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Abstract
We develop and estimate an equilibrium model of marketplace lending to quantify its welfare and
stability implications relative to traditional lending. We use the universe of data from one of the leading
Chinese peer-to-peer lending platforms that allows for both direct and platform-intermediated lending
through portfolio products. The dataset includes detailed information on borrowers, loans, lenders’ portfolio and platform investment. We use our structural model to quantify the value of financial disintermediation, simulating a counterfactual scenario where the platform resembles a bank in its intermediated
lending by making maturity transformation and facing rollover risk. We find that under high rollover risk
going from marketplace to traditional lending would reduce platform profits by almost $12m, lenders’
surplus by around $0.2m, and the amount of loans financed by over 4%.
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Introduction

A central feature of online “peer-to-peer” marketplaces is their degree of intermediation: companies position
themselves on a spectrum ranging from very decentralized, such as AirBnB or UpWork, to very centralized,
such as Uber (Einav, Farronato and Levin 2016). For the vast majority of players, the location on that spectrum has been a static feature, subject to little or no change since inception. The experience of marketplace
credit has been rather different: most players started out at the lower end of the spectrum, simply providing
a platform for lenders and borrowers to exchange payments, but are now moving towards a business model
that involves a degree of financial intermediation.
Traditionally, financial intermediation involves two ingredients: “brokerage”, in the sense that the intermediary acts as the link between providers and users of capital, and “skin in the game”, in the sense that the
intermediary bears some risk, for which she demands compensation. For example, a bank collects deposits
to make loans, and bears the risk associated with maturity transformation, earning the spread between deposits and loans rates. Marketplace credit platforms have introduced in their business model the brokerage
ingredient, by providing lenders with the option to delegate portfolio choices to the platform itself (Balyuk
and Davydenko 2019, Vallée and Zeng 2018). This approach has become an industry standard, covering
around 80% of loan volumes on Prosper.com in the U.S. and similar shares on leading platforms in other
countries.1 This move has also coincided with a period of rapid growth of the segment. According to a recent large scale survey, funding through crowdfunded platforms worldwide went from around $500 million
in 2011 to $290 billion in 2016, with an average annual growth rate of 250% (Rau 2018).
The implications of these trends are ambiguous, and it is not obvious how the now-dominant paradigm
among marketplace lenders compares to financial intermediation taking place in traditional banks, which
also involves the skin in the game ingredient. Credit platforms do not bear liquidity/rollover risk, which
allows them to offer better returns to investors; but on the other hand, that risk is now borne by the investors.
Therefore, the marginal value of financial (dis)intermediation on marketplace credit platforms and its welfare
and stability implications are an empirical question.
Providing an answer to that question is challenging, for at least two reasons. First, the answer requires a
counterfactual. The ideal experiment compares two platforms, with and without skin in the game; but in fact
hardly any player offers products involving skin in the game, and even if one were introduced, its launch
would unlikely be randomly assigned.2 To produce the counterfactual, therefore, we need a structural model
reflecting the salient features of online marketplace lending. Second, taking our question to the data requires
us to observe the portfolio choices of individual lenders on a given platform, the choices of the platform’s
1

In the U.S., Prosper.com allows to select individual loans or use an “Auto Invest tool” to build a target portfolio, and LendingClub offers both “Manual strategies” (i.e. direct lending) and “Automated investing” (i.e. intermediated lending). Funding Circle,
the leading U.K. player, recently altogether withdrew the option for investors to pick individual loans, and only allows intermediated
lending. Other leading platforms in the U.K. (RateSetter) and in the E.U. (Bondora) have similar policies.
2
Only in a very small number of cases, platforms have sought to bring back the skin in the game ingredient, offering products
that resemble time deposits involving a degree of maturity transformation. As a first–ever case, Zopa was granted a full U.K.
banking license in December 2018 and has planned the introduction of fixed-term savings accounts (‘P2P Lender Zopa Granted
Full UK Banking Licence’, Financial Times 4 December 2018).
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intermediating arm, and the links between them; but this level and granularity of information is typically not
disclosed by platform and it is thus unavailable to researchers.
To address these challenges, we turn to data from China, the largest and fastest-growing marketplace credit
market worldwide (Deer, Mi and Yuxin 2015). The Chinese market has over 1,000 active platforms, and
aggregate lending of over U800bn ($117bn) as of December 2018, accounting for about 20% of consumption
loans to households.3 In terms of size, P2P credit is thus non-negligible when compared to traditional bank
credit; and the rate of growth of the P2P segment makes it increasingly a credible competitor to established
banking institutions, especially for the segment of consumer credit. We work with the universe of loans
and loan applications made on Renrendai (人人贷), the fifth largest Chinese P2P credit platform holding
5% of the market, from its inception in 2011 until February 2017.4 During our sample period Renrendai
granted over U25bn ($3.8bn) in loans to approximately 380,000 borrowers. This is about one-tenth of
the amount of credit granted by Lending Club and Prosper.com combined by the end of 2017 ($39.43bn).
As China’s GDP per capita is about 14% of that of the U.S., that makes Renrendai comparable in terms
of size to the leading U.S. players. Unlike those platforms and, to the best of our knowledge, any other
source of marketplace lending data used in the literature, we have access not only to all borrowers’ and
loans’ information available to lenders on the platform, but also to the full loan portfolio of each lender, as
well as to the loan composition of the portfolio products that the platform offers, together with investors’
rollover decisions. We combine these unique data with a novel structural model of marketplace lending
encompassing both traditional peer-to-peer and intermediated credit, allowing us to compare welfare and
stability across different scenarios.
The setup of our platform is representative of the standard business model of marketplace lending, but also
provides some specific features that are key to our analysis. Renrendai allows lenders to invest not only
through the classic P2P direct lending, where the lender herself selects the borrowers she wishes to fund,
but also through a platform-based financial intermediation, where the lender entrusts her funds to the P2P
platform, choosing only the amount to invest and the duration of her investment. The platform then distributes the funds across a range of borrowers, using a proprietary algorithm and “big data” techniques to
allocate loans. From this point of view, Renrendai is very similar to all the leading P2P players worldwide.
What instead makes our platform unique and particularly suitable for our analysis is that it seems to be making maturity transformation by investing short-term portfolio products into long-term loans, as on average
lenders’ funds with an investment horizon of three to six months are lent out to borrowers who seek loans
with mostly three years maturity. To the best of our knowledge, most of the other platforms don’t specify
a duration for the portfolio product, assuming the loans need to be held until maturity unless the investor
decides to sell them on the platform’s secondary market. One exception that is going in this direction, as
mentioned before, is the U.K. P2P lending company Zopa that is planning to launch fixed-term savings
accounts.
However, a key difference between Renrendai and a bank is that technically the platform is not making
3

‘Chinese P2P lending regulations target hucksters and risk–takers’, Financial Times 24 August 2016, and WDJZ (https://
www.wdjz.com).
4
‘China’s Renrendai sees future in SMEs as P2P industry reels’, Financial Times 7 January 2019.
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maturity transformation. If lenders want to cash out their investment at the end of the portfolio duration,
they can do so conditional on the platform reselling the underlying loans on its secondary market. For this
reason, differently from a traditional bank, the platform has no skin in the game, is not subject to rollover
risk, and cannot be prone to a “platform run”. This opens the question of what are the welfare and stability
implications of this model relative to a more traditional financial intermediation. Having no skin in the game
means that the platform doesn’t need to price the rollover risk when selling its portfolio products, which can
be beneficial for investors, borrowers, and the platform itself. The disadvantage is that the platform might
be prone to moral hazard as it doesn’t internalize the risk attached to the borrowers it finances with the
lenders’ investment, and China has experienced to a large extent this problem in its P2P market, which led
to a significant tightening of regulation.5
Another key ingredient to address the challenges is developing a structural model of marketplace lending,
that nests both the intermediated and P2P lending alternatives, and estimating it using our data. The model
builds on the extensive literature on demand estimation for differentiated products in industrial organization
(Berry 1994, Berry, Levinsohn and Pakes 1995), combined with portfolio choice (Koijen and Yogo 2018),
and applies it to the context of P2P credit. Our framework includes the choices of the three players in our
market: borrowers, lenders, and the platform. We consider borrowers as passive and atomistic players that
just post loan requests on the platform, in terms of amount, maturity and interest rate, provide all the necessary personal information, and go through the standard platform screening process. We model investors’
choices of dis-intermediated P2P loans and intermediated portfolio products using a demand framework for
differentiated products, and also model investors’ rollover decision over the portfolio products. On the supply side, we estimate and calibrate models of the platform’s optimal loan choice for its portfolio products,
as well as its decision over offered portfolio return and its preference for maturity mismatch. We then use
the estimates of our structural model to simulate a scenario where the platform acts as a bank on its portfolio
products.
Our main findings are as follows. First, we provide novel descriptive evidence not only on individual
investors’ lending strategies, but also on the platform’s investment decisions for its portfolio products. We
are able to document the extent of the potential maturity transformation that the platform appears to be doing,
because while its most popular portfolio products have 12, 6, and 3 months duration, the largest volume of
loans it invests in have maturity of 36 months. Moreover, we show evidence that the largest number and
volume of loans is financed through the intermediated channel, that is directly by the platform itself. We
also show that the vast majority of loans is financed either exclusively by the platform, through its portfolio
products, or exclusively by individual investors through direct lending. This is paired with the evidence that
most of the lenders use either one channel or the other, and rarely invest through both. Interestingly, we are
also able to quantify how much faster is the platform at bidding for loans relative to individual investors.
While the platform is slightly faster than individual lenders at placing the first bid on a loan, as expected it is
significantly faster at bidding for the whole amount of a loan once it selected one, with very short intervals
between each bid it places.
Second, the estimates our our structural model shed light on investors’ preferences for loan and portfolio
5

Financial Times article of 5 April 2017 titled “China curbs ’Wild West’ P2P loan sector”.
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products’ characteristics, investors’ determinants of rollover of portfolio products, as well as platform’s
preferences for individual loans’ attributes. We are able to quantify investors’ demand elasticity across
direct P2P loans and intermediated portfolios with respect to returns, maturity, and loan/portfolio size. We
show that investors prefer larger loans and higher returns, especially for new P2P loans, and favor shorter
maturities, apart from P2P loans on the secondary market. As expected, when investing directly on P2P
loans investors value borrowers’ quality, as reported by the platform, across various dimensions. Moreover,
when selecting portfolio products, investors display some disutility from higher expected resale time of
the portfolio’s loans, which can be interpreted as investors’ preference for liquidity or their disutility from
rollover risk. We provide evidence that lenders are more likely to rollover their portfolio products if these
have higher returns and shorter duration. Last, we document that the platform, when assembling each
portfolio of loans, has better screening ability than individual investors, prefers on average loans with longer
maturities, and loans with lower returns. This last finding can be explained as an attempt by the platform
to reduce adverse selection by avoiding borrowers that post an excessively high interest rate, and is in line
with the findings of Kawai, Onishi and Uetake (2014). These estimates provide us with a metric of lenders’
surplus that can be used to compare our baseline and counterfactual scenarios.
Third, through a portfolio-product-specific platform profit function we are able to simulate a counterfactual
scenario of traditional lending, quantifying changes in borrowers’ financed credit, lenders’ surplus, and
platform’s profits under baseline and high rollover risk. Baseline rollover risk corresponds to an average of
half a day to resell loans on the platform’s secondary market, while high rollover risk is equivalent to 10 days
to resell the loans on average. We let the platform maximize its profits with respect to offered returns on
its portfolio product and preference for maturity mismatch between portfolio duration and loans’ maturities.
We find that going from marketplace to traditional lending, under the baseline level of rollover risk, lenders’
surplus and total amount lent are almost unchanged, but the platform experiences a drop in profits of U4.3m
($0.64m). Under a scenario of high rollover risk instead, marketplace lending would have a 2% drop in
lending, a U0.72m ($0.1m) drop in lenders’ surplus, and no profit loss, while traditional lending would see
a 5% reduction in the total amount lent, a U1.9m ($0.3m) drop in lenders’ surplus and a U80m ($12m)
drop in platform’s profits. While the average riskiness of loans financed remains constant, the large drop in
platform’s profits could represent a threat to stability.
Our paper makes various contributions to the literature. First, we provide new evidence on the growing
Fintech and P2P lending phenomenon. In the recent years the literature has investigated various key aspects of Fintech related to mortgage lending (Fuster, Plosser, Schnabl and Vickery 2018), credit to SMEs
(Franks, Serrano-Velarde and Sussman 2018), screening (Iyer, Khwaja, Luttmer and Shue 2016, Hertzberg,
Liberman and Paravisini 2018), etc. We relate in particular to the papers focused on the interaction between
Fintech lenders and traditional intermediaries (Buchak, Matvos, Piskorski and Seru 2018, Di Maggio and
Yao 2018, Tang 2019, de Roure, Pelizzon and Thakor 2018), as well as on how Fintech can undermine
macro-prudential regulation (Braggion, Manconi and Zhu 2019). We also bring new evidence on the evolution of P2P lending platforms towards more reintermediation and institutional investors as main lenders
(Balyuk and Davydenko 2019, Vallée and Zeng 2018). While the literature on FinTech is relatively recent
and mostly focused on U.S. data (Morse 2015), we provide evidence from China, the fastest growing and
largest P2P lending market.
5

Second, we contribute to the literature on structural estimation in both financial intermediation (Egan, Hortaçsu and Matvos 2017, Crawford, Pavanini and Schivardi 2018) and P2P lending markets (Kawai et al.
2014, Xin 2018, Rahim 2018). To the best of our knowledge, our framework is the first structural model
of marketplace lending that explicitly incorporates both direct P2P and platform-intermediated credit. Our
model provides a simple and flexible framework to analyze the behavior of P2P credit platforms, which
could be employed in further applications across any platform that makes its data available.
Third, and on a broader level, we contribute to the recent literature on P2P platforms (Einav et al. 2016). This
fits into the more general focus of developing and estimating structural models to understand the evolution of
P2P marketplaces, their interaction with traditional incumbents, and whether and how to regulate them. This
line of work ranges from platform design for internet commerce (Dinerstein, Einav, Levin and Sundaresan
2018), auctions vs posted prices (Einav, Farronato, Levin and Sundaresan 2018), the taxi market (Fréchette,
Lizzeri and Salz 2019), and Airbnb vs hotel industry (Farronato and Fradkin 2018).
The rest of the paper is organized as follows. Section 2 describes the institutional features of P2P credit
in China and of our platform, and provides the details of our data as well as some descriptive evidence.
Section 3 presents our structural framework modeling lenders’ and platform’s decisions. Section 4 outlines
the estimation strategy, and Section 5 discussed the results. Section 6 presents the counterfactuals, and
Section 7 concludes.

2

Data and Descriptive Evidence

We base our analysis on a database containing the universe of loans and loan applications on a leading
Chinese online P2P credit platform, Renrendai (人人贷). Renrendai was launched in 2010, and quickly
developed into one of the main players in the Chinese P2P credit sector, with cumulative turnover of U25bn
($3.7bn) and nearly 4 million registered accounts as of February 2017. Our database spans the period from
October 2010, when Renrendai first opened to the public, until February 2017. Among the on average over
2,000 thousand Chinese P2P credit platforms active during that period, Renrendai has consistently ranked
in the top 1% by loan turnover. In total, our data contain 909,649 loan applications, made by 703,028
individual borrowers, and involving 277,761 lenders.
Individuals can become Renrendai users by signing up on the platform’s webpage. Users can then both
submit loan applications, if they want to borrow, or fund loans, if they want to invest. Prospective borrowers
are required to specify the loan amount and maturity they seek, as well as the interest rate they propose to
pay. The loan amount is restricted by a borrowing ceiling set by the Renrendai, which varies depending
on the borrower’s credit score, and has been progressively relaxed over time, increasing from U100,000 in
2011 to U1,000,000 since 2012. The maturity options available to borrowers are 3, 6, 9, 12, 15, 18, 24, and
36 months. Last, the interest rate is restricted to a range, which has been adjusted several times during the
first months of the platform, and since 2012 is set at 7%–24%.

6

A prospective borrowers is also required to submit some verifiable personal information used by the platform
to determine her credit score, including a copy of an identity document, a phone number, and her personal
credit report from the Credit Reference Center of the People’s Bank of China (中国人民银行征信中心).6
If the borrower is employed in a given company or organization, she also needs to submit a copy of her
employment contract; if self–employed, a business certificate and a copy of the most recent transactions on
her bank account.
Based on the outcome of the platform’s screening process, loan applications are classified according to three
investment targets, with decreasing degree of risk: credit-certified, on-site-verified, and institute-guaranteed
targets. The risk associated with each target group is determined by the information that the platform collects, and by the expected recovery in the event of default. Credit-certified borrowers are the most opaque, as
the only information on them is collected through a standardized verification process. In addition, throughout most of our sample period Renrendai collects through fees a reserve pool, intended to compensate
investors in defaulted credit-certified loans for the overdue principal amount (but no overdue interest payments). As of 2016Q3, the reserve pool had a size of U344,749,952, corresponding to XXX% of the value
of outstanding credit–certified loans.7
On-site-verified borrowers have their assets physically verified by an officer from You Zhong Ye Financial
Information Services Ltd. (友众信业金融信息服务(上海)有限公司), a partner company of Renrendai,
who verifies that the information they provide is true. In the event of default, You Zhong Ye Ltd. is responsible for reimbursing the overdue principal plus interest to lenders of the on-site–verified borrowers.
Should You Zhong Ye Ltd. prove unable to cover the overdue amounts, Renrendai’s reserve pool may also
be tapped.
Finally, the loans to institute-guaranteed borrowers enjoy a guarantee from Zheng Da Su Dai Ltd. (证大速
贷小额贷款股份有限公司), a microloan company unrelated to Renrendai. In the event of default by these
borrowers, Zheng Da Su Dai Ltd. is responsible for reimbursing the overdue principal and interest to their
lenders.
Table 2 presents descriptive statistics of loan applications and financed loans, while Figure 1 provides graphical evidence of the number and volume of approved loans across maturity options and across quarters.
6

The Credit Reference Center was established in 2006, to collect an array of information about both enterprises and individuals.
At the heart of its data is information provided by traditional banks, along with by public information in the areas of social security
payments, housing provident fund payments, administrative penalties and awards related to environmental protection, tax arrears,
court judgments, bureaucratic actions, etc. Individual income information is also collected by the Credit Reference Center; however,
it is self-reported by individual borrowers. A number of financial institutions may submit information to, or access records from, the
Credit Reference Center: banks, rural credit cooperatives, trust companies, consumer finance companies, auto finance companies
and micro-finance institutions. Users may access the Credit Reference Center system from the entire country. The aim of the
Credit Reference Center is to provide comprehensive credit information; that said, information about P2P credit and in particular
delinquencies and defaults on P2P loans has not been recorded by the Credit Reference Center until August 2018, i.e. well after
the end of our sample period (http://www.xinhuanet.com/fortune/2018-11/05/c_1123664511.htm), and even
then, only for selected platforms.
7
In 2016, a regulatory reform abolished reserve pools of this sort.
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Table 1: S UMMARY S TATISTICS L OANS
Variable

N. obs.

Mean

Std. dev.

10th Pctile

Median

90th Pctile

Panel A - Loan Applications
Loan Amount (’000 U)
Interest Rate
Maturity in Months
Financed

955,405
955,405
955,405
955,405

64.54
12.56
21.44
0.39

80.34
2.62
11.56
0.49

5
10
6
0

50
12
24
0

124.5
15
36
1

Panel B - Financed Loans
Loan Amount (’000 U)
Interest Rate
Maturity in Months
Number Bidders
Minutes Open to 1st Bid
Minutes 1st to Last Bid
Repaid
In Progress
Default
Share Defaulted

376,219
376,219
376,219
376,219
376,219
376,219
376,219
376,219
376,219
4,098

70.10
11.27
29.96
81.52
1,372.21
30.80
0.35
0.64
0.01
0.65

50.40
1.40
9.46
108.80
3,229.13
247.10
0.48
0.48
0.10
0.29

20
9.6
18
12
3.18
0.03
0
0
0
0.22

62
10.8
36
45
221.32
0.47
0
1
0
0.69

126.2
13.2
36
189
4,103.72
13.1
1
1
0
1

Notes:

Figure 1: Q UARTERLY N UMBER AND A MOUNT OF A PPROVED L OANS BY M ATURITIES

Lenders can invest on Renrendai via two main channels. The first one via traditional peer-to-peer loans. In
that case, lenders have access to all the approved loan applications and select their preferred ones, choosing
the amount they want to bid. They can invest in new loans, as well as in outstanding loans that trade on a
secondary market on Renrendai, where lenders can also sell their shares of loans in which they previously
invested, subsequent to a 90-day mandatory holding period from their initial investment.
The other main channel lenders can access is a loan portfolio product offered by the platform called UPlan
(U计划). Every day Renrendai offers a set of these portfolio products to its customers, differentiated across
three main features: (1) target annual return, ranging between 6% and 11%, (2) investment horizon or
8

lock-up period, varying between 3 and 24 months akin the portfolio product’s maturity, and (3) minimum
investment amount, which can be either U1,000 or U10,000. Figure 2 shows the range of target annual
returns for each maturity of these portfolio products, and Figure 3 presents the share of loan volume that the
platform allocated to each maturity of portfolio products in each quarter. From the latter figure it is clear
that most of the loans are allocated to 12 months products, followed by 6 and 3 months ones.
These portfolio products are assembled by Renrendai by investing in a large number of its peer-to-peer
loans, restricted to the on-site certified and institute guaranteed targets, for both new and resale loans. At
the end of the lock-up period, investors have the option to roll their investment over at the same conditions,
or to cash out. In the latter case, the platform sells on the secondary market the loan share belonging to
the liquidating investor, and charges the investor a small (XXX%) cashing-out fee. A Uplan investment
involves, in addition, a management fee such that any realized returns above the target annual return is
collected by Renrendai. It is possible for lenders to withdraw their investment before the end of the lock-up
period, but this requires the payment of a fee of 2% of the invested amount; moreover, the lender can only
cash out once Renrendai has been able to place on the secondary market the loans in her portfolio.
In addition to traditional peer-to-peer loans and Uplan, Renrendai also provides one alternative investment
model called Salary Plan. Salary Plan is similar to Uplan, with the difference that it has a fixed 12-month
lock-up period and that lenders make fixed monthly payments, instead of investing a lump sum.
Figure 2: E XPECTED R ETURN UP LAN BY M ATURITIES
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Figure 3: S HARE OF UP LAN I NVESTMENTS BY M ATURITIES

We provide some graphical evidence regarding loans financed both by the traditional peer–to–peer channel
and the portfolio products (i.e. the platform). Figure 4 shows the share of new and resale loan amounts
financed by the peer-to-peer channel. Interestingly, around 20% of new loans are exclusively financed by
peer-to-peer investors, whereas the rest is only financed by the platform, which implies that for new loans it
almost never happens that a single loan is financed at the same time by the platform and by any peer-to-peer
lender. A similar pattern occurs for resale loans, on the right panel of Figure 4, but in that case various
loans are simultaneously financed by the platform and peer-to-peer investors. Figure 5 presents the number
of loans financed by peer-to-peer and platform channels, with a breakdown by quintiles of loan amounts
and maturities. What can be learnt from this figure is that the platform tends to invest in larger and longer
maturity loans compared to peer-to-peer investors. The same can be observed in Figure 6, which shows the
same descriptives in terms of loan volumes. Comparing this last figure with Figure 3 gives indirect evidence
of the extent of potential maturity transformation that the platform is doing. Portfolio products with maturity
of 3, 6, or 12 months have underlying loans of almost exclusively 36 or 24 months maturity.
We then show in Figure 7 the time in minutes that it takes for peer-to-peer investors and for the platform
to bid for new loans, across loan amount quintiles. We present both the time in minutes between a loan is
available on the platform and the first bid, on the left panel, and the total bidding time between the first and
the last bid, on the right panel. These figures present intuitive evidence that the platform is much faster at
both bidding for the first time, and at bidding the whole loan. Last, Figure 8 shows that the platform has
also very short intervals between bids, as expected from the previous figures.

10

Figure 4: S HARE OF N EW AND R ESALE L OANS ’ A MOUNTS F INANCED BY P2P VS P LATFORM

Figure 5: N UMBER OF L OANS F INANCED BY P2P VS P LATFORM

Figure 6: A MOUNTS OF L OANS F INANCED BY P2P VS P LATFORM
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Figure 7: T IME TO B ID AND B IDDING T IME P2P VS P LATFORM - N EW L OANS

Figure 8: M EDIAN I NTERVALS BETWEEN B IDS UP LAN VS P2P - N EW L OANS

2.1

Data Aggregation

In order to overcome the computational complexity of estimating our structural model on a very large fully
disaggregated dataset, we aggregate our data along some of the key dimensions. For both new and resale P2P
loans we create loan categories based on the following loan characteristics: (i) 8 quantiles of loan amounts,
ranging from U1k-5k for the smallest to U100k-300k for the largest;8 (ii) 4 quantiles of loan maturities
(1-6, 6-15, 15-24, and 24-48 months); (iii) 7 quantiles of loan interest rates;9 (iv) 2 classes of borrowers’
creditworthiness, either AA and A or below. For resale P2P loans the amount is defined by the portion of the
initial loan that is sold on the secondary market, whereas the maturity is classified as the left over duration
of the loan at the time of resale. As a result, we have 219 loan categories for new and 239 for resale P2P
loans, even if not all of these are always available every day.

8
9

The 8 categories in ’000 U are the following: 1-5, 5-10, 10-20, 20-30, 30-50, 50-80, 80-100, 100-300.
The 7 categories in percentage points are the following: 3-10, 10-10.5, 10.5-11, 11-12, 12-13, 13-15, 15-24.4.
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Table 2: S UMMARY S TATISTICS L OAN C ATEGORIES

Variable

1-6 Months
New
Resale

6-15 months
New Resale

15-24 months
New
Resale

24-48 months
New
Resale

Loans’ Characteristics
Share
Interest Rate
Amount Lent (’000 U)
Loan Amount (’000 U)
Time to First Bid (hours)
Time from First to Last Bid (hours)
Average Resale Time (days)

.06
11.84
48.17
47.04
100.98
.06
.37

.02
11.83
15.62
14.42
60.61
.78
.28

.06
11.72
47.26
42.18
78.32
.23
.38

.04
11.85
28.90
24.59
50.44
.46
.38

.21
11.86
147.64
49.22
55.94
.33
.35

.05
12.13
36.20
21.59
51.56
1.09
.37

.20
11.92
136.49
58.79
35.47
1.19
.41

.05
11.80
40.36
37.40
26.51
.95
.49

Borrowers’ Characteristics
Share High Credit Rating (AA/A)
Share Onsite Verified
Default Rate
Share from Tier 1 Cities
Share of Males
Share with Mortgage
Share of Homeowners
Average Monthly Income (’000 U)
Average Education Level
Average Age
Share Returning

27.91
14.95
.31
24.17
52.42
23.17
50.00
32.00
2.18
34.35
74.42

52.00
50.00
.28
13.62
67.64
8.25
42.97
43.12
2.11
41.79
49.26

36.36
27.27
.28
12.69
64.88
27.63
53.54
30.14
1.94
35.43
65.46

56.72
53.73
.54
19.70
67.86
15.15
45.19
38.01
2.06
40.92
40.06

52.54
52.54
.16
10.03
60.05
14.95
36.65
30.95
2.14
37.84
41.21

63.79
68.97
.07
18.28
64.25
26.16
55.53
28.24
2.07
37.44
13.45

74.51
76.47
.25
11.87
77.03
24.74
46.72
18.95
2.22
37.05
19.88

75.00
79.69
1.26
17.37
64.10
22.35
45.70
26.24
2.30
36.07
21.41

Notes: All the values reported in this table are averages, and all the shares are presented in percentages (0-100 scale). Average Education Level is a
categorical variable taking 4 values (1=high school or below, 2=college, 3=undergraduate, 4=postgraduate).

3

The Model

Our institutional setting features three players: borrowers, lenders, and the platform. Borrowers i = 1, . . . , I
post on the platform their loan request defined by an amount ai , a maturity mi , and an interest rate ri .
Conditional on the loan being funded, borrowers are subject to monthly payments and can choose to continue
repaying their outstanding debt or not. We treat borrowers as passive agents and model the behavior of
the other two players. Lenders j = 1, . . . , J can decide every day t = 1, . . . , T to invest an amount
Ljt across two distinct investment channels. The first one are P2P loans as requested by the borrowers;
lenders can decide to finance (a share of) a given P2P loan. The second channel are portfolio products
k = 1, . . . , K offered by the platform, which vary across target annual return Rkt , maturity Mkt , and
maximum investment amount Akt . We use a discrete choice framework to model the lenders’ decision on
whether to invest in a P2P loan or in a portfolio product, allowing them to choose among classes of loans
c = 1, . . . , C or among any available portfolio product k based on the characteristics of each. Conditional on
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their product choice, we also model the choice to rollover their investment in case they chose the portfolio.
Last, we model the platform’s choice of the portfolio weights wkt , of the target annual return Rkt , and of
its preference for maturity of loan categories for each portfolio product it offers. In principle the platform is
also choosing maturity M and maximum investment amount A, but these actually have very little variation
over time in our data, so our modeling focus is only on portfolio weights and returns.

3.1

Lenders

We now describe the features of the lenders’ framework. Every period t a set of lenders Jt decides to invest
using the platform. Each lender j can choose between investing in a portfolio product k = 1, . . . , K or P2P
loans; conditional on having invested in a portfolio product, before its maturity the lenders can also decide
whether to rollover their investment or cash out.
The choice of a portfolio product is based on its associated indirect utility, which the lender derives from the
portfolio’s characteristics:

U P lan
Ujkt
= αR Rkt + αM Mkt + αA Akt + αZ Zkt + ασ σkt + ξkt +εjkt ,
{z
}
|

(1)

U P lan
δkt

where σkt is the average time it takes for the loans in the portfolio product k to be sold in the secondary
market, once the portfolio reaches its maturity. Hence, ασ captures investors’ preferences for liquidity. Zkt
are other characteristics of the product, including time to the first bid, time from the first to the last bid, as
well as other non-linear and interaction terms described more in detail in Section 5. We group Rkt , Mkt ,
Akt , and Zkt in a vector of characteristics Xkt ; ξkt are normally distributed shocks to demand at the productday level unobserved to the econometrician, and εjkt is a Type 1 Extreme Value shock; α denotes the vector
U P lan = α0 X + ξ .
of coefficients, and δkt
kt
kt
Before the end of the portfolio’s maturity Mkt , we allow lenders to decide whether they want to rollover
their investment with the same plan for the same duration, amount, and target return, or if they want to cash
out. Their indirect utility from rolling over is given by:

Roll
Ujkt
= τ R Rkt + τ M Mkt + τ A Akt + τ Z Zkt + jkt ,

(2)

where jkt is a normally distributed shock.
Each lender can also choose to invest directly in a P2P loan. As we almost never observe in the data a lender
choosing both a portfolio product and a P2P loan within the same period, we consider these two options
as mutually exclusive. On a given period, lenders can choose among a very large set of P2P loans on the
platform, newly posted or trading in the secondary market. Those loans only differ across few observable
characteristics: amount, maturity, interest rate, and a small number of borrower self–reported attributes. In
order to make the lenders’ choice set computationally tractable we restrict their available choices among
14

P2P loans to discrete categories c = 1, . . . , C, each of them grouping a class of loans that are homogeneous
in terms of the observables described above. We let lenders invest in a P2P loan category c according to the
following indirect utility it derives from loan characteristics xct :

P 2P
Ujct
= γ r rct + γ m mct + γ a act + γ z zct + ζct +ujct ,
|
{z
}

(3)

P 2P
δct

where zct are characteristics of the loan category other than target return, maturity, and amount. Similarly
to equation (1), we group rct , mct , act , and zct in a vector of characteristics xct ; ζct are normally distributed
shocks to demand at the loan category-day level unobserved to the econometrician, and ujct is a Type 1
P 2P = γ 0 x + ζ .
Extreme Value shock; γ denotes the vector of coefficients, and δct
ct
ct
Last, we give lenders the outside option of not investing in either a portfolio product or P2P loan. As we
do not directly observe lenders logging into the platform and foregoing investing, we proxy for the share of
lenders that on a given day decide not to lend as follows. We assume that the day with the largest amount
invested in a given calendar quarter is the benchmark potential market size during that quarter and define
that as Lt ; on a given day, the outside option share is given by Lt minus the lenders’ total invested amount.
We normalize the utility from choosing the outside option to zero.
Based on these indirect utilities we can define the probability that lender j will choose portfolio k at time t,
which is equivalent to the market share of portfolio product k at time t, as follows:

U P lan
(Xkt , xct | α, γ) =
Skt

1+

U P lan )
exp(δkt
P
,
P 2P
U P lan ) +
c exp(δct )
h exp(δht

P

(4)

and similarly define the probability that lender j will choose P2P loan category c at time t, which is equivalent to the market share of the P2P loan category c at time t, as follows:

P 2P
Sct
(Xkt , xct | α, γ) =

1+

P 2P )
exp(δct
P
.
P 2P
U P lan ) +
d exp(δdt )
k exp(δkt

P

(5)

Roll for portfolio product k at time t estimating a
Last, we approximate the share of rolled over amount Skt
linear model based on equation (2).10

3.2

Platform

Every period t the platform makes two choices. First, it decides the features of each portfolio product k it
offers, such as target return Rkt , maturity Mkt , and maximum investment amount Akt . Second, once all
portfolio products have been issued, it decides which loans to include in each of them. Following Koijen
U P lan
P 2P
Having a similar expression as for Skt
and Sct
is complicated by the fact that there are various plans with rollover shares
equal to zero or one, hence the choice of a simple linear approximation.
10
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and Yogo (2018), we model this portfolio choice as an asset demand model based on loan characteristics.
We assume the platform considers loan categories c = 1, . . . , C, defined by the same loan and borrower
characteristics xct as above, which include interest rate rct , maturity mct , and amount act . We model the
platform’s portfolio weight on loan category c at time t for product k as:
exp(δkct )
g∈C exp(δkgt )

wkct = P

(6)

where:

r
m
δkct = βkt
rct + βkt
mct + β a act + β z zct + β d dct + ηkct ,

(7)

and ηkct are normally distributed shocks to demand at the loan category-date level unobserved to the econometrician. This model allows us to recover the preferences that the platform exhibits for P2P loans characteristics when it selects these loans for each portfolio product. We let the platform have heterogeneous
preferences varying across portfolio products k and days t for what we identify as the most relevant charr and β m . Crucially, we
acteristics of these loans, that are return and maturity, identified respectively by βkt
kt
assume that the platform has an informational advantage when selecting the loans relative to the individual
investors, as it is able to predict the average default rate dct of a loan category c on day t. We believe this
is a realistic approximation, as the platform has access to the whole performance record of all loans ever
granted, whereas individual lenders don’t have this information.
m . As we
We then model the choice of equilibrium target return Rkt and platform maturity preference βkt
observe very little variation in the maturity Mkt and investment amount Akt options in the data, we take
them as given.11 We define the following profit function for each portfolio product k issued on day t:

"
Πkt =

U P lan
Skt
Lt

#
X

wkct (rct − C1kt ) mct − Rkt Mkt − C2kt .

(8)

c

We divide this profit function into one revenue and three cost components. The platform earns a weighted
average of the yearly interest rate paid by the borrowers rct times the yearly maturity of each loan category
mct , where the weights are given by the portfolio weights wkct as of equation (6). The first marginal cost
component is the yearly return paid to investors Rkt , times its yearly maturity Mkt . The second cost term
mm C
is defined as C1kt = βkt
ct 1kt and captures the constraint of investing in a loan category with limited
loans available, where C 1kt is unobserved to us as econometricians but can be recovered using the first order
condition of the profit function.12 The third cost component C2kt represents any other administrative cost of
11

As discussed in Section 2, until 2016 there were just 3 options for M, which afterwards became 7, and there has been only
one option for A, which changed once during our sample period.
12
Even if we observe in the data the availability of loans in each loan category every day, the platform invests across several days
the funds it collected for each individual portfolio product, therefore it is hard to compute from the data exactly which limits it faces
in terms of loan categories’ availability.
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setting up the portfolio product, net of any fee payment by investors. Once again, this term is unobserved
to us as econometricians, but we can obtain it using the first order condition of this profit function. The
platform will decide every day t the returns to set on each portfolio product k, summarized by the vector
Rt , and the corresponding vector of maturity preferences βtm , such that:

maxm Πt =

Rt ,βt

4

X

Πkt .

(9)

k

Estimation

We estimate three models separately to recover respectively lenders’ preferences for loans’ and portfolio
products’ characteristics, lenders’ determinants of rollover for the portfolio product, and the platform’s
preferences for loans’ characteristics. For the first and last model we use the standard logit approach for
differentiated products’ demand (Berry 1994), whereas the rollover decision is estimated with a linear model.
We estimate lenders’ demand for loans and portfolio products jointly, so for ease of notation we define the
subscript κ as including both portfolio products k and loan categories c, and outline the following estimating
equation:

ln(Sκt ) − ln(S0t ) = αθR Rκt + αθM Mκt + αθA Aκt + αZ Zκt + ασ σκt + ξθ + ξt + ∆ξκt ,

(10)

where θ = {U P lan, P 2P, RP 2P } identifies the three channels that investors can choose, that is the portfolio product (U P lan), new P2P loans (P 2P ), and resale P2P loans (RP 2P ). We define Rκt = {Rkt , rct },
Mκt = {Mkt , mct }, Aκt = {Akt , act }, and allow investors’ preference parameters for these key features
of investment products to vary across the channels θ, while controlling for other portfolio product or loan
characteristics Zκt = {Zkt , zct }. This means that we let investors have a different sensitivity to returns,
maturities, and amounts depending on which channel they are investing in. Note that the term capturing
rollover risk σκt is positive only for the portfolio products, and zero for P2P loans. We also include fixed
effects for the three investment channels ξθ using as default category Salary Plan, a subcategory of UPlan,
and day fixed effects ξt . This means that the unobserved attributes of portfolio/loan categories ∆ξκt can be
interpreted as deviations from the channel-specific and day-specific mean utility shifters ξθ , ξt . S0t is the
share of the outside good, that is the amount that lenders decided not to invest in neither portfolio products
nor P2P loans on the platform.
The identification challenge to estimate lenders preferences for returns, maturity and amount comes from
any potential correlation between these three variables and the demand shocks ∆ξκt . In particular, if the
demand shocks represent any loan or portfolio product quality observed to lenders but unobserved to the
econometrician, we would expect for example a correlation with returns, as lenders would have a preference
for quality and the platform could price that. Demand unobservables could also capture some day-specific
shocks that increase or reduce demand, affecting returns offered by the platform or rates offered by borrowers. Last, portfolio returns or loan rates could also reflect heterogeneity in preferences across lenders that
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drives their selection into either channel, potentially captured by the unobservables ∆ξκt .
We address these challenges with a combination of fixed effects, preferences’ heterogeneity, and relying on
institutional features of this market. First, one important advantage of having access to an online platform
data is that the econometrician can observe all the information that is accessible to platform users. We can
therefore control for all the portfolio product or loan attributes that investors see when they browse the web
page of the platform. Second, we include day fixed effects to control for any demand shock that is common
across loans and portfolio products issued each day. Last, we allow for lenders’ preferences to vary across
different investment channels, namely UPlan, new P2P loans, and resale P2P loans.
We estimate the determinants of rollover using a linear model, where the dependent variable is the share of
UPlan’s invested amount that is renewed by investors at the same conditions as for the initial investment.
Hence we estimate the following model:

Roll
= τ R Rkt + τ M Mkt + τ A Akt + τ Z Zkt + t + ∆jkt ,
Skt

(11)

where we include day fixed effects as t . Last, we estimate the platform’s demand for loans based on the
following equation:

r
m
ln(wkct )−ln(wk0t ) = βkt
(rct − r0t )+βkt
(mct − m0t )+β a (act − a0t )+β z (zct − z0t )+β d (dct − d0t )+ηt +∆ηkct ,
(12)

where wk0t represents the share invested in one of the categories, and r0t , m0t , a0t , z0t , d0t its corresponding
attributes.13 Also for this model we address the identification challenges using day fixed effects ηt , allowing
for platform’s heterogeneous preferences, as well as controlling for and observing all the loan information
available to the platform itself.

5

Results

The estimates of the three models, lenders’ demand for loans, platform’s demand for loans, and lenders’
rollover, are presented respectively in Tables 3, 4, and 5. In the lenders’ demand model we include day fixed
effects and allows for lenders’ preferences for return, maturity, and loan amount to vary depending on the
channel they invest in, that is the portfolio product (UPlan/Salary Plan), new P2P loans, and P2P loans sold
on the secondary market. We find that investors’ utility is always increasing in returns, with the strongest
effect for new P2P loans and the weakest for resale P2P loans. Own return elasticities derived from these
return coefficients imply that a 10% increase in returns for UPlan products increase its share by almost 5%,
while the same increase in interest rates rises market shares of new and resale P2P loans of respectively
14% and 2%. We find that investors’ utility is increasing in maturity for resale P2P loans, but decreasing
13

We need this normalization in order to identify the platform’s preference parameters.
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in maturity for UPlan and new P2P loans. Lenders’ utility is increasing in amount across all channels,
but relatively less for the two P2P ones. The negative and significant coefficient for the plan rollover time
σkt shows that lenders investing in UPlan have some disutility from rollover risk, or equivalently have a
preference for liquidity.
The positive coefficient of the variable “Time to First Bid” implies that lenders are more likely to bid for
loan categories that experience a longer time lag between they are displayed on the platform and the first
bid occurs. This is likely to quantify indirectly the competition effect with the platform’s choice of loans,
capturing the difficulty for individual investors at bidding for loans targeted by the platform, which is particularly fast at picking loans as showed in Figures 7 and 8. On the other hand, the negative effect of the
variable “Time from First to Last Bid” implies that loans that on average take longer to be completely bid
are less likely to be chosen by individual investors. This effect can capture how lenders might perceive as
less attractive, all else equal, a loan that hasn’t been fully bid for a long period of time. As expected, lenders
prefer borrowers that are verified onsite by the platform and with lower observable risk. Last, we show that
lenders’ mean utility exhibits a clear ranking across the four potential investment channels: new P2P loans
are the most preferred one, followed by UPlan and Salary Plan, and last by resale P2P loans.
The results of the platform’s demand for P2P loans are summarized in Table 4 and Figure 9. Our estimates
shows that the platform actually favors loans that guarantee lower margins, all else equal. This can be
justified by the potentially higher degree of adverse selection that borrowers promising a higher interest rate
might represent, consistent with the findings of Kawai et al. (2014). Compared to the opposite sign of the
coefficient on loan returns that individual lenders have for the P2P segment, this could also be interpreted as
another channel through which the platform achieves a better selection of loans, by avoiding the higher risk
ones that are instead funded by individual investors. We are also able to quantify the platform’s preference
for maturity transformation, defined as loans’ maturity holding portfolio product’s maturity fixed. We find
that, all else equal, the platform on average favors a longer maturities. Our results also show that the platform
prefers larger loans. Last, as expected, the platform tends to avoid loan categories with higher default rate
of its borrowers. Note that in this case we use the realized default rate of borrowers in each specific loan
category up to that point in time, assuming therefore that the platform is able to predict that variable given
all the past records it holds of loan performances across categories. This implies that the platform is able to
perform a more effective screening when choosing loans relative to individual investors.
The last set of estimates refer to the lenders’ rollover model for the portfolio product, and are presented in
Table 5. We find that the likelihood of rollover is increasing in plan’s return and size, but decreasing in
maturity. The negative effect of maturity on rollover, together with the other models’ estimates of investors’
and platform’s preferences, is the key result that can make maturity transformation problematic for the
platform. In fact, based on the estimates of the three models, Renrendai faces conflicting incentives in
terms of maturity. On the one hand lenders have a preference for shorter maturity when choosing UPlan,
which implies that the platform can gain market shares for its (more profitable) portfolio products with
shorter maturity. However, on the other hand the shorter is the plan’s maturity the higher is the share of
underlined loans for which the platform makes maturity transformation, which implies more rollover risk,
and uncertainty over resale of loans in case of no rollover.
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Table 3: L ENDERS ’ D EMAND FOR UP LAN AND P2P L OANS
Variables
Heterogeneous Coefficients Across Channels
Log Return (Rκt )
Log Maturity (Mκt )
Log Amount (Aκt )
Channel FE (default Salary Plan) (ξθ )
Plan Rollover Time (σkt )

UPlan

P2P New

P2P Resale

.53∗∗∗
(.11)
-.06∗
(.03)
1.00∗∗∗
(.02)
1.82∗∗∗
(.04)
-2.55∗∗∗
(1.10)

1.42∗∗∗
(.05)
-.21∗∗∗
(.01)
.85∗∗∗
(.01)
4.37∗∗∗
(.39)

.19∗∗
(.08)
.43∗∗∗
(.01)
.43∗∗∗
(.01)
-1.05∗∗∗
(.39)

Homogeneous Coefficients Across P2P Channels
Time to First Bid

.10∗∗∗
(.02)
-2.01∗∗∗
(.08)
.79∗∗∗
(.05)
.33∗∗∗
(.04)

Time from First to Last Bid
Share Onsite Verified Borrowers
Share AA/A Borrowers

Portfolio Product Controls
Loan Category Controls
Day FE

Yes
Yes
Yes

N. obs.
Adj R2

89,638
0.748

Note: An observation is a day-product category. Significance levels: *** 0.01, ** 0.05, * 0.1. Standard errors in parentheses are
clustered at the day level. Portfolio Product Controls include dummies for two special kinds of UPlan launched in the early days
of the platform called “Beginner UPlan” and “Bonus UPlan”. Loan Category Controls include the last eight variables listed in the
bottom panel of Table 2.
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Table 4: P LATFORM ’ S D EMAND FOR P2P L OANS
Variables

Mean

Std Dev

Mean Loan Return
Mean Loan Maturity
Amount

-.46
.12
.86∗∗∗
(.09)
-.49∗∗∗
(.07)
4.41∗∗∗
(.36)

2.49
1.12

Default Rate Borrowers
Share AA/A Borrowers

Loan Category Controls
Day FE
N. obs.
Adj R2

Yes
Yes
141,691
0.647

Note: An observation is a day-product category. Significance levels: *** 0.01, ** 0.05, * 0.1. Standard errors in parentheses are
clustered at the day level. Loan Category Controls include the last eight variables listed in the bottom panel of Table 2.

Figure 9: P LATFORM P REFERENCES FOR L OAN R ETURN (L EFT ) AND M ATURITY (R IGHT )
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Table 5: S HARE OF ROLLOVER UP LAN
Variables
Plan Return
Maturity
Amount

.015∗∗∗
(.005)
-.010∗∗∗
(.001)
.003∗∗∗
(.001)

Day FE

Yes

N. obs.
Adj R2

2,966
0.365

Note: An observation is a day-plan. Significance levels: *** 0.01, ** 0.05, * 0.1. Standard errors in parentheses are clustered at
the day level. Tobit model censored below at 0 and above at 1.

6

Counterfactuals

In our counterfactuals we simulate a scenario where the platform becomes more similar to a bank and does
maturity transformation on its portfolio products. We conduct this simulation both under a scenario of
baseline rollover risk, that is with the resale time σkt , σct we recovered from our data, and under a scenario
of high rollover risk, increasing by 20 times the resale time. This is equivalent to going from approximately
half a day resale time to ten days resale time. This brings two changes to our model. First, lenders now do not
bear the rollover risk anymore when choosing the portfolio product, hence we set σkt to zero in their utility
function. Second, the platform is instead bearing the rollover risk. This implies that the returns it offers
on its portfolio products and its maturity preferences will now be determined maximizing the following
counterfactual profit function:

"
Πkt =

U P lan
Skt
Lt

#




Roll mct
wkct (rct − C1kt ) mct − 1 − Skt
wkct (rct − C1kt ) mct +
σct −Rkt Mkt −C2kt .
Mkt
c∈m>M
c∈m≤M
{z
}
{z
} |
|
X

X

Maturity
Transformation

No Maturity
Transformation

(13)

We divide this profit function into two revenue and two cost components, respectively the first two and last
two terms in the square bracket on the right hand side of equation (13). The first revenue term denotes
platform returns on loans with maturity m ≤ M, i.e. shorter than or equal to the portfolio maturity M. In
22

this case the platform is not doing maturity transformation with its portfolio product, as the underlying loans
are no longer outstanding at maturity. That implies that the return for the platform is a weighted average of
the yearly interest rate paid by the borrowers rct times the yearly maturity of each loan category mct , where
the weights are given by the portfolio weights wkct as of equation (6).
The second revenue term denotes loans with maturity m > M, i.e. longer than the portfolio maturity
M. In this case the platform is doing maturity transformation, as the underlying loans will be outstanding at
portfolio maturity, and will thus need refinancing. That can take place in two ways. First, the original lenders
Roll . The portfolio’s maturity is then extended,
may rollover their investment; that happens with probability Skt
and the platform keeps receiving the borrowers’ interest payments as revenues. Second, the original lenders
Roll . The platform then needs to sell
may not rollover their investment; that happens with probability 1 − Skt
those loans on its secondary market, where it may take some time before the loans are bought. We capture
this loss in revenues due to the resale time with σct , that is the average time it takes for a loan of category
c in day t to be sold on the secondary market. Loans with longer maturity relative to the portfolio maturity
are subject to a larger potential loss in revenues in case of no rollover, as they might require more than one
mct
. As a final observation, note that if few underlying
rollover to reach maturity, as captured by the term M
kt
Roll is low, and resale
loan classes c have shorter maturity than the portfolio maturity, rollover probability Skt
time σct is long, the platform can make negative profits on a given portfolio product.
The profit function in equation (13) can provide some useful economic intuition over the conflicting platform’s incentives when setting the expected return for investors and its maturity preferences, and how these
incentives are captured by our framework. On the one hand, the platform’s profits are decreasing in the
expected return offered, as these represent its marginal costs. On the other hand, the market share of UPlan
U P lan is increasing in the offered return, as well as the rollover probability S Roll , which can provide extra
Skt
kt
profits when the platform does maturity transformation. Moreover, if the platform faces a liquidity shock
in the economy that increases the resale time σct , it will have an incentive to reduce the extent of maturity transformation to minimize its exposure to rollover risk, which can be done lowering its preference for
m.
maturity βkt
We document in Tables 6 and 7 how various outcomes predicted by our model change between the baseline
case of marketplace lending and the counterfactual scenario of traditional bank landing, both for baseline and
high rollover risk. Moreover, Figure 10 provides evidence of how portfolio returns, maturity preferences,
and rollover probabilities change between the baseline and counterfactual scenarios. The change in the
distribution of portfolio returns in Figure 10 for the case of baseline rollover risk shows a slight shift to
the left, whereas with high rollover risk returns become much more dispersed, and around 7% of them
actually become negative, which we classify as zeros. This implies that in the counterfactual scenario, due
to the rollover risk that now the platform faces, those portfolio products are not profitable anymore, so we
assume that they are not offered by the platform anymore. This is one of the main drivers of the reduction in
investors’ surplus documented in Table 7, and of the reduction in rollover probabilities, as shown in Table
6. Moreover, the platform experiences a U4.3m drop in profits when transitioning from marketplace to
traditional lending, while lenders’ surplus and amount borrower is roughly unchanged. Under the scenario
of high rollover risk, marketplace lending has no drop in profits, a U0.7m decline in lenders’ surplus, and
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a 2% reduction in amount of loans financed, whereas under traditional lending the platform experiences
almost a U80m drop in profits, a U1.9m decline in lenders’ surplus, and over a 5% reduction in amount of
loans financed.

Table 6: C OUNTERFACTUALS - F ROM M ARKETPLACE TO T RADITIONAL L ENDING
Variable
Marketplace - Baseline Rollover Risk
UPlan Return (%)
Rollover Probability (%)
UPlan Share (%)
Avg Loan Default Risk (%)
Traditional - Baseline Rollover Risk
UPlan Return (%)
Rollover Probability (%)
UPlan Share (%)
Avg Loan Default Risk (%)
Marketplace - High Rollover Risk
UPlan Return (%)
Rollover Probability (%)
UPlan Share (%)
Avg Loan Default Risk (%)
Traditional - High Rollover Risk
UPlan Return (%)
Rollover Probability (%)
UPlan Share (%)
Avg Loan Default Risk (%)

N. obs.

Mean

Std. dev.

10th Pctile

Median

90th Pctile

2,967
2,967
2,967
936

8.15
12.05
7.60
1.05

1.46
11.56
8.03
1.64

6.00
0.00
1.45
0.00

8.60
8.98
5.26
0.15

10.00
25.26
15.47
3.29

2,967
2,967
2,967
936

8.07
11.98
7.47
1.05

1.51
11.57
7.89
1.64

5.95
0.00
1.43
0.00

8.54
8.88
5.00
0.15

9.87
25.26
15.34
3.29

2,967
2,967
2,967
936

8.15
12.05
7.36
1.05

1.46
11.56
7.83
1.64

6.00
0.00
1.33
0.00

8.60
8.98
4.95
0.15

10.00
25.26
15.20
3.29

2,967
2,967
2,967
936

6.50
10.92
7.50
1.05

6.55
12.92
8.32
1.64

1.45
0.00
1.13
0.00

6.86
7.02
4.88
0.15

9.51
26.49
15.63
3.29

Notes:

Table 7: C OUNTERFACTUALS - F ROM M ARKETPLACE TO T RADITIONAL L ENDING

Variable
Total Amount Lent (bn U)
Total Amount Lent Through UPlan (bn U)
Lenders’ Surplus (mil U)
Platform’s Profit (mil U)

Baseline Rollover Risk
Marketplace Traditional
19.66
16.22
0.00
0.00

Notes:
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19.66
16.23
-0.01
-4.29

High Rollover Risk
Marketplace Traditional
19.23
15.68
-0.72
0.00

18.65
15.06
-1.90
-78.79

Figure 10: C OUNTERFACTUALS - F ROM M ARKETPLACE TO T RADITIONAL L ENDING

7

Conclusion

*** TBC ***
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