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Abstract

This thesis presents ways how investors can construct optimal portfolios on on-
line peer-to-peer lending platforms. Thesis uses standard portfolio theory and
unique dataset from Lending Club platform of over 886 thousand loans issued
since 2008 till the end of 2015. Firstly, this thesis shows that there is a non-
zero covariance between loans from different credit grades and it is necessary
to include it in portfolio management optimization. Secondly, the thesis with
the help of a logistic regression identifies loan default determinants. Using the
default predictions, the portfolio performance can be improved significantly.
Thirdly, the thesis simulates diversification benefits stemming from investing

into multiple loans.
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Abstrakt

Tato prace prezentuje zpusoby, jakymi mohou investofi sestavit optimélni port-
folio na on-line peer-to-peer uvérové platformé. Préace vychéazi ze standardni
teorie portfolia, kterou aplikuje na unikatni data obsahujici 886 tisic pujcek
poskytnutych mezi lety 2008 a 2015 prostrednictvim platformy Lending Club.
Nejprve ukazuje, ze mezi ruznymi kreditnimi skupinami existuje nenulova ko-
variance, kterou je nutno zohlednit pii optimalizaci portfolia. Poté za vyuziti
logistické regrese zkouma, jaké faktory predpovidaji selhani avéru. S vyuzitim
predpovédi se vykonost portfolia vyznamné zlepsi. Nasledné prace provadi sim-
ula¢ni cviceni, které dokumentuje ptrinosy diverzifikace plynouci z investovani

do vyssiho poctu avéru.
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probability of default.

Outline

1. What evidence about P2P lending platforms is found in the economic literature
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summary characteristics
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Chapter 1

Introduction

Peer-to-peer (P2P) lending is a form of alternative finance which is based
on direct transactions between private individuals. These transactions are
done mostly on-line using specialized platforms, where financial institutions
serve only as intermediaries. First commercial on-line P2P lending platforms
were launched in 2005, which makes this type of business relatively new to
economists and therefore it is also quite a young and only little investigated
research area. Nevertheless, within last years this field of research attracted sci-
entists’ attention not only from department of economics, but also from other

social sciences and information technology.

Existing research has been mainly focused on relationships between lenders
and borrowers and determinants which play the key role in the loan provision
process. The aim of this thesis follows recommendation of some previous studies
and shifts the focus from behavioural economics more towards the financial
perspective and puts loan provision into perspective of an investor and connects

it to the microeconomic portfolio theory.

On-line P2P lending platforms create market environment for borrowers and
investors (lenders). Loan provision process is thus governed by private agents,
not institutions. Borrowers in general describe the reason and purpose of their
loan request and accompany it with information about their financial status
(e.g. income, credit history, home ownership, other debts etc.). Using these
information, lenders make offers on loans by specifying amount they are will-
ing to invest and under what interest rate. Using mostly auction mechanisms,

the loan is granted or not. This process is completely different from tradi-
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tional banking system, where borrower approaches some banking institution
who makes the decision. With no such financial institution involved, borrower
may get loan that traditional system would not provide him with or get it
under better conditions. For lenders on-line P2P lending platforms provide in-
vestment possibilities with again specific terms. Since the platform provides the
environment for deal making, it charges some fees when the loan is successfully
provided (Galloway 2009; Bachmann et al. 2011).

Success of P2P lending platforms has several reasons. The Internet and infor-
mation technology progress provide broader information access, better credit
scoring and also accessibility to almost everyone. In addition to that, consum-
ing way of life leads to significant increase of individual debts of people. On the
opposite site, there are low returns on savings and overall consumers’ lending
and borrowing behaviour changes. This creates very favourable environment
for development of alternatives to traditional ways of investing and banking
and one of the area is P2P on-line lending. People also want to be more in-
dependent in their finance decisions and depend less on financial institutions.
Consumers do not trust them very much according to a Forrester! study as
they believe that banks put their own interests ahead of their customers. P2P
lending platforms provide a suitable marketplace where borrowers and lenders
make decisions on their own without a bank dictating the conditions (Slavin
2007). In addition, low interest rate environment created after global financial
crisis forces investors to seek new forms of investments that provide more in-
teresting results. In comparison with saving account returns of roughly 1%, it
is more attractive for households and small investors to join the P2P platforms

and claim returns of 5% or higher.

The aim of this thesis is to provide analytical solution to portfolio decision in
context of P2P markets. We will use portfolio theory to create optimal portfolio
on P2P platform, which is something investors should be aiming at, because
that approach gets them to the best available investment opportunities. This
thesis uses standard technique of default prediction and investigates whether
the portfolio created with the default prediction performs better than a random
portfolio. Key part of the portfolio management is diversification. This thesis
further analyses the benefits of diversification into multiple loans. Finally, we

test whether randomly selected portfolio or equal weights portfolio perform

Horrester.com
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worse, than portfolio created using statistical techniques.

In this thesis we focus on the common aspects of all P2P lending platforms.
P2P platforms differ very widely in the type and amount of information they
provide about borrowers. In 2015 a new platform Zonky? was launched in the
Czech Republic. As an investor, all you know about the borrower is the credit
rating, income type and country region. Then along with the loan term and
amount and borrower written story, investors make their decisions. These key
characteristics of loans are reported by every P2P platform and investigation
of these aspects makes this study replicable on datasets from other platforms
and results can be compared. We also capture the current trends on the P2P
platforms from the investors’ perspective and bring a light into unclear invest-
ment making process on these platforms. P2P lending platforms can only exist
if there are investors willing to invest and ability to diversify credit risk might
attract investors. Academic literature does not provide sufficient evidence on
P2P platforms and this thesis tries to fill the gap by providing unique evidence

on diversification.

The thesis is organized as follows. The next Chapter 2 presents P2P lending
market with detailed description of lending process and differences between
platforms. Chapter 3 summarizes all available and related literature findings
about P2P platforms. Chapter 4 presents data and model used for quantitative
analysis followed by Chapter 5 where we present results of our analyses and

finally Chapter 6 concludes.

2www.zonky.cz
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Chapter 2

P2P lending market

2.1 Idea of P2P lending

As Everett (2010) points us, the concept of private loans is rather the tra-
ditional model and definitely not completely new business model. Originally
private subjects or individuals provided loans without intermediaries or any
other institution, later on banking system emerged and put money lending pro-
cess without mediation aside. Today, when the internet creates a possibility
to transform the process into the virtual world, on-line P2P lending platforms
emerged and new phenomenon arose. Garman et al. (2008) identified 24 plat-
forms worldwide, half of it alone in the United States of America, where the
first platform Prosper.com was launched in 2006. The first platform — Zopa —
was launched one year earlier in United Kingdom and in 2005 won “Internet
Innovation of the Year” CNet Technology award. Since then the number of

platforms emerged.

All platforms are using the same basic idea — they connect investors (or lenders)
and borrowers and act as intermediary in the process. Borrowers seek for best
credit conditions given their various level of credit risks and history, while
lenders search for best investment opportunities in the form of highest possible
profit for certain risk levels or highest utility in the form of social satisfaction
(Greiner & Wang 2009). For the mediation of the process and provision of
necessary institutional environment the platform charges fees which are used

to cover its costs and earn profit.



2. P2P lending market 5

The success of these platforms or online lending communities can be judged by
the evolution of number of their members and volume of loans provided there.
By the end of 2016 there are over 360 000 consumer loans currently funded for
UK borrowers totalling in £1.3 billion of outstanding principal.! These are just
platforms in the UK. In the USA the P2P platforms overgrew it. Morse (2015)
extensively discusses both borrowers and investors perspectives and claims that
P2P platforms should be able to offer pricing benefits for both sides and Kafer
(2016) considers P2P lending as a part of the shadow banking sector.

2.2 P2P lending platforms — new form of al-

ternative financing

Lending platforms adopted several different business models, some of them
changed it over time and this thesis will provide a closer look at different ap-
proaches in the following lines. Legal requirement which also cause that today
most of online lending platforms operate only on a national level (Berger &
Gleisner 2009), influence business models too. Ashta & Assadi (2009) identi-
fies 2 types of P2P lending platforms: non-commercial and commercial. Main
difference makes the lender’s incentive and his expectations about the loan and
return of his investment. Non-commercial platforms often operate globally and
lenders get little or no reward for risks they undertake. This concept is close to
“donating” small loans to projects in regions that are very poor or underdevel-
oped and other forms of loans would never be provided. Commercial platforms
are usually focused on one national market and lenders seek reward in the form

of interest for the risk they are taking.

Commercial platforms can be further separated into two groups by focus —
those who aim at individuals with loans usually up to about 20 000 USD and
those who focus on businesses or invoice trading. Mostly the loan provision
process is using crowd-funding methods, which means that several investors
provide funding for one loan or project, but there are also several platforms,

where each loan is funded by one individual investor, who sets the conditions.

Banking theory separates two types of credit for corporate customers based on

L Author’s own calculation based on number from these platforms and current exchange
rate.
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information provided: relationship loans and transactional loans. Former type
is characterized by inside information and also well documented by empirical
literature since the data lending relationship is more available. Information
content determines the availability and pricing of credit and is therefore highly
valuable. Recent development of technology make new data available for credit-
market transaction that fit description of transactional loans. While lending
standards are identical for these two models, loan officers are using more subjec-
tive credit-assessment when loans are provided in-person compared to on-line
application (Agarwal & Hauswald 2008). Since all loans request in P2P lend-
ing industry are made on-line, lenders make their decisions based on mostly
on public information and such process is closer to transactional form of loans,

than relationship loans.

Modern P2P platforms are created with the aim to make the consumer lending
more pleasant and rewarding to every stakeholder. These on-line marketplaces
works in a very similar way as well-known auction platforms like eBay or any
e-shop (Slavin 2007). Instead of items, lenders are bidding on investments,

borrowers can use their stories and pictures to attract the investors to bid.

Crowdfunding is a term used for financing businesses and small enterprises.
This alternative way of financing is quite popular among new start-up com-
panies. They can get necessary starting capital in exchange for small reward
or specific product. Investors do not necessary look for monetary reward, but
are keen to support new or innovative ideas by small amount just because they
like it. For the businesses it is also a way how to present itself. Situation in
which investors borrow money and expect to get them back together with the

interest is called peer-to-peer lending.

P2P platforms use different business models in placing bids as well. There are
platforms who let investors to bid for specific loans, but there are also others
who let lenders to bid on a specific packages of loans — this approach works
in a similar way as investment funds. In the Czech Republic platform Ferra-
tump2p.cz uses this type of financing and offers investments into packages of
consumer loans. Some platforms still use Dutch auction mechanism to deter-
mine the target interest rate of a loan. Such mechanism was originally used
by the pioneering platform Prosper.com, however in 2009 their business model
changed and interest rate is given by the platform itself. How this rate is set is

part of know-how of this platform and only general principles are known. Since
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the platform does not provide publicly all data used for the credit scoring,

perfect reverse engineering of the scoring process is not possible.

2.3 Lending process

In 1983 Grameen Bank was established and micro loans to the poor were of-
fered by it. Extensive development of micro-credit companies followed and was
further bound with spread of the Internet. Principles of microcredit have been
applied to peer-to-peer lending that can have different target group of bor-
rowers and also investors. New models offer an opportunity for non-bankable
borrowers to have access to a line of credit. Retail banks with risk manage-
ment require collateral or credit history to provide a loan, this requirement
is removed and system use also mutual trust. In addition to that P2P plat-
forms offer small personal loans, filling a gap on the credit market. Moreover,
peer-to-peer lenders evaluate the whole loan request containing also soft infor-
mation that bank models are not accounting for, especially when motivation
of these lenders is driven not only by rate of return, but additional factors like
doing social good or willingness to invest in some specific area (Krumme &
Herrero-Lopez 2009).

Figure 2.1 presents functional chart of a P2P lending platform. Internal per-
spective including management, owners and employees does not lie in the centre
of our focus. We assume that these entities want the platform to prosper and
thus follow recommendation of regulatory authorities and laws. The internal
part sets the rules of the platform, determine business model and oversees the
marketplace. External perspective comprises of other players and institutions
that influence the P2P platform and are part of the lending process. Lenders
and borrowers can form communities, in some cases these communities are
form within the platform in other cases the communities are formed in the first
step and then enter the platform as one entity. That is not always true, some
platforms do not work with communities and therefore dashed line is used.
Important players are partner banks — P2P platforms serves as intermediary in
the lending process, but loans are provided though banks, since the money are
sent to bank accounts and also banks take the repayments often directly from
the account. Credit Bureaus are used by all platforms to access the credibility

of the borrowers, these institutions are often closely connected to the local le-
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Figure 2.1: Functional chart of a P2P lending platform

Internal Perspective External Perspective
| MFI |
Lenders I'.
Management Borrowers | ;
H i
P2P | ending ] —— [
Employees Platform - -..(E?TTPEI.UE‘% ..... E.-
Owners Partner Banks |

Credit Bureaus |

Regulatory
Authorities

Source: Bachmann et al. (2011, Fig.1).

gal environment and collect credit data. For P2P platform a close cooperation
with such institutions is very valuable and often almost necessary for effective

business.

Firstly, the platform needs to verify identity of each party. It is therefore
necessary for each stakeholder (borrower and lender) to create an account on
the platform and have a bank account to transfer funds. Then the process
in the mainstream is as follows (there might be tiny differences for specific

platforms):

e Borrower applies for the loan and is required by the platform to provide

all necessary documents to prove his/her income and credit history.

e The platform evaluates the loan request, verifies information with other
available data sources (Internet, social networks, insolvency registry, credit

bureaus, etc.) and if approved, assigns credit score and interest rate.

e Approved loan request is put on the platform together with some infor-
mation (interest rate, income type, credit score, loan purpose, story, Debt
to income (DTI), etc.).

e Investors browse through loan requests and make lending decisions —

amount of their participation.
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e If the whole amount is collected, loan is provided to the borrower.

e Borrower repays monthly instalments and the platform deducts its fees

and distributes the principal and interest payments between investors.

e Platform communicates with the borrower in the case of default and takes
legal action on behalf of the investors to recover as much as possible from

the claim.

e From legal perspective, the platform is only an intermediary, borrowers

enter into legally binding contracts with the lenders.

Originally, the lending process was a Dutch auction limited by time, usually
2 weeks. Borrower indicated the highest acceptable interest rate and lenders
made the bid (money they are willing to lend) on listings together with the
indication of a minimum rate they are willing to accept. Even if there are
enough funds from the lenders to provide the loan, other investors can still place
their bids and undercut others with lower interest rates. When the designated
time has elapsed, bids are sorted from the lowest to the highest interest rate.
For the loan to be provided, sum of amounts in the auction offered by lenders
has to at least cover the amount requested by the borrower. The level of loan’s
interest rate is given by the highest interest rate that is still needed to fund
the loan. All lenders will receive the determined interest rate no matter how
low their required interest rates were. If in total insufficient amount in offered,
the loan is not granted. As stated, this is no longer true, since the majority of
platforms determine the interest rate ex ante, so the borrowers can choose, if

their loan application should be offered on the marketplace.

2.4 Default rates

Peer-to-peer lending is consumer lending without collateral. Platforms take
legal actions if there is a problem with the borrower, but there is a high risk
for investor of losing everything. Information about default rates and expected
returns is important, yet some platforms do not provide this information pub-
licly. Figure 2.2 provides a look at the peer-to-peer lending market in the United

Kingdom and separates it into two parts — consumer lending and businesses.
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Figure 2.2: Expected and actual default rates in UK
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Figure 2.2 illustrates the P2P consumer lending market. Consumer lending is
less risky and expected rates are higher than actual. Default rates for 2011
and 2012 are final, since those loans are already repaid or defaulted. Some
of the loans provided in later years are still active, hence actual default rates
can change significantly especially for the last two years. Rate Setter platform
runs provision fund to cover loses from defaulted loans and was able to ensure,
that no investor has lost anything so far. Interesting is the comparison with
the banking sector as whole (majority of loans in the banking sector are pro-
vided to households and large portion is for mortgages). This shows that risk

management of P2P platforms is good and similar to the banking sector.

P2P platforms in the USA are riskier, but still offering interesting total returns
(Figure 2.3). Default rates on the two largest platforms in the USA (Lending
Club and Prosper) are more than double than in the UK, but return on in-
vestment (ROI) is around 5% on Lending Club and 7% on Prosper.com. These
numbers can change significantly with the economic situation as default rates
on Lending Club reached 14% in 2014? and ROI was negative on Prosper dur-
ing the Global Financial Crisis®. Prosper changed its business model after the
crisis and interest rates are no longer determined by the auction, but by the

platform based on the credit scoring process.

2 https://www.nsrplatform.com
3 http:/ /www.lendacademy.com /lending-club-prosper-default-rates/
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Figure 2.3: Return on investment and default rates — US platforms
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2.5 Credit rating

One of the highly discussed and investigated problem of P2P platforms is the
information asymmetry between borrowers and lenders. Lenders are provided
with only limited information about the borrower. Borrower knows his credi-
bility well and in order to get the loan he might be tempted not to reveal all
information about himself. Next to it, people might turn to P2P platforms if
they are rejected by banks which could result in adverse selection problem. To
reduce risks connected with infromation asymmetry and to help lenders under-
stand credit risk of borrowers, each borrower receives credit rating from the
platform. Usually A* for the lowest risk and D or E for high risky borrower.
Lending Club uses Fair, Isaac and Company (FICO) scoring to determine the
credit rating. Minimum FICO score for considering the borrower is 640 (the

generic or classic FICO score is between 300 and 850).

FICO score is calculated from different pieces of credit data gathered from US
national credit bureaus. Score is designed to measure the risk of default by
evaluation and combination of several different factors in one’s personal finan-
cial history. Exact formulas are not public, but 35% of the score is payment
history, 30% debt burden and balance on accounts, 15% length of credit history,

10% credit mix (types of credit used), 10% recent searches for new credit.
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2.6 Interest rate determination

The interest rate is calculated using borrower’s characteristics. Loan is then
funded as soon as the sum of lenders bids covers the required amount of the
loan (Collier & Hampshire 2010). A perfect example is Lending Club* in USA
whose data we also use in our empirical analysis. They set the final inter-
est rate as Lending Club Base Rate + Adjustment for Risk € Volatility. The
starting point for base interest rate is the middle of the spread between the in-
terest rate for unsecured consumer credit as published in Federal Reserve Board
Consumer Credit G.19 Release and the average interest rate for 6-month certifi-
cates of deposit as published in Federal Reserve Board Selected Interest Rate
H.15 Release. Furthermore Lending Club modifies this initial base rate for eco-
nomic slowdowns or expansions, whether borrowing requests exceed investor
commitments or vice-versa, and rates set by other lending platforms and finan-
cial institutions. The reason for taking these two rates published by Federal
Reserve Board is to make it profitable for borrowers as well as lenders. The
former rate reflects the average interest rate at which borrower members could
generally obtain other financing, the latter rate reflects a widely available risk-
free alternative investment. After the base rate is set, assumed default rates
are estimated. Lending Club uses 35 sub-grades for loan credit score. After-
wards further adjustment based on volatility factors and other not specifically

mentioned factors is done.

2.7 Diversification and investor preferences

All platforms publish on their websites, that investors should invest in several
loans to diversify their portfolio and based on their risk attitude consider in-
vesting into different credit ratings. P2P platforms differ widely in the amount
of information they provide about each loan. Current trend among platforms
is to create autoinvesting schemes, where investors define terms (duration of
the investment) and credit rating composition of their portfolio and platforms
use these mechanisms to bid on loans. In the end, what matters the most is
the credit grade, which scale is almost the same on all platforms (credit grade

represents the labelling from A to G with A being the low risk loan and G

“http://www.lendingclub.com/public/how-we-set-interest-rates.action
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with the highest risk). For each credit group platforms also announce expected
return, expected loss and expected net return after losses. In call cases, the
credit category with highest risk is always the one with the highest expected

return.

Recently, platforms started to offer auto investment options based on the in-
vestors’ stated preferences — key factors are credit grade, term and amount.
Aim is to attract wider audience, because not everybody fully understands and
knows how to evaluate all the financial information provided about the bor-
rower. That is the current trend in this area, like when investing into stocks
you do not look at the company itself, but relate to the information provided
by your broker or credit rating agency that does it for you. Same situation is

present on P2P loan markets.



Chapter 3

Literature overview

Most of the research has focused on these stakeholders (borrowers and plat-
forms), since they are the most important part of the lending process, and also
what determinants do play key role in the success of loan provision (Freedman
& Jin 2008). Some elaborate more on the regulatory restrictions present in
different countries and other legal requirements under which P2P platforms
operate. Original banks, credit bureaus or other external agencies are in some
cases required to facilitate process of lending or for verification of borrower’s
data (Galloway 2009). For fully funded loans, verification processes of bor-
rower’s ability to pay, including verification of income have been implemented

even directly by some platforms like prosper.com. (Garman et al. 2008)

Two key indicators of loans — whether the loan is provided and what is the in-
terest rate — have been of the major focus of investigation in scientific research.
Lending process can be also seen as information asymmetry issue. The chal-
lenge is to overcome the principal-agent problem (Jensen & Meckling 1976).
Lenders want to get as much information about borrowers as possible, so they
can make an informed decision about their investments. P2P lending platforms
are there to help lenders with their decision by providing them with valid data
about borrowers, who might be tempted to hide some information or provide
false data about themselves to get better conditions, mostly lower interest rates.
Borrowers are required to provide valid information about themselves as well
as their financial and credit history. To avoid fraud and falsified data, external
agencies’ verification are required. P2P platforms also use demographic and so-

cial information provided by borrowers, but those are mostly not standardized.



3. Literature overview 15

Determinants that have major influence on the success of the loan provision

and its interest rate are called characteristic determinants (Bachmann et al.

2011).

Puro et al. (2010) creates borrower decision aid, to help them fund their loan
request and is followed by Wu & Xu (2011). Yum et al. (2012) uses data from
largest South Korean platform and focuses on group wisdom to overcome infor-
mation asymmetry problem. Lee & Lee (2012) investigates herding behaviour
using data from South Korean and compares his result with Herzenstein et al.

(2011)

One of the most important characteristics determinants are obviously financial
ones, since they are the key indicator of creditworthiness. Examples of financial
characteristics of borrower are information about income and expenses, debt
ratios, credit ratings, or property ownerships. Credit ratings, that aggregate
financial and personal information info a number of scale, are often estimated
by external agencies. Some of P2P platforms including prosper.com operate
also with current open credit lines of borrowers (Klafft 2008; Bachmann et al.
2011).

One of the most discussed financial determinant is the borrower’s credit rating
and its effect on funding success and interest rate of the loan. Klafft (2008)
seeks determinants used in traditional banking for interest rate determination
also in P2P lending systems, namely in Prosper.com. His analysis shows that
credit rating has the highest impact on the interest rate, followed by the debt-
to-income ratio. Other information like property ownership were found to have
almost no effect on interest rate. Interesting fact is possession of verified bank
account, since it does not influence the interest rate, but is the most significant
variable determining the funding success itself. Klafft (2008) points out, that
credit rating despite its sophistication and in fact incorporation information
about the bank account, is the second most significant variable. Another im-
portant remark made by the author is, that borrowers with weak credit-ratings
that are unable to get a loan in the traditional banking system, are also very

unlikely to get a loan via P2P platform.

Iyer et al. (2009) evaluate how lenders are able to use available information
other than credit score to determine the creditworthiness of a borrower. Au-

thors depicted in a chart (see Figure ??) the relationship between credit scores
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and interest rates. There is a clear connection between credit score and the
interest rate of the loan. AA being the best rating the borrower can get and
HR (high risk) the lowest possible. Prosper.com uses more precise measure
up to 1000 and also letters for easier division into performance groups. The
research asked, if lenders are able to distinguish between borrowers belonging
into different credit score groups using other information provided in the loan
request. They conclude, that lenders are able to derive creditworthiness also
from other data about the borrowers than credit score. The key indicators
were debt ratios, credit inquiries and number delinquencies, which are all stan-
dardized measures. That implies an important finding that P2P markets have
screening ability and thus these emerging markets have the ability to comple-

ment traditional lending markets.

P2P lending platforms operate also with demographic data about borrowers.
Several studies investigated correlations between those characteristics and loan
performance, but some part of the research also focused on the question of
discrimination based on the race of the borrower. African Americans have been
found to have less change of getting funded compared to other races (Pope
& Sydnor 2011; Herzenstein et al. 2008). Ravina (2012) finds that African
Americans have to pay higher interest rates compared to other races. This
raise a question if P2P markets are efficient and how can this be explained by
the economics theory. Nevertheless, Pope & Sydnor (2011) find that estimated
net return of African American loan listings is lower due to higher relative

default rates.

Pope & Sydnor (2011) finds that age is also an important determinant of loan
funding success. Borrowers reliability can change with age and experience and
also young people usually do not have any credit history. As a base group were
selected 35-60 year olds, and compared to them, there is a 0.4 to 0.9 percentage
points higher chance of getting funded for those who appear younger than 35.
For the other end, those who appear to be 60 years and older have between 1.1

and 2.3 percentage points less likelihood to succeed in a loan acquiring process.

Barasinska (2009) and Pope & Sydnor (2011) also find gender differences in ex-
ante loan risk and return. Former author finds surprising, that women lenders
are less risk-averse compared to their male peers — female lenders are funding
lower credit ratings and low interest rate loans with higher probability than

male lenders. Author provide as an explanation for such behavior altruistic
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motives and that males are seeking profit. Pope & Sydnor (2011) concludes
that the estimated return on loans to single women is about 2 percentage points

less than for single men.

3.1 Default risk

Successful investments require either low default rates or high recovery ratios
(low losses). Given the provided data, we are able to calculate both, but for
better investment decision, ex-ante identification of loan that is going to default

is crucial.

There is an extensive literature that indetifies the determining factors of default
risk. One of the first studies is by Iyer et al. (2009) on early pre-crisis Prosper
data with focus on screening abilities of P2P markets. Their methodology
incorporating aggregate credit category shows, that credit category rather than
individual credit score allows lenders to make better decision about target rate
when bidding for a loan. Duarte et al. (2012) uses data from Prosper and finds
that borrowes who appear more trustworthy default less often. Same data uses
in his study Everett (2010) and next to information asymmetry focus, studies
also default rates. He finds that not only creditscore, but also borrower age,
home ownership and amount size are determinants of loan default. Herzenstein
et al. (2011) again on Prosper data investigates herding behaviour and finds
out, that such strategic behavior benefits both the borrower and lender as loans

are funded and have less defaults.

Emekter et al. (2015) evaluates credit risk and loan performance on Lending
Club platform. After estimating the default risk he compares it to the general
US level and concludes, that risky loans are not worth it. Emekter et al.
(2015) is followed by Malekipirbazari & Aksakalli (2015) who exploits random
forest method for prediction of borrower status. Using data from Lending
Club from year 2012 and 2014, their method outperforms FICO credit scores
as well as credit grades given by Lending Club platform, but only by a small
proportion. Serrano-Cinca et al. (2015) also explains default rate on Lending
Club by logistic regression and find that also loan purpose and annual income
are important determinants of default along with the purpose of the loan. Guo

et al. (2016) uses kernel regression to improve estimation of default rates and
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touches the portfolio selection problem. This thesis follows mainly Emekter
et al. (2015); Guo et al. (2016) who provide comparable results.

This thesis looks at P2P loan markets as investment possibility. In order to
make optimal investment decision, we use portfolio management perspective.
This approach allows for formalized investment guide that can be further used
by investors and embedded into automated mechanisms on P2P platforms that
invest in loans given specific criteria. Academic literature is really limited in
this so far. The first attempt that focuses on risk and return of investment
into loans by Singh et al. (2008) who used early Prosper data. They calculated
ROI for each loan and then applied decision tree analysis to separate loans
into groups. Based on risk and return of each group, they calculated optimal
portfolio, but did not account for covariance between portfolio assets. They
find that most of the groups have negative expected return, but it might be
thanks to high discount rate they use for cash flows (size of discount rate is not

given).

Second study by Guo et al. (2016) uses datasets from Prosper and Lending
Club, yet very limited compared to the available data (2016 loans from Lending
Club and 4128 loans from Prosper which is less than Singh et al. (2008)) and
states again, that correlation between loans is negligible without any attempt
to calculate it. Decision process in this study does not uses credit scoring by the
platform, and makes decisions between available loans per se. Modern approach
to default is taken by Byanjankar et al. (2015). Authors use neural networks
and data from Bondora platform. They conclude, that financial attributes are
more influencing than demographic attributes in determining credit risk, but
dataset they use is quite limited and is not clear, if default rates can further

change or not.

This thesis argues, that loan performances across credit grades are correlated
and correlation cannot be simply ignored as by Guo et al. (2016); Malekipir-
bazari & Aksakalli (2015). Reasons for correlation can be argued not only by
adverse selection (Freedman & Jin 2008; Iyer et al. 2010), but also as by depen-
dency of consumer ability to repay on current economic situation (Iyer et al.
2010).



Chapter 4

Theoretical concepts

4.1 Portfolio theory

Portfolio theory is microeconomic area investigating ideal composition of assets
in a portfolio to achieve optimal risk and return properties. One of the first
economists to deal with portfolio was Hicks (1934) who said that investors use
statistics and probability distributions to improve their returns. As a founding
father of modern portfolio theory is known Markowitz (1952), who deals with
the relation between risk and return. He constructs effective frontier, which
represents maximal return for given level of risk. Markowitz emphasizes, that
risk and return are two contradictory targets. Investors want to achieve the
highest possible returns, but they are volatile. Investors can also aim at specific
return with the lowest risk. Markowitz in his analysis assumes, that investors
have certain amount of capital that they want to invest for specific time and
then reinvest it or use it for their own consumption. Hence investing is a
periodical activity when investor chooses between different forms of investment

with various returns and risk level (uncertainty of the return).

Markowitz uses risky assets and effects of diversification to construct the effi-
cient portfolio. The aim of diversification is to lower the risk by investing in
multiple assets. Necessary condition for the diversification to work is at least
partial independence of asset returns. As the returns are not perfectly depen-
dent on each other, the portfolio created from such assets purchased separately

has a better ratio between risk and return than each of the assets individually.
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Markowitz’s portfolio of risky assets was enhanced by a risk-free asset by Sharpe
(1964) and new Capital Asset Pricing Model (CAPM) model was created. This
model is facing criticism from the day it has been published (e.g. Roll (1977)).
The subject of criticism are (a) the existence of perfect capital markets, (b)
determination of risk-free rate, (c) not accounting for taxes and transaction
costs, (d) different expectations about risk and return by the investors, (e)

that all investors are risk averse etc.

According to the portfolio theory investors choose their optimal portfolio in

following three steps. This thesis will follow these steps as well.

1. Asset analysis — estimate risk and return of assets and calculation of

variance-covariance (VCV) matrix.

2. Portfolio analysis — decision about the weights of different assets in the
portfolio No preference or expectation is taken into account at this point,

it is merely technical operation.

3. Choosing the optimal portfolio — based on the investors preferences (level

of risk, return, area, etc.) optimal portfolio is chosen.

4.1.1 Investor utility

Every investor has different attitude towards risk. In portfolio theory they
differ by how much of additional risk they are willing to take in exchange
for additional return. These preferences can be depicted using indifference
curves that capture same utility level for various combinations of risk and
return. Indifference curves cannot intersect because all portfolios on the curve
are equally good for the investor. Sample indifference curves for an investor
are depicted in Figure 4.1. Where p represents return, o states for risk and

¢ (i, o) represents expected utility from expected wealth.

It is assumed investors will always prefer higher return for the same level of
risk and at the same time investor will prefer portfolio with lower risk for
the same level of return. Investors will therefore try to get to the highest
indifference curve. For the rational investors indifference curves are in the
context of Figure 4.1 upward-sloping from these reasons. Given the risk-averse

or risk-seeking feature of an investor, the steepness of the curves is determined.
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Figure 4.1: Indifference map in the risk-return space
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The more risk-averse an investor is the steeper are the curves (investor needs

higher increase in expected return to compensate for increased risk).

4.1.2 Expected return and risk of portfolio

Expected return of a portfolio is a weighted average of expected returns of all
assets in the portfolio. For n assets we can compute expected return of the

portfolio using Equation 4.1:

rp:zn:wi-r,-, Zn:wizl (4.1)
i=1 i=1

where, 7, is the expected return of the portfolio, w; and r; is the weight and
expected return of asset ¢, respectively. Expected return of the portfolio can
never be higher than expected return of the asset with the highest expected
return. If investors want to maximize the expected return regardless of the
risk, they should invest only in the asset with the highest expected return (if

we do not consider short positions).

Risk of the portfolio is measured as the standard deviation or variance of re-

turns. For n assets in the portfolio, we can compute the risk using Equation 4.2

n

n
— _ Y
Op = WiW;0i0;Pij,  Pij =
0,05

i=1 j=1

(4.2)
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where o0, is the expected standard deviation of portfolio returns, w; and w; are
weights of assets ¢ and j in the portfolio, o; and o; are standard deviations of
assets ¢ and j, p;; means correlation coefficient between asset ¢ and j, and oy
is the covariance between returns of assets ¢ and 7. Since for the most of the
assets p;; < 1, proper selection of multiple assets into the portfolio reduces the

whole risk. That is the mathematical reason behind the diversification.

4.1.3 Efficient portfolio

Having two or more available assets, investors can create infinite amount of
portfolios (by using different weights of the assets in the portfolio). As we
assume rationality of the investor, we do not need to calculate the whole set
of available portfolios, but only the effective frontier of the set. By effective
frontier we understand combinations of assets that offer maximal expected

return for given level of risk.

Figure 4.2: Investment opportunity set formed by two uncorrelated
assets
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Source: Dédek (2016).

The opportunity set depicted on Figure 4.2 has the efficient part (the upper
part of parabola) and inefficient part (the lower part of the parabola. The
opportunity set is created using two assets A; and Ay which are uncorrelated.

Portfolio H is the minimum variance portfolio — the least risky portfolio.

We can create opportunity set for many assets — depicted on Figure 4.3. All
portfolios inside the set are inefficient because it is possible to either get the

same return with lower risk or for the same risk get higher return. Therefore
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Figure 4.3: Investment opportunity set formed by many risky assets
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the individual points of the investment opportunity set can be determined by

solving problems formalized by Equation 4.3:

0, — min subject to a given u
P ? (4.3)

{tp, — min subject to a given o,

4.1.4 Risk-free asset

By introduction of risk-free asset F' the investment opportunity set changes
to a straight line going from portfolio ' and touching efficient frontier of all
risky assets — situation is depicted on Figure 4.4. This tangent line is called
the Capital market line (CML). All points on CML provide higher return for
the same risk compared to the efficient frontier except the tangent portfolio M.
The tangent portfolio generates the steepest possible line when combined with
the riskfree investment and thereofe provides the highest reward to volatility

and maximizes Sharpe ratio formalized by Equation 4.4

_ ke i (4.4)
op

Sy

To compute the tangent portfolio, we need to solve the optimization problem

(formalized by Equation 4.5) for which Sharpe ratio is maximized:

max S, =

pp — pr D iy Wilki = jbp st i w; = 1 (4.5)
op \/ZLI Z?:l W;W;055 i=1
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Figure 4.4: Risk-free asset, CML and efficient frontier

Source: Dédek (2016).

By adding investors (Figure 4.5) with their indifference curvers described in
Subsection 4.1.1 we can find the their optimal choices, which will be the point

where CML touches their indifference curves. Selected portfolio of each investor

Figure 4.5: Optimal choice of risk-averse investors
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Source: Dédek (2016).

consists only of risk-free asset F' and market portfolio M, because investors get
to their highest indifference curve by portfolios that belong to CML. As market
portfolio M is identical for all investors, they all have the same combination of
risky assets regardless of their risk attitude. The differ only in the amount of

risk-free asset held.

CAPM model uses following assumptions, summarized by Sharpe (2000):
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There are no transaction costs or taxes

e Investors are rational and risk averse

e All investors have the same expectations about asset characteristic (volatil-

ity, expected returns, correlations)
e Inventors can borrow or lend at the risk-free interest rate
e Markets are efficient (all information is freely available)
e Number of assets is fixed and assets are perfectly divisible

e Investors are price takers (cannot influence prices)

Assets are perfectly divisible

CAPM model therefore allows investors to borrow at the risk free rate and invest
more than their initial capital into the market portfolio This creates leverage,
that increases expected return. We can impose also restriction that w; > 0
for each asset ¢, including the risk free asset. This condition does not allow to
enter short position and is more realistic for a smaller investor that we aim to

investigate in this thesis.

Compared to stock market, P2P platforms allow for cheaper diversification,
because there are fees calculated from total amount invested and so they are not
restricted to each investment. There are no transaction fees when investing into
the loans, the only transaction fees are connected with reselling the position.
But rebalancing of the position can be also achieved by reinvesting collected

interest rate payments.

4.2 Credit risk (default estimation)

Very large portion of research using P2P data is oriented on estimation of
defaults of single loans as described in Chapter 3 (Emekter et al. 2015; Ev-
erett 2010; Malekipirbazari & Aksakalli 2015; Guo et al. 2016; Iyer et al. 2009;
Herzenstein et al. 2008; Serrano-Cinca et al. 2015). Using historical data and
logistic regression framework for ex-ante estimation of default of a loan is cre-

ated. By investing only into the loans what are expected not to default investors
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can achieve higher results. Problem might arise if all investors would use the
same strategy, because properties of funded loans would be the same and later
default would depend on something completely different and unpredictable.
Past performance, however, cannot guarantee good performance in the future.
We will use default estimation and selection of a new portfolio as robustness

check of our results.

To determine the precise effect of each loan variable on the default probability,
we follow logic described by Bastos (2010); Emekter et al. (2015); Malekipir-
bazari & Aksakalli (2015); Serrano-Cinca et al. (2015). Our ultimate target is
to estimate the probability of default, which should be between 0 and 1, for

which we need binary response model (Equation 4.6):
Ply=1|x)=Py=1]|z1,29,...,2,) (4.6)

where x denotes the full set of explanatory variables. The most important
disadvantage of linear probability model is that the fitted probabilities can be
lower than O or higher than 1. We need transformation function 7" formalized
by Equation 4.7, that will ensure the output values are strictly between 0 and

1.
Py=1x) =T B+ brzi + ...+ Bray) = T (x6) (4.7)

In the logit model transformation function is the logistic function, with real

number input d, expressed by Equation 4.8:

B e B 1
14l 144

pi =T(d) d=z0 (4.8)

Probability of default is therefore determined in two steps. In the first step
real number representing likelihood of default (d;) is estimated for each loan by
linear regression 4.9, where we assume, that d; in linearly related to independent

variables in the binary logistic regression model:
di = Bo + frx1 + ...+ Brxp + € (4.9)

In the second step the likelihood of default d; is transformed into probability
of default p; between zero and one using Equation 4.8. Due to the non-linear
nature of logit models, we have to estimate them using the Maximum Likeli-

hood Estimation (MLE). As the transformation function 7' (xf) is non-linear,
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the partial effects of the explanatory variables on the default rates are not con-
stant. The explicit partial effect of variable x; on the default rate is given by

Equation 4.10:
T (zB) _ dT (zf)

Because the transformation function 7' (x3) is strictly monotonic the sign of

Bi (4.10)

the coefficients gives us the direction of the partial effects.

Emekter et al. (2015) included in total 13 variables' to estimate the binary
regression model, but only four variables turned out to be significant. Namely
credit grade, FICO score, debt-to-income ratio and revolving credit line utiliza-
tion. Guo et al. (2016) use FICO score, number of inquiries of the borrower in
the last 6 months, monetary amount of the loan, home-ownership status and
debt-to-income ratio. Serrano-Cinca et al. (2015) finds that factors explaining
the default rate are loan purpose, annual income, current housing situation,
credit history and indebtedness. Byanjankar et al. (2015) finds on different
platform as significant determinants loan amount, income and if underwriters
restructured the initial application (they offer change of term, loan amount
etc.).

4.2.1 Cut-off rate

After the defaults are predicted on the testing dataset, one should optimize cut-
off ratio to obtain optimal results. One way to set up the cut-off rate is to get
the same number of predicted defaults as there are real defaults (default ration
will be the same). Other possibility is to look as gains and losses from cut-off
rate and optimize total gains or minimize total losses. Our model predicts the
probability of default to each loan. In the historical dataset we know which
loans really defaulted and which survived. By plotting the distribution of

default rates we should get a plot similar to Figure 4.6.

By changing the cut-off rate, we can change the proportion between successfully
predicted defaults and survivals. By lowering it, we can increase the prediction

accuracy of defaults, on the other hand, we reject larger proportion of good

L All variables were: credit grade, debts to income ratio, monthly income, FICO score,
open credit lines, total credit lines, revolving credit balance, revolving credit line utiliza-
tion, inquires six months, delinquent amount, delinquencies two years, months since last
delinquency and month since last received.
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Figure 4.6: Cut off rate
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Source: www.slideshare.net.

loans. The idea can be explained using Figure 4.6 where x-axis represents
the probability od default and y-axis the number of loans. The green plot
captures the distribution of probability of default for non-defaulted loans and
the purple for defaulted ones. The cut-off rate is a minimum creditworthiness
threshold (value of probability of default) selected by investor. All loans with
probability higher than cut-off rate are considered as predicted default and all
loans with probability smaller then cut-off rate are considered as not to default

(creditworthy).

To calibrate the cut-off rate (how many defaulted and non-defaulted loans are
predicted correctly) we need to balance between losses and gains as captured
by Table 4.1. For investors is important to maximize the sum of profit from
loans and loss from defaults. If defaults are really costly, it is important for
the investor, that the model is able to detect as much defaults as possible, so
that the investor can avoid granting such loans. For credit institutions, it is
also important to minimize losses from opportunity costs (rejected loans that
would perform). For our investor these losses are negligible, because he does

not have any costs with them.


http://www.slideshare.net/ssakpi/prediction-of-credit-default-by-continuous-optimization
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Table 4.1: Cut-off rate calibration conditions

Predicted
Actual Non Default Default ‘ Correct

Ratio of correctly esti-
mated good loans

Non Default | Profit from loans Opportunity costs

Default Loss from default - Ratio of correctly esti-
mated defaults

4.3 Diversification

Risk, which is one of the key determinants of a portfolio depends on the weights
of individual assets in the portfolio, their variances, and their covariances. If
any of these characteristics change, overall risk of the portfolio will be affected.
For an equally weighted portfolio (each stock or security has the same weight)
it is true that the increase of the number of stocks will reduce portfolio risk
(Statman 1987). That is the benefit of diversification.

Markowitz (1952) states that diversification is the only free lunch in finance.
Markowitz is further followed by Sharpe (1964) who suggests, that overall vari-
ation of the returns of portfolios can be split into two forms. Firstly, the
systematic part, which results of covariance of returns between different securi-
ties and the market return. Secondly, the non-systematic part, which account
for security idiosyncratic attributes. Evans & Archer (1968) discusses necessity
of marginal analysis of portfolio diversification. Portfolio analysis per se does
not discriminate between portfolios that differ only in number of securities.
However, adding an extra security to a portfolio always has some costs. Then
the question is, what is the marginal added value of additional security to the

portfolio and what are the costs associated with such action.

Evans & Archer (1968) claim that reduction of portfolio return variation that
is a result of diversification must be related ot the number of securities in the
portfolio. After empirical analysis of stock data from year 1958 to 1967, they
conclude, that the largest proportion of unsystematic variation is eliminated by
the time portfolio consists of 8 securities, as depicted on Figure 4.7. They raise
doubts, if it is profitable to increase number of securities in portfolio whose size

is more than 10 securities. The answer lies in the marginal analysis of each
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Figure 4.7: Elimination of unsystematic variation by number of secu-
rities
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specific portfolio.

Statman (1987) raises doubts that 10 securities is enough to seize the benefits
of diversification and argues, that well-diversified portfolio of randomly cho-
sen stocks must consists of at least 30 stocks for a borrowing investor and 40
stocks for a lending investor. He also agrees with Evans & Archer (1968), that
diversification should be increased as long as the marginal benefits are larger
than marginal costs. Moreover, Statman (1987) finds that individual investors
do not hold well diversified portfolios and concludes, that investors should not
be rushed into holding fully diversified portfolios, because their preferences
are unknown. Later on Statman (2004) continues his research and solves this

diversification puzzle by using behavioural portfolio theory (Statman 2004).

Forty years later is Evans & Archer (1968) followed by Benjelloun (2010), who
firstly argues that question about size of a diversified portfolio is still very dis-
cussed and important in academic finance. Benjelloun (2010) uses two weight-
ing schemes and measures of risk and concludes, that 40-50 stocks are needed
to achieve sufficient diversification in the US stock market. Aim of that study
is to contradict previous research like Domian et al. (2007) claiming needs for

hundreds of stocks in a portfolio to be diversified.
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This thesis follows the above summarized previous research. P2P market places
emphasize that investors should invest into multiple loans to diversify their
portfolios. However, no empirical evidence has been provided by academics
that what is valid for stock markets is also valid for P2P market places. We do

so in Section 5.4



Chapter 5

Empirical part

The empirical part is structured as follows. Firstly we describe the dataset
thoroughly, to provide an idea about its extensiveness and basic characteristics
of the dataset. Then we estimate credit risk for each loan by default prediction.
Then we will use this information in the portfolio creation and find effective
portfolio — what is the ideal composition of credit grades. Lastly we will show
how many of the loans from each credit grade investors should invest into
to fully enjoy the only free lunch in portfolio management — the effects of

diversification.

5.1 Description of data

In this section, the sample of the loan data is firstly described, followed by
the distribution tables by credit grades and loan status. This thesis uses in
total 886837 loan applications funded in the Lending Club from January 2008
to December 2015, which we downloaded from www.lendingclub.com. Lending
club is currently the largest P2P lending platform in the USA and traded on
the New York Stock Exchange since December 2014. Data between May 2007
to January 2008 are not used in the analysis, as the beginning of the platform
might add additional noise in the data. We believe, that within the first months
of the functioning the platform solved possible problems and also the number of
funded loans increased and allows for more robust results. Data from 2016 are

available, but we prefer to run our analysis on loans for which we have at least


http://www.lendingclub.com

5. Empirical part 33

12 months history. Over this whole period of the Lending Club’s existence it

lent about 13.1 billion to borrowers. Borrowers can borrow for 36 or 60 months.

Table 5.1: Loan distributions by loan purpose

Purpose Number of loans Per cent Amount Per cent
Debt consolidation 524 046 59.09 8086 510 300 61.78
Credit card repay. 206 107 23.24 3162 006 125 24.16
Home improvement 51 798 5.84 742 059 825 5.67
Other 42 783 4.82 423 660 725 3.24
Major purchase 17 267 1.95 200 323 075 1.53
Small business 10 322 1.16 159 137 250 1.22
Car 8 851 1 78 644 200 0.6
Medical 8 532 0.96 76 955 775 0.59
Moving 5 400 0.61 42 660 775 0.33
Vacation 4 732 0.53 29 770 150 0.23
House 3 699 0.42 54 802 825 0.42
Wedding 2 338 0.26 24 519 650 0.19
Renewable energy 575 0.06 5 720 275 0.04
Educational 387 0.04 2 577 575 0.02
Grand Total 886 837 100 13 089 348 525 100

Table 5.1 provides overview of the borrower’s claimed reasons for the loan.
Majority of the requests (59%) is related to debt consolidation followed by
credit card repayments (23%), which means that 82% of loan requests are debt
repayments. On the other side of the table are loans used for educational
purposes or investments into renewable energy in total only 0.1% of all loan
requests. Borrowers report that Lending Club offers them better borrowing
conditions (repayment options, interest rate) then their current debt providers
(Emekter et al. 2015). We can compare these numbers to the largest P2P
platform in the Czech Republic, Zonky. On Zonky 42% of the loan requests are

for debt refinance, followed by car loans which make 19% of the loan requests!

Table 5.2 presents Lending Club distribution of credit grades and year. The
Lending Club uses FICO score as the main determinant of the credit grade, but
makes adjustment based on other information (such as credit history length,

revolving line utilization, requested amount, total open credit accounts) pro-

L Author’s own calculation based on automatically collected data from Zonky market
place.
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vided by the borrower. Credit grades are further divided into subgroups that

determine the final interest rate.?

Table 5.2: Loan distributions by year and credit grade

Year Credit grade  Number of loans  Per cent Amount Per cent
2008 A 318 0.04 1982 575 0.02
B 594 0.07 5 449 775 0.04
C 580 0.07 5127 250 0.04
D 419 0.05 3 759 325 0.03
E 285 0.03 2 561 825 0.02
F 111 0.01 1236 275 0.01
G 86 0.01 1002 225 0.01
2009 A 1203 0.14 8 700 675 0.07
B 1 445 0.16 15 695 475 0.12
C 1348 0.15 13 182 425 0.1
D 817 0.09 8 700 125 0.07
E 308 0.03 3 665 175 0.03
F 105 0.01 1 328 225 0.01
G 55 0.01 656 150 0.01
2010 A 2 830 0.32 24 824 350 0.19
B 3 687 0.42 40 253 325 0.31
C 2729 0.31 27 447 875 0.21
D 1885 0.21 20 708 000 0.16
E 962 0.11 11 791 925 0.09
F 311 0.04 4 570 050 0.03
G 133 0.01 2 397 025 0.02
2011 A 5 754 0.65 51 657 300 0.39
B 6 565 0.74 74 656 100 0.57
C 3 942 0.44 48 099 400 0.37
D 2 796 0.32 37 321 675 0.29
E 1739 0.2 31 071 225 0.24
F 722 0.08 14 562 175 0.11
G 203 0.02 4 315 950 0.03
2012 A 10 901 1.23 121 476 925 0.93
B 18 507 2.09 219 668 150 1.68
C 11 875 1.34 153 419 000 1.17
D 7 323 0.83 113 862 325 0.87
E 3185 0.36 70 276 075 0.54
F 1315 0.15 32 853 525 0.25

Continued on next page

2 Exact weights of each parameter and procedure of credit grade determination is not a
publicly available know how of Lending Club.
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Table 5.2: Loan distributions by year and credit grade (continued)

Year Credit grade  Number of loans  Per cent Amount Per cent
G 261 0.03 6 855 025 0.05
2013 A 17 679 1.99 270 784 350 2.07
B 44 116 4.97 595 898 525 4.55
C 38 134 4.3 567 091 400 4.33
D 20 569 2.32 283 641 225 2.17
E 9 059 1.02 161 329 875 1.23
F 4 393 0.5 84 437 275 0.64
G 864 0.1 19 582 625 0.15
2014 A 36 108 4.07 523 412 775 4
B 61 935 6.98 844 292 375 6.45
C 66 565 7.5 963 542 750 7.36
D 42 992 4.84 689 507 475 5.27
E 20 121 2.27 345 506 050 2.64
F 6 223 0.7 104 298 375 0.8
G 1685 0.19 33 280 375 0.25
2015 A 73 336 8.26 1 077 445 350 8.23
B 117 606 13.25 1 676 097 950 12.8
C 120 567 13.59 1777 831 825 13.58
D 62 654 7.06 999 154 850 7.63
E 34 948 3.94 645 584 850 4.93
F 9 817 1.11 197 226 225 1.51
G 2 167 0.24 44 267 125 0.34
Grand Total 887 440 100 13 094 326 000 100

The Lending Club uses borrower’s FICO scores along with other information to clas-
sify a loan from A being the lowest risk and G being the highest risk. Total amount
number of loans as a percentage of total loans is 16.1%, 28.7%, 27.7%, 15.7%, 8%,
2.6% and 0.6% for credit grade group A, B, C, D, E, F, G respectively.

Majority (almost 90%) of the loan requests belong to credit grades between
A and D, grades E, F and G account for 11% of total loan requests. Largest
number of request belong to grades B and C, both around 28% representing
over 250 000 requests and each worth $3.5 billion. Worst credit group G with
only 5454 loan requests with total amount of $112 million accounts for not even

one per cent of all loans.

Lastly, Table 5.3 shows the loan status for all loan requests as per December
2016. Actual default rate is 9.63% with written off losses about $1.3 billion,
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Table 5.3: Loan distributions by the loan status

Loan status Loan count Per cent Amount (USD) Per cent
Current 434 568 49 6723 905 775 51.37
Fully Paid 342 794 38.65 4699 231 750 35.9
Charged Off (Default) 85 402 9.63 1280 256 650 9.78
Late (31-120 days) 14 743 1.66 234 991 800 1.8
In Grace Period 6 379 0.72 103 965 475 0.79
Late (16-30 days) 2 951 0.33 46 997 075 0.36
Grand Total 886 837 100 13 089 348 525 100

which is double of what reported Emekter et al. (2015). Another 2% of loans
are late and not following the expected payment schedule. Positive side is, that
38.65% of loans with principal value of $4.7 billion is already fully repaid and
49% of loans with original principal worth $6.7 billion are in current status (fol-
lowing expected repayment schedule). Lowest credit grades naturally reported
the highest default rates (see Table 5.5 for more details). For investors is im-
portant to balance default rate and interest rates to achieve optimal returns.
If default rates are too high, even high interest rates do not provide sufficient

revenues to maintain positive returns.

Table 5.4: Descriptive statistics of explanatory variables

Variable Mean SD  Min Max
Interest rate 13.25 4.38 5.32 28.99
DTI 18.14 8.42 0 1092.52
Loan amount 14759.59  8435.02 500 35000
Installment 436.82 244.17 15.67 1445.46
Term 43.21 11 36 60
Home ownership 0.6 0.49 0 1
Revolving line utilization 55.04 23.86 0 892.3
Annual income 75033.39 64696.32 1200 9500000

Table 5.4 reports the general characteristics of the dataset from Lending Club
we use in empirical analysis. Based on our sample of almost 900 thousand
loans, the average interest rate is 13.25% and average size of a loan is $14760.
Borrowers earn on average $6253 monthly and their debt-to-income ratio is
18%. Average monthly payment on a loan is $437 and average remaining

principal is $9166 on non-repaid loans.
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Figure 5.1: Interest rate disribution by grades
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5.2 Estimation of default rates

From a lender’s perspective a very important concern is if a borrower will
default and if one can predict that from available information. Lender can
benefit if some loan or borrower characteristics can help to determine that
the loan request is more likely to default than others (Emekter et al. 2015).
We will try to find these characteristic using learning sample of 84550 loans
(matured loans issued before 2013) from Lending club platform described in
Section 5.1. From 174486 matured loans, 23114 loans are not paid back, which
can be translated as default rate of 13%, but as one would expect and Table 5.5
presents in more detail, default rate varies across credit grades. Actual default
rates are 3.66%, 7.74%, 12.41%, 17.69%, 22.38%, 28.83% and 33.54% for loans
with credit grade A, B, C, D, E, F and G, accordingly.

Firstly, we will compare variables that will be used in our default estimation
model using non-parametric test for good and defaulted loans. Then we model
the default risk by employing binary logit regression (see Section 4.2 more
model derivation). As defaulted loans for our analysis we consider charged-off
loans and loans which are late more than 30 days. Table 5.6 summarizes the

differences between defaulted and good loans (table reports means of those for
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Table 5.5: Loan defaults by credit grades

Credit grade Defaulted loans Total loans Default ratio
A (lowest risk) 5418 148129 0.0366
B 19698 254455 0.0774
C 30505 245740 0.1241
D 24663 139455 0.1769
E 15805 70607 0.2238
F 6631 22997 0.2883
G (highest risk) 1829 5454 0.3354
Total 104549 886837 0.1179

Notes: Each credit grade is determined by Lending Club using
FICO score and other information. Data for calculation are from
January 2008 to December 2015.

a better idea). To determine if these groups are different in these variables, we
use non-parametric Kruskal-Wallis test. This test can either test for different
shape distributions, but in our case we assume similar shapes so we test for the
difference in means. The chi-square statistic values of Kruskal Wallis test show
that all listed variables between the two groups are significantly different at
the 1% level. We find that interest rate on a defaulted loan is higher, amount
is lower, borrowers have lower FICO score, lower credit grade, higher DTI and
credit line utilization compared to non-defaulted loans which borrowers are

more likely to own a home.

Table 5.6: Comparison of variables differences between defaulted and

good loans
Variable Defaulted loans Good loans
Interest rate 15.77 12.91
FICO score 689 698
Credit grade 3.4 2.7
Home ownership 0.5 0.6
Monthly income 5599 6333
DTI 19.5 17.9
Revolving line utilization 58.17 54.67
Loan amount 14994 14691

Notes: Credit grade is Lending club grade (A-F) trans-
lated into numerical values with 1 being the low risk
category ’A’ and 6 being the high risk category 'G’.
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To determine the precise effect of each variable on the likelihood of a loan
default, we use binary logistic regression presented in Section 4.2. Let us recall
Equation 4.9:

di = o+ Brw1 + ... + Bprp + €

which for the given variables has following form:

d; = Bo + Bi(creditgrade) + Bo( FICOscore) + f3(Homeownership)+
+ Ba(creditratio) + Bs(Revolvingline) + Bg(Monthlyincome)+ (5.1)
+ B7(Purpose) + Bs(Loanamnout) 4+ By(Term) + B1o(DTI) + €;

We aim to use the prediction for portfolio selection. From all available loans,
we use only part of the dataset and second part will be used for measurement
of model performance. Following common practice, 70% of observations is used
for training and 30% for model testing and dataset is divided randomly into
two parts (Byanjankar et al. 2015). From investor perspective, it is logical
to use the historical data for creating the model that is used in the decision
process for new investments. Similar to financial markets, past performance
does not necessary predict future returns yet it is the best estimate of it. For
these reasons, we selected years 2008-2012 as learning (or training) and 2013
as testing year. Available dataset consisting of years 2008-2015 consists of
matured loans granted between 2008 and 2013. Table 5.7 shows the distribution

of loan origination and maturity in the dataset.

Table 5.7: Loan counts by year

Year All loans Per cent Matured loans Per cent Not matured (%)

2008 2393 0.27 2393 1.38 0
2009 5281 0.6 0281 3.04 0
2010 12537 1.41 12537 7.21 0
2011 21721 2.45 20869 12 3.92
2012 53367 6.02 43470 25 18.55
2013 134814 15.2 89333 01.38 66.26
2014 235629 26.57 100
2015 421095 47.48 100

Total 886837 100 173883 100
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5.2.1 Logistic regression results

Results of model 5.1 for whole dataset are provided in Table 5.8. The binary
logistic regression is estimated using iterative maximum likelihood method. In
total we used 6 single and 3 category variables in the binary regression model
to estimate the probability of default, and from that only 3 purpose types are
not significantly (estimated coefficients are significant at 1% level) affecting the
odds of loan default. When we use loans from early years 2008-2012, also home
ownership is not significant. We test for the goodness of fit using Hosmer and
Lemeshow test, and we report also final R? for each model.

Table 5.8: Binary logistic regression results

Variable Learning sample ~ 2008-2012  All matured All loans
Credit grade
B grade 0.467*** 0.465%** 0.468*** 0.671***
(11.67) (12.16) (15.61) (40.83)
C grade 0.768*** 0.757** 0.825%** 1.140%**
(16.71) (17.33) (25.32) (68.51)
D grade 0.952%** 0.949*** 1.070*** 1.514***
(18.12) (19.06) (30.34) (85.96)
E grade 1.006*** 1.076*** 1.154** 1.797%**
(15.26) (18.12) (25.55) (93.13)
F grade 1.186*** 1.231*** 1.300*** 2.133***
(13.77) (17.15) (19.67) (92.94)
G grade 1.268*** 1.380*** 1.390*** 2.3417%*
(10.74) (14.02) (12.87) (68.49)
FICO score
750-779 0.295*** 0.307*** 0.319*** 0.204***
(3.51) (3.93) (4.38) (4.90)
715-749 0.502%** 0.517*** 0.498*** 0.291%**
(6.32) (7.03) (7.37) (7.76)
680-714 0.544*** 0.554*** 0.586*** 0.383***
(6.53) (7.19) (8.49) (10.29)
660-679 0.659*** 0.677*** 0.670*** 0.430***
(7.43) (8.25) (9.44) (11.45)
< 660 0.974*** 0.935%** 1.001*** 0.655%**
(6.17) (6.10) (6.86) (5.01)
Purpose
Car -0.145** -0.193*** -0.0837 -0.0377
(-2.01) (-2.80) (-1.35) (-1.01)
Credit card -0.253*** -0.243*** -0.175%** -0.108***
(-8.30) (-8.71) (-8.94) (-12.00)

Continued on next page
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Table 5.8: Binary logistic regression results (continued)

Variable Learning sample ~ 2008-2012  All matured All loans
Education 0.431*** 0.426*** 0.512%** 0.750%**
(3.30) (3.26) (3.93) (5.75)
Home improvement 0.126*** 0.114%** 0.147*** 0.0313**
(3.14) (3.06) (4.91) (2.21)
Major purchase 0.138*** 0.135*** 0.142*** 0.00575
(4.06) (4.27) (5.39) (0.42)
Medical 0.325*** 0.301%** 0.298*** 0.0951***
(4.16) (3.95) (4.71) (2.91)
Small business 0.766*** 0.775*** 0.749*** 0.472%**
(16.15) (17.61) (18.24) (18.52)
Vacation, wedding -0.0427 -0.0442 -0.0324 0.0256
(-0.65) (-0.70) (-0.60) (0.69)
Loan amount 0.137*** 0.155%** 0.187*** 0.184***
(7.35) (8.75) (13.94) (26.42)
Term 0.0181*** 0.0196*** 0.0190*** -0.00292%**
(13.26) (17.67) (15.83) (-7.96)
DTI 0.00902*** 0.00899*** 0.0125%** 0.00643***
(6.08) (6.67) (12.31) (15.18)
Home ownership -0.0167 -0.0185 -0.0843*** -0.192***
(-0.78) (-0.95) (-5.54) (-27.13)
Revolving util. 0.00177*** 0.00163*** 0.000482 -0.000575***
(3.76) (3.72) (1.36) (-3.58)
Monthly income -0.536*** -0.548%** -0.538*** -0.339***
(-23.57) (-25.61) (-31.83) (-41.26)
Constant -0.614*** -0.728*** -1.181*** -2.160***
(-2.87) (-3.71) (-7.48) (-28.50)
Observations 84550 95299 173883 886835
r? 0.0540 0.0635 0.0516 0.0598
X2 3722.1 5234.7 7025.1 38453.7

Notes: Credit grade is Lending club grade (A-F) translated into numerical values
with 1 being the low risk category A’ and 6 being the high risk category ’G’. Base
lending purpose is debt consolidation. Base FICO score is above 780.

Dependent variable: default; ¢ statistics in parentheses

Results presented in Table 5.8 are similar to Emekter et al. (2015) who also
found credit grade, DTI, FICO score and revolving credit line utilization signif-
icant). On the other hand, we also found monthly income, loan amount, term,

income and purpose to be significant. The purpose with the lowest probability
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of default is credit card repayment followed by car loans. As expected, the
lower credit grade, the more risky the loan is. For the FICO score the result
is also in-line with the expectation — lower FICO higher probability of default.
Investments into small businesses seem to be the riskiest purpose when other
variables are kept equal. Results for learning sample are used further in the

thesis for default prediction.

Based on the binary regression result, we can determine the probability of
default for a loan from the estimated coefficient from Equation 5.1 that are
presented in Table 5.8 and plug them into formula Equation 4.8 presented in

Section 4.2: .

P e

As an example we can take a safe borrowers with credit grade 'A’ (translated
into 1), FICO score 700 (average FICO score that is translated into FICO
category 3), DTI ratio 18% (average DTI of all loans), asking for $14800 for
36 months, monthly income of $6250, and revolving line utilization of 55%.
d; = —2.53 and p; = 0.074. If we take a borrower with same characteristics but

credit grade 'E’; the probability of default would be 0.179.

Table 5.9: Logistic regression results by credit grades

Credit grade  Estimate of 8 t-stat exp(5) PD Actual DR

Constant (A) -2.799 0.0228 0.0609 0.0037 0.06
B 0.7083  0.026 2.0305 0.11 0.11
C 1.1575 0.0265  3.182 0.1623 0.16
D 1.4666 0.0278 4.3345 0.2088 0.21
E 1.6612 0.0365 5.2656 0.2427 0.24
F 1.8993 0.0578 6.6812 0.2891 0.29
G 2.0352 0.0993 7.6538 0.3178 0.32

Notes: PD = probability of default. DR = default rate.

Matured loans only. The base value of the model for credit grade
is grade 1, being the lowest risk category. The highest grade is
represented by the constant term of the model which is —2.799

To make a general expectation about the default probability in each credit
grade, logistic regression employing matured loans and only credit grades is
presented in Table 5.9. Resulted coefficients for credit grades are in line with
the expectation that with the increasing risk of a borrower, also probability

of default increases. The probability of default for the highest credit grade A
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is 0.4%, for B 11%, for C 16.23%, for D 20.88%, for E 24.27%, for F 28.29%,
and for the lowest credit grade G 31.78%. These result are also consistent with

overall loan default ratios presented in Table 5.5.

5.2.2 Predicting accuracy and cut-off rate optimization

Table 5.10: Logit model predicting accuracy

Actual Predicted
Non Default ~ Default Correct (%)
Training Non Default 63915 8689 88.03
Default 8689 3257 27.26
Testing Non Default 72026 6201 92.07
Default 9129 1977 17.8
Full dataset Non Default 596343 185944 76.23
Default 59323 45225 43.26

To verify how good our prediction model is in classifying default and non-
default loans, we predict the default for each loan using results presented in
Table 5.8. The threshold values for the classification of the loans is chosen as
0.219483 so that we get the same proportion of defaulted loans in the training
part of data set which is 14.7%. Table 5.10 summarizes the predicting accuracy
of our model. The model correctly classified 27.26% of default loans and 88.03%
non-defaulted loans in the training dataset. For the testing dataset the ratios
of corrected default and non-default loans are 17.8%, 92.07% respectively. Our
model is much better in predicting non-default than default loans. We will use

loans, that are predicted not to default in the portfolio management decision.

Possible optimization of cut-off rate is described in Subsection 4.2.1. We will
try to maximize gains, by knowing, that average profit on defaulted loans is
—0.383 and average return on good loan is 0.127. This ratio is quite good,
because losses are not too costly — to break even we are need 3 performing
loans for each defaulted. As profits we thus have number of properly predicted
non-defaulting loans times 0.127 and for losses we multiply the number of loans
that were predicted not to default but defaulted by —0.383. As the prediction
of default is a function of cut-off rate, we will maximize the overall profit with

respect to cut-off rate. Situation is illustrated on Figure 5.2.
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Figure 5.2: Gains and losses for given level of cut-off rate
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Investor achieves maximal profit for cut-off rate 0.25 for which the predicting

accuracy is summarized in Table 5.11.

Table 5.11: Logit model predicting accuracy optimized

Actual Predicted
Non Default ~ Default Correct (%)
Training Non Default 67615 4989 93.13
Default 9748 2194 18.37
Testing Non Default 75418 2809 96.41
Default 10031 983 8.93
Full dataset Non Default 665650 116637 85.1
Default 62661 27470 30.48

If we compare efficiency of default

predicting before and after the profit optimization, we can clearly see that

on the testing dataset the predicting power for defaulted loans decreased by

half and for non-defaulted loans increased only by 4 percentage points. The

expected rate of return on the testing sample is 0.0727 for cut-off rate 0.25 and
0.0735 for cut-off rate 0.219483. If we look at expected return of the whole
dataset, the non-optimized cut-off rate is again better (0.0675 vs. 0.0669).

In the next section, where we will compare portfolio of all loans with those

predicted no to default, we will use the naive cut-off rate of 0.219483.
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Figure 5.3: Distribution of probability of default for defaulted and
non-defaulted loans
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Actual distribution of probability of defaults for each category of loans depicted
by Figure 5.3 is not ideal. Distributions have different means (see Figure A.2),
but are overlapping a lot. This is caused by the available data and resulting
inability of performed estimation to separate defaulted and non-defaulted loans.
Or even with better data both groups are very similar and it is statistically

impossible to obtain better distributions.

5.3 Optimal portfolio finding

Theory of portfolio by Markowitz (1952); Sharpe (1964) is presented in Sec-
tion 4.1. Let us recall the key aspects. Investors want to optimize their portfolio
and have N securities available. In our case, investors can invest into loans that
are differentiated by their credit grade, which gives us 7 ”securities” available
to investors. Each credit grade can be described by its expected value of return
r; and variance o;. Covariance between loan grades ¢ and j is represented by

oi;. Let w; represent weight of credit grade ¢ in the portfolio. Expected return
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rp and variance o, of the portfolio is given by Equation 4.1 and Equation 4.2:

n
T'p = E W; = T;
i=1
n n
0'p = E E wi’ij'ij

i=1 j=1

Investors want to determine the efficient portfolio — such that (a) one cannot
achieve higher expected return at the same level of variance (b) one cannot
find portfolio with lower variance for the same level of expected return (Sharpe
1964). Investors cannot short sell loans and are therefore facing following con-

straints:

> wi=1, w; >0 Vi=1,...,n (5.2)
=1

Investors can either maximize return for given level of risk or calculate minimum
variance portfolio or maximize Sharpe ratio (Equation 4.4). Firstly we will
obtain variance-covariance matrix and then compute all possible choices of

investors.

5.3.1 Covariance between loan grades

Previous studies Singh et al. (2008); Guo et al. (2016) claim that covariance
is zero and can be ignored without providing further reasoning or empirical
evidence. Covariance is a measure of joint variability of two random variables

X; and X, and is calculated as
cov (X;, Xj) = E[(X — E[Xi]) (X; — E[X;])] (5.3)

From covariances we can easily create covariance matrix ¥;; = cov (X;, X;).
To create covariance matrix for loan grades, we firstly need the time series of
returns. For that purpose, we firstly calculate ROI of each loan. For simplicity
and possibility to compare it with other forms of investments, we will not
discount payments in time and we further assume, that investors reinvest their

money. For fully paid and current loans the ROI is equal to their interest

rates. For defaulted loans the ROJ = total payment—loan amount = p, i o ROJ for

loan amount

each loan, we calculate averages for credit grades and month in which the loan
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was issued. This gives us 96 observations for each of 7 credit grades. Using
Equation 5.3 we obtain unique VCV matrix presented in Table 5.13 and the

corresponding correlation matrix captured by Table A.1 in the Appendix.

Table 5.12: Expected return and standard deviation of each credit
grade

A B C D E F G

Section A: Full sample
Expected return | 0.0502 0.0495 0.0442 0.0389 0.031 0.0164 0.0128
o 0.0143 0.0276 0.0316 0.0377 0.0428 0.0861 0.1032

Section B: Years 2010-2015
Expected return | 0.0493 0.0578 0.0544 0.0486 0.0376 0.0247 0.0066
o 0.01 0.0124 0.0167 0.0202 0.0305 0.0435 0.0781

Section C: Default predicted full sample
Expected return | 0.0511 0.0526 0.0547 0.0614 0.0584 0.0527 0.0866
o 0.0151 0.0259 0.0324 0.0463 0.0701 0.1749 0.2033

Section D: Default predicted years 2010-2015
Expected return | 0.0498 0.0609 0.0665 0.0749 0.0737 0.0861 0.0884
o 0.0105 0.0122 0.0147 0.0196 0.0392 0.1013 0.2155

Table 5.12 summarizes expected return for each credit grade along with its
standard deviation (measure of risk). Figure 5.1 presented differences in inter-
est rates between credit grades. Quite surprisingly, higher interest rates are not
sufficient to provide higher returns for more risky credit grades. Credit grade
"A’ offers the highest expected return along with the lowest risk. The lower the
credit grade, the lower the expected return and higher risk. If we would deduct
the 1% fee charged by Lending club and taxes, the riskiest credit grades 'F’
and G’ would not provide positive returns. For years 2010-2015 the situation
a slightly different, but still the high risk credit grades provide lowest returns

and highest risk at the same time.

Section C and section D of Table 5.12 capture loans that are predicted not to
default. The expected return is higher for every credit grade, and the highest
difference is for high risk grades. At the same time, standard deviation for low
risky grades is almost the same, but for the high risky grades is significantly
higher. After predicting the default, expected returns are increasing with the
increase of risk (lower credit grade), which is the opposite of what we can see in

section A and B of the table. We can easily conclude, that default prediction
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should improve performance of optimal portfolios which are constructed mainly

from low risky loans.

Table 5.13: Variance-covariance matrix of credit grades — full sample

A 0.000204  0.000068 -0.000033 0.000056 0.000065 -0.000121  0.000345
B 0.000068  0.000763 0.00042 0.000602 0.000515  0.000134 -0.000243
C -0.000033 0.00042  0.000996 0.000739 0.000488  0.000223 -0.000544
D 0.000056  0.000602  0.000739 0.001424 0.000975  0.000753  0.000322
E 0.000065  0.000515  0.000488 0.000975 0.001834 0.00054  0.000991
F -0.000121  0.000134  0.000223 0.000753  0.00054  0.007409  0.000848
G 0.000345 -0.000243 -0.000544 0.000322 0.000991  0.000848  0.010652

Note: Negative covariance is marked with red colour.

Table 5.13 summarizes covariances between credit grades and their variance.
These numbers are different from zero, which means, that there is a relation
between credit grades expected return, which can be expected from the nature
of the underlying securities — consumer loans. Interestingly, covariance between
credit grades A and C, A and F, B and G, C and G is negative (marked red
in the table), which means, that if one goes up, the other goes down. This can
be effect of global financial crisis, because if we use data from 2010 onwards we

get negative relation only between G and B, C Table 5.14.

Table 5.14: Variance-covariance matrix of credit grades — 2010-2015

045 ‘ A B C D E F G
A 0.0001  0.000077 0.00008 0.000071 0.000125 0.000129  0.000097
B 0.000077  0.000154 0.00013 0.000136 0.000123 0.000044 -0.000065
C 0.00008 0.00013  0.000277 0.000148 0.000187  0.00001 -0.000077
D 0.000071  0.000136  0.000148 0.000407  0.00035 0.000275  0.000086
E 0.000125  0.000123  0.000187  0.00035 0.000928 0.000406  0.000848
F 0.000129  0.000044 0.00001 0.000275 0.000406  0.00189  0.000889
G | 0.000097 -0.000065 -0.000077 0.000086 0.000848 0.000889  0.006094

Note: Negative covariance is marked with red colour.

If we compare correlation matrices Table A.1 and Table A.2, we can observe
greater correlation between low credit grades in the 2010-2015 sub-sample than

in the whole period.
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5.3.2 Optimal portfolio evaluation

Section A in Table 5.15 shows result of different portfolio optimizations when
we take into account covariance between credit grades. We find credit grade
shares for minimum variance portfolio, portfolio maximizing Sharpe ratio and
equally weighted portfolio. For optimization we use full dataset and then subset
of loans between 2010-2015. Expected return is around 5% and majority of
the portfolio is invested into low risky loans. Both types of optimizations give
us better portfolios than equally weighted — higher expected return and lower

risk measured by the standard deviation.

Section B in Table 5.15 shows results for portfolio optimization with zero co-
variance between credit grades, as previous studies Singh et al. (2008); Guo
et al. (2016) assumed. According to the new optimization it is best to invest
in all credit grades, expected returns are smaller (with one exception) and risk
is higher or same, which means that the portfolio optimization underestimates
the returns and overestimates the risks. Both ways of optimization give us
higher expected return than equally weighted portfolio, but for newer data, the

equally weighted portfolio has lower risk.

In the next step, we perform the optimization of portfolio only using loans that
we predict not to default. This results in the new variance-covariance matrix
and also in the portfolio shares. Optimal portfolio is presented in section C in
Table 5.15. Compared to the Section A, where portfolio random of loans in each
credit grades is selected, default prediction increased expected returns for all
portfolio selection by at least half percentage point. That is quite interesting
and important improvement given the probability of default precision. The
shares of credit grades is very similar for section A and section C, majority of
the portfolio should be invested in the safest credit grade A and investor should

not invest in credit grade D and lower.

There is a very little difference between portfolios constructed by different op-
timization targets — Sharpe ratio and minimum variance. When we employ the
default prediction into our portfolio selection, expected returns increase with
higher risk as shown in Table 5.12. This implicates, that equally weighted port-
folio performs better in terms of expected return, but also standard deviation

of such portfolio increases significantly.
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We showed, that default prediction can significantly improve the portfolio per-
formance and for risk seeking investors it makes now sense to invest also into
the high risk loans. For investor seeking for the highest expected return re-
gardless of the risk, credit grade A is the best option if we consider the full
sample and credit grade B if only data from 2010. However, if investors make

the decision also using the predicted defaults, credit grade G is the best choice.
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5.4 Diversification

Theory of diversification is presented in Section 4.3 where from the academic
discussion can be derived that optimal portfolio consists of about 50 stocks.
P2P platforms emphasize to the investors that they should invest in multiple
loans in order to diversify their portfolios and reduce risks. There are hundreds
of thousands of loan requests published every year on P2P platforms, so there
is a huge room for diversification possibilities. We will use simulation exercise
using matured loans only to investigate the optimal size of portfolio in terms

of number of loans in each credit grade.

We should not forget another claim, that diversification should be performed
as long as marginal costs are lower than marginal returns (Statman 1987). As
a sample situation can be taken minimal investment of $25 into a ”A” graded
loan on Lending Club platform. Average interest rate for this credit grade is
7%. If the loan is for the term of 36 months, the total interest gain is about
$2.4, because Lending Club takes 1% fee from the remaining principal of the
loan. Investor should pay the income tax on that which reduces the gain to
about $2, not accounting for possible losses. Average wage in the US is about
$223. For an investor, the search for such loan should take less than 6 minutes

in order to cover the search costs.

In order to examine the diversification benefits on P2P platforms, we will run
simulations similar to original study by Evans & Archer (1968). Diversification
simulation can be described by the following procedure:

1. We use dataset of matured loans only.

2. Then we select all loans of specific score grade.

3. From these loans we randomly select n loans which determines our port-

folio size.
4. We calculate mean return of the portfolio.
5. We random select portfolio of the same size 1000 times.

6. We calculate mean and standard deviation based on these 1000 observa-

tions.

3 www.tradingeconomics.com


http://www.tradingeconomics.com/united-states/wages
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Figure 5.4: Effect of diversification for different credit grades — stan-
dard deviation
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7. Then portfolio size is increased by 1 and process repeated up to the size
of portfolio of 100.

8. Mean and standard deviation is plotted.

9. We iterate for all credit grades.

In estimation performed by Evans & Archer (1968) which is depicted on Fig-
ure 4.7, not only the variance was decreasing with the number of securities in
the portfolio, but also the mean return. In the simulation performed by this
thesis using Lending Club data, the means are stable for each credit grade
group as shows Figure 5.5. For each credit grade the mean is different — for
more risky assets, the expected returns should be higher to cover also higher
risks. Level of risk measured as standard deviation of portfolio returns is de-
picted on Figure 5.4. We can observe the reduction of variance with increasing
number of loans in the portfolio. For each credit grade, the number of loans

that should be included in the portfolio to reduce risk is different.

For the lowest risk credit grade ’A’, adding 20 additional loans to portfolio of
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Figure 5.5: Effect of diversification for different credit grades — mean
return
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20 loans has smaller effect than for highest risk credit grade 'G’. For each credit
grade, the risk is decreasing with the number of loans added to the portfolio,
but even for the largest portfolios of 100 loans, the risk is different between

credit grades.

This last section provides insights into diversification effects on the P2P plat-
forms. Investors should invest at least in about 10-20 loans to significantly
reduce the variance of returns and hence reduce risk. We also proved, that
there is a significance difference between credit grades not only in terms of
variance, but also in therms of expected return. Larger variance of returns
or in other terminology higher risk is correctly found by lower credit grades,
which should be also more risky. This shows good credit rating ability of P2P
platforms. However, the expected return is larger for the lowest risk loans
graded A’ then for highest risk loans graded 'G’, which means that interest
rates charged on highly risky loans are insufficient which is in-line with find-
ings provided by Emekter et al. (2015). On the other hand, we find positive
expected return for all credit grade groups and refute results by Singh et al.

(2008) who found mostly negative returns on data from Prosper.com
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Conclusion

The aim of this thesis is to discuss P2P lending, a new alternative way of
financing and type of crowdfunding, from investors perspective and portfolio
theory. This perspective is quite unique, because P2P oriented research is
mainly focused on the determinants of loans funding success and borrowers
characteristics. The portfolio optimization oriented analysis follows previous
research on optimal portfolios but uses unique dataset and type of market. We
also enhance the first attempts to incorporate portfolio management thinking
into P2P loan research by Singh et al. (2008); Guo et al. (2016), yet this thesis is
the first one to incorporate non-zero covariance between loans into the decision

marking process.

Portfolio performance depends on the performance of the underlying assets,
loans in case of this thesis. For any loan provider the key is to filter out re-
quests from applicants which are more likely to fail with their payments as
defaulted loans most often result in a loss of part of the investment. This
thesis uses standard methodology to predict loan defaults and compares per-
formance of portfolio constituting of randomly selected loans with portfolio
using loans which are predicted not to default. Following existing research,
we estimate factors which influence the default rate. Along with the previous
studies using different data, significant determinants of probability of default
are credit grade and FICO score (Malekipirbazari & Aksakalli 2015; Emekter
et al. 2015),and then loan purpose (Serrano-Cinca et al. 2015), income and loan

amount (Byanjankar et al. 2015).
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Second key finding of this thesis is that investors can reduce risk by investing
into multiple loans of the same credit grade and to paraphrase Markowitz (1952)
enjoy the only free lunch in finance — the benefits of diversification. Statman
(1987) emphasizes that investors should diversify as long as the marginal costs
are smaller than the marginal gains from diversification. Investing into P2P
loans is not limited by fixed transaction costs related to each loan, but investors
only pay fee based on the total investment. Investors should therefore invest
into multiple loans, and the number of loans should increase with the increase
of the risk for the given credit grade. Up to my best knowledge, such analysis

has never been done on this type of data.

Third and unique finding of this thesis is: there is a non-zero covariance be-
tween credit grades. Portfolio optimization provides very different result when
accounting for the covariance between credit grades. Covariance is significantly
different from zero and if investors want to build a well diversified portfolio,
it is a mistake to ignore it as Singh et al. (2008); Guo et al. (2016). We also
find that covariance changes over time, but changes in the optimal portfolio
are only small. We also agree with Emekter et al. (2015) that higher risk loans
do not provide sufficient returns to cover the risks, because highest expected

return show low risk loans.

Optimal investor choice should consist of three steps. In the first step, investors
should predict defaults in order to determine criteria for loan selection. In the
second step, investors should use their risk preferences to determine optimal
distribution of investments between credit grades. In the last step, investor
should invest smaller amount into multiple loans to really seize all the benefits

of portfolio diversification.

Future research should focus on the robustness of our results by using different
datasets. Investigating effects of diversification between platforms and even
countries might provide a guidance on how much investors should invest on
different platforms to get well optimized portfolio of P2P loans. The evolution
of P2P lending will continue together with the increasing importance on the
financial markets. Recent publications EBA (2015) or the FCA (2015) seem to
be promising in the area of regulatory approaches. It is critical, that regula-
tory bodies follow current trends and support development and innovation of

alternative finance.



Bibliography

AGARWAL, S. & R. HAUSWALD (2008): “The choice between arm’s-length and
relationship debt: Evidence from eloans.” Technical report, Working Paper,

Federal Reserve Bank of Chicago.

AsSHTA, A. & D. AssaDI (2009): “An analysis of european online micro-lending
websites.” Cahiers du CEREN 29: pp. 147-160.

BAcHMANN, A., A. BECKER, D. BUERCKNER, M. HILKER, F. KoCK,
M. LeEHMANN, P. TiBurTiUS, & B. FUNK (2011): “Online peer-to-peer

lending—a literature.” Journal of Internet Banking and Commerce 16(2).

BARASINSKA, N. (2009): “The role of gender in lending business: Evidence

from an online market for peer-to-peer lending.” The New York Times
217266: pp. 1-25.

BasTos, J. A. (2010): “Forecasting bank loans loss-given-default.” Journal of
Banking € Finance 34(10): pp. 2510 — 2517.

BENJELLOUN, H. (2010): “Evans and archer—forty years later.” Investment
Management and Financial Innovations 7(1): pp. 98-104.

BERCER, S. C. & F. GLEISNER (2009): “Emergence of financial intermedi-

2

aries in electronic markets: The case of online p2p lending.” BuR-Business

Research 2(1): pp. 39-65.

BYANJANKAR, A., M. HEIKKILA, & J. MEZEI (2015): “Predicting credit risk

in peer-to-peer lending: A neural network approach.” In “Computational
Intelligence, 2015 TEEE Symposium Series on,” pp. 719-725. IEEE.

COLLIER, B. C. & R. HAMPSHIRE (2010): “Sending mixed signals: multilevel

reputation effects in peer-to-peer lending markets.” In “Proceedings of the



Bibliography 58

2010 ACM conference on Computer supported cooperative work,” pp. 197—
206. ACM.

DEDEK, O. (2016): “Portfolio theory lecturer’s notes no. 1.” http://
dedeklegacy.cz/documents-pa.html [Accessed: 2015-12-31].

DoMiaN, D. L., D. A. LoutoN, & M. D. RACINE (2007): “Diversification in
portfolios of individual stocks: 100 stocks are not enough.” Financial Review

42(4): pp. 557-570.

DUARTE, J., S. SIEGEL, & L. YOUNG (2012): “Trust and credit: The role of
appearance in peer-to-peer lending.” Review of Financial Studies 25(8): pp.
2455-2484.

EBA (2015): “Opinion of the european banking authority on lending-based

7

crowdfunding.” Technical report, Furopean Banking Authority.

EMEKTER, R., Y. Tu, B. JIRASAKULDECH, & M. Lu (2015): “Evaluating

credit risk and loan performance in online peer-to-peer (p2p) lending.” Ap-
plied Economics 47(1): pp. 54-70.

Evans, J. L. & S. H. ARCHER (1968): “Diversification and the reduction of
dispersion: an empirical analysis.” The Journal of Finance 23(5): pp. 761
767.

EVERETT, C. R. (2010): “Group membership, relationship banking and loan
default risk: the case of online social lending.” Relationship Banking and
Loan Default Risk: The Case of Online Social Lending (March 15, 2010) .

FCA (2015): “A review of the regulatory regime for crowdfunding and the
promotion of non-readily realisable securities by other media.” Technical

report, UK Financial Conduct Authority.

FREEDMAN, S. & G. Z. JIN (2008): “Do social networks solve information
problems for peer-to-peer lending? evidence from prosper. com.” Technical

report.

GALLOWAY, L. (2009): “Peer-to-peer lending and community development fi-

nance.”

GARMAN, S., R. HAMPSHIRE, & R. KRISHNAN (2008): “A search theoretic
model of person-to-person lending.” Technical report, Heinz College Carnegie

Mellon University.


http://dedeklegacy.cz/documents-pa.html
http://dedeklegacy.cz/documents-pa.html

Bibliography 59

GREINER, M. E. & H. WANG (2009): “The role of social capital in people-to-
people lending marketplaces.” ICIS 2009 Proceedings (29).

Guo, Y., W. Zuou, C. Luo, C. Liu, & H. XI0NG (2016): “Instance-based
credit risk assessment for investment decisions in p2p lending.” Furopean
Journal of Operational Research 249(2): pp. 417-426.

HERZENSTEIN, M., R. L. ANDREWS, U. DHOLAKIA, & E. LYANDRES (2008):
“The democratization of personal consumer loans? determinants of success

in online peer-to-peer lending communities.”

HERZENSTEIN, M., U. M. DHOLAKIA, & R. L. ANDREWS (2011): “Strate-
gic herding behavior in peer-to-peer loan auctions.” Journal of Interactive
Marketing 25(1): pp. 27-36.

Hicks (1934): “Application of mathematical methods to the theory of risk.” .

IYER, R., A. I1az, K. ErzO, F. LUTTMER, & K. SHUE (2010): “Inferring
asset quality: determining borrower creditworthiness in peer-to-peer lending

markets.” .

IYER, R., A. I. KnwaJa, E. F. LUTTMER, & K. SHUE (2009): “Screening in
new credit markets: Can individual lenders infer borrower creditworthiness
in peer-to-peer lending?”  Technical report, National Bureau of Economic

Research.

JENSEN, M. C. & W. H. MECKLING (1976): “Theory of the firm: Manage-
rial behavior, agency costs and ownership structure.” Journal of Financial
Economics 3(4): pp. 305-360.

KAFER, B. (2016): “Peer-to-peer lending—a (financial stability) risk perspec-

tive.” Joint Discussion Paper Series in Economics (22-2016).

KLAFFT, M. (2008): “Peer to peer lending: auctioning microcredits over the
internet.” In “Proceedings of the International Conference on Information
Systems, Technology and Management, A. Agarwal, R. Khurana, eds., IMT,
Dubai,” .

KruMME, K. & S. HERRERO-LOPEZ (2009): “Do lenders make optimal deci-
sions in a peer-to-peer network?” In “Web Intelligence and Intelligent Agent

Technologies, 2009. WI-IAT ’09. IEEE/WIC/ACM International Joint Con-

ferences on,” volume 1, pp. 124-127.



Bibliography 60

Leg, E. & B. LEE (2012): “Herding behavior in online {P2P} lending: An
empirical investigation.” FElectronic Commerce Research and Applications

11(5): pp. 495 — 503.

MALEKIPIRBAZARI, M. & V. AKSAKALLI (2015): “Risk assessment in social
lending via random forests.” FExpert Systems with Applications 42(10): pp.
4621-4631.

MarkowiTz, H. (1952): “Portfolio selection.” The journal of finance 7(1):
pp. 77-91.

MORSE, A. (2015): “Peer-to-peer crowdfunding: Information and the potential
for disruption in consumer lending.” Annual Review of Financial Economics

7: pp. 463-482.

Pore, D. G. & J. R. SYDNOR (2011): “What’s in a picture? evidence of
discrimination from prosper. com.” Journal of Human Resources 46(1): pp.
53-92.

Puro, L., J. E. TEIcH, H. WALLENIUS, & J. WALLENIUS (2010): “Borrower
decision aid for people-to-people lending.” Decision Support Systems 49(1):
pp. 52 — 60.

RAVINA, E. (2012): “Love & loans: the effect of beauty and personal charac-
teristics in credit markets.” Awvailable at SSRN 1101647 .

RoLL, R. (1977): “A critique of the asset pricing theory’s tests part i: On past
and potential testability of the theory.” Journal of financial economics 4(2):
pp. 129-176.

SERRANO-CINCA, C., B. GUTIERREZ-NIETO, & L. LOPEZ-PALACIOS (2015):
“Determinants of default in p2p lending.” PloS one 10(10): p. e0139427.

SHARPE, W. F. (1964): “Capital asset prices: A theory of market equilibrium
under conditions of risk.” The journal of finance 19(3): pp. 425-442.

SHARPE, W. F. (2000): Portfolio Theory and Capital Markets. McGraw-Hill

series in finance. McGraw-Hill.

SINGH, H., R. GoraL, & X. L1 (2008): “Risk and return of investments in
online peer-to-peer lending.” Technical report, University of Texas. 2008:

I-5.



Bibliography 61

SLAVIN, B. (2007): “Peer-to-peer lending — an industry insight.” Retrieved

from bradslavin. com pp. —.

STATMAN, M. (1987): “How many stocks make a diversified portfolio?” Jour-
nal of Financial and Quantitative Analysis 22(03): pp. 353-363.

STATMAN, M. (2004): “The diversification puzzle.” Financial Analysts Journal
60(4): pp. 44-53.

Wu, J. & Y. XU (2011): “A decision support system for borrower’s loan in
p2p lending.” Journal of Computers 6(6): pp. 1183-1190.

Yum, H., B. LEE, & M. CHAE (2012): “From the wisdom of crowds to my
own judgment in microfinance through online peer-to-peer lending plat-
forms.”  Electronic Commerce Research and Applications 11(5): pp. 469
— 483. Poverty, Technology and Microfinance.



Appendix A

Additional tables and plots

Table A.1: Correlation matrix of credit grades — full sample

pi | A B C D E F G
A 1 0172 -0.074 0103 0.107 -0.098 0.234
B | 0172 1 0482 0577 0435 0.056 -0.085
C |-0.074 0.482 1 062 0361 0.082 -0.167
D | 0103 0577  0.62 1 0.604 0232 0.083
E | 0107 0435 0361 0.604 1 0147 0.224
F |-0.098 0056 0082 0232 0.147 1 0.095
G | 0234 -0.085 -0.167 0.083 0.224 0.095 1

Note: Negative correlation is marked with red colour.

Table A.2: Correlation matrix of credit grades — 2010-2015

py | A B ¢ D E F G
A 1 0618 0477 0351 0411 0296 0.124
B | 0.618 1 0.627 0543 0.326 0.081 -0.067
C | 0477  0.627 1 0439 0368 0.014 -0.06
D [0.351 0.543 0.439 1 057 0314 0.055
E | 0411 0326 0368 0.57 1 0307 0.356
F 0296 0.081 0.014 0.314 0.307 1 0.262
G 0124 -0.067 -0.06 0.055 0.356 0.262 1

Note: Negative correlation is marked with red colour.
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Figure A.1: Effect of diversification for credit grade A
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