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ABSTRACT

This dissertation consists of two essays on the FinTech lending market. I explore default in the
FinTech lending market using a dataset of both extensive credit and soft information for borrowers
from the largest FinTech lender in the United States. In the first essay, I study the default risk in this
market over the business cycle. I find that both macro and regional economic conditions play a role
in consumer default and should be taken into consideration when assessing credit risk. I show that
lenders operating in this market increasingly focus on subprime borrowers, whose default rates are
more sensitive to macro and regional economic conditions than those of prime borrowers. Based
on estimates from a duration model, I provide counterfactual analyses of what default rates and the
associated total losses would look like in different economic scenarios. In the case of a recession,
the losses would be 37 percent higher than in the case of an expansion. For the same volume of
loans in the recession, doubling the subprime share would lead to an additional 6.2 percent increase
in losses.

In the second essay, I provide an overview of some of the most common machine learning
methods used in modeling default risk and assess to what extent these methods are better than
traditional approaches. Using the same datasets as in the first essay, I explore the determinants
of default in the FinTech lending market. I apply different machine learning algorithms to predict
out-of-sample default. I find that some of the machine learning algorithms, such as extreme gra-
dient boosting and artificial neural networks, marginally outperform logistic regression. Annual
income, loan purpose, revolving line utilization, and interest rate are the most important variables
predicting default. Macro and regional variables are listed among the top 10 variables explaining

consumer default behavior.
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CHAPTER 1

1 FinTech Lending Default Risk over the Business Cycle

1.1 Introduction

The consumer lending market in the United States comprises one of the largest shares of the to-
tal U.S. credit market, with outstanding credit of $4 trillion (Reserve, 2021). Traditionally, this
market has been dominated by banks, which have served as "middlemen" between investors and
borrowers. However, recent developments in technology have created other matching options be-
tween parties through online platforms; known as marketplace lending (MPL) or FinTech lending[]
Utilizing advancements in data processing and credit assessment tools—such as machine learning
(ML) and artificial intelligence (Al)—lenders operating in the FinTech lending market claim to
offer loans much faster and cheaper than traditional channels.

This market has seen enormous growth since its inception—an average of 84 percent growth
per quarter—and many experts in the field think these platforms may revolutionize the banking
system. According to TransUnion, FinTech lenging market’s share of personal loan originations
has grown from 1 percent in 2010 to nearly 40 percent in 2018 Attracted by this growth, many
banks have started investing in FinTech loans through securitization channels and over time have

become the main source of capital for this market. As of today, about 68 percent of the investor

IThere are some other terms used for the same type of loans such as crowd funding or peer-to-peer (P2P) lending,
which was used initially when the structure of the market was different.

ZPersonal loans are unsecured installment loans that can be used for any purpose. They are typically short term,
small loans, with higher APRs than other types of installment loans. More about the distribution of personal loans by
lender category is in the Appendix. Retrieved November 10, 2020 from https://www.americanbanker.com/news/once-
dismissive-of-fintechs-traditional-lenders-now-feeling-their-bite



base in Lending Club—the largest online lending platform in the United States—are banks, and the
rest is composed of mutual and hedge funds, and other financial institutionsﬂ This way FinTech
lenders have been able to attract institutional capital to the market, which is expected to reach $450
billion or more by 2022 (S&P Global Market Intelligence, 2018)E]

Consumer default has been extensively studied in the banking and finance literature, especially
after the Great Recession. This paper seeks to shed light on the relationship between consumer
default in the FinTech lending market and the business cycle, while the existing literature mainly
focuses on determinants of default as a function of individual and loan characteristics. I consider
the aggregate business cycle as well as regional fluctuations, because my sample does not contain
many aggregate business cycles, so the use of regional cycles allows for more precise estimation.
Studying the relationship between default and the business cycle is important, because if FinTech
lenders are sensitive to macro and regional shocks and this market keeps growing at the present
rate, significant losses may amplify the business cycle or even have the potential to disrupt financial
stability.

In areport by Committee on the Global Financial System (CGFS) and Financial Stability Board
(FSB), New York Fed President William Dudley and Chair of FSB Klaas Knot write “A bigger
share of FinTech-facilitated credit in the financial system could have both financial stability benefits
and risks in the future..." CGFS-FSB| (2017). When these lightly regulated lenders asked for access
to the payment system, settlement services, and other tools, St. Louis Fed President James Bullard
told Reuters: “I am concerned that FinTech will be the source of the next crisis.’?]

I find that over time FinTech lenders increasingly focus on a relatively risky segment of bor-

rowers. The share of total loans issued to subprime borrowers has increased from 6 percent in 2009

3Retrieved September 07, 2020, from https://www.lendingclub.com/investing/institutional/banks.

4S&P Global Market Intelligence estimates that the market size has reached about $150 billion by 2018:Q2.
Another source projects this market to reach $1 trillion by 2025 (PricewaterhouseCoopers,|2015).

SRetrieved February 15, 2018 from https://www.cnbc.com/2019/01/14/reuters-america-fintech-firms-want-to-
shake-up-banking-and-that-worries-the-fed.html



to 20 percent in 2015. This has led to relatively higher default rates in this market—an average de-
fault rate of 14.2 percent—compared to the default rates on loans issued by traditional lenders. The
subprime mortgage market in the U.S. accounted for only 4 percent of the total mortgage market in
2006, but many research studies (e.g., Demyanyk and Van Hemert (2008)); Mian and Sufi (2009));
Brunnermeier| (2009)) consider the high default rates in this market and the associated total losses
the trigger for the financial crisis. “Because of amplification effects, even small trigger events can
lead to major financial crises and recessions” (Brunnermeier and Oehmkel, 2013)).

One important aspect when studying default behavior is the composition of loans by default
maturity because losses are larger for earlier defaults and visa versa. Another aspect is whether the
sensitivity of default to regional and macroeconomic shocks is different for subprime and prime
borrowers. I conduct counterfactual analyses of what default rates and associated total losses would
look like for different compositions of borrowers, economic scenarios, and changes in market size.
I simulate the economy for an expansion and downturn, and calculate how the average probability
of default varies across maturities. Using the default probabilities from a duration model combined
with the composition of loans in each maturity group, I predict the total losses. I perform the same
analysis for a scenario where the market size is tripled and the share of subprime borrowers is
twice as large.

I find that aggregate inflation and GDP, and the regional unemployment rate, and house price
growth (at the 3-digit ZIP code level) play a significant role in consumer default. Results from the
counterfactual analysis show that in the case of a recession the losses from defaults would be 37
percent higher than in the case of an expansion.

I show that subprime borrowers are more vulnerable to macro and regional shocks than prime
borrowers. The typical subprime borrower has 50 to 70 percent higher default probabilities than the
typical prime borrower. Moreover, doubling the share of subprime borrowers leads to an additional

6.2 percent increase in losses.



I complement the analysis by briefly studying how individual and loan information affects the
probability of default. In addition to the hard information provided, I use text analysis to ex-
tract soft information from the borrowers’ loan description provided in the process of application.
Searching for a list of keywords or common phrases that borrowers use to make positive s about
their credit-worthiness, I create other variables that are significant in predicting defaultﬁ

The rest of this paper is organized in the following order: Section 2 gives some background
information on how FinTech lending works and briefly summarizes the findings from the current
literature. Section 3 provides descriptive statistics for FinTech lending data, and macro and re-
gional economic indicators used in this study. Methodology and empirical results are in Section 4.
Section 5 discusses the implications of my findings (i.e., the counterfactual analyses) with changes
in market size, borrower composition, and different economic scenarios. Summary and some con-
cluding remarks are in Section 6. The appendix provides further details on the data, complementary

results, as well as additional figures and tables.

1.2 Background and Related Literature
1.2.1 Background on the FinTech Lending Market

The concept of peer-to-peer lending is as old as borrowing and lending to friends and family mem-
bers. Having access to credit this way was a solution for individuals with high social capital, but not
for others. Therefore, people started forming certain groups/circles to lend or borrow from each
other. The idea first began in underdeveloped countries with “lending circles” of entrepreneurs
helping other low-income entrepreneurs have access to capital (Conlin, [1999). Seeing its substan-
tial success, the idea spread quickly around the world. Initially in the United States, P2P lending
was implemented through 250 micro-lending programs to encourage economic activity in low-

income communities (Conlin, |1999). However, with the innovation of Web 2.0 technology in the

T follow (Carmichael| (2014) approach for the text analysis.
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late 90s, this concept changed and was taken to another level. People started using online sources
to borrow and lend to each other rather than just within small groups. This new way of lending is
part of the fast-growing financial technology (FinTech) industry which has seen enormous growth

since its inception. From a nationally representative survey, Adams et al.|(2017) find that only 25

percent of the U.S. consumers are aware of the FinTech lending market and only 11.7 percent of
them have applied for a marketplace loan, suggesting that this market is still quite unknown for the
majority of U.S. consumers.

Lending Club (LC) is one of the online lending platforms in the United States, alongside Pros-
per, Sofi, UpStart, VirginMoney, Marcus by Goldman Sachs, and others. Founded in 2007, LC
has grown remarkably and it has issued more than $56 billion in loans since its start until 2019:Q4
(Figure [I). This makes it the largest online consumer lending platform in the United States and a
major role player in the market.

TOTAL LOAN ISSUANCE

$56,798,449,007

$558 in loans issued as of 12/31/19
$508
$458
$408
$358
$30B
$258
$208
$15B
$108
0 e

Figure 1: Growth of the origination loans for LC
Source: Lending Club website

TOTAL LOANS ISSUED ($)

Note: This figure shows the cumulative total loan amounts issued by LC—the largest FinTech lender in the United
States—since its inception until 2019:Q4. Loan volumes have increased exponentially over time and the total amount
is about $56.8 billion by the end of 2019.

The FinTech lenders seems to have several competitive advantages relative to traditional lend-
ing channels. First, taking a loan through these platforms is faster. Utilizing systems that allow

them to screen borrowers in minutes after their application, saves consumers from the rigid and
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time-consuming loan application procedures. Second, utilizing the latest technological innova-
tions in data processing, extracting new information (unconventional or alternative data), and using
more sophisticated methods for credit assessment—such as machine learning (ML) and Artificial
Intelligence (Al)—lenders operating in this market claim to arrive at more accurate credit scor-
ing models for borrowers Third, FinTech lenders operate almost entirely online, with less to no
physical spaces. According to Maudos and Guevara (2004), bank operating costs are one of the
most important factors influencing interest rates. Online operation infrastructure removes the cost
of the “middleman,” potentially making these platforms able to offer loans at lower interest rates
compared to any other type of lending (Adams, |2018}; |De Roure et al., 2016).

The three main players in this market are borrowers, lenders, and the intermediary firm, i.e.,
the online platform. All of them benefit in certain ways. For borrowers, the process of getting a
loan is easier, less time consuming, and most of the times cheaper relative to getting a loan from
traditional lending channels For lenders, instead of putting their savings into a bank account and
getting a fixed interest rate—typically very low—investors can have higher returns by investing
their savings into giving loans to others. Earnings for the online platform are based on origination
and commission fees from monthly payments made on each loanﬂ

The online platform is the center point where borrowers and lenders interact with each other.
Potential borrowers fill out an online application, where they provide personal information about
their income, loan amount requested, the purpose of the loan, and more. Based on the information
provided, the applicant’s personal credit history, and other factors, the platform/firm accepts or
rejects the request. In case of acceptance, the firm assigns a risk score (or grade) which determines
the maximum loan amount this potential borrower can receive, the length of the loan, and the

interest rate to be paid. After the borrower accepts one of the loan options offered, the firm asks

"In a forthcoming paper, I provide evidence that machine learning methods outperform traditional econometrics
models used for borrower screening.

81LC charges one-time origination fees that vary from 2 percent to 6 percent and an extra 1 percent commission
fee for each payment made to investors.



the partner bank (WebBank is the partner bank that LC uses to initiate the loans) to initiate the
full amount of the loan to the borrower. Then the bank sells this loan back to the LC, which
puts the loan on its website and investors start funding it partially or fully through acquisitions
of tranches/notes. The platform is the place where the individual or institutional lenders have
the opportunity to quickly and easily invest in a diversified portfolio of loans. They can choose
to whom and how much they will lend based on their risk preferences. Furthermore, using the
automated investing option, lenders can earn compounded returns on their investmentsﬂ The role
of the online platform in this market is to do the match and screen out risky applicants. Utilizing
sophisticated risk assessment models these platforms offer investors opportunities for returns on a
pool of more trustworthy borrowers.

A major difference between a FinTech lender and a bank is that the former is not as aggressive
as the latter in collecting the debt (Carmichael, 2014), which may result in an enormous quantity

of defaulted loans.

1.2.2 Related Literature

This market has received recent attention from researchers. Many studies focus on the FinTech
lending market, with some addressing the potential reasons for the market emergence, others fo-
cusing on the technology used by these platforms and the information asymmetry problem, and
few examining the performance of loans issued through these platforms. [Emekter et al.|(2015) use
a logit model to estimate the important factors of LC customer default. They find that credit grade,
debt-to-income ratio, FICO score, and revolving line utilization have an important role in default.
Carmichael (2014) uses more sophisticated techniques, where he combines both extensive credit
information and soft data to perform a more “thorough” analysis of consumer credit. He finds

that the FICO score, borrower-initiated credit inquiries, income, and loan purpose are the most

ghttps ://www.lendingclub.com/investing/investor-education/automated-investing.
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significant variables for explaining default. |Serrano-Cinca, Gutierrez-Nieto and Lopez-Palacios
(2015) use univariate means tests and survival analysis to analyze the LC loan performance for
loans issued during 2008—2014. They find that factors that best explain default are loan purpose,
annual income, current housing situation, credit history, and indebtedness. Also by using a lo-
gistic regression model, they conclude that the LC assigned grade is the most predictive factor of
default, but it can be improved by adding other information. De Roure et al. (2016)) examine the
interaction between bank lending and lending via FinTech online platforms in Germany. Their
model predicts that transaction loans migrate to FinTech lending market and conclude that the de-
cline in bank lending is correlated with the emergence of FinTech lending. Moreover, they find
that risk-adjusted interest rates from FinTech lending are lower compared to those on bank loans.
Similarly, |Adams| (2018) in his empirical study finds that FinTech lenders potentially offer lower
interest rates compared to credit cards. |Dietrich and Wernli (2016) analyze the determinants of
interest rates in the FinTech lending market in Switzerland. Other than the significant effect of
loan-specific and macro variables on the interest rates, they also find some discrimination by the
lenders. Borrower-specific factors such as economic status have an important role in the lender’s
evaluation of borrowers’ credit risk.

During the last few years, researchers from the Federal Reserve have been interested in this
market. Jagtiani and Lemieux| (2018) find that LC consumer lending activities have penetrated
areas that are underserved by banks, and that the portion of the loans increases in areas where the
local economy is not performing well. Jagtiant and Lemieux| (2017) find that borrowers who took
a loan from LC, on average are riskier than borrowers who choose to take a loan from banks. Also,
they provide empirical evidence that for the same risk of default, consumers in FinTech lending
market pay lower interest rates relative to traditional lending channels. Wang| (2018) discusses

how the advancements in information technology have affected the boundary of the firm in the



retail lending market. She suggests that FinTech lenders’ superior systems of information technol-
ogy gives them the ability to collect and process information more effectively and efficiently, and
this have played an important part in the rapid growth of the market. Hertzberg, Liberman and Par-
avisini (2018)) find that borrowers self-select into different loans based on their private information.
They find that borrowers who choose longer maturity loans are more likely to default. Mach, Carter
and Slattery (2014)) find that small businesses who took a loan in the FinTech lending market paid
an interest rate two times higher relative to small business loans from traditional sources. Also,
they find that loans taken for business were on average larger compared to other types of loans
and had a higher probability of default. Dore and Mach| (2019) find that borrowers who used the
FinTech lending market, ex-post have higher credit scores and lower credit card utilization rates in
the short term, but higher total debt levels in the long run relative to non-users of this market.

A number of studies from the banking and finance literature shows that macro and regional
economic conditions play an important role in consumer default, even conditioning for different
loan types. |Gross and Souleles (2015]) analyze credit card default estimating duration models.
They find the unemployment rates and house price indices are among the significant variables in
predicting default. |Agarwal and Liu (2003) show that county unemployment rates significantly
influence default in credit cards market. After the Great Recession a number of studies focuses on
the determinants of default in non-performing loans (NPLs). |Louzis, Vouldis and Metaxas| (2012)
look at the determinants of NPLs in the Greek banking sector. They show that GDP growth and the
change in unemployment rate are among significant variables that explain NPLs and are positively
and negatively correlated with NPLs, respectively. |Ghoshl (2015) studies the impact of macro
and regional economic determinants on NPLs for all commercial banks and savings institutions
in the United States. He finds that Real GDP and HPI reduces NPLs, while inflation and state

unemployment rate are significantly positively correlated with NPLs.



1.3 Data and Descriptive Statistics

1.3.1 FinTech Lending Market Data

My source of loan-level data for the FinTech lending market is LC. In its beginning, the online
platform offered only three-year term loans and in May 2010 started offering five-year term loans.
The data used for this study includes all three-year matured loans issued between January 2009
to December 2015 with a total of 597,391 loans (Figure . I choose to use the universe of loans

with clear payment status outcome—completed spell data with clear outcome status—to avoid data

censoring issues.

300

200

100

#loans issued by orig year (in'000)

2009 2010 2011 2012 2013 2014 2015
Figure 2: Three-year loan volumes growth by origination year

Note: This figure shows the universe of three-year term loans issued by LC between January 2009 to December 2015

used in this study. In total there are 597,391 loans issued, with an average annual growth of 103%. In a very short
period, the number of loans has increased exponentially. More specifically, the total number of loans originated in
2015 is 56 times higher compared to loans originated in 2009.

Some of the loan and individual-specific variables with their respective description used for
this study are shown in Table [l A few other variables are generated based on the information
given from the same dataset. For instance, to create the variable claim creditworthiness, 1 follow
Carmichael (2014) approach and use text analysis to capture soft information about the borrower

from the loan description provided in the process of application.
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Table 1: Definitions for the main variables used in the statistical analysis

Variable Description

loan amnt The listed amount of the loan applied for by the borrower. If at some point in time, the
credit department reduces the loan amount, then it will be reflected in this value.

int rate Interest Rate on the loan.

credit grade

home ownership

annual inc
issue date

last pymnt date
months passed*
loan status
default*

claim creditworthiness*
purpose

desc

zip code

FICO

dti

delinq 2yrs

inq last 6mths
open acc

revol util

acc now delinq

chargeoff within 12mths

LC assigned loan grade.

The home ownership status provided by the borrower during registration or obtained

from the credit report. Our values are rent, own, mortgage, and other.

The self-reported annual income provided by the borrower during registration.
The month in which the loan was funded.

Last month payment was received.

months passed since the loan is issued until the last payment date.

Current status of the loan: charged-off or fully paid.

100 if default, O otherwise based on the loan status.

1 if the borrower uses some positive keywords in loan description and 0 otherwise.
The borrower’s claim on the purpose s/he is using this loan.

Loan description provided by the borrower.

The first 3 numbers of the zip code provided by the borrower in the loan application.
The borrower’s FICO at loan origination.

A ratio calculated using the borrower’s total monthly debt payments on the total debt
obligations, excluding mortgage and the requested LC loan, divided by the borrower’s

self-reported monthly income.

The number of 30+ days past-due incidences of delinquency in the borrower’s credit

file for the past 2 years.
The number of inquiries in the past 6 months (excluding auto and mortgage inquiries).
The number of open credit lines in the borrower’s credit file.

Revolving line utilization rate, or the amount of credit the borrower is using relative to

all available revolving credit.
Number of accounts on which the borrower is now delinquent.

Number of charge-offs within 12 months.

Note: This table shows the definitions of the variables used in this study. The explanation for most of the variables is

taken from the data dictionary file. Variables with * are derived/created from other variables present in the data.

I search for a list of keywords that borrowers make to claim their creditworthiness and positive
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nn "non;:

trustworthy," "integrity,

"non

character attributes, such as "responsible, always pay," and "never
late," and words associated with job security such as "steady," "stable," and "stability." I also
include some words that borrowers use in a variety of ways, such as "reliable" and "always been."
Claim creditworthiness is a dummy variable indicating whether the borrower uses at least one of
these keywords in his/her loan description.

The descriptive statistics for loans and individual characteristics are provided in Table [2] The
median individual annual income is $60,000, which seems to be higher than expected compared
to $32,632 as reported by U.S. Census Bureau in 2015@] The average size of issued loans is
about $12,300 which shows that the majority of borrowers use LC for small amount of loans. The
average monthly interest rate charged is 12.5 percent. On average, loans are paid after 24 months.
This is low because some people paid the loan before the due date, while some others stopped
paying. Out of 597,391 loans issued 85,027 of them were not fully paid back, making the average
default rate about 14.2 percent. On average, borrowers have a FICO score of 698 with a minimum

of 662, a maximum of 848, and a median of 692. The average debt to income ratio is 17 percentE]

On average a borrower has 11 open credit lines and 24 total credit lines.

10Retreived August 12, 2019 https://fred.stlouisfed.org/series/MEPAINUSA672N.
A ratio calculated using the borrower’s total monthly debt payments on the total debt obligations, excluding
mortgage and the requested LC loan, divided by the borrower’s self-reported monthly income.
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Table 2: Summary statistics of matured loans with 36 month term (originated Jan 2009 - Dec 2015)

Statistic Mean St. Dev. Min Median Max Skewness Exc. Kurtosis
annual inc $71,149 $58,268 $1,896 $60,000 $8,706,582 38.09 4291.2
loan amnt $12,284  $7,560 $500 $10,000 $35,000 1.06 0.76
int rate (%) 12.53 3.871 542 12.50 26.06 0.37 -0.20
months passed 24.07 11.048 0 26 36 -0.42 -1.15
defaulted (%) 1423  34.273 0 0 100 2.12 2.51
claim creditworthness 0.023 0.149 0 0 1 6.43 39.33
FICO 698.0 31.251 662 692 848 1.27 1.59
dti (%) 17.0 7.951 0 16.5 39.99 0.24 -0.52
delinq 2yrs 0.29 0.811 0 0 29 5.54 57.13
inq last 6mths 0.78 1.071 0 0 33 2.24 15.57
open acc 11.02 4.992 1 10 84 1.21 3.07
revol util (%) 5478  23.834 0 55.8 892.30 -0.07 3.47
total acc 24.45 11.615 1 23 162 0.86 1.13
acc now deling 0.004 0.068 0 0 5 20.54 560.74
chargeoff within 12 mths 0.008 0.100 0 0 7 16.78 410.48

Note: This table displays summary statistics for loan and individual attributes of three-year matured loans used in this
study. Interest rate, defaulted, debt-to-income ratio, and revolving line utilization are in percentages; borrower self
reported income and the loan amount issued are reported in U.S. dollars.

LC assigns a risk grade to each borrower based on the evaluation for credit riskiness to default.
There are seven grade categories from A-G with each category having 5 different subgradesE]
Therefore, in total there are 35 different subgrades from A1-G5 with Al for borrowers with the
lowest risk to default and G5 for borrowers with the highest default probability. These subscores
decide the interest rate a borrower is expected to pay, the max amount they can borrow, and the
term of the loan. Table [3| shows the distribution of loans by LC’s grade and by the FICO score.
The majority of borrowers have a grade of B, which makes about 34 percent of originated loans or
issued amount. Borrowers with grades A and C have received 23 and 26 percent of the loans and
about 25 and 24 percent share of the total amount invested, respectively. Besides, borrowers with

very high credit risk, i.e., category F and G make less than 1 percent of the issued loans. Given

12As of 11/07/2017 LC has stopped issuing loans to borrowers that fall in the risk category of F and G.
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the high default rate in this market (about 14.2 percent), this shows that the majority of default-
ers are in other LC assigned grades rather than in the riskiest categories E, F, and G. This rises

questions/concerns about the accuracy of the risk assessment models LC uses in pricing loans

Table 3: Distribution of loans by LC assigned grade and FICO score

Panel A: Grade #loans % amount ($ million) %
Grade-A 138,608 23.20 1,928.43 25.83
Grade-B 204,373 34.21 2,531.14 33.91
Grade-C 155,929 26.10 1,847.57 24.75
Grade-D 73,294 12.27 863.15 11.56
Grade-E 20,567 3.44 246.53 3.30
Grade-F 4,090 0.68 40.90 0.55
Grade-G 530 0.09 6.83 0.09
Panel B: FICO #loans % amount ($ million) %
Subprime (662 < x < 669) 108,311 18.13 1,150.67 15.42
Good (670 < x <739) 428,813 71.78 5,476.68 73.37
Very Good (740 < x <799) 54,347 9.10 756.16 10.13
Exceptional (800 < x) 5,920 0.99 81.05 1.09
Total 597,391 100.00 7,464.55 100.00

Note: This table displays the share of loans issued to borrowers according to the LC assigned grade and traditional
FICO score. In more detail, the rows in Panel A show the possible grades assigned by LC, while the columns represent
the total number of loans issued to that particular grade, the share in terms of quantity, total amounts issued to that
particular grade, and the respective share from total amounts issued. The rows in Panel B show the credit-worthiness
categories of borrowers based on their FICO scores according to Equifax consumer credit reporting agency while
columns represent the number of loans, quantity share, total amounts issued, and the respective share from total
amounts issued for each particular category.

Expressed in FICO score terms, 72 percent of all loans are served to borrowers in the Good
credit category, 18 percent to the Subprime, and the rest to borrowers in the Very Good or Excep-
tional group. In terms of monetary value, $5.5 billion has been issued to the Good borrowers.
The categories Very Good and Exceptional have received a total of $837 million, and Subprime
borrowers about $1.2 billion. Close to 90 percent of the loans issued in this market have gone to

borrowers in the bottom distribution, as I will discuss this later in this section.

13This topic is beyond this paper and is discussed in Azizaj (2020b)
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The distribution of FICO categories for each LC grade is shown in Figure [3] More than 55
percent of borrowers in each grade falls in the Good category. The share of Subprime borrowers
is about 4 percent in grade A and it keeps increasing as we move to riskier grades—40 and 43
percent in grades F and G, respectively. Some borrowers in the Subprime category can take loans
with very low-interest rates, while others with very high FICO scores pay higher prices relative to
getting a loan from banks. This suggests that LC follows a very different risk assessment model

compared to traditional lending channels where FICO scores play a significant role in default risk

evaluation. These findings are consistent with those of [Jagtiani and Lemieux| (2017)) and

(2018).

FICO.category M Exceptional M Very Good M Good M Subprime

100%-
75%-
50%-
25%-
0%-
A B C D E F G

Figure 3: Share of FICO categories in each LC grade

Loan Share

Note: This figure shows the distribution of loans issued to borrowers with different FICO category (Subprime, Good,
Very Good, and Exceptional) for each LC grade. Grade A represents borrowers with the lowest default risk and grade
G borrowers with the highest default probability.

FigureH](left) shows the share of loans by origination year in the FinTech lending market issued
to subprime borrowers between 2009-2015. During the first three years of our analysis (2009—
2011), the share of subprime borrowers varies between 6 to 8 percent and increases significantly

after 2011 until it triples in 2014. Figure [ (right) shows the default rates in the FinTech lending
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market relative to traditional consumer loans and credit cards.Default rates for consumer loans
offered through FinTech lending are higher relative to other consumer loans issued by traditional
financial institutions. The default risk diverges after 2010 because lenders operating in the FinTech
lending market increasingly focus on a relatively risky segment of borrowers, for which it appears
that they have a comparative advantage relative to traditional lenders. A potential reason is that

these lenders are less regulated compared with banks.

All consumer loans - = - credit cards FinTech
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Figure 4: Share of subprime loans by origination year and charge-off rates
Source: Federal Reserve, LC, and author’s calculations.

Note: The figure on the left shows the share of loans issued to subprime borrowers by each origination year. In the
first years, the share varies between 6 to 8 percent which increases significantly after 2011 and triples in 2014. The
figure in the right shows the default rates of loans issued in the FinTech lending market (the blue line) relative to

default rates of consumer and credit cards issued by banks (red and green line, respectively).

Figure [S|shows the distribution of total loan amounts by state capita and their respective default
ratesE] States with the highest ratio of the loan amount per state capita are Nevada (NV), and the
District of Colombia (DC) closely followed by New Jersey (NJ), and New York (NY). States with
the lowest ratio of loan amounts per capita are Maine (ME), Nebraska (NE), and North Dakota

(ND). States with the highest ratio of the loan per capita, NV, DC, NJ, and NY have default rates

l4State population base year of 2010. Iowa (IA) and Idaho (ID) have very few loans during the timeline of our
analysis, so I have excluded them from the map.
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of 17.7 percent, 9.6 percent, 14.9 percent, and 15.6 percent, respectively. In this case, we can
say that investors funding loans in Nevada (NV) are more exposed to risk because on average
borrowers in NV have a higher probability of default compared to other borrowers living in DC,
NJ, and NY. The states with the highest default rates are Mississippi (MS), NV, Arkansas (AR), and
Oklahoma (OK) with associated rates of 19.3 percent, 17.7 percent, 17.5 percent, and 17.0 percent,
respectively. The states with the lowest default rate are New Hampshire (NH), DC, Vermont (VT),

and ME with respective default rates of 9.4 percent, 9.6 percent, 10.3 percent, and 10.7 percent.

loan per capita ($)

default rates (%)

175
15.0
125
10.0

Figure 5: Distribution of loans by state capita and default rates across states

Note: The first figure shows the distribution of loan amounts per state capita and the second figure shows the respective
default rates by each state.
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1.3.2 Macro and Regional Data

Other than the loan or individual-specific variables, other factors push a borrower towards default.
These exogenous factors might be regional or macro shocks. Referring to other similar studies
from banking and finance literature, I use the macro and local variables that were found to be
significant on default for non-performing loans. I base my initial selection of variables on theory
and results from the empirical research (Agarwal and Liu, |2003; Louzis, Vouldis and Metaxas|,
20125 Ghosh, 2015)). The macroeconomics factors that I include in my model are GDP growth and
inflation, which give information about how the economy is doing at a national level. Regional
variables that serve as proxies for local economic conditions are the unemployment rate, and house
price index (HPI) both at the 3-digit ZIP code level. All macro and regional variables expand
between 2008-2018.

Table ] shows the summary statistics for these variables. Macroeconomic indicators are at the
national level and yearly frequency. Average GDP growth for the United States during the years
of our analysis is 1.6 percent and the average inflation between 2008-2018 is 1.7 percent, with a
minimum of —0.4 percent in 2009 and a max of 3.8 in 2008. Unemployment rate statistics are drawn
at the county level and monthly frequency. The verage change in the unemployment rate is close to
zero, with some counties experiencing a significant decrease in the unemployment rate (e.g., —4.4
percent change in the unemployment rate) and other counties with an increased unemployment
rate (e.g., 7.8 percent increased unemployment). The unemployment rate is a lagging indicator
and is expected to increase in case of a downturn when the jobs become more scarce. A borrower
who loses his or her job has a higher probability of default on a loan compared to someone who is
employed, all other variables equal. This is why we should take into consideration the location and
the timing when issuing a loan and calculating the credit risk of a potential borrower in accordance.
House price indices also are proxies for the regional economy. I present the summary statistics

drawn at the 3-digit ZIP code level and quarterly frequency. The average change in HPI is 1.05
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with a minimum of —32.7 percent and a maximum of 22.4 percent at some 3-digit ZIP code level

and quarterly frequency.

Table 4: Summary statistics of macro and regional variables (2008-2018)

Statistic Mean St. Dev. Min Median Max Skewness Exc. Kurtosis
GDPGR (%) 1.62 1.65 2.75 203 2.88 -1.63 1.65
INF (%) 1.74 1.20 -0.40 1.60  3.80 -0.11 -0.77
UNEMPGR (%) -0.06 1.37 —4.35 041 7.84 1.75 3.59
HPIGR (%) 1.05 5.77 -32.68 1.26 22.44 —0.80 3.02

Note: This table shows the summary statics for national and regional variables used as proxies for macro and regional
shocks in this study. GDP and inflation are at the national level and yearly frequency, unemployment, and house price

indices are at 3-digit ZIP code level aggregated at yearly frequency. All variables are in growth terms and expand
between 2008-2018.

Figure [6|shows growth rates for the U.S. wide GDP and inflation rate, and the 3-digit ZIP code
regional variation for the growth rates of the unemployment rate, and HPI between 2008-2018.
During this time frame, the U.S. economy has been in a continuous expansion and with small
fluctuations on GDP growth and inflation. However, there is a lot of variation in growth rates of

unemployment and HPI across 3-digit ZIP code regions.
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Figure 6: Macro and regional variables over time

Note: The figure in the top left corner shows U.S. wide GDP growth over time. The figure on the top right corner shows
the time series of inflation rates. The figures in the bottom show the distribution of growth rates for unemployment

and HPI across 3-digit ZIP-code-levels over the time frame of this study.

1.4 Methodology and Empirical Results

The main idea of this paper is to see whether regional and macroeconomic shocks play a role in
the default probability of consumers in the FinTech lending market. Even though the economic
conditions might be the same, some borrowers file for bankruptcy and others do not. Conditional
on default, some people stop paying in the earlier stage of the loan while others stop paying towards
the end of the maturity date. So, what are the drivers of default? Are certain categories of borrowers

more sensitive to economic conditions than others? How does the probability of default change if
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the economic conditions had been different and how that changes the total losses in the economy?

In this section, I am going to show three types of analysis to answer the questions risen in
this paper. First, I am going to analyze which factors play a significant role in default for the
FinTech lending market (micro and macro variables). Second, I introduce the notion of timing in
default and do the analysis year by year using a discrete hazard model. Third, I analyze the default
behavior for different borrowers subgroups and see whether prime vs. subprime borrowers respond

differently to macro and regional shocks.

1.4.1 Opverall Loan Default

Individual and loan information might not be available to policy-makers but for completeness and
comparison with the current literature, I will show the results that include loan information, indi-
vidual characteristics, and macro and regional variables. The following linear probability model

will give us the factors that play a key role in default for the FinTech lending marketE]

defaulted;,, = B, + B, - GDPGR, + B,INF, + B;AUNEMPR  ; + 8, %AHPI |

+a-X;+y-L;+¢,. .
The dependent variable is a default dummy for the loan issued to individual i, at region r, at the
origination year f. All macro and regional variables are in growth values at loan origination year
t. Individual variables such as annual income, FICO, home ownership, debt to income ratio (dti),
etc. are in the X vector of dimension 13x1 and all variables related to the loan such as interest rate,
and loan amount are in the L vector with dimension 2x1. Instead of raw data, I use standardized
values. This transformation will put independent variables on a common scale with unit variance

and therefore it will be easier to compare the magnitude of coefﬁcientsm

131 also perform the same exercise using a logit model. The results are similar and available upon request.
16Non-standardized regression results are shown in Appendix A.
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Higher GDP growth is translated to a healthier economy, which reduces the probability of de-
faulting for consumers. So I expect a negative coeflicient for GDPGR. High inflation may benefit
borrowers because it lowers the value they are paying back to the lenders. So the higher the infla-
tion rate the lower the probability of default. However, higher inflation also means that consumers
are spending more for the same basket of goods and services if the wages are lagging behind the
prices, which might leave borrowers with less money to pay the loan, and therefore, a higher prob-
ability of default. So both positive and negative coefficients for INF are intuitive and interpretable.
In regions where the unemployment rate is increasing, the probability that a borrower will be unem-
ployed next year is higher, which will increase the chances of him or her not making payments on
an existing loan. I expect a positive coeflicient for AUNEMPR. The higher the percentage change
in HPI in a particular region means houses are more valued. If the borrower is a home owner this
means s/he possesses more wealth, which lowers the default probability because s/he can borrow
against the house value. However, if a borrower rents, this is an indicator of higher rent prices
in that area, therefore, the lower probability to pay the debt obligations which might increase the

default probability. Both positive and negative signs for %AHPI are intuitive and interpretable.
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Table 5: Linear Probability Model of Default Behavior - Overall (with micro and macro variables)

defaulted

(1) 2 3)
constant 33.01%**(1.10) 14.20%**(0.05) 33.57**%(1.16)
FICO -1.50%**(0.06) -1.24%%*(0.06)
int_rate 5.14%%%(0.05) 5.50%%%(0.06)
loan_amnt (log) 2.02%*%%(0,08) 2.06%**(0.08)
home_ownership.rent 2.40%*%(0.09) 2.51#*%%(0.10)
annual_inc (log) -3.57*%*%%(0.11) -3.65%**%(0.11)
verification_status. Verified 1.51*%*(0.10) 1.20***(0.10)
claim creditworthness -1.92%**((0.38) -1.48*%**%(0.41)
dti 1.53*#%(0.05) 1.35%#%(0.05)
delinq 2yrs 0.22%#%(0.05) 0.20***(0.05)
inq last 6mths 1.04*#%(0.05) 1.11%%%(0.05)
open_acc 1.03*#%(0.06) 0.93*#%(0.07)
revol_util -0.63***(0.05) -0.48%**(0.06)
total_acc -0.79%**(0.06) -0.65%**(0.07)
acc_now_delinq -0.06(0.04) -0.08*(0.05)
chargeoff_within_12_mths -0.05(0.04) -0.07(0.05)
GDPGR_Y1 -0.10%(0.06) -0.67%**(0.06)
INF_Y1 -0.96%%*(0.06) -1.27%%%(0.06)
AUNEMPR_Y1 -0.39*#*(0.05) -0.39%**(0.05)
%AHPI_Y 1 -0.25%%%(0.06) -0.48%**(0.06)
Observations 597,391 550,146 550,146
Adjusted R? 0.05 0.001 0.05
Residual Std. Error 34.11 (df = 597,375) 34.90 (df = 550,141) 34.04 (df = 550,126)
F Statistic 1,968.757*** (df = 15, 597,375) 109.037*** (df = 4; 550,141) 1,501.506%*** (df = 19; 550,126)

Note: This table shows the results for the linear probability model of default behavior with individual characteristics,
loan attributes, and macro and regional economic indicators at the time the loan is originated. I use the natural log
of all variables that are in dollar amounts ($) such as annual income and loan amount. Categorical variables status is
modified to fewer categories. For example, verification status categories of verified and source verified as Verified and
the rest is kept unchanged. Home ownership categories of mortgage and own as own, and the rest of categories as rent.
Claim creditworthiness and dependent variable defaulted are dummies. All other variables are in standardized values.
#k% (*#%) [*] indicate significance at the 1 (5) [10] percent level.

Table [5| shows the estimated results with and without macro and regional variables. The ma-
jority of loan and individual variables are significant and have the expected signs. The variable
that best explains default is the interest rate. The higher the interest rates the higher the probability
of default on a given loan. One standard deviation increase in interest rates increases the default

probability by 5.1 percentage points. The FICO score has a negative impact on default, meaning
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the higher borrower’s FICO score the lower the risk of defaulting. The higher loan amounts, debt-
to-income ratio, delinquencies in the last two years, inquires in the last 6 months, the number of
open accounts are, the higher the probability that borrower will default on a given loan. Also, the
borrowers who rent have a higher risk of default than those who are homeowners. Borrowers with
a high total number of credit lines currently in their credit file have a lower probability of default.
This is because borrowers with more credit cards have the opportunity to manage debt by using the
other cards to pay the minimum amounts required. The number of accounts the borrower is already
delinquent does not play a role in the default probability. An interesting finding is the significance
of the coeflicient for the variable that borrowers make positive claims on their credit-worthiness,
which is constructed based on text analysis of the loan description given during the application
process. Therefore, borrowers who claim that they will pay back the loan because they have a
stable job and/or they are reliable, have a lower probability of default.

All macro and regional variables are significant. High GDPGR in the year a loan is issued is
an indicator of a healthy economy. Therefore, borrowers are more confident to pay back the loan
and this lowers the risk of default. High inflation is a benefit for borrowers because the value of
the loan paid back will be lower. Therefore, higher inflation rates incentivize borrowers to pay
back the loan. The coefficient for the unemployment rate is significant, but with a negative sign.
The unemployment rate is a lagging indicator, so the interpretation for the coefficient of change in
the unemployment rate is hard to draw any conclusion. Higher the percentage change in HPI at
the time a loan is issued lowers the chances the borrower will default. A one standard deviation
increase in HPI inflation at the year the loan is issued decreases the probability of default by 0.48
percentage points. Overall, the significance and direction of the estimates for macro and regional
variables are the same when we add individual and loan characteristics. This indicates that macro
and regional variables are robust to the exclusion or inclusion of individual and loan attributes.

Because the focus of this paper is on macro and regional variables, I will focus on the sensitivity
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of default to these variables from now on.

1.4.2 Importance of Timing in Default

Whether a borrower defaults in the first month after taking a loan or one month before the maturity
date—when s/he has already paid almost the loan—the consequences are the same: borrower’s
credit score will plummet and the default remains in the credit report for 7-10 years. Therefore,
it is going be hard for a borrower to take other loans from other places, and even if s/he can, the
interest rates will increase significantly. This means that if a borrower knows that s/he is going to
default on a loan, it is optimal to stop making payments from the beginning. This way s/he will
have higher gains than defaulting at a later stage of the loan.

The existing literature has modeled the default for the FinTech lending market focusing on
the overall default status of a loan only (i.e., whether a borrower defaults or not). However, we
should not care only whether a borrower goes bankrupt or not, but also the time this event happens.
Why should we care about the timing people default? Earlier a borrower stops making payments
on a loan, higher the losses for the lenders, and vice versa. Imagine an extreme scenario where
all people default in the third year (i.e., last year of the maturity). In this case, the losses would
be small because borrowers have already paid 2/3 of the loan. However, if all borrowers default
in the first year of the loan than the losses would be much higher since they are paying a very
small portion of the loan. Therefore, the composition of default plays an important role in the
destabilizing potential for the economy.

Table [ shows the timing when borrowers choose to default and the respective losses for three-
year matured loans used in this study. Conditional on default, 37 percent of borrowers have stopped
making payments within 12 months after taking the loan, causing a total loss of $337.3 million.
The majority of defaulters file for bankruptcy in the 2nd year of the loan, 42 percent, therefore

creating a total loss of $229.3 million. Fewer people stop paying in the 3rd year, 21 percent with a

25



total loss of $44.1 million. It is important to realize that even though the majority of borrowers have
defaulted in the second year of the loan, when we focus on losses, the ones who have defaulted
in the 2nd and 3rd year together do not add up the losses of the ones defaulted in the Ist year.
Therefore, the composition of default-time in the FinTech lending market is important and should
be taken into consideration.

Table 6: Default distribution by maturity and associated losses

#loans % Total share Losses ($ million) % Total share
defaulted_1stY 31,989 37.6% 5.35% $337.3 55.23% 4.52%
defaulted_2ndY 35,441 41.7% 5.93% $229.3 37.55% 3.07%
defaulted_3rdY 17,597 20.7% 2.95% $44.1 7.22% 0.59%
Total defaults 85,027 100% 14.23% $610.7 100% 8.18%

Note: This table shows the default distribution by duration and the associated losses. The dataset I use does not
include intermediate payments but includes the total amount paid together with the total interest and installments. It
updates periodically. Among all other variables, only the date of the last payment and loan status are updated over

time.

I examine the impact of macro and regional shocks on default using a discrete hazard model.
I split the timing of default in three different categories: the ones who defaulted within the first
year after taking the loan, the ones who defaulted in the second year of duration and the ones who
defaulted in the third year of duration (in the remainder of the paper I will call these as "1st year",
"2nd year" and "3rd year", respectively). To capture which group of borrowers is more sensitive

towards the business cycle, I run the following regressions:

defaulted_1stY. = a, + a subprime. + o GDPGR + « INF
irt 0 1 i 2 t 3 t (2)
+ a 4AUNEMPR” + aS%AHPI” +e
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defaulted_2ndY, = pf + B subprime, +5,GDPGR  +pB.INF

(3)
+B,AUNEMPR _ +B.%AHPI _ +e€,

1 irt

defaulted_3rdY, =y, + vy subprime +y,GDPGR  +v.INF ,

“4)

2 irt

+y,AUNEMPR _ +y %AHPI _ +€, .

For x € {1,2,3}, the three different dependent variables for default are constructed as follows:

100, if defaulted within the x" year
defaulted_x =

0, otherwise

The variable subprime, is a dummy variable created from the FICO score. If the borrower’s
FICO score is between 662 and 669 subprime equals one, and zero otherwise. Equation [2]includes
all observations, while I am excluding the borrowers who did not survive the default event in the
Ist year for equation [3| and excluding defaulters from the 1st or 2nd year in equation 4] Every
macro and regional economic variable is at the year the default event has happened.

Table [7 shows the results from the discrete hazard model. The first group seems to be mostly
sensitive to macro shocks. Significant coefficients have the expected signs. One standard deviation
increase in GDPGR decreases the probability of default by 0.28 percentage points. One standard
deviation increase in GDP growth at the year loan is issued reduces the default probability by
0.24p.p. One standard deviation increase in inflation decreases the average default probability by
0.24 percentage points. Regional variables seem to have little to no significant effect on the default
probability for the first year of the loan. Among all macro and regional variables for the second year

default, GDP growth and change in unemployment rate seems to be the most significant factors

27



effecting default, and both have the expected sign. One standard deviation increase in GDP growth
at the second year of the loan decreases default probability by 0.13 percentage points. Change in
unemployment seems to have the highest impact on default among all macro and regional variables.
While HPI inflation does not seem to play an important role on the default event for the first and
second group, it is the only variable that is significant for the third group. One standard deviation

increase in the HPI inflation decreases the default probability by 0.1 percentage points.

Table 7: Estimation Results from the Discrete Hazard Model

defaulted_1stY

defaulted_2ndY

defaulted_3rdY

constant 4.883***(0.034) 5.699***(0.037 ) 3.018***(0.028)
subprimel 2.685***(0.079) 3.128%**(0.088) 1.587**%(0.068)
GDPGR_Y1 —0.282%*%%(0.039)

GDPGR_Y2 —0.113**(0.040)

GDPGR_Y3 0.096*(0.040)
INF_Y1 —0.239**%(0.038)

INF_Y2 —0.084%*(0.039 )

INF_Y3 0.070 (0.040)
AUNEMPR_Y1 —-0.081%*(0.035)

AUNEMPR_Y2 0.218*** (0.038)

AUNEMPR_Y3 0.014(0.028)
%AHPI_Y'1 —-0.043 (0.037)

%AHPI_Y?2 0.020(0.035)

%AHPI_Y3 —0.104%*%(0.027)
Observations 550,146 520,579 488,053
Adjusted R? 0.002 0.003 0.001
Residual Std. Error 22.523 (df = 550,140) 24.171 (df = 520,573) 17.828 (df = 488,047)
F Statistic 274.891"* (df = 5; 550,140) 274.575** (df = 5;520,573) 120.402*** (df = 5; 488,047)

Note: This table shows the estimated results from the discrete hazard model. *** (**) [*] indicate significance at the
1 (5) [10] percent level.

1.4.3 Business Cycle Default Sensitivity

Because the focus of this paper is default, it is important to see whether certain categories of
borrowers are more likely to default in downturns. As the lenders in this market focus lending

more and more to subprime borrowers, is this group of borrowers more sensitive to the business
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cycles than the prime borrowers? How do their probability of default change relative to the prime

group? The following discrete hazard equations with the interaction terms would show us if this is

the casel]

defaulted_1stY;,, = ap + @ subprime; + a2GDPGR, + @3INF; + 4AUNEMPR,;
+ a5s%AHPI,; + aGDPGR; - subprime; + a7INF, - subprime; %)

+ agAUNEMPR, ; - subprime; + a9%AHPI,; - subprime; + €,

defaulted_2ndY;,; = By + Bisubprime; + 8,GDPGR | + B3INF,,| + B4AUNEMPR,

+ B5%AHPI, ;.1 + BsGDPGR;, - subprime; + 7INF;, - subprime; (6)

+ BsAUNEMPR, ;| - subprime; + S9%AHPI, ;| - subprime; + €,
defaulted_3rdY;,; = yo + yisubprime; + y2GDPGR;,2 + y3INF.» + y4AUNEMPR,. /1>

+¥5%AHPL,.;,» + ysGDPGR,,, - subprime; + y7INF,, - subprime, (7

+ ysAUNEMPR,. ;> - subprime; + y9%AHPI, ;> - subprime; + €, .

171 tried the Principal Component Analysis (PCA) to address these questions. PCA reduces the dimensionality of
a dataset, possibly with many variables correlated to each other. Implemented on macro and regional variables, PCA
gives independent latent variables. However, some of the regression coefficients on these variables are hard to interpret
and draw intuitive conclusions. More on PCA and obtained results is found in Appendix B.
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Table 8: Results from the Discrete Hazard Model with Interaction Terms

defaulted_1stY

defaulted_2ndY

defaulted_3rdY

constant
subprimel
GDPGR_Y1
GDPGR_Y2
GDPGR_Y3
INF_Y1
INF_Y2
INF_Y3
AUNEMPR_Y1
AUNEMPR_Y2
AUNEMPR_Y3
%AHPI_Y1
%AHPI_Y?2
%AHPI_Y3

4.885%%%(0.034)
2.759%%(0.081)
0.216%#%(0.042)

-0.242%%%(0.041)

-0.072%(0.038)

-0.004(0.041)

5.699**%(0.037)

3.150%*%(0.088)

-0.045(0.043)

-0.175%%%(0.042)

0.190***(0.041)

-0.021(0.038)

3.018**%(0.028)
1.585%%*(0.068)

0.103*%(0.043)

0.045(0.043)

0.014(0.030)

-0.089***(0.029)

GDPGR_Y I *subprimel
GDPGR_Y2*subprimel
GDPGR_Y3*subprimel
INF_Y I*subprimel
INF_Y2*subprimel
INF_Y3*subprimel

-0.554**%(0.119)

0.235%%(0.115)

-0.580%**(0.123)

0.642%%%(0.112)

-0.115(0.121)

0.238%(0.125)

AUNEMPR_Y I*subprimel -0.010(0.099)

AUNEMPR_Y?2*subprimel 0.053(0.105)

AUNEMPR_Y3*subprimel -0.014(0.078)
% AHPI_Y 1*subprimel -0.207**(0.095)

%AHPI_Y?2*subprimel 0.190%*(0.097)

9% AHPI_Y3*subprimel -0.104(0.074)
Observations 550,146 520,579 488,053
Adjusted R? 0.003 0.003 0.001

Residual Std. Error
F Statistic

22.522 (df = 550136) 24.170 (df = 520569) 17.828 (df = 488043)
157.584*** (df = 9; 550136) 157.810*** (df = 9; 520569) 67.708*** (df = 9; 488043)

Note: This table shows the estimated results from the discrete hazard model with the interaction terms. *** (*%) [*]

indicate significance at the 1 (5) [10] percent level.

Table [§] shows the estimation results of the above regressions with interaction terms. Now
the interpretation of main variables coefficients will be different. The impact of GDP growth on

the default probability of the first year depends not only on the main variable coeflicient but also
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on the borrower’s credit-worthiness (i.e., whether the borrower belongs to the subprime or prime

category). The coeflicients are estimated using the following equation:

Odefaulted_1stY
6GDPGRt

=a,+ a/6subprimei . 8

Table [9] shows the marginal effects of macro and regional economic conditions on default for
each borrower credit score category (i.e., prime vs. subprime) across maturities. The absolute
values of coefficients for subprime borrowers are higher than the prime. This shows that subprime
borrowers are more sensitive to the overall national and regional economic conditions than prime
borrowers. Moreover, relative to macro variables’ significance, regional economic conditions seem

to have little to no significant impact on the default sensitivity of subprime borrowers.
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Table 9: Marginal effects on defaults for Prime vs. Subprime borrowers

category

varible

defaulted_1stY

defaulted_2ndY

defaulted_3rdY

GDPGR_Y1
GDPGR_Y2
GDPGR_Y3
INF_Y1
INF_Y2
INF_Y3
AUNEMPR_Y1
AUNEMPR_Y2
AUNEMPR_Y3
%AHPI_Y1
%AHPI_Y?2
%AHPI_Y3

—0.216*%*%(0.042)

—0.242*%*%(0.041)

~0.072%(0.038)

—0.004(0.041)

~0.045(0.041)

~0.175%#%(0.040)

0.190***(0.039)

~0.021(0.037)

0.103%(0.041)

0.045(0.041)

0.014(0.029)

~0.089%%(0.028)

m

i

S u bPp

GDPGR_Y1
GDPGR_Y2
GDPGR_Y3
INF_Y1
INF_Y2
INF_Y3
AUNEMPR_Y1
AUNEMPR_Y2
AUNEMPR_Y3
%AHPI_Y1

% AHPI_Y?2
%AHPI_Y3

—0.770**%(0.130)

—0.007(0.127)

~0.082(0.108)

~0.210%(0.101)

~0.626%#%(0.135)

0.467%%*(0.122)

0.243%(0.114)

0.169(0.105)

~0.012(0.133)

0.283%(0.138)

0.0001(0.084)

—0.194*(0.080)

significance at the 1 (5) [10] percent level.
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Note: This table shows the the marginal effects on default for prime and subprime borrowers. *** (¥*) [*] indicate

Prime: For those who defaulted within the first year after the loan was originated, only macro vari-
ables seem to be significant. One standard deviation increase in GDP growth at the year the loan
is issued lowers the default probability for the prime by 0.22 percentage points. Inflation seems to
be the most important variable with an estimated coeflicient of -0.24. Higher inflation rates lower
the real value of the outstanding loan and incentivize prime borrowers to repay the loan. For the
second year, inflation and change in the unemployment rate are highly significant. One standard

deviation increase of inflation in the second year of the loan lowers the default probability by 0.18



percentage points. One standard deviation increase in unemployment increases default probability
by 0.19 percentage points. Only a small percentage of prime borrowers default in the third vintage.
Therefore, estimated coeflicients are not highly significant compared to other years. The percent-

age change in HPI seems to be the only variable that plays a significant role in default for this group.

Subprime: Borrowers in this category are more likely to default on a given loan. The model pre-
dicts that the main economic indicator that plays an important role in default for the first year is
GDP growth. One standard deviation increase in GDP growth lowers the default probability by
almost 0.8 percentage points, which is significantly higher from the estimated coefficient for prime
borrowers. Most of the defaults take place in the second year of the loan, explaining the signif-
icance of macro and regional variables in the second year. Different from prime borrowers, this
category of borrowers seem to be more sensitive to macro variables. Higher the GDP growth this
year pushes borrowers towards paying their loans and decreases the default probability by 0.63
percentage points. Inflation plays a significant role in the default probability for the second year
but has the opposite sign compared to inflation coefficients for prime borrowers. If subprime bor-
rowers default more when prices go up, this may indicate that the increase in prices is not keeping
up with wages for this category of borrowers. Therefore higher the inflation rate higher the default
risk for subprime borrowers. In the third year, inflation and %AHPI seem to be significance at 10

percent level.

Main findings: Subprime borrowers are more sensitive to macro and regional economic conditions
than prime borrowers. Macro variables play a higher role in default compared to regional variables
for both prime and subprime borrowers. During economic scenarios with high inflation rates,
prime borrowers are more likely to pay back the loan, while subprime borrowers are more likely

to default.
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1.5 Counterfactual Analyses

In this section, I use the estimated coeflicients from the discrete hazard models and perform coun-
terfactual analyses for different economic scenarios. I calculate the default probabilities across
maturities in case of an unexpected recession or a boom and quantify the total losses coming from
this market. Moreover, I predict the total losses for different growth rates and different borrower

type composition for this market.

1.5.1 Different Economic Scenarios

One of the main roles of the Federal Reserve is to regulate and supervise credit markets and ensure
financial stability. Supervising the FinTech lending market with exponential growth and high de-
fault rates would be part of this important role. They would be interested in knowing how much risk
is in this market. Building counterfactual analyses for different economic scenarios and predicting
the losses would give insights on the potential destabilizing effect for each economic scenario, and
therefore insights on policy implications.

I simulate three different economic scenarios that from hereafter I will refer to as actual, boom,
and recession. In the “actual” scenario, all macro and regional variables take the average val-
ues in the actual dataset. For a “boom” scenario, I increase the average GDP growth, inflation,
and %AHPI by two standard deviations, and decrease the average AUNEMPR by the same mag-
nitude For consistency preferences, I construct a “recession” scenario by decreasing the av-
erage GDP growth, inflation and %AHPI by two standard deviations and increase the average

AUNEMPR by the same magnitude.
Using the estimated coefficients from the duration model, I calculate the default probability
across maturities for each scenarios. Because the left hand side of the three main equations [5] [6]

and [/|is a default dummy, the fitted values give the default probability for each borrower. The

I8Remember that all variables are standardized.
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mean of the fitted values for default gives us the average default probability across maturitiesl]f]

The hazard functions for the prime borrowers in an actual scenario are as follows:

H"™ ™ = & + & - GDPGR, + @3 - INF, + &4 - AUNEMP,, + @5 - %AHPL,, ,

HY™ e = By + By - GDPGR 11 + ff3 - INFy41 + By - AUNEMP, 11 + fis - %AHPL, 1 ,

Hg’”""e'““““l =70 + %2 - GDPGR42 + 73 - INF,15 + ¥4 - AUNEMP, .45 + 5 - %AHPI, 5 .

The hazard functions for subprime borrowers across maturities are calculated as follows:

HOPrmeactial — (& 4 @y) + (@2 + @) - GDPGR, + (@3 + @7) - INF,

+ (@4 + @g) - AUNEMP,; + (a5 + &9) - %AHPI,;,

H;ubprime.actual — (ﬁO +B1) + (ﬁZ +B6) .GDPGR,,; + @3 +,é7) INF,,;

+ (B4 + Bs) - AUNEMP, 1.1 + (Bs + o) - %AHPI, ;1 ,

subprime.actual
H P

3 =Jo+7¥1)+ (¥2+¥6) - GDPGR12 + (73 + ¥7) - INFrin

+ (74 + ¥3) - AUNEMP,. .5 + (§5 + J9) - %AHPI,. ;.5 .

The hazard function for the first year default for prime borrowers if the economy experience a

boom is as follows:

19Remember that prime and subprime borrowers have different coefficients.

35



H{’”"”e-b"”’” = @p + @ - (GDPGR, + 2) + @3 - (INF, + 2) + &4 - (AUNEMP,; — 2) + &s - (%AHPI,, + 2)

A N A N ime.actual
:2a2+2a/3—2a4+2a5+Hf”mem ua,

Applying the same logic, I construct all the other hazard functions for prime and subprime borrow-

Hprimaboom Hprime‘boom Hsubprime.boom Hsubprime.boom Hsubprime.boom
2 > 073

ers in case of a boom: , H, , 11, s 115

. Similarly

the hazard function for prime borrowers and in case of recession is as follows:

HPTETCCSTON — 8 4+ Gy - (GDPGR, — 2) + &3 - (INF, — 2) + G4 - (A\UNEMP,,, + 2) + s - (%AHPI,, — 2)

= — 2@y — 203 + 204 — 2G5 + Hfrlme.uclual'

Hprime.recession
9 3 2

Similarly, I construct all the other hazard functions for a recession: Hj ""““**"

Hsubprime.recession Hsubprime.recession Hsubprime.recession
1 ) > 53 '

Figure [7] shows the predicted default probabilities for prime and subprime borrowers across
maturities and for all three different economic scenarios simulated. The black line represents
hazard values for the actual, while the blue and red lines for scenarios of an unexpected boom
or a recession, respectively. The default hazard is highest in the second year of the loan for both
categories of borrowers, which overall seem to have quite different hazard patterns. In each loan
stage, the default probability for subprime borrowers is higher than the prime. For example, for
the first and second year of the loan, the average default probabilities for a recession scenario for
the subprime is 9.5 and 9.3 percent, while for a typical prime borrower the default probabilities
are 5.7 and 6.6 percent, respectively. In this economic scenario, a typical subprime borrower who

is in the first year of the loan has 66.7 percentage higher default probability than a typical prime

36



borrower. Moreover, the hazard function for subprime borrowers in the first year is more spread
out compared with other maturities and relative to prime borrowers’. The reason for this is that
subprime borrowers are more sensitive to macro and regional economic conditions. The subprime
hazard for the second year is not much spread because the inflation for this group of borrowers has
a positive impact on default (as we show in Table[9] In case of a boom or a recession, the change

in default probabilities for the subprime will be larger relative to a typical prime borrower.
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Figure 7: Hazard functions for prime and subprime borrowers on different economic scenarios

Note: This figure shows the predicted default probabilities for different economic scenarios: actual, boom, and re-
cession (black, blue, and red, respectively). Hazard functions for subprime are higher than prime for each duration.

Moreover, subprime borrowers default probabilities are more spread out because they are more sensitive to macro and
regional shocks.

Assume it is the year 2015 and the Federal Reserve wants to quantify the total losses from the
stock of outstanding loans in this market for different economic scenarios for 2015. For simplicity,
assume that all loans are issued in the middle of the calendar year (i.e., July 1st). Because these
are three-year loans, loans originated in 2013 are in the third year of their maturity in 2015; the
ones originated in 2014 are in the second year and the ones originated in 2015 are in the first year.
We know the composition of borrowers (prime and subprime) for each origination year. Using the
hazard values from Figure [/|together with borrower compositions by loan origination year, we can

predict the total losses in this market for all three economic scenarios of 2015. Figure [§ shows the
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flowchart of this counterfactual exercise.

Federal
Reserve
i i A
r — T — T — -]
Jul 1st, 2013 Jul 1st, 2014 Jul 1st, 2015
3rd year 2nd year 1st year

Figure 8: Snapshot of time

Note: This diagram illustrates the Federal Reserve standing in 2015 and want to quantify the total losses from defaults

in this market for different economic scenarios of 2015. Knowing the default probabilities for each economic scenario,
together with borrower composition in each origination year helps to predict the losses. The curly brackets show the
year, the blue dot shows the middle of the year, and the straight line shows the time concept. Loans originated in 2013
are in the third year duration in 2015 and so on.

Losses associated with default from loans originated in a particular year equals the product of
number of borrowers according to their type, the hazard for that particular type of borrower and
at that maturity, and the average outstanding debt. An illustration of how I calculate the losses for

loans issued in 2013 in case of a recession scenario in 2015 is as follows:

. . . 2
Lossesy >, = Ny - HY™" " . \vG.EXPECTED.AMNT ) - (1 — 5),
2013 _ nySubprime subprime.recession 2013 2
LoSSeSprime = N3 - H; * AVG.EXPECTED.AMNT 0, (1- §)’
borime - . . . .
where N, is the number of loans issued to subprime borrowers who are in the third year

Hsub prime.recession
3

of the loan (conditional on survival), is the hazard for the subprime category in

2013

case of an expected recession in the following year, and AVG.EXPECTED.AMNTZ’ > .
subprime

is the expected

average amount (for those who are in the third year) to be paid by the subprime borrowersFE] @

20The average outstanding debt for this group equals the average expected amount times (1 — %) since at this stage
of the loan this group has already paid 2/3 of the loan.
2ILC collects fixed monthly payments on the loan. Part of this payment goes for the repayment of the principal,

38



2015
prime’®

2015

Lossessubprime'

Following the same logic, I calculate the Lossesﬁ?}n‘;, Lossesfg,i;rime, Losses

Figure 9] shows the gross losses for different economic scenarios of 2015 coming from defaults
(hereafter, for simplicity, I refer as “losses”) for loans originated in 2013, 2014, and 2015 respec-
tively. The losses coming from borrowers who are in the third year of the loan are small compared
to losses from borrowers who are in the 2nd and 3rd year of the loan. Moreover, the difference in
losses between different economic scenarios increases for loans issued more recently. The change
in losses between the scenarios of 2015 reflects the change in profitability for three-year loans
issued in this time frame due to macro and regional economic shocks. The losses for the actual,
recession and boom economic scenarios look very different in our case. For a boom scenario in
2015, Federal Reserve would had observed a total loss of $271 million in this market, from which
$177 million would have been only from the borrowers defaulting in the first year of the loan. If
the economy in 2015 would have faced an unexpected downturn, the total losses would have been

37% higher (i.e., $371 million or $100 million higher in monetary term) then the losses in case of

a boom.

and the rest is the interest rate to be paid. The monthly payment is calculated by the following formula:

_ r-P
P A =+ Dy
where mp is the amount to be paid each month, P is the principal, r is the interest rate, n is the number of monthly
payments within a year, and ¢ is the loan term (3 years). I calculate the losses based on the year the loan is issued
(i.e., whether the loan is in the 1st, 2nd, or 3rd year of the maturity condition on surviving the default event) and the
borrower type.
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Figure 9: Gross losses for different economic scenarios of 2015 from loan defaults originated in
2013, 2014, and 2015 respectively

Note: This figure displays the default losses for different economic scenarios of 2015 for three-year loans originated
in 2013, 2014, and 2015 respectively (e.g., the blue line in 2014 shows the default losses for loans originated in 2014
if there is a boom in 2015). Three different economic scenarios are constructed as follows: The black line shows
losses for an economic scenario in 2015 in which macro and regional variables take the average values in the actual
dataset. The blue line shows the losses for a “boom” scenario in 2015, which is constructed by increasing the average
GDPGR, inflation, and percentage change in HPI by 2 standard deviations and decreasing the unemployment rate by
the same magnitude in the actual data. The red line shows the losses for a “recession” scenario in 2015, which I
construct by decreasing GDPGR, inflation, and percentage change in HPI by two standard deviations and increase the
unemployment rate by the same magnitude.

1.5.2 Losses for Hypothetical FinTech Lending Market Size and Borrower Composition

It is important to realize that losses shown in Figure [J9] are the total losses at a specific period in
time—in this example losses observed in 2015—for three-year loans only offered by a single lender
in this market. The total amount of three-year loans issued between 2013-2015 in my dataset is
$6.7 billion and the actual amount issued from the start of the company to 2019:Q4 is $56.8 billion
(as shown in Figure[I)). So, these are the losses for only about 11.8% of the total amounts issued
by this lender. Usually, lenders offer a large variety of products and with different maturities. Also,

as the market has been growing it has captured the attention of many other new players, which has
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become part of the FinTech lending market later. Therefore, the total default losses in this market
are much higher than what is reflected in Figure 0]

During the period of my analysis (2009-2015) the number of three-year loans issued by LC has
an average annual growth of 103% in loan volumes and 118% in loan amounts, with 56 times more
loans issued in 2015 than in 2009 or 72 times more in monetary terms (shown in Figure [2)). Ac-
cording to S&P Global Market Intelligence report, the U.S. FinTech lending market size was about
$150 billion by 2018:Q2 and is expected to grow to $450 or more billion by 2022. Avention, a ven-
ture capitalist, expects this market to reach $1 trillion by 2025 (PricewaterhouseCoopers, [2015)).
Assuming that all the online lenders operating in this market have the same lending standards as
LC, what would the total losses from default be if in this market size is tripled in the future?

The outstanding balance on credit card debt in the United States for 2020 is $756 billion
(Stolbal [2020). What if FinTech lending market gets as big as the credit card market, what would
the total losses be? Table [I0]shows the default losses if the value of outstanding loans in the Fin-
Tech lending market is 100 times more than the number of three-year loans issued by LC between
2013-2015 (i.e., if the market size is tripled, which is equivalent to $670 billion) and also if the
subprime share doubles over time. In the case of a boom and a recession, the total losses are pre-
dicted to be about $27 billion and $37 billion, respectively. The $10 billion difference shows the
change in losses due to macro and regional shocks. In addition to the increase in the number of
loans originated in this period, I double the subprime share, as the lenders operating in this market
increasingly focus on issuing more loans to subprime borrowers. Because subprime borrowers are
more vulnerable to macro and regional economic conditions, losses for each economic scenario
increases. The increase in the share of subprime borrowers increases the losses for every economic
scenario of 2015. For a recession scenario in 2015, the change in borrower composition leads to a
6.2% increase in losses, namely from $37 billion to $39.3 billion. Moreover, due to the change in

borrower composition the change in losses between a boom and a recession scenario in 2015 leads
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to a 10% increase in total losses, from $10 billion that was before to $11 billion.

Table 10: Default losses for hypothetical market volumes and borrower composition

Total Losses ($ million)

FinTech lending market size actual recession boom
2013-2015 loan volume 321 371 271
2013-2015 loan volume x 100 32,087 37,055 27,118
2013-2015 loan volume x 100 and 2 x subprime share 33,915 39,349 28,482

Notes: This table shows the total losses if the outstanding loan volumes in the FinTech lending market are 100 times
larger than three-year loan volumes originated between 2013-2015 by a single lender and also if the share of subprime
borrowers doubles in addition to the increase in the size of the market. Columns under the “Losses ($million)” show
the losses in this market for different economic scenarios of 2015. More details on how I construct the economic

scenarios are found in Figure[9]and at the beginning of this section.

1.6 Conclusion

The FinTech lending market has seen enormous growth in the last decade and continues with the
same momentum. This paper uses a dataset of borrower and loan information from the largest
online lender in the United States, together with macro and regional conditions to analyze whether
default in this market is sensitive to the business cycle. I find that lenders operating in the FinTech
lending market increasingly focus on lending to subprime borrowers. Using a duration model, I
estimate the default sensitivity to macro and regional shocks. I find that national-level changes
in GDP growth, and inflation, and 3-digit ZIP-code-level changes in the unemployment rate, and
percentage changes in HPI play a significant role in default and they should be taken into consid-
eration when assessing credit risk. Also, I find that subprime borrowers are more vulnerable to the
business cycle than prime borrowers.

Using the results from the duration model together with the composition of loans in this market
I predict the total losses for different economic scenarios. I find that as this market grows, the total
losses coming from default may become of macroeconomic importance.

The share of the FinTech lending market remains a small fraction of the consumer lending
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market, but given its high growth rates, it is only a matter of time for it to gain a significant share in
the whole retail lending landscape. In a world where financial institutions are highly interconnected
with each other, within and across the borders, it is important that institutional investors hedge
against the high default risk in this market. I suggest that Federal Reserve and other institutions

responsible for the national financial stability keep an eye on the total losses in this market.
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1.7 Appendix A

Figure [I0shows the distribution of personal loans by banks, credit unions, finance companies, and
the FinTech lenders. The share of personal loans issued by FinTech lenders increases significantly

over time. In 2010 the share was about only 1 percent while in 2018 is about 40 percent.

Fintechs lead in personal lending

® Banks @ Credit unions ® Finance cos. Fintechs
100%

80%

60%

2015 2016 2017 2018

Source: TransUnion
Note: Percentages are of unsecured personal loan balances

Figure 10: FinTech lenders lead in personal loan lending

Table [I1] shows the distribution of loans by purpose based on borrowers’ self-reported claims
during the application process. About 81 percent of loans are used to help borrowers with credit
card repayment and debt consolidation. Lower interest rates offered by these platforms help bor-
rowers refinance their debt in credit cards and other loans. The total loan amounts originated for
this purpose is close to $6.4 billion, which counts for about 85% of the total amount issued during
our analysis. The rest of the loan purpose categories consumers choose LC to borrow money from
are home improvement, small business loans, medical, education, etc. An interesting finding is
that two of the most common loan types, car, and student loans, account for only 1.1 and 0.04 per-
cent respectively, which are extremely low to the expectation. This might be because other online

platforms, such as Sofi or LendKey and Lendingtree are “specialized” in student and auto loans,
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respectively; and potentially offer more convenient and better deals for this consumer type. Sim-
ilarly, entrepreneurs also seem to use different borrowing sources for their business needs as they
make only 1.2 percent of the share. Even though different online platforms offer similar products,
each one of them focuses more on a specific target of loan type. For instance, if you need a loan
for refinancing credit card debt, LC might be the best option. However, if you need a mortgage
loan, Prosper might be the optimal online place to go. FinTech lenders keep increasing the variety

of their products to make it a one-stop place for personal loans.

Table 11: Loan distribution by loan purpose, originated between Jan 2009 - Dec 2015

loan purpose #loans %  amount ($ million) %o
debt consolidation 339,258 56.79 4,432.68 59.38
credit card 145,041 24.28 1,944.73 26.05
home improvement 34,424 5.76 404.25 542
other 32,336 541 264.80 3.55
major purchase 12,399 2.08 116.21 1.56
small business 7,063 1.18 95.14 1.27
car 6,640 1.11 51.48 0.69
medical 6,635 1.11 48.66 0.65
house 2,507 0.42 31.41 0.42
moving 4,428 0.74 29.63 0.40
vacation 4,163 0.70 23.06 0.31
wedding 1,792 0.30 16.88 0.23
renewable energy 449 0.08 3.87 0.05
educational 256 0.04 1.76 0.02
Total 597,391  100.00 7,464.55  100.00

Figure[TT|shows the default rates for different loan purposes issued by LC. Small business loans
have the highest default rates, about 23 percent, closely followed by loans issued for renewable
energy, and moving expenses. Default rate for refinancing purposes such as credit card and other

debt obligations have a default rate of 12 percent and 15 percent, respectively.
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Figure 11: Default share by loan purpose

Table 12: Correlations for individual and loan attributes

» @ & @ & © @O @ O d0 dy a2 ads

(1) default 1

(2) fico -0.12 1

(3) int_rate 0.19 -0.49 1

(4) annual_inc -0.05 0.09 -0.12 1

(5) loan_amnt -0.02 0.14 -0.09 0.34 1

(6) dti 0.08 -0.09 0.14 -0.17 0 1

(7) deling_2yrs 0.02 -0.17 0.06 0.05 0 0 1

(8) inqg_last_6mths 0.07 -0.09 0.26 0.03 -0.03 -0.01 0.03 1

(9) open_acc 0.01 0.03 -0.07 0.14 0.19 0.30 0.06 0.12 1

(10) revol_util 0.05 -0.45 0.27 0.03 0.09 0.17 -0.01 -0.08 -0.15 1

(11) total_acc -0.02 0.03 -0.11 0.19 0.21 0.21 0.13 0.14 0.69 -0.12 1
(12) acc_now_delinq 0 -0.04 0.03 0.01 0 0.01 0.13 0 0.02 -0.03 0.03 1

(13) chargeoff_within_12_mths 0 -0.05 0.01 0.01 0 0 0.14 0.01 0.01 -0.02 0.05 0.05 1

Table 13: Correlations for macro and regional variables (standardized values)

GDPGR_Y1 INF_Y1 UNEMPR_Y1 HPL Y1

GDPGR_Y1 1.00

INF_Y1 0.47 1.00

UNEMPR_Y1 -0.35 -0.12 1.00

HPL_Y1 0.30 -0.19 -0.39 1.00
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Table 14:

Non-standardized Regression Results (overall default)

defaulted

(D (2) 3)
constant 63.50***(1.79) 15.44%%%(0.22) 61.32*%%*(1.90)
FICO -0.05**%(0.002) -0.04**%(0.002)
int_rate 1.31%*%%(0.01) 1.40%%*(0.02)
loan_amnt (log) 0.01***(0.00) 0.01***(0.00)
home_ownership.fixrent 2.40%**(0.09) 2.51%%*(0.10)
annual_inc (log) -3.45%*%*(0.11) -3.49%%%(0.11)
verification_status.fix Verified 1.56***(0.10) 1.26***(0.10)
claim_creditworthness -1.89***(0.38) -1.42*%%*(0.41)
dti 0.19%*%(0.01) 0.16***(0.01)
deling_2yrs 0.25%**(0.05) 0.23***(0.006)
inq_last_6mths 1.06%**(0.05) 1.13**%(0.05)
open_acc 0.20%**(0.01) 0.18***(0.01)
revol_util -0.03***(0.002) -0.02%*%(0.002)
total_acc -0.07***(0.01) -0.06***(0.01)
acc_now_delinq -0.83(0.58) -1.00*(0.61)
chargeoff_within_12_mths -0.49(0.41) -0.68(0.43)
GDPGR_Y1 -0.20*(0.12) -1.25%%%(0.12)
INF_Y1 -1.13%**(0.07) -1.48%**(0.07)
UNEMPR_Y1 -0.59***(0.08) -0.58***(0.08)
HPIL_Y1 -0.05***(0.01) -0.10***(0.01)
Observations 597,391 550,146 550,146
Adjusted R? 0.05 0.001 0.05
Residual Std. Error 34.11 (df = 597375) 34.90 (df = 550141) 34.05 (df = 550126)
F Statistic 1,948.60***(df = 15; 597375)109.04***(df = 4; 550141)1,484.83***(df = 19; 550126)

Notes: This table shows the non-standardized estimated results for the overall default linear probability model.
Note:#p<0.1; #xp<0.05; = * xp<0.01

1.8 Appendix B

1.8.1 Principal Component Analysis and Interaction Terms

The main idea of PCA is to reduce the dimensionality of a dataset, possibly with many variables
correlated to each other. If you apply PCA to X number of observed variables, it will give you ex-

actly X independent latent variables, which are called principal components. The latent values in a
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principal component are called component scores or factor scores and the weights by which each
standardized original variable should be multiplied to get the component score are called loadings.
Moreover, PCA gives the amount of the variation captured by each principal component. PCA
applies an orthogonal transformation to the observed variables and creates independent latent vari-
ables called principal components (PC). Based on how much of the variation in the data is captured
by each PC, we determine whether to use them or not. The first PC on our time-frame of macro
variables does not capture much of the variation from Real GDP growth and inflation. Therefore,
I decided not to use it. However, the first PC (PC1) for regional variables, unemployment rate, and
house price index, captures about 74% of the variation and would be a prime decision to include
it in the regressions. The following three regression equations will show us whether subprime

borrowers are more sensitive to the business cycle and by how much is this difference.

defaulted_lstY, = +pB subprime +B,GDPGR +B INF + B regionPCl
+B,GDPGR - subprime, + S, INF - subprime,

+ BgregionPC1 - subprime, + €,

defaulted_2ndY, = + B subprime + B, GDPGR  +B INF  +B.regionPCl

+B,GDPGR , - subprime, + B, INF - subprime,

1 1

+ BgregionPC1 | - subprime. + €

defaulted_3rdY, =, +pB subprime +B,GDPGR , +B,INF, , +p regionPCl ,

+B,GDPGR__, - subprime, + B, INF - subprime,

+ BgregionPC1 - subprime, + €,
Estimation results for the discrete hazard model with regional PCA and interaction terms are
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shown in Table

Table 15: Estimation results for the discrete hazard model with regional PCA and interaction terms

defaulted_1stY defaulted 2ndY defaulted_3rdY
constant 4.83*%%(0.05) 5.87%*%(0.07) 3.16***%(0.06)
subprimel 2.99%%%(0.13) 2.96%**(0.17) 1.72%%%(0.14)
GDPGR_Y1 -0.22%*%(0.04)
GDPGR_Y2 -0.07*%(0.04)
GDPGR_Y3 0.10%*(0.04)
INF_Y1 -0.23%**(0.04)
INF_Y2 -0.17%*%(0.04)
INF_Y3 0.04(0.04)
region.PC1_Y1 0.07(0.05)
region.PC1_Y2 -0.21**%*(0.06)
region.PC1_Y3 -0.17%**(0.06)
GDPGR_Y I *subprimel -0.55%**(0.12)
GDPGR_Y?2 *subprimel -0.66**%*(0.12)
GDPGR_Y3 *subprimel -0.10(0.12)
INF_Y 1*subprimel 0.25%*(0.11)
INF_Y2 *subprimel 0.72%*%*(0.11)
INF_Y3 *subprimel 0.21*(0.12)
region.PC1_Y 1*subprimel -0.25%%(0.12)
region.PC1_Y2*subprimel 0.24(0.17)
region.PC1_Y3*subprimel -0.17(0.15)
Observations 550,146 520,579 488,053
Adjusted R? 0.003 0.003 0.001
Residual Std. Error 22.52 (df = 550138) 24.17 (df = 520571) 17.83 (df = 488045)
F Statistic 201.85%**(df = 7; 550138) 199.89***(df = 7; 520571) 86.61***(df = 7; 488045)

Note:xp<0.1; xxp<0.05; * * xp<0.01
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CHAPTER 2

2 Modeling Default Risk in the FinTech Lending Market: A

Machine Learning Approach

2.1 Introduction

The consumer lending market in the United States has seen enormous growth in the last decades
with a current outstanding credit of $4.2 trillion (Reserve, 2021). Unsecured personal lending has
experienced a greater growth rate than any other type of loans including mortgages, auto loans,
credit cards, and student loans (Beiseitov, 2019). The growth in this segment of consumer lending
has boomed mainly because of a new type of player known as FinTech, or marketplace lending.

Lenders operating in this market use technological advancements in data processing and credit
risk assessment tools such as machine learning (ML) and artificial intelligence (Al) to evaluate
the credit riskiness of prospective borrowers. Minutes after submitting an online application, bor-
rowers get an offer specifying the interest rate, and in case of acceptance, they receive the loan
within a few days. The FinTech lending market has seen exponential growth in the last decade and
continues to do so. According to TransUnion, FinTech’s share of personal loan originations has
grown from 1 percent in 2010 to nearly 40 percent in 201817_7]

Default rates are relatively high in this market compared to the default rates of loans issued by

banks. Figure [I2] shows the default rate across vintages for loans issued by FinTech vs. banks.

2Retrieved November 10, 2020 from https://www.americanbanker.com/news/once-dismissive-of-fintechs-
traditional-lenders-now-feeling-their-bite.
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FinTech lenders claim that they can better screen borrowers because of the complex credit screen-
ing algorithms and the alternative data they use when evaluating the creditworthiness of potential
borrowers. Understanding the factors that play a role in capturing default becomes key to loan

pricing and credit allocation.

All consumer loans - = - credit cards FinTech
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Figure 12: LendingClub vs bank consumer default rates
Source: Federal Reserve, LC, and author’s calculations.

Note: This figure shows the default rates of loans issued in the FinTech lending market (the blue line) relative to

default rates of consumer and credit cards issued by banks (red and green line, respectively).

This study aims to provide an overview of some of the most common ML methods used in mod-
eling default risk and assesses to what extent these models are better than traditional econometrics
approaches. Using a large dataset of three-year matured loans issued from the largest FinTech
lender in the United States during the time interval of January 2009—December 2015, together
with other macro and regional economic variables, this research sheds light on the determinant
factors of default for this market. I compare the performance of four different MLL methods to the
traditional logistic regression results. ML methods used in this study are ideally suited for loan-
level analysis and out-of-sample prediction due to the large sample size and for possible non-linear

relationships among features that can not be captured by traditional approaches. Methods used to
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model and predict default are: Logistic Regression (LR), Decision Trees (DT), Random Forests
(RF), eXtreme Gradient Boosting (XGB), and Artificial Neural Network (ANN). An oversam-
pling technique known as Synthetic Minority Oversampling Technique (SMOTE) is implemented
in order to balance the ratio between default and non-default classes. The imbalance between
classes can yield low accuracy rate in the prediction results, especially in LR and tree-based mod-
els (King and Zeng, 2001} Cieslak and Chawla, [2008). The comparison between models forecast
performance is done using Area Under the ROC Curve (AUC-ROC), which measures how well
the model is capable to distinguish between default and non-default classes. This measure of fit is
evaluated on a different sample (known as the testing set) of the one that the models are estimated
on.

I find that some of the machine learning algorithms such as XGB and ANN outperform lo-
gistic regression, but the improvement is marginal. Annual income, loan purpose, revolving line
utilization, and interest rate are the variables with the highest importance predicting default. Most
of the macro and regional variables are listed among the top 10 variables in predicting default.
Implementing SMOTE increased the model performance for some of the methods.

The rest of this paper is organized in the following order. Section 2 summarizes the current
literature and their findings. Section 3 explains the theory behind the ML methods used in this
study. Section 4 gives information on the performance metrics and why these metrics are important.
Section 5 shows the empirical results and a comparison between methods. Section 6 offers some

concluding remarks.

2.2 Literature Review

The usage of ML methods has started to get significant attention in the field of applied economics

and finance” Many research studies use these methods to examine the benefits and drawbacks

BFor a broader discussion of the impact of ML on the field of economics see |Athey| (2018)).
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these methods might have when applied to different problems. Moreover, some studies have shown
that these methods complement econometrics methods such as logit estimation and we can answer
questions that we were not able to answer before.

For example, Bjorkegren and Grissen| (2018)) try to predict loan repayments for the unbanked
in developing countries using ML methods. Because of no formal financial histories, traditional
credit bureau models can not be implemented to evaluate the creditworthiness of potential bor-
rowers. They show that by applying ML methods lenders can predict default for the unbanked
using borrowers’ behavioral signatures from mobile phone data. |Albanesi and Vamossy| (2019)
use multiple ML models to predict consumer default, using the same information as traditional
credit scoring models. They show that ML methods have much stronger performance than logis-
tic regression. They find that the number of trades and the balance on outstanding loans are the
most important factors predicting default, in addition to outstanding delinquencies and length of
the credit history. [Bagherpour (2017) uses different ML methods to model and forecast mortgage
loan losses in the United States. He finds that machine learning models forecast performance are
substantially better than traditional logistic regressions.

There are few papers that explore the performance of loans in the FinTech lending market,
and they mainly use traditional econometrics approaches to explore the determinants of default.
Emekter et al. (2015) uses a logit model and found that credit grade, debt-to-income ratio, FICO
score, and revolving line utilization have an important role in loan defaults. Moreover, they state
that the interest rates charged on the high-risk borrowers are not sufficiently large to compensate
for the higher probability of default. So they suggest that LendingClub (LC) must find new ways to
attract high FICO scores and high-income borrowers in order to sustain their businesses. |Serrano-
Cinca, Gutierrez-Nieto and Lopez-Palacios (2015) use univariate means tests and survival analysis
to analyze the LC data from 2008 — 2014. They found that factors that best explain default are loan

purpose, annual income, current housing situation, credit history, and indebtedness. Also by using
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logistic regression model, they found that the variable grade assigned by LC is the most predictive
factor of default but it can be improved by adding other information. Carmichael (2014) uses a
dynamic logistic regression where he combines both extensive credit information and soft data. He
found that FICO score, borrower-initiated credit inquiries, income, and borrower self-stated loan
purpose are the most significant variables for explaining default.

The closest research to this paper is the studies by Wang and Perkins| (2019) and Turiel and
Aste (2020). [Turiel and Aste| (2020) applies LR, SVM, and ANN to predicting default in the
FinTech lending market for loans issued by LC between 2007 and 2017. They find that ANN
outperforms the other methods but with marginal improvements on the LR. However, they do not
incorporate the macro and regional variables, which are important variables that explain default
behavior (Azizaj, [2020). Wang and Perkins| (2019) use only RF and XGB (i.e., stochastic gradient
boosting) to predict default in the FinTech lending market. They include unemployment rate and
house price growth and found that especially the local unemployment rate is one of the most
important factors predicting default. Different from the current literature, in this study I provide a
theoretical overview of the ML methods suitable for modeling default risk. Moreover, in addition
to loan and individual attributes, I use macro and regional economic variables that the literature
have found important factors of default, and apply a larger variety of the ML methods to predict

default behavior in the FinTech lending market.

2.3 Machine Learning Classification Models

ML methods have started being used widely in every industry, and the financial sector is not an
exception. Predicting default is a very important task for lenders to help them with the loan pricing
and mitigating potential losses. Lenders charge higher interest rates for riskier borrowers and lower
rates for borrowers less likely to default.

In this paper, I will focus on some of the most common ML methods used in the lending
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industry. The problem in our case is a classification problem, where the output is a discreet binary
variable with two classes: default and non-default. The objective for any ML model is to find a
function that learns from the information available on a dataset (hereafter training set) and do a
good job in forecasting out-of-sample outcomes (hereafter testing set).

The main difference between econometrics and ML methods is that in the latter it is impossible
to directly quantify individual coefficients, i.e., there are no estimated coefficients as in regression
models. However, to gain intuition on the importance of each variable used in predicting default, I

use the variable importance measure provided by each ML methodEr]

2.3.1 Logistic regression

LR is the common method to deal with binary target variables. It is a parametric method, that
considers linear relationships between inputs and the log of the odds ratio. This model returns
probabilities of default for each loan issued. This research paper uses LR as the benchmark model
to predict default in the FinTech lending market. Let Y be a binary variable that takes the value
one if the loan has been classified as default and zero otherwise. If k explanatory variables used
to predict default are X = (x, x,, x,, ..., x ) then the probability of defaulting for a loan given X is

given by the logit function (a.k.a., sign function) and it is

exp(By+ X BX)
p=EY=1X)= ; - : ©9)
1 +exp(B, + i1 Bx)
After taking the log of the odds-ratio we have
p k
log(m) =B, + ;Bixi. (10)

Equation [I0]is a linear combination of independent variables. LR models are generally fit by

24T will provide more details on this matter later in the paper.
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maximum likelihood, which gives us the estimated parameters 8 = (ﬁo, ,BAI, ces ,ék). Using these
parameters estimated from the training set, I can make predictions on the testing set (i.e., out-
of-sample forecast) which will give me probabilities of default for each sample. Then using a
threshold we decide to which class each sample belongs. For example, using a threshold of ¢ = 0.5,

the decision about which class a certain loan belongs is as follows:

1, if P(Y,=1X:B) > 0.5
(11)

<>
1

0, if P(Y,=11X;:3) <0.5

where J. is the forecast for borrower i in the testing set. However, choosing which threshold value
to use to make the classifications will play an important role in the model performance because it

allows us to trade precision for sensitivity (terms that I will define later in the paper).

2.3.2 Decision Trees and Random Forest

Decision trees are one of the simplest and easy to interpret machine learning algorithms in clas-
sification problems. The idea behind the algorithm is similar to an approach of asking a series of
questions and each time we have an answer, a follow-up question is asked until we reach a conclu-
sion about the classification problem. A very simple decision tree classifier example is shown in
Figure[I3] where we are trying to classify a potential borrower whether s/he will default on a loan
or not. We have two classes: default and non-default; and for simplicity I have chosen only two
variables: FICO and DTI. The algorithm finds cut-off points for each variable and based on these
cut-offs makes the final decision. If the borrower has a FICO < 670 the classifier predicts that
the borrower will default; If the borrower has a FICO > 670 and DT1 < 30 the classifier assigns
non-default and so on.

A decision tree has a hierarchical structure built top-down which consists of nodes (aka regions)
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and directed edges. Every tree has three types of nodes:

e A root node that has no incoming edges but one or more outgoing edges.
e [nternal nodes which have one incoming edge and one or more outgoing edges.

e Terminal nodes or leaf nodes that have exactly one incoming edge and no outgoing edges.

FICO
A
>= 670 <670
non-default | default
@ default
670
default >=30 <30
~ >
30 DTI (%)
default non-default

Figure 13: Classification tree example

The tree classifier’s goal is to choose the variable that bests separate the classes and make it
the root node (i.e., put it at the top of the tree) followed by other branches (i.e., internal nodes)
until it reaches a terminal node with no further links. In decision tree classification problems every
internal node represents a variable and every terminal node represents a class or output. Decision
trees are built in a way that partition the data into subsets that contain observations with similar
values. An important question would be how does the algorithm split the data and selects which
variable to put at each node, and how does it decide on the test conditions at each node? Many
measures have been developed to find ways how to best split the data into smaller subsets with
more homogeneous classes, i.e., purer subset. These measures mainly are defined in terms of the

classes for each observation before and after the split by considering the information gain after
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each splitE] The variable with higher information gain (IG) splits the data into subsets with more
homogeneous classes. Let P, be the proportion of observations belonging to class k at region

(i.e., node) m and I(-) be the indicator function. Then mathematically we can write Pkm as:

1
P= 5 2, 10,=h). (12)

where N is the total number of observations at node m. The algorithm will classify the observa-

tions in node m to class k (which is the majority class in node m) because k(m) = arg maXPk o The
‘ :

measures developed for selecting the best split mainly consider the degree of impurity of the data

at that particular node. Different measures of node impurity include:

K
Entropy(m) = = > P, l0g,P, (13)
k=1
K
Gini Index(m) = 1- > P}, (14)
k=1
Misclassification error(m) = 1 — rgax(Pkm). (15)

For binary classification problems, as in our case, if p is the proportion of observations that
belong to the non-default class in a particular node, then p, = 1 — p, is the fraction of the observa-

tions that have defaulted. The values for the above impurity measures for this particular node are:

Entropy = —-p log,p, — p,log,p, .
Gini = 1 —pg—p%,

Misclassification error = 1 — max[p, p, 1.

Figure[I4]shows the comparison among the impurity measures for binary classification models.

BT follow closely the book from Tan, Steinbach and Kumar (2016)) and |Hastie, Tibshirani and Friedman| (2009)
regarding the theory for machine learning methods used in this study.
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Misclassification error is not sufficiently sensitive for tree growing, so entropy or Gini index mea-
sures are more preferable. Moreover, Entropy and Gini index functions are differentiable, therefore
more amenable for numerical optimization (Hastie, Tibshirani and Friedman, |2009). This study
uses the Gini index as the criteria for splitting. A value of G = 0 means the subset data is pure
therefore no further splitting can be done since all the observations in this subset have the same
class. If G = 0.5 then the subset data is at its highest level of impurity, meaning 50 percent of
the observations have a default class and the other 50 percent non-default and therefore requires

further splitting.

[— Entropy == Gini Impurity -+ = Misclassification Error

Impurity Index

‘. ) '
0.0 0.2 0.4 0.6 0.8 1.0
p(label=1)

Figure 14: Impurity index for for different impurity measures.
Source: Medium website

Note: This figure shows the comparison among the impurity measures such as Entropy, Gini Impurity, and Misclassi-
fication Error for binary classification problems.

This research paper applies a classification and regression tree (CART) induction algorithm
with only binary splits at each node, no matter the type of the variable. Consider an extremely
simplified example of our dataset where we have 20 observations and three variables: income,
home-ownership, and FICO. Based on the distribution of classes for each variable we want to
calculate which variable is going to be the one that bests split the dataset into subsets with the

lowest impurity. In each of the following tables in Figure [I5] there are eight cases of default
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and twelve of non-default. After calculating the Gini index at each possible node, we calculate the
average weighted Gini for each variable. The variable with the lowest weighted average Gini index
(i.e., FICO in this case) is the root node as it best splits the data into purest subsets. In the same
way, we find the variables in the internal nodes until we reach a node with no further possible splits
which means it is a terminal node as all the observations in that node have the same class. But how
does the decision tree classifier decide on the cut-off points? Based on the type of the variable
the algorithm calculates the average weighted Gini indexes. An example for variables with two
categories is shown in Figure [I5] (home-ownership). If the categorical variable has more than two
classes, then the algorithm will try all possible combinations of classes for binary splitting and will
choose the one with the lowest average weighted Gini indexE‘] For continuous variables, the test
condition is expressed as a comparison test (FICO> v) or (FICO< v) where v is the cut-off point.
FICO variable has a minimum value of 660 and a max value of 850 in this dataset. Computing all
possible cut-off points is computationally infeasible. Therefore, the model uses only the unique
values of FICO in the dataset and estimates the Gini indexes for average values between two
adjacent values. Let FICO € {660, 680, 726, 800} in the example with twenty observations. Instead
of considering each possible value between 660 and 800 when finding the best cut-off point, the
algorithm will consider only the average values between the existing values in the dataset, that is
v € {670,703, 763}. The algorithm will choose the cut-off point with the smallest average weighted

Gini indexes.

26For ordinal variables the model preserves the order property of the values. If ordinal values are {Small, Medium,
Large}, the possible combinations for binary splitting are: ({Small} and {Medium, Large}) or ({Small, Medium} and
{Large}).
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Income

>80K <80K
default 3 5
non-default 8 4
Gini index 0.397 0.494

Gini = (3) - 0.397 + (55) - 0.494 = 0.441

Homeownership
Rent Own
default 6 2
non-default 3 9
Gini index 0.444 0.298

Gini = (55) - 0.444 + (33) - 0.298 = 0.364

FICO
<670 >670
default 7 1
non-default 0 12
Gini index 0 0.142

good idea.

Gini = (55) - 0+ (33) - 0.142 = 0.092
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Figure 15: Example of calculating Gini impurity.

Besides the advantage of easy interpretability, decision trees consider the non-linear connection
between the target and input variables, a feature that is not in logistic regression. Moreover, this
method considers interactions between explanatory variables. However, as in every other model
decision trees have their cons. In general decision trees have low accuracy in prediction tasks and
high variance. This is because they are very sensitive to the training data. In other words, a slightly
different training set may result in a very different decision tree structure. Moreover, decision trees
are prone to overfitting problems. The model performs well on the training set but has a poor
prediction performance when it comes to unseen data. That being the case, decision tree classifiers

have low bias and high variance. As a result, using a single tree to predict the outcome is not a




In order to avoid the high variance problem in tree classifiers, one can bootstrap the training set,
find classifier predictions in each bootstrapped sample and take the average of the predictions
This approach is known as bagging or bootstrap aggregation in the machine learning literature
and is an ensemble learning methodEg] Even though the bagging method reduces variance and
increases prediction, it considers all the variables when splitting. Therefore, it will put at the
top of each grown tree the best predictor variables which tend to be the same if we consider all
the variables, which will lead to correlated trees. RF method solves this problem by aggregating
bootstrapped samples (exactly as bagging) but also uses different subsets of available features for
each grown tree. In simple terms, RF is an ensemble learning method that grows a lot of trees
and uses different subsets of variables for each grown tree. It assigns uniform probabilities to all
variables and chooses only ¢ of them where # < T and T is the total number of variables’] Figure
[16] shows an example of RF with three trees and r = 2. Higher the number of trees in the forests

higher the robustness of the prediction, therefore higher accuracy.

2"Bootstrapping is a random sampling with replacement technique; new simulated samples have the same size as
the original dataset.

28Ensemble learning combines several ML models with the aim of enhancing the performance.

29The parameter ¢ or mtry is a tuning specification and we play with different values of it to get the model that best
predict the variable of interest. Moreover, you decide on how many trees you want to grow. More is better but at the
computational cost.
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Figure 16: Random Forest example with mtry = 2

After the trees are constructed, the classification decision is based on votes coming from each
grown tree. The majority votes decide on the final classification of the target variable. The ad-
vantages of using the RF method are that: it is very good in dealing with the overfitting problem,
has high accuracy, runs efficiently on large datasets, can maintain high accuracy on datasets with
a high proportion of missing data and it is computationally feasible. A major disadvantage of RF
is that it is like a black box where there is very little control on the model, and also not easy for

interpretation.

2.3.3 Boosting Methods

Similar to bagging or RF, boosting methods are ensemble learning methods that combine “weak”

and shallow trees to form a more powerful onem There are three main boosted methods: Adaptive

30A weak tree classifier is a tree that performs slightly better than random guessing. Most of the times a weak tree
is a tree of depth one (i.e., one node and two leaves), also known as a stump.
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Boosting or AdaBoost, Gradient Boosted Method (GBM), and XGB.

AdaBoost combines multiple weak trees into a strong one. In AdaBoost, all the trees are
generated sequentially and have the same depth (generally stumps). The next tree is fitted by taking
the previous tree’s error into account. The idea is to create an iterative process m = {1,2,3, ..., M}
with M trees where each one is trained on a weighted version of the dataset. In each iteration,
we modify the importance of each observation i in the data (i.e., training set) and give a weight
parameter w.. For each iteration we run the model, get the results, and update the weights of each
observation. We give higher values to the observations which are misclassified and lower to those
which were correctly classified. This way the classifier growing in the next iteration will focus on
classifying correctly those observations which were misclassified in the previous iteration. This
will lead to improvement in the overall model prediction. In contrast to RF where all the trees
have equal weight on the final decision, in AdaBoost the final decision for the prediction will be
based on a weighted majority vote, therefore some trees will get more say in the final decision than
others.

GBM is similar to AdaBoost but with some minor differences. In GBM also the trees are
generated sequentially but in a way that the next weak tree is more effective than the previous one
(this was not the case in Ada Boost). Therefore, the overall model will improve sequentially with
each iteration. The size of the tree in GBM is larger than in AdaBoost (generally between 8 and
32). Another difference to the Ada Boost is that the weights for each observation are not updated.
GBM optimizes the loss function of the previous tree and tries to minimize the prediction errors
by adding an adaptive model that adds weak learners. @ The main idea is to reduce the errors in
the previous learners’ prediction. Also, a regularization strategy such as scaling the contribution
of each tree (i.e., regularization by shrinkage) by a factor 0 < v < 1 is used. This parameter is the

learning rate of the boosting procedure. The generic algorithm is shown in Table [I6]

N
31 This study uses a cross entropy loss function L(y;, f(x;)) = —% > yi-log(f(x) + (1 —yp) - log(l — f(x;)).
i=1
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The three main components of the GBM are loss function, weak learners, and an additive model
which will regularize the loss function. While GBM often gives very good predictive results, one
of the main disadvantages is that it is computationally very expensive (takes a long time to train
the model).

Table 16: Generic GBM algorithm for classification problems

GBM Algorithm

N
1. Initiate the the optimal initial prediction fy(x) = argmin Y, L(y;,y)
Y i=1

2. Form=1toM:
(@) Fori=1,2,..., N compute residuals
o [aL(.Yi’f(xi))}
"l af |y
(b) Fit a regression tree to the r;, values and create terminal regions R, for j = 1,2, ..., J,,.
(c)For j=1,2,...,J, compute
Yjm = argmin 3 L(y,y)

b Xi€ER iy

I
(d) Update fi(x) = fiu-1(x) +v Zl YjmI(x € Rjm)
£
3. Output f(x) = fy(x)

XGB is an advanced version of GBM, where the focus is on enhancing the computational
speed and the model performance. The main reason why this method was invented is that GBM is
extremely slow. Different from the GBM, XGB creates weak trees in parallel, rather than sequen-
tially as in GBM. It implements distributed computing methods, out-of-core computing, and cache

optimizations in order to achieve faster and better results[]

2.3.4 Artificial Neural Network

ANN is another supervised learning algorithm that returns probabilities in binary classification
problems. It is one of the most powerful statistical learning algorithms. This non-parametric
model is closely related to how human brain neurons work. It learns to analyze and processes

information and it has self-learning capabilities that produce better results as more data become

32For more detailed information on how this is achieved refer toHastie, Tibshirani and Friedman| (2009).
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available. Training the model for ANN means to find the weights between neurons (i.e., input
nodes) and other nodes in a hidden or output layer.

The simplest model of an ANN is a perceptron model (single layer) also known as the linear
binary classifier. Figure [I[7]shows the structure of a perceptron model. In this simplified version
we have five features and they form the input layer L1. The output node is a linear combination
of input variables and their respective weight linkages. Higher weight values are an indication of

strong relationship between the input and the target variable.

output

Input Layer (L1) Output Layer

Figure 17: Perceptron structure

The perceptron computes the output value y by performing a weighted sum on its inputs and

subtracting a bias factor w = —¢. If this value is greater than 0, then the model predicts a class of

0

1, and -1 otherwise.

1 1, ifw- X —1> 0
Y. = sign(w - X — t) = W = s (16)
-1, ifw-xi—t<0
where w = (w], Wy Wy, wn) is a vector of weights, X, = (xl_l, > F S xl_n) is the feature space

for observation i and the sign(.) function or the logistic function acts as the activation function in
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the output node. By so far you must have realized a perceptron or an ANN with no hidden layer
is a logistic regression. Training a perceptron means finding weights that reflect the input-output
relationship of the underlying data. The key computation for this case is the weight update formula

wiD = w® =A@, - yf.k))xij, (17)

where wg.k) is the weight parameter for variable j at the k" iteration, A is the learning rate parame-
telm with values between 0 and 1 and X is the value of variable j for observation i. We put initial
guest for the weight vector w and this will adjust the weights until the error term (y, — jzgk)) is less
than the threshold or max number of iteration has been reached. For linearly separable classifica-
tion problems, the algorithm guarantees an optimal solution conditioning in choosing small values
for the learning rate. If the problem is not linearly separable, then the algorithm fails to converge
and we should be looking for other possible solutions.

In cases of non-linearly separable problems, we use a more complex model than that of a
perceptron. A model with extra layers (a.k.a., intermediate or hidden layers) in addition to the
input and output ones is a model known as a multi-layer artificial neural network (MANN)F_Z] The

goal of MANN is to find a weight vector w that minimizes the total sum of squared errors.
1 &
EwW) = 3 ;(yi ~9)fori=123,..N , (18)

where §. = w-x —1is the linear combination of weights and attributes for observation i. Notice that
now the weight parameters in equation are quadratic and therefore a global minimum exists.
In cases we use other activation functions such as sigmoid or tanh then the algorithm applies a

gradient descent method to find the global minima. The weight update formula for this case would

33The learning rate parameter controls the amount of adjustments made in each iteration.
34If the model has more than two hidden layers it is known as a Deep Learning (DL) model. However, for compu-
tational simplicity, I will use only one hidden layer in this paper.
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be:
wkD =0 _ AM ) (19)

J J ow .
J

For non-linear functions, the gradient descent method does not always guarantee global min-
ima. It is possible it can be trapped in a local minimum. The gradient descent is used to learn
the output and hidden nodes of neural networks. However, this is a challenge since we can not
compute the error term 0E(w)/ (9wj without knowing the output value .. Using a technique known
as back-propagation helps to solve the issue. This technique allows us to use the errors for neurons
at iteration k + 1 to calculate the errors for neurons at the k” iteration.

When building a MANN there are many choices to make such as the number of hidden layers,
the number of nodes in each layer, and the activation function. In this study, I use a feed-forward
single-layer neural network, where the nodes in one layer are connected only to nodes in the next
one, and each unit in one layer is connected to all units in the previous layer. Figure 18| shows the
architecture structure of the best ANN model used in this study. The structure of the ANN consists
of one input layer with the number of nodes dependent on the attribute type, one hidden layer with
9 nodes, and one output layer with one node. A popular activation function choice for non-linear
problems is the sigmoid function. The choice of this function fits well with this study because it

gives probabilities as an output, and also it is used in feed-forward single-layer ANN.
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Figure 18: Architecture of the best feed forward single-layer ANN model

A critique for ANN is that sometimes it might get stuck at local minimum/maximum. Also,

this method requires large amounts of data and it is computationally very expensive.

2.3.5 Support Vector Machine

SVM is another ML method related to statistical learning theory. It is useful when there are many
input variables or when these input variables interact with the outcome or with each other in com-
plicated (nonlinear) ways. SVMs make fewer assumptions about variable distribution than do many
other ML methods, and this makes SVM especially useful when the training data is not completely
representative of the way the data is distributed in production.

Consider an extremely simplified two-class linearly separable classification problem as shown
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in Figure [I9] (left). Many decision boundaries will put the default class on one side and non-
defaulters on the other side with zero misclassification error. However, which one of these possible
boundaries will work best in an unseen dataset? A linear SVM tries to separate the data by max-
imizing the margin, which is the minimum distance between two data points of different classes
that lie closest to the decision boundary. The data points or vectors are known as support vectors.
Assume we have N observations in the training sample and each is denoted by a tuple (x , y,) where
X, = (xl_l, Xy Xigs e X, d) is the feature space and for this particular method lets label the blue col-

ored observations (i.e., non-default class) as y. = 1 and red-colored observations (i.e., the default

class) as y, = —1@

X;
A
@ hon-default
e @@
e
@ .O ® @
ee ()
e _o e ® 0
default” ® o 0o
® .’.% @
e ©e@
() ® oo
()
X1 "X1

Figure 19: Linearly separable cases

The optimal decision boundary of a linear classifier can be written in the following form:

w-X +b=0, (20)

where (w, b) are parameters of the model from the training data set, w is the weight vector and b

331 could have left the classes as 0/1 as in the previews methods but it is more convenient to label this way to avoid
any confusion with the notation.
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is a threshold. This linear classifier would classify any new observation from the unseen dataset
according to the following equations:
1, ifw- X, + b>0

y. = , (21
-1, ifw-xl_+b<0

We can rescale the parameters (w, b) of the decision boundary so that the two parallel hyperplanes
passing through the support vectors can be expressed as w - X, + b = l and w - X, + b = —1. The pa-
rameters (w, b) should be chosen in such a way that all observations lying outside the hyperplanes

satisfy the following conditions:
w-x+b>1lify =1, (22)

w~xi+bs—1ifyl,:—1. (23)

Equivalently we can write the above two inequality equations as:
yi(w X+ by>1. 24)

2
lleoll”

The distance between these two parallel hyperplanes, which is the length of the margin is
The goal of the classifier is to find a decision boundary that maximizes this distance, which is
equivalent to the minimization of ||w||. Therefore our objective becomes an optimization problem

with equation (24) as the constraiﬂ

mi llwll”
w,b 2

yi(w-xl_+b)21, i=1,2,3,..,N.

S.t

We can solve this constrained optimization problem using the Lagrange multiplier method.

36Mathematically it is more convenient to minimize the |jw||?
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N
lol?

L(w.b. ) = = Z/li[yi(w-xi+b)—1], (25)

i=1

where A’s are the Lagrange multipliers. Taking derivatives w.r.t w and b we have:

) .

2o =0 = w= ;/liyixi, (26)
oL S
5 =0 = > y,=0. 27)

Equation (24)) is an inequality constraint that forces us to apply Kuhn-Tucker conditions:

>0, (28)

1

Aly(w-x,+b)—1]=0. (29)

Constraint (29)) shows that most of the observations will have a Lagrange multiplier equal to
zero as far as they reside on one side of the decision boundary and A, > 0 if observation i is a
support vector. Moreover, equations (26) and suggest that parameters (w, b) are defined only
by the support vectors and the other observations do not play a role in the decision boundary. This
is another feature of SVM where only support vectors play a role in the classification decision,
which is different from the logistic regression where all the observations are included as part of the
decision problem. Substituting equations (26) and (27) into (25) we have

N
L) = Z A, -

N
i=1 i=1

N
Z/l/lyyxx (30)

i
J=1

| =

Equation (30) shows that now the optimization problem depends only on Lagrange multipliers and
that the negative sign of the second term has changed it to a maximization problem due to the

quadratic term. Once we have the A’s we can use equations @) and @) to solve for the optimal
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parameters w and b, respectively.

In reality, very rarely we will have cases where we will have zero misclassification error. Most
of the time the algorithm will follow a soft margin approach, which allows a limited fraction of
the observations to be on the wrong side of the decision boundary. These misclassified examples
are known as slack variables. The measure of the misclassification will depend on the trade-off
between bias and variance. If we want to have a decision boundary with a small margin and a very
low misclassification error, then we will have the overfitting problem because the classifier will
perform very well on the training set but poorly on the unseen data. A decision boundary with a
wider margin means more observations lie on the wrong side of the hyperplane and the classifier
fits the data with lower variance and higher bias.

Figure [20| shows such a case where even though we can find a linear decision boundary to
split the data with zero misclassification error we should prefer a decision boundary with some
misclassification error because it will perform better in an unseen dataset. The SVM linear model
uses a cost parameter C to decide on the trade-off between bias and variance. This parameter
represents the penalty of misclassifying the training observations and it is determined by cross-

validation.

Figure 20: Linearly separable cases
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For this scenario, we have to modify the constraint yi(w "X+ b) > 1 because the decision

boundary no longer satisfies this constrain. The inequality constraints must be relaxed to:

w-xi+b21—8iifyi:1, 3D

w-Xx+b<-1+gify =-1, (32)

fore, >0 Vi. Modifying the objective function to penalize decision boundaries with large values

of slack variables, the constrained optimization problem becomes as follow:

N

min(||w||2+C E s) S.t

wb N\ 2 — i
=

yl,(a)-xl_+b)21—sl_,

aiZO Yi.

Then the new Lagrange multiplier equation is:

ol N S
L@.b.d,e) =~ +C Z &- Y Aly(w-x +b)—1+¢]- Z“i“% . (33)

The KT conditions becomes:

£20, 4,20, u 20, (34)
Aly(w-x,+b)-1+¢]|=0, (35)
pe =0. (36)

Taking derivatives w.r.t w, b, and € we have:
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oL

(9_(,():0 = w:;/liyixi, (37)
oL u
5 =0 = ;/liyi:O, (38)
L
OL L0 = C=a+p. (39)
(98 i i

N N
L) = Z A, - % Z Z AAyy XX, (40)

which is exactly the same as in the equation (30). Just for this example the constraints are different.
Equation @ together with the restriction @ from KT conditions suggest that 0 < 2. < C.

In most of the cases the raw data will not be linearly separable, as shown in Figure 21} One
way of dealing with a non-linearly separable case is by applying a data transformation from its
original space x to a new space ®(x) where we can use a linear decision boundary to separate the

data. The objective function and the constraint have the same form as before in the new space:
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Figure 21: Non-Linearly separable cases
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mi lwll? <
wb 2 o

y(w-dx)+b)>1, i=123,.,N,

and the last form of the Lagrange equation would be similar to equation and but the dot

product of observation would be in the transformed space

N
D Ay D)D) (41)

L
j=1

SR
L) = 4=,

N
i=1 i=1
However, applying this transformation is computationally very expensive, especially if you are
dealing with large dimensional spaces (i.e., a lot of variables) we might have the curse of dimen-
sionality problem. Moreover, finding a function ®(x) that will linearly separate the dataset is very
cumbersome. Here we apply the so-called Kernel trick. The kernel trick is a method that finds the

dot product of O(x ) - (I)(Xj) without applying the transformation function. This means that we can

find a functions K(.) such that

K(xj, Xj) = (D(Xl,)(l)(Xj) . (42)

The kernel function K(.) computes the dot product using the original space and is computationally
cheaper. Moreover, since it operates in the original space, it avoids the curse of dimensionality
problem. The real power of SVM relies on this trick. There are different types of kernel functions
and the most applied is Gaussian or radial kernel function (RBF) which I use in this study. It has

the following form:

_ _ _ 2
K(x,x)) = exp(=vlix, = x ), (43)
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where the y coeflicient is important to control the influence of function. Therefore, the Lagrange

multiplier equations used in this study has the following form:

Lygrg

N : N
L(A) = Z A= 3 Z 44 yy Kx,x). (44)
i=1 :

i=1 j=1

While other ML methods apply gradient descent strategy on solving optimization problems,
which does not guarantee that the solution is global minima or maxima. The setup of the SVM on

the other side guarantees that the solution found is global minima or maxima.

2.4 Data, Pres-processing, Parameter Tuning and Performance Metrics

My dataset consists of 597,391 loan-level observations. After removing some of the observations
with missing data—mainly some 3-digit zipcodes with missing values for unemployment rates
and house price indices—the final version of my dataset consists of 550,146 observations and 25
variables. The variables used consists of borrower characteristics such as loan amount, interest
rate, FICO score, annual income, debt-to-income ratio, delinquency in last 2 years, inquiries last
six months, number of opened accounts, revolving line utilization rate, the total number of credit
lines currently in the borrower’s credit file, the number of accounts on which the borrower is
now delinquent, number of charge-offs within 12 months; macroeconomic variables such as GDP
growth, inflation at the origination year and one lag; regional economic indicators such as change in
the unemployment rate and HPI inflation at the 3-digit zip code level aggregated yearly. Regional
and macro variables are exogenous variables used as shocks. Macro and regional variables change
over time and across geographic areas based on when the borrower has applied for the loan and the

respective location.

77



All numerical variables are standardized with mean zero and unit variance before used in train-
ing the models This is done to avoid any scaling issues.

The data set is split into a training set (80 percent, or 440,118 observations) and a testing set (20
percent, or 110,028 observations). It is important to emphasize that the random split is performed in
a way that the ratio between default and non-default classes is preserved in both training and testing
sets. A different approach would lead to model under-performance for out-of-sample predictions.
The training set is used to build the classification models, which are subsequently applied to the
testing set for out-of-sample prediction and performance assessment.

In this paper I use a repeated 5 times 10-fold cross-validation to select which model among the
same family performs best. I do this to validate the stability of the models on the unseen data and
reduce the risk of overfitting the models. In other words, I use cross-validation to build a model
on 9-folds (i.e., training fold) and test it on the complement 10th fold (i.e., test fold). This way we
build 10 different models and make predictions in all of the data and estimate the accuracy of the
models. For classification problems, stratified cross-validation is even better, which makes sure
that each fold is a good representative of the whole data. For example, the default class is 14.2% of
the data, so we need to make sure that this ratio between default and non-default class is preserved
in each fold for better models.

I chose the hyper-parameters of the models via a grid-search algorithm. All the hyper-parameters
were determined using 5 times repeated 10-fold cross-validation. This was done by specifying a

range in the grid search or by setting a specific value for the hyper-parameter of interest.

Xi—Hx
oy

data for i observation.

Musez; = values in training the models, where x = (x1, x», ..., X;) is the input vector, and z; is the normalized
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2.4.1 Model Performance

There are few measurements used to evaluate how accurately a predictive model will perform in
practice, and all are derived from the confusion matrixPE] Table|17|shows how the typical confusion
matrix looks like. True Positive (TP) shows the number of loans that defaulted and are predicted
from the model as default. True Negative (TN) shows the numbers of loans with non-default status
and the model predicts them as non-default. False Negative (FN) shows the number of loans with
the status of default but the model predicts them as non-default (also known as Type II error).
False Positive (FP) shows the number of loans that are non-defaults but the model predicts them as

default (also known as Type I error).

Table 17: Confusion Matrix

Prediction

default (1) | non-default (0)

default (1) TP FN

Actual

non-default (0) FP TN

The measurements used in this study are accuracy, sensitivity, specificity, positive and negative
predicted values. Accuracy is the fraction of the sum of correctly predicted observations divided
by the total number of observations in the data. It is important to emphasize that accuracy might
be a misleading performance measure for a dataset with unbalanced classes of the target variable.
Because of this problem, generally, credit risk models’ performance is based on sensitivity, speci-

ficity, and precision.

3 A confusion matrix summarizes the model’s performance. It shows predictions against the actual outcomes. In
other words, it is a table counting how often each combination of known outcomes (the truth) occurred in combination
with each prediction type.
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Number of correct predictions TP+TN
Total number of predictions =~ TP+ FN+ FP+TN '

Accuracy =

Sensitivity captures the ability of the model to correctly identify those who will default upon

taking a loan. This measure is also known as true positive rate (TPR) or Recall.

TP

Sensitivity/Recall/TPR = ——— .
TP+ FN

Specificity is the ability of the model to correctly identify those who will not default. Also, it

is known as the true negative rate (TNR).

TN

S pecificity/TNR = ———.
pecificity/ TN + FP

False Positive Rate (FPR) is the rate between false predicted default and the actual total number

of non-defaulters.

FP

FPR =1 —Sp€CifiCify: m

The companion score to recall is precision or positive predicted values (PPV). PPV is the ratio

of correctly identified defaulted loans by the model divided by the actual total number of defaults.

TP

PPV = —— .
TP+ FP

Negative Predicted Values (NPV) is the ratio of correctly identified non-default loans divided
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by the actual total number of non-defaults.

T'N

PV=— .
NEY = TN FN

In the lending industry, predicting both the good and bad borrowers is important. Lenders do
not want to lose money by giving loans to people who will default, but also do not want to reject
good potential borrowers who will pay back the loan. So in this scenario, we want high values for
both Sensitivity and Specificity because these are important model performance indicators for our
problem

The comparison between models forecast performance is done using Area Under the Curve
(AUC) which utilizes ROC Curve. ROC is a probability curve that plots the true positive rates
against false positive rates. For classification problems, AUC-ROC is a metric that measures how
well the model is capable to distinguish between default and non-default classes. Different ranges
of AUC show the quality of the forecasts by the models. A value between 0.9 — 1 is considered
an excellent forecast performance, 0.8 — 0.9 range is considered good, 0.7 — 0.8 fair, 0.6 — 0.7
poor and 0.5 — 0.6 fail. By adjusting the threshold, the ROC curve provides models with different

discrimination capability@

2.4.2 Balancing the Imbalanced Data with SMOTE

One common problem with predicting default is that the target variable is highly unbalanced: 85.8
percent of the loans are classified as non-default and 14.2 percent as default. An imbalanced

dataset causes problems and poor performance of the prediction models. In a logistic regression

¥These two measurements are important as we want to better price those who have higher chances of defaulting
on a loan with higher interest rates and give low interest rates to those borrowers who have low default probabilities.
Ideally we want the sensitivity and precision to be high and the false positive rate (i.e., non-defaulters that are classified
as defaulters) low. Often for best results it will require some trade off between recall and precision.

40When AUC-ROC is close to 0.5, this means the model perform as random as throwing a coin with equal proba-
bilities. This means the model has no discrimination capacity to identify between default and non-default classes.
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framework, the conditional probability of minor classes will be underestimated (King and Zeng,
2001). Moreover, in tree-based models, the imbalance of the data can yield high specificity but
low sensitivity (Cieslak and Chawla, 2008). These methods have a bias towards the majority
class (non-default in our case), and they tend to ignore the minority class i.e., default. This will
lead to misclassification of the minority class relative to the majority one, which will lead to low
sensitivity. To improve models’ performance different sampling techniques can be used, such as
under-sampling, over-sampling and hybrid methods. Under-sampling or down-sampling technique
tends to reduce the number of observations from the unbalanced training set until the ratio between
classes is one. Even though theoretically this looks right in big datasets, it has the problem of
losing valuable information about the majority class when throwing away observations. This way
of balancing the data might lead to bias results. Oversampling or up-sampling technique replicates
the data based on current observations of the minority group to balance the classes in the training
set. However, this will lead to an overfitting problem, that means high accuracy in the training and
low on the testing set. A hybrid method such as SMOTE deals with the above mentioned problems.
SMOTE randomly increases the minority class of the target variable by replicating them. Different
from the other oversampling techniques, instead of duplicating the current observations SMOTE
creates new synthetic data points from the current observations with minority class (Chawla et al.,
2002)). It finds random points within nearest neighbors of each observation in the minority class and
by boosting methods generates new observations with the minority class. Newly created synthetic
data points generated by SMOTE are not duplicates of an existing observation, they are still based
on original observations. This way overfitting problem in standard oversampling techniques will
not be an issue anymore.

It is important to mention that this technique is implemented only on the training set and not

on the testing set as the model performance will be evaluated on a real scenario case.
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2.4.3 Implementation

Machine learning models’ computations for such a dataset tend to be time and memory intensive,
and can not be performed on a personal laptop/desktop. To run these models I use high perfor-
mance computing resources at Hewlett Packard Enterprise Data Science Institute (HPEDSI) at the
University of Houston. I parallelize the codes and train all the models in the cluster. Using cluster
computing resources accelerated the learning rate and led to substantial computational speedup for
each model.

All my analyses are done using R programming language and a Linux environment, and utiliz-

ing R packages such as caret, dplyr, ggplot2, pROC, DMwR, parallel, doMC, and devtools.

2.5 ML Models’ Results

Table[I8|reports the in- and out-of-sample performance of all models used in this paper, both with
and without SMOTE implementation. Given the model simplicity, LR performs significantly well
relative to the other machine learning models. Under no SMOTE implementation, the model gives
an accuracy of 86 percent for both in- and out-of-sample prediction. for the training and testing set
is 68.3 percent and 68.1 percent, respectively. Specificity is very high but the value for sensitivity
is low, which is a common problem in unbalanced datasets. After SMOTE implementation we
see a significant increase in the sensitivity score on both training and testing sets. This shows that

balancing the dataset with SMOTE plays a significant role in predicting default with LR.
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Table 18: Estimated results from all models

ML model Metric No-SMOTE SMOTE
training testing training testing
Logistic Accuracy 0.858  0.858 0.722  0.721
Regression Sensitivity 0.006  0.007 0473 0471
Specificity 0.999  0.999 0.764  0.762

Pos Pred Value 0.468 0.533 0.249 0.247
Neg Pred Value 0.859  0.859 0.898  0.897

AUC-ROC 0.683  0.681 0.682  0.680
Decision Tree Accuracy 0.888  0.808 0.846  0.844
Sensitivity 0.404  0.141 0.076  0.072
Specificity 0.968 0919 0974 0971

Pos Pred Value 0.674  0.223 0.326  0.293
Neg Pred Value 0.907 0.866 0.864  0.864

AUC-ROC 0.825  0.608 0.665  0.662
Random Forest ~ Accuracy 1.000  0.858

Sensitivity 1.000  0.001

Specificity 1.000  0.999

Pos Pred Value 1.000  0.487
Neg Pred Value 1.000  0.858

AUC-ROC 1.000 0.674
eXtreme Accuracy 0.858  0.858
Gradient Sensitivity 0.003  0.002
Boost Specificity 0.999  0.999

Pos Pred Value 0.751  0.550
Neg Pred Value 0.858  0.858

AUC-ROC 0.710  0.688
Artificial Neural ~ Accuracy 0.858  0.858
Network Sensitivity 0.002  0.002
Specificity 0.999  0.999

Pos Pred Value 0.581 0.578
Neg Pred Value 0.858  0.858
AUC-ROC 0.692  0.687

DT model gives high accuracy and AUC-ROC values for the training set but lower AUC-ROC
value on the testing set. This is because mainly DT models suffer from the overfitting problem.
Different from the results in LR, SMOTE implementation seems to have a different effect in the DT
model. After the SMOTE we see the values for sensitivity have decreased but there is a significant
increase in the AUC-ROC value for the testing set which has increased from 60.8 percent to 66.2
percent.

Despite the usage of cross-validation, the RF model overfits the training data. However, when

applied for the out-of-sample prediction, results are close to the ones from LR.
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XGB outperforms LR and all the other ML methods. The model gives an AUC-ROC score of
71 percent on the training set and 68.8 percent on the testing set. The accuracy rate is 85.8 percent,
which similar for both training and testing sets.

ANN performs very close to the XGB with an AUC-ROC of 69.2 percent on the training set
and 68.7 percent on the testing set. Moreover, ANN has the highest positive predictive values (i.e.,
precision) among all the methods used in this study.

RF, XGB, and ANN models under SMOTE implementation run for 14 complete days on the
cluster but this time was not enough to get results. I plan to do more on this in future work. In
addition to the methods in Table[I8] I used GBM and SVM with and without SMOTE implemen-
tation which also run for 14 complete days in the cluster and this time frame was not enough to
train the models.

It is important to emphasize that results in Table [I§] do not indicate that these are the best
performance of each model. Making the models more complex or adding other variables will
potentially lead to better out-of-sample predictions.

Variable importance is another feature in machine learningE-] I use this feature to gain intuition
and be able to interpret the model results. Figure 22| shows the importance of the variables in
predicting default according to LR, DT, RF, and ANN. We can see that among the methods there
are some significant differences in which variables best predict default behavior. For example,
according to LR, the interest rate is the most important variable explaining default@ Higher the
interest rate higher the burden on borrowers, therefore higher the probability of default. The second
and third most important variables explaining default are borrowers’ self-reported income and
FICO score, respectively. Higher the income, lower the probability of default. FICO is a widely

used measure by lenders to evaluate potential borrowers’ creditworthiness. We can see that GDP

4'Each method has a different way on how to measure the importance of the variables in predicting the outcome.
For example for linear models, variable importance is based on the absolute values of the t-statistics.
“2For LR estimated parameters with and without SMOTE implementation see Table in the appendix.
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growth is in the top 10 variables predicting default.
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Figure 22: Importance of variables according to each model

DT and RF have very similar results. We see that for both methods debt-to-income ratio is

the most important variable. the more a potential borrower is in debt, the higher the probability

of default. For both these methods, we see that macro and regional variables make it in the top

10 important variables explaining default in the FinTech lending market. Borrowers’ self-stated

personal income, interest rate, and revolving line utilization are other important variables capturing

default.

ANN which also has the best performance in predicting default lists borrower self-stated loan



purpose as the variable that best explain default. Similar to finding from LR, loans issued to a small
business are more likely to default than any other type of loan. Among the macro and regional
variables GDP growth is one of the top 10 most important variables. Similarly, FICO does not
seem to be among the most important variable. These results are consistent with the results by
Jagtiani and Lemieux| (2017) where they find that LC grades have a decreasing correlation with

FICO scores and debt to income ratios over time, indicating that alternative data is being used.

2.6 Conclusion

This study provides an overview of some of the most common machine learning methods used
in modeling default risk and assesses to what extent these methods are better than traditional ap-
proaches. I use a loan-level dataset from the largest FinTech lender in the United States, together
with other macro and regional economic variables to evaluate the determinants of default in this
market. I apply different machine learning algorithms to predict out-of-sample default. The ML
methods used in this study consist of LR, DT, RF, XGB, ANN. An oversampling technique called
SMOTE is implemented to balance the classes for the response variable.

I find that some of the machine learning algorithms such as XGB and ANN outperform logistic
regression, but the improvement is marginal. The variables with the highest importance in predict-
ing default are annual income, loan purpose, revolving line utilization, and the interest rate. Most
of the macro and regional variables are listed among the top 10 variables predicting default.

I used high-performance computing resources (i.e., clusters) to train the models, which led to
significant speedup for each method. It is important to mention that I tried also other methods such
as GBM and SVM, which run for 14 days on the cluster and this time frame was not enough to get
results. I plan to do more on this in future work.

The results in this paper do not indicate that these are the best results these methods can deliver.

A possible improvement using more complex versions of ANN with multiple hidden layers and
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different activation functions such as hyperbolic tangent functions (tanh) or rectified linear unit
(RELU) can potentially lead to better model performance. Adding more variables also can improve

the out-of-sample predictions.
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2.7 Appendix

The estimated coefficients from the logistic regression model with and without SMOTE implemen-

tation are shown in Table

Table 19: Logistic Regression Results No-SMOTE vs. SMOTE

defaulted
No-SMOTE SMOTE

Constant -2.12%%%(0.01) -0.61*%*%(0.01)
home_ownership.fixrent 0.22%%%(0.01) 0.20%**(0.01)
borrower_claim_creditworthness1 -0.17%**(0.04) -0.20%**(0.03)
verification_status.fix Verified 0.08***(0.01) 0.08***(0.01)
purpose.fixeducational 0.57%*%%(0.20) 0.37**(0.15)
purpose.fixfun -0.10%*(0.05) -0.07#%(0.03)
purpose.fixhome 0.10%**(0.02) 0.13**%*(0.01)
purpose.fixmajor_purchase 0.02(0.03) 0.07**%(0.02)
purpose.fixmedical 0.18%**(0.04) 0.21#%%(0.03)
purpose.fixother -0.01(0.02) 0.01(0.01)
purpose.fixsmall_business 0.38%*%(0.04) 0.48%**(0.03)
loan_amnt.fix 0.14%*%*(0.01) 0.17#%%(0.004)
fico -0.20%**(0.01) -0.25%%%(0.005)
int_rate 0.42%#%(0.01) 0.43##%(0.004)
annual_inc.fix -0.19**%(0.01) -0.22***(0.005)
dti 0.11##%(0.01) 0.13*#(0.004)
deling_2yrs 0.02**%(0.004) -0.01*##*+(0.003)
ing_last_6mths 0.09**%#(0.004) 0.08*%#*(0.003)
open_acc 0.09%#%(0.01) 0.11#%%(0.005)
revol_util -0.02##*(0.01) -0.03*#%*(0.004)
total_acc -0.06%#*(0.01) -0.11##%(0.01)
acc_now_deling -0.004(0.004) -0.02#%*(0.004)
chargeoff_within_12_mths -0.01%#(0.004) -0.02#%%(0.004)
GDPGR_prevYr 0.08*#%(0.01) 0.09**%(0.01)
GDPGR_Y1 -0.10%#*(0.01) -0.10%#%(0.01)
INF_prevYr -0.05%#*(0.01) -0.05%#%(0.01)
INF_Y1 -0.03##*(0.01) -0.02##%(0.01)
UNEMPR_prevYr 0.01(0.01) 0.01%(0.01)
UNEMPR_Y1 0.02*#(0.01) 0.03*#%(0.01)
HPI_prevYr 0.01(0.01) 0.004(0.01)
HPI_Y1 -0.04%#%(0.01) -0.05%#*(0.01)
Observations 440,118 437,661
Log Likelihood -168,479.90 -275,093.80
Akaike Inf. Crit. 337,021.70 550,249.70

Figure 23| shows the distribution of LC assigned grades by default status for those borrowers
who own a house vs. those who rent. The share of borrowers who default with grade A and who

are homeowners is lower relative to the share of borrowers with the same qualifications but who are
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renters. In addition, the difference in share between borrowers who are homeowners and renters

keeps increasing for higher risk grades.
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Figure 23: LC grade default share by home-ownership status

We know that subprime category have higher default risk, therefore higher interest rates should
be charged. Theoretically, if FinTech lenders have better information and are able to measure risk
more accurately, then the default rates between prime and subprime, condition on grade should not
be different. Figure [24]shows the default share for prime and subprime borrowers. We can see that
subprime borrowers have higher default probabilities than prime borrowers when conditioning on

LC grade, which means their pricing model is not accurate when accounting for the risk.
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Figure 24: LC grade default share for prime vs. subprime borrowers
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