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Abstract
Credit risk is one of the prominent risk types in the inancial industry.
It is the risk associated with lending money to borrowers, where the risk is
the likelihood of not receiving back the money as a result of borrowers de‑
faulting. Therefore, credit risk is directly related to the loss of investment,
which makes credit risk a signi icant risk in terms of potential losses. While
the loss from credit risk can be extreme, assessing the credit risk is a dif‑
icult task, and it receives high importance in decision making. With the
growth of the credit industry, it also increases the likelihood of increased
defaulted loans that further increases the need for careful selection of bor‑
rowers in providing credits. To prevent the loss from providing credits to
risky borrowers, credit risk evaluation plays a critical role in differentiating
between ’low‑risk’ and ’high‑risk’ borrowers.
An alternative inancial market with easy and quick access to loans has
been emerging as a popular alternative to the traditional market. Peer‑to‑
peer lending is one such popular market that connects borrowers directly
to lenders through an online platform for loan transactions. With the ab‑
sence of collateral and inancial intermediaries, peer‑to‑peer lending pro‑
vides an easy access to credits at a lower cost. Additionally, its online and
automated operation allows for quick access to credits. However, the ab‑
sence of collateral also becomes the source of credit risk. The risk is further
increased due to most lenders being non‑professional investors and thus,
lack analytical skills. Therefore, it requires careful selection of borrowers
to prevent loss in presence of high risk in peer‑to‑peer lending.
The objective of this thesis is to study credit risk evaluation in peer‑to‑
peer lending for supporting lending decisions. With credit scoring as the
statistical tool for evaluating credit risk, the primary aim of the thesis is
to apply predictive analytics for estimating credit risk. Machine learning
algorithms are implemented to create more accurate credit scoring models
with high predictive performance.
Implementing multiple approaches to analyzing credit risk in peer‑to‑
peer lending, this thesis attempts to generate solutions for better risk iden‑
ti ication to support lending decisions. For a more realistic estimation of
return from peer‑to‑peer loans, return is estimated by accounting risk that
ensures for pro itable investments in the presence of risk to the lenders.
Due to the presence of different risk levels in peer‑to‑peer lending, credit
risk modeling is performed to create risk‑speci ic decisions. The risk eval‑
uation performed at a group level contributes to more accurate risk identi‑
iii

ication and lower misclassi ication costs in differentiation between ‘low‑
risk’ and ‘high‑risk’ borrowers. With portfolio optimization, lenders’ need
for budget allocation in ensuring overall pro it is achieved. Portfolio opti‑
mization supports lenders in loan selection with budget allocation to achieve
a high return by accepting a certain level of risk.

iv

Sammanfattning
Kreditrisk ä r en framträ dande risktyp i den inansiella industrin och
beskriver risken associerad till utlå ning dä r det inns en viss sannolikhet att
de lå nade medlen inte få s tillbaka efter att lå ntagaren har fö rsummat sina
avbetalningar. Eftersom kreditrisken ä r direkt anknuten till lå ngivares in‑
vestering, blir den en signi ikant risk med hä nsyn till potentiella fö rluster.
Fö rlusten orsakad av kreditrisk kan bli ytterst stor vilket gö r riskbedö mnin‑
gen ett svå rt men synnerligen betydelsefullt steg i beslutsfattandet. I och
med att kreditindustrin vä xer, vä xer också sannolikheten av fö rsummade
lå n och lå ntagarnas behov av att kunna bä ttre vä lja till vilka lå ntagare de
kan bevilja kredit. Evalueringen av kreditrisk spelar en kritisk roll i att
skilja å t de potentiella lå ntagarna till ”lå grisk” och ”hö grisk” fö r att kunna
fö rebygga fö rluster. Den alternativa inansiella marknaden har blivit ett
populä rt alternativ till den traditionella inansiella marknaden genom att
erbjuda lä tt och snabb tillgå ng till lå n. Hä r ä r P2P‑utlå ning, d.v.s. utlå n‑
ing frå n lå ngivare direkt till lå ntagare utan mellanhand (en. peer‑to‑peer,
P2P) genom en webbservice, en viktig nyare serviceform. I och med att
man inte krä ver realsä kerhet eller inansiella mellanhä nder erbjuder P2P‑
utlå ning en lä tt tillgå ng till krediter med en lä gre kostnad. Utö ver detta er‑
bjuder automatiserade webbtjä nsterna ä ven snabbare tillgå ng till kredit. A
andra sidan ö kar frå nvaro av sä kerheten kreditrisken och risken blir ä nnu
stö rre i och med att de lesta lå ngivarna inte ä r professionella investerare
och ofta saknar analytiska fä rdigheter. Den hö ga risken i P2P‑utlå ning be‑
tyder att lå ngivare har ett stort behov av att kunna vä lja omsorgsfullt mel‑
lan de potentiella lå ntagarna. Avsikten i denna avhandling ä r att forska i
evalueringen av kreditrisk och erbjuda stö d till beslutet att bevilja P2P‑lå n.
Kreditbedö mning (en. credit scoring) ä r metoden som anvä nds i den statis‑
tiska evalueringen av kreditrisk och det primä ra må let i avhandlingen ä r att
tillä mpa prediktiva analytiska metoder i estimeringen av kreditrisk. Mask‑
ininlä rningsmetoder tillä mpas med avsikten att skapa modeller med hö g
prediktiv prestanda fö r mer exakt kreditbedö mning. Efter att ha tillä mpat
diverse metoder att analysera kreditrisk erbjuder avhandlingen lö sningar
som mö jliggö r bä ttre identi iering av risker och bä ttre stö d till lå nebeslut.
Fö r att man skall kunna estimera en realistisk avkastning fö r investeringar
i P2P‑lå n ska man beakta lå ngivarnas kreditrisk på den risknivå som garan‑
terar lö nsamma investeringar. Man kan hitta olika risknivå er i P2P‑lå n och
kreditriskmodeller utvecklas fö r att stö dja riskspeci ika beslut. Nä r riske‑
valuering tillä mpas skilt i grupper av lå nekontrakt med olika nivå er av risk
v

få r man som resultat exaktare identi iering av riskerna och mindre felklas‑
si iceringskostnader nä r man skiljer mellan lå grisk och hö grisk lå ntagare.
Med optimeringen av lå neportfö ljer å stadkommer man en lö nsam alloker‑
ing av medlen i lå ngivarnas investeringsbudget. Med portfö ljoptimeringen
erhå ller lå ngivarna ett urval av lå nekontrakt som de kan inansiera med sin
investeringsbudget och som uppnå r hö g avkastningsnivå med en viss nivå
av risk.
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1. Introduction
1.1. Credit Risk
Credit risk has been prevalent in banking history as a principal and a
critical risk type. It remains the single most signi icant risk in terms of po‑
tential losses that is dif icult to manage, and as a result, has been a widely
studied topic in the inancial industry [3, 97, 121]. The term ’credit’ is re‑
ferred to as the money being lent by a inancial institution that needs to
be repaid along with interest in a given time frame, in regular installments
[43]. Everyone who borrows credit may not necessarily have the capabil‑
ity to repay the credit; this generates a risk for inancial institutions asso‑
ciated with lending [88]. Credit risk implies the risk that a borrower will
default due to failure to ful ill the debt’s obligations. It usually arises when
a counterpart is unable to pay the debt on time [121]. Some common rea‑
sons for default include a weak inancial situation of the borrower, high
debt burden, low and unstable income, fraudulent cases, and laws in the
information system and technology resulting in ’technical defaults’ [121].
The most common practice to de ine a default event is a payment delay of
three consecutive payments. The loss from the defaults of a small number
of customers may be signi icant for inancial institutions [121, 117].
The three major risks identi ied in credit risk are default risk,loss risk
and exposure risk [121].
• Default Risk : It is the risk that describes the probability that a de‑
fault event will occur, and is therefore termed as probability of de‑
fault (P D). The probability is expressed as a value between 0 and 1
[121].
• Loss Risk: In the case of a default event, loss risk determines the loss
as a portion of exposure that is unrecovered. It is commonly termed
as loss given default (LGD). The value of LGD is zero, when there is
no loss and the value is 100%, when the full exposure amount is lost.
The LGD value is not a ixed parameter and varies for default events
[121].
• Exposure Risk : Exposure risk is the uncertainty concerning the amo‑
unt that is at risk at the time of a future default event. It is termed as
the exposure at default (EAD) [121].
While the later two risks, loss and exposure risk are derived in the case
of default event, default risk is estimated as the probability that a default
1

event occurs. Default risk is very frequently used as interchangeable with
credit risk in describing the risk associated with granting a credit loan [121,
60].
The increase in the number of credit loans most likely increases the
number of defaulted loans. Thus, it becomes essential for inancial insti‑
tutions to differentiate between ’good’ and ’bad’ applicants before granting
credit [124]. The loss from credit risk probing to be extreme, its assess‑
ment becomes critical, and therefore the need for credit risk management
arises. Credit risk management is a technique that is applied in adminis‑
tering the risks related to credit. It involves sequential steps that include
recognizing possible risks, assessing the risks, the appropriate treatment,
and deploying the risk models.
Credit risk evaluation is the key to inancial success in the lending in‑
dustry, where selecting the right customers becomes important. Failing to
evaluate the credit risk and making wrong decisions increases the likeli‑
hood of heavy inancial loss to the inancial institutions [12]. The potential
default applicants can be identi ied by estimating the probability that an
applicant will default using the information received at the time of applica‑
tion, which can be used as a basis for accepting or rejecting the loan appli‑
cation [43]. To avoid payment defaults, the development of credit risk de‑
cision support model is necessary to enhance the evaluation process with
fast and accurate decisions. Successful credit risk management requires
ef icient tools and techniques for risk measurement [12, 63, 121].

1.2. Peer to Peer Lending as the Credit Market
Alternative lending, also known as marketplace lending, is an alternate
lending mechanism through online platforms 1 . The emergence of Web 2.0
has paved the way for online market creation with convenient accessibility,
and strong collaboration [32]. The focus of alternative lending is on provid‑
ing access to credit to small businesses and borrowers that struggle to gain
credit from traditional inancial services2 . When it comes to ’micro’ credit,
banks do not ind it pro itable to offer them as part of their service port‑
folio. In addition, small borrowers lack collateral and good credit history,
which makes it dif icult to gain credit from banks [4]. Hence, alternative
lending offers an alternate solution to small borrowers that connects them
1
https://www.morganstanley.com/im/en-us/financial-advisor/insights/
investment-insights/an-introduction-to-alternative-lending.html
2
https://www.businessinsider.com/alternative-lending-nonbank-industry?
r=US&IR=T
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to investors through an online platform.
As an online marketplace, Peer‑to‑Peer (P2P) lending creates an envi‑
ronment for lenders and borrowers to meet virtually to conduct loan trans‑
actions [32]. It provides micro‑ inance services by helping to match lenders
and borrowers through an online platform, facilitated by a P2P lending
service provider [6]. Compared to traditional inancial services, there are
some signi icant differences in P2P lending from both lender’s and bor‑
rower’s perspectives. The main highlights of P2P lending, in contrast to
traditional inancial services, are the absence of expensive inancial inter‑
mediaries and collateral. In addition, all the services are operated online,
which allows for rapid automated processing that ensures easy and quick
access to loans at a lower cost [56, 39]. These attributes are the primary
source of attraction to borrowers who face dif iculties in accessing loans
from traditional inancial service providers [109, 50].
Loan transactions in P2P lending generally include small to medium loan
amounts for a short time period, where the lenders are usually private in‑
dividuals [39]. P2P has introduced new dynamics in the micro inance in‑
dustry, with the focus being on small‑scale borrowers, such as individual
borrowers and small irms [50]. However, the use of P2P loans is mainly
seen to be as complementary to credit cards and not as replacement for
bank debts [39]. With quick and easy access to loans being main bene its
to borrowers, lenders are attracted to P2P lending due to higher return ad‑
vertised to them compared to similar traditional investments, such as bank
deposits [86, 81]. Hence, considering the bene its to both parties, P2P lend‑
ing has seen increasing popularity and growth in recent years [62].
The fascinating growth of P2P lending, however, is characterized by the
presence of high credit risk. Lack of collateral is the primary source of
credit risk in P2P lending. The lenders in P2P, being individual investors,
who are mostly non‑professionals, has an adverse effect on credit evalua‑
tion, leading to credit risk [56, 67, 86]. Information asymmetry is seen as
another source of credit risk in P2P lending, as it is typically sharper than
in case of traditional inancial services. As a result of information asymme‑
try, the risk of being a fraud victim is higher [133]. Information asymmetry
as a term describes the situation where there is unequal information dis‑
tribution during a transaction. In P2P lending, the situation arises when
borrowers do not accurately provide the information3 . Hence, high growth
and high credit risk make P2P lending an attractive credit market for study‑
ing credit risk. In addition, credit risk evaluation can be seen as an effective
3

https://corporatefinanceinstitute.com/resources/knowledge/finance/
asymmetric-information/
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tool for guiding unprofessional investors in P2P lending, allowing them to
make more informed and rational decisions [42].

1.3. Credit Risk Evaluation
Credit risk evaluation is one of the key processes in the inancial indus‑
try for credit management decisions. It involves collecting, analyzing, and
classifying different credit elements and variables as the basis of credit de‑
cisions [1]. Credit risk is evaluated and estimated based on the borrow‑
ers’ capability of paying back the credit [60]. The general idea of credit
risk evaluation includes applying a classi ication technique that analyzes
the relation between characteristics of a customer and likelihood of fail‑
ure/default [71]. Utilizing these techniques involves the use of past cus‑
tomer data, related to both successful and default loans. Intuitively, when
comparing a new customer’s characteristics with past customer records, if
those characteristics are similar to customers who defaulted after receiv‑
ing the credit, the credit application may be justi ied to be rejected. In the
case when the characteristics match customers who successfully paid back
the credit, the new customer may be granted the credit [1, 71]. Credit risk
evaluation is mostly conducted in two ways [40, 82]:
• Human (Expert) Judgment: Mostly qualitative analysis
• Credit Risk Model: Mostly quantitative analysis
Human judgment, which is a traditional method of evaluating credit risk,
involves evaluating the credit risk of each credit applicant separately by an
expert, based on the experience from previous decisions [43]. When apply‑
ing human judgment on consumer credit loans, investors examine some of
the following information (termed as 3C’s, 4C’s or 5 C’s) [117, 121]:
• Credit History: Customer’s credit history.
• Capital: Loan amount being applied for.
• Collateral: Applicant’s resources as security for a loan.
• Capability: Applicant’s ability to repay.
• Condition: Credit conditions in the market.
Human judgment is subjective, as an analyst reviews each credit appli‑
cation manually applying own experience and consequently the decision is
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based on personal insights, knowledge, and intuition of the analyst, which
can create bias in decision making. The decisions can be inconsistent as
they are to a large extent motivated by individual preferences [12].
The continuous growth in scale and complexity of inancial institutions
with increased demand for credit has generated the need for more sophis‑
ticated techniques to manage and monitor credit risk. Human judgment‑
based evaluation alone is insuf icient to process a large volume of credit
applicants. Henceforth, it is necessary to implement sophisticated statisti‑
cal models in credit granting decision [43, 54].
Credit scoring models serve as credit risk management techniques in
evaluating a borrower’s credit risk [121]. It supports in credit decisions
on granting credit to credit applicants [118]. More formally, credit scoring
can be de ined as a statistical method used for predicting the likelihood of
a credit applicant or an existing borrower defaulting [85]. In general, the
main purpose of a credit scoring model is to classify credit applicants to be
”accepted” or ”rejected” for granting the credit [82]. Credit scoring mod‑
els are developed using statistical techniques based on borrowers histor‑
ical credit records for estimating the creditworthiness of current borrow‑
ers [118]. Credit scoring models use information from application forms,
and other sources as predictor variables for estimating the default proba‑
bility [43]. They are used as automated decision support tools to handle a
large volume of credit applicants [118]. Various credit scoring models have
proven to be effective tools in handling increased credit defaults in the i‑
nancial industry [130, 70].

1.4. Machine Learning for Credit Risk Evaluation
Machine learning(ML) refers to a set of algorithms, which are designed
for tackling and automating computationally intensive problems of pattern‑
recognition in large databases [54, 14]. The objective of machine learning is
to facilitate the knowledge engineering process with increased automation
that replaces time‑consuming human activities [64]. It aims at discover‑
ing patterns and exploiting regularities in data, which can then be used for
making accurate predictions on the behavior of new examples [64, 14, 41].
ML algorithms have the ability to learn from data and make predictions
by applying not only statistics but also mathematical optimization. They
focus on making accurate predictions based on the generalizing patterns
and can dynamically adapt to changes in the data [41]. In comparison to
purely statistical modeling approaches, ML approaches are imposed with
fewer restrictions for pattern recognition in terms of rigid distribution cri‑
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teria of the data set, contributing to increased popularity in data mining
applications [14]. Furthermore, ML models can improve the learning pro‑
cess with additional data that allows for improved predictive power over
time [71].
ML techniques are in extensive use in the ield of data mining applica‑
tions. The main business sectors where machine learning techniques are
extensively used include inance, marketing, telecommunication, web anal‑
ysis, insurance, and many others [14]. ML is identi ied as one of the impor‑
tant technologies for risk management in building more accurate risk mod‑
els. ML methods are very well suited for creating credit scoring models be‑
cause of the presence of large data samples and the ability of the methods to
identify the complex and nonlinear patterns by exploring the relationship
between transactions and consumer characteristics [31, 71].
ML is widely seen to have the potential to ful ill the analytical capa‑
bility required in inancial services [71]. Credit risk evaluation has been
one important area where ML methods are extensively used. ML provides
higher accuracy and predictive power; it has been widely applied to con‑
struct credit scoring models to predict the credit risk of loan applicants.
Furthermore, several studies have shown that ML techniques are superior
to traditional statistical methods for credit scoring, where they outperform
using nonlinear pattern classi ication [119].

1.5. Research Objectives
Peer‑to‑peer lending’s growth and popularity have established it as a
signi icant part of alternative lending, emerging as a new alternative to i‑
nancial services. However, credit risk is the prime concern for investments
in P2P lending that arises from the lack of collateral and analytical skills.
Therefore, with the primary objective of evaluating credit risk in P2P lend‑
ing, the study aims at applying multiple approaches in identifying credit
risk in P2P lending for supporting lending decisions with predictive ana‑
lytics and machine learning. Credit scoring will be applied as the statistical
tool for estimating new applicants’ credit risk in P2P lending to support
lenders in screening borrowers.
While credit risk evaluation and prediction of credit risk for new appli‑
cants can help lenders, the pro itability of the investments is also a signi i‑
cant concern to the lenders. Hence, this study also focuses on estimating re‑
turns from P2P loans while considering credit risk. Focusing on analyzing
credit risk in P2P lending the study aims to answer the following research
questions:
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1. What is the current state‑of‑the‑art in modeling credit risk in P2P
lending?
Investigating credit risk in P2P lending has been a major study topic
with the growth of P2P lending. Since P2P lending behaves differ‑
ently from traditional inancial services, it may require different appro‑
aches to understanding credit risk. As part of understanding the appro‑
aches to credit risk analysis in P2P lending, one of this thesis’ main
objectives is to understand and critically evaluate the current state‑
of‑the‑art modeling approaches being applied in credit risk evalua‑
tion of P2P lending.
2. How can an estimation of return be made from P2P loans to ensure
pro itable investments in the presence of credit risk?
While most studies have focused on predicting credit risk in P2P lend‑
ing with credit scoring, it may not accomplish lenders’ requirements
to achieve higher return. While predicting credit risk provides an es‑
timation of the risk associated with a loan that helps lenders screen‑
ing borrowers, high return is the main attraction to lenders in P2P
lending. Risky loans are typically the ones that yield higher return.
However, in the presence of high risk, higher return cannot be guar‑
anteed, and the return (interest rate) associated with the risk may
not be fully compensated for. Therefore, estimating the return by
accounting for the credit risk can help determine a loan’s pro itabil‑
ity. The estimation of return in the presence of the risk will assure
lenders that the risk they take in investing will (most likely) result in
higher pro its.
3. How can different risk groups in P2P lending be accommodated in
modeling credit risk for precise loan selection decisions?
Borrowers in P2P lending are placed in different credit risk groups
based on their credit history. The risk groups show borrowers with
a diverging level of risk, resulting from a large number of loan appli‑
cants with varying credit histories. With such diversity in the credit
risk level, it can be challenging to make a loan selection decision based
on a single predictive model as it may not provide accurate decisions
for all levels of risk. Considering the similarities of borrowers in terms
of risk, segmented modeling can be performed that targets speci ic
groups. Segmented modeling will allow the predictive models to be
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more focused on speci ic behavior patterns in a group of similar bor‑
rowers that can yield speci ic decision criteria contributing to more
accurate decisions.
4. What strategies and modeling approaches can be applied to create
a pro itable portfolio of P2P loans with rational allocation of invest‑
ments?
Lenders in P2P lending have the opportunity to select borrowers to
invest in from a large pool of applications. The possibility to partially
fund a borrower allows them to spread their investments to multiple
borrowers and diversify risk. With the possibility to partially fund a
borrower, the primary decision to be made is the amount to invest in
a borrower. While the risk and return estimation for a single loan can
help in loan selection, it does not offer any indication on the amount
to invest. Lenders who mostly have a ixed amount to invest would
typically prefer to obtain an overall estimation of return from their
entire investment. This requires a careful selection of loans and allo‑
cation of the investment to the loans while considering maximising
the return and keeping the risk at an acceptable low level. The need
for overall estimation of portfolio risk and return can be addressed
with the typical approach of portfolio optimization that considers the
risk and returns and provides support for allocating the investments
on the loans.

1.6. Overview of the Thesis
The remaining part of the thesis is organized as follow:
Chapter 2 presents the overview of P2P lending as an alternative market
that highlights its growth and popularity. It describes the general process
of loan transactions and inally discusses the credit risk in P2P lending. Re‑
search methodologies used in the thesis is presented in chapter 3. In chap‑
ter 4, credit scoring as a tool for credit risk evaluation is presented in detail.
The chapter introduces machine learning for credit scoring and discusses
other issues related to credit scoring. Chapter 5 is dedicated to presenting
the machine learning and statistical models used for constructing credit
scoring models.
Chapter 6 presents the evaluation metrics used for evaluating perfor‑
mance of machine learning models and discusses their choice of selection
for credit scoring models. In chapter 7, some of the most related studies
8

in P2P credit risk evaluation are presented. Chapter 8 introduces the data
sources and brie ly describes the data used in the experimental research.
Chapter 9 is the presentation of the experimental researches performed for
answering the research questions of the thesis. Following the research ex‑
periments, chapter 10 is the discussion on the results obtained with the re‑
search experiments. It also presents the discussion to justify the selection
of the research experiments and its contribution to the literature. Finally,
chapter 11 includes the conclusion of the thesis that summarises the main
concepts and results of the thesis and presents some limitations.
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2. Peer to Peer Lending
In this chapter, peer‑to‑peer lending as an alternative market for credit
loans is described to present the detail overview of its purpose and op‑
eration. This chapter introduces P2P lending for credit loans and its ma‑
jor characteristics, and highlights the general operational process of P2P
lending. Additionally, the presence of high credit risk in P2P lending is de‑
scribed to emphasize on the relevance of performing credit risk analysis on
P2P loans.

2.1. Introduction to Peer to Peer Lending
Peer‑to‑peer lending as a micro inancing service started in 2005 from
the UK with ’Zopa’ as the irst service provider. P2P lending saw rapid
growth, becoming an excellent alternative to the traditional inancial mar‑
kets, where the inancial crisis in 2008 contributed to a ’quasi‑explosive’
growth in the industry [39]. P2P lending aims to provide an online plat‑
form that connects borrowers and lenders directly, without any inancial
intermediaries [56]. The direct connection to the lenders allows borrow‑
ers to obtain a loan that is free from the involvement of inancial interme‑
diaries in the decision‑making process and any unnecessary or unwanted
services coupled with traditional intermediaries [6, 122].
P2P lending provides mutual bene its to both borrowers and lenders,
where borrowers bene it from low‑cost loans and lenders have the possi‑
bility of gaining higher return compared to similar investments in tradi‑
tional inancial services [81]. The absence of inancial intermediaries and
collateral in P2P lending allows access to loans at a low cost. The cost is
further reduced due to low operating costs of the online platforms, and the
processes are automatized using a simple business model. The online op‑
erations in P2P lending connect borrowers and lenders instantly over the
Internet, which makes the lending process easy and quick [109, 29, 81].
Due to the low cost and lack of collateral, P2P lending attracts small bor‑
rowers placed at the long tail of credit, who are not seen bene icial by inan‑
cial institutions, such as banks [109, 50]. In addition, the higher return ad‑
vertised on investments compared to traditional investments, such as bank
deposits, attracts lenders to the service. A loan request by a borrower in
P2P lending is typically funded by multiple lenders, which results in lenders
holding interests in several borrowers [122]. Since P2P lending allows
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lenders to fund a minimum amount (e.g. $25 on LendingClub4 ), lenders
have the opportunity to spread their investments to hundreds of borrow‑
ers to diversify the risk. Additionally, P2P platforms provide lenders with
an abundance of potential borrowers’ choices to lend [122, 81].
The information listed on loan applications, which includes demographic,
inancial, and credit history of borrowers, is the primary source of lenders’
investment decisions [56]. In addition, lenders rely on credit ratings as‑
signed to the loans by the lending platform and external credit agencies [6].
Borrowers and lenders can also exchange messages for developing trust.
Some P2P lending platforms provide an additional platform for social net‑
working that provides an opportunity for lenders to share their experience
and make a collaborative effort in making investment decisions [44, 39, 76]
P2P lending has seen rapid growth in recent years. The growth can be
observed in the number of P2P lending platforms and loan volumes [72].
Figure 1 shows the growth in P2P loan volumes globally from 2013 to 2018
5 . However, lenders in P2P lending are also exposed to high credit risk
as P2P lending platforms simply act as intermediaries without any credit
services. The lack of collateral is the primary source of credit risk in P2P
lending that leads to loss of investment as the major problem in P2P lend‑
ing [72, 129]. Hence, in the absence of security, lenders may lose a large
portion of their investment if a borrower fails to pay the credit. With the
sector’s growth, P2P platforms attempt to impose regulations in securing
loans and collecting loan payments. However, this still does not guarantee
a full recovery of investments to lenders.

2.2. Peer to Peer Lending Process
P2P lending processes are seen to vary depending on the lending plat‑
form and also the region of operations. Therefore, this section aims to
present a general overview of the P2P lending process described in Figure
2.
The P2P lending process begins with a borrower making a loan applica‑
tion to a P2P lending platform by providing information such as loan amo‑
unt, loan period, the purpose of the loan, income, and open credit lines.
Additionally, the application includes the demographic and inancial infor‑
mation of the borrower and some credit history. The application then goes
through underwriting activities to validate the information and evaluate
the borrower’s ability to repay to decide whether the borrower is eligible
4
5

https://www.lendingclub.com/
https://p2pmarketdata.com/p2p-lending-explained/
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Figure 1: Global P2P Lending Market(2013‑2018)
for the loan. [6, 122]. Based on the evaluation of the borrower’s credit his‑
tory, the application is validated and evaluated and is assigned to a credit
risk group. Each group re lects a level of credit risk, and an interest rate is
assigned accordingly. Finally, the loan is placed in the market for bidding
[122].
From the list of approved loan applications, investors can now make
their selection for investments. After an application obtains the required
amount of bidding to fund the requested loan amount, the application then
becomes a loan. In the process of bidding, investors can partially bid on an
application allowing them to spread their investment to multiple applica‑
tions for risk diversi ication [44, 122]. The credit risk groups assigned to
the loans by the P2P lending platform serve as a primary evaluation metric
to investors. Investors can freely bid on loans from different risk groups,
according to their risk‑return requirements [42].
Borrowers make the loan payments as monthly installments within a
time period determined after receiving the loan amount. For late payments,
there are additional penalty charges on the payments [44]. When a bor‑
rower fails three consecutive payments in the payment process, the bor‑
rower is given the label Default. The credit risk on the loan is high at this
stage, and the borrower is regularly sent noti ications for the payments. In
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Figure 2: P2P Lending Process
some cases, borrowers continue to make regular payments after the default
period with penalties incurred. However, most borrowers after the default
period fail to make regular payments. Hence, the lending platform’s re‑
covery measures try to recover as much amount as possible before inally
labelling the loan as charged off, meaning no additional amount could be
recovered. Some P2P platforms also sell such loans to credit recovery agen‑
cies and distribute the amount to the lenders [50].
Some P2P lending platforms also provide an additional secondary mar‑
ket service, where transactions on already existing loans can be performed.
The secondary market’s primary purpose is to provide the opportunity to
lenders to resell their loan holdings. The secondary market allows lenders
to put their loan holdings on the market any time before the maturity of
the loan. Lenders can generate multiple loan notes by splitting the original
loan into small loans and place it on the market for sale. The generated loan
notes can be listed at discount or premium depending on the loan’s current
performance. After the listing, it follows a similar bidding process as on the
primary market. Typically, lenders list their loan holdings in the secondary
market when they see a discrepancy in loan payments from the borrowers.
Hence, most of the secondary market loans have high credit risk, and they
are listed with high discount rates.
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2.3. Credit Risk in Peer to Peer Lending
Lenders bene it from a comparatively higher return to traditional inan‑
cial services but also face high credit risk due to the lack of collateral. In
the absence of collateral, lenders are faced with the challenging task of the
proper credit risk evaluation. In addition, lenders suffer from various bi‑
ases that may lead to failure in making intelligent investments based on
the available information [86]. The assessment of default risk in P2P lend‑
ing becomes increasingly prominent due to the unsecured nature of loans
which makes the accurate prediction of default risk essential criteria in
identifying credit risk for avoiding losses [109, 73].
In P2P lending, traditional inancial metrics may not capture the non‑
conventional dynamics present in the ield which makes credit risk identi i‑
cation in P2P lending challenging. Loans with higher credit risk are charged
high interest rates allowing lenders to earn a higher return for the risk they
take [81]. However, the higher interest rates charged for high‑risk loans
may not be suf icient to compensate for the credit risk [32].
Traditional inancial and baking services implement high levels of credit
risk management measures to safeguard their investments. A similar level
of credit risk management measures is dif icult to be applied in P2P lend‑
ing due to the high associated costs. Furthermore, applying such measures
becomes complicated because P2P lending is operated online and there is
no physical meeting between lenders and borrowers [77, 32]. Besides, the
industry’s lack of clear and rigid rules and regulations adds complications
and uncertainty to safeguarding investments.
The unsecured nature of loans in P2P lending contributes to a high credit
risk, due to which the full recovery of the investments is not guaranteed. To
overcome the issue of unsecured loans, some P2P lending platforms imple‑
ment protection mechanisms, such as capital protection and recovery of ar‑
rears. They intend to secure investments with a low credit risk [72]. Infor‑
mation asymmetry is another source of credit risk in P2P lending. Since all
the operations take place online, there is a possibility of wrong information
being provided by borrowers that may lead to misinterpreting credit risk
by lenders [133]. However, the risk from information asymmetry is typi‑
cally low as the P2P platform validates information before loan approval.
The risk of investment loss also comes from the lack of analytical skills of
lenders. Most lenders are individual and non‑professional investors, who
are not trained to evaluate investment risk, and therefore have problems
selecting loans to invest on [56]. Lenders in P2P lending, being private in‑
vestors, follow different strategies of investment. Hence, it is dif icult to
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create any explicit rules to guide lenders in investment decisions. Lenders
tend to primarily rely on veri ied inancial information for investment deci‑
sions. Therefore, lenders’ skills in evaluating credit risk from the available
inancial information becomes pivotal [44, 50].
Furthermore, with extensive applications, manual assessment of the risk
becomes dif icult and may require a high level of expertise. The lack of ex‑
pertise in risk assessment leads to most lenders showing a herding behav‑
ior, where they simply bid on a loan that has a high number of bids without
any further analysis [67]. The lack of analytical skills is a major drawback
and concern to lenders; most P2P lending platforms nowadays provide an
automation system for investments. According to lenders’ requirements,
all the investment decisions are automatically handled with the automa‑
tion system through the platform’s system.
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3. Research Methodology
This chapter presents some of the research methodologies in informa‑
tion systems that apply to this dissertation. We identify three commonly
used research methods: Positivist Studies, Design Science and Predictive
Analytics, in information systems to be aligned with the dissertation.

3.1. Positivist Studies
Positivism has a long history in the ield of science and is a prominent
paradigm in academic research [90, 114]. The concept of paradigm as de‑
ined by Kuhn [59] is:
”universally recognized scienti ic achievements that, for a time, provide
model problems and solutions for a community of practitioners”

According to Hughes [46], positivist paradigm perceives that the world
is based on unchanging universal laws and there is an explanation to ev‑
erything that occurs based on the knowledge of these universal laws. In
order to understand the universal laws, a systematic approach can be im‑
plemented to observe and record events around us to ind the underlying
principle that has ’caused’ the event to occur.
Positivism follows ’hypothetico‑deductive’ model of science, where it
aims at verifying priori hypotheses that are often stated quantitatively. It
attempts at deriving functional relationships that establish explanatory as‑
sociations between explanatory factors(independent variables) and out‑
comes (dependent variables) [100]. Hence, a primary goal of positivist
studies is to derive explanatory associations that help to make predictions
and control the phenomena in question [106].
Positivist studies can be related to different research methods that in‑
clude scienti ic, quantitative, experimental, and correlational methods [90].
This dissertation mostly falls in the quantitative method of positivist stud‑
ies. The quantitative methodology can be seen as a structured approach to
research, where the detailed procedure of the research is determined be‑
fore even the data collection is performed. In quantitative methodology,
the focus is on the task of measuring, quantifying or inding the extent of a
phenomenon [61].

3.2. Design Science
The majority of research in Information Systems can be seen to follow
behavioral science and design science paradigms. In behavioral science,
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research attempts in developing and verifying theories that explain or pre‑
dict human or organizational behavior. Design science in research seeks
to extend human knowledge through the creation of innovative artifacts
that provides a solution to business needs. Design science consists of two
primary activities, ’build’ and ’evaluate’. The build activity includes the pro‑
cess of constructing artifacts for a purpose, while in the evaluate phase, the
performance of the artifact is tested. [45, 83].
The build and evaluate activities in design science is an iterative process,
where it goes through multiple iterations. The build phase in design science
involves a sequence of expert activities that generates a design artifact as
an innovative product. The evaluation phase is responsible for providing
feedback on the artifact and a better understanding of the problem that
helps to improve the quality of the product and the design process [45, 84].
The evaluation of the quality and effectiveness of the artifact is primarily
performed with computational and mathematical methods [45].
Hevner et al.[45] describe design science as a problem‑solving process
and provide guidelines for implementing design science research frame‑
work. Following the guidelines by Hevner et al. [45] for design science
research, the research process for this dissertation can be described as fol‑
low:
• Guideline 1: Design as an Artifact
Creating credit scoring models with multiple approaches applying
machine learning.
• Guideline 2: Problem Relevance
The growth in P2P lending and high credit risk to lenders signi ies the
study of credit risk evaluation in P2P lending for better investment
decisions.
• Guideline 3: Design Evaluation
Multiple standard evaluation metrics(ROC‑AUC curve, PR‑AUC curve,
FScore) were applied for evaluating machine learning models to demon‑
strate the utility and quality of performance.
• Guideline 4: Research Contributions
Implementation of new approaches to estimate return from P2P loans
in addition to credit risk.
• Guideline 5: Research Rigor
Selection of appropriate methods in studying credit risk evaluation.
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Study of literature to select methods for training and evaluating ma‑
chine learning(classi ication/predictive) models.
• Guideline 6: Design as a Search Process
Iteratively training machine learning models for best performance
and testing multiple approaches to obtain the optimal solution.
• Guideline 7: Communication of Research
The research results are presented fully describing the technical as‑
pects of the research process. The results are presented to address
the need of P2P lenders that are easy to understand by the lenders.

3.3. Predictive Analytics
Predictive analytics comprises statistical models and empirical meth‑
ods, such as data mining algorithms which are focused on generating em‑
pirical predictions. It also includes the methods that are used for evaluat‑
ing the quality of the predictions generated which describes the predictive
power. Besides generating predictions for practical usefulness, predictive
analytics can also contribute to theory building, theory testing and rele‑
vance assessment [30, 2, 110].
Predictive analytics helps to answer questions based on the past data
pattern on what would be the outcome, given different conditions. It pro‑
vides a quick and inexpensive approximation of relationships between vari‑
ables [126]. Predictive analytics as a sub ield of Data Science, combines
statistical modeling, data mining techniques and machine learning to an‑
alyze historical data and detect a pattern to make predictions. Predictive
models are built relying on variable association and not causation. Predic‑
tive models require the population on which the prediction is to be made
to be similar to the sample used for training and evaluating the model. The
change in data distribution will not guarantee the predictive accuracy of
the model [110].
The predictive power or predictive accuracy of a model shows the abil‑
ity of the model to generate accurate predictions. Predictions are made on
new observations, which are observations in future time periods or the ob‑
servations can be the ones that were not included in the original sample
used for training the model [110].
Predictive analytics constitute an important research method for this
dissertation, where it is applied in generating predictions related to credit
risk. Applying machine learning algorithms for risk modeling based on his‑
torical P2P credit loan data, the aim is to predict the credit risk for similar
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borrowers and estimate return. This dissertation follows the steps men‑
tioned by Shmueli & Koppius [110] to build a predictive model as shown in
Figure 3.

Goal Definition

Data Collection &
Study Design

Data Preparation

Exploratory Data
Analysis

Model Use &
Reporting

Evaluation, Validation
& Model Selection

Choice of Potential
Methods

Choice of Variables

Figure 3: Predictive Analytics Process
The predictive analytics process in Figure 3 implemented for this disser‑
tation can be summarised as follow, following the description by Shmueli
& Koppius [110]:
• Goal De inition: Predicting Credit risk and estimating return in P2P
lending.
• Data Collection & Study Design: Collection of data through online P2P
platforms and plan the research design to utilize the data.
• Data preparation: Data cleaning steps, including imputing missing
values and removing or replacing the outliers. Data partitioning for
modeling (train, validation and test sets).
• Exploratory Data Analysis: Perform exploratory data analysis to un‑
derstand the relation between variables through visualizations.
• Choice of Variables: Selection of variables for modeling through fea‑
ture selection methods and understanding from exploratory data anal‑
ysis.
• Choice of Potential methods: Listing out the potential machine learn‑
ing models, including both supervised and unsupervised methods
and other data science methods.
• Evaluation, Validation & Model Selection: Performing model evalua‑
tion and validation with evaluation metrics and select the best per‑
forming model.
20

• Model Use and Reporting: Perform predictions with the model and
report the results using appropriate metrics(ROC‑AUC, Precision, Re‑
call) and visualizations.
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4. Credit Scoring
This chapter is a detailed presentation of credit scoring for credit risk
analysis. Along with the introduction and bene its of credit scoring, this
chapter describes the application of Machine Learning for credit scoring.
Furthermore, this chapter presents the overview of implementing credit
scoring for classi ication of credit loan applicants.

4.1. Introduction to Credit Scoring
Credit scoring is a general term used for various statistical methods ap‑
plied in evaluating the credit risk of credit applicants. Credit scoring mod‑
els are multivariate statistical models that use economic and inancial indi‑
cators to predict the probability that a credit applicant or existing borrower
will default [85, 71]. Credit scoring is the most well‑known technique ap‑
plied in evaluating the creditworthiness of credit applicants [63]. The ob‑
jective of credit scoring is to evaluate credit risk accurately and quickly
to determine credit applicants ability to repay their debt [130]. This is
achieved through predictive models that assign a score for each credit ap‑
plicant, and, based on a cutoff value applied to the score, the decision is
made to grant or decline the credit [8]. Credit scoring models use historical
data of borrowers for whom the credit has been granted to study the effect
of applicants’ various characteristics on the likelihood of default. Further‑
more, it helps to identify the characteristics that are useful in estimating
the default risk [43, 85].
Credit scoring models help in making consistent credit decisions with
automatic processing, allowing for handling a large volume of credit ap‑
plications. The objective of a credit scoring model is to quantify and man‑
age credit risk for better lending decisions in less time and more objec‑
tively [118, 57]. Credit scoring models help in achieving increased accuracy
in credit risk assessment which results in more pro it by granting credit
to more creditworthy applicants and by denying credit to risky applicants
[63]. Credit scoring models’ importance in reducing risk and generating
pro its have made them a widely studied topic in accounting and inance
[119].
Credit scoring is sometimes called ’application scoring’ as the objective
is to support decision‑making related to granting credit to new applications
[118]. As an extension to application scoring, a related model is ’behav‑
ioral scoring.’ Behavioral scoring deals with existing customers and is used
for predicting their future credit status [118, 117]. The purpose of behav‑
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ioral scoring is to make decisions for existing customers by assigning credit
limits, marketing new products, and identifying recovery strategy if the ac‑
count turns bad. In constructing behavioral scoring, recent past informa‑
tion on customers’ payment and purchase behavior and the application de‑
tails are used [117, 118].
With the credit industry’s growth, the traditional way of evaluating cred‑
its with expert judgments becomes impossible as it requires a high amount
of manual work and economic costs. Therefore, credit scoring models are
in extensive use because of their capability of processing a large volume of
credit applications in a short time with minimal labour reducing the cost of
operations [48, 54]. The advancement in information technology has made
it possible for the development of sophisticated credit scoring models that
can reduce the cost and effort in credit granting decisions [43, 3].

4.2. Bene its of Credit Scoring
Credit scoring for evaluating credit risk has several bene its that con‑
tribute to an enhanced credit risk management system. Credit scoring adds
bene it to credit risk evaluation with improved objectivity in the loan ap‑
proval process. The objectivity helps in ensuring that all applicants are re‑
viewed under the same underwriting criteria, regardless of race, gender, or
any other factors that are prohibited by law to be used in credit decisions
[85]. This eliminates the discrimination as credit providers focus only on
the information related to credit risk, and personal subjectivity of credit
analysts is excluded [24].
Credit scoring is a statistical methodology that can take into considera‑
tion a large number of customer’s characteristics simultaneously and their
interactions for credit evaluation, which is too challenging and complex to
perform manually [27]. In addition, credit scoring models are built upon
much more extensive data samples compared to what loan analysts can
consider in human evaluation [1]. The automation of the evaluation pro‑
cess enabled through credit scoring allows for a more consistent and faster
loan evaluation process [118]. Furthermore, it can handle a large volume
of credit applications, resulting in a reduced need for human labour [48].
Hence, credit scoring can reduce the cost of processing credit applications
and risk associated with bad credit, contributing to enhanced credit deci‑
sions and less time and effort [70]. Credit scoring helps in determining
credit risk, pricing the loan by setting a suitable interest rate according
to the risk and determining the credit limits to be set for a loan applicant
[37, 24].
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As credit scoring helps in the quick lending decisions for ’accepting’ or
’rejecting’ applications, it allows loan analysts to consider more time for the
cases that the scoring system might have issues handling [37, 24]. In ad‑
dition to cost savings, credit scoring provides bene its to customers with
quick application processing. Customers need to provide only the infor‑
mation used in the scoring system, making the application shorter [85].
Furthermore, credit scoring models can learn over time as the statistical
models can be continuously re‑estimated with broader data for improving
model performance [37].

4.3. Machine Learning for Credit Scoring
Credit scoring models are built using predictive models, and the appro‑
aches to the predictive models can be categorized into two main groups:
statistical and arti icial intelligence (machine learning) [131]. Some stan‑
dard and widely used statistical methods for developing credit scoring mod‑
els include linear discriminant analysis, linear regression, and logistic re‑
gression. Their popularity are mostly justi ied by the simplicity of imple‑
mentation and ease of interpretation [43, 48, 12]. However, they have their
limitations related to handling high‑dimensional data, and they rely on lin‑
ear separability and normality assumptions [48]. There has been active de‑
velopment of credit scoring models with various methods and techniques
to overcome the issues with traditional statistical methods, as even a min‑
imal increase in credit scoring accuracy can bring signi icant pro its [130].
Machine learning algorithms in recent times have become a popular choice
over traditional statistical methods to improve performance.
Machine learning is a ield of arti icial intelligence, which involves us‑
ing multiple statistical, probabilistic, and optimization techniques, allow‑
ing computers to learn from previous examples [92]. Machine learning fol‑
lows an iterative process to learn from data and precisely detect hidden
patterns in noisy and complex datasets [94]. A general layout of a machine
learning process can be seen in Figure 4. With complex models and effec‑
tive algorithms, machine learning helps in gaining greater predictive accu‑
racy. Machine learning models have been shown to be effective in handling
predictive tasks and, in addition, identifying behaviors that are most likely
to derive some preferred outcomes [92, 94].
Machine learning algorithms can be broadly categorized into supervised,
unsupervised, semi‑supervised, and reinforcement learning [49, 68]. Out
of the categories, supervised and unsupervised learning are the most ap‑
plicable to credit scoring. Supervised learning is the training of machine
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Figure 4: Machine Learning Process [96, page. 2]
learning algorithms, where the algorithms are fed with a dataset consisting
of some input features and the known corresponding output label. In su‑
pervised learning, the algorithms ind a mapping function that captures the
relation between the input features and output label. The learned mapping
function is then capable of estimating the output label for a new example
[5, 49, 68].
Classi ication is a typical form of supervised learning used to classify in‑
stances in data to a prede ined set of classes. It is used in the cases where
a prediction is to be made to assign a target label to an instance [53]. The
simplest form of classi ication problem is a binary classi ication, where the
classi ier is trained to predict target labels with only two possible values
(e.g.: ’good’ and ’bad’ loans). At the same time, it can be extended to train
for multiple target labels (’good’, ’acceptable’, ’bad’ loans) [53]. Credit scor‑
ing models are classi ication models that classify loan applicants to one of
the prede ined classes of ’good’ or ’bad’.
Wide ranges of machine learning algorithms have been applied to per‑
form the classi ication task for credit scoring in search of better perfor‑
mance. Some commonly used machine learning algorithms for credit scor‑
ing include Decision Tree, Random Forest, Gradient Boosting, Neural Net‑
work, Naive Bayes, and Support Vector Machines. Many studies have per‑
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formed comparative analysis to explore machine learning models’ perfor‑
mance over traditional statistical models, such as linear discriminant anal‑
ysis and logistic regression, showing that machine learning models have
better performance in credit scoring problems [82, 130, 12, 48, 9].
In unsupervised machine learning models are trained on a dataset with
only input features. With unknown output labels for the input data, un‑
supervised learning attempts to capture the relationship among the input
data and group them to provide meaningful insights [89, 49, 68]. One of the
standard application tasks of unsupervised learning is clustering. Cluster‑
ing aims at discovering a new set of categories in the data [103]. The objec‑
tive of clustering is to organize a large set of patterns in data into clusters
or groups based on similarity [51, 125].
Clustering groups data into disjoint and homogeneous clusters, where
similar instances are grouped, and instances that are different are orga‑
nized into separate groups [51, 103]. Clustering in credit scoring is mainly
applied for segmented modeling, which allows for generating speci ic clas‑
si ication rules for each segment of borrowers. A single classi ication model
may not capture the behavior pattern of varying nature of borrowers [75].
Therefore, with clustering, borrowers with similar behavior and risk can
be segmented into separate groups, and for each group, a separate credit
scoring model is developed. A separate credit scoring model allows for gen‑
erating classi ication rules that are more speci ic to a segment, contributing
to increased accuracy of risk identi ication [26, 107].

4.4. Credit Scoring as a Binary Classi ication Model
Credit scoring is a binary classi ication problem because it aims at clas‑
sifying credit applicants as ”good” or ”bad” based on their likelihood of re‑
payment [119]. The ’good’ applicants are referred to the ones that are more
likely to repay the credit and hence, they are granted the credit. The ’bad’
applicants are the ones that have a high risk of defaulting on the credit and
therefore are denied the credit [63, 55, 9].
As a classi ication model, credit scoring takes the input characteristics
as the details from the application form and information from credit bu‑
reaus on the applicant to estimate the output as ”good”, or ”bad” [117]. The
selection of the right characteristics or variables is important for develop‑
ing a credit scoring model [31]. The variables can be categorized based on
the strength and reliability to predict default probability and the explana‑
tory power in analyzing credit applications [124]. The variables used in
credit scoring can further be segmented into four categories [124, 88]:
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• Demographic Indicators: Applicant’s age, sex, marital status, number
of dependents, home status, and district of address.
• Financial Indicators: Applicant’s total assets, gross income, gross in‑
come of the household, the monthly cost of the household.
• Employment Indicators: Applicant’s employment type, length of cur‑
rent employment, number of employments over last n years
• Behavioral Indicators: Applicant’s Checking Account(CA), the aver‑
age balance on CA, loans outstanding, loans defaulted or delinquent,
number of payments per year, collateral/guarantee.
Creating a credit scoring model makes use of the applicants’ sample of
historical credit records over a ixed period when the credit has been is‑
sued. The samples are classi ied into the classes ’good’ or ’bad’ according to
their repayment performance [82, 24]. With the available data sample, sta‑
tistical and analytical methods are applied to train a credit scoring model
that can discover the relationship between historical information and fu‑
ture credit performance [24, 63]. The formulation of the credit scoring
model can be represented mathematically as [63]:
f (x1 , x2 , ......xm ) = y

(1)

where, x1 , x1 ,.... xm are the attributes describing the credit applicant and y
is the outcome of the model that identi ies the applicant as ”good” or ”bad”.
The function or credit scoring model is represented by f that determines
the relation between the applicant’s attributes and the credit risk.
The model speci ies the weights associated with the input variables or
attributes, and the weighted sum of attribute values for a new applicant
gives a credit score. Furthermore, the model has a cut‑off point that is used
as a baseline to classify an applicant as ’good’ or ’bad’ [24, 71]. With statisti‑
cal methods, a credit score can be represented as a probability score, which
entails the probability of a customer defaulting on the loan. Formally, the
probability of default for a customer i with features Xi can be represented
as [8]:
pi = P (yi = 1|Xi )

(2)

The estimated probability score is compared against a threshold value t for
classifying the customer i to a class: if pi < t, the customer is classi ied as
’good’ and if pi > t, the customer is classi ied as ’bad’ [8].
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A good credit scoring model should differentiate between good and bad
credit applicants based on their characteristics. While it is unlikely to ob‑
tain a perfect model, performance can be increased with suf icient histori‑
cal data representing the loan performances during both bad and good eco‑
nomic periods [85].

4.5. Threshold Selection for Classi ication
Credit scoring models produce ”score” as a primary output used as the
base for classifying the applicants. A good credit scoring model should pos‑
sess a high discriminating capability, assigning high scores to applicants
that are likely to perform well, and low scores to applicants who are more
likely to perform poorly on their payments [85, 118].In the credit scoring
model scenario as a classi ication model, the ”score” is obtained as the de‑
fault probability that ranges between values 0 and 1.
The decision on what percentage of applicants to accept for granting the
credit is dependent on managerial preferences related to business mea‑
sures and risk. Depending on the amount of risk the lender is willing to
accept and other business measures, a ”threshold” or a ”cut‑off” score is
determined. With the threshold score being stated and considering the de‑
fault probability as the score, the lender rejects the applicant having default
probability above the threshold and accepts if it is lower than the thresh‑
old as shown in Table 1. For the cases where the score is very close to the
threshold, additional supervision, in the form of human judgment, may be
required [85, 118].
Default
Probability
0.6
0.4
0.1
0.8
0.3
0.05
0.35
0.55

Thresholds
0.2
0.5
0.7
Bad
Bad Good
Bad Good Good
Good Good Good
Bad
Bad
Bad
Bad Good Good
Good Good Good
Bad Good Good
Bad
Bad Good

Table 1: Threshold Selection
There are multiple factors that lenders consider while selecting a thresh‑
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old for the classi ication of the applicants. The decision can be subjective
or more based on the empirical evidence. In order to make use of the data
in threshold selection, calculations, such as marginal good: bad odds at a
threshold and change in the good to the bad ratio by varying the threshold
is performed [118]. With machine learning being applied for credit scor‑
ing and multiple metrics available for evaluating classi ication models’ per‑
formance, the threshold can be selected by evaluating the model’s perfor‑
mance at a threshold against an evaluation metric.
Most of the metrics for evaluating classi ication models’ performance
give importance only to misclassi ication error, i.e. minimizing the number
of credit applicants (or an evaluation metric) that the model incorrectly
classi ies. However, credit scoring can be considered a special case of clas‑
si ication, where not only misclassi ication error but the cost of misclassi‑
ication error also needs to be emphasized. The cost of misclassifying bad
applicants as good can be more costly than misclassifying good applicants
as bad. Hence, these costs can be considered in selecting a threshold to
achieve low cost of misclassi ication [95, 8].

4.6. Problem of Imbalanced Data
The class imbalance problem is often present in supervised classi ica‑
tion tasks, where the data is imbalanced and contains more instances of
a particular class compared to other classes. More often, in imbalanced
data, the class of interest occurs very rarely compared to the other classes
[21, 78]. In the presence of imbalanced data, standard machine learning
classi iers, which are designed for overall accuracy and assume balanced
class distribution, tend to classify more accurately the larger classes, while
they ignore the smaller class [21, 115, 33]. This bias behavior of classi iers
towards the majority class results in a signi icantly higher misclassi ication
rate for the minority class [78]. However, in some applications, the correct
classi ication of samples in the minority class has higher importance than
the majority class [115]. In addition, the cost associated with misclassi i‑
cation of the minority class is higher compared to the majority class [78].
Credit scoring as a classi ication problem for default prediction is one
such application characterized by imbalanced data, where the number of
default examples is typically very low compared to non‑defaults. The low
number of defaults is seen as the result of rejecting bad applicants dur‑
ing the loan approval process [95]. In imbalanced data, it becomes more
important to correctly recognize the minority class as they represent the
larger loss when misclassi ied [78]. The minority class in credit scoring is
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’bad’ loans: approving a ’bad’ applicant can result in the total loss of the
loan amount. In contrast, the loss is only the opportunity cost when reject‑
ing a ’good’ applicant. Therefore, the cost of misclassifying an applicant that
subsequently defaults is signi icantly different from the cost of misclassify‑
ing a ’good’ client [95]. There are several methods in practice to handle the
issue of imbalanced data. The methods used for solving imbalanced data
problems can be mainly categorized into three groups: Data Sampling, Al‑
gorithmic Modi ication, and Cost‑Sensitive Learning [95, 78, 33].
Data sampling is the most common approach used for handling imbal‑
anced data. The training data is modi ied to balance the number of in‑
stances in the majority and minority classes by resampling the data [91,
36]. The balancing allows the classi ier to learn similar to a standard clas‑
si ication process by reducing the effect from imbalanced data [78, 36].
Data sampling methods are applied as a preprocessing step and, therefore,
are applicable to any problem, independent of the classi ier used [36, 95].
Some of the most commonly used data sampling methods include:
• Oversampling: the aim is to balance the data by replicating the in‑
stances from the minority class. The selection of instances to repli‑
cate can be either random or from the areas close to decision bound‑
aries [11, 36, 91]. Oversampling is prone to over itting as it makes
exact copies of the minority instances and, therefore, fails to provide
any new information to the classi ier for learning [11, 95].
• Undersampling: The balancing of the data is performed by removing
instances from the majority class. The selected instances can be at
random or from area far from the decision boundary [11, 36, 91]. The
major drawback of Undersampling is that it could potentially remove
useful data [11, 36].
• Synthetic minority oversampling technique (SMOTE): It is an over‑
sampling method that generates new synthetic examples of the mi‑
nority class by interpolating the closest existing minority examples.
It selects the k nearest neighbors for each minority class example and
generates synthetic examples along the direction of the all or some
of the k neighbors depending on the size of oversampling speci ied
[20, 36].
Algorithm modi ication approaches attempt to handle imbalanced data
issues by making changes to the base classi ier to make it more attentive to
the minority class [95, 78]. Some common modi ications that can be made
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are to assign unequal class weights to penalize more errors made in mi‑
nority class, make changes in classi ication threshold, and assign different
costs to the errors made for the classes [95].
Cost‑sensitive learning incorporates both the approaches of data sam‑
pling and algorithm modi ication or the combination of both approaches,
and assign a higher cost of misclassi ication to the minority class [78, 36].
Taking into consideration a cost matrix (an example of cost matrix for de‑
fault prediction is shown in Table 2), which holds the misclassi ication cost
for the classes, cost‑sensitive learning tries to minimize the total misclas‑
si ication cost [8]. With higher misclassi ication costs assigned to the mi‑
nority class, the classi ier tends to be more sensitive towards making in‑
correct classi ication within the minority class [36]. The misclassi ication
costs are usually not available in the data, and de ining the cost matrix can
be dif icult, and usually performed by domain experts and other heuristics
approaches [78, 36, 95].

Predicted

Actual
Good

Bad

Good

30

‑100

Bad

‑50

30

Table 2: Cost Matrix
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5. Machine Learning and Statistical Methods for
Credit Scoring
In this chapter, some of the most commonly used statistical and machine
learning models for credit scoring are discussed. The models includes su‑
pervised and unsupervised algorithms that are applied for credit scoring.
This chapter introduces the models to understand the general overview of
their implementation.

5.1. Classi ication Models
5.1.1 Logistic Regression
Logistic Regression is an example of the statistical model family termed
”Generalized Linear Models”, which is an extension of Linear Regression.
Logistic Regression determines the relation between a set of potential in‑
dependent variables or predictors and a dichotomous dependent variable.
With the dependent variable being dichotomous, Logistic Regression is ap‑
plied as a binary classi ication method to classify input vectors into one of
the two classes. Logistic regression estimates the probability of a binary
outcome using the ’logit function’, which predicts the logarithm of the odds
of belonging to a class as a linear combination of the input features. Given a
set of input features x1 , x2 , x3 ..........xn , the logit model can be represented
as [70, 58, 120]:
(
log

p
1−p

)
= α + β1 x1 + β2 x2 + β3 x3 ......βn xn

(3)

where p is the probability of belonging to the class of interest, and α and
β1 , β2 ...βn are the regression coef icients. The coef icients are estimated by
applying the ’maximum likelihood’ method. A ’logistic’ function, also called
’sigmoid’ is applied to the outcome from the logit model to obtain the the
probability of belonging to a class, a value in the range between 0 and 1,
which is represented as [58]:
P =

1+

exp− (α

1
+ β1 x1 + β2 x2 ...βn xn )

(4)

Logistic Regression is widely used as the irst choice in developing credit
risk models in predicting the probability of a customer defaulting in the
loan payment. Although many modern machine learning models have the
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ability to provide better predictive power, Logistic Regression is still popu‑
lar due to its simplicity in model development and ease in interpreting the
results [28, 26]. The popularity of Logistic Regression for credit scoring is
visible from its extensive use in developing different models [28, 70, 12, 26,
40, 48].

5.1.2 Decision Tree
A decision tree is a sequential model, that recursively partition an in‑
put instance, following a series of tests with respect to a target variable.
In essence, it generates a set of rules for classifying an input instance to a
target class [104, 128]. Decision trees are composed of nodes, where the
starting node is called a ’root’ node. From the ’root’ node it is directed to‑
wards other nodes, where a node with a further outgoing edge is called a
’internal’ or ’test’ node. A node, that does not have any outgoing edges is
called a ’terminal’ or ’leaf’ node. When a leaf node is encountered, it is as‑
signed a class label representing the most likely target value [104, 99].
At each internal node, including the root node, an input feature is se‑
lected, where a test is performed and a decision is made for the given prob‑
lem, splitting the instance space into two or more sub‑spaces. The selection
of a feature at a node for decision making is based on a splitting criterion,
where ’Information Gain’ and ’Gini Index’ are the two most used criteria
[104]. The split of a node takes place according to the input feature’s value
for a categorical feature, while a threshold value is used for numerical fea‑
tures. Instances in decision trees are classi ied by passing them from the
root of the tree to the leafs, performing the tests along the path [99, 128].
A simplistic example of a decision tree is presented in Figure 5.

5.1.3 Random Forest
Random Forest is an ensemble method that combines the predictions
from multiple decision trees by aggregation. Random forest applies the
bagging method, where each tree is trained on a bootstrapped sample from
the original data that creates randomness and increases the diversity of
the trees [16]. In addition, Random Forest introduces more randomness
by allowing the trees to train only on a set of randomly selected features.
It selects the best feature to split a node in the tree from a random subset
of input features rather than all the input features. By using the bagging
approach to train multiple decision trees on different training data subsets
with a random subset of input features, Random Forest brings diversity in
training, which reduces the variance and improves the generalization error
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Figure 5: Decision Tree
[16, 74, 98].
In a Random Forest classi ier, the trees’ results are combined by un‑
weighted voting (majority voting) for a new prediction. When training a
Random Forest classi ier, it consists of n trees as de ined by the user, and
the number of random features to use in the tree splitting is also assigned
by the user. Random Forest training process can be summarised as [16, 74]
:
• Take n (number of trees) bootstrap samples from the original data.
• For each of the bootstrap samples, an unpruned decision tree is trai‑
ned. For each decision tree, the best split is chosen from a random
subset of features rather than from all the features.
• The prediction for a new data is made by aggregating the predictions
from the n trees (majority voting for classi ication and average for
regression)
Random Forest evaluates the model training based on the predictions
made on the samples not included in the bootstrap sample, called ”out‑of‑
bag”(OOB) samples. For each bootstrap samples created to train a decision
tree, it creates an OOB subset that is not considered for training the tree.
At each bootstrap sample, predictions can be made for the OOB elements
using the decision tree trained with the bootstrap sample. The inal error
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rate of the classi ier can be calculated as the aggregate of the OOB predic‑
tions (proportion of the misclassi ication over the total number of OOB el‑
ements), which is termed as the ”OOB error” [74, 98].

5.1.4 Gradient Boosting Model
Gradient Boosting is an ensemble algorithm that implements the com‑
bination of bagging and boosting. Gradient Boosting combines the results
of multiple base learners (usually a Decision Tree) by sequentially itting
them at each iteration [35]. A base learner is sequentially built on the
”pseudo”‑residuals of the previous iteration, where pseudo‑residuals are
the gradient of the loss function [35, 87]. In an iteration, a base learner is
trained with a random sub‑sample (without replacement) of training data
used for computing model update for the current iteration. The model up‑
date is performed by assigning weights to the data samples, where the mis‑
classi ied samples are assigned higher weights compared to the correctly
classi ied samples. These weights force the base learner to emphasize in‑
correctly classi ied samples during the next iteration [66, 87]. Instead of
full classi ication trees, relatively small depth classi ication trees are cre‑
ated at each iteration, which helps solving the problem of over‑ itting [66].

5.1.5 Arti icial Neural Network
Arti icial neural network (ANN) algorithm is based on the concept of
how the human brain works. ANN can be viewed as an advanced soft sta‑
tistical computing tool for information processing capable of learning for
generalization and is adaptive [55, 9]. ANN is comprised of three differ‑
ent layers: input, hidden(can have multiple hidden layers), and output, and
hence, ANN is also referred to as Multi‑Layer Perceptron (MLP) [130]. An
example of a single hidden layer MLP is shown in Figure 6. Each layer con‑
sists of many processing units called neurons or nodes that are highly inter‑
connected [69]. The nodes are responsible for processing the information,
where the input layer is irst fed with the input data (raw data, corresponds
to features). The input layer results are then passed to the hidden layer,
and with further processing, is passed to the output layer that outputs the
result [55, 69].
The low of information from input to hidden and then to the output
layer is called the feed‑forward network structure (connections). The out‑
put obtained is compared against the actual value (using a loss function),
and the results are backpropagated (know as back‑propagation network)
[130, 69]. The back‑propagation, following gradient descent algorithm, up‑
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Figure 6: Arti icial Neural Network
dates the nodes (weights) in the layers. This process of feed‑forward and
back‑propagation is continued for a number of iteration until the desired
result is obtained [69, 55]. ANN is shown to have performed better in learn‑
ing non‑linear and complex relationships between input and output fea‑
tures [55].

5.2. K‑Means Clustering
K‑Means is an unsupervised algorithm introduced by MacQueen [80] for
generating clusters of similar instances from a data set. The simplicity of
the algorithm and its fast computation capability for ef iciently partitioning
a huge amount of data are the reasons for the popularity of K‑Means [134].
K‑Means algorithm follows an iterative process in generating k mutually
exclusive clusters, where k is the desired number of clusters speci ied by
the user. The iterative process of the algorithm can be summarised as [134,
18]:
1. A centroid for each of the k clusters is chosen randomly in the data
space.
2. Distances of each data points from the cluster centroids are calcu‑
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lated (the distance measure is typically the Euclidean distance).
3. The data points are then assigned to a cluster according to the small‑
est distance to the cluster centroids.
4. After the data points have been assigned to a cluster, the centroids of
the clusters are updated in accordance with their surrounding data
points.
5. The distances of the data points from each of the updated centroids
are recalculated, and the data points are assigned to the same or new
cluster following step 3.
Iterating over the steps from 3 to 5, the process continues to the point
where no data points are required to be updated to a new cluster. Dur‑
ing the iterative process, the algorithm attempts to minimize the sum of
the squared distances of the data point to its cluster centroid, which allows
for creating homogeneous clusters [18].

5.3. Survival Analysis
Survival analysis can be seen as a collection of statistical procedures that
study the occurrence and timing of events in making predictions. Its objec‑
tive is to model the time for an event to occur. It performs the modeling
by studying the time to an event for a population over a given time hori‑
zon, called observation period [13, 79]. Survival analysis can be applied in
credit risk analysis to model the distribution of time to default for a loan,
where the event of interest is a loan being the default. With survival anal‑
ysis, the objective is to predict the default probability of a loan in a given
time horizon of choice [79, 47].
Survival analysis can incorporate censored data into the modeling, which
is one of the major strengths. A data point is said to be censored if the event
of interest has not occurred during the data collection time [113]. When
collecting data for credit scoring, if a loan has been fully paid or is still in
the payment process, it is marked as censored. In creating credit scoring
models, usually, only loan data for which the outcome is known (either de‑
fault or non‑default) are included and excludes information on loans that
are still ongoing. With survival analysis, it can also perform the modeling
by including the ongoing loans, which allows for more accurate predictions
[79, 13].
Survival analysis mainly relies on two time‑dependent probabilities for
modeling: survival function and hazard function. The survival function
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represents the probability that the observation will survive in a speci ied
future time. The hazard function, on the contrary, represents the probabil‑
ity that the event will occur for an observation within the time frame. Given
an observation time frame of T , the survival probability at a given time of t
is represented by the survival function S(t) as [25]:
S(t) = P (T > t) = 1 − F (t)

(5)

where, F (t) is the cumulative distribution function up to time t.
The hazard function gives the probability that the event will occur for
an observation at a time interval t and ∆t, given that the observation has
survived until time t. The hazard function h(t) is represented as [7, 25]:
P (t ≤ T +
∆t→0
∆t

h(t) = lim
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∆t
T

≥ t)

(6)
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6. Evaluation Metrics
The evaluation metrics used for evaluating the performance of credit
scoring models are discussed in the chapter. The evaluation metrics dis‑
cussed in this chapter includes most commonly used metrics for evaluat‑
ing classi ication models. This chapter also tries to give a justi ication of
selection of the metrics for evaluating credit scoring models.

6.1. Confusion Matrix
Confusion matrix is a standard measure used for evaluating the perfor‑
mance of a classi ication model. It summarizes a classi ication model’s pre‑
dictions using a contingency table, which displays the comparison between
the actual classes and the predicted classes from the classi ication model.
The contingency table cells are represented with the raw counts that show
the association of a predicted class to the actual class [101, 123]. The con‑
tingency table is formulated as a matrix of size n×n, where n is the number
of classes in the classi ication model. With the confusion matrix, we can get
a holistic overview of the performance of the classi ication model to iden‑
tify the model’s strength and weaknesses, and errors made by the model.
An example of a confusion matrix for a binary classi ication model with two
classes that can be represented as a 2 × 2 matrix is shown in Table3.
Table 3: Confusion Matrix

Actual
value

Prediction
Positive
Negative
Positive

True
Positive
(TP)

False
Negative
(FN)

Negative

False
Positive
(FP)

True
Negative
(TN)

In Table3 we have two classes from a binary classi ication model:’Positive’
and ’Negative’. General practice is to consider ’Positive’ as a more important
class to correctly predict due to a higher cost associated with misclassifying
it. Since credit scoring is primarily a binary classi ication problem and with
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loan applicants divided into classes ’Bad’ and ’Good’, the confusion matrix
for a credit scoring model can be represented as in Table 4
Table 4: Confusion Matrix for Credit Scoring model

Actual
value

Prediction
Bad
Good
Bad

True
Positive
(TP)

False
Negative
(FN)

Good

False
Positive
(FP)

True
Negative
(TN)

The ’Bad’ class in Table 4 is treated as the positive class and ’Good’ as
the negative class. Here, the ’Bad’ is considered the positive class because
when the model classi ies the possible Bad loans as Good, there is a high
risk of losing the investment. The loss is comparably lower when the model
classi ies Good loans as Bad, as in this case, we are bound to lose only the
opportunity to earn the possible interest from the loan.
A credit scoring model as a classi ier maps each instance of loan appli‑
cations to one of the classes Bad or Good. This process of mapping the in‑
stances to the classes can result in four possible outcomes [34].
• True Positive(TP): When the model correctly predicts a Default loan
to be Default.
• False Negative(FN): When the model incorrectly predicts Default as
Good.
• False Positive(FP): When the model incorrectly predicts Good as De‑
fault.
• True Negative(TN): When the model correctly predicts Good as Good.
Several other common metrics can be derived from the confusion ma‑
trix. Depending on the data distribution and context of the classi ication
problem, multiple metrics are applied in evaluating a classi ication model.
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6.1.1 Accuracy
Accuracy is the most commonly used metric to evaluate the performance
of a classi ication model. It simply states how accurate the model is in cor‑
rectly predicting the class labels, i.e. to what extent the predicted class la‑
bels match the actual class labels. Mathematically, it can be represented as
the ratio of correctly classi ied samples to the total data samples [78, 116].
Referring to the confusion matrix in Table 4, accuracy can be calculated as:
Accuracy =

TP + TN
TP + FN + FP + TN

(7)

From equation 7, we can observe that accuracy is simply the number
of correct predictions the model has made out of the total observations.
Accuracy treats all the classes equally and does not distinguish between
the number of correct predictions for different classes [111]. Therefore, in
the presence of imbalanced data, accuracy as an evaluation metric is not a
proper measure and might provide misleading results [78, 11]. In applica‑
tions such as credit scoring, where data imbalance can be severe, e.g. with
99% of examples belonging to the majority class and only 1% to the minor‑
ity class, an accuracy of 99% can be achieved by simply classifying all the
examples as the majority class. The result gives a wrong impression and
also does not correctly classify any of the examples in the minority class
that are more important and have higher error costs [78, 11]. Hence, con‑
sidering the class distribution in the data, other performance metrics need
to be applied that measure the classi ication performance of the classes in‑
dependently [11].

6.1.2 Precision and Recall
Precision is the ratio of the number of correctly predicted samples from
the positive class to the total number of samples predicted as positive. Pre‑
cision, therefore, is the metric that quanti ies the accuracy for the positive
class predictions [112].
P recision =

TP
TP + FP

(8)

Recall represents the proportion of positive class samples that the model
correctly predicted. Recall helps identifying the number of missed positive
predictions, which shows the effectiveness of the model in identifying the
positive class [112, 116].
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TP
(9)
TP + FN
Precision and Recall summarizes the classi ication performance on the
class of interest. There is a trade‑off in selecting the two metrics, where
maximizing the Precision tends to decrease Recall, and vice versa [17]. The
business problem directs the importance of one of the two metrics. Max‑
imizing the Precision is appropriate when the focus is on minimizing the
False Positives, i.e., reducing incorrect predictions of the Negative class as
Positive. Similarly, maximizing Recall is appropriate when the focus is on
minimizing False Negatives, i.e., reducing incorrect predictions of the Pos‑
itive class as Negative.
Recall =

6.1.3 F Score
F measure, also called F score, is de ined as the harmonic mean of Pre‑
cision and Recall. As opposed to the arithmetic mean of two numbers, the
harmonic mean tends to be closer to the smaller of the two numbers. There‑
fore, for a high F score, both Precision and Recall are required to be reason‑
ably high. When one of them is considerably lower than the other, its effect
can be seen as a lowered F score [115].
2 ∗ P recision ∗ Recall
(10)
P recision + Recall
The value of the F score ranges between 0 and 1, and higher values of
the F score indicates higher classi ication performance of the model. When
the classi ication model fails to correctly predict any of the Positive class
samples(True Positive = 0), the F score’s value is the minimum, i.e. 0. Its
value is maximum, i.e 1, when the model perfectly classi ies the samples to
its respective classes without any errors(False Negative = 0, False Positive
= 0) [116, 23].
The F score, which is also commonly referred to as the F1 score, assigns
equal weights to both Precision and Recall. An abstraction of F score, Fbeta
score controls the balance of Precision and Recall in equation 10 with a
parameter β. Hence, equation 10 can be generalized as [105]:
F score =

F beta =

(1 + β 2 ) ∗ P recision ∗ Recall
β 2 P recision + Recall

(11)

A value of β higher than 1 indicates that higher importance is given to
Recall during the F score calculation, and a value of β lower than 1 is as‑
signed to give more importance to Precision.
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6.2. Receiver Operating Curve (ROC)
Receiver Operating Curve (ROC) is a two‑dimensional graphical repre‑
sentation of the classi ication results, where the X‑axis represents False
positive rates (FPR) and Y‑axis the True positive rate (TPR). ROC curve helps
combining the individual measures of both the positive and negative classes,
which allows understanding of how good the classi ication performance for
both the classes is [78]. It depicts the relative trade‑off between the FPR
and TPR [34, 116]. FPR and TPR can be calculated from the elements of the
confusion matrix as:
FPR =

FP
FP + TN

TPR =

TP
TP + FN

With classi iers resulting in a probabilistic score for a sample belong‑
ing to a class, the class for the sample can be determined by comparing the
score with a threshold value. If the probability score is above the threshold
value, it can be classi ied as Positive and as Negative otherwise. By varying
the threshold value, the class prediction can be changed, resulting in a new
confusion matrix. Therefore, each threshold value can generate its own set
of TPR and FPR, which can be linked to creating a ROC curve. Conceptu‑
ally, we can experiment by varying the threshold value from −∞ to +∞
[34, 115]. In practice, the threshold value is varied from the highest to the
lowest probabilistic score obtained for the Positive class [38]. An example
of a ROC curve can be seen in Figure 1.
For an ideal classi ication model, one would expect to have TPR = 1 and
FPR = 0, which would push the ROC curve to be more on the left corner in
Figure 7. A model that is not better than a random guess would have the
ROC curve residing along the main diagonal, which connects the point (TPR
= 0, FPR = 0), where all the samples are predicted as Negative class, with
(TPR = 1, FPR = 1), where all the samples are predicted as Positive class. A
model with a ROC curve residing along the main diagonal will always have
TPR = FPR for every threshold value. Any model for which the ROC curve
lies below the diagonal is considered to be worse than random guessing
[34, 116, 115].
The ROC curve provides a quick summary of the performance of a clas‑
si ication model. However, it can be dif icult to compare multiple classi i‑
cation models based on the ROC curve. ROC curves for different models can
overlap, and unless there is one curve above all the other curves over the
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Figure 7: ROC Curve
entire space, it is hard to claim one model as the best. Therefore, to repre‑
sent the ROC curve as a single scalar value, the area under the ROC curve
(AUC) can be calculated, which estimates the model’s performance. With
AUC score, performance of multiple classi ication models can be compared
across a range of thresholds [38, 115, 116, 34].
AUC score is calculated by adding the areas of trapezoids below the ROC
curve. The AUC value always lies between 0 and 1, with an ideal model hav‑
ing an AUC score of 1, and a model equal to random guessing having an AUC
score of 0.5. Hence, a good model should have an AUC score above 0.5 and
closer to 1, and any model having an AUC score below 0.5 is considered un‑
usable [115, 116]. AUC score can also be interpreted as the model’s ability
to rank Positive examples before Negative examples. A higher AUC score
indicates that the model assigns a higher probabilistic score to Positive ex‑
amples compared to the Negative examples [34, 38].

6.3. Precision Recall(PR) Curve
Precision‑Recall(PR) curve follows a similar approach to the ROC curve
for evaluating binary classi ication models’ performance. PR curve cap‑
tures the model’s performance at a range of thresholds, which shows the
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trade‑off between Precision against Recall. Changes in the class predictions
can be achieved by varying threshold values, resulting in different Precision
and Recall values for each threshold. A PR curve is created by plotting Re‑
call on the X‑axis against the Precision on the Y‑axis for the corresponding
threshold values [15, 34, 116]. An example of a PR curve can be seen in
Figure 8.

Figure 8: PR Curve
An ideal classi ication model with respect to Precision and Recall would
have P recision = Recall = 1, where the model can completely sepa‑
rate positive classes from Negative classes. Therefore, in Figure 8, the ideal
point on the curve would be at the point (1,1), and when the curve is more
to the right corner, it indicates the better performance of the model [116].
Since the PR curve deals with Precision and Recall, and they are metrics re‑
lated to summarising the model’s performance for the Positive class, the PR
curve neglects the model’s capability of handling the Negative class [101].
PR curves are a better alternative over ROC curves in the presence of im‑
balanced class distribution, where PR curves account for the imbalanced
class distribution, which is neglected when using the ROC curve [38].
Similar to the ROC curve, a PR curve can be summarised into a single
scalar value by calculating the area under the PR curve (PR‑AUC). Its value
also ranges between 0 and 1, where 1 is the optimal value. However, unlike
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the AUC score, where for a random model, the AUC score is 0.5, the PR‑
AUC score for a random model is the ratio of Positive examples in the data
[38]. The PR‑AUC score for a relatively good model should be above the
ratio of Positive examples in the data. For example, if the proportion of
Positive examples in the data is 0.1, a good model should have a PR‑AUC
score greater than the value 0.1. The dotted line in Figure 8 represents the
model with no skill, a model that classi ies every sample to be in the Positive
class.
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7. Previous Studies in Peer to Peer Lending
Following the rapid growth of P2P lending, it has gained a lot of attention
as an alternative market. With easy access to the loan transaction data, the
number of studies focusing on analyzing credit risk in P2P lending is abun‑
dant. This growth across the globe has resulted in an increasing number
of P2P lending and credit risk studies. In this section, some of the studies
are discussed to present the general overview of P2P lending credit risk
analysis studies.

7.1. Exploratory Analysis Approaches
Initial studies in P2P lending for credit risk analysis were performed as
exploratory analysis to understand the behavior patterns of borrowers and
lenders and their effects on the loan transactions. Most of these studies
applied basic statistical approaches in performing the analysis.
Klafft (2008) [56] conducted a study on data from a U.S P2P lending plat‑
form, Prosper6 . Using exploratory analysis on the loan performance data,
Klafft demonstrated that lenders could bene it from their investments with
some simple selection criteria based on the inancial information of bor‑
rowers. A study performed by Iyer et al.(2009) [50] discover that lenders
are partly able to infer borrowers’ creditworthiness from the information
provided, mainly relying on standard inancial information. In addition, for
high‑risk groups, lenders also make use of non‑ inancial information for
risk evaluation.
Puro et al. (2011) [102] studied the investment behavior of lenders in
the lending platform ’Prosper’, where they found that lenders follow differ‑
ent bidding strategies. They identi ied nine different strategies being prac‑
tised by lenders, out of which three of them were most commonly used,
namely evaluator strategy, late‑bidding, and multi‑bidding. Analyzing the
lenders’ behavior from a Korean P2P lending platform with multinomial
logit market‑share model, Lee and Lee (2012) [67] observed the presence
of strong herding behavior in lenders, where most lenders tend to bid on
loans with a high number of bids. They further discovered that the herding
behavior had a diminishing marginal effect on participation, where lenders
would be attracted more to bids with high participation rates in the early
stage compared to the later stage.
From the study of text description used by borrowers to persuade lenders,
6

https://www.prosper.com/
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Larrimore et al. (2011) [65] identi ied that the use of extended narratives
with quantitative words describing inancial situation were more likely to
secure loans. Applying Linguistic Inquiry and Word Count (LIWC) software,
they further discover that irrelevant information in displaying the potential
to repay and justifying the current inancial situation is negatively related
to funding success.
Lin et al. (2011) [76] studied the impact of social networks on a loan
being funded and default rates, where social networks were seen to posi‑
tively affect the funding of a loan and low default rates. Furthermore, they
identify social networks in P2P lending to be an additional source of soft in‑
formation for risk evaluation in the absence of hard information. Chen et al.
(2014) [22], based on trust theories, created a trust model for P2P lending
to understand the factors building the lenders’ trust in borrowers. They ap‑
plied structural equation modeling with the data from a Chinese P2P lend‑
ing platform to evaluate the trust model. The trust model reveals that trust
in borrowers and lending platforms signi icantly affects the lenders’ deci‑
sion to lend, where trust in borrowers is more crucial. In addition, the qual‑
ity of borrowers’ information is the most driving factor for gaining lenders’
trust. The service quality and credit security from the lending platform are
in luential in building trust on the platform.

7.2. Statistical and Machine Learning Approaches
With many borrowers selecting from a large number of investments,
the main task for lenders in P2P lending is precisely selecting the borrow‑
ers with low credit risk. The selection of borrowers becomes very criti‑
cal given the high credit risk in P2P lending. Hence, in recent times, many
studies have focused on developing credit risk models that accurately eval‑
uate the default risk of borrowers in P2P lending, applying credit scoring.
Compared to the traditional credit scoring of banks, credit scoring in P2P
lending can be challenging due to the high‑dimensional data, the diversi‑
ied form of data and large amount of data [73]. There can be seen a wide
variety of approaches to credit risk modeling in P2P lending, from standard
statistical methods for credit scoring to machine learning methods, and re‑
cently deep learning.
Traditional statistical models for credit scoring, including linear regres‑
sion, linear discriminant analysis, and logistic regression, which are com‑
monly used in P2P lending credit risk evaluation. Linear regression was
used for instance in the study by Mild et al.(2015) [86] for developing a
decision support tool to estimate the repayment ratio of a loan. With the
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tool, lenders can select a subset of the most pro itable loans based on the
estimated repayment ratio. In a study by Emekter et al.(2015) [32], logistic
regression is used to predict the default risk of borrowers, using data from
the P2P platform ’LendingClub’. The logistic regression model and some
non‑parametric tests identi ied important features in luencing borrowers’
credit risk, including credit grade, FICO score, debt‑to‑income ratio, and
revolving line utilization. In addition, the Cox Proportional Hazard model
shows that with an increase in the maturity period of loans, credit risk also
increases.
Machine learning models in recent times have been a popular choice for
credit scoring in P2P lending, with wide ranges of algorithms being tested
to produce optimal results. Multiple studies have performed a compara‑
tive analysis of machine learning algorithms, including traditional statisti‑
cal models. Random forest was seen to outperform other models in pre‑
dicting borrowers’ risk in a study by Malekipirbazari and Aksakalli (2015)
[81]. Random forest had better performance than logistic regression, sup‑
port vector machines, and K‑nearest neighbor. It also performed better
than FICO scores and LendingClub’s credit grade in credit risk prediction.
Comparison study of machine learning models by Chang et al. (2016) [19]
identi ied Naive Bayes with Gaussian distribution as the winner. It had bet‑
ter performance in predicting default risk compared to logistic regression
and support vector machines.
To address the problem of imbalanced data and misclassi ication costs
in credit scoring, Xia et al. (2017) [132] applied cost‑sensitive learning.
A cost‑sensitive boosted tree model using extreme gradient boosting (XG‑
Boost) was applied to predict the risk and return from P2P loans. The con‑
structed model was able to outperform other methods, such as logistic re‑
gression and Random forest, when tested on two P2P loan datasets.
While most studies only used hard inancial information for credit risk
evaluation, Jian et al. (2018) [52] combined both soft and hard information
for credit risk evaluation of P2P loans in China: abstracting loan‑related
features with topic modeling from text description provided by borrowers
combined with available features for creating a default prediction model.
Logistic Regression, Naive Bayes, Support Vector Machine, and Random
Forest were used in creating the models. With multiple combinations of
feature sets for modeling, the authors observed that the combination of
soft and hard features increased the performance for default prediction,
where Random Forest performed the best. In a study by Niu et al. (2019)
[93], they combined borrowers’ social network information with regular
features for creating a credit scoring model with Random Forest, AdaBoost,
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and LightGBM. They extracted social network information from mobile ph‑
one data of borrowers in P2P lending in China. With the combined features,
the results indicated that including social network information improved
the results.
Ensemble approaches have been regularly applied to boost the predic‑
tion performance. A heterogeneous ensemble framework was applied by
Li et al. (2018) [73] for default risk prediction of P2P borrowers in China.
Their approach included a linear weighted combination of Extreme gradi‑
ent boosting model, Deep Neural Network, and Logistic Regression. The
results show that the model is able to handle high‑dimensional and imbal‑
anced data problems. Zhou et al. (2019) [135] applied a linear weighted
ensemble of decision tree‑based models to predict the default probability
of individual loans in P2P lending. The ensemble model consisted of Gradi‑
ent boosting decision trees, Extreme gradient boosting, and light gradient
boosting machines. Their method outperformed other existing machine
learning methods on the same dataset.
Neural networks have been one of the popular models for credit scor‑
ing in P2P lending, with the standard multilayer perceptron form of Deep
learning widely applied. Wang et al. (2018) [127] implemented LSTM (Long
term short‑term memory) Deep learning framework to develop a credit
scoring model for P2P lending. Analyzing the sequence of events of bor‑
rowers in online operation, the authors construct an Event2Vec Model to
represent the events in a vector space. Finally, the LSTM network is used
for predicting the probability of default from the extracted features.
In addition to credit scoring for default prediction in P2P lending, pro it
scoring is another common approach used for evaluating credit risk in P2P
lending. Using the internal rate of return (IRR) as the measure of pro it,
Cinca and Nieto (2016) [108] applied a Decision tree model to create a
pro it scoring model. They compared the results with the credit scoring
model and observed it to perform better in risk assessment. Following a
similar approach, Bastani et al. (2019) [10] used Deep learning for pro it
scoring. They implemented two‑stage modeling, where a credit scoring
model was used in the irst stage to predict default probability. The loans
that passed the irst stage were then sent through a pro it scoring model.
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8. Data Collection
In this chapter, the data used in the experimental research are brie ly
presented. The data used in the research were accessed through the pub‑
licly available sources of the P2P platforms. Three different P2P platforms
were selected based on ease of access to the data and their popularity.

8.1. Bondora
Bondora7 is one of the leading P2P platforms in Europe. Established
in 2009, Bondora currently operates in Estonia, Finland and Spain. With
845,139 customers, as of May 24, 2021, Bondara has issued P2P loans that
totals to about 435.145 million euros 8 . Two different data sets, from the
primary market and secondary market, were collected from Bondora plat‑
form9 .
Data from the primary market was used in the experimental research
for estimating returns from P2P lending, presented in Paper 1. The data
consisted of loan records between 28 February 2009 and 4 October 2018
with 65,675 total loan records. For the analysis purpose, only the loan
records from 2013 onward were utilised as there were no ratings assigned
to loans by Bondora before 2013. The data includes 112 features that pro‑
vide demographic and inancial information on loans and their current per‑
formance. A sample of the features is shown in Table 5
The ’Status’ feature describes the current status of a loan that indicates
whether the loan is either defaulted, currently in the payment process or
repaid. Out of the total loan records, 36.5% were defaulted, 41% were cur‑
rent loans, and 21.7% were repaid, which shows a high default rate. A sum‑
mary of the loan status for the loans issued across the years is shown in Ta‑
ble 6. Table 6 also shows the base interest rate (taken as average for A‑rated
loans) to be decreasing in recent years.
The secondary market data includes the information on loan notes avail‑
able from March 2013 to July 2019. The secondary market data set was
used in Paper 3 to study the investment decisions in P2P secondary market.
There are approx. 7.3 million records of loan notes in the secondary mar‑
ket data set. The large number of loan records is due to loan splittings into
multiple small loan notes when the loans are put in the secondary market.
The loan notes have a unique loan id that connects them to the loan infor‑
7

https://www.bondora.com/en
https://www.bondora.fi/en/about-bondora/
9
https://www.bondora.com/en/public-reports.
8

53

Features
LoanID
NewCreditCustomer

Description
Unique loan identi ier
Does customer have prior credit history with Bon‑
dora
Method used for loan application data veri ication
Total loan amount applied
Monthly payments to be made
Loan duration in months
Interest rate on loan
Purpose of the loan
Marital status of borrower
Current employment status of borrower
Type of home ownership pf borrower
Total income of borrower
Rating level assigned by Bondora
Ratio of borrower’s monthly gross income that goes
toward paying loans
Total monthly liabilities of borrower
Current status of the loan

Veri icationType
AppliedAmount
MonthlyPayment
LoanDuration
Interest
UseOfLoan
MaritalStatus
EmploymentStatus
HomeOwnershipType
IncomeTotal
Rating
DebtToIncome
LiabilitiesTotal
Status

Table 5: Bondora Feature Sample for Primary Market

Current
Repaid
Default
Interest(%)

2013

2014

Year
2015
2016

2017

2018

182
1447
846
24.95

775
2416
3942
24.77

1436
2139
4471
16.22

8199
2568
7166
11.84

14200
1081
1209
11.76

2533
2539
5441
12.40

Table 6: Bondora Loan Summary Statistics
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mation from the primary market. In addition, some other features provide
additional information on loan notes, which are shown in Table 7.
Features
LoanID
StartDate
EndDate
DiscountRate
DebtDaysAtStart
DebtDaysAtEnd
PrincipalAtStart
PrincipalAtEnd
LoanDuration
Interest
UseOfLoan
Result

Description
Unique loan identi ier
Time when the investment was added to Secondary
Market
Time when the investment was sold or removed from
the Secondary Market
The discount/premium set by the seller
The number of days the loan had been in debt at
StartDate
The number of days the loan had been in debt at End‑
Date
Outstanding principal at StartDate
Outstanding principal at EndDate
Loan duration in months
Interest rate on loan
Purpose of the loan
If the loan was traded in the secondary market or not

Table 7: Bondora Feature Sample for Secondary Market

8.2. Prosper
Prosper is the irst P2P lending platform in the United States that was es‑
tablished in 2005. It has facilitated more than $18 billion in loan amounts to
more than 1,100,000 borrowers10 . Data accessed from Prosper was used in
Paper 2, where segmented modeling was applied to generate risk‑speci ic
decisions for credit risk evaluation. The data includes loans issued between
2005 and 2014: 113937 loans with 81 features. For the analysis purposes,
the data was processed with multiple data processing steps to obtain the
inal data size of 55084 loans and 21 features. Some of the features used in
the analysis are presented in Table 8.
The default rate in the data was 30.8%, with 69.2% non‑default loans.
The loans are assigned a rating class, with AA is the best rating and HR is
the worst(risky) rating. A summary of loan statistics in accordance with
the ratings class is shown in Table 9
10

https://www.prosper.com/about
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Features
LoanStatus
BorrowerRate
ProsperRating
OpenRevolvingAccounts
InquiriesLast6Months
PublicRecordsLast10Years
DebtToIncomeRatio
creditscore average
Investors
AvailableBankcardCredit
ListingCategory
CurrentCreditLines

Description
Status of the loan
Interest rate on the loan
Rating assigned to the loan
Number of open revolving accounts
Number of inquiries in past 6 months
Number of public records last 10 years
Debt to income ratio of borrower
Average of lower and upper credit scores
Number of investors that funded the loan
Total available credit via bank card
Purpose of loan
Number of credit lines

Table 8: Prosper Feature Sample

Prosper
Rating

Loan
Counts

Default
Rate(%)

Average
Interest(%)

AA
A
B
C
D
E
HR

6922
5292
7762
9465
11022
7199
7230

18
12
26
30
34
41
49

12
9
16
19
24
28
29

Table 9: Prosper Data Summary
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Average
Credit
Score
746
796
710
678
660
627
607

8.3. LendingClub
LendigClub established in 2007, is a leading P2P platform in the United
States. The data accessed from LendingClub includes loans issued in the
year 2015. Including only either charged‑off or fully paid loans, the data
set contains 383,735 loan transactions, where 80% were fully paid and
20% were charged off. The data from LendingClub was utilised in Paper 4,
where portfolio optimization is performed with P2P loans for investment
decisions. Two different sources of information on the loans were utilised.
The irst source provided information on loan and borrower character‑
istics used in constructing the credit scoring model for default prediction.
A sample of the feature set is shown in Table 10 and a summary statistics of
the loans is presented in Table 11. The second source of information pro‑
vided data on monthly payments made by borrowers on the loans, which
includes information such as monthly principal, interest, and late fee pay‑
ments. Using the monthly payments information, Internal Rate of Return
on the loans were calculated.
Features
funded_amnt_inv
int_rate
annual_inc
dti
delinq_2yrs
revol_bal
term
grade
emp_length
ico_score
pub_rec_bankruptcies
loan_stauts

Description
Amount funded by investors
Interest rate on the loan
Annual income of borrower
Debt to income ratio of borrower
Number of account deliquent in past 2 years
Amount of Revolving balance
Loan period in months
Rating assigned to loan
Length of current employment
FICO score
Any record of bankruptcies
Status of the loan

Table 10: Lendingclub Feature Sample
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Grade

Count

A
B
C
D
E
F
G
Total/Avg

72133
108765
107410
55178
29762
8530
1957
383735

Default
Rate(%)
6
13
22
32
41
50
54
20.21

Interest
Rate(%)
6.93
10.04
13.29
16.72
19.29
23.63
26.84
12.43

FICO
Score
721
696
688
685
684
683
681
695

Debt to In‑
come(%)
16.28
17.98
19.62
21.30
21.56
21.47
20.14
18.96

Table 11: LendingClub Data Summary Statistics
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9. Research Methods and Approaches
This chapter presents the research approaches implemented in accom‑
plishing the research objectives with the focus on credit risk evaluation in
P2P lending and loan selections for investment. The detailed implemen‑
tation of the research methodologies and the experiment results are pre‑
sented and discussed in the corresponding published research papers. This
chapter summarises the research papers and brie ly discusses the results.

9.1. Estimating Returns from Peer‑to‑Peer Loans
Paper 1: ”Predicting Expected Pro it in Ongoing Peer‑to‑Peer Loans with
Survival Analysis‑Based Pro it Scoring”
Lenders in P2P lending are on the higher end of risking their invest‑
ments due to the presence of high credit risk. The high credit risk in P2P
loans is compensated by allocating higher interest rates to the loans in high‑
risk categories. However, the higher interest rates may not be suf icient to
compensate for the loans’ default risk fully. Hence, the combination of in‑
terest rate and default risk can be used to calculate the expected return or
pro it from a loan. As for lenders, their ultimate goal is to receive higher re‑
turns from investments. Therefore, estimating the pro it in the presence of
default risk gives a broader perspective of return on investments to lenders.
Few studies have applied pro it scoring to predict the pro it on a loan in
P2P lending, with IRR (internal rate of return) used to measure pro it. The
major drawback of these studies has been the use of selective data sets to
include only completed loans in the modeling. While the approach helps es‑
timating the pro it, however, there is a high possibility of introducing bias
in the analysis as they may leave out loans that are more likely to survive
with a good return. In addition, with P2P lending experiencing signi icant
changes in interest rates and credit ratings, analysis performed on only a
subset of historical data may not provide accurate predictions. For exam‑
ple, when we take only completed loans having a loan period of 4 years,
we would be using the information on interest rates and risk from 4 years
back, which may not be relevant at present due to rapid changes. Hence, to
overcome this issue, survival analysis can be introduced in the modeling,
which can include both repaid and ongoing loans in the analysis. Survival
analysis allows for modeling with more recent information and thus, pro‑
vides accurate predictions.
The primary usage of survival analysis in the modeling is to predict an
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event’s occurrence in a given time frame. Hence, it is applied to predict
the event of default for loans at every month in the payment period. This
monthly default probability explains the probability that a loan will default
in an interval between loan payments, where the loan has survived up to
the interval. With the features of a loan, the default probability is calculated
using Cox proportional hazards model. Similar to default probability, pro it
at each monthly payment is estimated with a simple estimation formula:
(12)

i = (1−h)I + hD

where h is the monthly default probability, I is the interest rate and D is
the loss given default.
At every monthly payment time, a loan either survives or defaults (the
outcome is given as 0 or 1), as modeled by the monthly default probability
1 − h and h. If a loan survives, the investors make a monthly pro it of inter‑
est I on the remaining principal. If the loan defaults, the investor’s loss is
quanti ied by the loss given default value D. Hence, with this formulation
of default risk and pro it calculation, the pro it is estimated at each monthly
period to give an unbiased estimation in the presence of censoring.
The proposed model is experimented using a dataset from the P2P plat‑
form ’Bondora’. The predicted default probabilities and the pro it are eval‑
uated with mean squared error (MSE) metric. In addition, the AUC score
is calculated for the default probabilities. The results obtained show the
model’s good performance with low MSE values and a good AUC score, as
seen in Table 12.
Train Set
Train Set

MSE Default
0.0288
0.0292

MSE Pro it
0.0170
0.0167

AUC Default
0.7114
0.7098

Table 12: Evaluation Results
Furthermore, comparing the results of expected pro its with the inter‑
est rates shows a signi icant difference in the pro its. As promised to the
lenders, interest rates would be the pro its if the loans did not default. How‑
ever, in the presence of risk, the expected pro its are very different com‑
pared to the original interest rates, as it can be observed in Figure 9. The
difference can also be explained by the pro it formula used in equation 12,
which shows a direct relationship between default risk and interest rate.
Thus, the results clarify that the return in P2P lending is not as high as ad‑
vertised and careful selection of loans is necessary to avoid any loss.
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Figure 9: Histogram of interest and estimated pro it rates on test set

To analyze the effect of a proposed model on the portfolio return of the
lenders, a comparison is performed on different strategies for loan selec‑
tion. The results are presented in Figure 10. As it can be seen from Figure
10, selecting loans based on the proposed pro it model offers a higher re‑
turn compared to selecting loans based on credit ratings and default proba‑
bility. Therefore, these results justify the proposed pro it model’s effective‑
ness to guide P2P lenders in investment decisions for better loan selection.

Figure 10: Average Portfolio Return
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9.2. Loan Selection Decision in P2P Lending with Seg‑
mented Modeling
Paper 2: ”Improving Credit Risk Analysis with Cluster Based Modeling
and Threshold Selection.”
While credit scoring is widely used as the standard tool to evaluate the
credit risk of borrowers, it is also a common practice to deploy a single
credit scoring model to cover all applicants. However, with the growth in
credit borrowers, their characteristics are diversi ied. In the presence of
varying nature of the borrowers, a single credit scoring model may not ac‑
curately capture such diverse feature sets. This issue can be handled with
segmented modeling, where borrowers are segmented to multiple segments
based on their similarities, and a new credit scoring model is trained for
each segment. The procedure allows for granular risk evaluation as credit
scoring models can be more speci ic, where borrowers show similar behav‑
ior. This approach has been successfully applied in the studies for improv‑
ing results on credit evaluation.
Credit scoring as a binary classi ication applies a threshold or a cutoff
score to classify borrowers as ’good’ or ’bad’ depending on the likelihood
of belonging to the classes. As with a single credit scoring model, a single
threshold may not cover the diversi ied risk of applicants. Borrowers in
low‑risk groups have a lower default probability when compared to higher‑
risk groups. The difference in the risks creates a problem in selecting a per‑
fect threshold to classify accurately. Hence, selecting a separate threshold
for each segment, considering the risk levels, can elevate the classi ication
accuracy. Furthermore, different strategies can be applied for threshold
selection. In these types of cost‑sensitive problems, misclassi ication cost
is a suitable measure to decide on the threshold. It accounts for different
costs related to False Negative and False Positive errors, with False Nega‑
tive errors having higher costs.
The segmented modeling with threshold selection for improved results
in credit risk identi ication was implemented on a P2P lending dataset from
’Prosper’. Unsupervised learning with KMeans was irst used for segment‑
ing data into segments of similar borrower characteristics, displaying sim‑
ilar risk levels. Applying three different machine learning models (Logistic
Regression, Random Forest, Gradient Boosting Model), credit scoring mod‑
els were trained for the entire dataset and separate models for each of the
segments. With models being trained for the full dataset and segments,
threshold selection is performed with the relative cost of misclassi ication
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speci ied by the formula:
RC = α(PI CI ) + (1 − α)(PII CII )

(13)

The probability of belonging to the bad class is given by α. PI is the proba‑
bility of being False Negative and CI is the relative cost of a False Negative.
Similarly, PII is the probability of being a False Positive and CII is the rel‑
ative cost of a False Positive.
When measuring the relative cost of misclassi ication with multiple val‑
ues of threshold for the segments, a clear distinction of the best threshold
value was observed for the segments as seen in Figure 11.
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Figure 11: Threshold Selection
The threshold (which here is referred to as probability of belonging to
a bad class or ’default probability’ cutoff) at which the model achieves the
lowest relative cost of misclassi ication is selected to be the cut‑off point
for classifying borrowers. In addition, to see the effect of relative costs on
threshold selection, multiple relative costs values were tested, with the re‑
sults presented in Figure 12.
In Figure 12, the summary of the threshold optimization process with
multiple cost ratios for the segments and full data is presented. The igure
shows the best performing model for the segments with a corresponding
threshold value and the relative cost of misclassi ication at different cost
ratios. The results show that the optimal threshold for the segments is dif‑
ferent at varying cost scenarios. Segment 2 has a very low relative cost
compared to other segments, and this observation can contribute to over‑
all cost reduction. In addition, the threshold value is seen to decrease with
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Figure 12: Threshold Optimization Summary

an increase in the cost for False Negatives, and segment 4 can be seen to
have a very low threshold at higher costs scenario, which suggests it con‑
stitutes high‑risk loans.
Finally, when comparing the average relative cost across the segments
at the best thresholds with the full dataset, there is an improvement in re‑
duced relative cost as presented in Table 13. The reduction in the relative
cost shows a clear improvement of risk analysis with segmented modeling
and threshold selection.

Cost Ratios

Full Data

1:1
1:2
1:3
1:6
1:8
1:10

0.256
0.406
0.491
0.587
0.617
0.639

Segment
Average
0.261
0.379
0.445
0.539
0.568
0.587

Reduction
(%)
‑1.7
6.51
9.46
8.2
7.96
8.19

Table 13: Relative cost comparison
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9.3. Analyzing P2P Lending Secondary Market to study
Investment Decisions
Paper 3: ”Analyzing Peer‑to‑Peer Lending Secondary Market: What De‑
termines the Successful Trade of a Loan Note?”
Many P2P lending platforms provide a secondary market, where investors
can resell their loan holdings. In doing so, investors can split the loan hold‑
ings into multiple smaller loan notes and can place them in the secondary
market with discounts or premiums. The main reason investors resell their
loan holdings is the problem of recovery from borrowers. This makes trad‑
ing loans in the secondary market riskier compared to the primary mar‑
ket. However, splitting loans into multiple smaller loan notes generates
abundant data to study the investors’ behavior, further providing plenty of
options for investments and making it computationally challenging to ap‑
ply machine learning. While there have been many studies performed with
primary market data from P2P lending platforms, there are very few stud‑
ies utilizing secondary market data. Therefore, with loan transactions data
from the secondary market in the P2P platform ’Bondora’, we study how to
improve the selection of borrowers and loan characteristics for investment
in the secondary market.
By performing an extensive exploratory analysis on the data, two fea‑
tures, ’Discount Rate’ (discount or premium offered in the loan note) and
’Days in Debt’ (number of days the loan has been in debt), were identi ied
to have a higher impact on a loan note being successfully traded in the sec‑
ondary market. Further exploring the impact of the two features, it is ob‑
served that when both features have a value of 0, the loan notes are likely
to be sold in almost all (97%) cases. However, the success rate is very low
when both the features are different from 0. The low success rate signi‑
ies investors’ priority on loan notes that behave as a new loan from the
primary market and a low‑risk strategy. Keeping aside all the loan notes
having both discount and debt days as 0 (as a straightforward rule can be
stated to determine their results), further modeling approaches are per‑
formed on the remaining data with machine learning.
With the available features on loan notes and extracting additional fea‑
tures about the loan notes from the primary market, machine learning mod‑
els were trained to create classi ication models to predict the success of a
loan note in the secondary market. The trained classi ication models had
a very good performance with Random Forest, showing the best perfor‑
mance as shown in Table14
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Models
LR
RF
GBM
NN

Accuracy
0.745
0.925
0.886
0.894

AUC
0.800
0.969
0.931
0.940

Logloss
0.446
0.189
0.268
0.252

F1
0.571
0.840
0.756
0.774

Table 14: Classi ication Results
The two features, discount rate and debt days, were the top two best fea‑
tures for all the trained models when observing the variable importance of
the trained models. The two features had very high importance over other
features for the best performing Random Forest model. The modeling re‑
sults matched the results from the exploratory analysis results, identifying
discount rate and debt days to be deciding factors to investment decisions
in the secondary market. This result was further illustrated with a good
performance of the classi ication models with just two of the features used
in the model.

9.4. P2P Loan Selection with Portfolio Optimization
Paper 4: ”Data‑driven optimization of peer‑to‑peer lending portfolios
based on the expected value framework.”
While selecting investments in P2P lending, lenders do not need to fully
fund a single borrower, they can partially fund a borrower. The partial
funding creates a situation where borrowers have multiple investors and
lenders having their investments spread over multiple borrowers, diver‑
sifying their portfolios. A simple strategy for lenders to create a portfolio
would be to select loans from different credit ratings following the desired
risk and return. However, the main problem remains as the amount to in‑
vest in each of the selected loans to ensure a maximum return while accept‑
ing a certain amount of risk. This problem can be addressed by traditional
approaches of portfolio optimization, which would help lenders to select
loans for creating an optimal portfolio according to their choices of risk
and return.
There is an abundance of studies on predicting default probabilities of
P2P loans that estimate the credit risk. In addition, few studies attempt to
estimate the return from the loans with pro it scoring. The downside of
these studies has been that they either isolate the risk and return in pro it
estimation or only estimate pro it in the presence of risk for a single loan at
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a time. Both approaches may not serve the requirement of lenders, where
they seek the overall return from their portfolio with a certain amount of
risk. The complete solution would be to treat loan selection as a portfo‑
lio optimization process that provides lenders with an estimation of their
overall return from investments in the presence of risk.
There is no suf icient historical data on individual borrowers to perform
portfolio optimization. Therefore, their similarities with past loans can be
used to estimate their performance. This is termed as the instance‑based
approach. Probability of default has been used as the measure for similar‑
ity in past studies. We extend this approach using an untapped method,’
Expected Value Framework’, as the measure for similarity. It considers po‑
tential losses and gains in the presence of risk, offering a broader estima‑
tion of return.
The portfolio optimization process is summarized in Figure 13. We irst
determine the risk (default probability) with a machine learning model ap‑
plying cost‑sensitive approaches. The risk is passed through the expected
value framework that gives an estimation of return considering all possible
outcomes that can take place. With the estimated return as the similarity
measure, a kernel weights approach with Euclidean distance is applied to
determine the weights to quantify the similarity of a new loan with histor‑
ical loans. The risk and return for a new loan are then estimated as the
weighted average of risk and return on similar historical loans. The return
is represented by IRR (internal rate of return).

Figure 13: Portfolio Optimization Process
The portfolio optimization is performed by minimizing the risk with a
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required return rate, and also considering the minimum amount of invest‑
ment required. The portfolio optimization results obtained with the ex‑
pected value framework for similarity measure are compared to the de‑
fault probability approach. The results obtained show improvement and
better performance. Furthermore, to verify the improvement, sensitivity
analysis is performed with varying loan amounts, required return rate, and
weight constraints. The results from the sensitivity analysis further high‑
light the higher performance of using the expected value framework over
default probability as a measure of similarity used in the instance‑based ap‑
proach for portfolio optimization. A comparison results from the sensitiv‑
ity analysis with budget size and weight constraints is presented in Figure
14. The results show consistently high performance using the ’Expected
Value Framework’ approach over the ’Default Probability’.
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Figure 14: Sensitivity Analysis Results
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10. Results and Discussion
This study has focused on credit risk evaluation in peer‑to‑peer lend‑
ing to support the lenders in their lending decisions. Credit scoring and
machine learning algorithms are applied as the primary methods to ap‑
ply predictive analytics for estimating default probabilities in P2P loans.
Machine learning algorithms have shown consistently higher performance
over traditional statistical methods, such as logistic regression for default
predictions. Besides predicting default probabilities for risk estimation, re‑
turn estimation was another main focus of the study. The return estimation
is accomplished by incorporating the risk on a loan to give a better and re‑
alistic estimation of investment return. In this section, the answers to the
research questions proposed in the study are presented.

• What is the current state‑of‑the‑art in modeling credit risk in
P2P lending?

In addressing the irst research question proposed in the study to un‑
derstand the current state‑of‑art in P2P credit risk evaluation, an extensive
literature review is performed. The summary of the related major indings
from the literature review is presented in Chapter 7. The early stages of
research studies in P2P lending have mainly focused on exploratory anal‑
ysis with few statistical methods being applied. The studies primarily ex‑
plored the behavioral patterns of borrowers and lenders in loan transac‑
tions. They relied on simple statistical methods such as linear regression
and logistic regression to determine the features that affected funding de‑
cisions on the loans. While the early studies in P2P lending did not use
predictive analytics and machine learning, they successfully presented the
presence of high credit risk in P2P lending. Furthermore, these studies pre‑
sented a good overview of features and behavior patterns that are most
likely to affect a loan funding decision and a loan failure.
The recent studies on credit risk evaluation in P2P lending focus on pre‑
dicting credit risk, which is mainly based on credit scoring and machine
learning algorithms. Multiple variants of machine learning algorithms have
been applied to boost the prediction accuracy of the credit scoring mod‑
els, which also includes ensemble modeling. With the growing popularity
of Deep Learning, there has been increasing use of Deep Learning models
for credit scoring. Similarly, different approaches to data collection and
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feature generation are applied for machine learning models. Some major
problem with credit scoring, such as imbalanced data and cost‑sensitive
issues, have also been addressed in the studies. Pro it estimation for P2P
loans have appeared in some recent studies, but the contribution is very
sparse. From the perspective of supporting lending decisions, pro it esti‑
mation is a crucial lending criterion. Thus, the lack of substantial studies
in estimating the pro it provides a signi icant opportunity for contribution
to the ield.

• How can an estimation of return be made from P2P loans to en‑
sure pro itable investments in the presence of the credit risk?

There are only a few studies that have studied pro it estimation in P2P
lending. The studies primarily use a simple regression approach for pro it
scoring, considering the Internal Rate of Return as the measure of pro it.
These approaches do not consider the associated credit risk in a loan dur‑
ing pro it estimation. Hence, this study extends the studies for pro it es‑
timation in P2P lending by incorporating the credit risk as presented in
Paper 1:”Predicting Expected Pro it in Ongoing Peer‑to‑Peer Loans with Sur‑
vival Analysis‑Based Pro it Scoring”.
A clear and signi icant difference between the promised return (inter‑
est rates) and the estimated return was observed from the study results.
The results obtained saw the estimated returns calculated integrating the
credit risk to be lower than the return proposed on the loans. The lower
estimated returns show that high interest rates promised are not always
obtained, and thus, careful consideration needs to be made in investing
in such loans. The high interest rates imposed on the high‑risk loans do
not always compensate for the risk. But when we estimate the return on
such high‑risk loans by integrating the risk, we get a more realistic estima‑
tion of the return. With the more realistic estimation of the return, lenders
now can be more con ident in loan selection. Furthermore, it can support
lenders who seek higher returns from high‑risk loans. All high‑risk loans
do not necessarily end in loss, and careful selection of such loans can result
in higher pro its.
As presented in the paper, the loan selection made based on the pro it
estimation proposed provides the highest overall return in comparison to
the credit ratings and default probability‑based selection. The credit rat‑
ings and default probability‑based selection only consider the risk, where it
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prioritizes low‑risk loans and return for low‑risk loans are low. The pro it
estimation‑based selection prioritizes both the risk and return, which al‑
lows for selecting con idently high‑risk loans that assure a higher overall
return.

• How can different risk groups in P2P lending be accommodated
in modeling credit risk for precise loan selection decisions?

With many credit applicants in P2P lending, there is a list of applicants
of diverse behavior, contributing to different risk levels. When we deploy a
single credit scoring model to estimate risk on such diversi ied risk behav‑
ior of loans, it may fail to give an accurate estimation. The threshold value
used to classify loans as ’good’ or ’bad’ may not be appropriate to classify
loans at all levels of risk. Segmentation can be applied to segment borrow‑
ers into groups that allow for clustering borrowers with similar risks. An
independent credit scoring model can be deployed for each cluster to give
classi ication decisions speci ic to the risk levels, contributing to overall
high‑performance classi ication results. In paper 2: ”Improving Credit Risk
Analysis with Cluster‑Based Modeling and Threshold Selection”, segmenta‑
tion modeling is applied with the cost‑sensitive approach for threshold se‑
lection to classify loans of different risk levels.
Applying unsupervised machine learning with the KMeans algorithm,
the borrowers were segmented into groups. The risk levels in each of the
groups were seen to be different. The threshold selection for the classi ica‑
tion was applied with a cost‑sensitive approach that minimized the relative
cost of classi ication. The segmentation modeling and the threshold selec‑
tion provided the results with different best threshold values for the seg‑
ments. The difference in the best thresholds signi ies the applicability of
segmentation modeling for better loan selection. In addition, the thresh‑
old selection from segmented modeling achieved overall improvement in
the classi ication results that reduced the misclassi ication costs.
Using the segment‑speci ic threshold for the classi ication resulted in
lower misclassi ication costs than using a single threshold for each seg‑
ment. Furthermore, it signi icantly improved the performance for some
segments that contributed to the overall performance enhancement. There‑
fore, with speci ic decision criteria for each risk group, the loan selection
becomes itting in selecting good loans. In addition, with a cost‑sensitive
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approach applied for the threshold selection, the loan selection ensures the
low risk of investment loss as it is trained to penalize misclassi ication with
higher costs.

• What strategies and modeling approaches can be applied to cre‑
ate a pro itable portfolio of P2P loans with rational allocation of
investments?

Individual loan selection criteria can guide lenders in P2P lending for
making rational investment decisions with the estimation of risk and re‑
turn. However, as lenders in P2P lending make partial funding on the loans
and invest on multiple loans, the amount to invest on a loan also becomes
equally important along with the selection of the loan. Therefore, com‑
bining both the objectives of loan selection and investment amount can
give better decision support to lenders in estimating their overall return
from their investments. This objective of creating a pro itable portfolio of
loans with rational allocation of investments is performed with the paper
4: ”Data‑driven optimization of peer‑to‑peer lending portfolios based on the
expected value framework”.
Paper 4 extends the previous studies to portfolio optimization for P2P
loans that use an ’instance‑based’ approach. The previous studies’ exten‑
sion is performed by applying the ’Expected Value Framework’ to measure
the similarities of loans with the past loan performances, where default
probability was used in the previous studies. The use of the ’Expected Value
Framework’ over the default probability for the similarity measure resulted
in better portfolio optimization performance. For similar requirements of
risk and return, the results with the Expected Value Framework were bet‑
ter than the default probability approach. The improvement in the results
was further tested and con irmed with extensive sensitivity analyses.
The portfolio selection of the loans provides the lenders in P2P lend‑
ing a better selection strategy compared to the individual loan selection. It
reduces the burden on the lenders in putting extra effort into analyzing a
large number of loans individually for investments. The less effort in risk
analysis can be more effective and convenient to lenders who are primarily
non‑professionals. The portfolio selection also considers the lenders’ risk
and return requirements that allow for lexibility in making investment de‑
cisions. Furthermore, the portfolio selection most importantly guides the
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lenders to make rational decisions on spreading their investments. It al‑
lows the lenders to rationally divide their investment on multiple borrow‑
ers to provide back the desired return of their choice.
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11. Conclusion
Credit risk has been an imperative part of the inancial industry that sig‑
ni icantly affects inancial success. Credit risk implies the probability of a
inancial loss as a result of failure to recover the debts. The inancial loss
can be signi icant resulting from failed debts, and therefore, credit risk re‑
ceives very high importance in the decision making process. Besides being
highly important, it is also a risk type that is dif icult to manage. The growth
in the credit applicants also increases the number of credit defaults, result‑
ing in high amounts of losses. Hence, to prevent the loss, it requires careful
selection of the loan applicants through the credit risk evaluation process.
Credit risk management is applied by inancial organizations to tackle the
problem of credit risk that identi ies the risk and the necessary treatments
to eliminate the loss from the risk. Credit risk management provides deci‑
sion support to making quick and accurate credit decisions with the help
of ef icient tools and techniques for risk measurement.
Alternative markets have been established as a good source of credits to
small borrowers with Peer‑to‑Peer lending being one of the popular alter‑
native markets. P2P lending creates an online market that connects bor‑
rowers and lenders directly through an online platform. The signi icant
differences between P2P lending and traditional inancial services are the
absence of collateral and costly inancial intermediaries. Following online
and automated processes, P2P lending enables small borrowers to access
credits at less time and low cost. P2P lending favours small borrowers that
are placed at the lower end of the credits. Lenders are attracted to P2P
lending due to the high return advertised compared to similar investments.
Lenders can partially fund a borrower that allows them to spread their in‑
vestments and diversify their portfolio. In recent time, P2P lending has
been growing rapidly and gaining popularity among small borrowers and
investors.
P2P lending also experiences high credit risk, which is primarily due
to the lack of collateral. P2P lending platform acts as a simple intermedi‑
ary for loan transactions, and as such, the credit risk is mainly imposed on
the lenders. Information asymmetry and lack of analytical skills of lenders
are also the main reasons for credit risk in P2P lending. P2P lenders, who
are primarily non‑professional individuals, face dif iculties in loan selec‑
tion due to low skills in risk evaluation. The high credit risk in P2P lending
creates the necessity to perform robust credit risk evaluation for loan se‑
lection. With the objective of studying credit risk evaluation in P2P lending,
this study focused on implementing multiple approaches to risk identi ica‑
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tion and loan selection for pro itable investments in P2P lending.
Credit scoring has been established as a prominent tool for credit risk
evaluation in the inancial industry. The primary use of credit scoring is
to differentiate between the risky and non‑risky loan applicants to help in
loan granting decisions. While statistical methods are commonly used for
creating credit scoring models, machine learning algorithms are being pre‑
ferred over the traditional statistical methods due to the high performance
of machine learning algorithms. Multiple studies show the successful appli‑
cation of credit risk evaluation in P2P lending with machine learning and
credit scoring. The studies have primarily focused on the default predic‑
tions of the loan applicants in P2P lending. Multiple machine learning mod‑
eling and data preparation approaches have been applied to create a credit
scoring model for predicting the default probability.
Besides the credit risk, lenders in P2P lending are concerned about prof‑
its as high return is one of the major factors that attract the lenders. There
have been very few contributions to pro it scoring or pro it estimation in
P2P lending. Therefore, this study extends the studies in pro it estima‑
tion for P2P loans for better loan selection decisions. By incorporating the
credit risk for estimating the pro it, a more informative estimation of pro it
is achieved for P2P loans, highlighting the difference between promised
and the estimated return. The pro it estimation in the presence of the credit
risk was successful in making loan selections for higher portfolio return.
The study also addressed the diverse behavior of P2P lending borrow‑
ers and divergent credit risk levels with segmentation modeling for bet‑
ter loan selection decisions. The segmentation modeling helped select the
risk‑level speci ic decision boundary in the form of thresholds for credit
scoring models. With risk‑level thresholds for loan selections, improved
overall performance was obtained as reduced cost of misclassi ication. In
addition to the primary market of P2P lending, this study evaluated the sec‑
ondary market in P2P lending. The secondary market in P2P lending pro‑
vides a vast amount of data for multiple analysis purpose. In this study,
with the data from the secondary market, the in luencing features for the
loan transactions are analyzed.
Finally, for a concrete risk and return evaluation of P2P loans, the study
proposed a portfolio optimization approach that ful ils the need of lenders
to make rational loan selection and investments. The portfolio selection
with the portfolio optimization provides better decision support for lenders,
where the lenders can make their investments according to their desired
risk and return. The proposed portfolio optimization approach in the study
provides better performance results compared to the existing approaches
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for P2P lending.
The results obtained through the experimental researches are seen to
be effective in supporting lending decisions in P2P lending. However, one
of the limitation of the research is the problem of generalization of the re‑
search results. As P2P lending platform operating in a region can have dif‑
ferent cultural environment, inancial systems and business model from
others, it can affect outcomes of the research results. Behavior pattern
of borrowers can differ signi icantly from one P2P lending platform to an‑
other that can have big change in data distribution, effecting in the mod‑
eling process. Therefore, future research may be performed in comparing
the modeling results with respect to different P2P lending data samples.
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Example‑dependent cost‑sensitive logistic regression for credit
scoring. In 2014 13th International conference on machine learning
and applications, pages 263–269. IEEE, 2014.
[9] Arash Bahrammirzaee. A comparative survey of arti icial intelli‑
gence applications in inance: arti icial neural networks, expert sys‑
tem and hybrid intelligent systems. Neural Computing and Applica‑
tions, 19(8):1165–1195, 2010.
[10] Kaveh Bastani, Elham Asgari, and Hamed Namavari. Wide and deep
learning for peer‑to‑peer lending. Expert Systems with Applications,
134:209–224, 2019.
79

[11] Gustavo EAPA Batista, Ronaldo C Prati, and Maria Carolina Monard.
A study of the behavior of several methods for balancing ma‑
chine learning training data. ACM SIGKDD explorations newsletter,
6(1):20–29, 2004.
[12] Hussain Ali Bekhet and Shorouq Fathi Kamel Eletter. Credit risk as‑
sessment model for jordanian commercial banks: Neural scoring ap‑
proach. Review of Development Finance, 4(1):20–28, 2014.
[13] Tony Bellotti and Jonathan Crook. Credit scoring with macroeco‑
nomic variables using survival analysis. Journal of the Operational
Research Society, 60(12):1699–1707, 2009.
[14] Indranil Bose and Radha K Mahapatra. Business data mining—a ma‑
chine learning perspective. Information & management, 39(3):211–
225, 2001.
[15] Kendrick Boyd, Kevin H Eng, and C David Page. Area under the
precision‑recall curve: point estimates and con idence intervals. In
Joint European conference on machine learning and knowledge dis‑
covery in databases, pages 451–466. Springer, 2013.
[16] Leo Breiman. Random forests. Machine learning, 45(1):5–32, 2001.
[17] Michael Buckland and Fredric Gey. The relationship between recall
and precision. Journal of the American society for information science,
45(1):12–19, 1994.
[18] Zeynel Cebeci and Figen Yildiz. Comparison of k‑means and fuzzy
c‑means algorithms on different cluster structures. Agrárinfor‑
matika/journal of agricultural informatics, 6(3):13–23, 2015.
[19] Shunpo Chang, Simon Dae‑oong Kim, and Genki Kondo. Predict‑
ing default risk of lending club loans. Machine Learning, pages 1–5,
2016.
[20] Nitesh V Chawla, Kevin W Bowyer, Lawrence O Hall, and W Philip
Kegelmeyer. Smote: synthetic minority over‑sampling technique.
Journal of arti icial intelligence research, 16:321–357, 2002.
[21] Nitesh V Chawla, Nathalie Japkowicz, and Aleksander Kotcz. Special
issue on learning from imbalanced data sets. ACM SIGKDD explo‑
rations newsletter, 6(1):1–6, 2004.
80

[22] Dongyu Chen, Fujun Lai, and Zhangxi Lin. A trust model for online
peer‑to‑peer lending: a lender’s perspective. Information Technol‑
ogy and Management, 15(4):239–254, 2014.
[23] Davide Chicco and Giuseppe Jurman.
The advantages of the
matthews correlation coef icient (mcc) over f1 score and accuracy
in binary classi ication evaluation. BMC genomics, 21(1):6, 2020.
[24] Koh Hian Chye, Tan Wei Chin, and Goh Chwee Peng. Credit scor‑
ing using data mining techniques. Singapore Management Review,
26(2):25–48, 2004.
[25] Taane G Clark, Michael J Bradburn, Sharon B Love, and Douglas G
Altman. Survival analysis part i: basic concepts and irst analyses.
British journal of cancer, 89(2):232–238, 2003.
[26] Alejandro Correa, Andres Gonzalez, Catherine Nieto, and Darwin
Amezquita. Constructing a credit risk scorecard using predictive
clusters. In SAS Global Forum, volume 128, 2012.
[27] JN Crook. Credit scoring: An overview (working paper series no.
96/13). British Association, Festival of Science, University of Birm‑
ingham and the University of Edinburgh, 1996.
[28] Jonathan N Crook, David B Edelman, and Lyn C Thomas. Recent de‑
velopments in consumer credit risk assessment. European Journal
of Operational Research, 183(3):1447–1465, 2007.
[29] Yuliya Demyanyk and Daniel Kolliner. Peer‑to‑peer lending is poised
to grow. Economic Trends, 2014.
[30] R Dubin. Building theory, 1969.
[31] Yosi L Eddy and Engku Muhammad Nazri Engku Abu Bakar. Credit
scoring models: Techniques and issues. Journal of Advanced Re‑
search in Business and Management Studies, 7(2):29–41, 2017.
[32] Riza Emekter, Yanbin Tu, Benjamas Jirasakuldech, and Min Lu. Eval‑
uating credit risk and loan performance in online peer‑to‑peer (p2p)
lending. Applied Economics, 47(1):54–70, 2015.
[33] Andrew Estabrooks, Taeho Jo, and Nathalie Japkowicz. A multiple
resampling method for learning from imbalanced data sets. Compu‑
tational intelligence, 20(1):18–36, 2004.
81

[34] Tom Fawcett. An introduction to roc analysis. Pattern recognition
letters, 27(8):861–874, 2006.
[35] Jerome H Friedman. Stochastic gradient boosting. Computational
statistics & data analysis, 38(4):367–378, 2002.
[36] Mikel Galar, Alberto Fernandez, Edurne Barrenechea, Humberto
Bustince, and Francisco Herrera. A review on ensembles for the class
imbalance problem: bagging‑, boosting‑, and hybrid‑based appro‑
aches. IEEE Transactions on Systems, Man, and Cybernetics, Part C
(Applications and Reviews), 42(4):463–484, 2011.
[37] Cynthia A Glassman and Howard M Wilkins. Credit scoring: prob‑
abilities and pitfalls. Journal of Retail Banking Services, 19:53–56,
1997.
[38] Mark Goadrich, Louis Oliphant, and Jude Shavlik. Gleaner: Creating
ensembles of irst‑order clauses to improve recall‑precision curves.
Machine Learning, 64(1‑3):231–261, 2006.
[39] Laura Gonzalez and Yuliya Komarova Loureiro. When can a photo in‑
crease credit? the impact of lender and borrower pro iles on online
peer‑to‑peer loans. Journal of Behavioral and Experimental Finance,
2:44–58, 2014.
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Younghusband, and Roger Green. Towards automatic risk analy‑
sis for hereditary non‑polyposis colorectal cancer based on pedi‑
gree data. In Outcome Prediction in Cancer, pages 319–337. Elsevier,
2007.
[59] TS Kuhn. The structure of scienti ic revolutions, 1996.
[60] Ashish Kumar, Roheet Bhatnagar, and Sumit Srivastava. Analysis
of credit risk prediction using arsknn. In International Conference
on Advanced Machine Learning Technologies and Applications, pages
644–652. Springer, 2018.
[61] Ranjit Kumar. Research methodology: A step‑by‑step guide for begin‑
ners. Sage, 2018.
[62] Vinod Kumar, S Natarajan, S Keerthana, KM Chinmayi, and N Lak‑
shmi. Credit risk analysis in peer‑to‑peer lending system. In 2016
IEEE International Conference on Knowledge Engineering and Appli‑
cations (ICKEA), pages 193–196. IEEE, 2016.
[63] Adel Lahsasna, Raja Noor Ainon, and Ying Wah Teh. Credit scor‑
ing models using soft computing methods: A survey. Int. Arab J. Inf.
Technol., 7(2):115–123, 2010.
84

[64] Pat Langley and Herbert A Simon. Applications of machine learn‑
ing and rule induction. Communications of the ACM, 38(11):54–64,
1995.
[65] Laura Larrimore, Li Jiang, Jeff Larrimore, David Markowitz, and Scott
Gorski. Peer to peer lending: The relationship between language fea‑
tures, trustworthiness, and persuasion success. Journal of Applied
Communication Research, 39(1):19–37, 2011.
[66] Rick Lawrence, Andrew Bunn, Scott Powell, and Michael Zambon.
Classi ication of remotely sensed imagery using stochastic gradient
boosting as a re inement of classi ication tree analysis. Remote sens‑
ing of environment, 90(3):331–336, 2004.
[67] Eunkyoung Lee and Byungtae Lee. Herding behavior in online p2p
lending: An empirical investigation. Electronic Commerce Research
and Applications, 11(5):495–503, 2012.
[68] In Lee and Yong Jae Shin. Machine learning for enterprises: Ap‑
plications, algorithm selection, and challenges. Business Horizons,
63(2):157–170, 2020.
[69] Tian‑Shyug Lee and I‑Fei Chen. A two‑stage hybrid credit scoring
model using arti icial neural networks and multivariate adaptive re‑
gression splines. Expert Systems with Applications, 28(4):743–752,
2005.
[70] Tian‑Shyug Lee, Chih‑Chou Chiu, Chi‑Jie Lu, and I‑Fei Chen. Credit
scoring using the hybrid neural discriminant technique. Expert Sys‑
tems with applications, 23(3):245–254, 2002.
[71] Martin Leo, Suneel Sharma, and Koilakuntla Maddulety. Machine
learning in banking risk management: A literature review. Risks,
7(1):29, 2019.
[72] Jianjun Li, Sara Hsu, Zhang Chen, and Yang Chen. Risks of p2p lend‑
ing platforms in china: Modeling failure using a cox hazard model.
The Chinese Economy, 49(3):161–172, 2016.
[73] Wei Li, Shuai Ding, Yi Chen, and Shanlin Yang. Heterogeneous en‑
semble for default prediction of peer‑to‑peer lending in china. IEEE
Access, 6:54396–54406, 2018.
85

[74] Andy Liaw, Matthew Wiener, et al. Classi ication and regression by
randomforest. R news, 2(3):18–22, 2002.
[75] Michael K Lim and So Young Sohn. Cluster‑based dynamic scoring
model. Expert Systems with Applications, 32(2):427–431, 2007.
[76] Mingfeng Lin, Nagpurnanand R Prabhala, and Siva Viswanathan.
Judging borrowers by the company they keep: Friendship networks
and information asymmetry in online peer‑to‑peer lending. Man‑
agement Science, 59(1):17–35, 2013.
[77] Xuchen Lin, Xiaolong Li, and Zhong Zheng. Evaluating borrower’s
default risk in peer‑to‑peer lending: evidence from a lending plat‑
form in china. Applied Economics, 49(35):3538–3545, 2017.
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This dissertation performs the study of credit risk evaluation in Peer-to-Peer Lending. The
dissertation attempts to evaluate the risk and estimate the risk and return of loans in peer-topeer lending that supports the lending decisions.
The evaluation of the credit risk is performed with credit scoring Predictive analytics is
applied with machine learning algorithms to create more accurate credit scoring models
with higher predictive performance.

ISBN 978‑952‑12‑4129‑

