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Abstract

This paper studies a new business model on the Internet. Prosper.com, the first peer-

to-peer lending website in the US, matches individual lenders and borrowers for unsecured

consumer loans. Since its inception in February 2006, Prosper has attracted over 500,000

members and has originated loans of over $100 millions. How do individual borrowers and

lenders behave in this new marketplace? On what ground can Prosper survive the competi-

tion with traditional banks? Is Prosper positioned to replace the traditional lending market

or serve a market that the banks have missed? We attempt to address these questions using

the full transaction history since the birth of Prosper.com.

Compared to the traditional market, Prosper decreases operation and search costs, but

may face information costs associated with anonymous online interaction. To overcome the

information problem, Prosper has implemented a number of policies over the past two years.

Our primary goal is to document the dynamics on both sides of the Prosper market, while

accounting for changing Prosper policies and the macro environment.

We have several findings. On the borrower side, we find that the overall observable risks

have worsened over time for the pool of listings. While part of this change is driven by the

macro environment, Prosper policies are effective in countering this trend, especially for the

sub-prime credit grades. On the lender side, we find that the risk perception that lenders

apply to key borrower attributes is by and large consistent with how these attributes correlate

with the loan’s ex-post performance, but there are significant exceptions. Over time, lenders

exhibit significant selection and learning. This learning includes better understanding of the

risk of low credit grades and group member loans.

Overall, we conclude that Prosper is evolving from a comprehensive market toward a

market that primarily serves borrowers who have access to traditional credit. Using the

estimated relationship between loan attributes and loan performance, we estimate the rate

of return that a fully rational lender could expect if he can perfectly predict the probabilistic

distribution of loan performance conditional on these attributes. If Prosper loans continue to

perform according to what we have predicted from their existing performance, this average

annual expected return on the funded loans will be approximately 6%. This return has varied

by time and has been increasing as the composition of the funded listings shifts toward better

credit risks.

JEL: D45, D53, D8, L81



1 Introduction

The idea of using the Internet as a platform has extended to job search, dating, social networks,

and all kinds of peer-to-peer (P2P) transactions. Take finance as an example. In the past three

years, consumer lending alone has witnessed six website openings in the US, all aiming to link

individual borrowers with individual lenders without financial institutions as the intermediary.

On what ground can these websites survive the competition with traditional banks? Are they

positioned to replace the traditional lending market or serve a market that the banks have

missed? How do individual borrowers and lenders behave in these new marketplaces? Will P2P

lending define the future of consumer finance, or is it a fad to wane over time?

This paper is the first attempt to address these questions using transaction level data from

Prosper.com. As the first P2P lending website in the US1, Prosper.com has attracted 500,000

members and originated loans of over 100 million dollars in two years. Compared with traditional

lending, Prosper.com may offer two potential advantages: first, Prosper.com automates the

borrower-lender match via real-time auctions. With sufficient scale, this format may generate

significant savings in operation costs, which implies lower interest rates for individual borrowers

and better returns for individual lenders. Second, Prosper.com encourages borrowers and lenders

to form online groups. If successful, the microfinance approach may help identify good risks,

enforce on-time payments, and expand the market beyond the reach of traditional banks.

However, the anonymous nature of online lending also presents challenges that will not

apply to traditional banking. For instance, anonymous borrowers may reveal less information

on Prosper.com and feel less guilty about default. Individual lenders, by definition smaller and

less professional than financial institutions, may not have the expertise to predict and screen

risks. Even if they can, most loans are funded by multiple lenders (for the purpose of risk

diversification), and therefore each individual lender may lack the incentive and coordination to

monitor the performance of all loans.

Aware of these trade-offs, Prosper.com has implemented a series of policies to overcome

the information problems. The first and foremost policy is information transparency: before

listing a loan request, Prosper.com authenticates the identity of each borrower (by checking her

social security number), extracts the borrower’s credit history from a third party credit bureau

(Experian), and posts credit grades and historical credit information in the borrower’s listing.
1Zopa.com (of UK) is the first peer-to-peer lending website world wide.
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If a borrower defaults, she is not allowed to borrow any more from Prosper.com and the default

is reported to the credit bureau. In addition, Prosper.com posts all of the up-to-date Prosper

activities, from listing to loan performance, on its website. In fact, the transparency policy has

spawned a number of user-generated websites that summarize the Prosper statistics in real time.

In theory, every potential lender can look at the complete collection of prosper “books” before

lending.

In addition to transparency, Prosper also encourages individual members to form groups,

with an attempt to extend microfinance to an online community. As detailed in Section 2,

both the extent of transparency and the nature of Prosper groups have evolved over time. We

explicitly account for four changes in Prosper policy, two that increase transparency, and two

that deal with Prosper groups.

With Prosper policies in mind, we emphasize the dynamic evolution of Prosper borrowers

and lenders. More specifically, we observe the behavior of individual borrowers and lenders and

investigate how these behaviors have changed over time. Because of the young age, Prosper

engaged in a number of policy experiments, which provides a unique opportunity to analyze

how individual behaviors evolve in a changing environment. The evolution becomes even more

interesting as the economy heads into recession and credit crunch.

We have several findings. First, at the surface the credit grade composition of Prosper

listings has shifted away from the worst grades. However, after we link credit grades and other

observable attributes to loan performance, we find that the overall observable risks have worsened

over time for the pool of listings. While part of this change is driven by the macro environment,

Prosper policies are effective in countering this trend, especially for the sub-prime credit grades.

Interestingly, we do not see the same pattern for loans. Since Prosper has added more credit

information to the listing page gradually, this implies that the information-enhancing policies

do not add “new” information to the market. Rather, they encourage borrowers with good

observables to list on Prosper, and probably help lenders better interpret the information they

were already observing.

Second, the risk perception that lenders apply to key borrower attributes is by and large in

the same direction as how these attributes correlate with the loan’s ex-post performance, but

there are important exceptions. This suggests that many individual lenders on Prosper probably

lack the expertise of a senior loan officer.
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Third, both lender selection and lender learning are conspicuous. Across cohorts, lenders that

join Prosper in later periods are more likely to fund better credit grades than the earlier cohorts

funded at similar ages. This could occur naturally because newer lender cohorts have more

historical data to consult, especially considering Prosper and the lender-sponsored statistical

websites have made the information easier to digest. Within an individual lender, we find

that the mis-performance of the existing portfolio leads the lender to avoid loans with similar

characteristics and, when possible, move toward the grades that are safer than the problematic

ones. Within-lender evidence also suggests that the mis-performance of existing portfolios leads

to less lending activity in the future.

Overall, we conclude that Prosper is evolving from a comprehensive market to a market that

primarily serves the borrowers who have access to traditional credit. This implies that Prosper

will compete head-to-head with the traditional banks rather than pick up a missing market.

Assuming away any cost in information processing, we estimate that the average expected rate

of return of a Prosper loan2 is 6% if Prosper loans continue to perform according to what we

have predicted from their existing performance. This expected rate of return is the return a fully

rational lender could expect to receive from a loan if he could perfectly predict the probabilistic

distribution of loan performance conditional on observable loan attributes. From the lenders

point of view, this number compares favorably to 6-month certificate of deposit (5.29%) and

3-year Treasury bill (4.55%), but less favorably to the rate of return implied by the S&P 500

(6.93%) in the same time period. Note that none of them is a perfect comparison group: all

bear different risks than Prosper loans, and all allow withdrawals (sometimes with fees) while a

Prosper loan is not tradable in any financial market.

Our work is related to a number of literatures. As Stigilitz and Weiss (1981) point out,

the information asymmetry between lenders and buyers leads to credit rationing. While many

papers using offline data have found evidence of credit rationing (e.g. Jaffee 1971) and liquidity

constraints (e.g. Souleles 1999), we have a rare opportunity to document the evolution toward

credit rationing. Our paper also revisits the literature on different forms of lending. The

existing evidence emphasizes the cost and information advantages that informal lenders have

over traditional banks (e.g. La Ferrara 2003, Udry 1994). We show that Prosper loans present

a new set of tradeoffs and Prosper lenders have evolved to understand and address the tradeoffs

over time. In the same spirit, our analysis links the Prosper group policy to the literature

of microfinance. Our findings confirm the prevailing observation that microfinance does not

work well in developed countries, despite its huge success in the third world (Sadoulet 2005
2All the rate of return calculation presented in this paper does not apply to unfunded listings.
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and Madajewicz 2005). Finally, as a fresh example of an online marketplace, the experience

of Prosper highlights the role that information can play in the rise of e-commerce. Unlike a

previous study that documents the segmentation between online and offline markets (Jin and

Kato 2007), we find that Prosper is converging with the traditional market in terms of borrower

risk.

The rest of the paper is organized as follows. Section 2 describes the background of Pros-

per.com and its major competitors in traditional lending. Section 3 reviews the related litera-

tures, with special emphasis on credit rationing, informal lending, microfinance, and e-commerce.

Section 4 presents summary statistics of the Prosper data. Sections 5 and 6 present detailed

studies of borrowers and lenders, respectively. Section 7 integrates borrower attributes and

lender activities into a single index of rate of return, and discusses how this measure varies

across credit grades, time, and lender cohorts. A short conclusion is offered in Section 8.

2 Background

After two years of development, Prosper officially opened to the public on February 13, 2006. The

launch attracted significant media coverage including features in Business Week (2/13/2006), the

New York Times (2/13/2006), the Economist (2/23/2006), the Wall Street Journal (4/15/2006),

and ABC’s World News Tonight (4/24/2005). By the end of 2007, Prosper has registered 500,000

members and originated 17,452 loans that total over 100 million US dollars. The quick expansion

of Prosper also coincides with a number of similar new P2P lending sites in the US.3

All Prosper loans are fixed rate, unsecured, three-year, and fully amortized with simple

interest. Loan can range from $1,000 to $25,000. There is no penalty for early payment. As of

today, the loans are not tradable in any financial market, which means a lender that funds a loan

is tied up with the loan until full payment or delinquency. Since Prosper acts as an intermediary

between individual lenders and borrowers, we describe lending and borrowing separately.
3The best known examples are Kiva.org (incorporated November 05), Smava (launched in February 2007),

Lending Club (open May 24, 2007 as part of Facebook), MyC4 (launched in May 2007), Globefunder (launched

in Oct. 2, 2007), and Zopa US (us.zopa.com, open December 4, 2007).
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2.1 Borrowing

Before listing on Prosper, a potential borrower must file a short application so that Prosper

can authenticate the applicant’s social security number, driver’s license, and address. Upon

authentication, Prosper will pull the borrower’s credit history from Experian, whose ScorePLUS

model reports the borrower’s credit score and historical credit information such as total number

of delinquencies, current delinquencies, inquiries in the last six months, etc.4 If the credit

information falls into an allowable range, the borrower may post an eBay-style listing specifying

the maximum interest rate that the borrower is willing to pay, the requested loan amount,

the duration of the auction (3-10 days), and whether the borrower wants to close the listing

immediately after it is fully funded (called autofunding). In the listing, the borrower may also

describe herself, the purpose of the loan, the city she resides in, how she intends to repay the

loan, and any other information (including an image) that she feels may help fund the loan. In

the same listing, Prosper will post the borrower’s credit grade (computed based on credit score),

home ownership status, debt-to-income ratio, and other credit history information.5

The amount of credit information revealed in a Prosper listing has evolved over time. Figure

1 provides a brief outline: Originally, the only credit information posted on Prosper was debt-to-

income ratio and credit grade. Credit grades were reported in categories, where grade AA was

defined as 760 or above, A 720-759, B 680-719, C 640-679, D 600-639, E 540-599, HR less than

540, and NC if no credit score is available.6 On April 19, 2006, Prosper started to post whether

the borrower has a verified bank account at the time of listing 7 and whether the borrower owns

a home. At the same time, Prosper promised to post extra credit history information including

current delinquencies, delinquencies in the last seven years, the number of public records in the

last 10 years, the date of the first recorded credit line, total number of credit lines, and the

number of credit inquires in the last six months. However, because Prosper pulls out credit

reports periodically, this new credit history information does not show up on new listings until

May 30, 2006.

On February 12, 2007, more credit information began to be posted on listings, including
4The credit score reported in the Experian ScorePLUS model is different from FICO score, because the model

intends to better predict risks for new accounts.
5The debt information is available from the credit bureau, but income is subject to self-report. This suggests

that the debt-to-income ratio reported in the listing is not fully objective.
6The numerical credit score is never available to lenders.
7Every funded borrower will have a verified bank account before the origination of the loan. So this variable

only captures the timing of the bank account verification.
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amount delinquent, the number of public records in the last 12 months, the number of current

credit lines, the number of open credit lines, the total amount of revolving credit balance, the

utilization rate of bank cards, plus self-reported income, employment and occupation.8 For the

first time, lenders were allowed to ask borrowers questions and the borrowers had the option to

post the Q&A on the listing page. On the same date, Prosper also tightened the definition of

credit grades E from 540-599 to 560-599 and HR from less than 540 to 520-559. As of this date,

those who do not have a credit score (NC) or have a score below 520 are no longer allowed to

borrow on Prosper.

Starting February 12, 2007, Prosper also allows friend endorsements to appear on the listing

page. However, in our data download friend endorsements reflects the endorsements as of the

download date, not the listing date. Given the facts that friend endorsements may change over

time and the same borrower can re-list on Prosper if the previous listing(s) is not funded, we

believe friend endorsements observed in our data set are not accurate enough to capture the

information available to lenders at the time of listing. Our future research will incorporate

friend endorsements if we can locate more precise data.

The next information change occurred on October 30, 2007. Unlike the Feb-07 policy, the

Oct-07 policy did not add any new variables from the borrower’s credit history. Rather, it began

to display a Prosper-estimated rate of return on the bidding page. Before the change, a lender

had to go to a separate page to look for the historical performance of similar loans and use that

to infer the potential return from the current listing.9

To facilitate lender investment, Prosper also introduced portfolio plans on October 30, 2007.

This feature allows lenders to specify a criterion regarding what types of listings they would

like to focus on and Prosper will place their bids automatically. These portfolio plans simplified

the previously existing standing orders. Also on October 30, 2007, borrower whose first loan

is active and current for at least 6 months may post a listing for a second loan, as long as

the total borrowing amount (which includes the amount left in the first loan) does not exceed

$25,000. Note that rate of return posting, portfolio plans and the permission for a second loan

are introduced on the same date, and therefore it is impossible to identify their effects separately.

We will refer to all of them as the Oct-07 policy.
8Prosper verifies employment for a proportion of listings.
9A minor improvement occurred on February 12, 2007, which provides average annual return data in an

“estimated performance” table on Prosper’s performance page.
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2.2 Lending

Like borrowers, a potential lender must provide a social security number and bank information

for Prosper to verify identity. After the verification, the lender can access all the information

posted on line. Lenders can browse listing pages which include all the information from the

borrower’s side, plus information about bids placed, the percent funded, and the listings current

prevailing interest rate. Access to the historical data requires extra work: A lender can download

a current snapshot of all Prosper records from Prosper.com, use a Prosper tool (so-called API)

to select desired statistics, or visit a third party website that summarizes the data. Interviews

conducted at the 2008 Prosper Days Conference suggest that there is enormous heterogeneity

in lender awareness of the data, ability to process the data, and intention to track the data over

time.

The lending process is similar to proxy bidding on eBay. If a lender likes a listing, he can

bid on it by specifying the lowest interest rate he will accept and the amount of dollars he would

like to contribute (any amount above $50). Prosper will then bid at the highest possible interest

rate on behalf of the lender10. A listing is fully funded if the total amount pledged by bidding

lenders exceeds the borrower’s request. If the borrower chooses the autofunding option, the

auction will end immediately. Otherwise, the listing remains open and new bids will compete

down the interest rate. It is not uncommon that a popular listing observes its interest rate

decrease toward the end of the auction with earlier bidders being competed out.

2.3 Prosper Groups

A unique feature of Prosper is its group policy. A non-borrowing individual may set up a group

on Prosper and become a group leader. The group leader is responsible for setting up the group

web page, recruiting new borrowers into the group, coaching the borrower members to construct

their Prosper listing, and monitoring the performance of the listings and loans within the group.

The group leader does not have any legal responsibility. Rather, the group leader is supposed

to foster a “community” environment within the group so that the group members feel social

pressure to pay the loan on time.

Since October 19, 2006, Prosper has posted star ratings (one to five) in order to measure
10The highest possible interest rate depends on the current interest rate that prevails in that listing and the

borrower’s maximum interest rate if no other bids have been submitted.
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how well groups perform against expected (Experian historical) default rates.11 Unfortunately,

in the snapshot of Prosper data, we only observe the group ratings at the observation date, not

the date of each listing. For this reason, we will focus on whether a listing borrower belongs to a

group or not (at the time of listing), but not the specific group rating. We will also analyze if the

introduction of these group ratings on October 19, 2006 has helped the funding and performance

of listings that belong to a group.

Prosper groups were initiated as a tool to expand the market, and thus Prosper initially

rewarded a group leader roughly $12 per group member funded loan (Mendelson 2006). Given

the fact that borrowing is immediate but payment does not occur until at least one month

later, the group leader reward may create a perverse incentive to recruit borrowers without

careful screening of credit risk. To the extent that the group leader gets to know the borrower

in other contexts (e.g. colleagues, college alumni, military affiliation), she could collect credit-

related information via emails, interviews, house visits, employment checks, and other labor-

intensive means.12 However, when a group gets very large (some with over 10,000 members), it

becomes difficult if not impossible to closely monitor each loan. The imbalance between member

recruiting and performance monitoring prompted Prosper to discontinue the group leader reward

on September 12, 2007.

2.4 Interest Rate Caps

In legal terms, Prosper loans are first issued by Prosper and then sold to individual lenders.

During our sample Prosper is subject to state usury laws13, which specify the maximum interest

rate a lender can charge. The binding law is that of the borrower’s state of residence. The

interest rate caps vary from 6% to 36% across states. However, there is a significant exception:

According to a 1980 federal law, federally chartered savings banks and the banks that have the

word “national” or the term “N.A.” in their name are exempt from the state usury laws.14 In

April of 2008, Prosper became a partner of WebBank, a Utah-chartered industrial bank. This

partnership allows Prosper to circumvent most state usury laws, which increases the effective

interest rate cap to a universal Prosper implemented 36% (except for Texas and South Dakota).

In our study, we control for all the state-by-state interest rate cap changes that have taken place
11Groups must have at least 15 loan cycles billed before they are rated, otherwise they are “not yet rated.”
12Group leaders do not have access to the borrower’s credit report prior to listing.
13The exact regulation depends on whether Prosper holds a consumer loan license in a state.
14Small loan companies and installment plan sellers (like car financing companies) may be exempt as well due

to the nature of their business. Source: Lectric Law Library.
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during the history of Prosper.

2.5 Basic accounting of Prosper

Acting as an intermediary, Prosper receives revenue from both borrowers and lenders. More

specifically, if a loan is funded on Prosper, the borrower will be charged a closing fee equal to

a percentage of the amount borrowed or $25, whichever is greater. Before February 12, 2007,

the closing fee percentage was 1% for all grades. On February 12, 2007, it was raised to 2%

for E-HR. Since January 4, 2008, it has been 1% for credit grade AA, 2% for A-B, and 3%

for C-HR.15 There is no charge for listing or relisting. For lenders, Prosper charges an annual

servicing fees based on the current outstanding loan principal.16 The servicing fee was 0.5%

before February 12, 2007, but increased to 1% for B-HR afterwards. On Oct. 30, 2007, the

service fee for A was also raised to 1% but the service fee for AA was waived to zero. Since

January 4, 2008, the service fee became a universal 1% for all grades. In our analysis, we control

for both borrower and lender fees by time and credit grade.

According to Mendelson (2006), the primary costs of Prosper consist of (1) a member ac-

quisition fee of roughly $12 per funded loan if the borrower belonged to a group (paid to group

leaders, eliminated after September 12, 2007), (2) a $4 fee for identity authentication, credit

pulling, and bank-account setup per active borrower, (3) customer service at the average rate of

four interactions per loan and $2 per interaction, and (4) a fixed overhead cost of approximately

$3 million per year.

There are also some costs in collection: if a loan defaults on Prosper (where default is defined

as late for at least four months), the loan will be handled by an external collection agency. If

the collection efforts do not result in sufficient recovery, the loan will be sold in the secondary

market of bad debts. In case of suspected identity theft or loan fraud, Prosper will repurchase

the loan and pursue legal actions. There is no good estimate on the collection costs because

Prosper had a bad experience with its original collection agency and has switched the collection
15If the borrower chooses to pay by bank draft instead of via the free electronic payment service through

Automated Clearing House (ACH), Prosper adds 1% interest in addition to the loan’s interest rate. If the

automatic monthly payment is late due to insufficient funds or bank account closure, there is a $15 late fee on

the first failed payment of each billing period.
16This fee is accrued the same way that regular interest is accrued on the loan. If a borrower’s monthly payment

is 15 days late, a late fee will be charged to the borrower and transferred to lenders in the full amount. Prosper

does not acquire anything in this process.
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contract to AmSher starting January 2008. From February 2008 to April 2008, the recovery

rate, computed as the ratio of the gross amount collected from the delinquent borrowers to the

total due-amount sent to the agency, is 10.2% for AA-A, 5.4% for B-D, and 9.55% for E-HR.

These rates will be 17% lower after Prosper pays AmSher for the collection cost. The recovery

rate before Prosper contracted with AmSher is unavailable, but perceivably much lower than

the reported rates.

Given these estimates, it is difficult to measure Prosper accounting in precision. However,

there is no doubt that Prosper’s revenue does not cover its full cost (as of February 2008). The

difference is met by a large stock of venture capital.

2.6 Who Competes With Prosper in the Traditional Market?

The main competitors Prosper face in the traditional market are credit card issuers. Up to our

observation date (1/11/2008), 33% of all previous Prosper listings have mentioned credit card

consolidation, which is higher than the mention of business (23%), mortgage (15%), education

(22%), and family purposes (20%) such as weddings.

According to the Federal Reserve17, the total consumer credit outstanding (excluding mort-

gages) is valued at $2.54 trillion in February 2008. Within this category, $0.95 trillion is for

revolving debts primarily borrowed in the form of credit cards. The rest ($1.58 trillion) are

non-revolving debts including loans for cars, mobile homes, education, boats, trailers, vacations,

etc. By definition, all credit card borrowing is not secured by any tangible asset. In contrast,

a large proportion of the non-revolving debt is collateralized by the goods purchased via the

loan, and therefore carries a lower interest rate than credit cards18. Commercial banks also

issue potentially unsecured personal loans, at an average interest rate of 11.40%. As reported

in Section 4, most Prosper loans carry an interest rate much higher than the average rate of

credit cards. But since we do not know the credit grade composition in all credit card accounts,

we are not able to make the comparison conditional on the same observable attributes. We will

revisit this issue when we report our data summary.

Roughly 6% of Prosper listings also mentions that the Prosper loan, if funded, will be used
17Source: Federal Reserve G.19 Statistical Release as of April 7, 2008. Based on the Quinquennial Finance

Company Survey 2005, see more details at http://www.federalreserve.gov/releases/g19/ (accessed at April 9,

2008).
18e.g. 7.27% for 4-year new-car loans vs. 13.71% for credit card accounts assessed interest
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to pay off payday loans in the offline market. A popular form of fringe lending, a payday

loan is a small, short-term loan that is intended to cover a borrower’s expenses until the next

payday. Typical payday loans are between $100 and $500, due in two weeks. In practice, the

payday loan creditor will hold a pre-written personal check as collateral and cash it in the next

payday. Using data from the Wisconsin Department of Financial Institutions (2001), Caskey

(2005) reports that the average cash advance was $245.03 per loan with average finance charge

of $49.37, implying an average APR of 528%. Despite the short term of payday loans, critics

argue that most customers do not use payday loans for emergency smoothing of financial needs.

The argument is confirmed in reality: using the same Wisconsin data, Caskey finds that over

70% of borrowers borrowed more than 5 payday loans within a year and 18% had more than 20.

More alarmingly, payday lending has grown explosively since the mid-1990s and has probably

replaced other forms of fringe lending such as pawn shops to some extent.

It is not surprising that the default rate of payday loans is higher than that of mainstream

lending. Using loan-level data from a payday lender, Skiba and Tobacman (2007) find a loss

ratio of 5% per loan, which immediately consumes over a quarter of the nominal interest rate

charged in the short life of payday loans. Comparing the payday loans with standard financial

data from CRSP and SEC filings, they conclude that payday lenders’ firm-level returns differ

little from typical financial returns (roughly 10% in term of equity returns). In other words,

payday lenders operate in a competitive market in which the per-loan and per-store fixed costs

are large enough to explain their interest charges. From the borrower’s point of view, one may

argue Prosper could provide a much better alternative to payday loans, given the 3-year duration

of Prosper loans and the interest rate cap no higher than 36%. However, lenders must consider

the credit risk they face on Prosper. If a payday lender must charge an annual interest rate of

500% to survive the competition, it is unclear why Prosper lenders would be willing to support

the same pool of borrowers with much lower interest rate.

2.7 Changes in Macro Environments

The year 2007 has witnessed dramatic changes in consumer lending (Greenlaw et al. 2008).

Before the subprime mortgage crisis began to grab headlines in August 2007, the financial

market was relatively calm with stable monetary policy. Starting August 9, 2007, the major

indices such as the London Interbank Offered Rate (LIBOR), jumbo mortgage spread, and the

yields of asset-backed commercial paper (ABCP) have all shown abrupt change and increased

volatility. The Senior Loan Officer Survey (conducted by the Federal Reserve quarterly) also
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reveals progressive tightening of credit standards on a wide variety of loans, including prime and

subprime mortgages, commercial & industrial loans, and credit cards. In response, the Federal

Reserve has cut the Fed funds rate from 5.41% (August 9, 2007) to 2.16% (March 18, 2008). As

shown in Figure 2A, this change is dramatic as compared to the gradual increase in 2005-2006

and the stable period between mid-2006 and July 2007. Figure 2B depicts the S&P 500 closing

quote along the same time horizon. From both figures, it is clear that the macro environment

changes are primarily driven by the subprime mortgage crisis, though the crisis does spill over

to other types of lending and investment.

Given the correlation across the financial indices, we use four variables to describe the daily

change of the financial environment: bank prime rate, Ted spread (defined as the difference

between 3-month LIBOR and 3-month Treasury bill), the yield difference between (corporate)

bonds rated AAA and BAA, and S&P 500 closing quotes. According to Greenlaw et al. (2008),

the middle two are the strongest indicators of the subprime mortgage crisis.

To address the concern that the above indexes may not capture the macro environment

that is not closely related to the liquid market of financial instruments, we also obtain (1) the

unemployment rate reported by the Bureau of Labor Statistics (BLS) by state and month , (2)

the housing price index reported by the Office of Federal Housing and Enterprise Oversight by

state and quarter, and (3) the quarterly percentage of senior loan officers that reported to ease

or tighten credit standards for consumer loans.

In addition, we control for a number of Prosper-specific factors, including the total value of

loan requests active on Prosper in a specific day by credit grade, the total dollar amount of bids

submitted on Prosper in a specific day by credit grade, and the percentage of funded loans that

are ever late as of a specific day and for a specific credit grade. The first two variables intend

to capture the overall traffic on Prosper, which may vary by media coverage, word of mouth, or

the mood of borrowers and lenders. Since we can track borrower and lender identity over time,

controlling for the daily demand and supply does not compromise our ability to identify dynamic

learning and selection on both sides of the market. The percent ever late intends to capture the

ex-post performance of the Prosper market as a whole, so as to track the performance evolution

that lenders may observe on Prosper over time. Because the financial turmoil observed in the

macro environment is rooted in the subprime mortgage crisis, we control for the interaction

of the OFHEO index with the borrower’s home owner status and consumer loan easing and

tightening with whether the borrower has a credit grade of E or HR. It is worth noting that

most of the time-sensitive variables, except for those specific to state or credit grade, will be
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absorbed in year-week fixed effects. Whenever possible, we control for year-week fixed effects

for robustness check.

3 Literature Review

Since Prosper.com competes with the traditional market for unsecured consumer credit, we first

review the literatures of offline credit markets and then discuss how our paper is related to the

rising literature of e-commerce.

3.1 Insights from offline lending

Most credit markets are featured with credit-rationing, which means that some borrowers are

denied credit even if they are willing to pay more than the prevailing interest rate. The failure

to clear the market is often attributed to the asymmetric information between lenders and

borrowers (Stiglitz and Weiss 1981).

The logic is simple. Consider a loan for an indivisible project. If the project is successful,

the lender takes away the principal and interests. If the project fails, the lender gets nothing

unless there is collateral or other enforcement device to recover the loss. For the borrower,

this generates a convex return function (of the project outcome): the loss is censored at zero,

and positive return will not occur until the project’s overall return exceeds the loan payment.

As a result, willingness to accept a higher interest rate may indicate a higher likelihood to

default, either because the borrower knows that she cannot or will not repay the loan (adverse

selection), or because the borrower will take high-risk-high-return actions even if that reduces

the probability of repaying the loan (moral hazard).

Because price (interest rate) can be used as a screening device to identify bad risks, rate of

return is a non-monotone function of interest rate. Lenders are reluctant to raise price beyond

a local maximum of rate of return even if that induces excess demand. This amounts to credit

rationing. When the project is divisible, credit rationing may appear in the form of limited

loan size or limited duration instead of sheer rejection. Most importantly, Stiglitz and Weiss

argue that credit rationing will not disappear through competition for the information problem

is rooted in the loan contract, not market structure.
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A large literature examines the potential mechanisms through which lenders can mitigate

the information problem and therefore reduce credit rationing (Riley 1987, Stiglitz and Weiss

1987, and the follow-ups).

In practice, traditional banks often limit the loan size or use mechanisms such as information

collection, collateral, and co-signing to control the risk. However, the borrowers that need

loans most are often poor and cannot meet the collateral requirements. As a result, these

needy borrowers are shut out of the formal credit market, especially when banks have difficulty

measuring their risks directly.

In comparison, informal lenders such as family, friends, business partners, and moneylenders

that live in the same community may interact with the borrower on a daily basis. They tend

to have much better knowledge of the borrower’s personality, occupation, and expected income.

They understand the borrower’s financial circumstances and respond to financial needs in a

fast, flexible and convenient way. They can also enforce the loan better than traditional banks

by tying the loan payment with the borrowers’ future income (e.g. a farmer’s future harvest),

enforcing the loan via kinship, or living in the borrower’s house until full payment (La Ferrara

2003, Besley and Coate 1995, Udry 1994, Hoff and Stiglitz 1990). The information advantage,

plus the low cost of local operation, allows them to coexist with formal lenders and alleviate

credit rationing for the poor (Bell 1990, Cox and Japelli 1990, Staub 2004).

The recent rise of microfinance has blurred the boundary between formal and informal lend-

ing. Unlike traditional banks, microfinance institutions target poor and near poor households

who have little credit access elsewhere. Focusing on small unsecured loans, they also compete

with the local high-interest-rate moneylenders, with an aim to bring down the interest rate from

10-100% per month to a rate closer to that of formal lending.19 While some microfinance is

practiced by formal institutions such as Grameen Bank and NGOs, many microcredits are given

out informally via Rotating Savings and Credit Association (RSACA) and solidarity groups.

Formal or informal, the most successful model of microfinance relies on the peer pressure

within a borrower group. For example, in the solidarity lending of Grameen Bank, each borrower

belongs to a five-member group. There is no formal liability within a group, but Grameen will

not extend further credit to a group if its member defaults. This motivates peer pressure (and
19Grameen’s interest rate on its main credit product is estimated to be 20% (Fernando 2006). The relatively

high interest rate is not abnormal: according to MicroBanking Bulletin (2007), the real average portfolio yield

cited by the a sample of 704 voluntarily reporting microfinance institutions was 22.3% annually in 2006. The

annual rates charged to borrowers are only higher as they include inflation and bad debt expenses.
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peer help) among group members, which leads to a repayment rate over 95% (Hossain 1988).

One may argue that solidarity lending works well in rural Bangladesh because the loan amount

is small, members know each other well, the social relationship is stable, and the borrowers have

little access to formal lending and therefore take the threat of no further lending seriously.

The success of microfinance has proven difficult to replicate in the developed world. Many

US institutions that target microfinance offline have seen high default rates and are unable

to cover the operation costs. Sadoulet (2005) attributes the lack of commercial viability to

several factors, including the cost of setting up dense branches, poor contract design, inadequate

processing of claims, etc. He argues that, in order to use the informal community network

to enforce group lending, microfinance entails joint liability, which inevitably shifts some risk

sharing from financial institutions to a small group of borrowers. In doing so, some efficiency

is lost. Madajewicz (2005) shows another negative effect of group lending: it may introduce

less incentive to limit the risk of individual projects because the risk is shared with other group

members. If this moral hazard effect is stronger for relatively wealthier borrowers, it is less likely

to work well in developed countries. Another possibility is that, in a developed country where

credit rationing is not as severe as in the developing countries, the pool of rationed risk may

contain fewer good risks and that undermines the commercial viability of microfinance.

Many academics have looked for evidence of credit rationing in offline credit markets, as

reflected in the stickiness of interest rates (Jaffee 1971, Berger and Udell 1992), interest rate

controls (Voridis 1993), the existence of liquidity constraints (Souleles 1999, Parker 1999, Gross

and Souleles 2002a), the relationship between lenders and borrowers (Scott 1999), and the

detailed practice of a subprime lender for car loans (Adam, Einav and Levin 2007).

Most of these studies treat the existing market as a stationary equilibrium. In contrast, we

have a rare opportunity to observe a new market and closely track its performance from birth.

The early dynamics of Prosper will not only shed light on the importance of information, but

also address the long-lasting debate on the necessity of credit rationing. This dynamic view is

close to Gross and Souleles (2002b), who explain why the propensity to default has changed

over time in a massive dataset of credit card accounts.
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3.2 E-commerce

Many researchers have recognized the potential of search cost savings on the Internet (Brown

and Goolsbee 2002, Scott Morton et al. 2006, Chevalier and Goolsbee 2003). Other researchers

point out that information problem may be more severe on the Internet, especially when the

quality of the good is difficult to measure and seller identity is anonymous (Jin and Kato 2007).

As shown in Akerlof (1970) and Darby and Karni (1974), the lack of information could lead

to adverse selection, fraud, or even market shutdown. To address the information problem,

Internet giants like eBay and Amazon have adopted a seller reputation system.

It is interesting to compare Prosper with eBay. Unlike eBay who starts fresh for every new

seller-id, Prosper extracts the offline reputation of a borrower and posts it online. In this sense,

the information asymmetry between a Prosper lender and a Prosper borrower may not be as

stark as what eBay buyers face in front of a new seller. However, there is no guarantee Prosper

borrowers will behave the same way online as when facing traditional banks. On that front,

Prosper’s transparency policy becomes important: even if borrowers behave differently online, a

lender can learn from the mistakes he or the market has made. Assuming no cost of processing

Prosper information, the learning can be as fast as real time and as wide as the whole Prosper

market.

A more fundamental difference between eBay and Prosper lies in the nature of transaction.

Compared with the spot market on eBay, Prosper loans have a much longer time window from

originating to fully completing a transaction. An eBay buyer can tell whether a seller complies

with the contract in weeks, but a Prosper lender needs three years to fully observe the risk of

a borrower (unless the loan defaults or pays early). This implies that learning on a specific

borrower is slow. Consequently, the reputation of a specific borrower will not be updated soon

enough to help transactions next week or next month.

One potential way to get around the timing problem is setting up reputation for a group

of borrowers rather than individual borrowers. For Prosper groups to work, the borrower must

have a close tie with the group and face enough inside-group punishment if she misbehaves.

These requirements are difficult to satisfy when groups are large, group members are unstable,

and group leaders lack incentives (and an internal punishment-reward system) to maintain group

reputation.

Above all, despite the technical similarity between Prosper and eBay, we believe Prosper
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presents a different package of search cost savings and information asymmetry. The rest of the

paper will document how Prosper deals with the trade off and how changes in that trade off

have affected lender and borrower behavior on Prosper. In doing so, we will better understand

the strength and weakness of e-commerce, which will hopefully lead to more effective use of the

Internet.

Finally, our paper complement three existing studies about Prosper: unlike Mendelson’s case

study of Prosper (Mendelson 2006), we focus on a longer time horizon and therefore identify more

dynamic activities on Prosper. In this sense, our study is closer to Rumiany (2007), who describes

in words some of the early dynamics of Prosper up to early 2007. Our research is also different

from Ravina (2008), who documents how Prosper lenders understand borrower demographics

and physical attractiveness in one month of Prosper listings. Using the full Prosper history up

to January 2008, we emphasize that market performance of Prosper has changed enormously in

the first two years and a static view is likely to paint an incomplete picture.

4 Data

As discussed above, Prosper’s transparency policy has led it to post all of its data online,

updated on a daily basis. Our analysis utilizes a data dump downloaded on January 11, 2008.

This data set includes all of the information available to borrowers and lenders on the website.

It includes information on the parameters of the listings along with the description and image

information that the borrower posts. It also includes the credit information of the borrower. For

those listings that become loans, we see data describing the full payment history which allows

us to calculate at any point in time whether the loan is current, late, or in default. Finally, we

observe data on all Prosper bids and information about which bids are “winning” bids. Using

this information we can construct each lender’s portfolio on any given day. To ensure our sample

only consists of completed auctions, our estimation sample will consist of only listings and loans

prior to December 31, 2007. In light of the timing of Prosper policies, most of our analysis

focuses on the sample from April 19, 2006 to December 31, 2007. We will observe the payment

status of these loans as of January 11, 2008 in order to use the latest information possible.
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4.1 Market-wide summary

Since its inception in November of 2005 through December 31, 2007, Prosper has seen 223,658

listings asking for a total of over $1.6 billion. These listings have resulted in over 17,000 loans

worth $109.5 million. Table 1.1 shows a steady growth of Prosper listings and loans by quarter.

On average, listings request a loan size of $7,540. While the time series pattern of average

loan size requested is not monotonic, it has generally increased over time. The mean borrower

specified maximum interest rate has remained steady between 17% and 18% since mid 2006.

The overall funding rate of Prosper listings has been 7.94%. Since the beginning of 2007, this

funding rate has dropped from 10.17% to 6.28%.

Comparing characteristics of listings and funded loans shows that funded loans are smaller

on average. This difference is evidence of credit rationing on Prosper. It appears that lenders are

wary of listings requesting larger loans and view this as a signal of higher risk. The relationship

between the borrower maximum rate of listings and the realized lender interest rate of loans is

less clear. In the early life of Prosper, the average lender rate of loans is larger than the average

borrower maximum rate of listings, as many borrowers are requesting loans at lower interest

rates than lenders are willing to accept. On the other hand, beginning in the second quarter

of 2007 mean borrower maximum rates of listings are higher than mean realized lender rates

by one percentage point. This comparison could reflect that lenders have learned that higher

willingness to pay on the part of the borrower could reflect higher risk, which is also in line with

credit rationing in the market.

The final three columns of Table 1.1 summarize the loan performance as observed on January

11, 2008. We define a loan to be late when Prosper labels it 0-3 month late.20 A loan is defined

“default” if it is four or more months late, labeled default by Prosper due to bankruptcy, or

has been repurchased by Prosper because of identity theft.21 According to Table 1.1, 20.37% to

22.18% of loans originating in 2006 have defaulted by January 2008. Another 2.47% to 7.97% of

loans from these cohorts are at least two weeks late. The result that almost 30% of loans from

these cohorts have become late or default by January 2008 makes it clear that lenders observe

negative performance in their portfolios and the overall market. Note that the proportion of
20This occurs when a payment is late by 2 weeks or more.
21Once a loan is four months late, Prosper considers it eligible for debt sale, and once it is sold it is considered

to be in default. However, because debt buyers only purchase packages of loans, a four month late loan will not

be considered “default” immediately. Loans can thus be labeled “4+ months late” for long periods of time. Our

default definition overcomes this mechanical ambiguity.
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loans in the 2007 cohorts that have defaulted are much lower than in the earlier cohorts. As we

are measuring these outcomes as of January 11, 2008, this is likely a result of the lifecycle of

loans – loans in these more recent cohorts have not had enough time to become late enough to

default.

Table 1.2 shows borrower activity by quarter. There have been 97,529 unique individuals

who have created a listing on Prosper. Comparing the first and second column, it is clear that

most borrowers who list a loan in a given quarter are new to Prosper, where new refers to

individuals who create their first listing in that quarter, but there is a fair amount of “relisting.”

Prior to October 30, 2007, borrowers could only take out one loan from Prosper; therefore,

almost all relistings are from borrowers whose previous listings were not funded or who canceled

their listing. On average a Prosper borrower lists 2.70 times.

Table 1.3 shows summary statistics on Prosper lenders by quarter. By the end of 2007,

32,764 individuals have lent money on the platform. Comparing the number of total lenders

(those who have ever funded a loan), the number of active lenders (those that fund a loan in

a given quarter), and the number of new lenders (those that fund their first loan in a given

quarter), it can be seen that not all lenders remain active. New lenders make up almost 30% of

active lenders in the final quarter. If new lenders behave differently than veteran lenders, this

suggests the composition of the lender population at a given time will be an important factor to

consider. Further suggesting heterogeneity of the lender population are the skewed distributions

of the number of loans funded, average loan size, and portfolio HHI22 of active lenders, with a

small proportion being very active and funding large portions of loans at a given point in time.

Table 1.4 shows there are some lenders who have experienced large losses and many others

who have not experienced a late loan at all. Looking at just active lenders gives the impression

that small proportions of lenders’ portfolios have mis-performed, which contradicts the loan

summary statistics above. However, it is important to take into account the compositional

effects of new lenders joining Prosper who cannot have any late loans in their portfolio. Looking

at only veteran active lenders, we see a higher mean rate of late loans. Also, active lenders have

fewer late loans than all lenders, as lenders with many late loans will be less likely to continue

lending.
22HHI is calculated based on the share a given loan comprises of a lender’s total portfolio at a given time. In

this case, HHI is calculated on the last day of the quarter
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4.2 Summary by Grade and by Group Status

Table 2 shows that the lowest credit grade, HR, accounts for 48% of all listings. In comparison,

the grade distribution of loans is much more uniform as a result of vastly different funding

rates in each grade. At the two extremes, the funding rate is 33.04% for grade AA listings but

only 2.43% for HR. The decreasing funding rate from AA to HR coincides with an increasing

probability of mis-performance. As of January 11, 2008, 3.42% of AA loans are default or late.

The same measure for HR loans is as high as 39.27%. In the last two columns, we compare the

performance of Prosper loans to Experian’s historical default rate, grade by grade.23 Since the

Experian historical default rate is conditional on borrowers who have debt-to-income ratio less

than 20%, we refine our Prosper sample accordingly. On every grade, Prosper loans perform

much worse than their Experian counterparts, which could be driven by adverse selection, moral

hazard, or both. This comparison alone suggests that Prosper faces severe information problems

as compared to traditional lending.

Figures 3.1 and 3.2 show the credit grade composition of listings and loans and the funding

rate over time by grade. The proportions of E and HR listings and loans have both decreased

across information regimes. The proportions of listings in credit grades C through D have

increased while the proportion of loans in each of the credit grades above D has increased.

This pattern coincides with a downward trend in the funding rate of loans in credit grade D or

lower. Figure 3.3 shows that realized interest rates have remained relatively constant over time,

although there has been a slight increase since February 12, 2007 when more credit information

became available. Finally, Figure 3.4 shows the percentage of loans in each grade that are late

or default as of January 11, 2008 by starting month of the loan. As in the aggregate statistics,

the probability of late or default is higher for the lower credit grades. For all credit grades, these

numbers are lower for newer loans, but again this is a result of the life cycle of the loans.

In Table 3 and Figures 4.1–4.4, we summarize listings and loans by group status during the

three different group regimes. There has been a shift away from groups in both listings and

loans, particularly since September 2007 when group leader rewards were eliminated. Members

of groups do see higher funding rates, but they pay higher interest rates. Most interestingly, they

are more likely to be default or late as of January 11, 2008 as seen in Figure 4.4. These rates of

mis-performance have converged over time, and have done so prior to group leader reward rates

being removed. Overall, the raw data suggests that Prosper’s assessment of group performance
23Experian historical default rate (adapted from Prosper.com) measures the average default rate of over 250,000

accounts that used the same Experian credit scoring in the past.
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was correct – the incentive system had led group leaders to recruit borrowers without properly

vetting them.

4.3 Summary of Listing Attributes

Table 4 shows raw summary statistics of many characteristics of listings and loans that will be

used in our analysis. As these summary statistics make clear, loans that lenders choose to fund

are of less risk than the entire listing pool in many dimensions. In addition to the loan pool

being of higher average credit grade than the listing pool, loans have a lower autofunded rate,

a higher homeowner rate, a lower debt to income ratio, etc. Table 5 presents results of a listing

level probit regression of a dummy for whether or not the listing was funded on these listing

characteristics, a loan level OLS regression of the resulting interest rate of funded loans on loan

characteristics, and a probit of a dummy indicating whether a loan is default or late as of January

11, 2008 on loan characteristics. These regressions all include year week fixed effects.24 Overall,

the regression results show that in most dimensions, lenders are less likely to fund loans and

demand a higher interest rate on loans that have characteristics associated with higher likelihood

of default. For example, the probability of being default or late increases from higher to lower

credit grades, and in response, the interest rate increases and the probability of the listing being

funded decreases from higher to lower grades. Two key exceptions are autofunded and group

member listings. Both predict higher likelihood of default but higher funding probability. Other

misalignments between ex ante funding and ex post performance include the mentioning of car,

health, and payday loans in the listing, some of which may reflect lenders charity motivation.

Overall, these tables and figures show that over time Prosper has grown, but many loans

have resulted in late payment and default. In response, the compositions of listings and loans

have shifted toward lower risk credit grades, with funded loans shifting more than the pool

of listings. These patterns are consistent with increased credit rationing. Also, the lender

population is heterogeneous with many new active lenders competing with less active veterans.

Finally, lenders originally saw group membership as a positive signal, but, after realizing higher

delinquency rates and the removal of group leader rewards, have become less likely to fund group

member listings.
24Specifications controlling for macro variables and Prosper market supply, demand, and performance variables

yield similar results.
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5 Borrower Study

This section studies the credit risk of borrowers. Given the fact that borrowers are not allowed

to borrow a second loan until the end of October 2007, we focus on selection across cohorts.

Specifically, we examine whether listings that appear on Prosper at different times differ in credit

risks and, if they do, whether the cohort differences are driven by Prosper policies or other time

series.

Since we observe the ex-post performance for the funded listings (up to the observation

date), we decompose the ex-post risk into two parts: one is the risk that a typical lender could

infer from listing attributes, which we refer to as PredictableRisk. The difference between the

realized risk and the predictable risk is referred to as UnpredictableRisk. The main purpose of

this decomposition is to consolidate a long list of observable attributes into a single index.

Tracking PredictableRisk over time tells us whether the observable composition of listings

has changed systematically, and if it has, whether the changes are correlated with Prosper

policies or the overall macro environment. Assuming the predictive relationship between the ex-

post risk and listing attributes can be extrapolated to the unfunded listings25, we can also tell

whether Prosper policies have different effects on the whole pool of listings than on the funded

listings. The observable changes in the pool of listings are interpreted as borrower selection,

while the observable changes in the funded listings reflect both borrower selection and lenders’

decision of who to fund.

The realized risk may deviate from PredictableRisk, either because the meaning of certain

observables has changed over time, or because some borrower characteristics affect the risk of

repayment but they are not observable (nor inferable) from the existing attributes. Tracking

UnpredictableRisk over time allows us to identify whether the unobservable attributes have

changed with Prosper policies or with the macro environment.

The Feb-07 Prosper policy is of particular interest. Because the amount of credit informa-

tion available on Prosper has changed over time, the credit variables that became available after

February 12, 2007 were, by definition, unobservable before the Feb-07 policy. This offers an

opportunity to test adverse selection: for example, AmountDelinquent is not posted in a listing

until February 12, 2007. If the unobservability of AmountDelinquent encourages borrowers with
25This is a strong assumption because we are making out of sample predictions and, as shown in Section 4,

unfunded listings are systematically different from the funded ones.
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high AmountDelinquent to list on Prosper, these borrowers should be less likely to list when

AmountDelinquent became transparent in Feb-07. Although we do not observe AmountDelin-

quent before Feb-07, it will be captured in UnpredictableRisk if we derive UnpredictableRisk

from a regression that focuses on the listing attributes available before Feb-07. If there were

adverse selection, UnpredictableRisk should be better after the February 2007 policy.

To summarize, our empirical strategy consists of five steps:

• Regress the ex-post performance of loan i in month t on a set of listing attributes available

before February 12, 2007:

ExPostPerformanceit = f1(ListCharBef021207i, LoanAget) + ε1it.(1)

• Use Equation 1 results to predict the performance of every loan given its listing attributes.

Name the predicted value PredictableRiskit and the residual UnpredictableRiskit.

• Impose Equation 1 results on all listings, which defines PredictableRiskit for each listing

even if it is not funded.

• Regress PredictableRiskit on a set of variables that describe Prosper policies and the

macro environment over time. This regression, as defined below, can be applied to both

funded and unfunded listings.

PredictableRiskit = f2(ProsperPoliciesit, OtherT imeSeriest) + ε2it(2)

• Regress UnpredictableRiskit on Prosper policies and the macro variables. This regression

is only applicable to funded listings.

UnpredictableRiskit = f3(ProsperPoliciesit, OtherT imeSeriest) + ε3it.(3)

ExPostPerformanceit can be measured in multiple ways, such as whether the loan is default

at t, default or late at t, or ever late by t. We have tried all three in a probit model.26 They

show similar results, so we only report the regression on whether a loan is default or late.
26We don’t use hazard models because the history of default-or-late does not always fit the concept of duration.

For comparison, we don’t use hazard models on default or ever late, even though they satisfy the requirements of

hazard models.
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To ensure that we exhaust as much listing information as we can in ListCharBef021207,

we include all the possible interactions between credit grade and other listing attributes27. Since

some delinquency variables are not available until May 30, 2006, we construct ListCharBef021207

in two ways, one with and one without these delinquency variables. Fortunately, results are very

similar. To be consistent with the rest of the paper, we only report the results using the listing

attributes that are always available since April 19, 2006. As seen in Section 4, loan perfor-

mance is sensitive to the life cycle of the loan. To fully capture this effect, LoanAge includes an

exhaustive list of loan month dummies.28

Some Prosper policies, especially the information changes on Feb-07, are specific to credit

grades E and HR. Therefore, ProsperPolicies include the interaction of the Feb-07 and Oct-07

policy dummies with whether the listing borrower has a credit grade of E or HR. By the same

spirit, ProsperPolicies also include the interaction of Prosper group policy dummies (Oct-

06 and Sept-07) with whether the listing borrower belongs to a group at the time of listing.

OtherT imeSeries include all the macro variables, plus the grade specific demand and supply

conditions of Prosper at the listing date and the grade specific percentage of ever-late loans up

to the listing date. To capture a linear time trend, we also include a variable that equals the

count of months since November 2005 to the listing month. Coefficient on this variable will tell

us whether the overall PredictableRisk and UnpredictableRisk have improved or worsened as

time goes by.

Based on the results of Equation 1, Figure 5 plots four curves by listing month: (1) the

realized risk of default or late for all the loans that we observe at the age of 6 months; (2) the

6-month PredictableRisk for all loans (including loans younger than 6 months as of January

11, 2008); (3) the 6-month UnpredictableRisk for all loans that are at least 6-months old as of

January 11, 2008; and (4) the 6-month PredictableRisk for all listings.

As we expect, PredictableRisk is significantly higher for listings than for loans, suggesting

that lenders are able to select relatively better observable risks from the pool of listings. Over

time, the pool of listings has worsened in observables. This trend contradicts the fact that

listings consist of fewer percentages of E and HR over time. This is partly because many macro

variables, for example higher unemployment rate and credit tightening of E and HR, are both
27We exclude the indicator of group status because we want to see the effect of group policies in Equations 2

and 3.
28We can only identify loan month dummies up to the maximum loan age observable on January 11, 2008,

which is 19 if we start the sample on April 19, 2006 and 17 if we start the sample on May 30, 2006.
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correlated with worse PredictableRisk in Equation 2. Another possibility is that more and more

fundamentally bad risks move to Prosper over time after they see favorable deals on Prosper (due

to lender mistakes). If so, this represents an adverse selection problem for Prosper. In contrast

to the worsening trend of PredictableRisk for listings, the real default or late risk of funded

loans does not show any significant change over time. However, this seeming stability masks a

slight improvement in PredictableRisk and a small rise in UnpredictableRisk. This implies that

Prosper policies or other time series may have stronger effects on improving PredictableRisk

than UnpredictableRisk. The divergence of PredictableRisk of listings and PredictableRisk

of loans also suggests that over time lenders are more able to pick out good observable risks, a

result that we will confirm in Section 6.

Table 6 reports results from Equations 2 and 3. In particular, Table 6-1 describes how the 6-

month PredictableRisk and UnpredictableRisk vary by ProsperPolicies and OtherT imeSeries

for loans that originated between April 19, 2006 and December 31, 2007. Table 6-2 reports cor-

responding results (PredictableRisk only) for all listings. To facilitate comparison, we report

each set of results with and without OtherT imeSeries. All estimations are clustered by listing

month.

Before controlling for OtherT imeSeries, it is clear from Table 6-2 that the pool of list-

ings trends toward worse PredictableRisk month-by-month and this trend is even greater for

credit grades E or HR. Counter to this trend, the Feb-07 Prosper policy has improved the

PredictableRisk of listings. Since the Feb-07 policy targets E and HR, it is no surprise that this

effect is concentrated in E and HR listings. As shown in the coefficients of After021207 and

After021207 ∗CountMonthSince1105, the improvement is reflected in both a discrete decrease

of risk since February 12, 2007 and a slowdown of the original trend toward worse risk. After

we control for OtherT imeSeries, the effect of the Feb-07 policy becomes weaker, though still

highly significant. In comparison, the Oct-07 policy has a similar, discrete effect in improv-

ing PredictableRisk. However, unlike the Feb-07 policy, the Oct-07 improvement applies to

all credit grades, though it is significantly greater for grades of E and HR. Another difference

between the two policies is that the Oct-07 policy does not have any effect in slowing down the

trend toward worse risk. If anything, it may revert some of the slow-down effect of the Feb-07

policy.29

29Note that we have only two month data (October 31, 2007 to December 31, 2007) to identify the effect of

the Oct-07 policy. This may partly explain why the Oct-07 policy sometimes has a weaker effect relative to the

Feb-07 policy.
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Turning to loans in Table 6-1, many of the effects of Prosper policies on PredictableRisk

become insignificant or even have the opposite sign. The only exception is the effect of the

Feb-07 policy on grades of E and HR: it persists from listings to loans and remains significant

after we control for OtherT imeSeries. In contrast to the theory of adverse selection, the new

credit information added by the Feb-07 policy does not reduce the 6-month UnpredictableRisk

for loans. In fact, the coefficient for the dummy of after February 12, 2007 goes in the opposite

direction, suggesting that either the unobservable risk of listings gets worse after Feb-07 or

lenders somehow pick worse unobservable risks. Neither explanation is consistent with the

expected effect of more transparency of borrowers’ credit information.

For both listings and loans, the coefficient on borrower’s group status suggests that group

borrowers have better observables than the non-group borrowers. Like the information policies,

group policies of Oct-06 and Sept-06 have significant effects in improving the observable risks

of listings. These effects survive the control of OtherT imeSeries. However, the improvement

disappears for loans (in both PredictableRisk and UnpredictableRisk), especially after the

control of OtherT imeSeries.

Overall, the borrower study highlights two findings: First, the observable risk of listings

has worsened over time, although the grade composition of listings has migrated away from the

worst grades. This is partly due to the macro environment. Second, Prosper policies counter

these trends and have helped improve the observable risk of listings, which in turn help lenders

identify better observable risks. This effect is more concentrated in grades E and HR, probably

because the February 2007 policy targets E and HR.

6 Lender Study

In this section we discuss how new lenders on Prosper differ from veteran lenders and how lenders

learn over time from the performance of their own portfolios. Questions of particular interests

are (1) whether lenders who join Prosper at different times have a different degree of knowledge

about the market than those that entered previously and (2) how quickly lenders learn about

the pitfalls of lending to high risk borrowers.
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6.1 General Patterns

New lenders differ from veteran lenders in one very obvious dimension – they are much more

active. Figure 6.1 plots weekly averages of dollars invested over time and by lender cohort. In

this figure and the figures to follow in this section, a cohort is defined as a group of lenders who

fund their first loan in a given quarter30. The average weekly investment amounts drop quickly

after the first few weeks of life for all cohorts, leveling off at just under $100 in a given week.

This time profile is driven by two patterns. First, after their first week or two on Prosper, most

lenders are inactive in a given week. While not shown here, the median investment amount of

each cohort quickly falls to zero after the initial period of activity. Second, Figure 6.2 shows

that conditional on being active in a given week, lenders decrease the amount that they invest

as they age. These results further support the conclusion in Section 4 that at a given point in

time, there will be competition between a large number of new, highly active lenders and less

active veteran lenders.

Comparing the types of loans cohorts choose to fund, Figures 7.1 through 7.4 plot the percent

of an average active lenders portfolio invested in AA to A loans, E to HR loans, autofunded loans,

and group loans by cohort and week, respectively. As discussed in section 4, there is a general

trend toward funding loans in lower risk categories and avoiding loans in higher risk categories.

Furthermore, upon entry, new cohorts pick up the general market trend in what types of loans

are of lower risk. This phenomenon could be driven by the pool of available listings or the

macro environment. Alternatively, new lenders could fully process all of the information about

the market’s past performance before entry, and thus make the same decisions as an existing

lender.

6.2 Regression Analysis

Lenders could change their behavior over time for a variety of reasons. We are particularly

interested in identifying what portion of these behavioral changes comes from a lender’s potential

preference to shift risk as she ages and what portion is driven by a lender learning from the ex-

post performance of previous loans.

To address these questions we estimate three types of regressions at the lender-week level.
30In the interest of clarity, we display plots of the second and fourth cohort of each year. Excluding the first

and third cohorts does not change the suggested patterns of these figures.
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These regressions describe a particular behavior of lender i in week t as a function of lender

i’s age at time t and characteristics and performance of the lender’s portfolio up through week

t−1. The outcome behaviors that we look at are whether or not a lender funds a loan in a given

week, and conditional on funding a loan in a given week, the investment amount and the average

characteristics of loans funded. The following three equations describe these regressions:

FundedALoanit = g1(LenderAgeit, PortCharit−1, PortPerit−1) + µ1i + γ1t + ε1it(4)

AmountFundedit = g2(LenderAgeit, PortCharit−1, PortPerfit−1) + µ2i + γ2t + ε2it(5)

AvgLoanCharit = g3(LenderAgeit, PortCharit−1, PortPerfit−1) + µ3i + γ3t + ε3it(6)

Equation 4 is a linear probability model31 where FundedALoanit is a dummy for whether

or not a lender funded at least one loan in a given week. Equations 5 and 6 only include the

sample of lenders who funded at least one loan in week t. In Equation 5, AmountFundedit

is the dollar amounted invested by an active lender in a given week. Equation 6 is estimated

for various AvgLoanCharits, including the percentage of an active lender’s investment in AA

to A, B to D, E to HR, autofunded, and group member loans along with the average amount

requested.

LenderAgeit includes a dummy indicating a lender in her first month and a dummy indicating

a lender in her second through sixth month on Prosper in a given week. PortCharit−1 includes a

lenders HHI and portfolio size through the previous week. PortPerfit−1 includes the percentage

of a lender’s portfolio through the previous week that has ever been late in a variety of categories.

These categories include grades AA to A, B to D, E to HR, and NC; autofunded and non-

autofunded loans; loans where the borrower requested less than $5,000, between $5,000 and

$10,000, and greater than $10,000; and loans to group and non-group members. Note that

when estimating the various versions of Equation 6, we only include the performance variables

directly related to the dependent variable. For example, when the dependent variables is the

percent invested in a particular credit grade, we only include the percent of the lender’s portfolio

that has ever been late in each of the credit grades, and exclude the autofund, group, and size

categories.

We report regressions with week fixed effects (γjt)32 and with and without lender fixed effects

31Because we will use a large number of fixed effects, we choose a linear probability model over a probit model

for this set of regressions
32Results of identical regressions with controls for macro variables and Prosper supply, demand, and market

performance instead of week fixed effects are very similar.
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(µji). Specifications with lender fixed effects reflect within lender learning, while the difference

between specifications with and without these fixed effects reflect selection.

The results of specifications of Equations 4, 5, and 6 with lender fixed effects are reported in

Table 7.1. As expected, the first two columns show lenders are less likely to invest and invest less

when active as they age. Most interestingly, lenders show strong responses to misperformance

of loans in their portfolios. In almost all categories, lenders are less likely to invest and invest

less when previous loans become late.

The final 6 columns display the coefficients from the different versions of Equation 6. Looking

at the credit grade regressions, some very interesting patterns emerge. First, controlling for the

performance of lenders’ portfolios, lenders are more likely to fund AA to A and E to HR loans

in their first month on Prosper. As lenders age, they move away from these two extremes and

toward B to D loans. As their portfolio size increases they move toward AA to A loans, but this

effects is much smaller than the discrete effects of the age dummies. This result suggests that

the shift toward AA to A loans in the raw data is not a result of lender preferences shifting with

age, changes in the macro environment, changes in the listing pool, or general learning about

the platform.

The coefficients on the portfolio performance variables shed light on this discrepancy. As

lenders observe late loans, they tend to decrease their funding of loans in the grade with the

adverse shock and increase their funding of higher quality grades. When observing late B to D

loans, lenders move away from loans in all grades lower than this and toward AA to A loans.

When observing late E to HR loans, lenders move away from E to HR loans and toward higher

credit grades. These results indicate strong evidence of learning. The high late and default

rates of E and HR loans have driven lenders away from these loans and toward higher credit

grades as lenders have learned about the dangers of investing in these lower credit grades. These

effects have been strong enough to over take lenders preferences to move away from AA to A

loans as they age and drive the trend toward funding more of these loans. The coefficients in

the Autofunded, Amount Requested, and Group columns show similar patterns. These results

provide evidence that lenders learn to credit ration more as these characteristics are revealed to

be negative signals.

Comparing these results to the estimates in Table 7.2, which exclude the lender fixed effects,

provides evidence consistent with conclusions from the raw data that subsequent cohorts of

lenders join Prosper with similar information to existing cohorts at that time (and therefore
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more information than the existing cohorts had when they joined). The coefficients of the

ever late variables in the second through eighth column are smaller in absolute value than the

corresponding coefficients in Table 7.1 in almost all cases, which suggests this selection effect.

The logic is best understood through an example. In Table 7.1, a 10 percentage point increase in

a given lender’s ever late E to HR loans causes that lender to increase his portfolio’s composition

of AA to A loans by 1.89 percentage points. On the other hand, in Table 7.2, we identify that

conditional on a point in time (because of the week fixed effects) one lender with 10 percentage

points more E to HR loans ever late than another lender will invest in 0.30 percentage points

more AA to A loans.

The difference between these two estimates implies that this regression is plagued with a

selection bias. Namely, newer lenders at a given point in time are less likely to have late loans in

their portfolio mechanically. If removing this bias (by adding lender fixed effects) increases the

coefficient, it implies that the omitted indicator of lender cohorts was attenuating the coefficient

in the specification without lender fixed effects. Intuitively, excluding the lender fixed effects

makes the learning gradient look less steep because it is ignoring the fact that new lenders join

Prosper with more information than the veteran lenders had when they joined, and thus have

to learn less in order to make the same investment decisions as a veteran lender.

The final aspect of lender learning to address is how it has changed over time, particularly in

light of Prosper’s policies to improve information and change the group structure. Anecdotally,

the interaction between the increased information availability and lender learning has been

important. On a recent blog, an experienced lender summarizes his first two years as a Prosper

lender:

“(It was) Euphoric when the first loan I bid on became active and depressing when

I followed it to Default... I’ve had good and bad borrowers in all credit brackets.

Initially I felt like I could ignore some of the data and bid to help people. Boy did

that hurt!... The information we have now is so much better than before. I cant

believe I bid so blindly early on, but it was all we had.”33

In order to analyze this interaction, we run the same specifications described above with the

lender fixed effects and interact all explanatory variables with dummies for the three information

regimes. In the group specification, the group ever late variables are instead interacted with
33Source: http://blog.prosper.com/2008/05/06/reflecting-on-two-years-of-lending/
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dummies for the group policy regimes. In each regression, we use an F-test to jointly test the

hypothesis that the coefficients for each ever late category are not different across regimes. For

example, in the autofunded specification, the null hypothesis is that the coefficients of percent

ever late in autofunded loans are the same in all three information regimes jointly with the

hypothesis that the coefficients of percent ever late in non-autofunded loans are the same in all

three regimes.

Results of these F-tests are presented in Table 8. For all three grade regressions, we cannot

reject the null at the 5% significance level and conclude that lenders do not change their response

to late loans when choosing which credit grades to invest in. On the other hand, we do reject the

null in the autofunded and amount requested regressions. The implication is that lenders have

changed how they make funding decisions on these dimensions over time. In results not reported,

the autofunding results seems to be driven by a much larger response to late non-autofunded

loans in the second regime as compared to the other two regimes. In terms of amount requested,

the results are more interesting. In each regime, the coefficients show that lenders became more

and more responsive to loan size. In particular the coefficients on the largest loan category goes

from -1,074.607 in the first regime to -4,236.189 in the third regime. It appears that lenders

have stronger responses to large loans being late in the later regimes. Unfortunately, we cannot

identify if this result is driven by a convex learning path over time or some change in how lenders

respond to the signal of a large loan as more information is available about the borrowers asking

for these large loans.

Finally, we reject the null in the group specification. This result is mostly driven by the

coefficient on ever late loans to group members being positive in the first regime and then

negative in the second and third regimes. A likely explanation is that in the first regime,

lenders saw bad shocks to group loans as bad luck. Meanwhile, increased marketing of group

loans increased funding of group loans despite realizations of bad outcomes. As these shocks

accumulated and group ratings began to potentially show that groups did not perform well,

lenders began to interpret these late group loans as systematic and thus reduced their investment

in group loans during later regimes.

Overall, we find evidence of both lender selection and lender learning. Across cohorts,

lenders that join Prosper in later periods are more likely to fund better credit grades than the

earlier cohort funded at time of entry. This could occur naturally because newer lender cohorts

have more historical data to consult and Prosper and the lender-sponsored statistical websites

have made the information easier to digest. Within an individual lender, we find that the mis-
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performance of his existing portfolio leads the lender to avoid loans with similar characteristics

and, when it is possible, move toward the grades that are better than the problematic ones.

Within-lender evidence also suggests that the mis-performance of existing portfolios leads to

less lending activity in the future.

7 Expected Rate of Return

So far we have shown evidence that both borrower risk and lending practice have changed

dramatically over time on Prosper.com. What does this mean for a Prosper lender? Although

anecdotes suggest that some Prosper lenders may have charity motivations or enjoy the fun

of lending on Prosper, most lenders we interviewed at the 2008 Prosper Days Conference are

interested in “doing well while doing good.” This brings us to the bottom line – rate of return.

In theory, the calculation of rate of return depends on how a borrower behaves throughout

the duration of the loan. Since all Prosper loans are three years, the majority of them are still

ongoing unless they were paid early or have already defaulted. This fact implies that any return

calculation of Prosper loans entails a set of assumptions on future borrower behavior.

7.1 Existing estimates

Both Prosper and lender-sponsored websites report estimated returns for Prosper loans. For a

given portfolio, Prosper assumes that roll rates from one loan status to another are revealed in

the historical performance of the portfolio.34 For example, a 1-month-late AA loan has a 42%

probability of becoming 2-months late, and a 2-months-late AA loan has a 71% probability of

becoming 3-months-late. Prosper also makes assumptions on the probability of early payment-

in-full (3.5% for AA, 0.5% for HR) and the probability of loss recovery if default. Taking

each month as a unit, these assumptions enter the calculation of monthly interest payments

and monthly credit losses (net of lender fees). Once the payments and losses are calculated,

Prosper sums the two and divide it by the monthly average of unpaid principal. Annualizing

this figure results in an annual return for that month. The estimated monthly returns are then
34When there is inadequate data to calculate meaningful roll rates from the portfolio, Prosper applies substitute

roll rates by credit grade. The substitute roll rates only apply to statuses of over 30 days past due. If the portfolio

is too small (or too young) to yield a roll rate from “current” to “0-30 days late”, Prosper does not report the

estimated return.
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averaged across the whole life of the portfolio, resulting in an overall rate of return. The Prosper

calculated return for our sample (loans originated between 4/19/06 and 12/31/07), as observed

on 1/11/08, is 6.91% for AA, 5.99% for A, 3.15% for B, 2.10% for C, 1.63% for D, -9.31% for E,

and -26.49% for HR. The weighted average return is -2.94% if the weight is the number of loans

per grade, or 0.76% if the weight is the loan amount by grade.

LendingStats, a third party website, uses more pessimistic roll rate assumptions but puts

more emphasis on actual performance than predicted performance. In particular, it takes the

current status of a loan as given, and does not project its future risk until it is late. In that

case, it is assumed that a 1-month-late loan will default with a 50% probability and loans that

are more than 1 month rate will default for sure. Default loans are subject to the loss recovery

rate reported by Prosper. Based on this assumption, LendingStats estimates rate of return (for

a lender’s portfolio) as the average interest rate minus average lender fees minus an annualized

rate of loss.35 As LendingStats recognizes, this calculation is very rough and does not account

for any listing attributes. It also focuses on the current performance except for weighing the

late percent with a roll rate. Because many loans are too new to default (by definition), despite

their pessimistic assumption of the roll-over from late to default, LendingStats estimates that

the mode of return per lender is around 12%.36

7.2 Our estimates

Given the arbitrariness in the existing calculations of rate of return, we adopt a different method

under the principles that (1) a lender will consider as much information as possible at the time

of listing and (2) he should project the late and default risk throughout the three-year duration

of the loan. More specifically, a lender should project a monthly cash inflow for each of the

36 months, compute the present value of the 36 expected payments, and compare it with the

original loan amount. Rate of return is the annual discount factor that equalizes the present

value of all payments and the loan amount. We believe this method reflects the rate of return

that a lender expects to earn at the start of the loan if he can perfectly predict the statistical

distribution of loan performance. Specifically, our method consists of five steps:

• Given a loan amount and the interest rate of the loan, calculate the amortized monthly

payment (MonthlyPay) and the proportion that goes into the payment of principal

35The rate of loss is set equal to 1− (1− LatePercent−DefaultPercent)365/PortfolioAge.
36Another different return calculation is available on Ericscc.com.
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(MonthlyPrincipalPay).37

• Following Section 5, regress the observed monthly performance of each loan (a dummy

equals to one if the loan is default or late)38 on an exhaustive set of loan age dummies

plus all the listing variables available since April 19, 2006. This yields PredictableRisk

by loan-month for the loans that were originated on Prosper between April 19, 2006 and

December 31, 2007. 39 Because both observed and predicted probability of default or late

are concave by loan age40, we assume the predicted probability of default or late after the

last observed month remains the same as what we have estimated for month 18.41

• For loan i at month t, define PrincipalRemainit as the remaining principal after consid-

ering the possibility of default or late in that month. 42

• For loan i and month t, define NetMonthlyReturnit as the difference between the expected

payment and lender service fees.43

• Solve for the rate of return that equalizes LoanSize to the sum of the present value of

NetMonthlyReturn from month 1 to month 36, while using rate of return as the discount

factor.

Compared to Prosper and LendingStats, our method incorporates the complete history of loan

performance and uses it to predict time-varying credit risk through the whole life of a loan. In

doing so, we attempt to capture the rate of return that a lender with fully rational expectation

should expect from a Prosper loan by using information observable in the listing. Since our

numerical solution uses Newton search on a highly non-linear function, one shortcoming is that

there is no guarantee we can find a unique solution of rate of return for a given loan. When
37Specifically, we define MonthlyPay = [(InterestRate/12) ∗ LoanSize ∗ (1 + InterestRate/12)36]/[(1 +

InsterestRate/12)36 − 1]. MonthlyPrincipalPayt = (MonthlyPay − InterestRate ∗ LoanSize/12) ∗ (1 +

InterestRate/12)(t−1).
38If a loan is defaulted at month t, it is counted as default in all months after t.
39Some loans are not predictable if one or two listing attributes perfectly predicts its actual performance.
40In our regression, the loan age dummies are increasing up to month 10 and bounce around after month 10.

Statistical tests of these coefficients suggest that the month-to-month change is statistically significant up to

month 10 but becomes insignificant after month 10.
41We choose month 18 because we have too few observations for month 19 and month 20 in our estimation.
42We calculate this iteratively. In the first month of the loan, PrincipalRemaini1 = LoanSize−MonthlyPay∗

(1 − PredictableRiski1). For the other months, PrincipalRemainit = PrincipalRemainit−1 − MonthllyPay ∗
(1− PredictableRiskit).

43The expected monthly payment is set equal to MonthlyPay ∗ (1 − PredicableRiskit). The monthly lender

service fee is set equal to LenderFee/12 ∗ PrincipalRemainit.

34



we report estimated returns, we report the percentage of convergence. In unreported efforts,

we also check and ensure that the converged loans are not systematically different from the

non-converged ones.

Table 9 reports three versions of our rate of return estimates (method 1, method 2, method

3). They differ by how we predict the risk of default or late by loan-month: using listing

information available since April 19, 2006, since May 30, 2006, or since February 12, 2007.

Because Prosper progressively adds credit information on these dates, the sample size differs.

The last one (method 3) is most problematic: for loans originated after Feb. 12, 2007, we only

observe their performance up to month 9. Assuming the probability of default or late does not

increase after month 9 is definitely too optimistic, given that we know the early cohorts do not

stop becoming default or late until month 10. This is why method 3 yields a higher return

than method 1 and method 2. Focusing on method 1 and method 2, we find both exhibit large

heterogeneity across loans, ranging from -22% to +34%. The mean return under method 1 is

6.05%, and the mean under method 2 is 5.89%. The similarity of the two methods and the

relatively larger sample size of method 1 returns lead us to focus on method 1.

We use four figures to describe the distribution of returns estimated by method 1. Figure

8-1 plots a fractional-polynomial fit of the estimated return as a function of interest rate, for

grades AA-A, B-D, and E-HR respectively. Consistent with Stiglitz and Weiss (1981), we see

non-monotone functions for grades B-D and E-HR, suggesting that a return-maximizing lender

should ration these borrowers at an interest rate around 25% if he does not observe anything

else.44 In comparison, the curve corresponding to AA-A is increasing up to 10-11% and becomes

flat afterwards.

Figure 8-2 presents the kernel density of the estimated returns by credit grades. On average,

grades B-D seem to have slightly higher rate of returns (8.27%) than the other categories (6.78%

for AA-A and 1.73% for E-HR), , but AA-A have the tightest distribution, suggesting that AA-

A is safer than B-D. It is not surprising that E-HR loans have the longest left tail and the

lowest return on average, both of which imply worse risk from the lender’s perspective. The

distributions also suggest that some lenders may not be experienced enough to foresee a negative

return from the risky loans. As shown in Section 6, these mistakes lead them to learn over time.45

44More precisely, if we compute the average return by interest rate for the three grade categories (AA-A, B-D,

E-HR), the return-maximizing interest rate is 25% for B-D and 24% for E-HR.
45Another explanation for the negative rate of return is charity. However, if charity is the dominant motivation,

we should not see within-lender learning over time, especially towards better returns.
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Figure 8-3 plots a fractional-polynomial fit of the estimated return, interest rate, and pre-

dicted risk of default or late as a function of loan origination month. It is clear that over time the

estimated return drops slightly until the end of 2006 and increases afterwards. The two vertical

lines drawn on this picture represent the timing of the two changes in Prosper information policy

(Feb-07 and Oct-07). While we do not know whether the policy changes have any causal effect

on the increase of return, they definitely coincide with the trend. Since the estimated return

considers both interest rates and predicted risk of default or late, it is interesting to compare

the estimated return against these two components. Consistent with our borrower and lender

studies, the predicted risk of default or late declines over time, partly because Prosper policies

have tried to steer lenders toward better credit grades, and partly because lenders learn from

their own mistakes. However, moving toward better grades also imply lower interest rates, which

is a counteracting factor in the return calculation.

Figure 8-4 gives an even clearer picture of how the estimated return evolves over time. Within

each grade category, return tends to decline over time except for AA-A. However, the overall

return increases after February 2007 as the loan distribution moves away from grades E and HR

and towards AA-A.

7.3 Why are our estimates different from the Prosper-reported returns?

Our rate of return estimates are systematically higher than the Prosper estimates for two reasons.

First, we look at rate of return from a different angle. Our goal is quantifying the rate of return

that a senior loan officer would expect to earn from a loan, under the assumption that he can

perfectly predict the probabilistic distribution of loan performance conditional on observable

attributes of the loan. By this principle, we can apply the same “senior-officer” knowledge to

different loans and compare their returns on the same ground.

In contrast, Prosper treats each portfolio differently. They use the historical performance of

the portfolio to predict the future payment. Even if two portfolios look identical in observable

attributes, their loan performance may differ due to random realizations of the risk. Also, as

loans age, the historical performance continually changes, which explains why Prosper predicts

different returns for the same portfolio if the observation date is different.46 The Prosper algo-

rithm implicitly assumes that the lender will always set his belief of future payment equal to

the up-to-date performance of the portfolio. While some belief change may take place within
46The fluctuation of Prosper estimated return has been a subject of frustration according to some lender blogs.
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non-sophisticated lenders, setting belief equal to portfolio performance does not allow the lender

to distinguish random factors from the fundamental risk of the loans. For this reason, we believe

our rate of return estimate is more appropriate to measure and compare the “expected” returns

of different loans.

The second difference between us and Prosper lies in the specific algorithm. We try to predict

the risk of default or late throughout 36 months by accounting for the non-linear relationship

between the risk and loan age. When we regress loan-month performance on listing attributes

and loan age, we find that, everything else being equal, the risk of default or late is concave

across loan age. According to our regression results, the predicted risk of default or late is by

and large increasing up to month 10 but the month-by-month change is not statistically different

after month 10. One may argue we lack the statistical power to detect significant risk change at

the higher loan ages observed in the data (19 and 20 months), but the insignificant change from

month 10 to month 11 suggests that the concavity of loan risk is fundamental. This implies that

new default or late is more likely to happen in the earlier life of a loan. If a loan has already been

current in month 10, the chance of observing it default or late in month 11 is close to zero. This

pattern stands out in the raw data as well. Figure 9 plots the observed fraction of default or

late against loan age for our estimation sample. It is clear that the risk increases almost linearly

from month 1 to month 7, but starts to slow down afterwards, and even drops after month 13.47

We believe the concave aging of credit risk is the most important determinant of our return

estimates. In comparison, since Prosper uses the real performance of loans to estimate the roll

rate from one status to another, the roll rates disproportionally reflect the risk realized in the

early life of a loan. Applying the observed roll rates to the later life of the continuing loans

tends to over-estimate the risk and therefore under-estimate the rate of return.

7.4 Potential Bias

While we believe our model has captured the fundamental risk of a loan, it is important to

acknowledge that our rate of return estimates are subject to potential bias in both directions.

On the one hand, our rate of return estimates may be downward biased because we try to be

conservative in the calculation of cash flows. Specifically, we treat default or late as permanent
47Although default is permanent, borrowers may make up the late payment and therefore show smaller risk of

being late as the loan progresses.
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loss in the corresponding month and therefore do not count a delayed payment as cash inflow

in the future, we assume away any loss recovery from default loans, and we do not account for

the late fees that a lender may receive from a late-but-non-defaulting borrower. We also don’t

factor in the probability of early payment, which essentially assumes that every dollar paid early

will be reinvested in a loan that represents the average risk of our loan sample.

On the other hand, our rate of return estimates may have overestimated the return of

investment because we do not consider any cost that lenders may incur in processing Prosper

information. For example, the time that lenders spend on screening listings and digesting Prosper

history could be long and stressful. To put things in perspective, suppose a lender spends half

an hour per listing. For an average 7% funding rate, he needs 7.1 hours to find one loan worth

investing. If the opportunity cost is $20 per hour, the information processing cost for an average-

sized loan ($6275) will reduce the average return from 6.05% to 3.77%. The number will be even

lower if lenders need to pay for Internet access from time to time, or if lenders suffer emotional

frustration after seeing default or late loans in their portfolio. Lastly, our rate of return estimates

are based on the average loan performance observed from April 19, 2006 to January 11, 2008, a

period that stretches from the end of a boom to the beginning of a recession. If the recession

prolongs and worsens over time, the reported return will end up over-estimating the actual rate

of return.

To summarize, we construct an estimate of “expected rate of return.” Our method suggests

that loans originated on Prosper between April 19, 2006 and December 31, 2007 could yield an

expected return of 6% if Prosper lenders invest the same amount of money in every loan of this

portfolio.

8 Conclusion

The first two years of Prosper has enlivened the concept of P2P lending, but the road towards

success is full of challenge. While it is tempting to expect P2P lending to alleviate credit

rationing for near- or sub-prime risks, we find Prosper evolving from a comprehensive market

toward a market that primarily serves borrowers who have access to traditional credit. This

implies that Prosper will compete head-to-head with the traditional banks, rather than pick up

a missing market. This pattern is not unique to Prosper. In fact, a newer P2P lending website,

Globefunder, explicitly targets the borrowers that have credit scores of 640 or above, which is
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even more restrictive that what is allowed on Prosper.

How can Prosper compete with traditional banks? Our study suggests that the microfinance

approach, as implemented through Prosper groups, has failed to select good risks or enhance

loan performance. But on the up side, lenders are learning fast about the pitfalls of P2P lending

thanks to the transparency of Prosper. Our calculation suggests that, if the loans continue to

perform as what we have predicted from the market performance, Prosper loans could yield an

average return of 6%.

From the lenders point of view, it is important to consider this rate of return relative to other

investment vehicles. Here we focus on two comparison groups: for common stocks, the historical

annualized return to the S&P 500 from January 1, 1950 through December 31, 2007 has been

8.17%. Over the time corresponding to our analysis sample (April 19, 2006 through December

31, 2007), the S&P 500 annualized return is 6.93%48. For less risky assets, the average 6-month

CD market yield as reported by the Federal Reserve over this period is 5.29% and the average

US Treasury bill 3-year fixed maturity market yield is 4.55%49.

In short, our estimated average rate of return on Prosper loans is below the long-run return

to the S&P 500, but compares favorably to safer options such as CDs and T-bills. However,

all these comparisons are subject to a number of caveats. First, our estimation does not take

into account any cost that lenders may incur in processing Prosper information. Nor do we

consider the emotional frustration that lenders must go through in the event of default or late

loans. All of these hidden costs, if accounted, could lead to a rate of return much lower than

6%. Second, all the comparison investment can all be sold in the secondary market (potentially

with fees), whereas Prosper loans must be held by the original lenders until maturity, default,

or early payment. In this sense, Prosper lenders cannot exit the market if they see a downturn

in performance. Third, the distribution of returns to Prosper loans is more dispersed than CDs

and Treasury bills. This implies that Prosper loans should entail a risk premium on top of the

risk-free returns.50

Looking forward, the future of Prosper will depend on the length and strength of the reces-

sion. On the positive side, recession and a credit crunch may improve the pool of Prosper listings
48S&P 500 returns are computed from closing prices reported by Yahoo Finance. Annualized returns are

calculated as exp(ln(close at end date / close at start date)/ # of years)-1).
49These average rates are calculated as the average of the reported daily yields.
50It is difficult to quantify the risk premium needed for Prosper loans because Prosper loans differ from the

stock market in many dimensions.
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if banks in deep debts have to turn away good risks and force them to seek credit via alternative

channels. However, if banks tighten the credit because they are more careful selecting good

risks, this could lead to an adverse selection that worsens the risks on Prosper. More directly, a

long recession may significantly reduce the payment ability of Prosper borrowers, leading to a

realized return lower than our current estimate. Aside from recession, Prosper also faces com-

petition from a number of other P2P lending websites, as well as the competitive reaction from

traditional banks. Both may undermine Prosper’s ability to explore the economy of scale of P2P

lending and hence the cost advantage that Prosper needs to survive the competition.
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Table 1.1: Summary of Listings and Loans By Quarter 
  Listings  Loans 

Quarter Number 
Total Dollars 

(Million) 
Mean 

Dollars 

Mean 
Borrower 
Max Rate 

% 
Funded  Number 

Total 
Dollars 

(Million) 
Mean 

Dollars 

Mean 
Lender 

Rate 
% Default 
on 1/11/08 

% Late 
on 

1/11/08 

% Default 
or Late on 

1/11/08 
2005Q4 59 0.27 4561.31 9.92% 38.98%  22 0.08 3572.23 8.81% 0.00% 0.00% 0.00% 
2006Q1 4483 30.24 6745.23 14.67% 9.37%  324 1.59 4896.10 15.85% 20.37% 2.47% 22.84% 
2006Q2 17858 93.86 5255.96 15.86% 7.46%  1276 5.76 4516.21 18.29% 22.18% 4.62% 26.80% 
2006Q3 19776 107.31 5426.25 18.15% 9.97%  1938 9.42 4860.95 19.40% 21.83% 5.99% 27.81% 
2006Q4 31638 196.63 6215.06 17.45% 8.00%  2413 11.62 4814.16 18.95% 20.85% 7.29% 28.14% 
2007Q1 31382 263.32 8390.91 16.72% 10.17%  3087 19.99 6474.29 17.35% 13.61% 7.97% 21.57% 
2007Q2 37511 331.71 8843.07 17.51% 8.08%  3124 23.59 7550.56 17.41% 5.60% 9.25% 14.85% 
2007Q3 39364 328.88 8354.96 18.06% 6.72%  2674 18.50 6916.69 17.31% 0.56% 5.83% 6.39% 
2007Q4 41587 334.26 8037.57 18.41% 6.28%  2594 18.98 7318.50 17.11% 0.00% 1.27% 1.27% 
Total 223658 1686.49 7540.48 17.52% 7.94%  17452 109.52 6275.39 17.80% 10.80% 6.21% 17.01% 

Notes: Late refers to loans at least 2 weeks late.  Default refers to loans that are default from delinquency, default from bankruptcy, 4+ months late, or repurchased. 
 

Table 1.2: Borrower Activity By Quarter 
 

Quarter 
Unique 

Borrowers 
New 

Borrowers 

Number of 
Borrowers 
Relisting 

Mean 
Listings 

per 
Borrower 

2005Q4 32 32 15 1.78 
2006Q1 2290 2275 1043 2.15 
2006Q2 8922 8345 4482 2.37 
2006Q3 9886 8630 5197 2.75 
2006Q4 15048 13064 8210 2.91 
2007Q1 17457 15157 8701 2.42 
2007Q2 19850 17147 10648 2.39 
2007Q3 19982 16347 11186 2.72 
2007Q4 21693 16532 12140 3.17 
Total 97529 97529 50061 2.70 
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Table 1.3: Lender Activity By Quarter 

Quarter 
Total 

Lenders 
Active 

Lenders 
New 

Lenders 

Mean Loans 
per Active 

Lender 

Median 
Loans per 

Active 
Lender 

Mean Loan 
Size 

Median 
Loan Size 

Mean HHI 
of Active 
Lenders 

Median HHI 
of Active 
Lenders 

2005q4 19 19 19 5.05 3 726.63 500.00 4871.10 3341.26 
2006q1 788 787 769 10.54 5 135.53 82.14 3660.06 2332.30 
2006q2 2954 2821 2166 15.11 6 123.99 64.29 2812.75 1626.30 
2006q3 5529 4634 2575 15.53 5 106.27 60.10 2381.63 1186.62 
2006q4 9891 7989 4362 12.67 5 97.31 58.77 2451.84 1200.00 
2007q1 17602 14339 7711 13.52 5 92.69 58.33 2301.07 1111.11 
2007q2 23379 17168 5777 13.54 5 97.00 58.33 1864.25 858.88 
2007q3 27650 16959 4271 11.23 4 90.74 56.82 1653.97 714.29 
2007q4 32764 18909 5114 11.72 4 84.36 52.94 1604.24 682.87 
Total 32764 32764 32764 32.43 11 97.65 58.82 2355.04 1000.00 

Notes: Active Lenders are those who fund at least one loan in a given quarter.  New Lenders are lenders who fund their first loan in a given quarter.  Mean and 
Median Loan Size reflect the mean and median of the average loan funded by a given lender in a quarter. 
 
Table 1.4: Percent of Lenders Portfolio Ever Late By Quarter 
  Active Lenders Active Veterans All Lenders All Veterans 

Quarter Mean Median Mean Median Mean Median Mean Median 
2005q4 0.00% 0.00% --- --- 0.00% 0.00% --- --- 
2006q1 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 
2006q2 0.76% 0.00% 2.16% 0.00% 0.85% 0.00% 2.27% 0.00% 
2006q3 2.24% 0.00% 4.37% 0.36% 3.34% 0.00% 5.77% 0.00% 
2006q4 2.62% 0.00% 5.53% 2.00% 4.42% 0.00% 7.74% 0.81% 
2007q1 2.49% 0.00% 5.19% 0.94% 4.42% 0.00% 7.73% 0.00% 
2007q2 3.81% 0.00% 5.59% 1.47% 6.45% 0.00% 8.48% 0.63% 
2007q3 5.96% 0.13% 7.82% 4.90% 10.00% 1.95% 11.75% 5.26% 
2007q4 7.08% 1.98% 9.65% 6.90% 12.45% 4.89% 14.72% 8.47% 

Notes: Ever Late refers to a loan that is more than 2 weeks late or has ever previously been at least 2 weeks late.  Active Lenders are lenders who fund at least 
one loan in a given quarter.  Veteran Lenders are those who are not in their first quarter on Prosper. 
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Table 2: Funding Rate and Loan Performance By Credit Grade 

Prosper Loans originated 4/19/06-12/31/07 
Conditional on debt-
to-income ratio <20% 

Credit 
Grade Number of 

Listings 
Number of 

Loans 
Funding 

Rate 
Average Lender 

Rate 

% 
Default 

on 
1/11/08 

% 
Late 
on 

1/11/08 
% Default or 

Late on 1/11/08 

% Default 
on 1/11/08 
(Prosper 

loans) 

Experian 
Historical 

default 
rate 

AA 5418 1754 33.04% 9.56% 1.82% 1.60% 3.42% 1.58% 0.2% 
A 6150 1733 28.62% 11.70% 2.60% 3.00% 5.60% 2.28% 0.8% 
B 9740 2236 23.54% 14.20% 3.44% 4.38% 7.83% 4.06% 1.8% 
C 18762 3101 16.79% 17.09% 5.39% 6.32% 11.71% 5.58% 3.3% 
D 28297 3049 10.91% 20.11% 8.30% 6.07% 14.37% 7.88% 6.2% 
E 39781 2318 5.86% 23.66% 17.39% 9.28% 26.66% 19.10% 10.4% 
HR 107383 2592 2.43% 23.48% 28.28% 11.00% 39.27% 29.64% 19.1% 
NC 1620 132 8.09% 21.62% 46.21% 5.30% 51.52% 50.00% -- 

Notes: For Prosper loans, late refers to loans at least 2 weeks late; default refers to loans that are default from delinquency, default from bankruptcy, 4+ months 
late, or repurchased. 
 
 
 
Table 3: Funding Rate and Loan Performance By Group Status and Group Regime 
 Prosper listings and loans 4/19/06-12/31/07 

 Group Regime 

Number 
of 

Listings 
Funding 

Rate 

Mean 
Lender 

Rate 

% 
Default 

on 
1/11/08 

% 
Late 
on 

1/11/08 

% 
Default 
or Late 

on 
1/11/08 

April 2006 - October 2006 18086 5.76% 18.88% 18.31% 6.48% 24.79% 
October 2006 - September 2007 76997 5.21% 17.11% 6.36% 6.41% 12.76% 

Borrower in a 
Group 

September 2007 - December 2007 40711 5.83% 16.78% 0.00% 1.64% 1.64% 
April 2006 - October 2006 23628 10.78% 19.09% 23.44% 5.32% 28.76% 
October 2006 - September 2007 49748 12.90% 17.90% 11.11% 8.71% 19.83% 

Borrower not in a 
Group 

September 2007 - December 2007 7981 9.52% 18.32% 0.00% 1.15% 1.15% 
Notes: Late refers to loans at least 2 weeks late.  Default refers to loans that are default from delinquency, default from bankruptcy, 4+ months late, or 
repurchased. 
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Table 4: Summary Statistics for Listings and Loans (listed in 4/19/06-12/31/07) 
  Listings Loans 
Variables Obs Mean Std. Dev. Obs Mean Std. Dev. 
Info Available since 4/19/06       
creditgrd_2A 217151 0.02 0.16 17149 0.10 0.31 
creditgrd_A 217151 0.03 0.17 17149 0.10 0.30 
creditgrd_B 217151 0.04 0.21 17149 0.13 0.34 
creditgrd_C 217151 0.09 0.28 17149 0.18 0.39 
creditgrd_D 217151 0.13 0.34 17149 0.18 0.38 
creditgrd_E 217151 0.18 0.39 17149 0.14 0.34 
creditgrd_HR 217151 0.49 0.50 17149 0.15 0.36 
creditgrd_NC 217151 0.01 0.09 17149 0.01 0.09 
amountrequested 217151 7573.29 6341.44 17149 6335.21 5760.65 
autofunded 217151 0.42 0.49 17149 0.35 0.48 
borrowermaxrate 217151 0.18 0.07 17149 0.20 0.07 
yeshomeowner 217151 0.30 0.46 17149 0.42 0.49 
dti_list 208757 0.58 1.52 16809 0.37 1.16 
in_a_grp_borrower 217151 0.37 0.48 17149 0.57 0.50 
bank_account 217151 0.43 0.50 17149 0.96 0.21 
haveimage_list 217151 0.49 0.50 17149 0.66 0.47 
lengthdesc 217151 1064.61 806.00 17149 1375.96 908.47 
debtconsolidation 217151 0.33 0.47 17149 0.36 0.48 
businessloan 217151 0.23 0.42 17149 0.28 0.45 
carloan 217151 0.60 0.49 17149 0.57 0.50 
mortgageloan 217151 0.15 0.36 17149 0.21 0.41 
healthloan 217151 0.63 0.48 17149 0.73 0.44 
eduloan 217151 0.22 0.42 17149 0.26 0.44 
familyloan 217151 0.20 0.40 17149 0.22 0.41 
retireloan 217151 0.03 0.17 17149 0.04 0.20 
paydayloan 217151 0.07 0.25 17149 0.07 0.26 
saidrelisting 217151 0.01 0.09 17149 0.03 0.16 
countlist_borrower_t 217151 2.71 2.91 17149 2.82 2.43 
Info Available since 5/30/06       
currentdelinquency 205056 4.33 5.55 16474 1.85 3.81 
delinq_7yrs 205056 11.90 16.83 16474 6.68 13.15 
lengthcredithistory 205056 148.33 81.18 16474 155.14 84.86 
totalcreditlines 205056 23.87 13.95 16474 23.72 14.16 
pubrec_10yrs 205056 0.70 1.48 16474 0.45 0.99 
inq_6mnths 205056 4.47 5.21 16474 3.33 4.30 
Info Available since 2/12/07       
amountdelinquent 133576 3667.28 9603.45 10087 1427.52 6978.93 
revolve_bal 134372 10337.43 28641.81 10100 14955.89 37267.53 
currentcreditlines 134372 7.88 5.85 10100 9.34 5.84 
opencreditlines 134372 6.87 5.11 10100 7.88 5.08 
bank_card_ut 134372 0.63 0.44 10100 0.54 0.38 
pubrec_12months 134372 0.08 0.36 10100 0.05 0.25 
yesfulltime 217151 0.51 0.50 17149 0.51 0.50 
yesparttime 217151 0.02 0.16 17149 0.02 0.15 
income25-75K 124373 0.67 0.47 9685 0.65 0.48 
income>75K 124373 0.13 0.34 9685 0.22 0.41 
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Table 4: Summary Statistics for Listings and Loans (listed in 4/19/06-12/31/07), 
continued 
  Listings Loans 

Variables Obs Mean 
Std. 
Dev. Obs Mean Std. Dev. 

Prosper Environment       
max_r_cap 217151 0.22 0.08 17149 0.24 0.07 
borrowerfee 217151 1.38 0.49 17149 1.12 0.32 
lenderfee 217151 0.79 0.25 17149 0.72 0.26 
demand_grade 217151 5106.55 3079.81 17149 2753.60 2378.12 
amount_bid_total 217151 102.75 97.63 17149 155.89 123.62 
percent_Everlate 217151 0.19 0.13 17149 0.10 0.09 
Macro Environment       
ofheo_index 217151 421.80 147.63 17149 421.44 148.77 
bls_unemployment 216766 4.61 0.87 17125 4.67 0.88 
bankprimerate 217151 8.08 0.30 17149 8.11 0.28 
tedspread 217151 0.84 0.60 17149 0.78 0.56 
diff_baa_aaa 217151 0.91 0.08 17149 0.91 0.08 
s_p_500_close 217151 1434.38 82.72 17149 1427.20 84.07 
consumer_loantight 217151 5.69 5.16 17149 5.10 4.80 
consumer_loanease 217151 3.98 4.06 17149 4.52 4.31 
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Table 5: Probability of Funding, Lender Rate and Default/Late as a Function of 
Listing Characteristics (listed 4/19/06-12/31/07) 
 Funded Lender Rate Default or Late  
 Marginal effect / t Coefficient / t Marginal effect / t  
creditgrd_A -0.0022* 0.002* 0.0338***  
 (-9.75) (3.294) (1.787)  
creditgrd_B -0.0038* 0.008* 0.0504*  
 (-24.535) (8.813) (2.652)  
creditgrd_C -0.0053* 0.015* 0.0695*  
 (-39.223) (13.076) (3.502)  
creditgrd_D -0.0082* 0.023* 0.0591*  
 (-48.558) (17.046) (2.838)  
creditgrd_E -0.0163* 0.032* 0.1022*  
 (-58.790) (20.071) (4.267)  
creditgrd_HR -0.1741* 0.033* 0.2068*  
 (-64.471) (20.195) (7.570)  
creditgrd_NC -0.0038* 0.028* 0.2929*  
 (-33.643) (10.462) (5.809)  
duration_2 0.0004 -0.000 0.0145  
 (1.369) (-0.462) (1.003)  
duration_3 0.0006** 0.000 -0.0044  
 (2.356) (0.673) (-0.397)  
duration_4 0.0019* 0.001 -0.0004  
 (7.067) (0.955) (-0.035)  
amountrequested -9.65e-7* 0.000* 4.76e-6*  
 (-58.922) (13.974) (7.700)  
autofunded 0.0026* 0.031* 0.0601*  
 (19.415) (89.164) (9.703)  
borrowermaximumrate 0.2753* 0.612* 1.0422*  
 (28.458) (20.684) (2.836)  
borrowermaximumrate2 -0.3921* 0.243* -0.3958  
 (-19.499) (3.565) (-0.466)  
verylow_bmaxrate 0.1608* -0.065* 0.1721  
 (7.097) (-12.761) (1.150)  
yeshomeowner 0.0010* -0.001** -0.0002  
 (6.944) (-1.988) (-0.038)  
dti_list -0.0049* 0.001** 0.0003  
 (-10.984) (2.242) (0.041)  
dti missing -0.0060* 0.009 -0.0048  
 (-10.904) (1.332) (-0.064)  
dti topcoded 0.8165* -0.010 -0.0159  
 (9.519) (-1.520) (-0.237)  
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Table 5: Probability of Funding, Lender Rate and Default/Late as a Function of 
Listing Characteristics, continued 
 Funded Lender Rate Default or Late  
 Marginal effect / t Coefficient / t Marginal effect / t  
dti X home owner 0.0002*** -0.000 0.0062  
 (1.691) (-0.750) (1.459)  
in_a_grp_borrower 0.0028* -0.006* 0.0029  
 (19.046) (-15.210) (0.457)  
bank_account 0.001* -0.003* -0.7788*  
 (64.399) (-3.535) (-29.724)  
haveimage_list 0.0020* -0.001* -0.0042  
 (15.819) (-3.654) (-0.684)  
lengthdesc 1.81e-6* -0.000* -9.29e-6**  
 (20.397) (-7.637) (-2.362)  
debtconsolidation 0.0002 -0.000 -0.0131**  
 (1.361) (-0.979) (-2.182)  
businessloan -0.0004* 0.001 0.0176*  
 (-3.198) (1.265) (2.747)  
carloan 0.0005* 0.001 0.0127***  
 (3.036) (1.470) (1.898)  
mortgageloan -0.0003 -0.001 0.0050  
 (-1.557) (-1.374) (0.672)  
healthloan 0.0002*** 0.000 0.0126***  
 (1.753) (0.978) (1.861)  
eduloan 0.0001 -0.000 -0.0061  
 (0.549) (-0.032) (-1.004)  
familyloan 0.0000 0.000 0.0296*  
 (0.105) (0.919) (4.457)  
retireloan -0.0012* -0.000 -0.0045  
 (-4.416) (-0.365) (-0.317)  
paydayloan 0.0005*** 0.003* 0.0290*  
 (1.889) (3.217) (2.774)  
saidrelisting 0.0030* 0.002** 0.0131  
 (5.434) (2.324) (0.814)  
countlist_bymem_t -0.0004* 0.001* 0.0048*  
 (-17.123) (6.901) (4.297)  
max_r_cap -0.0023** 0.006** -0.0844**  
 (-2.416) (2.127) (-2.149)  
Year-week FE Yes Yes Yes  
Loan age dummies (in month) No No Yes  
Estimation method Probit OLS Probit  
N 217,151 17,149 15,737  

Notes: Late refers to loans at least 2 weeks late.  Default refers to loans that are default from delinquency, default 
from bankruptcy, 4+ months late, or repurchased. Standard errors are robust.  0.01 - *; 0.05 - **; 0.1 - ***. 
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Table 6-1: Predictable Risks for Loans 04/19/06-12/31/07        
  Predictable Risk of Default or Late Unpredictable Risk of Default or Late 
  (1) (2) (3) (4) (5) (6) (7) (8) 
  coef/t coef/t coef/t coef/t coef/t coef/t coef/t coef/t 

0.001*** -0.000 0.001 -0.002 0.001 -0.000 -0.007 -0.008 Count of Listing Month Since 1105 
(1.855) (-0.304) (0.670) (-1.298) (0.709) (-0.169) (-1.175) (-1.228) 

-0.007** 0.006 -0.003 0.008 0.027** 0.033** 0.031*** 0.045** Dummy =1 if after 2/12/07 (-2.051) (1.504) (-0.676) (1.543) (2.202) (2.168) (1.955) (2.311) 
-0.002** -0.001 -0.002 0.002 -0.007 -0.003 -0.004 -0.005 Count of Month Since 1105 * After 2/12/07 (-2.499) (-0.899) (-1.346) (1.098) (-1.550) (-0.643) (-0.429) (-0.431) 

0.005 -0.004 0.010 0.006      Dummy =1 if after 10/30/07 (1.150) (-0.775) (1.409) (0.733)      
0.005 0.003 -0.020** -0.009      Count of Month Since 1105 * After 10/30/07 

(0.974) (0.542) (-2.470) (-1.062)         
  0.003*  0.004*  0.004  -0.001 Count of Month Since 1105 * 1 if E or HR 
  (3.245)  (3.845)  (1.474)  (-0.243) 
  -0.036*  -0.021**  -0.009  -0.036 Dummy =1 if after Feb. 12, 2007 * EHR   (-5.043)  (-2.402)  (-0.368)  (-1.183) 
  -0.004**  -0.013*  -0.012  0.002 Count of Month Since 1105 * After 2/12/07 * EHR   (-2.313)  (-4.879)  (-1.257)  (0.147) 
  0.068*  0.053*      After 10/30/07 * EHR   (5.477)  (4.021)      
  0.018  0.015      Count of Month Since 1105 * After 10/30/07 * EHR   (1.225)  (0.819)      

0.000 0.001 -0.004 -0.004 -0.021*** -0.020*** -0.017 -0.017 Dummy =1 if borrower belongs to group 
(0.087) (0.174) (-1.191) (-1.157) (-1.958) (-1.872) (-1.480) (-1.510) 

-0.009** -0.009** -0.004 -0.004 0.012 0.011 0.007 0.007 In a group * After 10/19/06 
(-2.457) (-2.430) (-1.052) (-1.056) (0.967) (0.856) (0.531) (0.539) 
0.003 0.001 0.011*** 0.010***      

In a group * After 9/12/07 
(0.576) (0.213) (1.818) (1.646)         

Include other time series? No No Yes Yes No No  Yes Yes 
N 16,400 16,400 16,387 16,387 10,598 10,598 10,589 10,589 
R2 0.410 0.413 0.418 0.420 0.002 0.002 0.002 0.002 

Note: Late refers to loans at least 2 weeks late.  Default refers to loans that are default from delinquency, default from bankruptcy, 4+ months late, or 
repurchased.  Standard errors are clustered by listing month. 0.01 - *; 0.05 - **; 0.1 - ***.  
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Table 6-2: Predictable Risks for Listings 04/19/06-12/31/07    
  Predictable Risk of Default or Late 
  (1) (2) (3) (4) 
  coef/t coef/t coef/t coef/t 

0.026* 0.013* 0.026* 0.015* Count of Listing Month Since 1105 
(96.340) (26.918) (45.286) (19.895) 
-0.056* -0.003 -0.026* 0.015* Dummy =1 if after 2/12/07 (-33.026) (-1.113) (-12.290) (3.973) 
-0.022* -0.009* -0.037* -0.016* Count of Month Since 1105 * After 2/12/07 (-57.709) (-14.088) (-44.951) (-13.136) 
-0.014* -0.011* -0.028* -0.020* Dummy =1 if after 10/30/07 (-7.292) (-3.542) (-8.450) (-4.705) 
0.006* 0.010* 0.014* 0.005 

Count of Month Since 1105 * After 10/30/07 
(3.128) (3.143) (3.788) (1.148) 
-0.012* -0.012* -0.020* -0.021* Count of Month Since 1105 * 1 if E or HR 
(-7.044) (-7.441) (-11.667) (-12.311) 
-0.052* -0.052* -0.042* -0.041* Dummy =1 if after Feb. 12, 2007 * EHR (-28.032) (-27.797) (-21.960) (-21.430) 
-0.076* -0.075* -0.065* -0.065* Count of Month Since 1105 * After 2/12/07 * EHR (-28.147) (-27.926) (-23.849) (-23.677) 

  -0.067*  -0.052* 
After 10/30/07 * EHR 

  (-18.178)   (-11.967) 
  0.017*  0.015* Count of Month Since 1105 * After 10/30/07 * EHR 
  (31.241)  (25.419) 
  -0.017*   -0.026* Dummy =1 if borrower belongs to group 
  (-23.637)  (-21.174) 
  -0.006  0.005 In a group * After 10/19/06   (-1.542)  (0.951) 
  -0.005  -0.009** 

In a group * After 9/12/07 
  (-1.218)   (-2.253) 

Include other time series? No No Yes Yes 
N 206,497 206,497 206,237 206,237 
R2 0.396 0.399 0.401 0.404 

Note: Late refers to loans at least 2 weeks late.  Default refers to loans that are default from delinquency, default from bankruptcy, 4+ months late, or 
repurchased.  Standard errors are clustered by listing month. 0.01 - *; 0.05 - **; 0.1 - ***.  
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Table 7.1: Lender Choices as a Function of Lender and Portfolio Characteristics w/ Lender Fixed Effects 
    Mean Characteristics of Funded Loans 

 Funded A 
Loan 

Amount 
Funded % AA to A % B to D % E to 

HR 
% 

Autofunded 
Amount 

Requested 
% In 

Group 
  coef/t coef/t coef/t coef/t coef/t coef/t coef/t coef/t 

0.364* 149.655* 0.040* -0.054* 0.012* -0.001 -605.703* -0.001 
Month1 

(140.542) (9.456) (8.805) (-10.932) (3.803) (-0.300) (-8.379) (-0.187) 
0.018* 30.489** -0.003 -0.013* 0.015* 0.000 -13.287 0.006*** 

Month2to6 
(10.501) (2.531) (-0.871) (-3.623) (6.816) (0.018) (-0.253) (1.730) 
-0.265* 15.547* 0.011* -0.001 -0.011* -0.030* 963.072* 0.003 HHI 

(10,000) (-85.070) (2.668) (3.236) (-0.165) (-4.068) (-9.168) (15.665) (0.885) 
-0.007* -185.177* 0.003** -0.002*** -0.001 0.003** 54.600* -0.001** Portfolio Size 

($10,000) (-3.060) (-4.455) (2.462) (-1.707) (-0.849) (2.047) (3.146) (-1.981) 
-0.110* -120.063* -0.090* 0.051* 0.041*    % Ever Late in  

AA to A (-11.325) (-3.202) (-5.831) (2.577) (2.722)    
-0.064* -171.808* 0.421* -0.332* -0.093*    % Ever Late in  

B to D (-7.295) (-2.683) (17.591) (-13.365) (-6.122)    
-0.061* -53.246*** 0.189* 0.035* -0.223*    % Ever Late in  

E to HR (-9.205) (-1.689) (17.520) (3.067) (-25.167)    
-0.099* -147.263** 0.076* 0.038* -0.080*    % Ever Late in  

NC (-10.781) (-2.572) (6.997) (2.825) (-8.533)    
-0.038* -78.124*    -0.195*   % Ever Late in 

Autofund (-6.026) (-3.438)    (-20.334)   
-0.013 -33.858    0.061*   % Ever Late in 

Non-Autofund  (-1.405) (-0.355)    (2.944)   
-0.067* -144.900*     3,736.593*  % Ever Late in 

Loans <$5K (-8.974) (-4.652)     (17.189)  
-0.089* -109.777*     2,482.884*  % Ever Late in  

Loans $5-$10K (-13.269) (-2.921)     (9.298)  
-0.066* -59.735     -2,923.584*  % Ever Late in 

Loans>$10K (-8.252) (-1.429)     (-9.897)  
0.146* -97.502      -0.141* % Ever Late in 

Group (15.380) (-1.432)      (-7.598) 
-0.002 -157.245*      0.177* % Ever Late in 

Non-Group (-0.261) (-4.017)      (11.581) 
N 1,347,151 335,209 335,209 335,209 335,209 335,209 335,209 335,209 

Notes:  Regressions are at the lender-week level.  All columns other than the first column include only the sample of active 
lenders in a given quarter.  Standard errors are clustered at the lender level.  0.01 - *; 0.05 - **; 0.1 - ***. 
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Table 7.2: Lender Choices as a Function of Lender and Portfolio Characteristics w/o Lender Fixed Effects 
    Mean Characteristics of Funded Loans 

 
Funded A 

Loan 
Amount 
Funded 

% AA to 
A % B to D % E to HR 

% 
Autofunded 

Amount 
Requested 

% In 
Group 

  coef/t coef/t coef/t coef/t coef/t coef/t coef/t coef/t 
0.452* 210.236* 0.024* -0.046* 0.021* 0.035* -115.541*** -0.011* 

Month1 
(161.628) (7.904) (5.376) (-10.964) (7.770) (7.804) (-1.884) (-3.302) 

0.065* 120.214* -0.024* -0.008** 0.031* 0.041* 160.944* -0.002 
Month2to6 

(31.025) (6.967) (-6.172) (-2.196) (13.833) (10.255) (2.988) (-0.823) 
-0.426* -199.681* 0.001 -0.008*** 0.007** -0.022* 1,000.288* 0.032* HHI 

(10,000) (-109.692) (-11.052) (0.143) (-1.947) (2.295) (-5.048) (14.914) (8.420) 
0.027* 188.211* 0.000 -0.000 -0.000 0.009* -7.208 -0.004* Portfolio Size 

($10,000) (4.624) (7.905) (0.359) (-0.324) (-0.121) (4.547) (-0.453) (-5.430) 
-0.034* -185.580* -0.182* 0.198* -0.015    % Ever Late in  

AA to A (-3.455) (-6.050) (-9.360) (9.409) (-0.864)    
-0.033* -363.407* 0.245* -0.248* 0.001    % Ever Late in  

B to D (-3.424) (-7.850) (7.446) (-9.028) (0.071)    
-0.006 -143.684* 0.030** -0.018 -0.012**    % Ever Late in  

E to HR (-0.870) (-7.034) (2.023) (-1.352) (-2.216)    
0.030* -209.702* 0.005 -0.020 0.015***    % Ever Late in  

NC (2.915) (-6.209) (0.319) (-1.463) (1.675)    
-0.024* -2.255    -0.091*   % Ever Late in 

Autofund (-3.913) (-0.114)    (-8.365)   
-0.033* -20.067    0.554*   % Ever Late in 

Non-Autofund  (-3.179) (-0.326)    (16.413)   
-0.094* -70.007*     937.443*  % Ever Late in 

Loans <$5K (-12.495) (-2.887)     (3.883)  
-0.125* -93.548*     1,001.005*  % Ever Late in  

Loans $5-$10K (-19.101) (-2.982)     (3.132)  
-0.120* -96.087**     -2,724.430*  % Ever Late in 

Loans>$10K (-14.595) (-2.430)     (-7.809)  
0.027** 23.890      -0.050** % Ever Late in 

Group (2.304) (0.472)      (-2.557) 
-0.036* -62.418**      0.101* % Ever Late in 

Non-Group (-5.496) (-2.208)      (5.005) 
N 1,347,151 335,209 335,209 335,209 335,209 335,209 335,209 335,209 

Notes:  Regressions are at the lender-week level.  All columns other than the first column include only the sample of active 
lenders in a given quarter.  Standard errors are clustered at the lender level.  0.01 - *; 0.05 - **; 0.1 - ***. 
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Table 8: F-Tests of Joint Significance of Regime X Ever Late Interactions 
Regression Test F-Stat p-value 

% AA to A p_evlate jointly equal for each credit 
grade across info regimes 1.34 0.2188 

% B to D p_evlate jointly equal for each credit 
grade across info regimes 1.55 0.1327 

% E to HR p_evlate jointly equal for each credit 
grade across info regimes 0.72 0.6759 

% 
Autofunded 

p_evlate jointly equal for each autofund 
category across info regimes 3.01 0.0172 

Amount 
Requested 

p_evlate jointly equal for each loan size 
category across info regimes 5.98 0.0000 

% In Group p_evlate jointly equal for each group 
category across group regimes 14.43 0.0000 
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Table 9: Estimated Rate of Return for Prosper Loans Originated between 4/19/06 and 12/31/07, performance observed up to 1/11/08 
  Estimation Process Estimated Rate of Return 

Method 

Performance 
measure used 

in the 
predicting 
regression 

Listing attributes 
used in the 
predicting 
regression 

# of Obs 
with valid 
Predicable 

Risk 

# of Obs 
with 

Converged 
rate of 
returns 

% of 
Convergence 

on rate of 
returns Mean 

Std. 
Dev. Min Max 

Method1   
those available 
since 4/19/06 16669 13622 81.72% 6.05% 5.72% -24.22% 28.85% 

Method2 
Dummy =1 if 

Default or Late 
those available 
since 5/30/06 16057 13031 81.15% 5.89% 6.15% -23.34% 29.33% 

Method3   
those available 
since 2/12/07 9671 7785 80.50% 7.37% 6.09% -23.33% 29.96% 

 
Notes: The estimated rate of return reflects the return a sophisticated lender would expect to earn after he incorporates the historical performance of Prosper loans 
and use it to predict the future repayment. This rate of return calculation DOES NOT represents the actual returns that lenders make on Prosper.   
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Tentative 
Open, 
Invitation 
Only 

Open to 
Public 
 
Listings 
contain 
credit grade, 
and debt-to-
income 
ratio.  

Add home owner 
status and whether 
borrower has a 
verified bank 
account to listing 
page.  
 
Promise to add 
delinquency 
variables. 

Delinquency 
variables 
start to 
appear on 
listings. 

Add extra credit info plus 
self-reported occupation 
and income. 

Redefine E and HR. NC 
(no credit score) is no 
longer allowed to list. 
 
Allow friend endorsement. 
Increase E-HR closing fee. 
Increase B-HR lender fee. 

Post estimated ROI 
on bidding page. 

Introduce portfolio 
plans. 
 
Allow borrowers to 
list a second loan. 
 
Waive lender fee for 
AA, increase lender 
fee for A. 

Add 
group 
ratings. 

Eliminate 
group 
leader 
awards. 

Increase 
closing 
fee for A-
HR. 
Increase 
lender fee 
for AA. 

11/9/05  2/13/06      4/19/06    5/30/06                  10/19/06       2/12/07                                       9/12/07  10/30/07 12/31/07  1/4/08

Figure 1: Time line of Prosper (information policy in blue, group policy in green, other policy in black)

Our Estimation Sample 
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 Figure 2.1: 

 
Figure 2.2:  

 



 58

Figure 3.1: 

 
Figure 3.2: 

 
Note: The first vertical line represents the February 12, 2007 policy change and the second represents the October 
30, 2007 policy change.  See text for information about these policies. 
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Figure 3.3: 

 
Note: The first vertical line represents the February 12, 2007 policy change and the second represents the October 
30, 2007 policy change.  See text for information about these policies. 
 
Figure 3.4: 

  
Note: The first vertical line represents the February 12, 2007 policy change and the second represents the October 
30, 2007 policy change.  See text for information about these policies. 
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Figure 4.1: 

 
Figure 4.2: 

 
Note: The first vertical line represents the October 19, 2006 group policy change and the second represents the 
September 12, 2007 group policy change.  See text for information about these policies. 
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Figure 4.3: 

 
Note: The first vertical line represents the October 19, 2006 group policy change and the second represents the 
September 12, 2007 group policy change.  See text for information about these policies. 
 
Figure 4.4: 

 
Note: The first vertical line represents the October 19, 2006 group policy change and the second represents the 
September 12, 2007 group policy change.  See text for information about these policies. 
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Figure 5: 

 
Note: Late refers to loans at least 2 weeks late.  Default refers to loans that are default from delinquency, default 
from bankruptcy, 4+ months late, or repurchased. The first vertical line represents the February 12, 2007 policy 
change and the second represents the October 30, 2007 policy change.  See text for information about these policies. 
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Figure 6.1: 

 
Figure 6.2: 
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Figure 7.1: 

 
Figure 7.2: 
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Figure 7.3: 

 
Figure 7.4: 
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Figure 8.1: 

 
Figure 8.2: 

 
Note: Loans originated 4/19/06-12/31/07. Use method 1 for the estimated rate of return.
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Figure 8.3: 

 
Figure 8.4: 

 
Note: Loans originated 04/19/06-12/31/07. Use method 1 for the estimated rate of return. The first vertical line 
represents the February 12, 2007 policy change and the second represents the October 30, 2007 policy change.  See 
text for information about these policies. 
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Figure 9: 

 
Note: Loans originated 4/19/06-12/31/07, observed up to 1/11/08.  


