) (23.356) (138.002) (137.290) 
No. of Obs. 114,975 114,975 114,975 114,975 114,975 114,975 114,975 114,975 
R-squared 0.257 0.258 0.141 0.148 0.183 0.183 0.217 0.218 
Bidder fixed effects Yes Yes Yes Yes Yes Yes Yes Yes 
Week fixed effects Yes Yes Yes Yes Yes Yes Yes Yes 
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Panel D. Experience measured by the number of weeks since first investing on Renrendai 
Dependent variable: JumpInTime JumpInTime Interest Rate Interest Rate HR HR IRR-CD rate IRR-CD rate 
WeeksFromFirstBid 5.263 2.600 0.007*** 0.004** -0.002** -0.001* 0.001 6.26e-5 
 (1.292) (0.631) (3.196) (2.051) (-2.185) (-1.905) (0.115) (0.013) 
WeeksFromFirstBidSquared  -0.029***  -2.63e-5***  1.99e-6*  -5.19e-6 
  (-4.231)  (-7.257)  (1.663)  (-0.657) 
Constant 1,184.414*** 889.262*** 13.549*** 13.284*** 0.212*** 0.232*** 10.157*** 10.104*** 

 (6.817) (4.750) (148.630) (135.262) (7.044) (7.157) (51.225) (47.291) 
No. of Obs. 114,975 114,975 114,975 114,975 114,975 114,975 114,975 114,975 
R-squared 0.435 0.435 0.497 0.497 0.391 0.391 0.451 0.451 
Bidder fixed effects Yes Yes Yes Yes Yes Yes Yes Yes 
Week fixed effects Yes Yes Yes Yes Yes Yes Yes Yes 
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Table 7. Introduction of Mobile Apps 
 
This table examines whether mobile app users are more likely to select loans with higher interest rates 
and HR borrowers, given the prominent location of the interest rate and the lack of credit rating 
information on the mobile app. For each loan, MobileProportion is the fraction of investments via the 
mobile app. For this analysis, we use an extended sample period from Sept. 2012 to March 2016 because 
we do not need information on loan performance. We include week fixed effects, day-of-week fixed effects, 
and hour-of-day fixed effects to control for potential trends in the funding time for loans listed on Renrendai. 
All continuous variables are winsorized at the 1st and 99th percentiles. ***, **, and * indicate significance at the 
1%, 5%, and 10% levels, respectively. Numbers in parentheses are the t-statistics. Standard errors are 
clustered by week. 
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Table 7. Continued 
 MobileProportion 
Interest Rate 0.680*** 
 (3.307) 
Ln(Amount) -1.465*** 

 (-4.595) 
Maturity 0.194* 
 (1.892) 
Rm -6.516 
 (-0.936) 
Rf -1.609 
 (-0.928) 
HR 0.411 
 (1.420) 
Age -0.027 
 (-1.290) 
Bachelor 0.569*** 
 (2.707) 
MasterOrHigher 0.522 
 (0.959) 
Employ(3–5yrs) 0.008 

 (0.027) 
Employ(5yrs+) -0.042 

 (-0.185) 
Income(¥5,000–10,000) 0.660 

 (1.437) 
Income(¥10,000–20,000) 0.953 

 (1.409) 
Income(¥20,000–50,000) 1.309** 

 (1.994) 
Income(¥50,000+) 2.972*** 

 (3.551) 
Ln(Income/Debt) -0.259 
 (-1.137) 
House 0.040 
 (0.129) 
Mortgage -0.723*** 
 (-2.890) 
Car -0.305 
 (-0.967) 
CarLoan -0.082 
 (-0.220) 
Constant 95.183*** 

 (8.522) 
  

Verification Fixed Effects YES 
Week Fixed Effects YES 
Day-of-Week Fixed Effects YES 
Hour-of-Day Fixed Effects YES 
  
No. of Obs. 16,533 
R-squared 0.875 
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Table 8. Experiment on attention 
 
To complement our analyses of Renrendai, we design an experiment to examine whether investors pay 
more attention to high interest rates when thinking fast. The experiment was conducted in January 2017 at 
PBCSF, Tsinghua University. To compare loan choices resulting from fast and slow thinking, we divide 
60 participants randomly into two groups of 30. All participants are involved in (1) training, or learning 
about the relationship between loan/borrower characteristics and loan performance; and (2) investing, or 
selecting one from five offered loans to invest in. The training stage is identical for all participants: they 
study the same materials for 30 minutes. The groups differ only in the investing stage: participants in the 
fast-thinking group had to select a loan within 42 seconds, while participants in the slow-thinking group 
were required to take a minimum of 180 seconds to select a loan. Panel A reports the summary statistics 
of the five loans. Panel B records the characteristics of the selected loans, the HR status of the borrower, 
and the default status and IRR of the loan, contrasting fast thinking with slow thinking groups. ***, **, and * 
indicate significance at the 1%, 5%, and 10% levels, respectively.  
 

Panel A. Summary statistics of the five loans  

Variable N Mean Std. Dev. Min p25 p75 Max 
Interest Rate (%) 5 16.8 2.168 15 15 18 20 
Amount (¥) 5 12,400 7,503.333 5,000 10,000 12,000 25,000 
Maturity (Months) 5 15 9 3 12 24 24 
IRR(%) 5 15.40 1.820 12.99 15 16 18 
Default 5 0.2 0.447 0 0 0 1 
HR 5 0.6 0.548 0 0 1 1 
Age (in years) 5 32 3.536 28 29 35 36 
Bachelor 5 0.8 0.447 0 1 1 1 
MasterOrHigher 5 0 0 0 0 0 0 
Employ(3-5yrs) 5 0.4 0.548 0 0 1 1 
Employ(5yrs+) 5 0.2 0.447 0 0 0 1 
Income(¥5,000-10,000) 5 0 0 0 0 0 0 
Income(¥10,000-20,000) 5 0 0 0 0 0 0 
Income(¥20,000-50,000) 5 0 0 0 0 0 0 
Income(¥50,000+) 5 0 0 0 0 0 0 
House 5 0 0 0 0 0 0 
Mortgage 5 0 0 0 0 0 0 
Car 5 0.2 0.447 0 0 0 1 
CarLoan 5 0 0 0 0 0 0 
 

Panel B. Characteristics of loans selected by fast and slow investors 

 Fast thinking  Slow thinking  Fast minus Slow 
 N Mean Std. Dev.  N Mean Std. Dev.  Diff t-stat 
Interest rate (%) 
( (%)(%) (%) 

30 16.26
7 

2.164  30 15.067 0.252  1.2 3.016*** 
Maturity (Months) 30 14.9 9.273  30 14.1 10.308  0.8 0.316 
Amount (¥) 30 9,000 3,805.62  30 7,700 2,415.60  1,300 1.573* 
HR 30 0.267 0.449  30 0.067 0.252  0.2 2.121** 
Default 30 0.233 0.430  30 0 0  0.233 2.971*** 
IRR (%) 30 14.63 1.067  30 15.07 0.254  -0.433 2.166** 
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Table 9. Experiment on learning 
This experiment, conducted in June 2017 at PBCSF, Tsinghua University, tests which information 
investors pay attention to when making investment decisions, as well as whether investors pay more 
attention to risk after experiencing a default. We randomly divide 60 participants into two groups of 30. 
All participants are involved in (1) training, or learning about the relationship between loan/borrower 
characteristics and loan performance; and (2) two successive rounds of investing, or selecting one from 
five offered loans. After the first-round investment, Group 1 participants received a survey before finding 
out the first-round loan performance, and before making a second investment. Group 2 participants found 
out the first-round loan performance, made a second investment, and then received a survey. Panel A 
reports the factors to which investors pay most attention, based on the survey results. Intuition scores 
range from 1 to 7, where 1 indicates the lowest possible reliance on intuition and 7 indicates the highest 
possible reliance on intuition. Panel B reports the average decision times for each round, contrasting the 
two groups of investors. Panel C shows the effect of experiencing a loan default on investor attention 
based on survey results. ***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively. 

Panel A. Percentage of participants citing various factors as the most important for investment decisions, 

and role of intuition in investment decisions 

�  Group 1�  �  Group 2�  �  Group 1 minus Group 2 
Variable: N Mean Std. Dev. �  N Mean Std. Dev. �  Diff t-stat 
Interest Rate 30 50.00% 50.83%  30 13.33% 34.56%  36.67% 3.266*** 
Credit Rating 30 23.30% 43.00%  30 66.70% 47.93%  -43.33% -3.685*** 
Maturity 30 16.70% 37.90%  30 10.00% 30.51%  -6.67% 0.75 
Amount 30 6.70% 25.36%  30 10.00% 30.51%  -3.33% -0.46 
Others 30 3.33% 18.24%  30 0.00% 0.00%  3.33% 1.000 
Intuition Score 30 5.47 1.430  30 4.07 1.616  1.4 3.55*** 
 
Panel B. The impact of default on participants’ investing styles based on survey results 

 Group 2 
Dependent Ln(Decision Time) Interest Rate Credit Rating Intuition Score 
variable: (1) (2) (3) (4) 
Default 0.488*** -0.400*** 0.550*** -1.950*** 
 (3.006) (-3.528) (3.485) (-3.503) 
Constant 4.100*** 0.400*** 0.300** 5.700*** 
 (30.957) (4.320) (2.328) (12.540) 
No. of Obs. 30 30 30 30 
R-squared 0.244 0.308 0.302 0.305 
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Appendix. Variable definitions 
Panel A. Loan characteristics, borrower characteristics, and market conditions 
Variable Definition 

Interest Rate (%) The interest rate of the loan. 

Ln(Amount) (¥) The natural log of the loan amount.  

Maturity (in months) 
The Maturity of the loan. At Renrendai, a borrower can choose the Maturity of a loan from 
eight alternatives: 3 months, 6 months, 9 months, 12 months, 15 months, 18 months, 24 
months, and 36 months.  

Fulfillment time  

(in seconds) 
The time interval between the beginning and ending time of a loan’s funding process. 

IRR (%) 

We calculate the Internal rate of return (IRR) for each loan using the following formula: 

0 = −$%&'() ++,-./0%-()	2/3ℎ	56&7
(1 + :,,)<

=

<>?
 

Default 

Takes a value of 1 if the loan defaults; 0 otherwise. Both overdue loans and advanced loans 
are classified as default loans. Overdue loans are loans that have been overdue for less than 
30 days; advanced loans are loans that have been overdue for more than 30 days, which 
Renrendai has repaid to the borrowers. 

Rm The rate of return in the A-share market in China over the past 20 trading days. 

Rf (%) The annualized rate of return of time deposits with the same Maturity as the loan. 

HR Take a value of 1 if the borrower’s credit rating is HR (High Risk); 0 otherwise. 

Male Takes a value of 1 if the borrower is male; 0 otherwise. 

Age (in years) Age of the borrower. 

Bachelor Takes a value of 1 if the borrower’s highest degree is a bachelor’s degree; 0 otherwise. 

MasterOrHigher Takes a value of 1 if the borrower’s highest degree is a master’s degree or higher; 0 
otherwise. 

Employ(3–5yrs) Takes a value of 1 if the borrower has work experience of 3 to 5 years; 0 otherwise. 

Employ(5yrs+) Takes a value of 1 if the borrower has work experience of more than 5 years; 0 otherwise. 

Income(¥5,000–
10,000) 

Takes a value of 1 if the borrower’s monthly income is between ¥5,000 and 10,000; 0 
otherwise. 

Income(¥10,000–
20,000) 

Takes a value of 1 if the borrower’s monthly income is between ¥10,000 and 20,000; 0 
otherwise. 

Income(¥20,000–
50,000) 

Takes a value of 1 if the borrower’s monthly income is between ¥20,000 and 50,000; 0 
otherwise. 

Income(¥50,000+) Takes a value of 1 if the borrower’s monthly income is above ¥50,000; 0 otherwise. 
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Ln(Income/debt) 
Natural log of the ratio of monthly income to monthly repayment amount. We use the lower 
limit of the income range as the borrower’s monthly income. The monthly repayment 
amount is calculated the amortized principal, interest, and fee.  

House Takes a value of 1 if the borrower owns a house; 0 otherwise. 

Mortgage Takes a value of 1 if the borrower has an unpaid mortgage; 0 otherwise. 

Car Takes a value of 1 if the borrower owns a car; 0 otherwise. 

CarLoan Takes a value of 1 if the borrower has an unpaid car loan; 0 otherwise. 

 
Panel B. Investor characteristics 
Variable Definition 

Bidt Takes a value of 1 if the investor invests in month t; 0 otherwise. 

Ln(Fulfillment time)t  

(in seconds) 
The average of the natural log of one plus the time interval between the beginning 
and ending time of a loan’s funding process in month t.  

ProportionFastBidst (%) The proportion of fast loans among all loans made by an investor in month t. 

AccuBidst The cumulative number of loans made by an investor on Renrendai. 

AccuBidsSquaredt The square of the cumulative number of loans made by an investor on Renrendai. 

AccuBidAmountt   

(in months) 
The cumulative dollar amount of loans made by an investor on Renrendai.  

AccuBidAmountSquaredt   

 (in months) 
The square of the cumulative dollar amount of loans made by an investor on 
Renrendai. 

WeeksFromFirstBidt   

(in months) 
The number of weeks since an investor began investing on Renrendai. 

WeeksFromFirstBidSquaredt   

(in months) 
The square of the number of weeks since an investor began investing on Renrendai. 

 

 


