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Introduction

Credit risk can be considered as the most critical of all types of risk. It is estimated that
financial institutions allocate about 60% of the regulatory capital to credit risk, about 15% to market
risk and about 25% to operational fiskhere are two types of credit risk, migration risk and default

risk whereaghe latter is the subject of thisesis

On the regulatoryramework ofBasel Il & llI, the required reserves are categorized in two
Tiers.Tier 1 generally represents sharehaddér e qui t y a n dwhite@iér @ deteenthese a r
the subordinated lontgrm debt, general lodpnsses and undisclosed reserBamks have to maintain
a total capital ratio of 8% regarding riblased asseti the balance sheddroken into 6% foiier 1
and at least 2% for Tier ZApparently puttingaside a specific part of capital to hedgginst probable
losseslimits the potential interest inconse On the other handanksavoid unhedged risknd it
promptsthemto demand for quantifyingccuate reserves to traddf between risk and returand
formulate a more efficient hedging strategy. Likewise, maintaining thentegest income within a
steady state rangmnddecisionsconcerning thdéankcapital structure or the service fees are highly

contingent on the amouof thesereservesas well.

Among themajorgenres of riskghat banks arexposed tpsuch as market, operational, credit,
andliquidity risk, this thesis concentrates on cradbfaultrisk of the counterparty corporations in a
loan portfolio and provides the bank with a quantitative figure of loss distribution and the required
economiccapital It comes up witha generic model for credit risk and extends Basel to model loan
portfolio loss distribution. Basel capital adequacydelogenerally works well in normal economic
situation, however, it does not take into account stypesof risks appearing in economy downturns
and recessions, such as default contagion and tail dependence of default rates. Moreover|yempirica
it is evidenced that defautiates and recovery rates depend nonlinearly in a manner that expected
recoveries are tending to decrease more in recession comparing their likely increase in expansiona

economy.

! Correlation risk modéng and management yunter Meissner2013
2 Weightedsum ofassets based on thewrrespondingisks
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Research goal
Thethesisprimarilyi n v o | v e sg Basel gréde risidcapital adequacy model for economy
downturns through modeling and incorporating empirical evidences of the risk factors and their

interactionsand analyzing how it influencelse bankending strategy .

Motivation and research questions

Should banks operate smoothly, Basel regulates to keep some capital as reserves to absc
probable losses. In this regard, Basel Il recommends Vasicek model as an industry standard. Howev
the model comes with unrealistic assumptions such as simitdvalpility of default for all
counterparties in portfolio with the same default correlation and constant through time. Moreover,
contrary to empirical evidences, it assumes independence between recovery rates and default rat
This thesis extends the modelapproach the problem regarding the corresponding realities based on
empirical and the stylized facts. It comes up with the consequences of applying Basel model an

answers to the following questions,

1- How reliable ist to apply Basel in economic dowmis?
2- Does it matter to apply a more accurate model?
3- How much is thalifference betweeRconomic CapitalEC) in Basel and the model

4- How does it influence the bank loan portfolio structure and lending strategy?

Research gap

Scholarsin credit risk modelingdevote their workon particular components afedit risk
modelng such as probability of default, recovery rates or default correlatibm®over, they chiefly
concentrate on Analytically Tractable (AT pokels via assuming independenc&aussian progses
to come up with mathematical closed form expressions; this limits the flexibility and also the
applicability ofthe model in regard with real behavior of risk factdtse extensions to Vasicek model
are mostlyapplied inpricing credit derivative pructs like Collateralized Debt Obligations (CDO),
Credit Default Swaps (CDS) which deal with a portfolio of credit assets and defaultable
counterparties;ithe study for loan portfolio starts with Vasicek 1987 who correlated default rates by
onefactor Gausian copula and introduced analytical model for Large Homogeneous Portfolio (LHP).
In his model correlations and recoveries are assumed deterministic and constant. Giese 2005 exter
stochastic recoveries and comes up with correlated default rates ago/éodsfaults, furthermore,

Fray 2013 predicts loss given defaults as a function of default Mtesover,Gregory, Burtschell
and Laurent 2005 carry on a comparative study of different copulas in pricing of synthetic CDO
Page6 of 87



tranches. HulWhite 2004 appés double student copula to CDO ared to default CDS They
extend their work in HWWhite 2010 and propose stochastic correlations as well as recovery rates

correlated to default rates through Gaussian copulas.

In loan portfolios there is a né¢o incorporate all realities together to model credit risk through
considering not only appropriate models for each risk factor but also taking into account their
empirical interactions and individual characteristics in economic downturns as well. gtithuul-

White 2010 fulfilled this objective to some extent, but still they simplified steabzedfacts and
ignored tail dependence, a frequently observed phenomena in economic dovotnodel default
correlations. Furthermore theiddhot account fonegativenegative tail dependence of recovery rates
and business cycl es. Moreover, some commer Ci
Ri sk+o0 and AiMoodyés KMVO propose models to fou
recomends ACredit Risk+0 and correlates defaul
than some background common fadim model default correlationoody 6 s KMV tri e
default correlations t hr oucpbntepartiesired partfolionagd JP h e
Morgan fACredit Metricso model concentrates o
to simulate portfolio behavior in terms of a Markov cha#itihough each product has an advantage

in some aspects bubne of them thoroughly address the problem via incorporating all considerations.

Research design

In order to extend Basel for economic downturns and benefit from the previous proposed
methodologies in loan portfolio, this thefig€uses onmodeling interations and get#lerton model
to calculatgprobability of default, besides, s s umes Vasi cek process for
The default rates are correlated througtopula taking into account tail dependence to model
systematic riskecessionsMoreover, it correlates recoveries with default rates through a Clayton
copula to capture the negatimegative tail dependen@s the stylized fact in markdh addition, it
releases the constant correlation assumption and comes up with stochastida@retgatively
correlated with market performance through Gaussian copula. Finally, it takes a sample portfolio o
loans and compares the economic capital with Baged. main steps in the modeling process is

summarizedn the following flow chart,
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Default correlation by
t-Copulato model tail
dependence Modding Recovery and
\ PDs dependency by
Clayton copula to model

Modelingstochastic negativenegative tail
correlations with Beta dependence
distribution
. J
™~ Calculating portfolio
Modeling correlations CreditVaR and ES u
dependence to the sing Monte Carlo
systematic risk factor Simulation
by Gaussian copula
- J
. )
Comparing results with
Modelling stochastic Basel framework, EC,
recovery rates, portfolio structure and
sampling from Beta lending strategy
distribution \_ J
J
( )
Condusion and
_ . _ managerial implications
Figure 1: thesis perspective \ J

Chapter one introduces research objective andsplossisquestionsSubsequent to a concise
literature reviewthe methodology and problem formulatimnpresentedn the next chaptewhere
inputs and risk factors are described in detail wihassociated characteristio$ interactionsfor
Monte Carlo simulationChapter 2continues withmodeling loss distributiom portfolio leveland
proposegreditVaR. Finally, the third chapter represemplementation ancthanagerial implication
and povides conclusionthroughevaluatingresultsregardingBasel capital adequacy accord dhne

strategies proposed llye model.
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CHAPTER 1: LITERATURE REVIEW

This chapteillustratesthesis overview anthe evolution ofiteratureaboutthe subject.
It studiesthe previous works of credit risk models and the associated stylized facts fol

component of the portfolio loss risk facierpresented.

1. Literature review

This section starts with a quick definition of credit raskd Baseftegulatory requirement#
reviews thefrequently citeddefault risk modelsfocusng on firm-value model$ literature
Subsequentlydefault correlation modebse reviewedndfinally evolution ofpapersaaboutmodeling
LossGivenDefault (LGD)and itscorrelation with default probability presented

1.1Credit risk models

Credit risk has proved to bedabatedopic particularlyin the aftermath 02007#2008global
financial crisis andthe appearancef the default contagion phenomeiecently it targetnot only
the so-calledjunk stocks but also the most creditnitry institutions like AIG and ehman brothers

after the crisisHowever,despite the recelyt heatedopic, it hal been already aoncernfor policy

3 Firm-value models and structural models are used interchangeably,-bptied credit models is an alternative name
as well
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makers and regulatory institutiofeng bdore in banking industry respecting the regulatory issues

and bank internalrisk managemerolicies

Credit models involve estimating default probabilities and term structure of spreads as price
of default risk There are two major approaches in cradk modelling, structural and intensity based
basednodels known as reducddrm as well The former takes default as an endogenous event while
the latter modelslefaultas an exogenous variabRrimary works onstructural model®riginates
from Merton1976in line with Black-Scholes options pricing modéflertonassumes a company with
liabilities like Zero-CouponBond (ZCB)andtakesequity asEuropearoption on the company assets
wherel i abi | i t iisetlestrikgppaice. Acecoadinglye he risk-neutral probability of defaultis
simplywhen®w ‘OwhichisO 'Q in Black-Scholesframework.Relyingon Merton, default can
only happens if assets fall below outstanding debt at the time of servicing or refinancing the debt
Other structual modés such as Black and Cox 19i&similar to the Merton model in that they use
the firmds structur al vari abl es such Hawveveras s e
Black and Coxstates that default can occur at any timet, just at the expation of the debt, this
property puts it in the family of first passage time modEie modehkllows defaults to occur as soon
as the firmés assets value falls below a cer
value.This assumptionni Merton model was contrary to bond safety covenarhich allove bond
holders topush a firm into bankruptcy under certain special situations even if the firm hast not
explicitly defaulted on a paymeriurthermoreDelianedis and Geski&77account for mre complex
capital structures by creating two tranches of risky debt. At date T1 the firm is obliged to make the
payment of FXor short term liabilitiesThe firm cannot sell its assets to meet its obligation. Rather,
the firm must go to capital markeasd raise funds (equity or new debt) to finance the payments.
Clearly, the ability to raise funds will depend on the amount of debt outstaifding present value
of all debt outstanding, together with the required payment, F1, exceeds the valuéermf then the
shareholders will declare the firm bankruigiewed from timezerq equity holders have a compound
option on the assets of the firhio default by T1then they can exercise their claim, make the payment
of F1 dollars and receive a call aption the assets of the firm. Hence, at d&t® they have an

option on an option, or a compound option.
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In continue, the first passage family was extended by LongStifivartz 1995 taking a
stochastic process for interest rates rather than cohdtalaind and Toft (1996) took the next major
step through incorporating bankruptcy costs and tax effects which allows a formal characterization o
optimal capital structure, debt capacity, and credit spreads in a classioffratedel. The Black
Cox modelproduces low credit spread because assets that begin above the barrier cannot reach t
barrier immediately by diffusion only. To increase the spreads jumps came into the asset valut
processZhou 1997 introduced a jump component to the underlying contsyimcess, but the model
is somehow intractablén analternative approaglrinkelstein et al 200€reditGradesnodel| allows
the barrier to fluctuate randomly. The uncertainty in the barrier admits the possibility that them d s
asset value may bdoser to the default pointThis leads to higher sheirm spreads than are
produced without the barrier uncertaintjoreover,Mo o d y 6 2003 Kame up with anodified
structuralmodel outputs Distance to Default (DD) to be mappednantarnally developedatabase
of companies with real default probabilities historically complying with the DD calculated, hence, the
outcome is regarded as a real world probability of defabkwork is taken as a gist afain insidits
gleaned from BlaclCox 1976,Geske 197 and LongstaH#Schwartz 1995In their framework the
option is a perpetual dowemdout that @an be exercised at any timepurchase or issue of debt is
possibleand estriction on asset sales existdso, it accommodatedve different types of liabities:
shortterm liabilities, longterm liabilities, convertible debt, preferred equity and common €quity
Brigo and TarenghR004 developed AT1Pon the ground of Blackox model providing time
dependency in both the volatility and the barhence nn-constant business risk and debt leaed
contrary to Zhoustill preserving closed form pricing formulas amadmore flexible model comparing
to Black-Cox in a sense thgparameters are pedtly calibratd to CDS market dafa The most
intriguing chaacteristic of the model belongs to its independency from the current asset value which
is difficult to be estimated particularly for ndisted companies. In their framewoitkis possible to
rescale the initi ad vpahdexpress the (frae)ebarfiedrametdr Bl asaas s e
fraction of it and hencaét is not necessary to know the real value of the.fivlareover Brigo 2009

comesup with Scenario Barrier Tim@arying AT1P model (SBTV) to reduce effect of uncertain

4Reduced Forms: Structural Models of Credit Risk: A Case Study of Three Medéés/neet Arora, Jeffrey RBohn,
Fanlin Zhu Moodyés KMV February 17, 2005
5> Default forecasting in KMV, masters thesis, Yugian Steve Lu, 2008, University of oxford
8 Modeling default risk, modeling methodologZrosbie and Bohn (2003)
7 Although CDS mdket Is not available in Iran but any other suitable proxy give pgeilto the model
8 Credit Calibration with Structural Models: The Lehman case and Equity Swaps under Counterparty Risk Damiano
Brigoz Massimo Morini Marco Tarenghi, December 22, 2009
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accountingdata accomplishelly definingrandom barrierandcalibratingprobabilities and barriers.
Here the market price teaken aghe weighted average price of different scenabpgrobabilities
calibrated The model outpgta smoother implié volatilities contrary to AT1Pand efficiently

complies withintensity models.

There are stylized facts that structural models are not able to generate posititershort
positive spreadd his was addressed by adding jumps in the process. Moreover, credissprpbed
from structural models are much lower taaldata referred as credit spread puzdlbile empirical
evidence is still scant, a few empirical researchers have begun to test these model extensions. Lyd
and Saraniti (2000) compare the Mertod ghe LongstafSchwartz models and find that both models
underpredicted spreads; the assumption of stochastic interest rates did not seem to change tl
qualitative nature of the finding. Eom, Helwege, and Huang (2003) find evidence contradicting
convenional wisdom on the bias of structural model spreads. They find structural models that depar
from the Merton framework tend to ovpredict spreads for the debt of firms with high volatility or
high leverage. For safer bonds, these models, with the excebtLelandToft 1996 underpredict

spreadsjfollowing table summarizdgerature evolution

Row | Milestone Description

1 Merton 1974 Optiontbased riskyZCB pricing

2 Black-Cox 1976 Came up with first passage default timedel

3 Geske 1977 IntroduceShortand Long Termdebt

4 LongstaffSchwartz 1995 | Assuminginterest rates meamverting stochastic proces

5 Zhou 1997 Added jumps to the underlying proceisss not AT®

6 Leland 1998 Adding tax and bankruptcy measures to value risky de

7 CreditGrades 2002 Modelled barrier as a continuous stochastic process

8 Moody dés KMV | Commercial model (DD)mixture ofprevious works

9 Brigo, Tarenghi2004 ° AT1P, introduced nowonstant volatility, model
independent of current asset value

10 Brigo, Tarenghi2006 (SBTV) reducingeffect ofunreliable accountindata

Table 1:evolution ofstructural models through time

% Analytically Tractable
1 0Selected modadince it does not rely on asset value
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In the othercategory otredit modelsknown aseducedform® 'modelsthe random nature of
defaults is typically characterized innes of t he f i r st A alntensity based o f
models model the risk of default as an @wvat arrivesexogenouslyThere are several types of
reduced form modeld.ando 1998, Duffie and Singleton 1999 showed in their work that price of a
risky bond of a company can be calculated by a default adjusted discount rate. The extra rate is referr.
as intensity. The first model that actively used the concept of default intensity came from Robert
Jarrow and Stuart Turnbull 199bhey constructetheir model based on two classes obzsyupon
bonds, a risk free ZCB and a risky one. The paper suggests that when default intensity was hel
constant, t heisprdpational todthe ik Gy’ 2while] uisrecovery rate and is

market price of default risfa positive constant less than 1

Based on Jarrow and Philip Prott&®04 the difference between these twmdelscan be
characterized in terms of the information assumed known by the mo8elestural models assume
that the model er has t he s amdeompletd koowlednd af al the s e
firmés assets and I|liabilities. Il n most situa
contrast, reduced form mddeassume that the modeler has the same information set as the- market
i ncompl et e knowl ed g €onseduentlyhfer pricingramd hedging,ceducédtforno n
models are the preferred methodolbdyarrow concludes that if one is interested icpring a f i
risky debt or related credit derivatives, then reduced formefs@de the preferred approach thate
been constructed, purposefully, to be based on the information available to the market

1.2Loss given Default (LGD)

Loss given default islefined asthe amount of funds that is lost by a bank when a borrower
defaults on a loanAs defaults and credit events generally end up courts, there is considerable
uncertainty as to what an accurate recovery would be if a company deBasks on IRBappoach
banks are able to design internal madelcalculate capital reserve in light of common characteristics

identified by studiesf academics and indust@nd gparentlyLGD is not an exception in this regard.

110r intensitybased models
120 HY Q p Q 1 0 hCredit derivatives, A primer on credit risk, modegjin

and instruments, George Chaoko, Andera Sjoman et al.

! 3Structural verses reduced form models: a new information based perspective, Robert A. Jarrow and Philip Protterb,
Journal of investment management, Vol. 2, No. 2, (2004),id0 1
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Historically, recoveries are in a rangem 20% to 80%vhich dependso which definition for

default we referBIS! “definesfour evens as defaultSchuerman2004' *mentions thel e b flaseb

in capital structure, seniority, general economy status and industry as the main determinants of LGL
Also, recovery ratediffer depending on claiming in whidtages othe bankruptcy proce$gms been

madé ® Schuermanmlsoargues the recoveries distribution with evidence of higher probability for
lower recoverieempirically. According to Altman and Kisire 1996 one shoulchowabout seniority

and collateal to predict the recovery rateikewise,Gupton,Gates and Carty report theyndicated

loan recoveries for senior secured loans were 70% in average while the unsecured one fall to 529
Moreover, he importance of monitoringeviewed by Carey 1998 through comparing investment
gradeandlower creditgradedebtshighlighted by attributing the difference in performance of higher

risk instrument to the closer monitoring.

Fray 2000, shows that in recessioacovery is about a third lower than in an expansion.
Altman, Brady, Resti and Seroni 20@8iggestvhen aggregate default rat@® high, recovery rates

are low.

0.8+ =051 R=0.65

.0 1981
0.74 e e y= 0.002 -0.113In{x) »= 0.138/x"%
- » R=0.63 R=0.65

9.
064 198

o0 % T

0.5

Y. recovery rate
i 4_ H
1 L -
*
4
-]

0 0.02 0.04 0.06 0.08 0.1 0.12

x: default rate

Figure 2: recoveries and default rate dependeflitsnan 2003

Also, Hu and Peraudin 2002 presented that correlation between recoveries and aggregal
defaults rates for the US are; 11 |on average and abouts 1 lvhen considering only tails which
implies higher correlations in recessiolloreover, Altman and Kishore 1996 revealed that some

industries like utilities are more recession resisitent thansthe

1 “Basel Committeen banking Supervisiodocument

1 SWhat do we know about LGD? Federal reserve Bank of New York, By Til Schuermann 2004

1 8L ast Cash Paiddefault Chapter 11emergence due to liquidation or genuine emergence, it take on average 2.5 years
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Industry Avg. Recovery Industry Avg. Recovery

Utilities 70% Communication 37%

Services 46% Financial Institutions 36%
Food 45% Construction. Real Estate 35%
Trade 44% General Stores 33%
Manufacturing 42% Textile 32%
Building 39% Paper 30%
Transportation 38% Lodging. Hospitals 26%

Table 2: Industy impact from Altman and Kishore 928

A recent work by Archarya, Bharath and Srinivasan 2003 found that when industries are in
distress, mean LGD is on average 10% to 20% higher than othedmiiseir work utilities is still the
highest recovery industry sectépart from industryeffect, b the sizecontrary to its importance in
modeling probability of default,ased on literatures seems to have no strong effect on lossess
default has occured\sarnow and Edwards 1995 findrelation between LGD and loan sizes in their
study of loan data in Citi bank middle market and large corporation lendikewise, Thornburn
2000 also found that firm size does not matter in determining LShDilar results obtained from

Carty and Liberman 1996 and others as well.

There are various naels that connect LGD rate to default rate. Fraye 2000 assumes recovery
is a linear function of normal risk factor associated to the Vasicek distribution. Pykhtin 2003
parameterizes the amount, volatility and systematic risk of the loan collateral andgsinfd he | ¢
LGD and brhgs up a closed form expression for expected loss and ecocapital. Geise 2005
applies econometric estimates of correlations between default rates and loss given default rates a
calculate their impacts on the credit risk ¢alpiFraye 2013 models LGD as a function of default
rates. Inhis paper an asymptotic portfolio is assumed with entities all having the same expected loss
and default correlatiorin this workthe modelchiefly inspiresfrom works inFraye 2000 and Giese
2005to fulfill the stylized facts about the conceftcordingly, LGD is taken stochastic and modeled

by Beta distribution which is calibrated to industry norms and correlated with default rates.
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1.3Default correlation
This partreviews the historical beher of correlationthrough timeand introduces models
proposed in line with the stylized facidied empirically

The degree to which defaults occur together is critical for financial lenders such as commercia
banks, credit unions as well as insuranoenganies etcDefault correlation is addressed in the
literature from different points of vievgome deal with empirical analysis of correlation behavior in
time particularly business cycles and evidence the dynamic characteristic of correlation timeugh ti
Others address the industry sectors and find correlation clustering phenomena inter and intra sect
and find thadefault correlation between industries is positive \thih exception of energy sector as
the recession resistant sector with a low egative correlation with otherddoreover, default
correlation within sectors higher than between sectors alnid suggestthat systematic factors like
recession, structural weakness such as general decline of a sector have a greater impactson defa
than do idiosyncratic factorlencea lerder is advised to have a seethversified loan portfolio to
reduce default correlation ris8ystematic risk and correlation are highly dependedhtistorically,

a systematic decline in stocks almiostolvesthe entire stock markeindcorrelation betweestocks

increase sharply.

Correlation Level Correlation Volatility
Expansionary period 27.46% 71.17%
Normal economic period 32.73% 83.40%
Recession 36.96% 80.48%

Table3: correlation level and correlation volatility with respect to the state of economy, Meissner 201:

Meissner2013 monitors correlation between stocks in Dow and Dow iadeobserveghat
correlationin Dow increases when Dow increases enstrongly, however, there is thiscrease
accelerateq time of severe declinem Dow during 2008 to Aug 2008om a noncrisis average of

27% to over 50%(The red triangle graph represents Dow)
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Dow and Correlation of Stocks in the Dow
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Figure3: Dow and correlation of stocks in Dow, Meissner 20

To modeldefault correlations Lucas 1995 proposed the binomial model taking default as
binary variable Furthermore, he shows that correlation levels and as well as correlation volatilities
are higher in economic crisis. In the following figure a mearerting behavior of correlation through
time is noticeable It shows the monthly averageorrelation levels andlepicts there is a low

correlation in strong economic growthhile it increases during recession.

Monthly Correlation Levels of the Stocks in the Dow
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Figure4: Monthly correlation levels of stocks in the Dow, Meissner 20
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This is also the case for correlation volatility where during economic déelds to

increase

Monthly Correlation Volatility of the Stocks in the Dow
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Figure5: Monthly correlation volatility of the stocks in the Dow, Meissner 20

Apparently, b the dynamtc nature of correlation, using statistical methods for correlation
financeis not applicable sinceostfinancialdependencieare not linearThere are differemnodels
proposedin literature, Heston 1993 correlatewo stochastic process of stocks atsl volatility
through the diffusion part. This method is widely used in finance due to its dynamic and versatile
characteristicsZzhou 2001 applies Heston correlatiordrive analytical expression for joint default
distribution in Black-Cox first passge time framework. In this thesis the default correlation is
modelled through assgtlue approach which correlates defaults throtighstochastic process of
asset returns viddeston methodologyas well Brigo and Pallavicini 2008 apply two Heston
correlaion, the first correlates two factors that effects the interest rate process and the secon

correlatesnterestrate process with the default intensity process.

The other famous or infamouasrrelation model is Copula approach. Gaetor copulas were
introduced to finance by Oldrictiasicek in 1987. More versatile, multivariate copulas were applied
to finance by David Li 2000rhere are lots of copula models and amongpalkkfactor Gaussian and
from the Archimedean family Clayton, Gumble and Frank taspare the mogtopularin finance
industry Moreover,some extension like-¢opula originates from-$tudent distributionwhich is
categorized in twdactor copula modelsContrary to Gaussiancopula, tcopula is capable of
modelling tail dependenc€opulas found a place imodellingof correlation in finance, Meisser 2007
and Brigo and Chourdakis 2009 apgybivariate Gaussiaoopula to model CDSeller and the
reference assetith counterparty credit riskBasic structural models assume that corretetiare

constant. Empirical evidence suggdasbiat assetorrelations are positively related to default rates.
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From the reports by Meissnegrrelations araot deterministi@and showa mearreverting behavior
through timemore importantlythe defaulcorrelation of two firms tends to increase by tjinence,
static models do not capture the entire features of default correlattarls White 2010 propose
dynamic corredted model based on assatue approach. In their work, the stochastic parts ot asse
processes arecorrelated by a onfactor Gaussian copula, where correlation and recovery rates are
both Beta random variablesrrelated again to the market factor via Gaussian coputach time

step a unique LGD and correlation is associated witimidudet factor, hence the higher the market

factor, the lower correlations and LGD from Beta distribution.

This thesisstefs forward andextends théasic Vasicek modelf BaselthroughHull White
2010insights.However, ontrary to HulFWhite, heret-student copula is used to correlate defaults,
furthermorethe LGD and correlationare randomandthe correlation modeled ylayton copula to
capturethe negativenegativetail dependencéetween these variableshis methodology ismore

consistent with empcal results.

Pagel9 of 87



CHAPTER 2: METHODOLOGY

This chapter concisely reviews regulatory issues and proceeds to the pi
motivation and formulation. Subsequent to introduction of Basel Il and Ill accords,
balance sheena lending procedure is reviewed, afterwasdgsh component of expected Ig
and the proposé models for probability of default, recovery rate and howntadel their

interactiors is modeled and finallhe analysis in portfolio level gerformed

2.1Regqulations in banking

Historically, investmenbpportunitieswere solely available to affluent people who were
considered to affortbsses by their wealth, howeveg mvestment activities greas all classes of
people began to enjoy higher disposable income and finding laeaspto put their moneto avoid
fraudulent activitiesin theory these investors were protected by the Blue Sky laws (enacted in Kansas
1911). These state laws were me#mtprotect people from worthless securities; they are basic
disclosure laws that require a company to provide prospectus in which the promoters can rely on. |

this section the mosecent andmportant regulations concerning credit risk analysis arespted.
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2.1.1Basel Il & llI

Basel Il was initially published in 2004 as an international standard for banking regulators to
control how much capital banks need to put asidederto guard against the types of fim@al and
operational risks thefacethrough lending and investmentactices. Basél is based on thredlfars.
The first pillar deals with maintenance of regulatory capital for the three major components of risks
that a bank facesicluding credit risk, operational risk, and market riskie second pillar is a
regulatory response to the first one. It also provides a framewpidetding with systematic risk,
strategic risk, liquidity risk etdt is the International capital Adequacy Assessment Process (ICAAP)
which isthe result of Pillat and Il accordsThe third pillaraims to complement the minimum capital
requirements and supervisory review process by developing a set of disclosure requirements whic
allows the markeparticipants to gauge the capital adequacy of an institutioderBasel 11, the risk
of counterparty default and credit migration risk were addressed buttoaarérket losses due to

credit value adjustments were not. This problem was considereddsmagopmenof Basel IIF 7

Basel Ill - Framework

Pillar | ks
Capital Ratios R

Pillar It Pillar 1l
Supervisoey Market Discistine
Reaew Process (Srporting)

Standard

D Brand new with Basel 3 . Updated with Basel 3 Updated with Basel 2.5 D No Change from Basel 2

Figure6: Basel framework, Moody's Analytics

Following 20072007 financial crisisBasel committee considered a major overhaul to the
former Basel accordf\lthough the committee had incredsegpital requirementsit continued to
regulde extra reserves to cover credisk in Basel Ill too. This fdlowed by a tighter capital
regulations to take liquidity risk into account as wellhe first proposal for Base Il issued in
December 2009 and the final version released year afterThe regulation consists of six parts

17’KTH-Royalinsttt e of technology, Masters O6Thesis, Dan Franz
Page21 of 87



involving definition of capital and requirements, capital consémwabuffer,countercyclicabuffer,
leverage ratio, liquidity risk and finally counterparty credit riskhder Basel Il bank total capital
consists offier 1thatrepresentshe equity capitdike share capital and retained earniagsshould

be at leas 4.5% of the riskweighted assets at all time&dditional Tier 1 items include nen
cumulative preferred stoand the total Tier capitahould be at least 6% of the rHakeighted assets

at all timesTier 2 isthedebtwhichis subordinated to depositiThe total Tier 1&2 must be 8% of

the riskweighted assets at all timeBhe required reserves were more than doublmtparing to

Basel Il. Common equity to the Basel committee is regardefigasig-concerncapitab' 8 When a
bankis goingconcerncommonequityabsorislossesTi er 2 capi t al -coscern ef e
c a p iwhem k bBank is ntonger agoing-concernthenlosses have to be absorldedTier 2 capital

that ranks below depositors in liquidation.

Basel Il is part ofthe continuousstruggling effort to enhance the banking regulatory
framewor k. 't is built on Basel |l and Basel
ability to dealwith financial and economic stress, improve risk management and strengthen banks
transpareng. The Basel committee call for more capital ftgystematicallymportant banks. This
is not astandardized term across countries, however, in US it is considered banks with capital abov:
$50billion.t ®

2.1.2Bank balance sheet and Basel

Each itemin the balance sheatf a bank corresponds to an interedaitedincome or expense
item, and the average yield for the jwer and he né-interest income hidiza depends oithe shape of
the yield curve Banksusuallytry to overcome the undesirable impacts @ld/ curve flattening®
phenomengadue to narrowing the difference rate between long term and short term boritbwongh
charging more for their servicegloreover,the volume of bank fee generating activities may differ
alsobased on intest rate expdations and demangehaviorfor loan. For instances interest rate
rise, there is less demand for mortgages anthenther hand the prepayments happen less due to
higher cost of borrowing agaiandas a result fee income and associated economic ealieating

from mortgage services may increase or remain stable in these situBliemsterest rate can jointly

1 8The concept is an assumption in accounting that entity will be able continue operating sufficient to carry out its
commitments, obligations, and objectives etc.
1 Basel Committee for Bank Supision, Basel IlI, A global regulatory framework for more resilient banks and
banking system
2 ONormally yield curves are upward slopping to stimulate spending in recession period, the flattened and downward sloj
yield curve happen in economic booms toasttown the economy and indicator of lower short rates in future
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act with other risk factors facing aik. h a risinginterestrate period the payments of the loan
decrease due to higher level of payiesiue or lower earnings, thexposes théank, particularly
for floating rate borrowinggp credit risk.For a bank with short term liabilities, rising interest rates

will increase the likelihood of liquidity risk and credit quality problems as well.

To mitigatethe credit risk banks develop certain internal credit analysis procedures next to
natioral and internabnal regulatory requaments Evaluating the creditworthiness ofcarporate
client and a rough valuatiors mainly done by credit departmethirough reviewing the financial
statementsThisis usually supplementealith site visits to confirm the claimsa direct observation
and evaluationThe primary financial status criterion are relatethe capital structure aridemajor
financial ratbs crosssectional as well asme seriesnalysis Besidescashgeneration power arttie
strategic position of the company in the market is taken into account by the credit teamFisallgll.
the credit team determines the approved amount of tharicaddition tothe required collateral and
other formalities to proceed féending Parallel to reviewing the creditworthiness of the company
andafter fulfilling the requirements, the risk management department is responsible to evaluate the
extra riskthe loan imposes on the bank and determines the appropriate interest rate to be charged f
the counterparty corporatiorrhe job is completed through evaluating the required capital reserves

concerning the defaults in a single trade and portfolio ievetgard wih predefineccredit limits.
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Thechartdepictsheinnerlink of the problentomponentshemodelard the Basel regulatory

capital.
[ Capital RequiremenReguIations]
v
Market risk
Basel |, Basel Credit Risk
Il, Basel IlI Operational risk
Liquidity risk
Assets Liability + Equity
Loans: Borrowed capital:
Mortgages Deposits
Loans to companies Customer deposits
Loans to consumers Certificate of deposits
Loans to goveament bodies Financial instruments:
Liquid assets: Bonds
Shares, corporate bonds Derivatives
Government bonds Interbank market funding
Interbank debt claims Equity:
Other assets: Common sharefREetc.
Real states
Derivatives Capital Reserve
Good will etc. y
(/’6_0‘\)\
(o ———F2 (P
(/ ’U o-\\/' \

<+—

Unexpected loss= CVaREL

Figure7: Bank balance sheet, Basel regulatory and model link
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2.2 Problem formulation

The objective is talevise a generic model flwan portfolio loss distribution arevaluatehe
correspondingcreditVaR and tlke proposed economic capital consistent with downturn economy
situations To evaluate th@erformance of the modelith Baselaccord a sampleof bankloans is
constructed and theequired capital generated the modelthe proposed portfolio structure atine
management strategy for lendilsgcompare with the onesuggestedh Baselframework

2.2.1Inputs and assumptions
Following table illustrateshe main inputs and the associated models for each variable. The
main inkeractions exist between defawdtes themselvdsesideLGD and defaultates Moreover, the

correlations are also modelled to be dependent on defaulasaves|

Row | Inputs Model Remark Basel
1 Probability of Default(PD) Historical Rating agencies
Merton - Merton
Black-Cox -
Brigo AT1P -
2 Loss Given Default Beta dstr. Stochastic deterministic
3 Default correlation Beta dstr. J. Lopez studd* | J. Lopez study
4 #1 DA EOGIBA A£DOGIQ| t-student copulal Vasicek extension| Gaussiarcopula
5 #1 OAORBRAGS Claytoncopula | Historical data independent
6 #1 @h Gaussian copulg stochastic deterministic
7 Exposure Pure  discoun) Deterministic/loan| Deterministic/
loan principal loanprincipal

Table4: problem inputs

2.2.1.1Credit exposure

Literally the future credit exposure at times defined as théotal positive exposure of the
bank at timeo if the counterparty corporation defaults assuming zero recovery rate. The current
exposure simply is known at tinde Ttwhich is the loamprinciplein this case. The exposurermally
is calculated in tradeeVel and counterparty level for a single cligtbwever,contrary tocalculating
exposure in derivative contradtetbears a level of complexity, to the nature of a loan, the exposure

is nearly deterministic specifically for short term where therdrisial probability of change or shift
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in the term structure of interest ragesd particularly when the contract is fixed rdtethe bank under
study, loansgranted aranainly pure discount loanasnd the principle andcorrespondingnterest
accumulated be paid amaturity, hence it could be treated as a ZCBnventionally the Exposure

at Default (EAD) is assumed to be Igamncipal

2.2.1.2Probability of default

A default event is an event where ttminterpartycannot face its obligations on thayments
owed to the bankor a reason. There are several credit events that might lead to def@dutling
bankruptcywhen a company become insolveiailure to payafter a reasonable amount of time after
the due datéusually 90 days)significant dowgrading of credit ratingand credievent after merger
that the new merged entity financially is weaker than the original entitfraally governmat action
or market disruptions typically confiscation of assets or effects of Wagse evemstare often

categorized as being driven by either market risk or comppagific risk 2

There are three methods to extrii-structureof default rates for a risky entitpbtaining
hi storical default i nf or mats, aking dtrucmanmodetstliken g
Merton, BlackCox etc. and finally, taking the implied approach from current marketvdaitzh
resembles getting implied volatility from current market option prices aodnisidered athe most
reliable source of constructing default testructuré ? since current marketnformation reflects
market agreed perception about the evolutif the market in the future and default rates derived may

be differentfrom historical default rates.

The primary advantage of using rating agencies indtion is the ease and accessibility of
determining ratings for issuers. However, ratings are not perfect specifioallyew structural
productsthat have been prone to severely inaccurate assessfridnteover, agencies do not have
the capacity to constdly monitor and update their ratings in rtiahe and their assessment ofteg la
behind the markeAnd the most serious issue is the applicability of such tablé®inanian marlet
regarding different market structure, countisk, recovery rategtc. Although the meaning of the
assigned rate e. g. ABO is standard by defin
default intensities and spreads definitely change by; tiramg diffusion process to describe changes
in the value of the fim, Merton 1974 demonstrates it can be modeled based on8tholes option

2 2Credit derivatives, a primer on credit risk, modelling and Instruments, CSMD, page 18
2 3David Li 1999 on default correlation, copula approach
2 “Financial simulation modellindSeith A. Allman, Josh LauritpMichael Loh page 111
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pricing technologyand BlackCox came up with first passage time mogdapplyingbarrier option

technology.

The alternativdrequent method isnplicit approach by using obsenialmarket information.
Two general markets can be usedtfos purposecredit default swaps (CDS) and bond market. The
banking loan market is the otheption however, theless liquidity anddifficulty of obtaining
informationis the main reason not tee practically appealindgzor more frequently traded CDS with
different tenured®ootstrapping is done to calculate the implied default probability for eachTyesar.
process can be completed using bond prices as well. Bonds however have additionalf layers ¢
complexity due to their varietyfixed/floating differences, optionality, different covenants and
different payment schedule all make modelling bonds more difficult than B&x&e probabilities
obtained are higher than physical default probabilitiesyesulating other risks than merely default.
Li 1998 presents one approach to building the credit curve from market information based on Duffie
and Singletori995 default treatment and obtains a yield spread curve over Treasury. The credit curve
construdon is then based on this spread yield curve and exogessusptionsbout the recovery
rate based on the senioragd the rating of the bonds, and the industry of the corpor&incethere
is neithera market folCDSnorfor bondsin Iran, matchinga comparable compamyerseasvith one
in the local market does nséem to ba reliable solutionHowever, the method is currently used by
the bank.By and large the most applicable method the bank can implement lies itfiglteof
structural models wbh extractdefault probabilities fronthe informationavailable in the financial
statements of the counterpaxtgrporation As far as theébank has access thesedata it makes
privilege for these category of models to mere appealing in practiceHowever, the structural
models assume a listed company with equity value easily observable from market, unfortuisately
not the case ithe Iranian marketvheremost counterpartiés s tame ek saded ithe exchange

market and idlemands somealuatian analysisto be donen advance

Brigo 2004 proposed a structural model independent of the current value of company asset
which makes it appealing for the case of this study. Howavéhgei framework of BasetheVasicek
modelis appliedthatis on thke ground of Mertoimsight To calculate probability of default consistent
with Basel,Merton model and Vasicek process is introduced and theeattadhnicalreview of the
selectednodel AT1P, is presentedn Appendix B.
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2.2.1.2.1Merton model
Merton 1974 >comes upwith assumptiorof liabilities as ZCB and interprets default if asset
values hit ZCB face value at maturiespiteits simplicity, it is a widely used model in industry

Following graph illustratehe mode|

flopdauss

LogLintdsisa
Prebudnkey et defaulk 2D
Figure8: Merton structural model

Referring BlackScholes options pricing frameworkhe payoff to creditors is,
OwhY [ EmHO O 0O (1)

Hence creditors are short a put option written on the assets of the borrowing firm with a strike price
of equald, the face value of debt. Based on-pall parity, equity is a call optionontherfio s a s s e
Owh 0 AY 060®OHRRY o ©&Q
Owh 6 da dRORRY o, )
Merton insight suggests that spreads betvileegreditrisky debt and otherise identical risk
freedebtis i mply value of this put option. Based o
spread are, maturity of debt, lever&geand business risk of assets of the fjr&ollowing the model,

the spread over the rigkee rate is obtainable by peiof a defaultable ZCB which is,

~

0 p bOQ '@ 3)

And credit spread is [ 1 while (1- PD) is survival probabilityFor further discussion please

refer to appendiA.

2 %Mlerton 1974
2 5F is face value, y is yield and PD is probability of default
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Practitioners apply the modelith some adjustments in theimterpretationof data from
company $&nancial statement. For instancgnce the crediVaR conventionallytargets one year
horizon, the debin the models takenasthe short term liabilities wittmalf of the long term debt.
Moreover, if there is any interim cash out flow like interest or dividend within a year, they will be
accrued taheyear end anddded to the short term due ddtesidesin case of covenants, this barrier
could be defined consistent with the safety cewen As another issyeo obtain assets value and
volatility, the equality of

» O 0O, w (4)

does holdonly in small instances otime. This makes the formularactically unattractiveOne
approach to get asset volatilitytesuse a iteratingmethod byrunningthe model for a specific period

of timeonhistorical dataf e.g. one yeaand then extraeb for each time interval and finally calculate

the standard deviation of the assets value in the geriddparently, the lasto will be @ for the
problem. The alternative method relies on calibration to CDS market data by matching survival
probabilities from the model to the market prices of CBISough both solutions are challengimg

the Iranian marketo the reasns mentioned above, howevestimating the volatility from a
comparable traded company in the correspontbogl industry throughiterationmethodis more

reliable than calibrating to CD&ataoverseas.

2.2.1.2.2Vasicek model

The Vasicekmodel basicdy comes from Merton, however, the difference is thatMasicek
mode| instead of taking liabilities of a firm to get probabildf default(PD), defaultprobabilityis
given and the debt level is inferred from the FD.derive the probability of defaufor a firm taking
into account systematic risk, from the Merton model asset values should follow,

Qw st(*’QO , Y T o 5)

Where, is sensitivity of assets value to systematic riskl an is the sensitivity to the
idiosyncratic risk. MoreovergJY is a Wiener process associated with systematic risk and follows

0 TQoand follows a Wiener process a@f THQ 0 associated with idiosyncratic riskn this

2MODELI NG DEFAULT RI SK, Crosbie and Bohn (2002), Mo o d
2 8payout ratio
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model, i and‘ assumed to be constamd HJY independent Wiener processébe value

of assés at timedis,

r , " ( ) dS,
Vi =Vy exp {:“VT B 5(‘7%’ +80) + [ov v ] { dBi } } X

Taking time horizon of one yeafY p, thend @& ¥ follow O tip distribution and abee

equaton simplifies to,

. , 1, . 9\ S
Vi=Vyexp { Hv — 5(0% + %) + [ oy Bv } [ B-ll ] } (7)

To model default event, a binary random varidbliatroduced as followHereO p means default

has occurredt says, after agsiod of one year value of assets fell below debt level.

Ph0 "B i £ OOO QWM w

O 1o ami ¢ &oORITm & (8)

Thus, PD could be expressed as,

PD = P(L’b exp {mr - %(ﬁ% +8%)+ [ ovBv [ } } < L)
PD = P(,uv - é(ﬁ% + :"j%,—) + [ oy v ] { ngl } < In {LD)
PD_[([UV m;}[giJ<thﬂv+émﬁ+da) 9)
Since 6 ®& Y followd mp and are independentthen , Y , I 6 are

O, &t respectivelyHene! & , “Yiseasily 0 mh, f distributed

So, by standardizing the random variable,

1 2
.Sy - Bu B In& —py += (01 + 5%)
PD=P v 1|)+ oy _Bl < Yo
oy + 3%
1 L’ - 4 i ’ 2,* ﬁjQ,
pp—a v v talovt i) (10)
o3 + By
Now ” is defined aghe proportion of systematic riskence from above equatitmere
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oy S1+ By By . oy S [y By

0+ B2 oL+ ol BT
A2
vy
oy S+ By By .
0‘2 n 5‘2 =/ pv *51 + 1 — v Bl‘ (11)

And probability of default can be rewritten as follow,

In& —pv + 1 (0% + B
PD = P(,/_pv S Ty By < 2 MV 50V V) (12)
Which is equivalent to,
-y o3 + 32
>~1(PD) = ( Vo — MV (‘ v ))‘ (13)
Hence,O gets value oft€ ip if,
Oif VIV S1+V1—py By > o1 (PD) (14)
Lif /v S1+vT=pv By < o-1(PD)

And if an estimation of probability of default of the firm is available given the systematic fioaor,

conditionalprobability of default is

P(D=1|S, =y) = P(V’pTSl +/1—py B, <& YPD)|S, = y)

P(D=1/S;=y) = P(V“’pTy+\/1—p_x B <& (PD)).

b-1(PD) — /5
P(D=1|SL=y)=P(BL = )_p:’p‘ y).

[/

$—1 — v
P(D:1|SL:y):P(BLEI (S?)_ ‘_\.Im y)- (15)

And sinced follows () Tip ,
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P(D=1|S, = —y) = CI)(‘I’_](PD) + v"P_t-'y) (16)

V1—py

This is called conditional probability of default of the firm (CPD)order to account for tail
dependencejere theVasicek model is extended &mcount for tail dependence defaultratesand

default correlations as follow.

2.2.1.3Default correlation

There is general agreement that the state of the economy in a country has a direct impact c
observed default rate&n r epor t by St andar dheathydecofomyin ©89 st
contributed to a significant decline in the total number of corporate defaults. Compared to 1995,
defaults were reduced by chalfé ?*°anot her r e p dnvestorbServiddistatet yhats
fithe sources of default rate volatility are many, but maavoemic trends are certainly the most

influential factor® .

The default correlation of two risky entities can be defiwét respect to their survival time
(or timeto default)’Y & & TYh

. 8¢ UYRY a7

WY wolY

When studying the expected loss in a moéme loan portfolipthe objective is textract loss
distribution.There are different methods to correlate default likelihood of two entities with each other
such agorrelating the stochéis processes of assets wihch other byHeston 1993 method. Heston
applied the method to negatively correlate stochastic stooknsetand stochastic volatilitythe
defaults correlation is introduced by correlating the two Brownian motfansie Q' 8The

instantaneous correlation between the Brownian motions is
6 &1k ohfXy o "Q0 (18)
The Heston correlation approach is a dynamic versatile, and mathematically rigorous

correlationmodel It allows to positively or nedevely correlate stochastic processes and permits

dynamic correlation modeling sind@ o is a function of time.Thus it is an integral part of

2SSt andard and Poor 6s r ayl99g performance 1996, Fe
3™Moodyds I nvestors Service, corporate Bond defau
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correlation modelling irfinance ! Moreover, vihen applyingreducedform modelswith stochastic
hazard rateone can correlate the stochastic process of default intensities and gdestatemodel
correlated default probabilitiess well The alternatie way is using copulas to obtain the jointly
distribution of risky entitiesvith desired correlatianThe cgula functions allow the joining of
multiple uni-variate distributions to a single multivariate distribution. Numeroyses$y of copula
functions exist and among the most popular are Gausstadent from ellipticaland Clayton and

Gumble from Archimedean families.

Gumbel Clayton Frank

-
s

Normal T

v o

P P

Figure9: Copula models, source,
http://www.assetinsights.net/Glossary/G_Clayton_Copula.htn
Following the above equation for correlation is cumbersome since it prompts to define
pairs of correlation if there ar@ counterpartycorporations Moreover, toincorporate the
systematic risk of default whialsuallyhappens in rexssionandeconomy downturrtaking the pair
correlations is not enougBasel 1l puts the ground work for capital adequacy on Vasicek Model
account for default correlatisrand Crelit-VaR calculation Vasicek 1987 proposed orndéactor

Gaussian copula whidatorrelates default probabilities via assatue He assumes,

& "0 P T (19)

whered AT K follow Wiener processeandby constructionthe Wiener process ab has a
common factor M and idiosyncratic factof8To the oneyear horizon of the credit analysibie
Wiener process , "Y and® with distribution ofd THQ otransform into standard Normal variables.
The” is random(but determined in each periodpights between common factor arvdwhile “Yi
are independeritom each other and as well.0 can be modelleds a factor that defines defaulting

environmentWhen0 is low, there is a tendency fari to be low and the rate at which default occur

3 I1Correlation risk modeling and management, by Gunter Miessner, 2013
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is relatively high and the reverds true whernd is high.One possible proxy fob is avariable

modelling evolution of a weldliversified stock index such aghranExchange IndexTEPIX. Hence,
in the onefactor copula frameworknstead ofdlefining , the entities are corrakd implicitly. The

binary default variable is defined as,

232 .
O p QQ & O D 0QQwo6 ao

O m QQ & 'O DOEQQQMO Ao 0
And thejoint default probability is
00 01 éaw 'Chd O (21)
Moreover the correlation between assetsompanynd’Qs formulated as
” _ h nr(22)

The parametet defines how sensitive is the probability of default of comp&hy the
common factor. The higher hthe more the ampanyQs influenced bythe commonfactor 0 .

Consequentlythe joint probability of default js
00 B O ROk %LQ' Qo (23)

And B is the bivariate ecumulative Normal distribution and defaults are correlated Gaw@ssian

copula.

The Gaussiacopula was seriously blamed as of the fundamental causes of global financial
crisis due to underestimating default correlations in such situations. It goes back to the nature c
bivariate Normal distribution which cannot getiltdependence®at any value for correlation
parameter, while there is such behavior in economy downturns called neyzgateve tail
dependence when companies tendency to default increase all to gather. Contrary to-Gapsisian

t-Student “copula sasfies the tail dependence equation and it is more desirable for financial crisis

320 is default threshol@please refer to appendix A for further discussion)

3 3 pivariate copula has tail dependence z!‘rﬁEdiG ié®H 0 st 0 o mth T is default times
andw is cumulative distribution of .

3 4Student's-distribution with'Q "@egrees of freedom can be defined as the distribution oatitmm

variableT with "Y —where Zis a standard normal wigxpected valué and variance i has achi-squared

distributionwith '‘Q "degrees of freedornd ZandV areindependent
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modeling. The following grape comparestandard Normal andstudent distribution with various

degree of freedom. Heavier tails wdistribution isobservable

Standard normal
t-distribution with df =5

t-distribution with df =2

0

Figure10: Standard Normal vsstudent tails

Gaussian copula t-Copula 1 degree of freedom

. o'y L N £ i L 0 - ' L L s hd P,
0 o D}Z‘ 03 04 0‘5 06 07 08 09 1 0 01 02 03 04 05 06 07 08 09 1
u1 U1

Figure11: Gaussian Copula vsCopula withdf=1, source:
http://lwww.assetinsights.net/Glossary/G_Clayton_Copula.htn

In the Vasicek modelni addition to its weakness in modeling tail dependeasgimptions
go furtherof not onlyassunng constant and the sarpairwisecorrelation among all entitiebut also
takesthe same probability of default for all entities in tletfolio. To incorporate the tail dependence,
heret-Student ondactor copula is useds achosen preferredlternative A multivariate tStudent
distribution with'Q "@egree of freedom obtains when multivariate standard normal variabées

divided by Chisquared variablé&with 'Q "@egree of freedom.

[OX) o~ n =
Qw 0 mMp h & ... QQ (24)

—=h
o
Q"Q
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To implement the modegach® is determined according to of@ctor model irequation 24

andthen divided by — to get tstudent asset value varialf@r smallQ "@ can dramaticallyncrease

default correlatioa Default occurs once the assets (heydalls below a thresholandfor instance,

in case of— smaller tharone, since each is divided by the same— this makes the assets value

of all counterparties more extreme and thus increases the probability of observing more defaults
Besidesthe new default thresholds transform frgm 0 'O which is standard Normal cumulative

invers to the-Student inversaith Q "@egree of freedof?

Moreover,contrary to Basel where correlation assumed to be the same between alheairs,
sensitivity to common factot,, is nodeked b be different for ach entity. HuHWhite 2004 suggest
thecorrelation ofequityreturnsof the counterpartyto the market returas a proxyor ” . This allows
not only a specific correlation for each entity but also the pair correlatitve product obf” ” .
However, here the correlations are not treategkagenousariables but comfrom the relationship

between default rates and correlations studied by L2pe4

B 1 —exp(—50 x PD) B 1 —exp(—50 x PD)
p=012—— exp(—50) +0.24 [1 T~ exp(30) ] (25)
Hull approximated the expression with high level accuracy through,
p =0.12 (1 +e70P) (26)

To calculate therobability of default and defauttorrelation the corresponding input data
shall be collected

I nputs to the model Source to collect
Current market value of equit{D Current share price total No. of shares or

Equity valuation method®(g. residual Income

Current market value of assets Iteration methodKMV)
Assets volatility ,, Comparable traded company analyssKMV method
Defaultbarrier ® Conventionally is"Y"YD - 0 “Y{covenant

35The codeinRisA L N® $hA Z/andOAE EMMKDICAT ADABBEON O AORIAAOAOE ERT AO
3 8In case of Merton model, the default barriers is the ST liabilities plus all interim cagh(fhterests, dividends etc.)
accrued to the end of the year.
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Payout Ratidif any) Financial statements
LGD Calibratedd Q &I o6 i & "@dhistaric@kdatdaseor

industry statistics

Maturity Givenfrom loan profile(here assumed &)
Assets growth rare CAPM
Common factor sensitivity P h__ or from Lopez2004

Table 5: PD and asset correlation inpans sources to collect

Based on empirical evidencasset correlations are stochastic agubtto increase when
default rates are higlservigny and Renault 2002 find that the correlations are higher in recession
than in expansion periods. Similar results obtained by Das, Freed, Geng and Kapadli&a2ddge,

Ang and Chen 2008nd that the correlation between equity returns is higher during the market
downturn Hull-White 2010 suggss a Beta distribution for the correlation parameter in ordesstio

the impact of stochastic correlatiorhe Beta distribtiion is the same for alandthe dependence is
modeledby Gaussian copuléarough taking a sample from varialilethat is standard Normal and
correlated ‘with M, then” is set equal the sanggiintile of beta distribution in which thé comes

from standard NormaHence, n case of economic downturni, falls downando will be very low
aswell, thisassociates witlgeneratinga higher sensitivityactor by construction drawn from Beta
distribution.A negative correlation between M ahdcorresponds to a positive correlation between

default rates and correlation

2.2.1.4Loss given default (LGD)

A model forLGD (one minus recovery ratehould be able to capture genearhracteristics
described irempirical studies and the idiosyncratic feas of the specific debt in the badkcording
to thehistoricalrecoverydatadistribution, thdower LGD rates arenore likely than thénigherrates
and historicallyLGDs changéyy business ycles which impliesthey arecontingent on theverall

statusof the economys well

3 7In Hull-White this correlation is setVir® and it is the case here as well
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Figure12: Beta distribution

Furthermore, kowing the industry of a company gsguidelines about the recovery ratess
well, for example, large industrial or consumer goods with lots of fixed assets to support the debt oftel
have higher recoverie®n the other hand banks and financial institutions are assumed to have lower
recoveries since they often are taken over by governments that insure depositors and policy holde
to the detriment of creditors, Moreover, companies in the same industridy hswal similar capital
structure which can give guidance on what recoveries can be expActédrya, Bharath and
Srinivasan 2003 found that when industries are in distress, mean LGD is on average 10% to 20¢

higher than otherwise.

Industry Avg. Recovery  Industry Avg. Recovery
(cents on dollar) (cents on dollar)
Utilities 74 High Technology / 47
Office Equipment
Insurance & Real 37 Aerospace / Auto / 52
Estate Capital Goods
Telecommunications 53 Forest, Building Products 54
/ Homebuilders
Transportation 39 Consumer / Service 47
Financial Institutions 59 Leisure Time / Media 52
Healthcare / 56 Energy & Natural 60
Chemicals Resources

Table 6: industry impact on recoveries, Archarya 20

Geise 2005uggests conditionalbeta distribution to model loss given defa@ithough the
recovery distribution domain goes beyond amé¢he historical density graplmowever it is a rare
casewhich takes place solefgr bonds. To make the model consistent with thpigoal facts, LGD
should be conditional on the common market fadiloe themarket indexn case of default rateand
also captures each industry characteristics with regard to seniority andlsodmnso, the parameters

of the Beta distribution shddi be calibrated to the industsgniority statistics and then the newly
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calibrated modethall be applied inthe copula for each specific counterparty corporatido.the
resuls presented byeraudin 2002correlation between recoveries and aggregatauttsfrates for
the US are20% on average and abe80% when considering only tails. Therefareprder to model
the negativenegative tail dependence of LGD adefaults the Clayton copula is used to generate
bivariate random variables with desiredretation. The copula will output standard Normal ahe
calibratedBeta random variables as marginal distributions with required correkttiacture Since
the asset return intingenton the common market factor, the LGD will inelirectly correlatel to
the systematic factoas well.For example in case of weak market or recessiery.0 q, the
associatedassets return will be very lowy constructionand the Claytorcopulawill generatea
correlated (very low) LGD subsequentTihe detail procss is aslescribed foassetsorrelation but,

here for recoveries Clayton copula is applieBimilarly, 6 W@ 0 W@ “Yis the random

variable correlateavith O with an arbitrary weight ofir® the equally distributes weighketween

M and the idiosyncratic factoMappingd on its CDF generates the corresponding quintile, then a
random uniform variable is generaté¥ rip for partial deivative of Chyton copula to

givel & ®O1 Q@@ a0 | "God G@ERT Q@ This should be naped on Beta distribution

with the associateguintile. Theresult will be a randomecovery rate from Beta distribution with the
desired correlation pattern witharket factor A sample generated by ¢ based orKendallt

@3 8this parameter can be estimated from regression on historical data corresponding to default rate
and recovery rate§.he sample simulatioms as félow generated inR-studig the LGDs aretaken

from 6 'Q octy 8

3 8Empirical correlation
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LGD vs Economy Status
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Figurel3: LGD and default rate dependence model by Clayton Coy

The model robusiess originas from its consistencywith empirical evidenceso model
negativenegative tail dependence and tiaibraedBetadistributionto capturendustry and seniority
characteristicsf the loanIn other words, all derivers of the recovery ratesappropriately modelled

in this procedure.

2.2.2Methodology
The bank has provided a sampleldf7 financial statementand the corresponding ratings
from counterpartycorporationdn five sectorsancluding manufacturing, serves domestic trade and

internationaltradé named Atradeodo in the thesis)

There ar@) counterparty corporations with assetsvith p "Q 0 8nitially, probability of
default is calculated based on historical, Merton, Bl@ok or AT1P models. The expected loss for
each imlividual counterparty at time&/ pis,

OO0 0000 GO0 Y (27)

each asséfran have one divo statesat given horizon, Tit can either be defaulted or not. As an
indicator for the assets stati@, "Y which is binary varible, zero in case of survival and one if default
happensHence, based on the model, & "0 thenO Y p® ¢ Rotherwise,and the total

expected loss of the portfolio EL is,

007y 00 (28)
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An illustrative flow charof the methodology is as follow,

Recovery rate PDs Default corr. Exposure
v v v v
Stochastic Stochastic Stochastic
Deterministi¢
Follow Beta Onefactor Follow Beta o
distribution mode| distribution Loan principle
Correlaed with Correlated via-t Correlated via
PDs via Clayton copula Gaussian copulg
007y 00

\4
Portfolio Credit Vdue at Risk

Figurel4: methodology flow chart

And the pseudoade for simulation process presentedn Appendix D.In the following, the
Baselmethodology for capital adequarsyreviewed with the corresponding assumptions and initial
versions ofextended modelsin the next chapter the proposed model is implemented and outputs

compared with the results from Basel.

2.3Basel Asymptotic Risk Factor Approach (ARFA)

The ARFA approach is used by Basel framework to compute the capital needed to prevent th
bank from bankruptcy under a one year period, with probability of morertharm@o w.un the
formula PD is probability of default and the same for all expostires,s t he f i r més as

with the systematic common factor dgd is theinverse of standard Normal distribution,

-1 S Pl
Co — @{(I} (PD) + pv & (5‘)} 29)

\!l — PV
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To derive the formula Basel takes the following assumptions,
1. The portfolio is sufficiently fined grained so that the idiosyncratic risk is diversified away
and only the systematic risk remains and it is theaeahat is called a single factor model.
2Firmsé assets are correl at &diptdistribitéde sy st
3. The Loss Given Default is assumed constant and similar for each exposure

4. The loan generates no cash flows

In practice it is quite impossible to find a portfolio with LGDs, PDs, and correlation the same
for all exposures. Hence to coatp a more accurate 99.9% CVaR per unit of exposure, Gordy 2003,
Pykhtin and Dev (2002) suggest,

N -1 j o

i=1

Where indexXQepresents the corresponding PD, LGD and correlation of assets d@fitm

8The formula still follows

the systematic risk and represents the exposure weight =

earlier assumptions in terms of well granularity and single systematic factor model.

Furthermore, Schonbucher (2002a) and Wehrspohn (2002) investigated that in casdéaofoone
modéd, by dividing the whole portfolio of credits in fine grained homogeneous portfolio clusters where
all assets of the same cluster have the same PD, LGD , EAD, correlation and expiry date, th
percentage of capital needed for the whole portfolio with dnlyp | of default probability

becomes,

N i (PD;C) + O a
- N vV Pk ()
Cp = FADp x LGDy @ -
P g 1 k k { T } (32)

Accordingly, if a portfolio is constructed of homogenous sub portfolios then the value of
regulatory capital to cover the entire portfolio is just the sum of the amounts required to cover eacl

subportfolio. Herethe indexQrepresents each homogeneous saiifolio®

3 °This section mostly borrowed from: Lionel Martin , Analysis of IRB correlation aziefft with an application to

credit portfolio, 2013, University of Uppsala, 2013

Paged?2 of 87



CHAPTER 3: IMPLEMENTATION AND RESULTS

In this partthe proposed model is applied arsample portfolio of loansom the bankThe
chapter starts witthemanagerial issueand afterwardsBasel Economic Capital is comparedwiihe
one suggested by the mddd&inally, a mathematical model is proposed for the loan portf
optimization and, the efficient frontiers plus the proposed portfolio structures in both the frame
of Basel and the model is compared. The chaptertigatss whether model and Basel suggest dist

lending strategy or not.

3.1 Managerial prelude

Studyof likelihood of unexpected losses in a portfolio of exposures is fundamentally important
for effective risk managementVhen default losses are modelled, it can be observed that the most
frequent loss amount will be much lower than the average, because, occasionally, extremely larg
losses are suffered, which have the effect of increasing the average loss. Therefdiep@eigon
is required as a means of protecting against distributing excess profits during the below average los

years.

To absorb the expected loss of an expoparfolio the bank should take appropriate pricing
methods to offer risladjusted rateof theloars granted. However, Economic Capital (EC) is required
as a cushioffior therisk of unexpected credit default losseghe bank because the actual level of

losses could be significantly higher than the expected loss.
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Knowledge of credit defduloss distribution arising from a portfolio of exposure provides a
bankwith management informatiasf the amount of capital that the bank is putting at risk by holding
that credit portfolioGiven the necessity of economic capital for unexpected losgescentile level
provides a means of determining the level of economic capital for a required level of confidence.
order to capture a significant proportion of the tail of the credit default loss distritadgrorgntionally
from the standardthe 999" percentile of loss level over a egear time horizon isa suitable
definition for credit risk economic capifd

= Expected Loss
— 99th Percentile
: ) Loss Level
= Economic Capital
= - »
£
Loss
Covered by Covered by capital Quantified using scenario
pricing and and/or provisions analysis and controlled
provisioning with concentration limits

Figure 15: how banks treat their loan portfolio los

It is possible to control the risk of losses that fall within each of the three parts of the loss
distribution in the following ways

Part of loss distribution Control mechanism

Up to Expected Loss Adequate pricing and provisioning

Expected Los$ 99.9% Percentile Loss Economic capital and/or provisioning

Greater than 99.9% Percentile Loss Quantified using scenario analysis and oolfed with

concentration limits

Table 7: how banks treat loan portfolio loss

4 0Credit Swiss, Credit Riskelocument
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In the latest version of the Basel proposal for an Internal RaBreygs ed ( Al RBO)
(Basel Committee on Bank Supervision 2001), the bucketing system is required tmnparti
instruments by internal borrower rating; by loan type (e.g., sovereign vs. corporate vs. project finance)
by one or more proxies for seniority/collateral type, which determines loss severity in the event of
default; and by maturity. More complex systs might further partition instruments by, for example,

country and industry of borrower.

3.2Descriptive analysis ofoan portfolio

Loan data(of 197 companiey from bankis presented in Appendik and in this part a
descriptive statistics of data is pemted.From the summary statistics of exposures, the minimum
exposureofant n bel ongs to a counterparty from fAdo
362700 million is from this sector as well. Moreover, the average exposure is aroy820D2&In)
and 50% of the counterparties requested a loan belg@OQnillion. The aggregate portfolio

exposure is 5,776,872 min.

Min. 1st Qu. Median Mean 3rd Qu. Max.

2 3000 10000 29320 30000 362700

A more illustrative distribution of gposures is depicted in the following pie chart. According

to this graph, t he major concentration of t
Adomestic tradeo sectors, however, Andomestic
fimanufacturingodo places in the second rank by

15%, Atradeo 13%, and fAserviceodo by 6%, are t

EXPOSURE
service trade
6% 13%

domestic trade
37%

Figure 16: Exposure distribution among secto
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Summary of the default probabilities in the portfasoas below. Appardly, depending on
the gedit rate assigned by the bank, PDs varg range from .02% to 17.7%.

Min. 1st Qu. Median Mean 3rd Qu. Max.

0.00022 0.01166 0.04546 0.06780 0.17720 0.17720

The inner distribution of loan amounts @ach sector is madied in figure 17 and 18
Apparently, in all sectors the exposures are highly right skewed and hardy exceed 100 billion.
However, there are some | oans beyond 200 bil
bank is more confident of collateralad fixed assets intleeo r p o r balancecsimeétFhisis also
the case for Afdomestic tradeo and I mplicit

n

corporations i ftampaniessattivedntemaiandltorr d e @t her

Exposure by Sector

0 100 200 300
| | | | | | 1 | |

service trade
b ~ 0.020
- - 0.015
- ~ 0.010
b ~ 0.005
%‘ — - 0.000
S domestic trade manufacturing real estates
O 0.020 -
0.015 »
0.010 r
0.005 -
0.000 -
T T T T T T T T T T T T T
0 100 200 300 0 100 200 300
Exposure in bin
Figure 17: Exposure distribution in each sector
Fromthepi e chart i nformation and the illustrati:
and fiserviceo companies and attempts to intel

is obvious from the credit grades distribution by sesciio the subsequent chaftigure 17, 18)

Moreover, inthe frequency graph of credit rates by sector, belmmk portfolio chiefly is
constructed by | oans Theaharesdugdes that distribulidd afdoans with f

various rateglifferi n sector s. For instance, i n 0 gsther vi
majority of | oans are from rates faBa dmae ail Ba
grades oftypei A0 1 s more obMer eab ke, arnéds efitnvavneuefga.ct ur

carry theleastcredivor t hy | oans of rate ACCCO, but this
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Ratings by Sector

A AA B Ba Baa C CCCCC
L1 L | L L1 L L1

service I trade

domestic trade manufacturing real estates

Density

04 1 r

0.3 4

0.2 4

014

o]

T T T T T T T T L L T T T T T T T
A AA B DBaBaa C CCCCC A AA B Ba Baa C CCCCC

Exposure in bin

Figure B: credit rate distrihtion in each sector

3.3Model evaluation

In order toget ensuredf the model fulfills all the expetations concerning the attributes of
variables ad their interactions, prior to evaluating the resulgh Basel a sample dfutputs are
reviewed.Follwing graphs illustrate the dependdoymatof correlations and LGDs to the economy
status. Obviouslyfrom the right hand graph, there is a pinch indba/n right reveahg a higher level
of dependency in bad economy situatibetween LGD and economlypwever, the likehood of eo
movement declines as economegxperiencingiormal or expansionagonditions Applying Clayton

copulaenabled the model tapture such dependenggttern

Cor. vs Economy Status LGD vs Economy Status

1.0

06
|

Economy Status
Economy Status

= —
o
o o
o
¥ 4 o | .
) (o]
T T T T T T T T T T T T T
01 02 03 04 05 06 07 0.0 02 04 06 0.8 1.0
Correlations LGD
Figure D: correlations vs. economy status Figure 20: LGD vs. economy s
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Moreover, the left scatter plot demonstrates the negative dependency of correlations ant
economy index which is created via Gaussian copdtaeover, tcopula modeled tail dependence
and ntensified the default rat@so-movements in the extreme situatiasfseconomy booms and
downturns.This is the case particularly in downturns where companies are likely to default together.
In Gaussian copula the probability of thismmvement in extreme cases in zero for all raofje

correlation, however, this is not the case-aopula.

O
O

Figure21: default rate correlation bydopula Figure 22: default rate of company A and B

Thegraphat the leftdepicts the margin distribution of default rates for two sample companies
in the loan portfolio. The pingdareas at the corners is nobta representing higher cetation at
extremeslt illustartes that when company A performs very god or bad, it is more likely to observe
such behavior from company B, while it is not the case in normal situations. The pinched areas reve:

a more intense tendency for-omvement aextremes.

3.4Model implementation

The simulationof the modél on the bank laon portfolits run for 100,000 time&legee of
freedom=3)and CreitVaR for various percentiles are compared with 99.9% percentile suggested by
Basé¢. To make the portfolio awsistentwith Basel assumptions, the average of default probabilities
is tabken as the common PD and the copula correlation is inserted on the grduhdpsz (2004)

which investigates an empirical relationship between default probabilites and assatioos.

4 ImybankBasel() in R
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