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Abstract

The discipline of predicting company defasl of great economic significance both
due to the consequences for affected businesses and individuals, and due to the implications
for investment and lending activity. This thesis investigadesciplinghrough aracademic
practicand methodgjicaens, with the aim of contributing to the improvement of the
predictive techniques availalilee thesis evaluates three hypotheses deducted from the
pertinent theory. In the firsypothess, it examine® what etithe classic academic models
of default pobability have discriminative power. In the second and third hygoithes
considerghrough what meathagwactical model of credit risk can be improved. In the
analysis dab what extent the classiti@oantiels of default prdizakEldygomative povike
thesis applies the original frameworks of Altman, Ohlson, Merton and their respective re
estimations on a modern portfolithe portfolio distinguishes itself from the related
literaturewith a scopsimultaneouskovemga wie range ofOECD countiesand multiple
industriesThis analysis concludes that the classic academic approaches to credit risk do have
significant discriminative power in a contemporary settingud$erjueranaysis othrough
what measures tleégataodel of credit risk can be imm@liteidto two parts. The first is
academically driven and expand upon the practical model by combining the accounting
based and markbased paradigms of the field. Thimsfme wor k i s | abell ed
Modelof § nt hesi s 6, asrihdt it is lsuperidr ko éhe madel felied dpon by
practitioners. The second is methodologically driven and transcends a machine learning
algorithm into the sphere of default prohigbilihe research concludes thatpitzetich
model can be improved significantlajpglying a random forest methodology. This finding
alsoservess a platform for discussihg implications of machine learning in thecypiatical
of default probability. The discussion poiotsa d i nt er pretability a
st i cki neeschdve exglanatians for the neglection of machine learning amongst
practitionersUltimately the research contributes to the field of defauligiitty both
practically and academically. Firstorceptualizes a framework that relies on market and
accounting theory in synthesis. Second, it extends the practical model to default probability

through the application of a random forest algorithm.
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1. Introduction

On the 27thof April 2020, the prudent Danish bookstore Arnold Busck filed for
bankruptcy. This came in the wake of the events facilitated by the Coronavirus disease, which
to a large extent have paused business activity tubtighglobe. While this public health
crisis las been a shock to the economy and inevitably will carry a recession with it, the
challenge of predicting what companies that are at risk of going default remains. Why was it
specifically an illustriobeokgorewith a history of more than a century, winas the first

large company in Denmark to become insolvent?

A corporate failure creates shockwaves that will affect multiple stakeholders; employees
are discharged, suppliers loose contracts, sharéholders | ue di sappears and
will not be repaid. The negative consequences are widespread. On the other hand,
bankruptcies are a natural occurrencthe business landscape. To limit the negative
consequences and make optimal business deeistaksholder need to understand why a
defaulthappens. For this reason, a quantifiable link needs to be established between the
intangible external pressures, whether they come in the form of risk inherent in operations
or force majeure events, andafio s abi |l ity to wi tdasobtamd t hes
such quantifiable Ilinks through financi al :
liquidity can be assessed, or he can be of a belief that these are already priced by the market
andexam n e t hsteck pricelThmage $wo sourcesinformation might be powerful on
their own, but if employed through a probability of default model then the basis of the
decision is even more informed. Concerns like this are the center of attentighewithin
discipline of default probability, whichnsintegral department in financial institutions with

the role of guiding lending activity.

The practical discipline of credit risk is built on top of a vast academic field, which is
deeply embedded in tbarporate finance literature. Both the practiwhbcademic side of
default probability is heavily influencedheyr methodological underpinnings, wherefore
progressions in statistical analysis drive the development of the field both amongst scholars
and amongst professionals. However, it is sinewltsly a discipline which up until this
point has been divided in two theoretical trenches facilitating a clash of paradigms.
Furthermore, the field of credit risk has to a large extent been neglectingntenzents
of machine learning algorithms. Is&eolars before, this thesis will address how progression
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can be made within default probability, however, we shift the focus to relatively untouched
lands. We are interested in both the conflict betweéndlstrands of the literature and
the methodolgical possibilities of machine learning. In this regard, we answer the following

research question:

oTo what extent does the classic academic approaches to default probability have discriminative

through which measures can the practical approac r edi t r i sk be i

I n answering this, we will showcase the ¢
modern portfolio context. Furthermore, we will scrutinize the practical apprdefetulio
probability, antbrmalize how it can be improved upon by looking to both paradigms of the
literature. Moreover, we will apply techniques from machine learning, in order to establish a
platform fordiscussinthe neglection of algorithms in preaitcredit riskAs such, thgoal
of the research is not to induct a new universal methodology, but to conceptualize a

framework where the practical approach to probability of default can be improved.

1.1 Contribution to the Literature: Why This Thesig Interesting?

In the existig literature there is research which considers both the testing of the existing
default probability models and extensive alterations in order to develop new frameworks.
This thesis contributes to the literature in five distiags, where two are deemednm

contributions and three considered supporting additions.

First of all, the thesis develops a practical probability of default (PD) framework which
combines the two academic paradigms within the credit risk literaturé, iSextends the
practicalmodel of credit risk through the application of a random forest algorithm.
Supporting these two contributions, the thasigidesan extensive testing of the classic
academic models withilre discipline. Further, the thesigpands thportfolio scope in its
research compared to the pertinent literature, as the focus for those is more limited in terms
of both country and industries. Finally, it discusses the precedence of logistic regression in
the practical field of defapitobabilityand provide two plausible explanations herefore.

The thesis at hand is interesting to the default probability discipline both academically
and practically. First, it is relevant for the academia of credit risk as it reviews the main tenants

within the fiéd in a modern portfolio, as the scope has been expanded to consider all OECD
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countries across multiple sectors anhydrained by the availability of data. Second, the
thesis is relevant to the practical discipline of default probalailiphtits coreptualization

of a new framework which incorporates both the market and the accounting theory of the
field. Further, the research is relevant to practitioners of PD as it extends the practical model

through machine learning and additionalyudses thenplications of this methodology.

1.2 How the Thesis Will Answer the Research Question

This thesis will be structured as follows. We start by establishing our philosophy of
science position, as it is fundamental for how we undertake thei@dadestigion.
Hereafter, we introduce the theoretical framework which the research of the thesis builds
upon. This framework includes both the economic thederlyinghe default probability
field and a review of the pertinent literature. Thedhealrframewark concludes with the
formulation of three hypotheses, which are set out to guide the answering of the research

guestion

Table 1.1 Hypotheses Formulated from Pertinent Literature and Theory

# Hypothesis

1 The classic academic appefaléigprobability have discriminative power on a modern portfol
2 The practical model outperforms the academic but is improved through a synthesis of mark
3

The discriminative power of the practical impdeledmidigh the application of machine learning

Following this, we outline for the methodological applications utilized in the thesis.
Subsequently, we outline our data collection, operationalization processes, and the
calculation of financial ratios and madelts with a basis in the theoretical &aork.

This brings us to our results.

Our results will be testing the three hypotheses formulated in the theory chapter. The
first entails an application of three classic academic models to the moderrcpbetftdio
for this research, with the adutitof a reestimation for each respective model. The second
consists of introducing the practical approach to default probability and furthermore
expanding it through a combination of the paradigms in the achieature. The third
revolves around etiding the practical model utilizing the methodology of machine learning

algorithms. Then we turn to our discussion.
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We discuss the striking neglection of machine learning in the practical field of default
probabi | i ty, refl ect oneagh higher lavélggod predictiverascoracy b i | i |
Herefore we bring two plausible and rexclusive explanations of interpretability and
oOinstitutional stickinesso, rdngspihaitesisvel yv. T
andsets the implicatisrof the research into perspective. Next, we reflect on the validity of
the findings we have made. Ultimately, we conclude the research, present our contributions,
and suggest avenues for further academic gawesti

Carrying the thesis throughouitssresearch design, which in the case at hand is two
fold. It is overarchingly a theory testing design, where it is deductive and applies hypotheses
to guide the acadenasicdeavarYet, it also has an empirizadierpinning as it considers the
practical isle of credit risk, which is conceptualized in order for it to be studied in the
theoretical scope. It further aims to extend the practical discipline through rationalizations
grounded in the supportitftgeory Having outlined the structure and the resetasign of
the thesis, we proceed to delimit the scope of the research.

1.3 Delimitation and How We See Probability of Default
Within the credit risk literature, a distinction is made between the differsiaiciiops

for <cal cul at ixpeged bss.sTheaekinput mdtodsene tersnedeas exposure at
default, loss given default and probability of default. Of these three elements, the research
conducted in this thesis will only be devoted to prdpaifildefault. We view corporate
defaults aa dichotomous event, entailing that a firm has either defaulted or is still operating.
The discriminative power of models employing this as the definition has been shown to be
equivalent to models employing Hadefinitions (Engelmann & Rauhmeier, 204/hen

referring to defaults we use bankruptcy, firm failure, insolvency and default interchangeably
and do not consider whether a given firm is restructured and returns to an operating state
after the event. Silaily, the terms of credit risk and proligtof default is used to describe

the likelihood of the default event for a given firm. Here, probability of default is given as a
modelled score denoting class belonging that is restricted to the range &ethaadone.
Throughout the thesis the ortyrecast horizon for which the probability of default is
modelled is a one year ahead horizon. This is in line with the l¢hgtbretast horizon

used in practice (ibid.).
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We further make a distinctiontween statistical techniques and machine learning. In
some parts of the machine learning literature, regression models such as the linear and the
logistic is included (Baesens, 2014). We consider regression modelgstqtEsticand
delimit the machge learning field to consider techniques such as supgtort machines
(SVM) classification treg€T) and neural network@\N). Specifically, we draw the
distinction between the two fields at the point of where thermmdeharning paradigm is
born, fdlowing the distinction of Breiman (2001). As such, regression models exist outside
the context of machine learning, whereforedbmsideredh statistical model. Likewise,

SVM, CT, NN and their likes do not exist outtigke contextwherefore thoseeplaced

within machine learning. Along these Jimes do not differ between algorithms, data

science, and deep learning, and consider those subfields within the branch of machine
learning. When denoting the practical approach to default probability referang to

credit risk departments within banlkenders and financial institutions, which share the
characteristiof being supervised by legal authorities. In this regard, the practical approach
and opractitionerso wi Ichoosingetheafailtprobabilitye r ¢ h a n
frameworks of Athan, Ohlson and Merton as applications in our research, we are aware of

the neglection of later and more modern schbktisave entered the academic discipline.

However, those have been chosen delghgras we consider them both representative and

fundamental for the field of credit risk today, both academically and practically.

Furthermore, we delimit ourselves from interpreting on the reasavisy$pecific
factors drive company failure, asaveeoccupied with modelling defaults on a largler. sc
As such, we will not engage in a discussion of the underlying mechanspesitnd
financial ratios, as the overarching focus is on discriminative power. Likewise, we will differ
from some parts dhe literature by withstraining from trying tegatize companies in
rating groups, similarly to credit rating agencies. We do however expand the scope compared
to large parts of the academic literature, as we consider a broader range of companies. As
such, we are not delimited to a specific industtprseountry or concise time period.
Instead, we consider data available from publicly listed companies in the OECD countries
from 2001 to 2019. Itis chosen deliberately, in order to investigat@dfahility models
in a wider and more compreheassetting. In this regard we highlight two perspectives.
First, we are not evaluating the models chosen from the literature in their original setting.
Second, we are aware that the implications-aidties are different for a broad portfolio,

compared t@ limited industry specific range of companies.
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2. Philosophy of Science

Philosophy of science is a discipline within academic research, which in its essence
underpins theendeavorsof knowledge. As suclour philosophy of science position
permeates the research of this thesis. Most fundamentally, the discipline considers the nature
of reality, from which several subfields stem. These include the nature of truth, the availability
of knowledge and the pmstence of science. Those notions are captured by the two main
concepts of philosophy of science, naoralylogydepistemoldgyose two are interlinked
and furthermore fundamental for how we approach the study of probaluktiaudt.

Ontology isn many ways predominant of the two but also the most abstract. It considers
the concept of being, or mere building blocks of reality. As such, it asks the question of what
the world is made of, determining the reality of the worlitsaagailability (Mes &

Knutsen, 2012). The ontological conception to a large lesdsthe epistemology, even

though it does not decide it completely. Epistemological considerations encapsulate the study
of knowledge. Thus, it assumes what weesscasrs can know aindvhat ways, revolving

around the question of what knowledge really is (Marsh & Furlong, 2010).

We identify three major strands within the discipline of philosophy of science, including
Naturalism, Constructivésmd Critical Ream where the two fomer are clearly most
fundamental to the science itself, as it in many ways have driven it. Here, the three
frameworks differ in their respective ontology and epistemology, and subsequently in their
inherent methods for research. Weeasarchers considmirselves as critical realists. In
this regard, we conwrhaderatdilei Mf rraateweor Kkt han
underpins our academic research throughout (Marsh & Stoker, 2010). Thus, we are unable
to compromise its tloeetical presumptionas it is a skin which cannot be taken off. For

thatreasonit should be introduced in relation to its counterparts.

2.1 Critical Realism

The critical realism (CR) framework will theoretically form our research conducted
within thedefault probabilityisicipline. It is a relatively young strand within philosophy of
science anariginates from Roy Bashkar (1975). In many walgsastself in between the
two classical philosophies of science, naturalism and constructivism, as it draws upon the
ontolodcal and epistemological assumptions of both. Doing so, critical realism is an
approach to research which considers reality to beitexygiereas knowledge is both

|14
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olimited and fallibledo (Scott, 200 D) . Crit
naturalism, which considers reality as being existent, real, and independent of our perception
of it. This constitutes threaligbart of CR. For the research at hand, it means that companies

exist, operate, report accounts and trade on markets detgpefrom our research of

them. Similarly, models of default probability are being build and utilized independently from

our bare knaledge of them. This is in contrast to the ontology of constructivism, which
perceive the world as being socially carettywhere reality only exists as we give it
meaning (Moses & Knutsen, 2012). Yet, critical realism takes the notion of reality a step
further than the naturalist framework, as it considers the world as being both deep and
stratified dtinoe @ dd i ieansen, @8012).@B s ¢ h

Reality takes place in three distinctive levels, or domains. The first is the actual domain,
whae events are taking place. Here companies experience decreasing sales that lead them to
defaulting in the ultimate casbéove is the empirical domain, where the actual domain is
revealed and can be studied. It is in this domain that accounting bquiksisired.
Underlying both of those levels is the deep domain, in which structures determine the above
levels. Itis inte underlying domain that mechanisms such as consumer behavior shape what
companies eventually default. For the thesis at hand, eanchestilizes observable
characteristics of the empirical domain to develop models that most accurately predict events
in the actual domain, and exclusively in the actual domain. As such, we do not claim to be
capable of modelling what mechanisms andiges that take place in the underlying
domain, as a RBodel does not predict consumer behavior or the like. Thesnidnebe
interconnecting mechanisms in the deep domain, which is foreign to both the models
developed and the research itself. Baiegtdrthe framework of critical realism therefore
implies that we can never claim to have found complete or infallitbewithin the

ontological sphere (ibid).
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Figure 1.1: The Three Realms of Critical Réam

Empirical Domain

Observable accoundy and market information

Actual Domain

Where events are taking place: Company defat

Deep Domain

Underlying mechanisms influencing the actual dor

SourcePersonal collection

This serve as a segway into the epistemology of critical realism. Knowledge is never
definitive, and truth is not obtained through relationships that remain unproven (Scott,
2005). As such, CR parys with the epistemological part of naturalism. Oonirarny,
explanations of events are deducted from plausible justifications of events, and thus attempts
to describe the world are inherently fallible. This isritieacomponent of CR. The
episemological notion of the framework is not however directial to that of
constructivism, as the latter approach emphasizes context and social creation as
underpinnings of its concept of knowledge (Biansen, 2012). Instead, the knowledge
that researcicquires is subject to the properties that the seftilnginconstitute. Wearing
critical realism as a skin, our research does not claim to prowe &b that are superior
in all empirical settings, but rather models that uncover some of thasmectzanilitating
company defaults. Those models can tie dmmvincing and probable given the data set

applicated in the research, however they can never be considered complete.

2.2 Mode of Reasoning and Appropriateness of Critical Realism

As noted abay, the academendeavorsnade in critical realist reséacinherently
shaped by the philosophy of science position. For the thesis at hand, the ontological and
epistemological assumptions of CR serve as a catalyst for contributing to the literature of
default probability. First, we have retrieved accourdtagadd market data for a large
portfolio of companies, which are observable information current in the empirical domain.
We utilize this to develop different models of default probability, wiekiemts taking
place in the actual domain. The mecharaamg place in the deep domain that influence
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the events of the actual domain, is outside the scope of our research. It could be argued that
those structures are inherent in the significanceabfimdmcial ratios that impact defaulting

companies the ost, however, this avenue of reasoning is not the aim of the research.

Second, our mode of reasoning is that of abductive reasoning which revolves around
retroduction. This method relates to thistemological assumptions of critiealism and
concerndfinding the best possible explanation for a relationship given the information
available. It aspires to acquire more complete knowledge of the reality through constantly
questioning the applicatiof techniques and the nature of data (Bel&agauf, 2016).

This proposition comes across in our research, as we search-fioo@dePihat can explain

the defaults of the portfolio the better. Third, the CR strand of philosophy of science is
denoteddr allowing any range of research methods. Bmigidension of its epistemology

and the intrinsic quest for more complete knowledge. As such, the CR approach allow us as
researchers to both apply a collection of statistical models, and subsedudatlg inc
political theorem that originates in ingbtialism to discuss the status quo (Moses &
Knutsen, 2012). Ultimately, it is central to severely underline that we do not claim to test or
model all possible explanations for defaults, but ratheetettd and discuss Pibdels

in the empirical vaam that our portfolio constitutes.
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3. Theoretical Framework: A Review of Default Probability in Theory,
Academia and Practice

The theoretical framework of this thesis will be structured a preseoitatien
fundamental core of the research at hanel s&btion will be divided into seven parts that
naturally build upon each other. The first introduces the acceaatibngpproach to
estimating probability of default, as this approach laid the fonrdatihe academic
discipline of default risk. Sadoit will cover the structural approach, which introduces a
market view to the probability estimation. For each of the two approaches, we will first
present its theoretical underpinnings and secondyvréhwe pertinent literature. The
theoretical undpmnings will shed light on how the specific school is relevant for evaluating
firm failure whereas the literature review will concern the methodological developments. The
third part will outline how thenderlying theoretical notions of these two paradipsh
with each other, as researchers within the field have failed to agree on one overarching
approach. The fourth part will have a practical focus and cover the basis for approaching
probability of defult amongst practitioners. The fifth part willecdwow inventions in
machine learning and artificial intelligence algorithms have entered the probability of default
di scipline, as well as the theoreformedal f oun
by machine learning. Lastly, a sectioroumilthy the gaps in the pertinent literature, which
will serve as a cataljet a newframeworkto model credit risk, thaDefaultModel of
Synthesié. The section culminates in the formulation of thieethgses. These hypotheses
come on the back of tlheview of the pertinent literature anelory andire formulated in

order to guide the overarching research question.

3.1 An Accountingbased Approach to Default Probability
The cornerstone of the defaptbbability discipline is accounting information, as it
constitutes the foundation for both the practical and the academic field to build upon.

Therefore, it is natural to introduce this position first.

3.1.1 The Accountingrheory of Credit Risk

At thevery core of a company is liquidity. Liquidity denotee gi ven f i r mds
meet its liabilities. As such, if the company is short of liquidity, it will inevitably default
(Plenborg et al., 2017). A default hurt patestiareholders, equity hotddand engaged
stakeholders of a company. However, those actors have limited knowledge on the individual
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companyos l iquidity and financi al i nf or maf
accounting standards. Thus, the psepof accounting is to minaaithe information
asymmetry between stakehol ders. This indic.

accounting books when evaluating its probability of default.

Along the same line, Beaver defined a company as a reservoir of liquidity, where the
operation includes in and dlaws of the reservoir. Ultimately, if the resers@mptied,
the firm is defaulting (Beaver @R6As such, the financial statementsaareessing the
status of the reservoir. Itaslear illustration of what Plenbotg e a | . denote as ¢
healthdo (2017). The f iametestinonigtd itsfinarcial beathnt s o f
wherefore the interest into whether the given company will go bankrupt should start here.
In its essence, the financial statementsiooimdications of whether a company will be
capable of meeting its obligatidhsneans that both the theoretical motive and the mere
rai son doéetre of accounting underpins the
modelling. As financialti@s are computed from the raw statements of a given company,
those arereflectinpe companyds financi al heal th in re
a theoretical foundation for basing models of credit risk on financialAatibsstration

of the principle behind an accourdraged model is visualized below.

Figure 3.1: Probability of Default Model: Accounting Theory

- Predicted solvency
Probability of Default-model .
of firm

Accounting information

SourcePersonal collection

3.1.2 Liteature Review of the Accountingbased Approach

William Beaver established the discipline of probability of default in an academic
context, with a univariate approach (12@gprding to Beaver himself, tneglebest ratio
predicted default as accuratemadtiratio models, which considered several accounting

perspectives. The Beaver framework used a methodology where 79 failedadled non
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firms were matched on asseesand utilized to draw conclusions on what ratios could

predict defaults. The stubund that thecaslfiow/total liabilitiegtio was the single most

powerful predictor in terms of accurately predicting default in a period of five to one year
before te distressornetti stress situation. While Beaver
limited in its scope of work, it pathed an acadeigiway for scholars to follow and expand

upon in the coming years.

Those following years were characterized by schtleming a similar approach to
Beaver, specifically with the methodology of multivariate discriminant analysis (MDA),
whichfurthe allows to combine different financial ratios. These approaches were primarily
dominated by the work of Altman, who byrpege considered one of the main scholars of
the discipline, driven by two aspects. One, the simplicity and applicability oflhiBwaod
the several reisitations of his framework. In his original work, 33 defaulting companies
were matched with 33lgent firms and observed over ay2@r period (1968). Like Beaver,
Altman matched the companies of his study on asset size. M|thizatesearch concluded
in a model where five accounting ratios mul

soredé, which popularized his name in the ov

Although Altman received wide recognition for formalizing desand applicable
approach to the study of default risk, his research left a wake of criticism to the MDA
approach and isatistical assumptions, which Altman violated. This criticism materialized
into the application of new methodologies, specifiaailjitional profitability models.

Within this strand of the ratfocused literature, Ohlson developed a logistic regression

model based on nine parameters inclusiogdummy variabge( 1 98 0 ) . Ohl sonds
included more than 2,100 firms, whereof onlywE)®& bankrupt cases. As such, Ohlson
pioneered the literature in two major ways. First, he introduced a much largsizeample

the development of default risk models. Second, he moved away from a sample where the
number of distressed and raistressa firms were evenly distributed and matched on asset

size. Both aspects were enabled by moving away from the MDA meyhobliog
development was levered upon by further scholars of the conditional profitability models
through the 1980s (Hamer 1983; Ké&agyatson 1986).
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3.2 A Market based Approach to Credit Risk
While the accounting rafiocused approach to modellingdit risk constituted one
way to model probability of default, a simultaneous riackeed literature on credit risk

developed whta cornerstone in optigaricing.

3.2.1 The Structural Theory of Credit Risk

Efforts towards an increased theoreticakerpidning of predicting probability of
default began in the mid 19706s. This chang
theories of Black and Scholes (1973) and the frameworks are often referoeding st
claims modelsnarketbasednodes or structural models. A general belief permeating the
framework is that the market already reflects the information contained in the financial
statement. Additionally, financial statements are backward kbedondping historical
figures whereas the ket is inherently forwatdoking and working through future
expectationfHillegeist et al2004,)

A wide range of scholars have employed different varieties of these models including
the first developed hylerton (1974). The original Merton model tred assumptions
behind are derived from a firmbés capital S
between the assets, equity and liabilities. Merton shows that the probability of default can be
inferred fran the market value and volatility of thegedides of the balance sitdrton,
1974) Fol l owing this framework, the mar ket ve
of a call option on the assets with a strike price of the face value ©hidebtbecause
shareholders are residualiclmant s on the firmds assets aft
When the option expires and debt repayment is due, the firm is insolvent if the market value
of the assets is exceeded by the notional value oftieibtarket value of equity will then
be zeo. As the shareholders have in effect sold the assets of the firm to the debtholders,
they will let the option expire and default if the assets are worth less than the liabilities
(Loffler & Posch, 2011Yhe pnmary assumptions behind the model are gnabte in
practice. The first underpinning of the moct
zeracoupon bullet bond. Secondly, a corporation can only default upon maturity of the
bond(Merton, 1974An illustration of the principle behind matkased default probability
models is shown below.
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Figure 3.2: Probability of DefaulModel: Market Theory

Probability of Default-model Predicted solvency
of firm

Market information

SourcePersonal collection

3.2.2 Literature Review of the Structural Approach

As aresponse towards the naive assumptions put forward by Merton a series of literature
emerged. Geske (1977) relaxed thecpenmon bond assumpti@nd instead put forward
aframework in which debt is viewed as a compound coupon paying bond. The bond is hence
no longer viewed as being finite per se, rather to finance the ongoing coupon payments and
to buy the next option, shareholders are requirsdue new equity at eachpmon date.
The firm will default if shareholders decide against selling new equity as coupon payments
are then not met. Shareholders will fail in raising new equity when the market value of equity
after the coupon payment isde¢han the value of the pant(Geske, 1977)n this way,
Geske still adheres to the timing assumption of Meartbe sensthat default occurs at a
fixed occasion, but instead of default occurring at expiry of the option it now occurs at the
coupon ate.

The timing assumpti is also challenged by Black and Cox (1976) as they allow default
to take place prior to maturity. In this framework debt is still viewed as a perpetual bond
with coupon payments. However, in their work they introduce tlegtohboundaries or
defaultbarriers. The lower boundary is to be thought of as a level of firm value at which
default will take place. The default barrier may be given exogenously by the contract with the
debtholders or decided endogenously by the sltiehas an optimal deaisfroblem
(Black & Cox, 1976kFollowing this, the shareholders will choose the default barrier as the
point in time where outstanding debt is minimized. The reasoning behind is that from the
shareholders perspective and gikerctirrent position of therh, the value of the option

is influenced by multiple scenarios in conjunction. These scenarios include the value at
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maturity if the firm has not defaulted before then, the value if the firm defaults at the upper

or the lower bundary and the value of tlesidual claims.

Brockman and Turtle (2003) builds on the default barrier work of Black and Cox and
argues that the standard view of equity presented by Merton aisi@epatident option
framework is wrong. Paitdependexy in this sense relateghe fact that the payoff of
the option only depends on the underlying asset value at maturity, i.e. that default can only
occur at this fixed point in time. Rather, equity should be viewed adeppattent down
andout call ption on the asse{®rockma & Turtle, 2003)Their option framework
explicitly incorporates a barrier that causes the termination of the option when breached, i.e.
directly leading to default. This implies that the specific rise or decline in asset value
throughout the lifetime difie option affects the payoff and hence how default probability is
theoretically underpinned. Brockman and Turtle are consequently modelling and empirically

testing the theoretical notions put forward by Black and Cox.

Bharathand Shumway (2038Jamined whether the structural framework provided by
Merton was a sufficient way to forecast probability of ddfaeit.research came on the
back of the numerous criticisms related to assumption of the Merton frameworkr Howev
thar way of addressing the assumptions behind the model differed from prior scholars in
the field.In their paper thelgypothesized that if the Original Merton Maevdket true, then
it should be impossible to improite forecasting abilitieS.hey recognizethat the
functional form of Mertonds framework coul c
of simple variables, but that improvements within the approguobsaii@eTo test this,
they developeda naive version of the original modteht reducedsame of the
methodological complexitiedile maintaininghe same discriminative poW@harath &
Shumway, 2008Yhe results of their research indicdted the Mrton model is an
important but not complete model, and that the structural approach topefaability

provides useful guidance for future predictive models.

3.3 The Literature on Probability of Default: A Clash Between Paradigms

A clash betweenetiwo paradigms of the accourtsaged approach and the structural
approach to probability default exist in the academic literature. This clash is present with
respect to both the theoretical underpinnings and empirical results of the two approaches

tested against each other. An array of reseaodreparesheir version of a structural
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modelagainst the accountibgsed models and find that their structural models are superior
(Tudela et g12003; Hillegeist et.,a2004). Another strand of the literature finds that a
simplified version of the structural models outperforms their deepetithdgrsupported
counterparts (Bharath & Shumway, 2008; Ja&R&mod 2013). There also exist empirical
tests of structurahodels where the accountivaged approaches are supespeciallfor

shorter forecast horizons (RedsBerlich 2007).

Researchers advocating for the structural approach being superior have several
theoretical arguments. Here, VassaitmliXing(2004) present arguments concerning the
inputs used in accounting models. As the inputs stem from financial statements they are
inherently backwa#idoking, describing either just a snapshot in time of the balance sheet
or the historical figures of the inarstatement. This critique is mirrored and further
expanded in Hillegeist et &004). They add that financial statementsebigrd is
formulated on a goirgpncern basis, why the ability of accowtasgd models to predict
a future event such as baukcy is limited. As structural models are based on market data,
they are aggregating a larger range of information tharotimérgarts. The academics
also ascribe the inferiority of the accounting models to the lack of a volatility measure. They
argee that a strength of the structural models not prevalent in accounting models is their
ability to vary the weight given to legeray employing a measure of volatility (Hillegeist et
al, 2004).

Another range of scholars aim at refuting the above pbictitique. They argue that
the structural models cannot be superior due to their theoretical foundations, as the
assumptiondehind are heavily violated in practideffie & Lando, 2001)Duffie and
Landoargue that the models rely on the stock marketurately reflect all the information
included in the financial statement and suggest that this is not the case inTpractice.
underpins the findings of Rei&zPerlich(2007) that the accountihgsed models are
superior for shorter forecast hons. They however add, that the natural fordeaking
characteristic of financial markets is why structural models are wuipgrfor longer
forecast horizons. As a contrast to the structural argument regarding the inclusion of a
volatility measure,ei®z& Perlichimplies that structural models tend to overestimate the
probability of default for highly levered, highly vofatits and vice versa for ntmvered,
nonvolatile firms. Agarwal & Taffler (2008) point out that the manavade from the

empirical studies of structural models should not be a relative superiority in performance.
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Rather, the studies show a poor perémce of the accounting models chosen for

comparison than a convincing performance of the structural models.

3.4 The Practi@al Approach to Probability of Default

The practical approach to probability of default is outlined by practitioner Evelyn
Haydenfrom BAWAG PSK (Engelmann Rauhmeier2011). Shpresentswo major
properties of the internalcoringmodels for corporate exposures. First, the practical
approach to default probability relies predominantly on financial ratios. As such, the
practitione€’s approach originates from the accounting ratio strand of the literature. Second,
the primary model ilized in the practical approach is the logistic regression model, which
stems from Ohlsonds contribution ©bys the f
precedence in practice, as it is easily interpretable, yields a direct probability of default, and

enables an easy analysis of the potential explanatory variables (ibid).

It is from the practical side of PD emphasized that the binary classifidabameaf
default versus solvent is a powerful predicting tool. Furthermore, the Basel Committee on
Barking Supervision underlines thataypreear hori zon i s a o0common |
is supported from the regulatory side (1999). When buildingithel dogistic regression
for modelling default probability, the practical approachistararefuyl investigating the
statistical relationshipgtween explanatory variables. Subsequently, it aims to end with a
parsimonious model of only a few, bgihly explanatory, regressors, decided through a

backward elimination process.

Another contribution tahe practical side of credit risk is that of the three big credit
rating agenci es, namely Standard & RPoor ds,
their lawcemented dominance within credit rating developed the most sophisticated models
of defaultpr obabi | i ty. An exampl e hereof i's the
combines both the accounting rgaavadigm and the market paradigm of thditeiature
(Sobehart & Stein, 2000). Along these lines, those institutions are considered to be extremely
advanced in both using the market approach and incorporating machine learning models. As
such, pushing the methodological boundary in order to constemitain the utmost
advanced position within the discipline (Baldassarri & Chen, 2016). Howewer, we a
researchers do no not consider the methodol

practical approach to default probability. This is explayntbgém being different beast
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compared to the average institution with an internal rating modedriRore, these credit

rating agencies are intermediaries rather than lenders, making them inherently different in
their approach to credit risk as theyret under legal supervision similarly to banks. Thus,

we assume the propositions of Hayden in ElagelnandRauhmeier(2011) to be

representative of the practical approach to default probability.

3.5 Machine Learning

The difference between statisticatiels and machine learning are often given through
the distinction between their respective purp8saisstics are used to infer relationships
between variables, whereas machine learning are used to reach the best predictions (Baesens
2014). If this ditinction is taken for granted, it underlines the relevance of applying machine
learning in probabilitgf default modelling. In practice, credit risk is a discipline which

revolves around predicting company defaults most accurately.

3.5.1 Machine Learmg Theory

The theoretical foundation for machine learning is to some extent inspired by the
functionaity of the human mind. It contains the ability to learn from previously observed
incidents anditilize the experience for future decisions. Like alehiling the harm of
fire by putting its hand on the flame of a candle. This is what sets macligedparn
from statistics (Shal®chwartz & Beavid, 2014). More specifically, methodologies of
machine learnings are given the ability to leardapicbacordingly. The process of learning
from memorization carries over into inductive conclusiomseTtonclusions are the
inference part of machine learning. Furthermore, they are used to make generalizations,
where a given mod withdbservatiors can bewslizeé forexdracting e r s

knowledge about the data at hand.

On the applicahiyy of machine learning, two theoretical underpinnings are present.
First, one of the major uses of machine learning is that of supervised learpno@ldms
where a model is initially given the information on what result to look for, such as finding
relationships resulting in company default. This application is easily comparable to that of
building statistical models, as it involves explainivgry shme information x. Second,
within supervised machine learning is classification problems, whierad by models
that are yielding categorical responses. Likewise, this application is easily comparable to a

statistical model such as the logisig as it has a binary outcome.

|26



Bridging the Gap Within the Default Probability Discipline: The Def aul t Model o fVisbgesgnt hesi s 1 Br an

Another theoretical property of machine learning is that it is cedsigplicable when
a task is too complex to program through traditional computer scienceSShadatz &
BenDavid, 2014). This relates to the gtithiiearn from previoexperiences amutilized
for instance in online search engines and recommendation systems. This segways into
machine learning being capable of reaching Ipgidictive powethan its statistical
counterparts. By these meahs,machine learning methodology fits well in the discipl
of default probability as a portfolio can reach extremely large sizes with numerous
interconnected relationships. Furthermore, those portfolios might have changing
characteristics as the economyhgough fluctuations, and the need for recognizing new

patterns arise over time.

3.5.2 Machine Learning in the Credit Risk Discipline

Despite the fact that machine learning algorithms have a tradition with supervised
classification problems that spaci®ss several decades, the literature within probability of
defaultmodelling is relatively sparse. Charitou et al. built specifi€atylors o nndodel | o g i t
andexpanded the framework by introducing the methodology of neural networks to UK
based firms2004). Neural networks consist of inserting input factors, which are broken
down to an arbitrary number of abstraction layers that eastofoa minor part of the data
(Baesens 2014). The layers of abstraction connect through previous experiene@s and giv
result based on the intended product of the model. With this application, the researchers
reached an high accuracy on a-botdsamp@. However, in their research they utilized a
limited sample size where distressed andlistvassed firms were edpalplit. This
methodologyproposesclear limitations, wherefore the implications of the siusly
restricted although it introduced aweapproach in the credit risk literature. The latter is
showcased by how the approach have been followed by othassaiah as Addo et al.
(2018) and Petropoulos et al2(0

Another strand of machine learning that have gained some precedence within the
literature of default probability is thatlafssificatiotrees (Jackson & Wood, 2013). Like in
the academideavoof Charitour et al., the tree models extend the thebfedimework
of accounting ratios, such as the one of Ohlson (1980). A decision tree come in the visual
form of a tree, where it from its root node, or starting point, make binary splés of t
variables in order to segregate the classes, default artdreolsteefficiently. Ultimately,

decision trees return a-aifit point, which gives the best separation between the two groups,
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wherefore its methodology overcomes one of the challengéatiftical models within
default probability. One of the maj@ctsion tree contributions to the literature of PD is
that of Bastos (2008). He achieved above 80% area under the receiver operating characteristic
curve for some datasets. Similar reseligaamed by Chang et al., who developed credit risk
assessment mels for shorterm defaults (2014). However, three perspectives are present
for machine learning within the discipline of default probability. First, while data science
approach to PD is pgent, it is nonetheless a minor part of the literature compahed t
traditional accounting and market models. Second, it mainly builds upon the accounting
ratio tenant of the credit risk literature. Third, it shows to have won relatively littlenground i
the practical approach to PD, even though it is establiseedwomore discriminative
power.

3.6 Gaps in the Literature

We have outlined the most central tenants of both the literature and the theory
underlying the field of default probability. Ptidentifying gaps in the literature and
clarifying how the research at hand progresses, a summary of the pertinent theory and
literature is presented. It should be underlined that these scholars highlighted by no means
represent the field completelykewise, they only constitute a minority of the scholars
reviewed in this thesis. However, we deem them most central to plieedisfcPD as a

whole, wherefore they create the foundation from which we will conduct our research.

Table 3.1: Overview of Pertinent Theory and Literature for the Research

Framework Methodology Theory Country Portfolio
Altman (1968) MDA (Linear) Accounting us 66
Ohlson (1980) Logistic Regression  Accounting us 2163
Merton (1974) Option Pricing Market us No Portfolio
Bharath and Shumway (2008)  Simple Option Pricing Market us Not Disclosed*
Machine Learning PD Class. Tree/Neural Mostly Accounting US/UK  Generally small portfol
Practical Model (Hayden) Logistic Regression  Accounting Local Varying

*Bharath and Shumway (2008) did not disclose their portfolio size. However, they did presemsigtatiipf 1,449. defaults.
SourcePersonal collection

Based on both the thgoand literature examined in this section, we identify two major
gaps in the academic and practical approaches to defaulligy-obhbse gaps present

areas of the credit risk discipline that is relatively unexposed or awaits further uncovering.
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First,the contrast between the two paradigms of the academic approach PD is continuously
stark. As such, additions to the literatueens® fall into either the trench of accounting
ratios or the one of structural mad®ihere little research try to combireetthio strands.

The neglection of such a combination is the first gap. Second, themelstehpo the
application omachindearning inhe default probability discipline, both in an academic and
practical contexDespitethe superior classificatiproperties of this distinct science, it is

not granted the precedence its results demand. This is the second gap.

3.7 Formulaton of Hypotheses

In order to guide the research quesifionwhat extent does theactdsnaipproaches to
default probi#pphave discriminative power, and through which measures can the practical approact
risk be improv&de@ formulate three hypotheses to examine both the academic and the
practical field of PD. Those hypothesesratenged in both the pertinditerature and the

theory surrounding this research, wherefore they are a natural extension hereof.

The first hypothesis addresses the initial part of the research question, which considers
to whatextent the classadecapproaches to defaubilisobave discriminative phiser
hypothesis is drawing upon both the prior literature review and the theory. Here we identify
the frameworks of Altman, Ohlson and Mertomegsesentativef the classiacademic
approachewithin the academic fiefdRD. The above theoretical framework supports that
there furthermore is a theoretical foundation for these approaches. However, as these models
are somewhat ageing, we are motivated to evaluate these frameworks on ouofportfoli
companies, in order toviestigate the theoretical classification strength in a modern empirical
context. Doing so, we both test the frameworks of Altman, Ohlson and Merton in their
original form and through-estimations. This part of the resea@tademically motivated
andlead us to formulate our first hypoth€eBie classic academic approaches to default probability

have discriminative power on a modern portfolio.

Table 3.2 First Hypotheds Formulated from Pertinent Literature and Theory

#  Hypothesis

1 The classiagamic approaches to default probability have discriminative power on a modert

Subsequently, we approach the next part of the research question, which contemplates
through which measures the practical approach to credit risk ttas tegarghrowethesis
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intends to build upon the practical knowledge that supports bdegtktic regression
model is the primary tool for practitioners. Here, it first aims to establish that the practical
approach to PBnodelling is superior to theademic, as it is not operating within a
predetermined framework. Having done so, we dainptactitioners can improve the
discriminative power of their model through a combination of the two strands of the
probability of default literature, namely itnenicial ratio approach and the market approach.
Thus, this claim also builds upon thetsigmal framewonknderlyinghese approaches. We
examine the practical model in its traditional form in contrast to one combined with market
theory, wherefore thgart of the research is driven by the practical approach to default
probability. In doinghis, we address the first of the two gaps identified above. As such, we
formulate our second hypothegtse practical model outperforms the academic¢hrotighmproved

a synthesis of market and accounting theory.

Table 3.3: Second Hypothess Formulated from Pertinent Literature and Theory

#  Hypothesis

2 The practical model outperforms the academic but is improved through a synthegiseafrynar

Ultimately, we investigate another perspective of the second part of the research
guestionthrough which measures the practical approach to credit riskisgrabieohtpeoved
research comes on the back of the evaluation of theapdpssacheto credit risk, and the
subsequent study of the practical model of default probability. Here, we build our research
on the theory suggesting that machine learning models can achieve superior results in
comparison to traditional statistical madéle inénd to place our research alongside the
findings of the sparse machine learning applications in iliterB@re by employing a
random forest algorithm. Overall, this part intends to improve the discriminative power of
the practical model througan intraluction of machine learning, wherefore it is
methodologically driven. By these means, we confront the second of the two identified gaps
in the literature, and formulate our third hypothBsesdiscriminative power of the practical model

can benproveldrough the application of machine learning.

Table 3.4: Third Hypothesis Formulated from Pertinent Literature and Theory

#  Hypothesis

3  The discriminative power of the practical model can be improved through the application o
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As previously mentioned, the hypotheses are formulated in order to guide the research
of the thesis. While the thesis progresses, the hypotheses will be evaluated and either rejected

or verified In total, we have formulated three hypotheses.

Table 35: Hypotheses Formulated from Pertinent Literature and Theory

#  Hypothesis

1 The classic academic approaches to default probability have discriminative power on a mc
2 The practical model outperforms the acedgroietuhieughthesis of market and accounting t
3

The discriminative power of the practical model can be improved through the application o

As stated above, the three hypotheses have each of their motivation. Where the first
relates predominty to the academic approach in the probability of default discipline. In

the second hypothesis, the lens shifts to cover the practical approach [waledhility.

Figure 3.3: Hypotheses Answering the Research Question

For the latter hypothesis, the motivation is primarily methodological. The mogwations
summarized in the table below. The progression of the thesis is as such that after we have
examined its three hypotheses, we have establisheata pbatfwvhich we can discuss the

further feasibility implications of using machine learning to mdalelt geobability in

practice.

Figure 3.3: Hypotheses Answering the Researchu@stion

Academically Motivated Practicallv Motivated Methodologically Motivated

Hypothesis 1 |:> Hypothesis 2 |:> Hypothesis 3

Answering the

v

Research Question

SourcePersonal collection
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4. Methodological Framework

The methodology chapter of this thesis will be split into six parts and comes on the back
of the review of the literature and theory section. The first threpreséntthe
methodologie of Altman, Ohlson, and Merton individually. These are the existing
theoretical frameworks which the thesis will replicate &@stimate on its dataset. The
fourth part will dissect the methodology applied by practitioners to develop logistic
regressioD models. The fifth section will outline for the machine leareithgpaology
of classification trees and random forests, which we will transcend into the default probability
field. The last section will outline different evaluation metrics that theriadilize to

compare its models, which are metrics drawn fotimthee literature and practice.

4.1 The Methodology of Altman: Multivariate Discriminant Analysis and Linear
Regression

When Edward Altman initially presented his first mimdepredcting default of
companies, his methodology was strongly dictatiee psecedence of other scholars, such
as William Beaver (B)6As such, he developed a-fator model constituted by chosen
business ratios, where coefficients were determinedhthradtivariate discriminant
anal ysi s. T hr o u g hatuees, r.eathey fimargial catios) inaveciors,dhé f e
methodologyassignshe features coefficients such that it segregates the two groups most
efficiently. The two groups are here a gobuprnrdefault and a group of default companies
respectively. Thesegponse variable of Alt maAitrdam Zf r a me wc
scoravhich is a result that can be translated into a credit rating. Here, Altman suggest that a
Z-score of lesthan181 indicates that a given company is looking into default, whereas it
alternatively is in the 0 ssadreen betoeerethosewi t h a
thresholds indicates red flags for the company (Alt8%8). The original model of Altman,

whichwe will apply to our dataset is the following:

G PRO pEH oBH THO TH W (4.1)

While the MDAapproach shares properties with the linear regression, namely that it
tries to fit a linear function to the dataset,firither specifically useful for the purpose of
separating two groups from each other. The MDA inherently trieb¢occhietfficients that
segregate the defaults from the solvent companies, however, it is also here that the approach
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meets its limitationghe MDA requires a balanced portfolio of an equal number of default
and nordefault companies. Altman adheres tgotioigerty of the methodology by taking

a sample of 33 bankrupt industrial companies and match them with 33 solvent (ibid). Altman
matchedhe companies on asset size, in order to fulfil another inheritance of the MDA. As
the methodology reduces the dimeradity of two groups to one through fitting a linear
function, it requires equal varianoeariance of the features in the two gro@jisian
deliberately violates this assumption, which undermines the approach to soma extent
concern which have beaised by other scholars of the credit risk literature (QI@8a)).

In order to overcome the problems inherited by the Mp#oachwe estimate a
linear regression model on the response variable of default. As such, the gdoree Z
estimation conducted in this thesis will follow a different methodology than the original one.
It is better suited with the theoretical assumptibriseotwo statistical models, as our
portfolio is neither balanced between defaults andlefanlts oris exhibiting equal
variancecovariance matrices between the groups. However, this linear model approach to
estimating Al t man d yEnganamaiaameierwhoslassifiepipor t ed
as a linear regression model (2011). Thus,-¢éséimated aefficients of Altman will be

done following a regression of the type:

G L Te T Te 16 16 4.2

Here, the Zscore also denotes credit score which can be translated into a probability of
default. However, itwillbeona f f er ent scal e than Al-t manos
estimated model regress a binary response variable of eithent® dnd fonancial ratios
determined by Altmands framewor k. However,
outcome witla linear regression, the response variable can take values outside of the 0 to 1

range.

This raises another problem, which @&esth by both the restimated model and the
original Altman model. Thestore approach to probability of default aimstima&te a
credit score, which can be translated into a credit rating, rather than predicting either default
or solvent. As such, Alan diverts from the classic paradigm within the literature, and also
the definition of PBestimation adopted by the reseatdtand, which treats the dependent
variable as a dichotomous, discrete anebwentapping classification (Jackson & Wood,
2013; Ayarwal & Taffler, 2008). Following several scholars of the pertinent literature we

133



Bridging the Gap Within the Default Probability Discipline: The Def aul t Model o fVisbgesgnt hesi s 1 Br an

overcome this problem by translating Zk&core into a probability of default, through

inserting it into the logistic cumulative distribution function of the form:

016 H 008 6 dEan 6 &6 43)

Following this we also turn around the coefficients of the model, following the
procedure of other scholars such as Hillegeist2d@)l n Al t mands ori gi nal
a largr Z-score indicated a more solvent company position, whereas the Yatueusf
dataset indicates a defaulted company. Through this operation we organize the coefficients
so they are more comparable across the two versions of the Altman framewmtkeand
other models developed by the research. Furthermore, we asstineectraparability
between the two models is uncompromised, although they are estimated through different
methodological approaches and resultsnafes on different scales. Fwst,claim that it
is rather a question of how the direction of the caefficiof the model impact the
probability of default than it is the size of the specific coefficient. Second, we underline that
the wultimate unit of C to cigssify defawdting congpaniesn e Mo ¢
successfully. Third, we highlight thatréestimation model has been developed from the
original Altman framework, building solely on the financial ratios as predictors presented
herein (Altman 1968).

The five finana | rati os i n Altmands framewor k i
differentas pect s of business operation. As such,
larger pool of ratios, in which he examines the interrelationship between them (ibid). It is
done in oder to prevent that ratios capture similar effectgalibe chosen byl#nan were
1) Working Capitdlotal Asset®) Retained Earnifiggal Asset3) EBIT/ Total Assetd)

Market Value of EquBpok Value of LiabilitigsS&dd otal Assetsnd represented the
categories of liquidity, profitability, leverage, sohamtyactivity. Altman indicates a
direction of each ratio, in terms of which effect it has on the probability of firm failure, where
each is determined according to economic themrgll five ratios it rules that it should be
accompanied by a negatigm ssuch that an increase in that given ratio should decrease the
probability of default, ceteris paribus. Exemplified through two companies that operate pari
passu the one withaderetained earritigal asseasiowould be classified as lesdyike

default. By these means, the ratios of Altman including their effect on probability of default

can be summarized in the following table.
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Table 4.1Edward Altman (1968 Dir ection of Financial Ratios on Probability of Defaull

Increasiidfect Decreasing Effect Divergent Effect

Working Capital / Total Assets
Retained Earnings / Total Assets
EBIT / Total Assets

Mkt. Value of Equity / Bk. Value of Liabilities

Sales / Ttal Assets

SourcePersonal collection

4.2 TheMethodology of Ohlson: Logit Model

James Ohlson reacted in 1980 to Altmanod:
probability of default with a logistic regression. Not only did Ohlson overcome the problems
inherited by the MDA, he also employedeshodology that is ideal when dealing with a
dichotomous classification problem (Ohl4880). The logistic regression response variable
takes the values of either O or 1, where a defaulted company shoulddiedlgsgvalue
of 1, and a solvent commpeshould be predicted with 0. In the original framework of Ohlson,
he built upon Altman even further, as he continued-Beo#e as the product of his own
modeland termed in an-Score However, the Zcore equalent of his framework were
to be enterethto a logistic equation, equal to the one we applied in-eatimnation of
Al t ma n 0 ®hlsondultieet expanded the literature of PD by introducing new ratios,
including two dummy variables. Thus, he irenehe comprehensiveness of the financial
ratios going into a probability of default model. He estimated the coefficients of the variables
with a |l ogistic regression function. AsS suc

captured with the follang:

6 pHc T M @B pd & TEIX WX (4.4)
COXY PP T Yd P Q@ T@ P
51 & O o GOl EQD RGN0 6 eOHapQ— (45)

The framework of Ohlson totals nine rgtay company features, which are utilized for
predicting corporate default. The nine ratios afiz4®) Total LiabilitieSotal Assef?)
Working Capitdlotal Assetd) Current Liabiliti€urrent Assef§ Leverage Dum@)yet
Incom@&otal Asgs7) Funds from Operdfimtal Liabilitie®)Net Income DunBjiet Income

Change Rat@hlson measure leverage through a dummy of 1 if total liaiteedotal
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assets, and zero otherwise. He likewise introduces a dummy foomef witex the

variable takes the value of 1 if net income has been negative for the two past years, and zero
otherwise. On the variablesiéeOhlson introduces a domestic component, such that size
equals the logarithm of total assets over GDP. It riiekgarable universal to companies

with different national backgrounds. Thus, this operation prevents that the large solid
Latvian company become penalized in a portfolio with predominantly U.S. companies.
Ohlson further creates the rationet inconmaegevhich takes positive value between 0 and

1 if the firm has experienced an increase in net income, and negative value between 0 and
1 if it experienced a decrease. This variable adds a dynamic factor to the framework, as it

indicates in which diréah the ompany is moving.

Generally, Ohlson was less focused on assets while he was more concerned with net
income. As such, Altman denominated the majority of his ratios by total assets, where
Ohl son frames a | ar ger take pasteptfurtieef, Ohdsonldid s i ne s s
not prohibit himself from capturing the same influences through utilizing features that
indicated similar effects, such as net income in three different ratios. He also indicated the

expected directions of his ratiosiclwftan b summarized in the following table:

Table 4.2:James Ohlson (198@) Direction of Financial Ratios on Probability of Default

Increasing Effect Decreasing Effect Divergent Effect

Total Liabilities / Total Assets Size Leverage Dummy
Current Liabilities Current Assets Working Capital / Total Assets
Net Income Dummy Net Income / Total Assets
Fundsfrom Operation / Total Asset
Net Income Change Ratio

SourcePersonal collection

Wereesti mate the coefficients of sifilarl sonds
methodology to the original one. As such, we build a logistic regression model including all
the nine variables. Thus, the original Ohisodelwill be evaluated basedtbe original
coefficients multiplied onto original ratios, whereas-d#mated will be considered with
the original ratios but with new coefficients. In building eestimmated Ohlson, we will
build it with the maximum likelihood estimation (AggeBtianklin, 2013).
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4.3 The Methodology of Merton: The Original and the Mive

The structural approaches to modelling probability of default are not statistically
estimated models like their rdigssed counterparts. Rather they are underpinned by the
option pricing framework by Black and Scholes (1973) and build upon by(AM&ddms
presented in the theoretical framework of this thesis. The structural approaches are in essence
using economic reasoning to identify conditions under which borronexpeated to
default and then estimate the probability that these conavilbtske place. For any
publicly traded firm, the probability of default can be calculated independently and requires
no coefficient estimates. A variety of structural modeis amd different versions within
each model exist. This thesis will em@lowersions of the European call contingent claim
approach, specifically the original model derived by Merton and a computationally less heavy
and contemporary version presefgdharath and Shumway (2008). The former will be
referred to as the Origiiderton Model and the latter as the Naive Merton Masléhere
are no coefficients to-estimate per se, we refer to the Naive version asesterated

model.

The OriginhMerton model assume a simple capital structure for the firm: debt plus
equty. In this framework the liabilities consist of one-@aupon bond with principél
maturing inT with no payments up unfil(Loffler & Posch, 2011Yhe basic premise of
the structural models is that default occurs if the value of the assetsrhated|tora level
below the firmds I|iabilities at maturity. T
payoffs to the shareholders of a firm are very similar toythfésghey would have received
had they purchased a call optiononthevaludhoé f i r mbs assets with a
the amount of debt outstandifigassalou & Xing, 2004Jhe European call contingent
claims models hence view equity as a Europeaa | | option on a firmb
price equal to the face valuet®tebt liabilities. As such, the option pricing techniques of
Black and Scholes (1973) may be used to estimate the value of the option and the underlying
probability of defdu(Tudela et gl2003).

The option expires when the debt matures, at wbichthe equity holders either 1)
exercise their option and pay off the debt
of its liabilities, or 2) let tlption expire if the assets are not sufficient to cover the maturing
debt, i.e. they exese the wallaway option when the equity value is negative and leave the
firm to the creditor¢Jackson & Wood, 20130 the option is left to expire, the firm is
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asumed to default and the residual claim to equity is assumed to be zero. To avaid foregoin
a benefit from an increase in value, equity holders will wait until maturity before they decide
whether to default or ngibid.) This is the conditions under whitie contingent claim

models determine the probability of default.

Figure 4.1: lllustration of Default Probability in the Merton Framework

Market Value of Ln Assets

A Density of Ln Asset Value

-~

Possible Asset Value Path

Ln A

Ln Liabilities

A

Probability of Default

»
»

T Time
Source: €rsonal adaptation of Loffler & Posch, 2011

The probability odefault as the probability that, at maturity, the value of the assets is
below the value of the liabilities can be visualized as seen above. The distribution of the asset
value at maturity is assumed to follow a lognormal distribudimanfiualized vance of
the logarithmic asset value changes is denojed Dlye expected change in logarithmic
asset valuesis denoted by—where¢ i s t he firmds expected retu
value inT thus follows a normal distribaniwiththe following parameters (LoffePosch

2011):

a® x 06 ad - YR, Y (4.6)

And consequently, the probability of default can be given by the cumulative standard normal
distribution:

01 & & ot 0 MR 6 & O — 4.7

The number of standard deviations the expected asset vaumvay from default,

i.e. the term in brackets, is labeled the distance to default. The face valderaf long

|39



Bridging the Gap Within the Default Probability Discipline: The Def aul t Model o fVisbgesgnt hesi s 1 Br an

liabilitiesL, are directly observable from the balance sheet and time toreigirythis

thesis taken to be one y@aiffler& Posch2011) The mar ket value of
the asset wvolatility an drecttyobeservhhbleramlidnastllex pect
estimated. As the observable book values may diverge considerably from the market values
option pricing theoryisesd t o deter mine the mar ket wvalue
(Vassalou & Xing, 2004)

The market vatuof equity for a publicly traded firm is observable given by the number
of shares outstanding and the share price, and this is used to esthtimiship between
the assets and equityffler & Posch 2011) At maturity, the value of equity willZeeo as
long as the asset value is below the value of liabilities. If the asset value is higher than the
liabilities, then the residual valueflwil to equityholders and the pajf increases linearly

with the asset value. This-péycan be viewedsdhe payff of a European call option:

O adatd 0 (4.8

By assuming that the firm pays no dividend and thus using the stand3dHBlask
call option framework, equity is given with the following equationsdeitbting theisk-

free rate of return:

0O Hz20Q QU Q 4.9
P
o 0 3 (410
ny
Q Q Y (411

The BlackScholes framework consequently links the unobservable market value of
assets and asset volatility to the observable market value & @difftgy & Posch2011)
To solve the equation for equity with two unknowns we use the relationsegntibav

volatility of equity and thelatility of asset value:

5
D Q — 4.1
,,UQ,O (412

As we can observe the market value of equity and can estimate the volatility of equity the
result is two equationgt.12) and (4.9)ith two unknowns that can be solved with

numer i cal or i ter at i v airn pnoagsets careteen belestimatetl i r mo ¢
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with CAPM and the probability of default according to the Original Merton Model can be
determinedibid.)

The Naive Merton model simplifies the estimation difficulties of the original model.
Instead of using the sonteat complex BlaeRcholegquations (4.10) and (4.Hhdthe
followingiterative routines to solve for the unobservable variables, the niadetome
simplified assumptions. The value of liabilities is now estimated as the sum of current
liabilities ad half of longterm debt. This value is added to the observed market value of
equity to arrive at an estimate for the market value of assdtgolasifity is estimated as a
weighted average of volatility of debt and equity. Here, the volatilityoadeiple linear
transformation of the volatility of equ{Bharath & Shumway, 2008; Jackson & Wood,
2013) The same final equation for clttng probability of default is employed, but the
parameters are substituted with the ones summarized liklsubacripN for Naive:

0 661 1 BGO QA ROET®I'AQ OO (4.13
6 0 O (4.19
0
T 5 (4.15
™ ] Y (4.16

4.4 The Pactical Modelling Methodology

The theory section presented how the practical approach to probability of default is
predominantly carried out with the use of a logisgiression with accountibgsed
variablegEngelmann & Rauhmeier, 20D& Laurentis etl., 2010; Neisen & Rosch, 2018)
The logistic model has previously been described in the section regarding Ohlson, however
this section will emphasize how the maodglirocedures are carried out in practice. As such,
the methodology presented here s@itve as a template for the practical derived model
presented later in this thesis. The steps included in this template comprise of the following:
1) The consideratiots be made regarding the accourged inputs prior to conducting
any modelling predures, 2) The statistical treatment of these inputs, 3) The input selection
techniques applied and 4) Deriving an optimal model. To further reflect a contrast between
the practical model and the two other accoubtisgd models, we will use a number of

new financial ratios from Plenborg et al. (2017) in addition to the ones provided by Altman
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and Ohlson. These afetal LiabilitieEBITDA, Funds from OperdiapstaExpenditure,
Funds from Operdiiunsent Liabilitiend Working Capit&evenu&he motivation for
including these additionatios are twdold. First the ratios are often employed when
conducting a financial credit analysis and secondly, tineitabelr of ratios will then to a

greater extent reflect the range of ratios availgbigctdgioners.

Financial ratios are structured by beiffigrent category labels. Like Altman and
Ohlson, practitioners also use categories such as leveragétabdity. For each of the
ratios an initial indication regarding the direction isufated(Engelmann & Rauhmeier,
2011) The specific directional indication is to be grounded in economic reasoning such that
a high degree of leverage is associ@tedmincreased probability of default, par exemple.
These considerations are all mads poi conducting any modelling stepactitioners
employ few significant rather than many predictors, and this implies that the number of ratios
to be included hase be reduced to secure the statistical appropriateness of the final model
(ibid,) The ctegorization and formulation of directional indications will help with this

matter.

To reduce the number of covariates the first selection stage involveg desessin
statistical suitability. This implies that a test of whether the linearity assitmetiogistic
regression applies to the ratios needs to be carried out. If a ratio is to be included it needs to
satisfy a linear relationship between it anddghedds, i.e. that it is linearly associated with
the log odds of probability of defafiihgelmann & Rauhmeier, 20119 check this, we
aggregate observations for a given predictor into sorted groups. The first group contains the
top 3% values the nesdlues fron94%to 97%and so forth, resulting in a total of 33 groups
per predictor. Haydq2011)suggests that the data is aggregated into 50 groups, however,
to ensure that each group includes defaulted observations we choose 33 groups. In each
group ve calculate the empirical default rate, i.e. the mean of the dependent default variable,
the associated logit and the median of the predictor value. To check for linearity the logit
and median predictor value is then plotted against eactHotbr@er & Leneshow, 1980;

Menard, 2010)

If there is evidence against the linearity assumptionglyvdifi@rent transformation

techniques. These include either a quadratic, cubic or logarithmic transfivieasion
2010) The plots of each of the fits will also aid us in confirming the direction, and if the
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variable exhibits a wrong direction @xsluded. The second variable reduction technique

involves analyzing a correlation matrix of the remaining variables. i@llesvérat are

highly correlated with each other cannot both be included if the coefficients are to be
statistically unbiased asidnificant(Engelmann & Rauhmeier, 20Nariables that are

highly correlated with each other are grouped and the onéshwéh | owe st Somer s

excluded. Somersd D is an evaluation metric

The initial modéng stage begins with the list of remaining variables. To arrive at the
optimal model, only variables that are hgjghjficant should be included. To determine
the final variables to include in model a backward stepwise elimination is carried out. Thi
implies estimating a preliminary model including all of the remaining variables, and then
excluding the least sigrafit variables until all variables exhibit the required significance
level(Engelmann & Rauhmeier, 20Menard, 2030The variables aexcluded one at a
time, each time estimating a new model prior to excluding the next. All of these steps ensure

that the final model is including only highly significant and economically plausible variables.

4.5 Machine Learning Methodology
Having outhed the academic and practical methodologies employed in the paper, we
turn to the machine learning algorithms considierdhe research at hand. We first

introduce the classification tree methodology and next the random forest algorithm.

4.5.1 MachineLearning Methodology: Classification Trees

The classification tree machine learning thligiorivhich is the decisiondrgype for
classification problemis,a ruleb as ed t ec hni eptatementshbased onthes o0 f
values of the predictors to cresgparate and naverlapping regions in the feature space
(Latee®& Ruichek2019). In a classification setting, thex@ittree is one in which the two
classes are assigned to their own regions. A tree diagram is a neat visualization of the feature
spaceseparation that allows the user to follow how the data is split. The tree diagram is
drawn upside down such that thertsig point of a tree is the root node containing all
observations in the dataset. After the root node the dataset is split in oiefimewkdy
0 i-gtafements. Each branch from the root node leads to a decision node, representing a
new threshold valud a predictor variable. Whenever the data is split by a new node, the

feature space is further divided into additional regions. Fleos@an node, the tree can
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either continue branching down to the next decision node or to a terminal node. A terminal
node resembles one of the regions and the associated class label for observations belonging

to this regiorfHastie et gl20L4).

The classification tree algorithm will split the data in the root node by using that
predictor and threshold whistéparates the data the best. This is defined as the split creating
the purest nodes where purity refers to optimal separation of(Elastest al, 2008) As
such, a node is pure if the observations in the corresponding region is all from tlessame cla
In other words, the predictor used at the top split should enable us to divide the observations
into groups that are as different as pogqdilide) The subsequent splits of the data are made

by maximizing the gain in purity. We use the Gini inae&asure node purity:

O b p b (4.17)

Whereb refers to the proportion of observations in a given region belonging to class
defaultit will take a value of zero or one if all observations in the region belongs to the same
class. Thalgorithm thus starts by considering all predictor variables and all possible
threshold values before choosing the ones that maximizes gaity.iipigriprocess is
repeated at the next split, but instead of dividing the entire dataset we are igidimg a
(Hastie et 312014) To mitigate the computational infeasibility of considering every possible
combination of predictors and thresholds,mhethod employs a greedydopn splitting
approach. This implies that the model is deciding the bieat ##i particular step rather
than looking ahead for future possibly more pure splits at late(lstegieset gl2008)

Thus, the classifitan algorithm is by design potentially foregoing a split that would have

resulted in a better tree at afatstep.

When employing a classification tree for predictions, each observation will receive a
predicted score corresponding to the proportiatasilefauttaining data observations in
the terminal node in which it beloigastie et gl2014)As such, if a firm ends in a terminal
node where the proportion of training data observations frondefasivas10%,the
predicted score will flel The more decision nodes a tree has the purer the leaves can get,

and the resulting class separairorihe training data will be greater. However, the
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consequence of having more branches and terminal nodes is that the amount of observations
within eah terminal node decreases. We are therefore at risk of creating a model that is so
specific to the datais built with that it overfits on the data we intend to predigbiok)

This is represented by a traffebetween pure, deep trees and geradratizerror when
employing the model for predictions (Hastie.e2@08). To combat the potential ever
complexity of the classification tree we first construct a large tree gndrikeback to

obtain a subset of the tree. This implies that braofothesision nodes associated with small
terminal nodes are removed. To decide the optimal subse¢®faad hence minimum
number of observations in a terminal node, a repediad IEaveoneout cross validation
procedure is carried out. That ig data is first divided into ten folds and with nine folds

we test how the subtree fared in predictiothe tenth. This procedure is repeated for
varying number of minimum observations in a terminal node. The subtree with the lowest

prediction error rats chosen as the optimal pruned (itsd.)

4.5.2 Machine Learning Methodology: Random Forest
The dscriminative power of the simple classification tree can be improved upon by

employing the random forest algorithm. This machine learning appr@actligstion of
classification trees to boost the class separation performance. The simple classificatio

is a high variance algorithm, i.e. it will yield differing results if applied to dissimilar datasets
(Hastie et 312008) To reduce the variamand receive stable generalizable predictions, we

use the concept of bagging. It is a frequently emdpfmpcedure in a classification tree
setting. The background is that the average of a large set of observations returns a lesser
variance. Bagging cats of generating a large number of bootstrapped datasets, i.e.
repeated sampling from the same maiasefy growing a tree for each bootstrap. The
number of trees needed in the forest relates to the weak law of large numbers as the resulting
predictionwill tend toward a mean value as the number of trees increases. This convergence
can be seen at 200 sead it is rarely necessary to construct more than 1000 trees (Hastie

et al, 2014whytherandom forest algorithm applied in this thesis will coh4®00 trees.

The trees are constructed as deep unpruned trees, and the collection of treesosaeferred

a forest. The resulting prediction is then the average of all the trees in the forest.
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The random forest algorithm employs the concept ohigdagi adds a refinement to
the procedure. If there is one overarching predictor separating théheldsssisthen the
far majority of the trees in a bagged forest will use the same predictor at the top split. This
implies that the predictions stemnfiogn the individual trees will be correlgteastie et
al, 2014)The reduction in variance and increase in ability to accurately generalize from using
a bagged forest over a simple classification tree will be greater if the individual trees are
uncorréated. This is exactly what the random forest algorithm doesre&heate
decorrelated by constraining which predictors are used at each split. Each time a split is
considered a random sample among the predictorsrofs@®sen and the algorithm can
only choose among theseredictors. The predictor chosen forgpkt is still the one that
maximizes the gain in pui(tyid.) The process is repeated across all trees in the forest and

each tree will be much more distinct as the predictors @p gits will differ.

The algorithm can be tuned with respe¢hé choice afmand minimum number of
observations in each terminal node across the forest. The optimal number of these
parameters is found by minimizing theaftiag erro(Hastie etlag 2014)Each tree in the
forest is constructed using two thiafsthe total observations in the bootstrap. The
remaining observations in the bootstrap, thefaodhg observations, is used to calculate this
error. For a given unique observation a@ibsd the bootstrapped datasets we predict its
class by using eyetree where that observation wasofdtag. The average of the
predictions will then be that observations predicted(itliasy We repeat this procedure
for every observation and thesulting oubf-bag error is used as an estimate of the test

errorfor the random forest model.

4.6 Metrics for Comparing Models

For comparing the models developed in our research, we utilize receiver operating
characteristic ( RO&9large extent,¢he first in the pBnoanenetrcd D .
for the academifteld of default probability. The latter is somewhat more utilized in the
practical approach. By these means, those two in combination fit the research of this paper
particularly well, @sboth has an academic and a practical scope. Below, we véll thecov

two metricsd respective properties.
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4.6.1 Receiver Operating Characteristic Curves

We will utilize the area under the ROC (AUROC), which indicates how efficient a
classifier of dault a given model is (Fawc2@06). Fundamentally, the AUROC indicates
how well a model segregates the two groups in the classification problem in percentage terms.
A value of 75% AUROC indicates that a randomly drawn default salrdeabove a
rardomly drawn nowlefault, 75% of the times. Thus, a model with no discriminative power
will have an area under the ROC of 50%, and go from (0,0) to (1,1) in a unit square. As the
AUROC approaches 100% it will cover more of the unit squianeoae towardse (0,1)

corner of the graph.

Figure 4.3: Theoretical Receiver Operating CharacteristiCurve
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Receiver operating characteristic curves are useful for comparing models of probability
of default, as it overcomes the problem of arbitraigffcpbints. Arbitrary cubff points
are a topic of discussiavithin the PBliterature, which have attractelbtaof attention.
Exemplified through Ohl sonds original | ogi ¢
score above 0.038 as defaulting companies; a point which might as well have been anywhere
betwen 0 and 1 (Ohlson 1980). The R&@@ve handles i problem by plotting a curve

according to all cwff points within the range, and the main focus is then left on the ability
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to segregate defaulting from solvent businesses acrossoféllpoutts. Thg, it is a
beneficial methodology for comparinffedent models that seek to explain the same
problem. In reality, no RBodel is perfect, and how the AUROC handles misclassifications

is a strong property of the methodology.

The two types of misclass#iions are called false positives and falsdvesgat
respectively. The first referstdventompanies that gets incorrectly classified by the model
as alefault This type of misclassification is called a type | error. The latter refiefatdt a
firm, which gets incorrectly classified sshz&entcompany. This is termed a type Il error.

In extension hereof are true positives and true negatives, whicte indicatt
classifications by the model (Duan & Shr28fd). The type | and Il errore @ependent
on the cuoff point of a given model, which d@summarized in the following confusion

matrix.

Table 4.1: Theretical Confusion Matrix

Actual Observations

Predicted by Model Solvent Default

Solvent Score < Cubff Score < Cubff
(Correct Prediction)  (Type Il -error)
Scor e-ofd Scor e-ofd Cu
(Type l-error) (Correct Prediction)

Default

SourcePesonalcollection

The proportion of true positives out of all defaulting companies in a given portfolio is
termed true positive rate, or sensitivitgewise, the proportion of true negatives of all
solvent companies in the portfolio is termed specificitycdrie=pts of sensitivity and
specificity are denoting the x arakig of the RO&urve, respectively. As such, the method
is useful in comparindassification models, as it considers a tradeoff between both
misclassified defaults and swmfaults. Thissiproperty that gives it strength compared to
another analytical metric used in the discipline of statistical modelling, accuracy, which only
consders correctly classified observations out of the total portfolio. To shtvecase
potential misleading thecaracy metric incurs, consider a portfolio of exactly 10%
defaulting companies. A model that classifies all companies in the portfolio asosidvent
receive an accuracy of 0.9 or 90%, in spite the fact that it classifies no firms as defaulting. We

mitigate this problem by sticking to AUROC as our model performance metric, as its
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property of emphasizing both sensitivity and specificity makacii\atfor skewed class
distributions (Fawcett 2006).

When examining ROC curves throughout the thesighaetines refer to the tdpft
point. We examine this point, not as an evaluation metric but to add an analytical layer and
showcase how a sg@cmodelfunction The topleft point in the ROC curve is the point
that maximizes the sum of specifiany sensitivity. Choosing the optimalaftipoint is
not within the scope of this thesis as it depends heavily on the situationaadtized
consequences an incorrect classification has. In a corporate loan setting one can imagine a
tradeoff between foregone profits from loans not given to actualefanlters and write
offs from loans given to actual defaulters. Consequently, we al@imdtat this is the
optimal point but rather give equal weight to specificity and sensitivity to remain unbiased.
The cutoff value associated with the-tefi point on the ROC curve is visualized in a
generic example below. Here the shaded area dengig plot represents observations
with a predicted default score above theftutalue. Observations in the shaded area
correspond to correctly classified defaulting firms and type Il error and vice versa for

observations in the nahaded area.

Figure 4.4: Generic Density plot with cubff value
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When using the area under the ROC as our metric for comparing model performance,
we align ourselves with several of the pertinent fields. First, it is the primary metric within
the academic Rliterature, as the importance of penalizing models fangria&i many
misclassifications in both directions are prioritized when giving default probabilities to firms
(Jackson & Wood, 2013; Duan & Shrestra, 2011). Second, the AUROC is one of the metrics
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amongt the preferred in practical credit risk models, leiedbbve properties and its
intuitive interpretation (Engelman & Rauhaimer, 2011). Third, the AUROC has also gained
prevalence within the machine learning field, as the primary metric for evaluating

classificatiomodels (Bradley 1997).

4. 6.2 Somerso6 D

The other metric for evaluating models that we incorporate in our research is that of
S 0 me.nt & @n ebaluation tool provided by Robert Somers, as he identified a need for a
pair of asymmetric coefficients in contrast to the symmetric measureslifyai@omers,
1962). As such, it captures the ordinal association between two possibtefesgpoes X
and Y. Here, the measure takes the value negative one when all pairs of variables disagree,
and likewise the value of positive one when all palrs oo features agree. Thus, itis a
relevant measure in terms of evaluating-en&izl, aghe performance of such can be
dissected into a vector of the actual default or solvency of the observations, and a similar
vector of the predicted values bydhe&n model. If the observations ordered in terms of
the latter vector completely segregatest def aul t s from the sol ven

would equal one.

More specifically, Somers build his measure around what he desconcatdant
and discordnt pairs respectively. Concordant pairs would be the case of the larger of two
X-values beingssociated to the larger of tweafues. Similarly, the discordant pair occurs
when the larger of two-¥alues would be associated with the smaller of-tiabies. The
value of Somersd D is wultimately taoamad di ffer
probabilities, under the occurrence of the twalXes not being equal (Newson, 2002). By
these means, it is a relevant metric to apply for different geddability models, as it
evaluates one specific mo deedéfdulling and salvent y t o
companies. This property is shared with the AUROC, which it shares numerous assumptions
with. More accurately, for models with a dichotons o ut c o me, t he Somer
relationship to AUROC of beingé a @D i 2z 6 "Yi¥é 08 . However, we choose to
present both measures in our thesis, in order to capture the duality of the research being
both academically and practicallyntetk
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4.7 Training and Validation

When evaluating the models in our research, we choose to split our portfolio into
training and testing data sets respectively. Doing this, we ensure the validity of our models
being predicting mechanisms of defauttimgpanies. In its essence, a modiireed on
the majority of the portfolio, and then a minority of the portfoholdows a testing data
set, in order to validate how well the gmedeldiscriminate between defaulting and solvent
companies. The are several motivations for adoptiegporocedure, where most central is
the prevention of an overfitted model. As such, -snB8el may be capable of correctly
segregating all companies in the training portfolio, but if it is unable to achievéhamigher

random discriminative power ownand unknown observations, the model is little useful.

By these means, we evaluate the models of our research on their performance on the
testing data segther than theperformance on the training portfolioemhcomparing our
models. Furthermoregrme models considered in the thesis at hand are already estimated in
another framework, which we showcase the efficiency of by applying to our portfolio,
including the original Altman, original Ohlson, and both Mertatels. As such, these
models do intnisically not need a training and validating process, as they are already
otrainedo6 in another setting. However, 1in
on the same testing portfolio. Specificallyetang set is created from a rand@®lgcted
partof companies that constitute 25% of the original portfolio, which in total amounts to
around 1500 firms. Furthermore, we checktliegiroportion of defaults is equal across
both the training and tasgi portfolio. By adopting this approaate not only comply to
essential statistical properties, we also align with the academic literature of default probability
(Jackson & Wood, 2013; Hillegeist et al., 2004; Giacosa et al., 2016).
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5. Data

Multiple factors are driving the datalection design in this thesis. The multiple legs in
the research question impose several strict requirements on the data behind the analyses.
These requirements are #iwtal. First the thesis seeks to model on a settingfirefla true
business envinment. This includes considerations related to the number of defaulting
relative to nowlefaulting companies, the range of countries to include, whether certain
industries should be excluded and a time period that echoesitmi@cgcle with both
up anddownturns. Secondly the thesis will build, compare and contrast a wide variety of
both academically and practically motivated models. These differing models have either non
or only minor overlapping input requirements. Thisegprently implies that thata
behind need to be diverse as a prerequisite is that all data points are available for each unique
observation. The following paragraphs will introduce and describe how the collection and

preprocessing of the data used mttesis has been conducted.

5.1 Data collection design

Corporate defaults are a somewhat rare event when dealing with firm level data. In order
to obtain a meaningful amount of defaulting firm observations while still maintaining a
natural relative coropition, the data has beenmmp i | ed as a combi nati on
Gl obal 6 and O0COMPUSTAT North Americandé dat a
of publicly listed companies and corporate defaults. To ensure comparability across national
accounting pnciples both databases leggpa standardization procedure and have a high
level of transparency. This facilitates data clarity and enables the researchers to conduct
crossborder studies on a uniform dataset without sacrificing accuracy. A firifiesl elass
a defaulting firm aen a deletion from one of the databases has occurred as a result of either
a liquidation or bankruptcy corresponding to either a chapter VII or Xl banKtiptcy
Courts, 2020)he observation of a defaulting firm includekatbst available balancesthe

and income statement assuming that the observation has defaulted within 12 months.

To further ensure comparability across firms, explicit considerations has been made
both with respect to nation and industry. This entatstlie sample has excludich f
observations from countries not part of the OECD nations, which is parameter we choose
to somewhat uni form the devel opment al |l evel

the data extraction methodology involves onhplsay companies adheringtie same

| 5]



Bridging the Gap Within the Default Probability Discipline: The Def aul t Model o fVisbgesgnt hesi s 1 Br an

overarching industrial definition. This implies that all companies operating within financial
services has been excluded. This is done as this type of companies have vastly different
balance sheets, earnings profibelsveays of reporting and dheis not comparable even

post standardization efforts. Companies excluded due to this criterion includes banks,
insurance companies, REITs, brokerages and other financial intermediaries. The exclusion
of financial service commpes is consistent with priempey (Altman 1968; Ohlson 1980;
Jackson & Wood 2013, Hillegeist et al. 200¥ugh we expand the scopes applied in these
works, in order to evaluate PD models in a broader context than previously studied. The
data colleetd is annual data spannimgyears 2001 through 2019 representing balance sheet
and income statement items at the fiscal year end. We have not made any discrimination
between companies ending their fiscal year at differing months. Neither do we weigh
conpanies differently based thie year they are observed. Data is delivered in US Dollars

for accounting information across all countries. For retrieved market information, the data
is provided in the native currency of each company. A unique ISO Curden@ptasents

each native crency and all native currencies have been converted to US Dollars using the
exchange rate at year end 20h@. distribution of companies in the portfolio across
countries is visualized the belowigure. The dataset is skeMtewards countries which

had a larger proportion of companies in the databases.
Figure 5.1: Distribution of Companies across Counés
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5.2 Data cleansing procedures
Prior to calculating financial ratios, we conduct several operationalizations on our
portfolio of companies. This is donedduce the initial 121.000 observations identified for
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possible analysis, as observations should only be included if suffecisna\galable to

allow for application of the probability of default models under consideration in this thesis.

We startby engaging in a comprehensive data cleansing. Here, we first remove
observations that include missing values to ensure that all calculations are possible
throughout the dataset. Second, we check for any duplicate observations, which fortunately
was irreleant due to good quality of data provided by the Compustat and Osiris databases.
Third, we remove extremely small companies, as we consider those a different species of
firms. We set thresholds of at least one million dollars in assets, st leadred
thousandn revenue. While we tlus,we acknowledge that companies of this size do exist
in the businestandscape ando indeed have the probability of going default. It is
nonetheless a measure we take to focus the models we buiklendeamality of the
coefficients it find.

We then proceed to handle outliers throwgisorizing Winsorizing consists of
replacing an outlier with othe nearest obse
According to several studies sagixon(1960; 1980), this approach shows to yield more
stable results than other methods of dealing with outliers. The version of winsorizing that
we are employing consists etoding every variable above and below the minimum and
maximum 1% of the ptfolio, i.e. having thresholds of 0.01 and Gp8&cifically, we recode
these observations to take the value of the threshold perc&htlewinsorizing is
performed on all ordinary variables in the data set. Prior to the winsorizing process random
che&s of exteme valuewerelooked up in their respective annual reports as a final data
quality check. This was done to avoid including and giving weight to erroneous data points.
Examples of companies with suspect values, which however add relevatibmfarma
Exxon Mobil that have by far the largest total assets in the portfolio, and General Motors
that was granted a bailout package of 13.4 billion by the U.S. Government in 2008.

Figure 5.2: Data Cleansing Process
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Finally, we balance the data set to some degree. The raw portéoidreuff data
becoming more comprehensive as it approximates 2019, matolyh@ugquality of the
databasesAs such we remove observations, predominantly in the2@Dd Zeriod,
through a randomization process. The event of default is treatedvamedics variable,
representing a 1 for default and O for-default, and ixoded for the remaining
observations in the cleansed dataset.

Figure 5.3 Distribution of Companies aross Time
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5.3 Calculation of input paramegrs

There are several sources of financial information which constitute parameters our data
setmustcomply with. These stefrom the frameworks of Altman, Ohlson, Merton, and
variables we introdu@em Plenborg et al. (201The calculation hereof vii# pesented

below.

5.3.1 Accountingbased models

The academi@ccountindpased models of Altman and Ohlson applied in this thesis
require specific financial ratios derived from either the balance sheet or income statement of
each observation includedime f i nal sampl e. The majority
fi nanci al ratios whereas some of Ohlsonds to
of the ratios can be calculated directly frorodtvespondinfinancial items, howev@me

requre furtheroperationalization.

The only ratio that is recumginn both models i8orking Capitdlotal AssefEhe
definition used for Working Capital in this thesis is cuarsentéesscurrent liabilities less
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cash at hand. We recognize that opesdticash at hand ideally should be classified as
working capital, however this separation has not been possible as it is rarely a unique balance
sheet i tem. MatketVMedup 6f £qUiipaktValwe ofolilgesrequire us to

know the marketalue of equity. This is not an item directly available from the balance sheet

of a firm. To calculate the market value of equity for each of the moé@@bamique

firms in the dataset we need to know both the auwitshares outstanding and the share
price at the end of each observationds fisc
from multiple data extractions from theerged COMPUSTAT/CRSP Global Stock
database. This type of market data is daligeparately from the database aidias. We

hence need to be able to pair the data with the correct obséovsienone market record

per company. Each of the observations in our dataset is provided a unique global index key

that facilitates thgairing and merging of the extractdd.da

A range of Ohlsonds input parameters al s
correctoperationalization. This is due to some of them either not being standard financial
ratios or because we need to glahé definition applied in this theJikese includBize
Net Income DuniNst Income Chaatie and=unds from Operadfimtal Liabilitiek order
to apply the Ohlson model in a true setting we follow his way of cal&ilatiAg our
dataset contains observations from OECD cosmtatber than solely §i8ns,we choose
to scale Size with OECD GDP. From the World Bank Database, aet bgth current
and constant 2010 OECD GDP in the year range of 2001 through 2019. These data
extractions allow us to calculate a GDP Index comhparabwi t h Ohl sonds. Thi ¢
to the dataset as a separate column paired with the year of eaabseiyation. Common
for both theNet Income DunangtNet Income Chaage is that we need Net Income for
the observed year and one year ppimsing additional dataquirements. Funds from
Operations is not a financial item that was availabke databases for direct extraction. In
order to ensure that the item is comparable across firms in the portfolio, we have defined
Funds from Operatics as EBITDA less change in Working Capital. This implies that an
increase in Working Capital between bisemwed year and the year prior will affect Funds
from Operations negatively. A consequence

worth of Waking Capital data for each observation.

The practical probability of default model drives the inclos@maditional financial

ratios worth considering when modeling probability of default. These include among other
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the two caslfflow based ratiosf Funds from OperatiGogent Liabilitiaad Funds from
OperatidrSapital Expenditasewell as the liquigtbased ratio dfVorking Capitédevenue

To promote cmparability across ratios we employ the same definition of Funds from
Operation and WorkinGapital as in the above paragraphs. We follow the approximation
from Plenborg et al. (2017) using Deprieciand Amortization as a proxy for Capital
Expenditure, as the two over time should converge. In doing this we recogheiélthds

from OpemsCapital Expendituiaio is at risk of reflecting Maintenance Capital
Expenditure to a higher extent than actual Capital Expenditure for the period.

5.3.2 Structural Models

The application of the two structural approaches to probability of defaldtanding
process with gpect to data requirements. Part of the input parameters is already accessible
from the dataset such as the book value of liabilities. Consequently, the main challenges lie
within the estimation of the unobservable paramdtasset value and asset vdiafor
the Original Mertomodel. As put forward in the methodological part of this thesis, market
value of equity and the associated volatility are both observable and can be used to solve for
the unobservable values. Maviadue of equity is calcedtin the same manner as described
earlier as number of shares outstanding multiplied with the share price at the end of the
observationds fiscal year . On the basis of
year w calculate volatility of etyu Howeverboth structuramodels applied require the
annualized volatility. To facilitate ttakculatiorwe convert the daily returns to logarithmic
returns. The annualized volatility is then found by taking the dtdedation of the daily
logaithmic returns and multiplying it with the square root of the number of trading days in
the given year. The market value of equity and the associated annualized volatility is then
paired with a riskee rate proxied by the-frbnth US treasury ratéor the Original
Merton model, tese inputs are then used to iteratively solve for asset value and asset
volatility in equatiof4.9 and 4.13, and the process is repeated for each of the 6121
observations in the sample. This potationatomplexity can be contrasted to the Naive
Merton Model as it has a closed form equation that does not require a numerical routine to
solve for unknown values. The process for calculating market capitalization and volatility of
equity is identitas abovenowever all of the remaining input parameters is directly available
from the already established dataset.
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Table 5.1:Descriptive Statistics of Ratios

Ratio N Mean St. Dev. Min Pctl(25) Pctl(75) Max
LevDummy 6,126 0.05 0.21 0.00 0.00 0.00 1.00
NIDummy 6,126 0.21 0.40 0.00 0.00 0.00 1.00
WC/TA 6,126 0.19 0.28 -7.08 0.07 0.30 0.97
RE/TA 6,126 -0.43 4.38 -249.00 -0.07 0.35 2.61
EBIT/TA 6,126 -0.01 0.37 -5.48 0.01 0.09 13.16
MV/BD 6,126 3.21 7.66 0.01 0.47 279 142.86
SA/TA 6,126 1.09 0.85 0.01 0.60 1.36 17.88
Size 6,126 8.07 1.90 3.26 6.80 9.36 12.84
TL/TA 6,126 0.61 3.20 0.02 0.36 0.68 244.07
CL/CA 6,126 1.02 10.81 0.01 0.40 0.91 809.804
NI/TA 6,126 -0.07 1.27 -94.26 -0.02 0.06 10.25
FPO/TL 6,126 0.11 0.91 -17.42 0.04 0.29 13.91
NIChange 6,126 -0.01 0.52 -1.00 -0.52 0.24 1.00
FFO/CAPEX 6,126 30.04 1,262.86 -9,641.98 0.63 4.34 84,947.54
TL/EBITDA 6,126 7.40 1,653.77 -84,783.47 1.71 8.07 97,543.15
FFO/CL 6,126 0.26 1.57 -33.25 0.06 0.59 36.83
WCI/SA 6,126 0.44 11.05 -443.56 0.07 0.32 604.12
NéaiveDD 6,126 4.08 9.15 -4.39 1.25 5.97 526.90

SourcePersonal collection

1 Bran:

The above table summarizes the descriptive statistics for the calculated financial ratios

for the sample. It is evident that the mimmand maximum values are far from the mean,

first and third quartile. In statistics, a distinction is made bemesimndinfluentiaata.

Here, unusual refers to data points that lie outside the pattern set by other data and influential

refers to dia points that disproportionately influence the results of a model @&lstey

1980). In samples an observation may be both unusu#lwential as an unusual value of

a given predictor can have a disproportionate influence on the slope. Howewge fo

samples, such as the one in this thesis, we are bound to obtain unusual observations simply

due to the size of the distributiflenard, 2010)That is, extreme values occur but the

frequency is low. We constrained the disproportionally influattalpoints by first

ensuring that they were free from measurement errors and then employing a winsorizing

procedure that restricted rathhan removing the values for the upper and lower percentile.

In doing this we recognized that unusual observafjgm®vide important information

about the phenomenon under examination and 2) that they are valid for the population as

the sample therflects the true variability. We therefore deem the conclusions drawn from

the sample correct.
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6. Results

The result chapter of this research is split in three parts, which will serve the purpose
of evaluating the three hypotheses that finalized tiretibal framework of the thesis. As
such, the first section will be devoted to the academic approach to defailityrdbe
second section will revolve around the practical discipline of credit risk. The third and
concluding section of the result§ e expanding upon the practical framework utilizing
machine learning methodology. We evaluate the discriminatreopeach model with
respect to the AUROC and Somer sd D metri
discriminative ability of a model avelemphasize that comparison and evaluation between
models can only truly be made with these. As such, the modiels\ehbe compared or
evaluated in terms of accuracy at a singtEfqubint, a specific threshold value or the
predicted score assidrte individual firms. These values are meuidific and does not
facilitate direct comparison. They do howevedagth to the analysis of the individual
model. To illustrate this analytical layer and gain further insights on how the models work
we comluct two analyses for each. First, we illustrate how a model classifies observations at
the cutoff point associateditiv the topleft point of the ROC graph. Secondly, we
demonstrate throughout the resultshahapter
guiding example of the defaulted Thomas Cook Group (TCG).

6.1 The Academic Approach to Default Probability

Thea m of the first section of the results
The classic academic appriefeldispimbability have discriminative power on a niadern portfolio.
facilitate averificationof this hypothesis we estimatel aubsequently evaluate the six
different models that we have presented in the prior sections. These models include four
accaintingbased models and two structural models. The acceusdigd) models are the
Altman and Ohlson models with their originatfmaents and with coefficientsestimated
on our dataset respectively. The two structural models are the original btest@amadthe

more recent Naive Merton model.

6.1.1 Original Frameworlof Altman
I n Al tmands s e mi nsdre s aspoeiated aith a loweclikeéhacgli ng Z
of failure. This implies, that in order to facilitate comparisons between the models we need

to flip the direction of the coefficients in the Altman model. This appvidlanbt have any
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influence on the discriminaiability and the choice is purely made to simplify and avoid
confusion when presenting the results. This alteration entails that a -Enovee Z
corresponds to a lesser likelihood of firm failire.modeWill then be given byquation

(6.1).

© PpRZWOTYO p&82YTYO 082006 WY 1z ¥ O 6.1)
T80 B "YJT'YO '

Al t masgstdiesfranl@ework does not providemith a probability of default directly
from the model. To calculate a probability of defawrit & given Acore we follow the
approach outlined in the methodology chapter and use the logistic transformation. By using
this procedure, the ranking of oba&ions provided by the modelledcbre is transformed

to a tangible probability of default.

Figure 6.1: ROCCurve for Original Altman Model
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The discriminative ability of the original Altman model is visualized on the ROC graph
above To recap, this graph expresses the quality of ranking associated with the classifier, i.e.
the ability of the model to rank observatioriadrgasing probdibty of default. In a perfect
model all defaulting firms would be assigned a larger probability of default than the non
defaulting firms. The graph summarizes all the possHa# paints of the model. An
observation with a probabilty default lesthan the cubff point is classified as a ron
defaulting firm and vice versa. At eachoffyioint the associated sensitivity and specificity
is mapped. To illustrate the discriminative mechanisms of the first Altman model we will
zoom inon the topleft point of the ROC graph. The ttgft point is displaying the eff
point with the greatest proportion of correctly classified defaulting firms relative to the

proportion of nordefaulting firms mistakenly classified.

Figure 6.2: Confusion Matrix and @nsity Fot in Original Altman Model

Original Altman Model: Density Plot
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The above densiplot visualizedhhte f r equency of the first A
probabilities. By examining the-teft point of the ROC graph we find that the associated
cutoff point is a2.4% Observations above this point will be classified as defaulting firms
and this is visliaed as thebservations to the right of the vertical liiree confusion matrix
beside the density plot tables the predicted classes relative to the actual classes of the firms
in thetesting sefThe sum of the columns represents thuaklecumber of daults (167) and
nondefaults (1363). Of the 1363 rdefaulting observations the model correctly classified
1140 and equivalently 115 of the 167 defaulting firms. We can see that the model predicted
223 false positives (Typertor) ancdb2 false negats€Type Herror). This corresponds to
a false positive rate 1%.36%and false negative rate3af13%]If a false negative is costly,
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and we want to reduce this number we can choosefa point associated with a higher
sensitivityHowever, this witome at the expense of increasinguh&erof false positives

at a faster pace.

To further illustrate the mechanisms of the model, we can see on €qLxtamd
(6.3)how the probability of default is calculated for the guiding example of TCG. The
corresponding Bcore is then transformed to a probability between zero and one using the
logistic equation. The associated probability of deféMli@o. If the cutoff point is
chosen a22.4%he model will correctly classify TCG as a defaultimg fir

) PEZ TBIL PPEZ TP CUVUODZTIEI T X TIEPZ T TT WTE B P& U W (6.2)
@ pP T O ’

01 'QQ "ol 6 Q08X (8" ETO'D QM 6 6—97‘0 : Qp 5 cHyYpb (6.3)
The Altman model has an AUROGCS6t74%and the correspondi®$%confidence
interval is/6.8784.61% The Somer sd D assoc 0.6149hich wi t h
furtherindicates a positive relationship between predicted probability of default and actual

default.

6.1.2 Reestimation ofthe Altman Model

As a consedunce of the methodological choice of using a linear regressien to re
estimate the coefficients of the Aitnmaodel, the ranking provided by the model will have
onlythe majority of observations within the interval of 0 afkidimplies that the size of
the coefficients are not pairwise comparable between the two models. However, the direction
and the relatevwithin model size of the coefficients can be compared. The regression output

for the reestimated model can be seen in the Gable
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Table 6.1:Re-estimated Altman Model

Default

(1)

-0.065*+*
(0.016)

-0.006***
(0.001)

-0.177%*
(0.013)

-0.003%**
(0.001)

0.038***
(0.005)

1.087%**
(0.008)

WCI/TA

RE/TA

EBIT/TA

MV/BD

SAITA

Constant

Note: 1) Model Coefficients. 2) Standard errors in parentt
3) *p<0.1; **p<0.05; ***p<0.01
Source: Personal collection

All of the variables including the intercept is significant a¥level,signalinghat
the reestimated model should possess discriminative power. Like in the original Altman
model, the largest coefficienthie EBIT/ TA ratio but the relative size of the remaining
coefficients has changed. This is for instance refle?/€ A beingten times larger than
RE/TA whereas they are close to identical in the original model. The largest deviation in the
re-estimated model iglated to th&A/TA ratio. This is the only ratio that has changed
direction, i.e. an increase in the ratio is neaciased with an increasethie predicted
probability of default whereas the opposite was the case in the original model. Intuitively,
the change in direction does not make sense and would present a sign of caution if the model
was applied in practice.eTh&scores from the festimated Altman model is transformed to
probabilities between zero and one by employing the logistic equatin. drel 6 s r anki r
ability is summarized in the below ROC gra
discriminativeability is very close to each other. Thestenated Altman model does
however seem to cover a greater area than the original asleftectoper has been

extended.
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Figure 6.3: ROGCurve inthe Re-estimated Altman Model
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As the Zscores by design was already rather close to valesEnizdro and one prior
to the logistic transformation, the resulting frequency density plot of the predicted
probabilities will not look like one shown earlier. This can be seen on te®ploOoir
initial belief will consequently be that theoffupoint associated with the ttgft point of
the ROC graph will be high. If the -ofit point was low the false positive rate would be
proportionally too high. We can examine this by lookintpeatconfusion matrix
corresponding to the aforementionedatfipoint below. The confusion matrix is the result
of a cutoff point at75.32%which, as expected, is higher than the original. The number of
true default predictions is 131 and the numberarfg nordefault prediction is 36. When
looking at the numbefrf &rue nondefault predictions we observe 1020 and the number of
mistakenly predicted defaults are 343. These predictions imply that aketheubpff

point, the reestimated model is meosensitive but less specific than the original
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Figure 6.4: Confusion Matrix and Density Bt in Re-estimated Altman Model

Re-estimated Altman Model: Density Plot
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We carillustrate how the festimated Altman model works by returning to the example
of TCG. The critical Zcore value for the eaff pointof75.32% s 1. 12 .-sc&i8 T CGO s
of 1.145and corresponding probability of defaulttoB6%s above this, the mda®rrectly
classifies the observation as a default. As with the original model, the predicted probability

IS just above the caff point.

QO PP TSIV PTBITIY T O L T X XTSI TT X

TSt THOTEI T WS 0 YPp& U W (6.4)
O pPTU
01 'QQ Qo Q00 & " ETOD QM 6 a—ei‘o s 'Qp 3 X&ob (6.5

The reest i mat ed Al t man model 6s di scriminat.
evaluationcriteria, isslightly better than theriginal. The AUROC i81.35%with a

confidence interval 37.5585.15% The corresponding Somersod D

6.1.30riginal Framework of Ohlson

As presented in the methodology section of the thesis, the original Ohlson framework
consists of nine featgravith coefficients estimated through a logistic regression. It yielded
the following equation:

0 PE ¢ T8 TXYIQ o8t ¢ "YI'YO p& ¢ 7 #F4 ! TBrx wrY U0 O
O X0 DYO pP G &&IA, TR PO 0006 & & (6.6)
p¥ el QU O6adwcp. ) # EAT CA
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As indicated by Ohlson in his paper of 1980, the ratidt/®fA , CL/CA, and
NID ummyghould contribute to a larger probability of defaildkwiseshould increases in
Sze WC/TA, NI/TA , FFO/TL, andNIChangeatiodecrease the probability of default. At
last, the.eummyntroduced by Ohlson could have a divdrgéact on probability. As
the score of the original framework of Ohlsome in the form of the log odds of default,
we apply the logistic function to reach the probability of default. Hammga we can
create the RO<€Curve for the original Ohlsoramework seen below.

Figure 6.5: ROCGCurve in Original Ohlson Model
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From the curve we can find thedefi cutoff point, translated into the corresponding
threshold value between zero and one. Theffcajuals44.15% which indicates that
companies with a default probabilitg @l c ul at e d ralfran@horkamvedhs or i gi
value is classified as default, and otherwise determined as solvent. -Atftpeicubf

44.15%we can estimate the following confusion matrix.
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Figure 6.6.: Confusion Matrix and Density Bt in Original Ohlson Model

Original Ohlson Model: Density Plot
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As such, the original Ohlson framework models/p&8-errors, and 34 typedirors.
In total, it predicts 346 defaults, of which 133 are correct. In a similar manner, it predicts
1184 nordefaults, with 1150 correctly predicted-ehefiaults. Looking at the density plot
of the predicted default prolities, the 167 predicted defaults are the observations in the
area to the right of the eoff point. To illustrate the original model of Ohlson, we utilize
TCG as an example by inserting those specific financial ratios into the framework. When
applied ¢ theframework, TCG receives a score @,524d after being transformed by the
logistic function, it is denoted by a probabilitg208%, well above the coff point of
44.15% By these means, the original Ohlson framework correctly predicts thefdefau
TCG.

0 P C ™M MEXp @ T 8T G L L Xp& & T\ L p
TBILX PRSP CH ¥ TBICT Yp§ ¢ T8IL Y@

T8 YU P ET T (P P 6.7)
0 m™CTC
D1 Q0 0o £ GBI @ Q6 6 %—énpis o@pb 68)

Looking into the performance metrics of the original Ohlson framework, the area under
the receiver operating characteristic curve &guaB®with a confidence interval 88.27

-9019% TheSomer s D achieves a score of 0. 7345.
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6.1.4 Reestimation ofthe Ohlson Model

When reestimating the Ohlson framework on our portfolio of companies, we
inherently estimate new coefficients for the original features. We do so by building a logistic
regrasion model, with the default variablthagegressor, and the identical nine financial
ratios as regressants. Doing so, we do not consider building a model where all coefficients
are significant and comply with maximum likelihood estimation. Therveddsr the
practical approach to detgprobability, which will be examined in the second part of the
results. Thus, we stick to solelgsemating the coefficients in the original framework.

Table 6.2:Re-estimated Ohlson Model

Default
1)

o “0035)
TL/TA 2(. 37232«;
e 0252)
CL/CA (-88](_):?)
e (0121)
FFO/TL (2018;:;*
NIDummy 1(35;%2*;;
LevDummy (83;);)
NIChange (208%;;*
Constant 1(02532»;*

Note: 1) ModeCoefficients. 2) Standard errors in parenthes
3) *p<0.1; **p<0.05; **p<0.01
Source: Personal collection

Commenting exclusively on the regresditimeareestimation, all coefficients besides
WC/TA, CL/CA, andLevDumnachieve significance at i8élevel. In terms of indication
of the coefficients, i.e. the direction of eamtfficient their effect showelatively good
al i gnment wamework. @hthessignifidast refjressaMitd A has a reverse
relationship compared to the original model. It should be underlined that these changes make
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little economic sense, as a larger rabldA should indicate a healthier financial state of
the ompany, and thus a lower probability of defepdtifically, the interpretation of the
variable at hand is th@bneunitincrease in the ratio equals an increase of 0.353 in the log
odds of default. Ultimately, the RO@ve for the restimated Ohlsomodel looks the

following.
Figure 6.7: ROCCurve in Reestimated Ohlson Model
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From the topleft cutoff point at a threshold aR.17%we can examine how the model
segregates the two classes. This is a substantially different value than from the application of
the original Ohlson nael, which indicates that theestimation clagss the observations
with a lower probability of default score. Below we present the resulting confusion matrix,
which shows 238 typeetrors and 32 type-érrors. Compared to the original framework,
the re-estimated Ohlson model correctly predictsmwoe defaulting companies, at the
expense of labelling 25 more solvent companies as default. The default pesdictions

indicated on the density plot at the right.
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Figure 6.8: Confusion Matrix and Density Bt in Re-estimated Ohlson Model
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I n terms of t hdnge&x@amgle, ittshowcaseshheve thesdidcringinative
ability of the Ohlson restimation model is different from the original one. This model gives
the example a probability of default.46%, which is below the caoff value. This indicates
that the reestmated Ohlson model would incorrectly classify TCG adafaalt, i.e. a false
negative.

0 PR COT® XIP @ T G X PrdoOU L XTBI G P TBIL p
TBIMEPBO WY P VO TBIC T (P wX18tuv Y @

PE WHT TEI WX T P p (6.9
0 ® C
61 00 CioAMD G MU0 D006 o —— X8 v b (610

The AUROC equal87.54%with a confidence interval 8.2 - 89.88%. As such, in
spite of the restimated framework being unable to predict the default of Thomas Cook,
the model segregates the twaupgs well across all possibleaftivalues. The value of
Somersd D is 0.7508.

6.1.5The Original Framework of Merton

We apply the European call contingeldim model through the original Merton
framework. As stated in the methodology section ofahis tkhis framework hypothesizes
that default occurs if the value of the asseidfelll ow t he | evatiksabf t he
maturity, which would happen through equity holders exercising their walk away option on
the assets. We apply the framewmdugh calculating market capitalization, stock returns
and equity volatilitp solve equation (4.9) and (4.12) befdcalating probability of default
in equation (6.11).
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The predicted values of the original Merton model measure the number of standard
deviations the expectegjarithm of asset value is from default, i.e. from the logarithm of
liabilities. As presented in the methodological panmedahesis, this value is lognormally
distributed. We can consequently calculate the predicted probability of default. Put
differerily, we can calculate how close it is to the colored rediguren4.1. ie ROC
curve for the model is presented below:

Figure 6.9: ROCCurve inOriginal Merton Model
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The topleft cutoff point for the model i9.05% which reflectsa relatively low
predictedprobability of default mean. It implies, that-defaulting firms are assigned a
virtual to nothing probability of default. This is also visdstethe ROC plot as the line is
flat when the false positive rate is al2d% At this threshold, the OrigthMerton model
has300type terrors an@5type Ikerrors As can be seen on the density plot, the predicted
probabilities are virtually zeow & large part of the observations.
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Figure 6.10: Confusion Matrix ad Density Plot in Original Merton Model
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In terms of our exampléhe distance to default as calculated by the model is 0.78. As
such, Thomas Cookd6s expected asset value in
deviations from default. Thimmslates into 21.63%probability of default. At the chosen
cutoff point, the model correctly classifies Thomas Cook as a default observation and with

a large margin compared to the previous examples.
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The evaluation metrics for the original Merton framework reports that the AUROC is
equal to81.71%with a confidence interval 67.2-8590%a nd t he Somer sd D
0.5981.

6.1.6The Naive Approachto the Merton Framework

In the reestimated Mertomodel, or the Naive approach to the contingent claim model,
we utilize the computationd#gs heavy Bharath and Shumway approach {@eaG8)low
the simplifications of the framework put forward in the methodological chapter. This
includeghe value Dliabilities novequahg current liabilities plus one half of the leergn
debt, and thgolatility of debbeinga transformation of the volatility of equity. Doing this,
we simplify the complex calculation of the unobservable variables in the original Merton

frameworkin equation (6.11) and instead use equation (6.13)
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Having done the calculation described above, we are capable of calculating the distance
to default in the Naive Merton framewdkth equation (6.18)e transform the distance
to default to a probability of defaautidestimate the RO€urvebelow which clearly covers
a greater area than the original.

Figure 6.11: ROGCurve in Naive Merton Model
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The topleft cutoff point is46.5%from which we estimate the confusion ma#kix
this threshold, the model ha@01ype terrors and27 type lkerrors. Thus, it correctly
predicts 40of the defaulted firms in the portfolio. On the right is the density graph of the
predictedprobabilities, with the indication of the-eofftpoint and the indication of the

predictedlefaulted companies.
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Figure 6.12: Confusion Matrix and Densjt Plot in Naive Merton Model
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The model ds differing assumptions for the
a very different picture of TCG than we have seen in the prior ex&olbdesang the
calculation pseented belowhe predicted probability of default for TC®8s74%This is
well above the cualff pointand he resulting classification is a clear default. The evaluation
metrics for the Naive Merton model include an AUROB768% with a confidence
interval 084.5-91.11% nd t he Somersd D equals 0.7295.
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6.1.7 Overview anévaluation of Hypothesis 1

In the following overview section, we will emphasize the aspects of the six applied
models, the three fundamental-fPAmeworks and their-estimations, which allow us to
conclude upon the first hypottseesihe classic acadggproaches to default probability have
discriminative power on a moderiAmmfdlithus neglect some aspects of the specific
models, and rather frame the focus of the overvietve evaluation parameters of the
AUROCand Smer s 6 D.
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Table 6.3: Overview of Models
Training Testing Somer Solvent | Defaulted | Portfolio
AUROC AUROC PD-Mean | PD-Mean | PD-Mean
0, 0,
Original Altman [73336;2/"87] [73%534/"61] 06149 | 13.84% | 49.12% | 17.69%
0, 0,
Reestimated Altmal [75(7););2/"2 . [7%;5’5/"15] 06270 | 7501% | 76.64% | 75.17%
0, 0,
Original Ohlson [8573'8:8/"77] [8562';930@19] 07345 | 2051% | 7057% | 25.97%
0, 0,
Reestimated Ohlsol [832‘3868/"90] [82%5519@88] 07508 | 82% | 3357% | 10.97%
0, 0,
Original Meron [73%3832/096] [77815';815@90] 05081 | 256% | 26.08% | 5.13%
0, 0,
Naive Merton [85%5510&46] [8571'2931411] 07295 | 11.08% | 69.89% | 17.50%
Portfolio Total - - - - 10.95%

SourcePersonal collection

As emphasized in the table abalethe three academic approaches to default
probability reach an AUROC above 80% for bwttraining and testisgt. This metric is
specifically interesting as it allows us to compare the discriminative power between t
models, which is most interegton the testing data set, as it gives a real indication of the
di The
properties. First, it is a measure of explanatory pwikar to Rfor regression models in

given model &s scriminative power .

classical statics. Second, only minor deviations between training and testing AUROC
implies a wefitted model.However, we reinstate that the ultimate evaluation parameter is

that of AUROC for the testing portfolio. Of the accoupbased models, theestimated

Ohlson model outperforms it peers withAJROC of 87.54%. This is however improved

upon by the Naive Merton model, which achieves the highest score across all models with

87.63% AUROC. t he

in relation toboth of the logistic regreems. This indicates that the structural model is

However, i n terms of
penalized relative more for having more ties within the predicted valuegrevbitigt

from ordering the predictions accordingly.

Within the accountingasegaradigm of the academic approach tatigfeobability,

both the reestimation of the Altman and the Ohlson model only slightly increase the

discriminative power. This is aligned with the research of Hillegeist et al. (2004), which also

found that the e-estimation of these two frameworks wieldery similar results to the

original applications. With respect to the Merton model, the Naive and less computationally
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heavy approach improve the discriminative power significantly, both in terms AUROC and
Some s6 D. Whil e it mtngt a simpemmodeb provides better t u i t i
segregation of defaults and solvent firms, it is in line with findings of both Bharath and
Shumway (2008) and Jackson and Wood (2013).

The central aim of the analysis indbiion has been to assess the disciiveipatver
for all of the six models applied to our modern dataset. The above comparison and
differentiation of the models with respect to the AUROC metric is consequently based on
how well each modehnk firms. Arother evaluation metric independent of@adre | & s
discriminative power ¢alibratioRather than a measure of ranking, calibration is related to
what extent the model sd pr-sadpleddfagldrequancyb abi | i
This is an impoaint point and is related to the interprietgart oforobability probability
of default. As such, models can be said to have high discriminative power while at the same
time being poorly calibrated. This has implications for the applicability ofl annaode
corporate loan setting. If a modeto be said to provide the user with a probability in its
literal sense, it has to be walibrated. A poorly calibrated model is consequently providing

the user with a score rather than a probability per se.

To recognize the importance of this asipanodel evaluation the above table includes
the mean predicted probability of default. This is included for the testing sample in total as
well as for the two classes. All the models give a higher mean gnexdiatality of default
for the group of etually defaulted firms than they do for the-aefiaulted firms. However,
the actual proportion of defaults in the testing $8t3¥%6and it is evident that the majority
of the models deviate from this propmiti The deviation is clearest for thestemated
Altman model with a mean probability76f17% The model is capable of ranking the
observations, but it is not wedllibrated and resembles a scarnadel rather than a
probabilitymodel. The restimatd Ohlson model is a contrast with a mean probability of
10.97%. The difference between the twdets reflects the two methodological branches.
As the reestimated Ohlson model is a result of a logistic regression it is by design calibrated
to the data.

Ultimately, the findings of the first section of the results indicate that the three academic

goproaches to default probability segregate the classes of defaukdaf@utiocompanies
well in the testing data set. It is emphasized with all modelsngcan AUROC above
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80%. Furthermore, it comes with the perspective thatésdmations otie models only

slightly improve their power, which only underline the strength of the original frameworks.

As we in this resear ahlty&orsegregate tlassee ratheetdan i n t
their ability to present an accurate probability atiietaptured in calibration, we are able

to verifythe first hypothesiShe classic academic approaches to default probability have discrimin:

power @nmodern portfolio.

Table 6.4 Verification of Hypothesis 1

# Hypothesis

1 The classic academic approaches to default probability have discriminatistéopower Qa a

6.2 The Practical Approach to Default Probability

The second part of the results chapter will revolve around the practical approach to
default probability. As such, we will build two models in this part. The first utilizes
accounting ratios as features exclusively, which is the most exact mimic lobdhigyet
used in practiggngelmann & Rauhmeier, 20D& Laurentis et al., 2010; Neisen & Rosch,
2018) The second model will incorporate the structural approach to credit risk modelling,
and t hus DefauttMotel afSy ht he i s 6 W probhhility literatuee. d e f au
Afterwards, the section will provide an overview and conclude upon the second hypothesis
of the researcthe practical model outperforms the academic but is improved through a synthesis c

and accounting theory.

6.2.1 Tte Practitioners6 Def ault Probability Model

As outlined above we intend to estimate a model mimicking one a practitioner will
employ in a professional setting. As such, the variables used as inputs in the model should
reflect those available to profesdmiile acknowledge that those variables presented by
Altman and Ohlson are nat complete list of financial ratios. To reflect this and to
approximate the lodAgt format of financial ratios we have calculated four additional
variables thas derived from nborg et al. (201 HFQ CL, WC/SA, FFO/CAPEX and
TL/EBITDA. We therefore havealdng st of 14 financi al rati os
variables. The modean include a combination of variables from both the Altman and
Ohlson frameworkniaddition tahe new range of variables we have included. This implies

that we are now not constrained in terms of the mix of variables used as inputs in the model.
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We are, however, constrained in terms of whether the individual variables satisficthe spe
statisttal requirements to be included in the final model. The section will consequently be
driven by the methodological steps of the practical approach presented earlier in this thesis

and we will in the following paragraphs walk through eactthotihe finanodel.

The logistic model will, like the previous models, employ the binary default label variable
as the dependent variabteour preliminary lonlist of variables, we assess the expected
direction of each as the first step. That isingled in ecomic reasoning, the expected
effectof a predictomwill be negative if an increase will influence the probability of default
downwardsceteris paribliss can be exemplified througheapectedegative direction of
theFFO/CL ratio, as a higher ratiaioates that the firm has liquidity to meet its -s@ort
payables, which is associated with a lesser likelihood of bankruptcy. We couple the expected
directions of the newly added variabldstvé directional relationships already highlighted
by Altmanand Ohlson. These can be seen on the@dblEhe second pmaodelling step
involves examining influential cases that will exert a disproportionate influence on the
estimated parameters. Ewbough all the financial ratios have been calculated on the
winsorized datg@ractitioners emphasize thatreme ratios dtpresent should be removed
This is exemplified by the observation of nCoat Inc., which in their defaulting year of 2010
had totalliabilities of 920 million, ané40 thousand in EBITDA, gng them a
TL/EBITDA ratio of-2,703By plotting the variables we ident#fifos with suckxtreme
influential data point$Ve imposeroundnumberedcutoff pointsto exclude thesand
those bgether with the following number of removed observatiornzedaund in table
6.5 In total, we remove 142 outliers, which essentially have no effect on the overall size of
the portfolio.
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Table 6.5:Predictor Cut-offs and Direction
Variable Larger Than| Less Than Outliers Expected Observed
Cut-off Cut-off Removed* | Direction Direction
WC/TA - - - J 1
RE/TA -100.00 - 2 J 1
EBIT/TA - 10.00 1 ] 1
MV/DB - 60.00 25 J 1
SAITA - - - J n)
Size - 15.00 2 J ]
TL/TA - 15.00 2 @ n)
CL/CA - 33.00 3 @ @
NI/TA -10.00 - 1 J i
FFO/TL - - - J ]
NIChange - - - 1 J
FFO/CAPEX -200.00 200.00 55 ] 1
TL/EBITDA -200.00 200.00 60 (0] @
FFO/CL - - - J 1
WC/SA -200.00 200.00 2 @ 0]
LevDummy - - - Q. ®
NIDummy - - - ® ®

*The elimination of influential values is performed separately from the full data set-dffais) different variables may remo

the samebservationdn total, 142bservationare removed.

Source: Personal colleotio

The main statistical assumption of a logistic regression is that theylogibwf case

1 Bran:

the bgit of the probability that the outcome is default, has a linear relationship with the

predictors. This assumption makes intuitive sense by viewing It tiraoigrpretation of

the coefficients. If the relationship is linear in the logit, then tlgeeghdhe logit of default

for a oneunit change in a financial predictor is constant. If the relationshidireeaoim

the logit, then the change is comstant and depends on the specific value of the predictor.

To ensure that this assumption issBatl we employ the check for linearity procedure

suggested by Hayden (2011) and originally presented by Hosmer and Lem@xHeov (198

a given financial @dictor we aggregate observations into groups defined by the value of the

predictor. The first gup contains the top%values the next values frOdPsto 97%and
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so forth, resulting in a total of 33 groups. Hayden suggests that the data is aggré@ated int
groups, however, to ensure that each group includes defaulted observations we choose 33
groups. In each group we calculate the empirical default rate, i.e. the mean of the dependent
default variable, the associated logit and the median of the puadliitoTo check for

linearity the logit and median predictor value is then plotted againgheachhe entire

process isepeated for each individual financial predictor on oufisvagndall the plots

can be seen fppendix12.1

From the plots we detect evideataonlinearity among some of the predictors. This
implies that we need transform the variables in order to approach linearity with the logit
before we can use them as predictors in the model. We apply a quadratic, cubic and logistic
transformation beferdeciding which works best for the specific nonlinear variablehFor eac

Figure 6.13: Transformation Plots foMV/BD and NI/TA

Pre-Transformation: MV/BD Pre-Transformation: NI/TA
-0.004 °
0004 . 1,001
L] w
3 T 2,001
°© <)
& s
A -2.00, S
-3.001
-4.00- . . 007 -
0.00 5.00 10.00 15.00 20.00 25.00 -0.80 -0.40 0.00
MV/BD NI/TA
Post- Transformation: MV/BD Post-Transformation: NI/TA
-0.00+ -
-1.00+
0.001
= =
= T 200
o) o]
- g
= -2.00 [
-3.004
~4.00+ .
-4.00
-4.00 -2.00 0.00 2,00 -1.00 050 0.00 050
MV/BD NI/TA

SourcePersonal collection
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transformation the above chdoklinearity procedure is repeated befonqgatting the
relationship. Examples of such transformations can bia $igeme 6.13Here we apply a
logistic transformation to tiV/ BD variable and a cubic transformatbnhe NI/ TA
variableand the effect is clearly visible. From the plots we can also infer the directional
relationship. As such, our initial belief that the directddi 68D andNI/ TA was negative

is confirmed.

Further following the recipe provideyl Hayden, we engage in the variable selection
process, as the optimal default model in pradtigiét igith few rather than many predictors.
We remove financial ratios due to four parameters. First, we removesvaithba
directional relationshipoh consistent with economic reasoning. Secondly, we remove
variables that do not satisfy the linearity assumption even after transformation. Thirdly, we

remove highly correlated predictors. Lastly, we remove predictordr r el at i vel y

Figure 6.14: Linearity Plots fowW/Change, SA/TA and TL/EBITDA

Pre-Transformation: NIChange Pre-Transformation: SA/TA
-1.00 -
-1.00 ¢
-1.504
1.50 {
-2.004
& 2 200 |
= =
o] o]
& 250/ &
= =
2.50 1
3.00
3.00
3.50
71.‘00 fOlﬁO 0.60 0 50 0.00 1.00 2.00 3.00
NIChange SA/TA
Pre-Transformation: TL/EBITDA
-1.00+
-2.004
w
=
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¥ 00 -
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-20.00 0.00 20/00 40,00
TL/EBITDA

SourcePersonal collection
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D metric(Engelmann &Kauhmeigr2011). After transformations, the only variable with a
conflicting directional relationship is & TA ratio, and it is consequently excluded. The
variables oNIChangandTL/ EBITDA did not satisfy the linearity assumption aatsts

excluded. The plots for these three excluded predictors canibdigaen6.14

For each of the remaining 13 variables we
which is used for the following two selecfimtedures. In the correlatioratrixin table
6.6 we group highly correlated variables, that is variables with aaroofhaore than 0.5
(Hayden, 2011). Three of such groups exists: a group related to profit&tiifyAaf
NI/TA andEBIT/TA ; a group related to leverag®ud/TA, OL/CA andTL/TA ; and a
group related to liquidity BFO/TL andFFQ CL. In each of these three groups, only the

variable with the | argest Somersd &@eis inc
excluded. This implies that we kRESTA , TL/TA andFFQO TL. Of the remaining eight
uncorrelated variables we | astly WAl ude va

variable is excluded on this basis.
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Table 6.6:Correlation Matrix - Practical Model of Default Probability

Ratio Somer
WCITA 0.2090
RE/TA 0.6508
EBIT/TA 0.6454
MV/BD 0.6526
Size 0.5122
TL/TA 0.4802
CL/CA 0.3852
NI/TA 0.6442
FFO/TL 0.5120

FFO/CAPEX 0.5074

FFO/CL 0.5088

WC/SA 0.2438

SourcePersonal collectn

WCITA

1.00

RE/TA

0.19

1.00

EBIT/TA MV/BD
0.32 0.22
0.57 -0.02
1.00 0.02

1.00

Size

-0.06

0.36

0.37

0.09

1.00
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TL/TA

-0.57

-0.31

-0.36

-0.28

-0.07

1.00

CL/CA

-0.53

-0.18

-0.27

-0.16

-0.07

0.55

1.00

NI/ITA

0.35

0.56

0.88

0.03

0.35

-0.46

-0.31

1.00

FFO/TL

-0.04

0.31

0.39

-0.03

0.21

-0.04

-0.02

0.3

1.00

FFO/CAPEX FFO/CL

0

0.21

0.22

-0.06

0.17

-0.08

-0.03

0.2

0.39

1.00

-0.09

0.27

0.35

-0.07

0.23

-0.03

-0.01

0.27

0.82

0.36

1.00

WC/SA

0.43

0.06

0.01

0.11

0.11

-0.24

-0.25

0.06

-0.17

-0.07

-0.24

1.00
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We arenow left with one dummy variable and six financial ratios that all satisfy the

l' i nearity assumpti on, ex hi

bit

a

Somer s o

respect to predicting default. With the remaining predictors the initial modetiegin

where the goal is to build a parsimonious logistic regressigrthe techniqimghlighted

by Hayden. A parsimonious model is one which minimize the number of features while

capturing the desired level of explanatory power, which in the daisetladsis means

predicting default within the portfolio most efficiently (Wooldri@dé) 2As it is infeasible

to model all possible combinations of financial predictors, we start by including all of the

variables and gradually remove the least sighifiatio until all coefficients show

significance. Thus, it is the methodology of stepwegression using a backwards

elimination process (ibid).

Table 6.7:Practical Model of Default

Default
1) (2 (3)
:0.040
RE/TA 0080)
-0.003 -0.003
FFO/CAPEX (0.004) (0.004)
11,022+ 11,019+ [1.017%%+
MV/BD (0.057) (0.057) (0.057)
e 0,472+ 10,481+ 10.481%++
(0.046) (0.043) (0.043)
1,258 1.219% 1,203
TLITA (0.532) (0.516) (0.516)
-0.838%++ -0.858%++ 10908+
FFO/TL (0.140) (0.134) (0.121)
0.679%* 0.705%* 0.704%+
NIDummy (0.155) (0.146) (0.145)
Constant 1,632+ 1.642%+ 1,637+
(0.539) (0.539) (0.539)

Note: 1) Model Coefficients. 2) Stmderrors in parentheses. 3) *p<0.1; **p<0.

*#4p<0.01

Source: Personal collection

Westart by including the remaining seven predictors, which yields a model where the
FFQ CAPEX variable and the ratio RE/ TA are the only insignificant predrstat &%

significance level. The ratioRE/ TA has thdowest TFstatistic, wherefore we remove it
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and rerun the logistic model according to our backward elimination methodology. We find
that FFQ CAPEX is still insignificant. The variableeixludedand we are left with a
practical probability of default de including five features that are all significant %cthe
leveland all besidEL/TA are significant at ti8sclevel The elimination procedure can be

seeron table5.7and the associated RO@we is visualizad figure 6.15

Figure 6.15: ROGCurve in Practical Model

ROC-Curve Practical Model
1.00
0.75
0.50
0.25
0.00
0.00 0.25 0.50 0.75 1.00

SourcePersonal collection

The threshold associated with theledppoint in the ROC graph14.32%Here the
practical model correctly classifidd defaulted observations at@26 non-defaulted
observations. By examinihg mistakenlgredicted classes, the model mak&3ype }

errors andl6 Type lkerrors.
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Figure 6.16: Confusion Matrix and Density Bt in Practical Model

The Practical Modeld Top-left Cut-off Point

Actual Observations

Predicted by Model Solvent Default
Solvent 1226 46
Default 113 111

SourcePersonal collection

In terms of the example of TC@etpredicted probability of default according to the
modelis givenby equation (6.15) and (6:16)

01 QQ UrodIIYE OQ' QO & o
PR OXPEIPX TEULWME YPp T P& OB Y L

T8O TU AT P TR TTATT (6.19
PR @
01 'QQ"Qoid Q08X & A ETO'D QM 6 g—é,g‘;is wa wb (6.16)

The observed values used in the calculation are the transformed ratios. We m®te that t
correspondingprobabilityof 86.48%s abovethe cutoff value why the model correctly

classifie3CG as a defaulting observation

The final model , built wusing thelstpfracti ti
14 financial ratios and two dummy variables to four ratios and one donewajud@ite the
model 6s discriminati ve poweésanpletastingsempheoy it
resultis anAUROC of 89.5%vith aconfidence interval 0683-92.17% nd a Somer s o
of 0.79.

6.2.2 The Default Model of Synthesis

The thesisd second hypothesis also conce
probability ofdefault modeling. The models within each academic school differ in terms of
theoretical underpinning, ease of application, calculatory complexity and pafgalarity
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