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ABSTRACT
Online peer-to-peer (P2P) lending services are a new type of social
platform that enables individuals borrow and lend money directly
from one to another. In this paper, we study the dynamics of bid-
ding behavior in a P2P loan auction website, Prosper.com. We in-
vestigate the change of various attributes of loan requesting listings
over time, such as the interest rate and the number of bids. We ob-
serve that there is herding behavior during bidding, and for most of
the listings, the numbers of bids they receive reach spikes at very
similar time points. We explain these phenomena by showing that
there are economic and social factors that lenders take into account
when deciding to bid on a listing.We also observe that the profits
the lenders make are tied with their bidding preferences. Finally,
we build a model based on the temporal progression of the bidding,
that reliably predicts the success of a loan request listing, as well as
whether a loan will be paid back or not.

Categories and Subject Descriptors: H.4 [Information Systems
Applications]: Miscellaneous General Terms: Economics, Exper-
imentation Keywords: Peer-to-peer lending service, user behavior,
auction, dynamics

1. INTRODUCTION
Online peer to peer lending platforms such as Prosper [19], Kiva

[14] and Lending Club [16] directly connect individuals who want
to borrow money to those who want to lend it. These platforms
eliminate the need for a financial institution as an intermediary be-
tween lenders and borrowers, with the consequence that the loss
resulting from defaulting on a loan is directly borne by the lenders
themselves. The risk is distributed among the lenders proportional
to the amount of money they lend to a given borrower. The lend-
ing process typically involves an auction on the loan’s interest rate:
lenders who provide the lowest interest rates win the bids, i.e. they
get to lend the money to the borrower. In this sense, the interest
rate is an analogy to the price a bidder offers in the auction, and the
amount of money a lender offers is an analogy to the risk a bidder
is willing to take.

Communities such as Prosper create a social structure and in-
teractions that are interesting from many perspectives. On the one
hand, lenders have at their disposal a very rich set of data that could
potentially affect their decision making. They have access to finan-
cial information concerning borrowers, such as credit scores, past
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borrowing histories, and demographic indicators (race, gender, and
location). On the other hand there is a non-trivial risk of loan de-
fault, and as such the lenders face a clear trade-off between interest
rates and the amounts they bid. Finally, P2P lending platforms fill a
niche for borrowers who cannot get a loan from traditional financial
institutions or who need small personal loans, and are expected to
become increasingly popular given the current economic climate.
A recent study [10] predicts that within the next three years, peer-
to-peer lending will increase by 66% to a total volume of 5 billion
USD in outstanding loans in 2013.

The loan auction mechanism for such a community works as fol-
lows: a borrower posts a loan with the amount of money she wants
to borrow and the maximum interest rate she is willing to accept.
Lenders submit their minimum interest rate as well as the amount
of money that they wish to lend to the borrower. The listing lasts
for a pre-determined duration of time. At the end of this time, the
auction is either successful, if enough money has been bid on the
listing, or is void if there is not enough money received by it. For
the successful listings, the P2P lending platform then combines the
bids with the lowest interest rates into a loan to the borrower and
takes care of the collection of money and repayments.

In this paper, we study the dynamics of such bidding mechanism
in the case of P2P lending provider Prosper Loans Marketplace. We
investigate the factors that affect the bidding process throughout
a listing’s lifetime. We observe that bids for a single listing do
not occur uniformly over the listing’s lifetime. There is a clear
concentration of bids at the beginning and at the end of a listing’s
life, as well as at the point where the total requested amount of
money is about to be satisfied. We explain this phenomenon by
showing that there are three main economic factors that lenders
take into account when deciding to bid on a listing: lenders’ belief
about the probability of a listing being fully funded, the probability
of winning the bid, as well as the interest rate. In addition, a social
factor that makes lenders prefer for new listings also takes effect.
These factors change over the lifetime of a listing, and result in the
non-uniform distribution of bids over time.

We also examine the performance of individual lenders and ob-
serve that it is related to their bidding preferences. Lenders who bid
at the end of the listings are more likely to win the bids. Lenders
who bid around the time when the requested amount by the bor-
rower is satisfied are least likely to win the bid and less likely to
make profits. Moreover, the strategy of lenders minimizing their
risks by decentralizing does only help mildly.

Finally, we build logistic regression models to predict the list-
ing success. Given our previous observations regarding the non-
uniform temporal bidding behavior, it is not surprising that the list-
ing bid trajectory plays an important role on these models. Only
based on the temporal progression of the bidding behavior, we



can well estimate if a listing gets funded or not as well as predict
whether its borrower will pay it back or not. We show that there
is information to be gained from “how the market feels" that is not
present in the set of features constructed from standard factors such
as credit grade or debt-to-income ratio. To the best of our knowl-
edge, this is the first study that also focuses on the prediction of the
performance of loans in addition to fundability success.

The rest of the paper is organized as follows: Section 2 sum-
marizes the related research in peer-to-peer lending marketplaces.
Section 3 briefly describes the dataset and basic statistics about
Prosper. Section 4 explores the dynamics of bidding on a listing
and looks at the performance of individual lenders while Section 5
describes a model that predicts a listing’s success and being paid-
back or not. Conclusions are discussed in Section 6.

2. RELATED WORK
Having emerged recently, dynamics of peer-to-peer lending has

been relatively unexplored. So far, one line of research has focused
on understanding the general dynamics of the online peer-to-peer
lending marketplace. Hulme and Wright [12] provide a study of
peer-to-peer lending focusing on “Zopa.com". Berger and Gliesner
[3], with a more general approach, analyze the role of intermedi-
aries on electronic marketplaces. Freedman and Jin [7], examine
the functioning of online lending based on Prosper’s transaction
data. They study the effect of social network in identifying risks
and find evidence both for and against it.

Prosper market data has been freely available via an API. This
allowed researchers study the Prosper market and consumer credit
markets in general. Using Prosper data, Freedman and Jin [8] look
at the change of borrower and lender behavior over time as new
policies were introduced. Iyer et al. [13] examine how well lenders
on Prosper use information, both traditional and non-traditional,
to infer a borrower’s actual credit scores. They show that while
lenders mostly rely on standard banking variables to draw infer-
ences on creditworthiness, they also use non-standard, subjective
sources of information in their screening process, especially in the
lower credit categories. Similarly, Klafft [15] focuses on lender
behavior and demonstrates that careful lenders who choose their
borrowers in accordance with a number of easy-to-observe selec-
tion criteria can still expect their investments to be profitable. Our
work also analyzes Prosper data in order to understand online peer-
to-peer lending throughly. However, we focus on the dynamics of
bidding behavior and investigate the change of several attributes of
the loan request listing during the auction duration.

Another line of research looks at the determinants of success in
online peer-to-peer communities. Analyzing Prosper data, Herzen-
stein et al. [11], found that borrowers’ financial strength and efforts
when they post a listing are major factors in determining whether it
will be funded or not. Similarly, Ryan et al. [20], analyze fundabil-
ity determinants in Prosper. The purpose of this study is to weight
the relative relevance of each of the financial and social features
independently, and determine their influence in the success on the
conversion of a listing to a loan. Their study shows that financial
features are determinant. In this paper, we also build a regression
model to predict fundability success. However, rather than using
borrower related features in our model, we also explore temporal
dynamics of a listing and show that they reliably predict the suc-
cess of a listing.

On the other hand, Chen et al. [4] analyze the mechanisms of
social lending from a theoretical standpoint. Again focusing on
Prosper, they show that its mechanism is exactly the same as the
VCG mechanism applied to a modified instance of the problem.
They provide a complete analysis and characterization of the Nash

equilibria of the Prosper mechanism and show that while the Pros-
per mechanism is a simple uniform price mechanism, it can lead to
much larger payments for the borrower than the VCG mechanism.

Our work is also related to empirical studies on Ebay, where re-
searchers try to understand the bidding characteristics. For exam-
ple, Shah et al. [21] focus on individual users and monitor all of
a bidder’s engagements in the dataset. They identify the main bid-
ding strategies such as “late bidding" (bidding during the last hour),
“evaluator" (bidding the true valuation early) and “sceptic" (bid-
ding only the minimum required amount) using rule-based meth-
ods. Lucking-Reiley, et al. [18] analyze the effect of various eBay
features on the final price of auctions. They find that seller’s feed-
back rating have a measurable effect on his auction prices, with
negative comments having a much greater effect than positive com-
ments. In another study, Dietrich et al. [5] empirically show that
the segmentation of the eBay marketplace affects bidding behav-
ior. They state that successful strategies for a certain product cate-
gory or seller type can be useless in different market segments. In
our work, with a similar approach to Prosper data, we also want
to understand the bidding dynamics and Prosper features that af-
fect bidding behavior. However, Prosper mechanism, with multiple
winners, is different from eBay auctions in which a single bid at or
above the seller’s reservation price results in a successful auction.

Finally, our work is similar in spirit to the empirical studies on
bidding dynamics in sponsored search. Most of the academic lit-
erature on sponsored search is theoretical in nature, characterizing
behavior or payoffs of bidders. However, there are some studies,
similar to our work, that examine actual bidding data on a large
scale to determine how real-world auctions can best be analyzed
and understood. One example is the study of Asdemir [1], where
he analyzes how advertisers bid for search phrases in pay-per-click
search engine auctions. Similarly, by examining sponsored search
auctions run by Overture (now part of Yahoo!) and Google, Edel-
man and Ostrovsky present evidence of strategic bidder behavior
in these auctions in [6]. In [2] Auerbach et al. empirically investi-
gate whether advertisers are maximizing their return on investment
across multiple keywords in sponsored search auctions and in [9],
they utilize sponsored search data drawn from a wide array of Over-
ture/Yahoo! auctions and examine how bids are distributed and the
evidence for strategic behavior.

3. PROSPER MARKETPLACE
After creating a personal profile, borrowers and lenders become

members of the Prosper community. When a borrower wants to
request a loan through the marketplace, she creates a listing for a
specific amount and sets a maximum interest rate that she is willing
to pay. She also chooses the duration for which the request will
remain active. Each loan request, from now on we will refer to
as ‘listing’, includes information about the borrower such as her
current credit rate and debt-to-income ratio. This information is
verified by Prosper and made public to potential lenders. Lenders
bid for the privilege of supplying all or part of the requested loans
specifying the amount and interest rate at which they are willing to
lend. When the specified time has elapsed, if the aggregate amount
offered by lenders exceeds the amount requested by the borrower,
the listing becomes successful. For the successful listings, the bids
with the lowest rates “win” and are combined into a single loan to
the borrower, with Prosper acting as the broker between the lenders
and the borrower.

Bidding on Prosper is done in a Dutch auction format, which
means that multiple lenders can get a piece of the same loan in
varying amounts. In a Dutch auction, the borrower starts the auc-
tion with a maximum interest rate and multiple lenders bid that rate



Funded Non-funded
Frac. of Amount Collected 1 0.054 (0.15)

Bid Count 135.1 (142.6) 6.4 (34.6)
Duration(days) 7.61 (2.0) 7.45 (2.0)
Borrower Rate 0.213 (0.07) 0.195 (0.08)

Lender Rate 0.183 (0.07) 0.192 (0.08)
Amount Requested $6,126 (5587) $7,541 (6383)

Debt to Income Ratio 0.16 (0.15) 0.23 (0.45)

Table 1: Data statistics of funded and unfunded listings: mean,
and in parentheses, standard deviation.

Paid Not-paid
Bid Count 124.7 (137.8) 121.5 (144.0)

Duration(days) 7.5 (2.0) 7.67 (2.0)
Borrower Rate 0.178 (0.07) 0.242(0.06)

Lender Rate 0.154 (0.06) 0.216 (0.06)
Amount Requested $ 5,670 (5350) $6,573 (6171)

Debt to Income Ratio 0.28 (0.92) 0.38 (1.12)

Table 2: Data statistics of paid and not-paid listings: mean, and
in parentheses, standard deviation.

down until the auction times out. Prosper provided us with data
that contains all the bidding and membership data from November
2005 to August 2009. The data encloses approximately 5 million
bids, 900,000 members and 350,000 listings. At the end of sum-
mer 2009, Prosper introduced automated plan system, which bids
on behalf of the lenders once a listing that matches their plan is
posted. However, note that our data is from the period before this
feature was introduced and thus it only consists of bids by individ-
ual lenders.

On average, every borrower posts 1.7 listings and every lender
bids on 2.6 unique listings. There are 24,295 successful (funded)
listings that have ended up in loans, which is about 8% of all list-
ings. Out of those listings, 70% of them had competition, by which
we mean that they continued receiving bids even after the amount
requested was satisfied. While 7668 (32%) of the loans were paid
back, 7595 (31%) of them defaulted. For the rest, payoff is in
progress. Table 1 shows the mean and, in parentheses, the standard
deviation of a number of statistics related to both funded and non-
funded listings. Funded listings have much higher number of bids,
as a result, the average percentage of the amount collected by the
non-funded listings is quite low, only 5%. Not surprisingly, on av-
erage funded listings have higher starting interest rates (21.3% vs.
19.5%), lower final interest rates (18.3% vs. 19.2%) and lower re-
quested amounts when compared to the unfunded listings. Duration
is slightly higher for the funded listings than unfunded ones. Fi-
nally, borrowers with funded listings have a lower debt-to-income
ratio. Similarly, we also looked at the summary statistics of the
loans that were paid back and not paid back (i.e., defaulted), see
Table 2. Note that interest rate and debt-to-income ratio for loans
that are not paid back is significantly higher than the ones that got
paid. Also, while on average, the amount requested is higher for
the defaulted listings, the number of bids is slightly lower.

Figure 1 shows that the probability of a listing being funded in-
creases with the number of bids it receives. Notice that this proba-
bility increases sharply early on, but it flattens down as the number
of bids increases.

Every listing on Prosper is assigned a Prosper Rating to analyze
its level of risk. This rating represents an estimated average an-
nualized loss rate range. The loss rate is based on the historical
performance of borrowers on Prosper loans with similar character-
istics and is determined by two scores: the first is the credit score,
obtained from a credit reporting agency; the second is an in-house
custom score, the Prosper Score, built on the Prosper population.
The use of these two scores determines an estimated loss rate for

Figure 1: The probability of a listing being funded vs number
of bids.

Tn Tnb Pf Pp Pd I
AA 11,454 1,048,816 34% 42% 9% 9.84%

A 13,747 928,896 28% 33% 16% 12.62%
B 20,776 1,038,617 26% 25% 20% 15.44%
C 36,655 909,821 20% 22% 25% 18.03%
D 50,577 617,965 15% 22% 29% 21.29%
E 59,888 271,069 9% 21% 40% 25.16%

HR 147,393 241,370 5% 15% 52% 25.04%

Table 3: Prosper Rating Statistics. See main text for column
descriptions.

each listing, based on the historical performance of previous Pros-
per loans, which then determines the Prosper Rating.

Some summary statistics for each Prosper Rating is shown in Ta-
ble 3. The first column shows the total number of listings, Tn. Note
that there are much more listings created for lower Prosper Ratings.
On the other hand, majority of the bids go to the higher Prosper Rat-
ings according to the second column that shows the total number
of bids, Tnb. The third column, where Pf stands for the percentage
funded, shows that for lower Prosper Ratings, the success rate is
also lower. Among the successful listings, percentage of the ones
that are paid back is in the fourth column, Pp, while percentage of
the defaulted ones is in column five, Pd. As expected, loans with
higher Prosper Rating are more likely to be paid back and loans
with lower Prosper Rating are more likely to be defaulted. How-
ever, lenders are still willing to bid for listings with higher risk since
their interest rate is higher as shown in column five, where I stands
for the average interest rate.

4. TEMPORAL PATTERNS AND MODEL
In this section, we investigate the dynamic features of bidding

behavior of the lenders in Prosper. There are in total 923,457 reg-
istered members in the data set we study. However, most of the
members do not have any activity in the time window of our data
set. So we only focus on the users that are involved in the bid-
ding activities, e.g. the users who have bid at least once or whose
listings have received at least one bid. Among these users, bor-
rowers are those who requested at least one loan, and lenders are
those who made at least one bid. Based on this restriction, there are
136,080 users who are involved in the bidding activities. Among
them, 48,824 are lenders who only bid on listings, 81,190 are bor-
rowers who do not bid but create listings to ask for loans, and 6,066
are both lenders and borrowers.

As we have mentioned in the previous section, there are about 5
million bids in total. Among these 5 million bids, 3,281,070 bids
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Figure 2: Distribution of time length of getting fully funded as
a fraction of the entire time length of bidding of listings with
competition.

go to successful listings, i.e. about 66% bids make the “correct
choice”. Moreover, we should notice that only 8% of the listings
are successful. This is interesting as most of the lenders make very
similar decisions and their bids go to only a small fraction of the
entire listings, and most listings in this small fraction turn out to be
successful in the end.

In this section, we mainly focus on the successful listings and
the bids that go to them. Among these successful listings, about
one third of them do not have competition. By competition, we
mean that further bids are placed even after the total amount of all
bids that have been placed in the listing equals the initial amount
requested by the borrower. Thus, the entire bidding time of listings
with competition can be split into two time intervals. First is the in-
terval when the listing is accumulating bids. When the sum of the
bid amounts is greater or equal to the requested amount, the listing
is funded. As in the first part of the bidding, the goal is to collect
the requested amount, all bids are in principle winning and there is
no need for bidders to lower the interest rate. The second interval
is the time period from the time when the initial amount requested
is satisfied to the end of bidding, which we call as the “competi-
tion time”. During this time period, the bids with highest interest
rates are outbid by the incoming bids with lower interest rates, and
the only way to win in the competition phase is to bid with lower
and lower interest rates. On average, for the listings with competi-
tion, the time that they get fully funded is about 0.65 of the entire
bidding time and 46% bids are received during this time, while the
competition time is about 0.35 as long as the entire bidding time
but 54% bids are received in this time period on average. Figure 2
shows the distribution of the fraction of the competition time to the
entire auction duration of all the listings with competition. We ob-
serve that most of the listings with competition end soon after they
receive enough money to be funded.

Since every listing has its own time span of auction, we use the
following way to normalize the time of bidding. For the listings
with competition the time scale ranges from 0 to 2, in which time 0
is when the listing receives the first bid, time 1 is when the listing
gets fully funded (i.e., the first time when sum of bidded amounts
is greater than the requested amount), and time 2 is the time that
the listing receives its last bid. In this sense, time 1 to 2 is the
competition time that is mentioned before. For the listings without
competition, we use a time scale from 0 to 1 to represent the total
duration of bidding.

4.1 Interest rates
First we investigate the change of interest rate over time. As

described previously, when a user creates a listing i, she sets the
maximum interest rate Îi she wants to pay. Throughout the bidding
process, when the lenders bid, each lender indicates the minimum
interest rate that she is willing to accept. At the end of a listing i,
the final interest rate that the winning lenders get is: Ĩi = min Ik,
s.t.,

∑
j,Ij<Ik

aj = Ai, where Ik is the minimum interest rate the
lender would like to accept at the k-th bid of the listing i, aj is the
amount of money bid at the j-th bid, and Ai is the total amount of
money the listing i requests.1 Although the lenders who bid with
lower interest rates have the advantage of winning the bids, they
also possibly lower the final interest rate that the borrower will pay.

In order to study the change of interest rate of all the listings,
we normalized each interest rate by the maximum interest rate Î
that is set by the borrower initially. For example, if the maximum
interest rate the borrower is willing to pay for listing i is Îi, then
the normalized interest rate of j-th bid of the listing is Ij/Îi.

In addition, we also examine the maximum interest rate that bid-
ders could win with at every time t, Ĩt. More precisely, at any time
t ∈ [0, 2], Ĩt is the maximum interest rate such that a new bid offer-
ing an interest rate not higher than Ĩt would win. According to the
definition, Ĩt is equal to the maximum interest rate Î the borrower
would like to pay when t ≤ 1. After t > 1, Ĩt = min Ik, s.t.,∑
j,Ij<Ik

aj = Ai, and all bids k and j are before time t.
Figure 3 shows the change of average interest rate and the maxi-

mum winning interest rate of all listings with competition over time
(the red solid line and the red dashed line), as well as the change
of average interest rate of all listings without competition over time
(the blue dashed line). As expected, the average interest rate re-
mains around 1 for listings without competition as it is shown in
Figure 3. This is because for listing with no competition, there is
no incentive for bidder to lower the interest rate (i.e., they maxi-
mize the interest rate they can receive without having the risk of
being outbid by others). Thus, it is flat and equal to the maximum
winning interest rate Ĩt.

On the other hand, it is interesting to see that, at the time of 0-1,
there is a large gap between the average interest It and the maxi-
mum interest rate Ĩt, and the average interest rate It is decreasing
instead of being as flat as the maximum interest rate Ĩt. The big
difference between It and Ĩt at time 0-1 tells us that in order to win
the bid, the lenders tend to lower their interest rates immediately
after the listing starts, i.e., the actual competition starts soon after
time 0 instead of after time 1. Because of this, we can see that the
lenders are trying to balance between winning in competition and
maximizing their profits since the very beginning. As a result of
competition, the interest rates the lenders offer are always decreas-
ing over time for the listings with competition, and the decrease is
more significant during time 1-2 than the time period of 0-1. The
curve of the average interest rate It and the maximum winning in-
terest rate Ĩt meet together when the time is close to 2. This tells us
that when it is close to the end of bidding duration, the lenders have
the advantage of having enough information about the auction and
are able to make rational decisions – maximizing the interest rates
they can earn while making sure that they can win the bids.

4.2 Probability of winning
As we have seen, the interest rates of listings change over time as

1Because of privacy issues of Prosper data, we do not know the
interest rate of the winning bids. So in our study, we assume that
all winning bids of a listing i are equal to the final interest rate, Ĩi.
Ĩi gives an upper bound of the interest rate of the winning bids.
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Figure 3: Average bidding interest rates of listings with com-
petition (red solid line) and listings without competition (blue
dashed line). Ĩ is the maximum winning interest rate.
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Figure 4: The probability of winning of bids over time. The red
solid line is of the listings with competition, and the blue dashed
line is of the listings without competition.

the lenders compete to win the bids. Next, we are going to investi-
gate the probability of placing a winning bid as a function of time.
For all bids, there are status labels showing whether the bids are
successful (i.e., winning) or unsuccessful (i.e., outbid). For all the
bids in the same time snapshot t, based on the status, we calculate
the probability of winning. Figure 4 shows how the probability of
winning changes as a function of time. Unlike the average interest
rate of listings with competition, which monotonically decreases
over time, the probability of winning does not consistently increase.
It is interesting to see that the curve of probability of winning has
very different behavior during the time interval 0-1 and 1-2: while
the probability of winning remains almost constant during time 0-1,
it exponentially increases during the time interval 1-2.

This tells us that under such a bidding mechanism, the lenders
who bid close to the end of the bidding process would benefit from
having most information about the bidding and thus win the bids
with high probability. However, having more information does not
always help. Lenders who bid before the listings get fully funded
have advantage over those who bid immediately later than time 1
(i.e., after the listing collects enough bids to be funded). We also
observe that there is a small peak when t is close to 0. These phe-
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Figure 5: The time interval ∆ti of two consecutive bids bi and
bi+1 and the time interval ∆ti+1 of the next two consecutive
bids bi+1 and bi+2.

nomena are due to the fact that if two bids have the same interest
rate, then the early one wins (and thus the probability of winning is
high at t = 0).

4.3 Time of bidding
The question we investigate next is whether the lenders bid at a

constant frequency over the entire time period when the listing is
open, or whether there are specific time periods when lenders are
more likely to bid.

In order to answer this question, we first look at the time inter-
val ∆ti of two consecutive bids i and i + 1 and check if there is
herding behavior during bidding. For all the values of ∆ti, we get
the median value of all ∆ti+1. Figure 5 shows the relationship
between ∆ti and the median of ∆ti+1 after using logarithmic bin-
ning. From the figure, we see that ∆ti and ∆ti+1 have a positively
correlated relationship. If ∆ti+1 is independent of ∆t, we would
expect a flat line. This positive correlation tells us that fast bids tend
to be followed by fast bids, while slow bids tend to be followed by
slow bids.

However, it is possible that the positive correlation is due to the
fact that listings have different number of bids, and the bids are
uniformly distributed in each listing. In order to distinguish the
herding behavior from this case, we also plot the function ∆ti =
∆ti+1 (shown as the black straight line). The lenders would have
bid uniformly over time in each listing if the curve overlaped with
this straight line. If the curve is above the diagonal then it means
the bids are decelerating – the time between bids i + 1 and i + 2
is longer than between i and i+ 1. And similarly if it is below the
line then it is accelerating – time between bids i + 1 and i + 2 is
shorter than between i and i+ 1. From Figure 5, we see that when
∆ti is less than around 1000 seconds (approximately 17 minutes),
∆ti+1 is above the straight line, i.e., the bidding is decelerating;
while ∆ti is bigger (more than around 1000 seconds), ∆ti+1 is
below the straight line, i.e., the bidding is accelerating and the next
bid arrives sooner than the previous does. This suggests that there
is herding behavior during the bidding process and the speed of
bidding over time has ups and downs.

We further investigate if there is any special pattern of bidding of
all listings with competition. We split the time period of each listing
into 40 time snapshots (20 between time 0-1 and 20 between time
1-2 for listings with competition), and we count the number of bids
that falls in each snapshot. Next, we sum up the numbers of bids of
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Figure 6: The fraction of bids over time. The red solid line is
for the listings with competition, and the blue dashed line is for
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all listings at each time bin, and normalize them such that we get
the fraction of bids over time as shown in Figure 6.

We see that there are two spikes at time around 0 and 1 for both
successful listings with competition and successful listings without
competition. For the listings with competition, there is one more
spike at the end when t = 2. This suggests that for each listing, the
bids it receives are not uniformly distributed over time. Instead,
it is much more likely to receive bids around times 0, 1, and 2.
So, lenders are more likely to bid at the beginning when the listing
is fresh (t = 0), just before the time when the listing gets fully
funded (t = 1) and just before the bidding ends (t = 2). This can-
not be an effect of lenders coming from different time zones since
all lenders are from US and the highest percentage of lenders are
from CA. One possible explanation is the Prosper user interface,
which allows potential lenders to sort listings according to percent-
age funded or time left. However, there are many other ways to sort
listings such as title, category, amount requested, yield, and rating.
In addition to that, there is an advanced search option where lenders
can even use keywords to look for specific listings.

The three-spike bidding pattern is interesting, and now we at-
tempt to explain it from a modeling perspective. What is the mini-
mal set of dynamic factors that drives lenders bid in such an inter-
esting and highly non-uniform pattern? Since this is an economic
setting, we assume that bidders bid based on the expected profit,
i.e., they bid with probability proportional to the expected utility
they are getting. We hypothesize that there are three factors from
the economic aspect that influence a lender’s decision to bid on a
given listing at any given time:

1. The probability that a lender believes a listing will get fully
funded, f(t). The “bandwagon effect” is the phenomenon
that says people often do and believe things because they ob-
serve others do and believe the same thing. This effect is also
called “herding instinct” [22]. According to the bandwagon
effect, at every time t before the listing gets fully funded, a
lender’s belief that the listing will succeed f(t) is based on
the number of bids that have been accumulated by the listing
from the beginning to time t, i.e., f(t) ∝

∫ t
0
f(τ), where N

is the total number of lenders that are potentially able to bid.
Let g(t) = N

∫ t
0
f(τ), then we have:

dg(t)

dt
= f(t) ∝ Ng(t), t ∈ [0, 1) (1)

This means the more lenders bid previously, it is more likely
that lenders will bid at current time. Solving the relation in
Eq. 1, we get:

g(t) = z1αe
Nt, t ∈ [0, 1) (2)

f(t) =
dg(t)

dt
(3)

= z1Nαe
Nt, t ∈ [0, 1) (4)

where α = f(0), i.e., the number of bids a listing receives
immediately after starting, and z1 is a constant for normal-
ization. On the other hand, when t ∈ [1, 2], a listing is al-
ready funded, so f(t) = 1. Thus, we get that the probability
that a lender believes a listing will get fully funded has expo-
nential increase when t ∈ [0, 1) and is a flat constant when
t ∈ [1, 2]:

f(t) =

{
z1Nαe

Nt, when 0 ≤ t < 1
1, when 1 ≤ t ≤ 2. (5)

2. The probability that a lender is able to win the bid, pw(t). We
model pw(t) based on our measurements in Figure 4, which
suggests that there are two separate regimes of behavior:

pw(t) =

{
β, when 0 ≤ t ≤ 1
z2(t− 1)s, when 1 < t ≤ 2. (6)

where β ∈ (0, 1) is a constant, which describes the almost
flat line of the probability of winning at time 0-1 in Figure 4.
z2 is a positive constant for normalization and s > 1. z2(t−
1)s describes the fast increase of the probability of winning
at time 1-2 in Figure 4.

3. The estimated interest rate, Ie(t). At time t, a lender esti-
mates the current interest rate based on the average interest
rate of other lenders at t − ∆t. From Figure 3, we see that
the average interest rate constantly decreases. So here, for
the simplicity of this model, we assume that the estimated
interest rate changes linearly with time t:

Ie(t) = a− bt, t ∈ [0, 2] (7)

where a and b are constants, a ∈ [0, 1] and 0 < b < a/2.

In addition to the three economic aspects that lenders take into
consideration when bidding, there is also a social aspect that in-
fluence lenders’ bidding behavior. According to [23], people have
preference for more recent news than old ones. To model this pref-
erence of users to new or fresh listings, we model this similarly as
[17] and assume that the lenders’ preference for new listings de-
crease over time in a polynomial function of t:

δ(t) = ct−1, t ∈ [0, 2] (8)

In our model, a lender’s bidding decision is based on Eq.s 5-8.
I.e., over the entire bidding process, the probability for every lender
to bid at a given time t is proportional to the product of three main
factors; probability of funding, probability of winning and interest
rate:

pb(t) ∝ f(t)pw(t)Ie(t)δ(t) (9)

Figure 7 shows the simulation result of our model in Eq. 9. It has
three spikes at time 0, 1, and 2. The first spike is a result of Eq. 8,
which models lenders’ preference for new listings. In Figure 6, we
see that both the listings with competition and without competition
have the first spike at time = 0. In fact, we also observe that this
spike exists in almost all unsuccessful listings as well. This fact
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Figure 7: Bidding probability over time pb(t) simulated by our
model.

further supports our modeling decision that the first spike is not a
result of any economic factor, but rather a result of a social effect.
The second spike at time 1 is a result of an economic factor, i.e.,
lenders’ belief that a listing will get fully funded is affected by oth-
ers’ behavior. Thus, the second spike at t = 1 means that bidders
who think the listing will get paid back want to bid early to max-
imize their profit (i.e., win with a bid of high interest rate). We
also observe the second spike of both listings with competition and
without competition in Figure 6, but we do not see this spike in the
listings that do not success. The third spike in the listings with com-
petition is stimulated by the probability of winning in Figure 4, and
we can also see that this growth only exists in the listings with com-
petition. Lenders who care more about the probability of winning
than the profit are more likely to bid at this time and thus generate
this spike.

As we discussed in Section 3, Prosper assigns different credit
ratings from AA to HR to borrowers. In addition to the empirical
results we show in Figure 3, 4 and 6, we also examine the bidding
dynamics of listings whose borrowers belong to different groups
of credit ratings. We find that listings grouped by different credit
ratings have similar dynamic curves as we see in Figure 3, 4 and 6.
This means that all listings behave qualitatively similar regardless
of what credit score they are from.

4.4 Performance of individual lenders
In the previous parts of the section, we focused on the aggregated

behavior of all lenders in listings. In this part, we investigate the
performance of individual lenders. There are two ways to measure
the performance of individual lenders. One is the lenders’ proba-
bility of winning the bid, and the other is the profit they make.

We have also calculated how much net profit each lender at Pros-
per made so far. We only took into account the loans that have been
either paid back or defaulted. For the winning bids, based on the
amount bid by each lender and the final interest rates of the loans,
we can get how much money a lender made or lost from each bid he
made. While 11,182 lenders are even, i.e. they neither lost money
nor made profit, 23,596 lenders lost money and 9,087 of them made
profit.

The first question we are going to answer is whether more experi-
enced lenders have better performance, i.e., they are more likely to
win the bids and make more profit. Figure 8(a) shows the relation-
ship between the i-th bid of all lenders and the average probability
of winning the bid. The black line shows the overall winning prob-
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Figure 8: (a) The average probability of winning the bids versus
the i-th bid of a lender. (b) The profit the lenders make versus
the number of bids they have. The red solid line is the median
value and the red dashed lines show the upper and lower 5%
values.

Time 0 Time 1 Time 2
Prob. of winning 0.0216* -0.0766*** 0.2158***
Profit -0.0102* -0.0820*** 0.0280*

Table 4: Correlation between bidding behavior and perfor-
mance of lenders who have bid > 200 times. * means the p-
value > 0.05, and *** means the p-value < 0.001.

ability, which is slightly above 0.5. As we see in Figure 8(a), the
probability of winning grows as the lenders get more experienced.
When lenders bid over 50 times, they have better chances to win
than average.

On the other hand, we are also interested in the number of bids
and the profit a lender makes. Again we would expect that more
experienced lenders with many bids make larger profits while in-
experienced users make losses. However, Figure 8(b) shows that
there is a slightly negative correlation between the profit a lender
makes and her total number of bids. In addition to the overall cor-
relation, we also see that the variance grows larger as the number
of bids grows.

In order to further understand how the bidding behavior is related
to lenders’ performance, we look at the time distribution of all bids
of every single lender who has more than 200 bids in successful
listings with competition. The hypothesis here is to check whether
experienced users tend to bid at particular points in the bidding
process. First we compute the density of bids around time 0, 1,
and 2 of every lender. Then we correlate the density of bids around
time 0 (or time 1 or 2) with the probability of winning and profit
of every lender. Table 4 shows the results of correlation. We see
that lenders who tend to bid around time 1 are less likely to win
the listings, while lenders who tend to bid around time 2 are more
likely to win the bids. This is consistent with the Figure 8(a), as the
probability of winning around time 0 is about equal to the overall
probability of winning. However, bidding around time 1 is lower
than average and bidding around time 2 is much higher. From Table
4, we also see that for a lender, the tendency to bid around time 0 or
2 is neutrally correlated with the profit she can make; while bidding
around time 1 is negatively correlated.

Moreover, Prosper suggests lenders to bid on more listings with
small amounts of money in order to minimize the risk. In order
to verify the strategy of decentralization, we count the number of
distinct successful listings each lender j bid ndj . We divide ndj by
the total number of bids of each lender nj . The value of ndj/nj
of lender j indicates how decentralized the lender bids. Again,
we correlate this value with the profit the lenders make, and get



a weak positive correlation 0.02 (with p-value < 0.001). This
means lenders slightly benefit from the strategy of decentralizing
their bids.

5. PREDICTING THE LOAN SUCCESS
In Prosper, listings for which at least 100% of the requested

amount is collected, are considered “fundable” (successful) and
they translate into an active loan. However, listings which do not
reach full funding are considered unsuccessful (“not fundable") and
no loan is created. Out of the loans that are funded, some are repaid
on time and others are cancelled or their borrowers default on them.

In this section, we examine a simple model that predicts whether
a listing is going to be funded or not, and whether it will be paid
back or not. A similar study is conducted at [11] and [20], where
the authors focus on borrower and listing attributes. Their goal is to
provide a ranking of the relative importance of various fundability
determinants, rather than providing a predictive model. However,
our goal here is different as we do not just want to make our pre-
dictions based on some large number of features but are instead
interested in modeling how the temporal dynamics of bidding be-
havior predicts the loan outcome (funded vs. not funded and paid
vs. not paid). Thus we are interested in how much signal is in "how
the market feels" as opposed to traditional features such as credit
grade or debt-to-income ratio.

We started our analysis by looking at the time series history of
loan listings. In other words, we examine the progression of the
total amount bid on a given loan as a function of time. We used a
time scale from 0 to 1, in which time 0 is when the listing receives
the first bid and time 1 is when it gets the last bid. Let Ai be the
total amount bid for listing i and

∑
j≤k aj = Ak, where aj is the

amount of money bid at the j-th bid, so Ak is the total amount of
money bid till the k-th bid. For each listing, we looked at YR = Ak

Ai
as a function of time. Figure 9 shows the four main types of curves
we observed. This observation led us to the hypothesis that the total
amount bid on a given listing follows a sigmoid curve as a function
of time. As a result, we fit a sigmoid (logistic) curve to each listing
time series, defined by

y(t) =
1

1− e−q(t−φ)
,

and we used least squares to find the optimal q and φ. Parameter
q controls how quickly the function rises while φ controls the time
(x-value) at which the rise occurs.

For each listing’s fit, we calculated the R-squared error. The
average R-squared error is 0.9, which shows that overall we do a
good job of fitting the data. This is not our main goal, however. We
wish instead to use the shape parameters, q and φ of a listing’s bid
history to predict whether or not this listing will be funded and paid
back.

Some examples of our fitting can be seen in Figure 10. ith dot
depicts the total fraction of collected money at the time of ith bid
of that particular listing and the smooth curves are the fitted logistic
curves. While q is a measure of the steepness of the curve, φ tells us
where the inflection point of the sigmoid curve is located. Mainly,
all the listings fall into one of the four curve types as shown in
Figure 9. For low q and high φ, the curve has a less steep sigmoidal
shape. For high q and high φ,the curve has an exponential shape.
For low q and low φ, the curve has diminishing returns shape and
for high q and low φ, the curve has a steep sigmoidal shape.

Figure 11 shows a plot of q versus φ both for funded (purple
triangles) and non-funded (blue circles) listings. The two classes
are mostly distinguishable, especially in the middle range of values
for both q and φ. This is similar for loans that have been paid back

Figure 9: Main curve types that were observed when we plot
total fraction of collected money as a function of time for each
listing.

Figure 10: Real instances of what Figure 9 illustrates. Each dot
is a bid of that particular listing, smooth curves are the fitted
logistic curves.

(green triangles) and those that have not (red circles) as shown in
Figure 12.

In order to verify the importance of q and φ in predicting the
success of a listing, we constructed a logistic regression prediction
model that uses these two quantities as features. As discussed in
Section 3, funded listings have significantly larger number of bids
than the non-funded ones. So, we also included the total number
of bids, Nb as a parameter which helps the model. Table 5 shows
the summary of the regression model that predicts the success of
a listing. According to the table of coefficients, both q and φ are
significant predictors of success of a listing. For every one unit
change in q, the log odds of success (versus non-success) increases
by 0.063. For a one unit increase in φ the log odds of a listing
being successful decreases by 0.7162. In other words, the higher
the steepness of the curve, the more likely a listing will be funded
and the sooner the curve spikes (negative φ coefficient) the better.
So, observing a steep sigmoidal curve for the progression of the
total amount bid for a listing is a good sign of its success.

We used cross validation to understand how well the regression
model works, i.e., we split the available data into five buckets,
trained our regression model on four of them, tested the accuracy on
the remaining one and repeated this procedure for each test bucket.



Figure 11: q vs φ for funded and non-funded listings.

Figure 12: q vs φ for paid back and not paid back listings.

As a result of the cross validation, the prediction accuracy of the
above logistic model is 95%. Since only 8% of the listings are
funded we repeated the same analysis, however, this time making
sure that both the training and test sets have a balanced amount
of positive and negative examples, i.e. we under-sample the non-
funded listings. Using cross validation as explained before, gave us
a prediction accuracy of 87% while simple random guessing would
give 50%. We also investigated the performance of the model with
incomplete data by only using half of the bids for each listing to
fit a sigmoid curve to its time series. We observed that shape pa-
rameters are still good predictors of success since the prediction
accuracy only dropped to 85% from 87%. In [20] and [11], au-
thors study the relative importance of various fundability determi-
nants, such as borrower characteristics and loan attributes. In order
to see how well the new features we introduced complement the
ones proposed in earlier studies, next, we combined all these fea-
tures. We picked the following standard features as they are the
most affective ones; maximum rate borrower is willing to accept
br , debt-to-income ratio dr , total amount requested T , whether or
not borrower is a home owner h and listing description length dl.
We will call these five set of features as “baseline features”. The
prediction accuracy of the logistic regression with the baseline fea-
tures is 67% while the accuracy increases to 92% if we combine
them with the “bid features”; φ, q and Nb.

We also constructed a logistic regression model for each Prosper
credit rating category with the same features used for training the

Estimate Std. Error z value Pr(> |z|)
(Intercept) -3.572 0.0197 -180.716 0.0000

q 0.0636 0.0064 9.916 0.0000
φ -0.7162 0.0082 -86.62 0.0000
Nb 0.012 0.0001 -89.766 0.0000

Table 5: Regression model for predicting whether the listing
will get funded or not.

RATING BASELINE F. φ and q BID F. ALL
AA 65% 60% 75% 86%
A 66% 70% 83% 90%
B 65% 73% 85% 92%
C 66% 75% 88% 95%
D 66% 81% 91% 96%
E 72% 86% 93% 96%

HR 71% 89% 91% 94%
Average 67% 76% 87% 92%

Table 6: Prediction accuracy for listing success (funded vs. not
funded) per Prosper rating.

classifier. Table 6 shows the prediction accuracies of the logistic
regression models that were constructed by using all available data
for each Prosper rating. Again, for each category the data is highly
skewed, i.e., the majority of the listings are not funded (see the
column that shows the percentage funded, Pf , at Table 3 in Section
3). Thus, we sampled a balanced amount of funded and non-funded
listings for each rating before applying the regression analysis.

The first column of Table 6 shows the prediction accuracies when
only the baseline features are used for the regression while the sec-
ond column is for the model that only includes the shape param-
eters, φ and q. Using only baseline features performs worse than
the shape parameters. φ and q only model the temporal progres-
sion of the time series but not the number of bids itself so, in third
column, we added total number of bids to shape parameters, which
gives better results. However, it is important to note that only using
the shape parameters also heavily improves over random guessing,
which would give 50% accuracy. Overall, we get the highest im-
provement for the hardest cases, such as the lowest Prosper Rate
HR and E while the smallest improvement is for AA. The last col-
umn lists the accuracy of the model when the baseline and bid fea-
tures are combined, which outperforms others. These results show
that there is information to be gained from “how the market feels"
that is not present in the set of features constructed from standard
factors such as homeownership or debt-to-income ratio.

Next, we conducted the same analysis to predict whether a listing
will be paid-back or not. This means that we aim to predict whether
the listing will get paid back by the borrower solely based on the
temporal dynamics of bidding for that listing. This time the data
set was filtered to contain only the listings that got funded. Since
some of the loans were still ongoing, i.e., their repayment was not
over, we only picked the ones that were paid-back or defaulted.
We ran logistic regression for different attribute sets. In addition
to shape parameters, adding the following features of a listing gave
the best results; borrower rate br , total amount requested T and
whether there has been competition or not c. The summary of this
regression model is in Table 7. By looking at the coefficients of
the logistic regression, we can say that the shape parameters, φ and
q, are both positively correlated with its being paid back or not.
Similar to funding success, the higher the steepness of the curve,
the more likely a listing will be paid. However, this time the later
the curve spikes the better, which is a signal of competition. Table
7 shows that the existence of competition have positive impact on
a loan’s being paid-back or not.

When we tested our model through cross validation, the predic-



Estimate Std. Error z value Pr(> |z|)
(Intercept) 2.567 9.145 28.066 0.0000

q 8.575 1.722 4.980 0.0000
φ 1.219 1.807 6.749 0.0000
br -1.260 3.110 -40.506 0.0000
T -5.227 3.554 -14.710 0.0000
c 5.179 4.264 12.144 0.0000

Table 7: Regression model for predicting whether the listing
will get paid-back or not.

RATING BORROWER F. φ and q LOAN F. ALL
AA 70% 85% 87% 78%
A 62% 69% 72% 73%
B 63% 58% 67% 70%
C 59% 57% 64% 64%
D 57% 60% 60% 61%
E 55% 61% 62% 61%

HR 77% 78% 80% 77%
Average 63% 67% 70% 69%

Table 8: Prediction accuracy of being paid-back or not per
Prosper rating.

tion accuracy was 70% this time. On the other hand, using only
the shape parameters, φ and q, gave 67% accuracy. If we add
some standard features to the model such as credit rate, debt-to-
income ratio dr , whether or not borrower is a home owner h and
listing description length dl, the accuracy only increases to 72%
from 70%. The prediction accuracy of the regression model for
each rating with balanced data is in Table 8. Only using borrower
features; dr , h, dl improves over random guessing, which would
give 50% accuracy, see first column. However, using only shape
parameters performs better than borrower features, see second col-
umn. Adding some loan features, br , T and c to shape parameters
gives the best results, even better than combining loan features with
borrower features, see the fourth column. Note that prediction ac-
curacy does not decrease monotonically with Prosper Rating. We
get the highest improvement for the Prosper Ratings HR and AA,
while the smallest improvement is for D. So, predicting a loan’s be-
ing paid back or not is harder for the mid ranges of Prosper Ratings
such as C and D.

To the best of our knowledge, this is the first study that also fo-
cus on the prediction of the performance of loans in addition to
fundability success. We showed that only exploring the temporal
dynamics of a listing instead of the borrower characteristics is a
predictor of timely payments.

6. CONCLUSION
In this paper, we studied dynamics of bidding mechanism in a

peer-to-peer lending marketplace, Prosper. We investigated the fac-
tors that affect the bidding process throughout a listing’s lifetime.

We observed that bids for a single listing do not occur uniformly
over time. We concluded that this is a result of lender’s taking
into account three factors while bidding on a listing: interest rate,
probability of being amongst the winning lenders, and overall prob-
ability of a listing being successful. These factors change over the
lifetime of a listing, thus explaining the non-uniform distribution
of bids over time. We also examined the performance of individual
lenders and observed that the profits the lenders make are tied with
their bidding preferences.

Finally, we built a logistic regression model to predict listing’s
fundability success, as well as a model used to predict the prob-
ability of a loan’s being successfully paid back. We showed that
the listing bid trajectory plays an important role on both of these
models and only based on the temporal progression of the bidding
behavior, we can well estimate listing success.
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