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Summary

In this thesis, we provide a method for lenders to reduce defaults on consumer loans in the
Norwegian market. Using a dataset of 10 836 loans provided by a Norwegian consumer bank,
we compare the characteristics of the loan takers and the loans and build two models for

predicting probability of default.

By studying the characteristics of the loan takers and the loans, we want to see if appropriate
to use for predicting defaults. We do this by comparing the defaulting loans with the non-
defaulting, to see if any differences exist. Looking at both demographic and financial
characteristics, we also find that certain groups of the population are more likely to default.
Evidence suggest that this is particularly true for people under the age of 40 and people with
an annual income less than 450 000 NOK. In contrast, our analysis shows that being married,
having a master’s degree or being a private owner reduce the risk of default. We also see that
a higher interest rate or more principal free months increase the risk of the loan. We conclude

that the characteristics can be used for predictive purposes.

The purpose of the predictive models is to assist lenders in reducing defaults on future
consumer loans. Based on stepwise backward selection, Mallow’s Cp and machine learning
with Monte Carlo cross-validation, two logistic regression models are constructed. These
models return predicted probability of default for a loan, using characteristics of the loan taker
and the loan. The lender can utilize the models to ensure that no approved loans exceed the
lender’s risk preference, by adjusting the attributes of the loan according to a desired threshold
for probability of default. For instance, a probability threshold of 15 percent correctly
predicted more than half of the defaulted loans.

In order to understand why the lender should try to reduce defaults, we also investigate why
defaults occur in the market and what the financial consequences are. We conclude that lenders
should reduce defaults to reduce costs, and that this can be done by adjusting the loans more
properly to the loan takers. A general description of the market for consumer loans in Norway
is also presented in order to give the reader a better understanding of the subject.
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1. Introduction

When a lender provides a loan to a borrower, the profitability of the lender is dependent on
the borrower’s ability to repay the loan and avoid default. If large amounts of the loans default,
the lender will likely go bankrupt and the economy suffer. This is partly what caused the
financial crisis of 2007-08, where trillions of dollars were lost as high-risk borrowers defaulted
on their mortgages when the housing prices plummeted (Goodhart, 2008, p.337-338). It is

therefore crucial for lenders to identify risky borrowers and keep defaults at a sustainable level.

In Norway, the default rate on consumer loans® has almost doubled over the last four years;
from to 4.1 percent in 2014 to 7.3 percent in the third quarter of 2018 (Finanstilsynet, 2014 &
2018a). In their semi-annual report in June 2018, Finanstilsynet stated that defaults on
consumer loans can lead to large expenses for the consumers, and reduce the profitability and
reputation of the banks (Finanstilsynet, 2018b, p.4). It is important for the Norwegian lenders
to better assess risk of default, and stop the growing default rate. Asymmetric information
between the borrower and the lender complicates this, as the borrower knows more about the
probability of repayment than the lender, and several screening devices is needed for the lender

to assess the risk of loans (Stiglitz and Weiss, 1981).

In this thesis, we propose one such screening device for estimating the probability of default
on consumer loans. Focusing on the Norwegian market, we compare the characteristics of the
defaulting loans with the non-defaulting loans to see if sufficiently significant to be used for
predictive purposes. The data is provided by a Norwegian consumer bank that wish to be
anonymous?, and includes characteristics of both the borrowers and the loans. We then move
on to construct two models for predicting probability of default for consumer loans, one with
and one without inputs from the lender. A lender can use any of these models to estimate the
risk of the loan. A probability threshold can then be implemented to decide which loans should

be approved and not, in order to reject loans too risky for the lender.

L A definition of consumer loan, in addition to other useful definitions for this thesis, is presened in Appendix A

2 The bank that provided the dataset will simply be referred to as «the bank» in the remainder of the thesis.



1.1 The purpose of the thesis

The thesis tries is to answer the following question:

1. How can lenders reduce default on consumer loans in Norway?

We hope that lenders will use this thesis to reduce the number of default on consumer loans
in Norway. We think that the default rates on consumer loans in Norway are too high, and that

the lenders have a responsibility to reject or adjust more loan applications.

1.2 Motivation

The background for this thesis started with a curiosity to learn more about the market for
consumer loans in Norway, and why it has changed so quickly. Ten years ago, neither of us
had heard of consumer loans. Now, it is difficult to last 24 hours without being exposed to an

advertisement, or reading about it in the news.

While many of our colleagues and friends swear that consumer loans only serves the lenders,
we recognise that it provides value to consumers that lack collateral and can afford the
increased costs later on. However, we find the rising default rates worrisome. As we explain
in the thesis, defaults incurs costs on both the borrower, the lender, and potentially the society,
and should be minimised at all times. We wanted to present a method specifically to be used

for lenders of consumer loans in Norway, as we did not find this anywhere else.

We presume that all of the lenders are already using similar models, however there is always
something new that can be added to either the method or the way of thinking. This thesis was
motivated by a hope of adding value to new or existing models on consumer loans, and help

reduce the default rates on consumer loans in Norway.

1.3 Reliability

We consider the primary data collected from the bank to be very reliable, as the observations
represent actual consumer loans approved by the bank. We were able to decide on both the
time horizon and the variables of the dataset, and after thorough cleaning of the data as
discussed in Chapter 4, only the observations that were complete and considered representative

of the general population were used.
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SIFO is an institute for consumer research overseen by Oslomet, a Norwegian state university.
Seeing that SIFO conducts research solely on consumer-related topics, and has been doing so
since 1970 with funding provided by the Norwegian government, we consider their expertise

and surveys to be reliable.

Statistisk Sentralbyra (SSB) is subordinate of the Norwegian Ministry of Finance and acts as
the Norwegian office for official government statistics. It is structured to be politically
independent and unbiased, with a purpose of publishing Norwegian statistics on a regular basis

available for everyone. We consider SSB’s data to be very reliable.

The data used to analyse the market for consumer loans is collected and reported by
Finanstilsynet, an independent government branch with mandate to supervise financial
institutions in Norway. Since Finanstilsynet is subject to Norwegian Law and follow strict

guidelines, we consider the data to be highly reliable.

To complement the analysis based on data from Finanstilsynet, additional data is collected
from Norges Bank. Norges Bank is a separate legal entity owned by the state, responsible for
managing monetary policy and ensuring financial stability. We consider this data to be reliable

for the same reasons as stated in the paragraph above.

1.4 Structure

Chapter one introduces the thesis and how the paper is organized.

Chapter two presents a general overview of the Norwegian market for consumer loans.
Chapter three analyses reasons for defaults and its effect on lenders and borrowers.
Chapter four describes and evaluates the dataset received from the bank.

Chapter five studies the characteristics of the borrowers and the loans in the dataset, by

comparing defaulted loans with non-defaulted loans.

Chapter six builds and presents two predictive models for probability of default on consumer

loans.

Chapter seven concludes the thesis and discusses further research.
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2. The Norwegian market for consumer loans

Total household debt in Norwegian is roughly 3 300 billion NOK (Christensen, 2018).
Approximately three percent of this is composed of consumer loans (Finanstilsynet, 2018e,
p.37). While the share is low, Finanstilsynet have expressed their concerns for the recent
increased growth in this market. (Finanstilsynet, 2017a) As of now, the growth poses little
threat to the overall financial stability in Norway, however it can lead an increasing number
of households being vulnerable to default and economic distress. (Hagen, Turtveit, Vatne,
2017) This chapter gives an overview of the lenders and borrowers in the market and presents

possible reasons for growth.

2.1 Definition of consumer loan

Consumer loan is an unsecured loan provided by either a bank or financial institution. It is
different from a traditional mortgage, meaning that the lender does not require any collateral
for the debt issued (DnB, 2018). Therefore, the interest rates on consumer loans are usually

much higher than a secured loan. redit cards are also considered a consumer loan.

2.2 Lenders

2.2.1 Market shares

Through an extensive study, Finanstilsynet has been monitoring a selection of lenders
providing consumer loans in Norway. Each year they release several reports updating their
study of this market. Since these reports present the most accurate information available, the
following analysis of the market is based mostly on these reports. Currently, the selection is
composed of 30 financial institutions that offer consumer credit. Below is a list of 28° lenders,

provided by senior advisor Jo Singstad at Finanstilsynet.

3 The list was received 02.11.2018 and reflects the report released by Finanstilsynet in June 2018.(Finanstilsynet, 2018b
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Avida Finans Eika Kredittbank Instabank Santander Consumer Bank
Bank Norwegian Eksress bank Komplett Bank Shanken

BB Bank Enter Card Monobank SEB Kort

Danske Bank Eurocard MyBank Sparebank 1 Kredittkort
Diners Club Norge Folkefinans Nordea Bank Sparebanken Vest

DNB Gjensidige Bank Nordea Finans Norge Svea Finans

Easybank Ikano Bank Resurs Bank Ya Bank

Table 2.2.1: Providers of consumer loans in Norway. (Source: Singstad, personal
communication, 02 November 2018)

Even though all lenders in this selection offer consumer loans, only some have consumer loans
as their main area of business. For some of the other lenders, including the three largest banks
in Norway*, consumer loans make up only a small fraction of the assets. The leading providers
of consumer loans are Bank Norwegian AS, Santander Consumer Bank, yA Bank and
Komplett Bank (Hagen et al., 2017). Below is an overview of their respective market shares

in 2016 estimated in a report published by Norges Bank.

20 20

16 1 16

12 | 1 12
8 r 18
4 | . — 4
0 H

Bank Santander yA Bank Komplett
Norwegian  Consumer Bank Bank

Figure 2.2.1: Market share of consumer banks (Source: Hagen et al., 2017)

2.2.2 Historical growth

The market for consumer loans have experienced an extraordinary growth. A report from
Finanstilsynet has estimated the current total loan amount to 111 billion NOK, compared to
44.5 billion in 2009 (Finanstilsynet, 2010 & Finanstilsynet, 2018a). This corresponds to an

4 According to Finans Norge, based on gross lending: DnB, Nordea Bank and Danske Bank (Finans Norge, 2017)
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annual average growth rate of 8.1 percent. In contrast, the growth of overall household debt
was flat throughout the same period, with an annual average growth rate of six percent. The

difference is illustrated in Figure 2.2.2.

20% 4
16%
12%

8%

4%

»

2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017

0%

= Growth consumer loans = Growth household debt

Figure 2.2.2: Growth rate consumer loans vs household debt (Source: Finanstilsynet,
2018c)

2.2.3 Reasons for growth

Supplying consumer loans has turned out to be a highly profitable business in Norway. Below
is a visualisation of the historical development of return on average assets (ROAA)®,

differentiated by banks focusing on consumer loans and all banks on aggregate.

8% 4

6%

4%

2%

e

»

2008 2009 2010 2011 2012 2013 2014 2015 2016 2017

0%

e ROAA Consumer Loan Banks = ROAA All Banks

5 ROAA is a common indicator to measure performance in the financial industry. It is derived by dividing net income by
average of total assets. (Investopedia, 2018)
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Figure 2.2.3: ROAA of banks focusing on consumer loans vs all banks (Source:
Finanstilsynet, 2008-2018)

Figure 2.2.3 shows that banks focusing on consumer loans have achieved an average ROAA
of approximately 6.3 percent. In comparison, the ROAA of all banks combined averaged to
one percent for the same period. These differences illustrate how profitable this industry has
been over the last years.

To explain the high profits of the banks focusing on consumer loans, the two largest profit-

drivers are examined; interest rates and financing costs.

In order to compensate for the increased risk associated with unsecured debt, the interest rates
of consumer loans are much higher than secured loans. Figure 2.2.4 shows that the historical
net interest rate® for banks specialising on consumer loans has been steadily high the last nine

years.
14% ,

12%

8%

6%

4%

2%

0%

v

2008 2009 2010 2011 2012 2013 2014 2015 2016 2017

= Net Interest Rate % of Total Assets ====Net Interest Rate % of Total Assets All Banks

Figure 2.2.4: Net interest rate of total assets

Low costs of financing enable the banks focusing on consumer loans to have higher interest
margins than other banks (Hagen et al., 2017). In most cases, the outstanding loans are fully
financed by deposits from individuals, and no additional debt is needed. For example, Bank

6 Net interest rate is the difference between interest earned on lending activities and interest paid on deposits and other interest-
bearing liabilities.
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Norwegian AS had 33.6 billion NOK in deposits from customers in 2017, while outstanding
loans to clients amounted to 32.4 billion NOK (Bank Norwegian, 2017). By offering slightly
higher deposit rates than the other banks, the banks focusing on consumer loans are an
attractive alternative for depositors. Consequently, the financing costs are higher, but it enables
the banks to attract enough depositors to avoid more expensive debt. Figure 2.2.6 shows a

comparison of historical deposit rates in Norway.

4% 5

3%

2%

1%

0% >
01.12.13 01.06.14 01.12.14 01.06.15 01.12.15 01.06.16 01.12.16 01.06.17 01.12.17
== Deposit rate consumer loan banks == Deposit rate all banks

Figure 2.2.6: Deposit rates 2013-2017

Even though the consumer loans are risky, the deposits are risk-free for the savers because of
the Norwegian Banks’ Guarantee Fund arrangement. All banks headquartered in Norway are
required to be members’ (Finansforetaksloven, 2015, §19-1 — 819-4), and the fund guarantees
a deposit of up to two million NOK for private savers in all its member banks (Bankenes
Sikringsfond, 2018). This means that a person can have accounts in several banks, all
guaranteed by the same fund. Banks pay a yearly fee of 0.01 percent of average guaranteed
deposits and 0.005 percent of average risk-weighted assets® in their portfolio. As a result,
banks with a large amount of unsecured debt pay a higher fee because of the increased fee

from the risk-weighted assets.

7 Foreign financial institutions that are members of the EEA and accepting deposits from Norwegian residents have a right to
become a member.

8 Risk-weighted assets is a measurement of the total exposure a bank faces in terms of credit risk, market risk and operational
risk (Finanstilsynet, 2017c).
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2.3 Borrowers

Lenders offering consumer loans are highly dependent on someone willing to buy their
products, otherwise the market would not exist. Therefore, when explaining reasons for

growth, it is also necessary to look at the demand side of the market; the borrowers.

2.3.1 Decision to borrow

Elements from theories of consumer choice can be used to understand the decision to apply
for a consumer loan. A thorough analysis of this theory and how it relates to borrowing can be
read in a study by Lillebg and Hansen from 2016 (Hansen & Lillebg, 2016, p.14-18). The main
point is that if a consumer’s income does not cover their preferred consumption levels, they
will need additional credit to fulfil their consumption needs. However, this will be at the
expense of future consumption, and the utility the borrower gets from receiving the loan today
must be higher than the losses incurred later. Concerning consumer loans, this means that if

the necessity for a loan is large enough, the borrower will accept higher costs in the future.

Borrowing to finance consumption can also be related to what behavioural economists call the
“present bias”. People with a strong present bias have tendencies to place a higher emphasis
on immediate payoff rather than later in time, even if the total value is lower (Bachmann, De
Giorgi and Hens, 2018, p. 21). People with a strong present bias have a greater need of getting
rewarded today, which can lead to economically irrational decisions. The study ‘“Present-
Biased Preferences and Credit Card Borrowing” from the American Economic Journal suggest
that people with stronger present biases are more likely to borrow through credit cards (Meier
& Sprenger, 2010, p.208).

2.3.2 Applications of consumer loans

OsloMet conducted a survey of loan takers, asking how they spent their consumer loans (SIFO,

2017, p.26). A complete overview of the results is presented in Figure 2.3.1.
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60%
50%
40%
30%
20%
- “ “ . ' I
0% C
Purchase of Refinancing Purchase of Renovating over . Consumer
Other - 2 unexpected Travelling
house/cabin debt car house/cabin costs goods
= 2014 11% 10% 20% 10% 10% 22% 19% 51%
m 2015 13% 14% 30% 8% 14% 20% 17% 33%
2017 9% 6% 19% 12% 9% 29% 17% 41%

Figure 2.3.1: Survey of reasons for consumer loans (Source: SIFO, 2017, p.26)

The most common applications of the loans in 2017 were Consumer goods (41 percent), Cover
unexpected costs (29 percent), Refinancing debt (19 percent) and Travelling (17 percent)®.
Comparing the results across the three years, only small differences can be found. The only

significant change was Refinancing debt, which varies from 19 to 30 percent.

2.3.3 Drivers for growth in borrowing

Hansen and Lillebg present an extensive empirical study of growth factors in the Norwegian
consumer loan market in the period 2002-2016 (Hansen & Lillebg, 2016, p.74-98). According
to their analysis, the key drivers for growth have been effective marketing strategies, increased
availability and the Norwegian Banks’ Guarantee Fund arrangement. Additionally, growth in
GDP and unemployment correlates with growth in consumer loans based on their model. Two
of the marketing strategies highlighted as possible drivers (Hansen & Lillebg, 2016, p. 93)

will be presented in the next paragraphs.

9 Respondents could give more than one answer, meaning that some respondents may have used their loan on several of the
alternatives in the survey.
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The first marketing strategy involves loyalty programs through a bank’s credit card products.
By offering bonuses for each payment made with the credit card, banks encourage consumers
to a continuous use of credit cards instead of traditional debit cards. An article in Bergens
Tidende from 2016 suggests that this strategy has been successful, claiming that Norwegians
have become more inclined to finance daily consumption with credit (Mikalsen, 2016). A
report published by Norges Bank’s in 2017 also provides evidence of this, showing a
quadrupling in the transaction volume with credit cards from 2005 to 2015 (Hagen et al.,
2017). The total growth in consumer loans could be a result of the more favourable view on

credit in Norway.

Promotions of rapid turnaround on loan applications is the second marketing strategy that may
have led to an increased growth (Hansen & Lillebg, 2016, p. 93). Feeding on the present bias
presented earlier, a rapid turnaround may tempt additional consumers to apply for consumer

loans and increase growth?®,

2.4 Reactions from the government

2.4.1 Guidelines

In June 2017, Finanstilsynet issued a press release expressing concerns regarding the high
growth of unsecured debt in Norwegian households. (Finanstilsynet, 2017a). In order to
protect borrowers and make the banks more sustainable, specific guidelines for the consumer
loan practices in Norway were introduced. The next paragraphs will give a short overview of

the guidelines.!

Before granting a loan, the lender must be able to document that a credit assessment of the
borrower has been conducted. The assessment should include the borrower’s gross income,
other debt obligations and relevant expenses that can affect the credit worthiness of the
borrower. In addition to this, borrowers should be able to withstand a five percent increase in
total interest costs. If a potential borrower has a total debt that is five times larger than their
gross income, a loan should not be granted. Durability of consumer loans should not exceed

10 This effect might disappear in the future, as the second marketing strategy became illegal in April 2017 through an updated
regulation on marketing of credit (Regjeringen, 2017)

1 The guidelines apply to both domestic and foreign financial institutions operating in Norway.
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five years and ought to have a requirement of periodic installment payments (Finanstilsynet,
2017b).

These guidelines were effective from the fourth quarter of 2017. After a follow-up through
questionnaires and inspections of the financial institutions, Finanstilsynet found that the
implementation of the guidelines was, in many cases, not satisfactory (Finanstilsynet, 2018d).
Based on the questionnaires, Finanstilsynet estimated that 35.9 percent of the granted loan
applications did not meet the requirements set forth by the guidelines. In particular, they found
many deviations from the requirements regarding durability and periodic installments. As a
response to this, Finanstilsynet proposed in august 2018 that the guidelines should be made
into official regulations under Norwegian law. The main argument for this change was to
ensure that Finanstilsynet could better enforce the regulations and impose sanctions on those

who fail to comply. An official decision on these regulations is expected to be made in 2019.
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3. Aspects of default

This chapter will look at various aspects of default. The beginning of the chapter will present
a formal definition of default, before moving on to possible reasons for why a person would
default on a consumer loan and the effects of default. The goal of this chapter is to provide a
basis for why defaults happen, and further explain why it is important for lenders to estimate
probability of defaults.

3.1 Definition of default in IFRS 9

According to IFRS 92, a bank must consider a loan to be defaulted when a loan payment is
90 days past due (IASB, 2014, p 416). Since this standard became effective by law in Norway
in 2014 (Kapitalforskriften, 2014, 85-11), all of the banks in Norway has adopted this practice
when dealing with consumer loans. The remainder of the thesis will therefore adhere to the

90-days definition of default.

3.2 Possible reasons for default

In September 2015, SIFO performed a study where they asked people about reasons for why

they were late on their loan payments. Figure 3.2.1 displays the result from this study®®.

121FRS 9 is the standard in the IFRS that addresses the accounting practice for financial instruments, such as consumer loans.

13 The people in the study were asked to name the main reasons for delinquency on any loans, not just consumer loans. It is
also important to note that delinquency is not the same as default.
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Accident/natural disaster
Relationship breakup
Became retiree
Relocation

Sickness in the family
Size of the loan
Unemployment

Oversight/forgetfulness 66%

Figure 3.2.1: Reasons for delinquency on loans. (Source: Lavik & Borgeraas, 2015)

3.2.1 Oversight

The most reported reason for delinquency on loans was oversight or forgetfulness. This is
something the contact at the bank confirmed, as they partly suspect many of their customers
check their mailbox irregularly or forget to report change of address!4. Although oversight is
a reportedly common cause for loan delinquency, it is a less probable reason for default. The

following two reasons explains why.

Oversight is likely a less dominant reason for default on consumer loans than on other loans,
as many borrowers use a consumer loan to refinance their other loans (SIFO, 2017, p.26).
Through refinancing, the borrower compiles several loans into one larger loan, making it easier
to keep track of the debt. Furthermore, people are more inclined to maintain a larger loan as
the cost of default will be more substantial.

Another reason for why oversight is a smaller issue for defaults on consumer loans is the
follow-up process used by some of the Norwegian lenders. Table 3.2.1 demonstrates the
process at Bank Norwegian, as described by their CRO Peer Timo Andersen-Ulven. The

number of days is days after a payment is due.

14 In Norway, a warning of debt collection must be sent by physical mail (Forbrukerradet, 2018). If a person does not report
change of address, it is likely that the warning will reach the person after the date of maturity.
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14 days 21 days 26 days
t
1% month 1% invoice SMS-reminder  Block further
credit
30 days 45 days 52 days
d
2" month 2" invoice Termination SMS-reminder
warning®®
60 days 75 days 90 days
3" month
3% invoice SMS-reminder Default

Table 3.2.1: Follow-up process of Bank Norwegian. (Source: Andersen-Ulven, personal
communication, 16 November 2018)

As seen above, the follow-up process involves numerous invoices and SMS-reminders with
the goal of reducing forgetfulness. Andersen-Ulven explained that SMS-reminders are a
particularly effective tool, adding that 96 percent of Bank Norwegian’s customers has paid
after the first SMS-reminder.

3.2.2 Unemployment

In macroeconomics, unemployment is widely used as a factor in analysis due to how severely
it reduces individuals’ purchasing power. This also applies to an individual’s capability of
repaying a consumer loan. What follows is a comparison between unemployment rates in

Norway and default rates on consumer loans during the last 15 years.

15 An official warning to the debtor that the credit agreement will be terminated and the principal amount will be charged
before maturity.
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= Jnemployment rate (age 15-74) e Default rate on consumer loans

Figure 3.2.2: Unemployment rate vs default rate in Norway. Sources: (SSB, 2018)
(Finanstilsynet, 2007), (Finanstilsynet, 2014), (Finanstilsynet, 2016-2017)

As illustrated by Figure 3.2.2, the relationship between unemployment and default on
consumer is shifting. The rates have a high, negative correlation during the years 2003-2005
and 2008-2010, while it is strongly positive during 2005-2008 and 2013-2016. This suggests
that unemployment has low causal effect on default rates'®. Although the relationship is small,
the data suggests that unemployment has a small upward effect on the default rate.
Unfortunately, this is something that is nearly impossible for a lender to predict when

evaluating a loan application.

3.2.3 Size of the loan

More than 40 percent of the participants in SIFO’s study answered that the size of the loan,
ergo the size of the loan payments, was one of the reasons for delinquency. If lenders provide

loans that exceeds the borrowers’ borrowing capacities, the number of defaults will increase.

In December 2016, E24 published an article concerning the ease of obtaining consumer loans
(Vedeler, 2016). E24’s journalist sent the same loan application for a consumer loan of 500
000 NOK to 15 different lenders. The table below is extracted from E24’s article and portrays

the diversity in the lenders’ counteroffers to the loan application.

16 A correlation coefficient of 0.26 between the unemployment rate and the default rate confirms this.
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Bank Applied amount Approved amount Effective rate
Bank Norwegian 500 000 500 000 18,53 %
Monobank 500 000 - N/A
Instabank 500 000 200 000 22,36 %
yA Bank 500 000 200 900 16,44 %
Collector 500 000 40 000 25,71 %
DnB 500 000 110 000 19,74 %
Average 500 000 175 150 20,56%

Table 3.2.2: Offerings of loan from different lenders. (Source: Vedeler, 2016)

Table 3.2.2 shows how the offered loan amount ranges from zero to 500 000 NOK for the
same loan application. For instance, the approved amount from Bank Norwegian was more
than double the amount from any of the other lenders, signalling it is likely to be above the
borrowing capacity of the borrower. Monobank, on the other hand, rejected the loan

application altogether.

Table 3.2.2 also demonstrates how the effective rate varies from 16.44 percent to 25.71
percent, something a borrower may underestimate when applying from different lenders. Even
though the individual is capable of repaying the principal amount within maturity, the effective
rate can increase the total cost of a consumer loan by more than half. This can be illustrated
with a simple example. The total cost of a loan is calculated using the following formula, with

principal amount P, effective monthly interest rate r and total number of payments n

r(1+r)"
(1+r)n-1

Total cost = P n—~P

Applying this formula to a loan of 150 000, with an effective yearly rate of 19 percent and a
maturity of five years, will result in a total cost of 83 465, excluding any signing fees'’. This
is 55.64 percent of the principal amount, and even though all consumer banks are obligated to
include an example with the effective rate and total cost when promoting a loan, customers

may disregard it or fail to apply it to their own application.

17 Many consumer banks charge a signing fee of 800 - 1 000 NOK. The debtor can often choose to deduct this fee from the
received loan amount.
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The information in this subchapter suggests that people may default on their consumer loans
because the costs of the loan are too high, and that lenders can affect defaults by adjusting the

requirements of the loan.

3.3 Effects of default

In order to gain an improved understanding of the importance of estimating defaults on
consumer loans, this subchapter will analyse the effect of loan default on both the borrower

and the lender.

3.3.1 Effect on the borrower

After a borrower is delinquent on the loan, the lender will proceed by sending additional
invoices and warnings, as illustrated earlier in Table 3.2.1. This results in increasing costs for
the borrower, as each invoice will include an additional fee. On top of this is an interest fee of
8.5 percent (Regjeringen, 2018). When the loan defaults and the responsibility of payment
collection is transferred to a debt collection company, they will charge additional, higher fees
for their services'®, which will further increase the cost for the borrower. If the borrower still
has not repaid the loan and corresponding charges, the lender may file a lawsuit against the
borrower. If the court rules in favour of the lender, the borrower’s income will be docked and
the person might be forced to sell off assets in order to repay the loan
(Tvangsfullbyrdelsesloven, 1993, 87-2).

In addition to the economic burden of default, borrowers also receive a payment remark after
defaulting on their debt'®. In Norway, Brgnngysundregistrene collects payment remarks from
different lenders and registers them in Lasgreregisteret, only accessible for approved agents
such as credit agencies (Brgnngysundregistrene, 2017). When a person applies for a loan, the
lender can request the person’s history of payment remarks from one of these approved agents

for a fee. If a payment remark is found, the lender usually rejects the loan application. Loan

18 For more information on the costs and process of debt collection in Norway, see Finansportalens’ “Verdt 4 vite om inkasso
0g betalingsanmerkninger” (Finansportalen, 2018)

19 A payment remark remains on record until the debtor has repaid the loan, or four years have passed since the date of the
default without additional actions from the lender or the debt collection company (Foreldesesloven, 2018b).
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default therefore reduces the borrower’s financing ability for several years, in addition to the

immediate costs.

3.3.2 Effect on lenders

Loan defaults are also a concern for the lenders. While it is common for many banks to sell
defaulted loans to a debt collection company® (Ekeseth, 2018, Null TDN Finans, 2015,
Trumpy & Christensen, 2018), the debt collection company will always pay below the
principal amount, as the loans are highly risky. This usually incurs a loss for the lender,
upwards 30 percent for the most risky loans according to Andersen-Ulven (Andersen-Ulven,
personal communication, 16 November 2018). Although the lender receives income when
selling a defaulted loan, stricter rules for loss-recognition were introduced January 2018 in
IFRS 9 (International Accounting Standards Board, 2014). Whereas lenders only needed to
recognise a loss after the loan had defaulted before 2018, they now have to perform continuous
risk estimation on their outstanding loans, and reduce the reported value for loans that are
considered more risky than before?!. The result of this is that defaulting loans will lower
reported profitability of banks at an earlier stage.

The lender also runs the risk of going bankrupt if large amounts of the loans default. When the
income from outstanding loans is reduced, the lender will need to take on additional debt to
avoid problems with liquidity?>. Consequently, a credit agency will usually lower the credit
rating of the lender, making it more difficult to raise additional debt from the market (Kisgen,
2006, p.1039-1040). If this downward trend continues, the lender will reach a point where it

is unable to cover its expenses. This results in bankruptcy?.

20 The loans are sold either on a regular basis, called a forward flow agreement, or as a one-time portfolio.

21 For readers interested in reading an overview of the new impairment model, see PwC’s publication «Moving from incurred
to expected credit losses for impairment of financial assets is a game changer» (PwC, 2014).

22 Liquidity refers to a company’s ability to cover short-term expenses, such as salaries, taxes and withdrawn deposits.

23 For information on costs of bankruptcy, see «The costs of bankruptcy — a review» by Ben Branch (Branch, 2002)
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4. Data description

In this chapter, the data collected from the bank will be presented and evaluated. The data will

then be used in Chapter 5 and Chapter 6 for further analysis.

4.1 Descritption of the data

The original data provided by the bank includes 17 784 approved consumer loans in Norway.
The observations consist of 29 variables, both numerical and categorical, which are inputs
from the borrowers and the bank. The data is cross-sectional®*, and ranges over three years.
To secure anonymity, the bank supplied no data that can identify the borrowers, such as name

or location.

4.1.1 Inputs from borrowers

Out of the 29 variables, the applicants for consumer loans provided 19 either through an online
form on the bank’s website or to an agent?. The inputs can be divided into two main groups:
demographic and financial information. The demographic information relates to
characteristics such as age, gender, education, employment, civil status, and number of

children. The financial information refers to income, debt and expenses.

4.1.2 Inputs from bank

The remaining 10 variables in the data was inputted by the bank. Three variables regarding
the borrower’s wealth was collected from the national tax database, while seven variables
involves the characteristics of the loans, such as loan amount, interest rate and principal free

months.

2 Cross-sectional data means that the observations are collected at a single point in time, when the loan was approved.
Opposite of time-series data (Bigrn, 2013).

%5 In Norway, a range of independent and bank agents connects debtors to lenders in exchange for commission.
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4.2 Cleaning the data

Before analysing and working with a dataset, it is important to examine and adjust for missing
data and other factors that might distort any statistical results (Hair, Black, Babin & Anderson,
p.31, 2014). The cleaning process of the data involved removing outliers, adjusting variables
and excluding recent observations. Appendix B describes each step of the cleaning process.
Appendix C shows how each step affected the dataset, in terms of remaining observations and

variables.

4.3 Descriptive statistics

Descriptive statistics for the financial variables included in the dataset are presented in Tables
4.3.1 to 4.3.3. The tables differentiate between defaulted loans and non-defaulted loans,
showing the differences in means for each variable. The t-statistic tells if the difference
between the means is significantly different from zero.

Table 4.3.1 presents descriptive statistics for the demographic variables in the dataset. Since
each variable is binary, the means are presented as proportions of defaulted loans and non-

defaulted loans.

Defaulted Non-defaulted
Variable Mean (1385) Mean (9451) Std. Error T-statistic
Gender
Male 0.7242 0.6774 0.0129 -3.62 ***
Female 0.2758 0.3226 0.0129 3.62 ***
Co-Signer 0.0462 0.1382 0.0067 13.80 ***
Education
Master 0.0939 0.1552 0.0087 7.07 ***
Bachelor 0.3162 0.3218 0.0134 0.41
Unfinished Educ. 0.0838 0.0836 0.0080 -0.02
High School 0.4534 0.3951 0.0143 -4.08 ***
Elementary 0.0527 0.0443 0.0064 -1.31
Employment
Permanent 0.8693 0.8412 0.0098 -2.87 ***
Permanent Public 0.0144 0.0177 0.0035 0.93
Temporary 0.0051 0.0059 0.0021 0.42
Self Employed 0.0267 0.0374 0.0048 2.24 **

Retired 0.0116 0.0243 0.0033 3.90 ***
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Disabled 0.0708 0.0715 0.0074 0.10
Other 0.0014 0.0013 0.0011 -0.16
Student 0.0000 0.0002 0.0001 1.41
WAA 0.0000 0.0003 0.0002 1.73 *
Civil Status
Married 0.2578 0.3954 0.0128 10.76 ***
Domestic Partner 0.2318 0.2226 0.0121 -0.75
Divorced 0.0599 0.0487 0.0068 -1.67 *
Widowed 0.0094 0.0109 0.0028 0.54
Unmarried 0.4332 0.3132 0.0141 -8.48 ***
Separated 0.0079 0.0092 0.0026 0.49
Living Arrangement
Condominium 0.0816 0.0801 0.0079 -0.19
Cooperative Housing 0.0007 0.0021 0.0009 1.62
Private Owner 0.4736 0.6001 0.0143 8.82 ***
Tenant 0.4440 0.3176 0.0142 -8.91 ***

Significance levels: *** p<0.01, ** p<0.05, * p<0.1

Table 4.3.1: Categorical inputs from borrowers

Defaulted Non-defaulted

Variable Mean (1385) Mean (9451) Std. Error  T-statistic
Amounts in NOK 1000
unless specified with ’
Income/expenses
Gross Income 509.63 550.51 5.52 7.40 ***
Income Rent 9.88 13.89 097 413 ***
Insurance Payment’ 4.33 4.00 4.64 -0.07
Other Income 2.45 3.05 0.37 1.63
Rent Expenses 26.04 19.73 0.93 -6.77 ***
Debt
Mortgage 727.33 964.22 25.86  9.16 ***
Other Loans 145.46 184.13 4.72 8.19 ***
Student Loan 27.01 30.69 196 188 *
Refinancing 80.63 122.97 3.73 11.35 ***
Wealth
Wealth Time -1 67.16 59.98 8.46 -0.85
Wealth Time -2 51.61 43.69 6.55 -1.21
Wealth Time -3 43.49 37.33 6.21 -0.99
Other
Age’ 39.38 43.30 0.31 12.66 ***
Children under 18’ 0.62 0.62 0.03 -0.11

Significance levels: *** p<0.01, ** p<0.05, * p<0.1



30

Table 4.3.2: Numerical inputs from borrower

Defaulted Non-defaulted

Variable Mean (1385) Mean (9451) std. Error  T-statistic
Loan Attributes

Loan Amount (NOK 1000) 173.90 232.07 425 13.7 ***
Difference from applied (NOK 1000) -21.00 -14.31 235 2.85 ***
Duration 120.40 128.44 1.54 521 ***
Principal Free Months 6.41 4.66 0.37 -4.67 ***
Interest Rate 15.77 14.35 0.07 -19.1 ***

Significance levels: *** p<0.01, ** p<0.05, * p<0.1

Table 4.3.3: Inputs from bank

4.4 Evaluation of the data

4.4.1 Validity

Although the dataset only contain observations from one consumer bank, the data is
considered valid for the Norwegian market. Several of the characteristics, including the
distribution of age groups (Finanstilsynet, 2018e) and the interest rate (Hagen et al., 2017), are
approximately the same for the dataset and the market. The large amount of observations, and
the cleaning process described in the appendices, also increases its representation of the

market.

4.4.2 Limitations

The dataset solely involves one-time consumer loans, and not credit card loans. Even though
credit card loans contribute to 45 percent of the total consumer debt in Norway (Finanstilsynet,
2018e) and share similar attributes, the applicability to credit card loans is uncertain. This is
partly due to the difference in interest rates and approving processes between the two types of

loans.

Since the dataset only consists of Norwegian customers, it is uncertain if the data is applicable

to other countries. Demographic and cultural factors may result in other characteristics being
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more dominant in defaults, while varying market conditions can affect the inputs of the
lenders. For example, marital status in another country might not have the same financial
implications as in Norway. Similarly, different market conditions might raise or lower the

interest rates provided by lenders, affecting the number of defaults and estimations of a model.
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5. Using characteristics for modelling purposes

The purpose of this chapter is to analyse the characteristics of the borrowers and the loans, and

decide if suitable for predicting probability of default.

To examine how the characteristics affect the risk of default, the variables are differentiated
by default and non-default. Differences in means between defaults and non-defaults are then
used as a comparable measure on the risk of default and a simple two-tailed T-Test is applied
to investigate if the differences are significantly different from zero. Of 10 836 borrowers, 1
385 have defaulted on their loans. This results an overall default rate of 12.78 percent, which

will be used a benchmark for the analysis.

5.1 Demographics

This subchapter will give a summary of the descriptive statistics of the demographic variables.
Most of the variables in this category are dummy-variables with a value of one if a person
belongs to the group and zero if otherwise. Therefore, the means are presented as proportions

of total defaults and total non-defaults.

The differences in proportions of defaults and non-defaults between the groups can give an
indication of how each group performs in servicing their consumer loans, relative to the other
groups. If a group has a higher proportion of defaults compared to non-defaults, this can imply

that the group is more likely to default.

5.1.1 Age

Defaulting borrowers are on average younger than non-defaulting borrowers, as can be seen
from Table 4.3.2. To further analyse how age affect default rates, borrowers are split into five

different age groups.

Age Group Default Non-default  Total Difference  T-statistic =~ Default Rate
18-29 21.2% 133% 143% 79%  -6.85 *** 18.9 %
30-39 33.9% 26.4% 27.3% 76%  -561 *** 15.9 %
40— 49 25.6 % 30.1% 29.6% -4.5% 3.57 *** 11.1 %
50 -59 14.7 % 211% 20.3% -6.4 % 6.1 *** 9.3%
60 - 4.6 % 92% 8.6% -4.6 % 7.26 *** 6.8 %

Significance levels: *** p<0.01, ** p<0.05, * p<0.1
Table 5.1.1: Age groups
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The results shown in Table 5.1.1 suggest a negative linear relationship between default and
age, where the probability of default decreases with an increase in age. Defaults are most
frequent among the youngest borrowers, with a default rate of almost 19 percent. People from
the ages 30 to 39 also have a default rate above the overall average. The oldest group has the

smallest default percentage of 6.5 percent.

5.1.2 Education

Education Default Non-default Total Difference  T-statistic =~ Default Rate
Master 9.4 % 155% 14.7% -6.1 % 7.07 *** 8.1%
Bachelor 31.6 % 322% 32.1% -0.6 % 0.41 12.6 %
Unfinished Educ. 8.4 % 84% 84% 00% -0.02 12.8 %
HighSchool 45.3 % 395% 40.3% 58%  -4.08 *** 14.4 %
Elementary 5.3% 44% 45% 08% -1.31 14.8 %

Significance levels: *** p<0.01, ** p<0.05, * p<0.1
Table 5.1.2: Education

Approximately half of the loans are held by clients with a bachelor’s degree or higher. This
group is responsible for 43 percent of the defaults, making lower education responsible for 57
percent of the defaults. There is no significant difference between defaults and non-defaults
on bachelor level, and as a result, it is hard to say if having a bachelor’s degree will influence
the risk of default. However, the differences in defaults for borrowers with a master’s degree
are significant and, given the default rate of 8.1 percent, can reduce the risk of default. A study
from SSB in 2018 shows that the average salary for a wage earner with a master’s degree is
25 percent higher than employees with a bachelor’s degree. (Bye, 2018) The correlation®
between Gross Income and Master in the dataset is 0.25, which further supports this

relationship. In contrast, the correlation between Gross Income and Bachelor is merely 0.02.

High School is the other group that has a significant difference in means at the one percent
level. The negative difference of 5.95 percent suggests that a person is more likely to default
on a consumer loan if the highest form of education obtained is from high school.

% A correlation matrix with some selected variables is presented in Appendix D
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5.1.3 Employment

Employment Default Non-default Total  Difference  T-statistic ~ Default Rate
Permanent 86.9 % 84.1% 845% 28%  -2.87 *** 13.2 %
Self Employed 2.7% 37% 36% -1.1% 2.24 ** 9.5%
Retired 1.2% 24% 23% -1.3% 3.90 *** 6.5 %

Significance levels: *** p<0.01, ** p<0.05, * p<0.1
Table 5.1.3: Employment (excerpt)

Being self-employed or retired seems to lower the default rate to respectively 9.5 percent and
6.5 percent, while permanent employees are slightly above the overall average default rate.
However, as more than 84 percent of the borrowers belong to the permanently employed

group, it is probable that the increase in probability is a result of other factors.

5.1.4 Living Arrangement

Living Arrangement  Default Non-default Total Difference T-statistic Default Rate

Condominium 8.2% 80% 80% 0.2% -0.19 13.0 %
Cooperative Housing 0.1% 02% 02% -01% 1.62 4.7 %
Private Owner 47.4 % 60.0% 58.4% -127% 8.82 *** 10.4 %
Tenant 44.4 % 31.8% 33.4% 126% -8.91 *** 17.0%

Significance levels: *** p<0.01, ** p<0.05, * p<0.1
Table 5.1.4: Living Arrangement

Most of the clients are either tenants or private owners of real estate. Test results show a
significant difference in defaults in the two categories: Tenants have an average default rate
of 17 percent, while private owners have a default rate of 10.4 percent. A reason for the large

difference might be the economic advantage of owning real estate in Norway?’.

5.1.5 Civil status

Civil Status Default Non-default  Total  Difference T-statistic Default Rate
Married 25.8 % 395% 37.8% -13.8 % 10.76 *** 8.7%
Domestic Partner 23.2 % 223% 224 % 0.9% -0.75 13.2%
Divorced 6.0 % 4.9 % 5.0% 1.1% -1.67 * 15.3 %
Widowed 09% 1.1% 1.1% -0.2 % 0.54 11.2%
Unmarried 43.3 % 313% 329% 12.0 % -8.48 *** 16.9 %
Separated 0.8% 09% 09% -0.1% 0.49 11.2%

27 Owning property financed by debt is highly advantageous in Norway, as private home owners get a 23 percent tax refund
for interest rate costs (Skatteetaten, 2018). There is no such arrangement for rent expenses.
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Significance levels: *** p<0.01, ** p<0.05, * p<0.1
Table 5.1.5: Civil Status

The difference in means between defaulted and non-defaulted loan takers that are married is
high. Significant at the one-percent level, the mean for defaulted loan takers is 39.54 percent,
while the mean for the non-defaulted loan takers is 25.78 percent. This suggests that married

people have a significantly lower probability of default than unmarried people do.

5.1.6 Gender and co-signer

Default  Non-default Total T-statistic Default Rate
Male 72.4 % 67.7 % 68.3 % -3.62 *** 13.5%
Female 27.6 % 32.3% 31.7% 3.62 *** 11.1%
Co-Signer 4.6 % 13.8 % 12.6 % 13.80 *** 4.7 %

Significance levels: *** p<0.01, ** p<0.05, * p<0.1
Table 5.1.6: Gender and co-signer

As seen in Table 5.1.6, men are more likely to default on consumer loans than women. One
reason for this can be that men are less averse to risk, as shown in a study on gender differences
and risk taking by Byrnes, Miller and Schafer in 1999 (Byrnes et al., 1999, p. 367-383).

Having co-signer significantly reduces the probability of default. This makes sense intuitively,

as the risk is spread across two individuals instead of one.

5.2 Financial statistics

5.2.1 Income

Mean income in the dataset is 549 238 and is close to the overall average in Norway 28, Mean
income in the selection of defaulted loans is 509 631 NOK, and 550 505 NOK in the selection
of non-defaulted loans. The results from the t-test suggest that there is a significant difference
in income between the two groups, but the difference is only eight percent. To analyse the

income of the customers further, the population is divided into income groups.

28 According to SSB, the average income in Norway in 2017 was 531 720 NOK (SSB, 2017)
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Income Group Default  Non-default Total Difference T-statistic  Default Rate
(In thousands)

0-250 0.9% 05% 06% 04% -1.52 20.6 %
250 — 450 475 % 37.7% 389% 98% -6.86 *** 15.6 %
450 — 650 35.2% 398% 39.2% 46% 334 *** 11.5%
650 — 850 11.1 % 140% 13.6% -29% 321 *** 10.4 %
850 —1 000 3.2% 42% 41% -10% 199 ** 10.0 %
1 000 000 - 22% 38% 36% 17% 377 *** 7.7 %

Significance levels: *** p<0.01, ** p<0.05, * p<0.1
Table 5.2.1: Income groups

Table 5.2.1 shows that borrowers earning less than 450 000 NOK are more likely to default.
The income group 250 - 450 has a default rate of 15.6 percent and a significantly higher
proportion of the defaulted loans than non-defaulted loans. The difference in the lowest
income group is barely significant at the 90 percent confidence interval. The conclusion is that
the default rate declines with increasing income. This is not surprising, as one would expect

that higher earners have a better chance of repaying a loan.

5.2.2 Debt

Lenders often require loan applicants to provide information on their debt. The dataset has

three kinds of debt: mortgage, student loan and other loans.

Debt (NOK 1000) Default Non-default Difference T-statistic
Mortgage 727.33 964.22 -236.89 9.16 ***
Other Loans 145.46 184.13 -38.67 8.19 ***
Student Loan 27.01 30.69 -3.68 1.88 *
Refinancing 80.63 122.97 -42.34 11.35 ***

Significance levels: *** p<0.01, ** p<0.05, * p<0.1
Table 5.2.2: Debt

The results from testing the differences in means between defaults and non-defaults indicate
that having more debt reduces probability of default. Differences in means for Mortgage and
Other Loans are highly significant. Average mortgage debt for non-defaulted customers is 32

percent higher than defaulted.

Mortgage is positively correlated with both Gross income (0.51) and Private Owners (0.59),
suggesting that customers with a mortgage has a stronger financial position, ceteris paribus.

In most cases, a mortgage is backed up by an underlying asset, which further supports this
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theory. Finally, it is also worth mentioning that homeowners have successfully passed a credit
assessment when applying for a mortgage.

Explaining the differences in means for Other Loans proves much more difficult, as it is not
clear what types of loans are included in this variable. Refinancing means that the applicant
are borrowing to pay existing debt or to renegotiate terms on an old lending contract. A higher
refinancing amount leading to lower probability of default could be the fact that refinancing

often lower costs (Nordea, 2018).

Debt ratio is a measure used in the banking industry to evaluate the debt burden of a loan
applicant (Finansdepartementet, 2016). Dividing all existing debt, including Mortgage,
Student Loan and Other Loans, by Gross Income returns the debt ratio of the borrower before
the issuance of the consumer loan. This will control for the income effect seen previously in
this subchapter. Then, testing for differences in mean debt ratio between defaults and non-

defaults will give a more accurate view of the relationship between debt and default.

Debt ratio Default  Non-default Total Difference  T-statistic  Default Rate

0-1 46.9 % 33.5% 35.2% 134% -9.41 **x* 17.0 %
1-3 322% 38.3% 375% -6.1% 448 kx* 11.0 %
3-5 18.1 % 23.8 % 23.1% -5.7% 5.06 *** 10.0 %
5- 2.7 % 4.4 % 42 % -1.7%  3.45 *x* 8.3%

Significance levels: *** p<0.01, ** p<0.05, * p<0.1
Table 5.2.3: Debt ratios

The test supports the notion of the mean debt ratio being lower for those defaulting on their
loans. Groups with a debt ratio lower than three, experience significantly more defaults than
groups with a debt ratio more than three. Even when controlling for the income effect, having

a higher debt ratio seems to reduce the probability of default.

5.3 Loan attributes

All characteristics discussed so far are taken from variables that are not influenced by the bank.
The attention will now shift to the inputs of the bank: interest rate, loan amount, duration and
principal free months. The challenge with analysing these variables is that they are already
affected by an internal risk assessment made by the bank. For example, two clients with the

same loan amount may have different interest rates based on credit scores.
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Loan Attributes Default Non-default Difference T-statistic

Loan Amount (NOK 1000) 173.90 232.07 -58.17 13.69 ***
Difference from Applied (NOK 1000) -21.00 -14.31 -6.69 2.85 ***
Duration 120.40 128.44 -8.04 521 ***
Principal Free Months 6.41 4.66 1.75 -4.67 *F**
Interest Rate 15.77 14.35 1.42 -19.13  ***

Significance levels: *** p<0.01, ** p<0.05, * p<0.1
Table 5.3.1: Loan Attributes

5.3.1 Loan Amount

Difference in means between defaults and non-defaults is approximately 58 000. With a
significant T-statistic, a lower loan amount indicates an increased chance of defaulting. This
seems counter-intuitive from an economic perspective. A lower amount should lessen the debt
burden and thereby the monthly costs of the loan, consequently lowering the default risk.
Instead, it is likely a result of the bank’s unobserved risk assessment, providing larger amount

to safer customers.

5.3.2 Difference from Applied and Duration

The difference from the applied loan amount is lower for the non-defaulting loans than the
defaulting loans, suggesting that the bank has reduced the approved loan amount more for

risky borrowers.

Probability of default seems to be higher for loans with longer maturity. An explanation for
this is that duration increases the total cost of the loan, as seen in subchapter 3.2.3. But the
difference in mean is approximately seven percent, compared to a difference in means of about

25 percent for the loan amount, suggesting the marginal effect on probability of default is low.

5.3.3 Principal Free Months

Since principal free months will increase the cost of the loan by postponing the down-
payments of the principal, it would be fair to assume that the probability of default increases
with principal free months. As seen in Table 5.3.1, this assumption holds. The mean for
defaulted consumers is 34 percent higher than non-default and significant in the t-test,

suggesting that more principal free months will increase the probability of default.
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5.3.4 Interest Rate

The mean interest rate is 14.4 percent, which is close to the estimated market mean discussed
in Chapter 2. The bank sets the interest rate for each loan separately, based on a risk assessment
of the client. Comparing the mean interest rate between defaults and non-defaults can provide

information about the relationship between default risk and interest rates.

Results from the t-test show that defaulted loans have a higher interest rate, even though the
difference is moderate — roughly 1.5 percentage points.
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6. Modelling risk of default as a lender

The results from Chapter 5 suggest that characteristics of the borrowers and the loans are
appropriate for predicting probability of default. In this chapter, two predictive models based
on the dataset will be presented, one including inputs from the lender and one without, which

can be used to reduce the number of defaults and the risk of the lenders.

6.1 Purpose of the models

The purpose of the models is to predict the probability of default on a consumer loan, based
on a range of variables provided by both the borrower and the lender. After a lender receives
a loan application with inputs from the borrower, it can use one of the models to estimate the
probability of default on the loan. This way, the lender can offer loans that match the lender’s

risk preference, and reduce defaults.

The main target of the models is an agent at a bank who approve consumer loans, but the
models can also be used by a risk-officer who is interested in estimating the total risk of a
bank’s outstanding loans, or a policy analyst who would like to evaluate the risk of default in

the market and advice on future policies.

6.2 Methodology

This subchapter will explain the reasons for why logistic regression is appropriate for a
predictive model on default and provide a definition of the method. The subchapter will start
by describing the linear regression method, which provides the foundation for logistic

regression.

6.2.1 Moving beyond linear regression

For a predictive model on default, a method is needed that estimates the probability of default
for a loan, written as p(Y=1), based on the variables from the borrower and the lender, Xi,

Xa, =+, Xn. Combining these two statements results in the following formulation
p(XDXZ' 'Xn) = p(Y = 1|X1'X2' 'Xn)

Multiple linear regression, a widely used statistical learning method, assumes that a relatively

linear relationship exists between the dependent variable Y and the independent variables X,
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X2, +++, Xn, Which can be calculated using separate coefficients, defined as f1, B2, -+, Bn, for
each independent variable (James et al, p.71, 2017). The linear function used in linear

regression is shown below
Y =By + B1X1 + B Xy + -+ BpXnt €,
where f is the intercept and € is the error term?,

Multiple linear regression uses the data to compute coefficients and intercept that minimizes

the least square criterion®. Applying this to a predictive model for default results in
p(Y =1) = Bo+ PiXs + BoXo + -+ PuXpt €,
where f are estimates of the coefficients and the intercept.

While it is possible to use this model to predict default on a loan, one drawback makes its
predictive ability very limited: Since the dependent variable is a binary variable, taking on
either the value one (default) or zero (non-default), the predictive output of the model should
take on values between one and zero as well. Linear regression often fails to do so, as the
straight-line fit will produce values that are below zero or above one for extreme observations
(James et al, p.131, 2017). This can be illustrated by running a linear regression on the Default

variable using Gross Income as the sole predictive variable3!,

2% A summation of the measurement error, assumed to be independent of the variables and with a mean of zero (James et al,
p.16, 2017).

30 The lowest possible value of S = Y-, €Z. (Draper & Smith, 1998, p.22-23)

31 The data used for the linear regression, and the logistic regression presented on the next page, includes outliers that were
originally removed in the cleaning process of Chapter 4, for illustrational purposes.
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Figure 6.2.1: Probability using linear regression

The probability of default decreases with increasing income, which is intuitive as a higher
income will increase the borrower’s capability of affording a loan, ceteris paribus. However,
observations with Gross Income of more than 2.3 million NOK receive a predicted probability
of default below zero, which is both difficult to interpret and distorts the model. Logistic
regression fixes this problem.

6.2.2 Logistic Regression

In order to fit the model for outputs between zero and one for all observations, logistic

regression uses the logistic function

eBotB1X1+B2Xo++BnXn

p(X) = 1 + eBotB1X1+B2Xo++BnXn

to compute the probability of X, where e is a mathematical constant and the base of the natural

logarithm (Hosmer et al, p.7, 2013)

By raising the linear function to the power of e, the logistic function ensures that p(X) always
will lie between zero and one. This can be confirmed by running a logistic regression on the
Default variable once more, instead of a linear regression, using only the Gross Income as

input. The output is shown below.
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Figure 6.2.2: Probability using linear regression

As Figure 6.2.2 demonstrates, p(X) never drops below zero or above one in the logistic
regression. Observations with incomes above 2.3 million NOK receive probabilities of default
very close to zero, but never below. It is also worth mentioning that the highest probability of
default is 0.16. The reason for this is that the relationship between Default and Gross Income

IS not strong enough to predict higher probabilities, and more variables are needed.

Moving on with logistic regression for the predictive model, the final formula can be written
as

eEO+E1X1+§2X2+'“+Ean

p(Y=1) =

1+ eEO+E1X1+EZX2+"'+Ean’
where f are computed estimates of the coefficients and the intercept.

While linear regression uses least squares to find the estimates for the coefficients, logistic
regression uses an approach called maximum likelihood (Hosmer et al, p.9, 2013). The fitting
procedure of this approach is quite extensive and will not be described in depth in this thesis,
but in short, it calculates estimates that give the defaulting observations a value as close to one
as possible, and the remaining observations a value as close to zero as possible. In order to so,

it uses the following likelihood function:

tGo b= | [ pao || a-pen,

iy;=1 iryi=0
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where { is the likelihood function.

6.3 Subset selection method

When the number of variables in a dataset is large, some variables will likely reduce the
accuracy of the model, as they do not have a significant causal effect on the dependent variable
(Hair Jr. et al, p.169, 2014). By including these variables, the estimated coefficients for the
other predictors will be further away from their true values, and it will be more difficult to
make good predictions. In this subchapter, a subset of variables will be determined using
stepwise backward selection and Mallow’s Cp in order to exclude bad predictors and avoid

this problem.

6.3.1 Stepwise backward selection

Stepwise backward selection, proposed by Efroymson in 1960, is a selection method which
starts out with running a regression on all of the available variables and then removing one
variable at the time to decide the best model for each given number of predictors (Garside,
p.196-200, 1965). The best number of predictors is decided afterwards using one or more
measures of model fit. At each step, stepwise backward selection removes the variable that is
least significant for the model and simultaneously revaluates the remaining predictors and

replaces those that fall below a given level of significance, for example five percent.

Performing stepwise backward selection on the dataset results in 43 different models, one for
each set of predictors. The next thing to do is decide how many predictors to use by measuring

model fit.

6.3.2 Mallow’s Cp as measure of model fit

Countless measures of fit have been proposed over the years, including residual sum of squares
(RSS), adjusted R-squared, Mallow’s Cp and Bayesian information criterion®2. All of the
measures has advantages and disadvantages, and for reasons explained in this subchapter,

Mallow’s Cp will be used for this model.

32 Readers interested in learning more about possible measures of fit, logistic regression,or how to build predictive models in
R can find more about this in An Introduction to Statistical Learning with applications in R, by James et al.
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The RSS is a measure of the disparity between the predicted values y; of a model and the

actual values y; (Draper & Smith, p.29, 1998), calculated by
n
RSS = ) (i = 90)°.
i=1

Although a lower RSS indicates better predictions, selecting a model solely based on RSS runs
the risk of overfitting the model®. In fact, the RSS will always decrease as more variables are
added to the model, and one will therefore end up with all of the possible variables if using
RSS (James et al, p.210, 2013). Mallow’s Cp is one of the measures that offers a solution to
this problem of overfitting, by penalising the addition of predictors to the model. Mallow’s Cp

achieve this using the following function
1 ~
C, = - (RSS + 2d6?),

where n is the number of observations, d is the number of predictors and & is an estimate of

the variance error of the model (James et al, p.211, 2013).

As d increases by one unit, the RSS of the model needs to decrease by more than 262 in order
for the C, statistic to decrease. This means that the model with the lowest C,, statistic will

exclude all variables that do not sufficiently decrease the model’s RSS.

Another aspect of the Mallow’s C, that needs to be considered is the trade-off between model
variance and bias. While a lower C, statistic indicates a lower variance, a smaller distance
between C,, and the number of predictors d suggest a low bias in the model (Draper & Smith,
1998, p.332). When the C, statistic is significantly lower than d the model likely has an
overfitting bias, and when d is higher than C,, it is a case of underfitting®*. The optimal Cp

statistic is therefore one that is close to the number of predictors, while as low as possible.

Comparing the C,, statistics of the models found by stepwise backward selection to the number

of predictors results in Figure 6.3.1 below.

33 Qverfitting relates to the problem of building a model too closely to the given data, and thus failing to make good predictions
on new observations (Cawley & Talbot, 2010, p.2084-2086). An overfitted model will falsely use predictors that have no or
very little real effect on the dependent variable, or provide poor coefficient estimates.

34 Opposite of overfitting; instead of including bad predictors, an underfitting model excludes good predictors.
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Figure 6.3.1: Mallow’s Cp Vs Predictors

It is evident that the C, statistic is very large for models with less than eight predictors. This
implies that it is difficult to make good predictions while using only a few variables. Secondly,
the models with the lowest C,, statistics contain between 15 and 19 predictors. However, all of
these statistics are much lower than the number of predictors, suggesting that the models are
overfitted and have included variables that are insignificant on the true output. Based on the

criteria that C,, ~ d and that C,, should be as low as possible, the model with 13 predictors

seems to be the best fit.

6.3.3 Model with inputs from lender

The 13-predictor model including inputs from the lender found by stepwise backward

selection consists of the following variables:

Mortgage Loan Amount Domestic Partner
Principal Free Months Interest Rate Married
Gross Income Children_U18 Co-Signer
Student Loan Age Man

Table 6.3.1: Variables in model with lender input
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The four variables in the far-right column are dummy variables taking on the value zero or
one, and the intercept is the 13" predictor.®

A limitation of this model is the inclusion of input from the bank, in the terms of Loan Amount,
Interest Rate and Principal Free Months. The bank determines the attributes of the loan based
on their own risk assessment of the loan taker, meaning these variables will reflect other
variables in the dataset. This problem is known as endogeneity, when one or more of the
independent variables are based on other independent variables, and results in biased
estimators (Woolridge, 2012, p.86-87). For instance, Loan Amount will likely be higher for a
loan taker with favourable characteristics, and might reduce probability of default in the
model. This, of course, makes no intuitive sense, as increasing the amount of the loan should
increase probability of default, ceteris paribus. In order to provide a less biased alternative, a

second model is created using the same dataset but excluding the inputs from the lender®.

6.3.4 Model without inputs from lender

Optimising stepwise backward regression and Mallow’s Cp once more®’, on a dataset without

the lender variables, results in a 12-predictor model as shown in Table 6.3.2.

Student Loan Age Domestic Partner

Private Owner Man Married

Gross Income Children_U18 Co-Signer
Originally Applied Amount Refinancing Amount

Table 6.3.2: Variables in model without lender inputs

In addition to the four dummy variables from the first model, Private Owner also takes on the
value zero or one. The intercept is the 12 predictor.

% The variables are not plotted into the formula for logistic regression to page limitations, but the formula can be found on
page 41 and variables equal X;to X;,. The coefficients relating to each variable and the intercept will not be presented until
next subchapter, after the model has been trained using Monte Carlo cross-validation.

3 Meaning the variables Loan Amount, Interest Rate, Principal free Months and Duration will be ignored.

37 Appendix E displays the Mallow’s Cp for the second model
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6.4 Training and testing the models

Having selected two models, the next step is estimating their coefficients. While it is possible
to run logistic regressions on the entire dataset, this will increase the chance of overfitting, as
there will be no true way to measure how the models perform on new observations. Instead,
the dataset will be split into two parts; one will be used to train the models (training set), and

one will be used to measure the accuracy of the models (validation set).

This subchapter will begin by selecting a splitting technique, before presenting the trained
models. It will then compare the predictions of the models to the observations in the validation
set to measure the prediction accuracy.

6.4.1 Monte Carlo cross-validation

Monte Carlo cross-validation is a powerful approach that splits the dataset into two parts
several times (Shao, 1993, p.489). Using a chosen splitting point, the data is split into a larger
part, which is treated as a training set, and a smaller part, which serves as a validation set. The
training set is then used to produce the coefficients of a model, while the validation set is used
to measure the accuracy by comparing the model’s predicted output on the observations to the
actual output. Using machine learning, this process is repeated for a specified number of times,

and the prediction accuracy is averaged over all runs.

Splitting the dataset into the training and the validation set is dependant of two factors: the
splitting point and the sampling technique. Robbin and Simon shows in their article from 2011
that a 2/3 to 1/3 split is optimal for datasets with more than 100 observations and many
variables (Robbin & Simon, 2011). 2/3 of the dataset will therefore be used as the training set
for each run, while 1/3 will be used as validation set. The sampling technique in Monte Carlo
cross-validation is simple random sampling, where every observation has an equal chance of

being placed in either datasets.

Two limitations of Monte Carlo cross-validation should be highlighted. The first is regarding
simple random sampling, and the fact that some observations may only be used for training
while others may only be used for testing. This may increase the effect of outliers and bias in
the model. However, by running 1 000 data splits, this limitation will be minimised. The
second limitation is the overestimation of the test error. Since the Monte Carlo cross-validation
does not allow models to use all available observations to estimate the coefficients, the
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prediction accuracy tend to be lower than if the model was built on the entire dataset. This is

important to bear in mind when examining the accuracies of the models later on.

6.4.2 Coefficients and VIFs of the trained models

By running the logistic regression models 1 000 times using Monte Carlo cross-validation with
a two-to-one splitting point, the resulting coefficients and variance-inflated factors (VIF) are

produced for the two models:

With lender inputs Without lender inputs
Predictors Coefficient VIF Coefficient VIF
Loan Amount -1.05E-06*** 1.50
(-2.67E-07)
Mortgage -9.78E-08* 1.38
(4.10E-08)
Student Loan -1.78E-06*** 1.08 -1.70E-06*** 1.08
(4.82E-07) (4.79E-07)
Principal free Months 0.014*** 1.04
(2.37E-03)
Interest Rate 0.112*** 1.37
(0.014)
Co-signer -0.804*** 1.15 -1.022*** 112
(0.150) (0.148)
Age -0.023*** 1.19 -0.026*** 1.19
(3.13E-03) (3.09E-03)
Married -0.395*** 141 -0.398*** 141
(0.083) (0.083)
Children_uU18 0.143*** 1.26 0.157*** 1.26
(0.040) (0.040)
Gross Income -5.33E-07** 1.57 -8.93E-07*** 1.29
(2.18E-07) (1.96E-07)
Man 0.217*** 1.10 0.223*** 1.10
(0.073) (0.072)
Domestic Partner -0.183** 1.21 -0.166* 1.22
(0.081) (0.081)
Originally Applied Amount -5.91E-07** 1.52
(2.41E-07)
Private Owner -0.279*** 1.17
(0.067)
Refinancing Amount -1.23E-06*** 1.38
2.90E-07)
(Intercept) -2.129*** 0.062

(0.303) (0.162)
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Significance levels: *** p<0.01 ** p<0.05 * p<0.1
Standard Errors in pharanteses

Table 6.4.1: Coefficients and VIFs of the models

The VIFs are computed in order to check for multicollinearity in the models. Multicollinearity
refers to a situation where collinearity exist between three or more variables, which cannot be
observed in a correlation matrix (James et al, p.101, 2013). A higher VIF-statistic indicates a
higher degree of collinearity to the other variables®®, and should usually not exceed four (Hair
Jr. et al, p.197, 2014). Since none of the VIFs are above four, this suggest the models do not

suffer from multicollinearity.

Examining the coefficients, the models seems to be in line with the results from Chapter 5. All
of the variables have the same signs as their respective difference in means in Chapter 5, and
most of the variables highlighted in Chapter 5 are present in either of the models. However,
the sign of the Loan Amount coefficient in the first model is troubling. Although the loan
amount is an important factor of the loan, the coefficient produced in the first model does not
make intuitive sense - a higher loan amount should increase the probability of default, ceteris
paribus. As discussed earlier, this coefficient is likely a result of endogeneity as the bank
provided higher loans to safer consumers. The coefficient is highly significant for estimating
probability of default, but should not be used for adjusting a loan in order to change the risk,

as it would be unwise to increase a loan to reduce risk®.

Mortgage and Student Loan also need explaining. As discussed in Chapter 5, Mortgage can
imply a stronger financial situation and a previous, successful credit assessment, which is why
the coefficient is negative. Student Loan, on the other hand, is a bit more difficult to explain.
One could argue that a higher student loan is related to a higher income, but the correlation
between the two is merely 0.092 in the dataset. Since it was shown as insignificant in Chapter
5, a more plausible explanation is that its included in the models as it captures some

information from the missing variables.

38 The VIF is defined as ﬁ where R? is the proportion of the variance for the variable explained by the other variables.

39 Appendix F presents an adjusted model where Loan Amount is excluded, and compares it to the original model. The
coefficients are slightly different, and this model can be used for lenders who want to ignore the predictive effect of the loan
amount.
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For the model without lender input, the coefficients for Originally Applied Amount and
Refinancing Amount need further analysis. Based on its coefficient, it seems that people that
apply for higher loans are less likely to default. This could be related to a greater cost of
defaulting, or that people who apply for higher amount are more certain of their financial
situation. Refinancing, as mentioned in Chapter 5, can be positive for avoiding default as it

reduces cost for the borrower, and the model seems to support this.

It is also worth mentioning that Duration is the only attribute of the loan that is not included
in either model. As discussed in Chapter 5, although it has a significant difference in means,
the difference was only seven percent. The low difference might explain why it is not included
in the models. Master degree is not represented in the models either, but this is likely a result
of the machine learning reducing multicollinearity in the models as the variable was correlated

with several of the models variable®.

Many variations of the presented models can be constructed using other methods and measures
of fit. However, the analysis shows that the seven variables present in both of the models,
except for Domestic Partner®, seem to be significant in determining probability of default for

consumer loans, regardless of what model is used.

6.4.3 Testing the models

Whether a loan is predicted to default or not depends on the threshold for default. Figure 6.4.1
illustrates the trade-off between captured default and correct predictions for different
thresholds using the first model. The trade-off is valid for all thresholds of default, and as the
threshold increases, the proportion of correctly classified loans will increase at the cost of

predicted defaults.

40 This be seen in the correlation matrix in Appendix D.

41 Domestic Partner was only significant at 10 percent in second model, and was not proven significant in Chapter 5.
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Figure 6.4.1: Trade-off for thresholds of default

Although correctly classified and captured default are the same around the 14 percent
threshold, this does not necessarily mean this is the optimal threshold for default. The optimal
threshold for default depends on the risk profile of the bank, but Figure 6.4.1 shows that the
trade-off is worse for higher thresholds. It is also evident that a threshold of 50 percent will
capture minimal of the defaulted observations, which is supported by a study of Ohlson in
1980 (Ohlson, 1980, p.120).

For testing the accuracies of the models, the intercept of the first model will be used. It is
highly significant and results in a probability threshold of 10.62 percent*?, which seems
appropriate based on Figure 6.4.1. Using this threshold, any observation in the validation set
that receives a probability of default higher than 10.62 percent will be classified as default.
Table 6.4.3 below shows the prediction accuracies of the models, using 10.62 percent as
threshold®.

e—2.13
2 ———=10.1062.

1- ¢—213

43 Appendix G and H displays the model accuracies for a 15 percent and a 20 percent threshold.
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With lender input Without lender input
Correct NO 1633/3214 1494/3 214
Correct YES 361/471 365/471
False NO 110/471 106/471
False YES 1581/3 214 1720/3 214
Correctly classified 54.11 % 50.45 %
Captured default 76.65 % 77.49 %

Table 6.4.3: Prediction accuracy of the models

In terms of observations correctly classified, none of the models achieve above 55 percent.
This is mostly due to the low threshold, making the models falsely classify almost half of the
non-defaulting observations as defaulting. On the other hand, the purpose of the models is to
reduce defaults, as the benefit of identifying defaulting loans are larger than falsely predicting
default. This means there should be a greater emphasis on the proportion of defaulting
observations correctly predicted. Both of the models capture more than 76 percent of the
defaulting loans at this threshold, suggesting they can reduce the number of defaults
significantly. As expected, the model with inputs from the lender correctly predicts a higher
percentage of the observations, by almost four percent, but the second model manages to

capture slightly more of the defaulted loans.

6.5 Unobserved variables

This subchapter will present some unobserved variables that might have affected default. The
contact at the bank confirmed that they are using additional variables to measure risk than
those provided in the dataset, which were omitted for competitive reasons and to ensure

borrowers’ anonymity.

6.5.1 Payment history

Some of the loan observations includes returning loan takers, for which the bank has
information about previous loan payments. If a borrower has proven able to repay a previous
loan, the bank will likely assess the risk as lower and provide better loan conditions. This is
common for most banks, and enables them to build stronger relationships with good

customers.
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6.5.2 Location

In order to ensure anonymity, the bank provided no data on the locations of their customers.
Since some locations are associated with different demographic groups, for example higher

income, the location of the customer might affect the risk of default (Aftenposten, 2018).

6.5.3 Financial stability

If the loan taker holds a depository account with the bank, the bank can use the balance history
of the deposit account to analyse the financial stability of the loan taker. An account with a
sustained, high balance could imply that the loan taker has a financial buffer. An account with

an increasing balance could indicate an increase in income or reduction in expenditures.
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7. Conclusion

In conclusion, lenders can reduce defaults on consumer loans by using predictive models based
on the characteristics of the borrower and the loan. We have presented two such models, one
with and one without inputs from the lender, and shown how a chosen probability threshold
for default classifies observations as defaulting or non-defaulting. The lender can set the
threshold, preferably between 10 and 20 percent according to our results, and either reject or

reduce the cost of all loans that receive a higher probability of default than the threshold.

By implementing our method, lenders can reduce defaults and the associated costs. As
described by Kai-Morten Terning, leader for communication and public relations in Norway’s
largest provider of consumer loans, Bank Norwegian: “We do not wish our customers to
experience economic distress. It is not good for a bank, because we lose money, it is not good
for the individual, and it is not good for the society either.” (NRK, 2018). Defaults impose
heavy economic burdens on individual borrowers, while the lost loan amounts reduces the
profitability of the lenders. Furthermore, if the default rate for Norwegian consumer loans
continues to rise, the consequences will reach a macroeconomic scale, as banks and borrowers

alike fall under.

7.1 Further research

For further research, it would be interesting to implement the presented method for models on
continuous risk assessment of consumer loans, using time-series data instead of cross-sectional
data. This would include collecting and analysing variables relating to the down payments on

the loan.

Another research could be related to the national debt registry, which is currently being
implemented in Norway and is scheduled to be ready in 2019 (Trumpy, 2018). One could
improve the models presented in this thesis by taking advantage of the more transparent debt

information in the registry, and perhaps additional variables.
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Appendices

Appendix A: Definitions

Borrower — An individual or institution that borrows something, for instance money from a
bank (Cambridge dictionary, 2018). A person granted a consumer loan is a borrower for that

loan.

Ceteris paribus — All other things held equal. A phrase used to underline that an argument
only holds when all other conditions remain constant.

Consumer bank — A bank that focuses on issuing unsecured debt.

Consumer loan — An unsecured loan provided by a lender. Includes one-time loans and credit

card loans.

Correlation - A measure of the linear relationship between two sets of values (Woolridge,
2012, p.739). A high correlation coefficient might indicate a causal relationship between two

variables.

Collateral — Something a borrower put up as security for a loan, which the lender receives if

the loan defaults. Consumer loans do not include collateral.

Default — Failing to do something that you are legally required to do (Cambridge University
Press, 2018). When the borrower has failed to repay a debt payment, such as an interest charge,
90 days after it was due, the loan is considered defaulted (IASB, 2014) and unlikely to be

repaid in full.
Default rate — The proportion of defaults to the total amount of defaults and non-defaults.

Delinquency — A situation where a borrower is late or overdue on a payment (Investopedia,

2018). Extended loan delinquency leads to loan default.

Effective interest rate — The total cost of a loan, as a percentage of the loan amount. The
effective interest rate is a combination of the nominal interest rate and all additional fees
(Nordea, 2018).

IFRS — The abbreviation for International Financial Reporting Standards. All listed firms
within the EU and the EEA are required to comply with the most recently revised standards
of the IFRS.
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Lender — Someone that lends something to a borrower, with an agreement of receiving it back.
A bank that provides consumer loans is a lender for those loans.

Machine learning — A method of data analysis that automates analytical model building,

using a programming language such as R (SAS, 2018).

Nominal interest rate — The interest rate paid on a regular basis on the loan, excluding any
additional fees. Often denoted in annual terms, although payments are normally paid monthly.

Principal amount — The borrowed loan amount. Monthly payments on a loan is the monthly

interest rate times the remaining, unpaid principal amount.

Secured debt — Debt backed by a collateral that the lender receives if the borrower fails to
repay the loan. Consumer loans is an example of an un-secured debt, which holds greater risk

than secured debt since the lender might be left with nothing if the borrower fails.

Appendix B: Cleaning the data

Step 1: Excluding recent observations

Since default is not recognized until a payment is 90 days overdue, all loans provided within

104 days** of the date the dataset was collected has been removed.

Step 2: Removing insignificant variables

Some of the variables in the data were not relevant for the thesis questions, and was therefore
removed. One of these was agent ID, which is an identifier for which agent approved the loan.
While useful for the lender in order to evaluate the agents, it is not useful for modelling or
statistical purposes. Another insignificant variable was the date of the loans. After having
removed the most recent loans, the date provides no additional value to the analysis. Finally,
only five observations had a yearly bonus, so that variable was also removed along with the

five observations.

4 First payment is due 14 days after the loan is approved. No loan can default before 14+90=104 days has passed.
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Although the loan amount the borrower originally applied for is interesting for the analysis,
the variable was converted to a new variable called Difference from Applied for two reasons.
The first is that it is more interpretable to look at the actual difference between what the
borrower applied for and what they received. The second reason is that the correlation
coefficient between Loan Amount and Applied Amount was 0.9, meaning the variables were
strongly correlated and both should not be present during analysis (Lewis-Beck, p.60, 1980).
Applied amount was therefore replaced with Difference from Applied, calculated by

subtracting the values in Loan Amount with the values in Originally Applied.

Step 3: Dealing with missing data

Another common stepping-stone when cleaning data is dealing with missing values. This
could be a result of improper storing of data or lacking answer by respondents (Hair Jr. et al,
p.32, 2014). Missing values are dealt with in one of three ways: changing the value, removing

the observation or removing the variable.

In the dataset from the bank, 3 753 of the remaining observations had a missing value for
Education. Since Education is likely to be significant for the analysis, the observations with
missing data were removed. This also applied to 104 observations that had missing values in
either Employment, Living Arrangement or Civil Status, 94 observations with missing values

for wealth, and seven observations with missing values in Applied amount.

Some of the numeric variables also contained missing values that the contact at the bank
ensured corresponded to zero, including Children under 18, Rent Income and Other Income.

These values were converted to zero.

Step 4: Standardizing income and expenses

Income and expenses also needed to be standardised. While Gross Income was on a yearly
basis, Rent Income, Other Income and Rent Expenses were on a monthly basis. All of the
monthly variables were annualised to make the data more interpretable, by multiplying their

values with 12.

Step 5: Removing outliers

The final step of the cleaning process was removing outliers. Outliers are observations that are
substantially different from the majority of the observations for one or more of the variables.

Because of their extreme values, they might distort statistical testing and make the sample less
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representative of the population (Hair Jr. et al, p.63, 2014). Univariate detection® and a Z-
value®® of 3.0 was used to remove outliers from the dataset.

Appendix C: Table of the cleaning process

Original ~ Step 1 Step 2 Step 3 Step 4 Step 5 Final
Observations 17 784 16190 16185 12227 12227 10836 10836

Variables 29 29 26 26 26 26 26

45 Examining the distribution of the observations for each variable and removing observations that fall outside the given range
(Hair Jr. et al, p.64, 2014).

46 Assuming a normal distribution, excluding outliers outside of 3.0 Z-range will omit 0.26% of the observations, or one in
every 385 observation. (Woolridge, p.831-832, 2012).
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Appendix D: Correlation Matrix

Defau~90 LoanZAm~t Mortgage OtherL~s Studen~n Origin~t Princi~s

Default90 1.0000
LoanAmount -0.1181* 1.0000
Mortgage -0.0813* 0.le47* 1.0000
OtherLoans -0.0710* 0.3323* 0.1251* 1.0000
StudentLoan -0.0174 -0.0150 0.0501* -0.0007 1.0000
Originally~t -0.0973* 0.8942* 0.1200* 0.3401* -0.0233 1.0000
Principalf~s 0.04%96* 0.1403* 0.0420* -0.0462* 0.0039 0.1535* 1.0000
InterestRate 0.1le82* -0.4377* -0.2728* -0.1324* 0.0370* -0.3634* -0.0032
Co signer -0.0924* 0.3286* 0.0039 -0.0539* -0.0211 0.2963* 0.0027
Age -0.1156* 0.01le2 0.0832* 0.1607* -0.2501* 0.0114 -0.0393*
Man 0.0336* 0.0843* 0.0810* 0.0268* -0.0878* 0.0708* 0.0025
Master -0.0578* 0.2419* 0.1493* 0.079e* 0.1800* 0.221le* O0.1llel*
Bachelor -0.0039 0.0725* 0.0464* -0.0138 0.1712* 0.0586* 0.0371~*
PrivateOwner -0.0857* 0.06e9* 0.5915* 0.1024* -0.0060 0.0325* 0.0246
Intere~e Co sig~r Age Man Master Bachelor Privat~r
InterestRate 1.0000
Co_signer -0.2033*% 1.0000
Age -0.2235* -0.0111 1.0000
Man 0.0083 -0.0222 -0.0945* 1.0000
Master -0.1623* 0.0361l* 0.0359* -0.0382* 1.0000
Bachelor -0.0153 0.0114 -0.0493* -0.0440* -0.2859* 1.0000
PrivateOwner -0.2819* 0.0326* 0.1901* 0.0091 0.0425* 0.0366* 1.0000
Significance level: * p<0.01

Appendix E: Mallow’s Cp for model without lender input
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Appendix F: Coefficients and VIFs of two models w/ lender inputs

With Loan Amount Without Loan Amount

Predictors Coefficient VIF Coefficient VIF
Loan Amount -1.05E-06*** 1.50
(-2.67E-07)
Mortgage -9.78E-08* 1.38 -7.903E-0.8* 1.36
(4.10E-08) (4.04E-08)
Student Loan -1.78E-06*** 1.08 -1.69E-06*** 1.08
(4.82E-07) (4.79E-07)
Principal free Months 0.014*** 1.04 0.013*** 1.01
(2.37E-03) (2.33E-03)
Interest Rate 0.112%** 1.37 0.135*** 1.14
(0.014) (0.013)
Co-signer -0.804*** 1.15 -0.946*** 1.08
(0.150) (0.145)
Age -0.023*** 1.19 -0.022*** 1.18
(3.13E-03) (3.12E-03)
Married -0.395*** 1.41 -0.396*** 1.39
(0.083) (0.083)
Children_u18 0.143*** 1.26 0.159*** 1.25
(0.040) (0.039)
Gross Income -5.33E-07** 1.57 -8.05E-07*** 1.42
(2.18E-07) (2.09E-07)
Man 0.217*** 1.10 0.208*** 1.10
(0.073) (0.073)
Domestic Partner -0.183** 121 -0.183** 121
(0.081) (0.081)
(Intercept) -2.129*** -2.595***
(0.303) (0.288)

Significance levels: *** p<0.01 ** p<0.05 * p<0.1

Standard Errors in pharanteses
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Appendix G: Model accuracies using 15 percent threshold

With lender input Without lender input
Correct NO 2243/3 214 2 224/3 214
Correct YES 278/471 260/471
False NO 194/471 211/471
False YES 970/3 214 990/3 214
Correctly classified 68.41 % 64.27 %
Captured default 59.02 % 55.20 %

Appendix H: Model accuracies using 20 percent threshold

With lender input Without lender input
Correct NO 2 716/3 214 2 759/3 214
Correct YES 167/471 149/471
False NO 304/471 322/471
False YES 498/3 214 455/3 214
Correctly classified 78.23 % 78.91 %

Captured default 35.46 % 31.63 %



