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Chapter 1
Introduction

The last three decades have seen a substantial increase in the risks of the banking
business. According to HELLWIG (1995, 1997), this trend was mainly driven by two
factors. First, intensified competition in banking and finance. This in turn was set off
by the global deregulation of the industry and by new communication and informa-
tion technologies. Deregulation included the abolition of deposit rate regulations, and
removals of capital controls and other impediments to international finance, while the
new technologies led to a reduction of barriers to competition based on spatial distance
and (or) national borders. As a consequence, competition among banks intensified and
nonbank intermediaries entered the market (e.g. money market funds). Second, fluc-
tuations in nominal interest rates have become much more pronounced and - due to
the abolition of the Bretton Woods System - exchange rate risk began to play a major
role. In summary, reduced intermediation margins and higher volatility of important

aggregates has left the banking system more exposed to macroeconomic shocks.

As a reaction to this increase in riskiness and competitiveness, banks have started to
view risk management as a key issue of their business, and regulators have become
increasingly concerned about the risk allocation brought about by the banking system.
An important focus was (and still is) the development of quantitative risk manage-
ment systems in order to bring more objectivity and accuracy to the risk assessments
that form the basis on which decisions are made (see e.g. THE ECONOMIST (1993)).
Methods for the measurement and management of market risk (e.g. exchange rate risk,
interest rate risk or equity risk) have evolved quite rapidly since the early eighties.!

Moreover, during the nineties, quite a few market risk management models have been

LA leading example is RiskMetrics, a market risk management framework developed by JP Morgan
(see JP MORGAN (1995)).
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Figure 1.1: Credit Risk Management

accepted by banking regulators as methods of determining an institution’s capital ad-
equacy. More recently, banks have also started to address an even more important
source of their risk exposure, credit risk. The first generation of industry-sponsored
credit risk models came to the market in the early nineties. Although they cannot yet
be used directly to determine the regulatory credit risk capital of a bank, some of their
features have already found their way into the proposals for the New Basel Capital

Accord, which is expected to be implemented in the next years.?

However, risk measurement and management methods are still at an early stage and
quite far from providing exact pictures of a bank’s actual risk exposure. This is partic-
ularly true for credit risk models, which have been developed and applied only recently.
Regulators and academics alike have pointed out that the existing methodologies have

to be improved before they can be used to determine a bank’s regulatory capital.

But even if risk measurement and controlling (ez-ante risk management) becomes more
and more sophisticated, the management of bank failures or even system-wide crises
(ez-post risk management) will remain an important measure in dealing with the in-
creased riskiness in banking. A case in point is the reoccurrence of system-wide banking
crises during the eighties and nineties (for example the American savings and loans cri-

sis, the Scandinavian banking crisis or, more recently, the crisis in Asia).

This thesis intends to contribute to both areas ex-ante and ex-post risk management by

2See BASEL COMMITTEE ON BANKING SUPERVISION (2001).
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Figure 1.2: Valuation of a loan for di erent rating scenarios in 2.

presenting three theoretically oriented papers, one dealing with optimal bank closure
policies in the event of system-wide banking crises, and the other two with ex-ante

credit risk management.

In chapters 2 and 3 we present the two papers on credit risk management. To put the
contributions of these chapters into perspective, we first give a brief overview over the
most important credit risk management issues. After that we present the papers and

show how they are related.

Figure 1.1 summarizes the major issues of credit risk management. While the upper
part of figure 1.1 is readily understood, the part on credit risk modeling requires some

further detailing.

To assess its credit risk exposure, a bank typically analyzes the possible realizations of
the value of its loan portfolio at some point in the future, say in ¢  ¢5. The credit
risk model specifies the pro a 74t distri tion of these possible realizations. This is
done in two steps in the currently proposed models. First, as illustrated in figure 1.2,
the ¢t  ty value of each loan ( , , in the portfolio is determined, given that
the firm that has obtained the loan (firm ) is in a certain rating class in ¢. Figure
1.2 contains a stylized rating system consisting of three rating classes , and ,and

the default case DF. Consequently, V;’LA denotes the ¢t  t5 value of loan if firm has
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an A-rating in %o, V;’LB is the corresponding loan value if the firm has a B-rating and
so on. In addition, the amount V;* that can be recovered if firm defaults in ¢, has
to be specified. Typically, VZL is expressed as a fraction (reco er rate) of the overall
loan value. Finally, note that the time index #; denotes the point in time at which the
t  ty portfolio distribution is determined, and t,, .., t; are the points at which interest

and (or) principal payments of loan are due.

In a second step, the joint probabilities that the firms in the portfolio will belong to

certain rating classes in t5 have to be determined, i.e. probabilities of the type

Prob Firm has rating ; in ¢y, i s

These probabilities are termed oint mi ration pro a i ities. In the most simple setting,
a bank will only consider two possible states for a loan in ¢ ty, default or non-
default. In this case, joint migration modeling is reduced to the modeling of oint
de a t pro a vities Both chapters 2 and 3 will deal primarily with joint default
probabilities. However, most results generalize to joint migration probabilities in a

quite straightforward manner.

In chapter 2, which is based on ERLENMAIER (2001), we review the models of joint
defaults of the major currently available industry-sponsored credit risk frameworks.

The main aspects of chapter 2 are the following:

A detailed description of the different models within a unified framework.
An overview over of the most important modeling drawbacks.
Suggestions for the improvement of the existing methodologies.

The formulation of a research agenda for the development of next-generation

models.

e ratings may be taken from p blic rating agencies s ¢ as Moody s or Standard  Poor s or
from t e proprietary rating system of t e partic lar bank or t e company t at o ers t e credit risk
model employed by t e bank.

e term migration referstot efactt att e above probabilities specify t e likeli oods of rms
migrating from t eir ¢ rrent ( ) ratings to some ot er ratings (or to defa lt) in
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While a general survey on credit risk models has recently been provided by CROUH |
ALAI, AND ARK (2000), the overview in chapter 2 differs from the paper of CROUH
ET AL in three respects. First, by focusing on joint default modeling, our descrip-
tion is more detailed and presents some important modeling features which are not
described in CROUH ET AL. Second, our survey makes the comparison of the models
easier and more transparent by presenting the different methodologies in a unified no-
tational framework. Finally, while reviewing the literature, we found two interesting
new versions of current credit risk models which - in our view - represent important

alternatives to the initial proposals and are therefore discussed as well.

After describing the different joint default models, we identify the most important
modeling problems and make suggestions on how the models’ performance could be
improved. We then set out to assess which of the currently proposed methods for joint
default modeling is the most promising basis for next-generation models. Based on

this assessment we propose a research agenda for the development of such models.

In the second paper - presented in chapter 3 and partly based on ERLENMAIER AND

ERSBACH (2001a) - we derive a theoretical result on the relationship between univari-
ate default probabilities and loan correlations (which are termed de a t corre ations
in the literature since the probabilities of joint defaults are the major building block
of loan correlations). We find that loans with higher default probabilities will not
only have higher variances (variance effect) but also higher correlations with other
loans (correlation effect). Using numerical examples, we demonstrate that - due to
these effects - a portfolio’s standard deviation can increase substantially when loan
default probabilities rise. These results have some important implications for banks

and regulators.

First, loan prices should not only account for higher expected losses of loans with higher
default probabilities, but should also reflect their higher contributions to a bank’s eco-
nomic capital. Second, macroeconomic shocks (such as business cycle downturns) that
increase average default probabilities will not only increase expected losses of banks
(which is widely recognized) but also portfolio standard deviations. This observation
is indispensable in gaining a more complete picture of the consequences of macroeco-
nomic shocks for the banking system. It will also be important for banks attempting
to hedge against fluctuations in required economic capital caused by macroeconomic
risk. Finally, our results have consequences for credit risk modeling. They emphasize

the necessity of adapting the calibration of credit risk models to the business cycle, an

Referring to g re 1.2, t e correlation between t e loans to rm and rm  wo Ild be
w ere denotes t e random variable t at can take t e val es in
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argument that has up to now only been put forward on the basis of varying univariate
default probabilities. Moreover, a major class of current credit risk models employs
the distribution of firm default rates - i.e. empirically determined firm default fre-
quencies (on an industry, country or rating class level) - for calibration. In chapter 3
we find that default-rate standard deviations will vary through the business cycle for
the same reason as portfolio standard deviations do. We therefore suggest that these
standard deviations should be estimated conditional on the business cycle when used
to parametrize credit risk models, in particular because the outputs of these models
have proved to be quite sensitive with respect to the default-rate standard deviations
(see e.g.  ORD (2000)).

Concluding the credit risk management introductory section, we illustrate the link
between chapters 2 and 3. To do so, we examine the different approaches to joint
default modeling a little more closely. Table 1.1 gives an overview and integrates the
contributions of both chapters. There are currently two major approaches to joint
default modeling, the structural and the reduced-form approach. Both approaches
can be described as modeling conditional default probabilities for each firm, given the
realization of some systematic variables. Joint default probabilities are then derived
by integrating over the distribution of these variables. However, the approaches differ
with respect to the way the conditional default probabilities are determined, and with
respect to the systematic variables employed. While structural models build on the
option-pricing approach as developed in  ERTON (1974) and assume that a firm goes
bankrupt if the value of its assets falls below a certain threshold (which depends on the
firm’s liability structure), reduced-form models work with general heuristics predicting
how default probabilities change due to the changes in the systematic factors. The

systematic variables employed are aggregate asset returns and default rates.

In chapter 2 we argue that the structural approach is more suitable for describing joint
default behavior. To analyze the relationship between default probabilities and default
correlations in chapter 3, we therefore rely on a structural model. Two types of such
models have been discussed in the credit risk context. They differ with respect to the
modeling of conditional default probabilities. The first type of models calculates the
probability of the firm value falling below its default threshold at the end of the time

ote t at bot approac es can be generali ed to oint migration modeling.
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Reduced orm Models tructural Models
Cond. Default Based on general heuristics Fixed Default | Absorbing
Probabilities & " Horizon (FDH) | Barrier
Syst. Variables Default rates Aggregate asset returns
Chapter 2 - Description and assessglent of existing models
- Next-generation models
Relationship between
default probabilities and
default correlations
Chapter 3 mp ications or
default rate std. dev.

mp ications or
the adaptation of joint default models to the business cy-
cle, the consequences of macroeconomic shocks for the
banking system, the pricing of loans, hedging loan port-
folios

Table 1.1: Joint Default Modeling and t e contributions of t is t esis.

horizon for which the default probabilities are to be determined. We call this type

ized ea t ori on model (FDH). The second type measures the probability that
the firm’s asset value falls below the threshold at an point in the time horizon. We
call such models  sor in  arrier models since the default threshold is assumed to

be an absorbing barrier to the firm’s asset value process.

We emphasize in chapter 2 that Absorbing Barrier models are a more realistic de-
scription of actual default behavior and should therefore be preferred in credit risk
modeling. However, when analyzing the relationship between default probabilities and
default correlations in chapter 3, we employ a FDH model for tractability reasons, and
suggest that the robustness of our results should be assessed with respect to Absorbing

Barrier models in future research.

otet att is ori on wo ld bee alto in t e example given in g re 1.2.
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The third paper - presented in chapter 4 and partly based on ERLENMAIER AND

ERSBACH (2001b) - analyzes bank closure policies in the event of system-wide banking
crises. Typically, a large number of banks is at the brink of bankruptcy in such crises,
which tends to make the bailout of all banks prohibitively costly. By closing some of
them, the share of funds available for the remaining ones will increase since there are
fewer banks competing for new deposits. We call this effect the nds concentration
e ect. Moreover, the surviving banks can take over investment projects from closed
banks, enabling them to offer higher deposit rates and to attract more depositors.
Hence, if enough banks are closed, the others will be able to survive even without any
government subsidies: banks are bailed out by closing others (discriminatory bailout).
Such an interpretation could be given to the closure policies recently applied during
the crisis in Asia and the Swiss regional banking crisis (see ~ADELET AND ACHS
(1998, 1999) and TAUB (1998)).

In chapter 4 we analyze such policies theoretically. While the existing theoretical litera-
ture has employed single-bank frameworks where systemic consequences are accounted
for only by exo eno s factors, we take a general-equilibrium view of bank closure poli-
cies that allows us to take into account the effect of closing some banks on the financial

viability of the others. The contributions of chapter 4 are the following:
The provision of a simple general-equilibrium framework and a corresponding
equilibrium concept.
A clarification of the major conceptual issues involved.
The introduction and foundation of the funds concentration effect.
A comparison of the relative merits of different potential bailout schemes.
To concentrate on the general-equilibrium effect of bank closures, we start our analysis
with a situation in which the banks’ insolvency is assumed to result solely from an
exogenous macroeconomic shock. Since the realization of this shock is not under the

control of the banks’ managers, it would be most natural to decide randomly about

which banks to close (RB) in order to put the funds concentration effect to work.

An overview can be fo nd in B ATTA AR A BOOT AN AKOR (199 ). More recent contri
b tions are EPULLO (1999), 0O ART AN  UANG (1999), COR ELLA AN  E ATI (1999) and
REI AS (1999).



1.2 Bank Closure Policies

However, since the closure policies feed back into the banks’ strategic behavior, we also
consider two other bailout schemes in which the bailout decision depends on the size of
a bank with respect to deposits: bailout of big banks (BB) and bailout of small banks
(BS).

The most important conceptual issue emerging from the analysis of these closure poli-
cies is that - given the banks’ exposure to the macroeconomic shock and the regulator’s
discriminatory closure policy - deposits are risky. Therefore, when deciding about which
bank to choose, depositors cannot only rely on the deposit rates offered but also have
to assess the ezxpected returns paid on the deposits of the respective bank. The actual
expected returns paid will depend on the depositors’ savings decisions since they de-
termine bank sizes and, hence, bailout probabilities. It is therefore not a priori clear
whether return expectations that are correct in equilibrium (consistent assessments)
actually exist and whether these assessments are unique. We find that consistent as-
sessments always exist under RB and BB but not necessarily under BS. Moreover,

while assessments are unique under RB, this is not necessarily the case under BB.

The comparison of the relative merits of the different bailout schemes focuses on the
following issues: stability (with respect to existence and uniqueness of consistent as-
sessments), expected returns, and credibility of regulatory actions. We identify BB as
the preferred bailout scheme if depositors can agree on the consistent assessment that
guarantees maximum returns on deposits. BS leads to stability problems and may
support low-return equilibria, which can both be avoided under BB. Moreover, BB

dominates RB with respect to expected returns and credibility.

The intuition for the dominance of BB with respect to expected returns is as follows.
Under RB, bailout probabilities are the same for all banks. Hence, depositors will
always choose to deposit with the bank that offers the highest deposit rates. This
in turn implies that deposit rates will be bidden up until expected profits are zero.
Under BB, in contrast, banks stop the bidding when expected returns for depositors
are at their maximum, since - due to a self-fulfilling-prophecy effect - depositors will
not switch to a bank that offers slightly higher deposit rates. In constellations where
expected returns are decreasing in offered deposit rates, BB will therefore implement
higher expected equilibrium returns than RB. We show that expected returns can

indeed decrease under discriminatory bailout if deposit rates are raised. In this case

n o r model, t e si e of a bank depends only on t e attractiveness of t e deposit rates it as
o ered. owever, in a more realistic setting, banks can di er in si e for many ot er reasons. e
appropriate interpretation of and S will t en not refer to t e si e of t e bank wit respect to
deposits b ttot esi eof t e of t e banks deposits.
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the decrease in bailout probabilities overcompensates the increase in deposit rates.

However, our overall conclusions have to be modified when the consequences of the
bailout policies for the bank’s risk-taking incentives are important. If banks can decide
about the riskiness of their projects after they have received deposits, BB will have
the drawback of providing risk-taking incentives for big banks, since these banks can
anticipate to be bailed out with high probability. RB, in contrast, will provide less
incentives for risk taking, since banks are uncertain about the regulator’s bailout deci-
sion. This parallels the constr cti e am ¢ il approach to bank closures as analyzed
by FREI AS (1999) in a single-bank model.

In our general-equilibrium framework, however, bailout probabilities have to be chosen
in a way ensuring that under a realizations of the stochastic decision process, the
banks that have not been closed will be able to survive. This makes the design of
such a policy more demanding. The simple version of RB we propose in chapter 4
requires that - in out-of-equilibrium strategies - the regulator must commit to bail
out significantly less deposits than would be possible and optimal. This undermines
the credibility of the regulatory policy. We indicate, however, that more sophisticated
RB-type policies may be found that circumvent these drawbacks. The comprehensive
construction of such a policy seems, however, to be far from straightforward and is left

to future research.

In summary, our findings suggest that closure rules in severe crises should be a mixture
of BB and RB. Whether the actual policy will more closely resemble the former or the
latter will depend on whether return considerations or excessive risk-taking considera-

tions are more important.



Chapter

Modeso omt eaut in Credit 1s

Mana e ent

bstract. In this chapter we review the models of joint defaults of the current major
industry-sponsored credit risk frameworks. Recognizing the need for further improve-
ments of these models, we address the following issues. First, we identify the most
important modeling drawbacks that could be fixed on a short-term basis. Second, we
analyze which of the proposed models is the conceptually most promising basis for
next-generation models. Concluding that the KMV methodology is the most suitable
to go forward, we set out a research agenda aiming at further improvements and at

extending the KMV model to non-quoted firms.

ey ords: Credit portfolio management, Credit risk models, Joint defaults.

J G11, G21, G28.
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The last years have seen a rapid growth of interest in credit risk modeling from banking
regulators, practitioners and academic researchers. Since the first generation of models
have been developed, big banks have used these models for risk management purposes.
Moreover, regulators have started to explore the potential of the models to determine
regulatory capital ~ASEL COMMITTEE ON ANKING U ERVISION 1

The models’ accuracy is the major factor in determining the success of both types
of applications. It has therefore become an important point of focus in academic
research on credit risk modeling. The findings up to now can be summarized as follows.
First, many empirical and theoretical objections regarding the modeling assumptions
and the models’ calibration have been raised.! Second, it has been pointed out that
the models’ outputs are very sensitive with respect to parameter estimates and differ
quite significantly across models (see e.g. ORD (2000)). Finally, a first backtesting
study ICKELL, ARRAUDIN, AND AROTTO 1 for two of the currently available
models found that - for portfolios of Eurobonds - the models yielded far more exceptions

than they would if they were accurately measuring risk.

The one conclusion emerging from this academic discussion is that current credit risk
models cannot yet be used to determine regulatory capital and that new, more sophis-
ticated models have to be developed to measure credit risk more accurately. Moreover,
it has been argued that once su ciently elaborated models are available, extensive
backtesting will be necessary before these models can be used to determine regulatory

capital.

Some general suggestions for important roads of improvements have been made. Most
prominently it has been argued that credit risk models should employ stochastic interest
rates instead of deterministic ones (see e.g. CROUH , ALAI, AND ARK (2000)). It
has also been put forward that they should take into account that default probabilities
and rating transition probabilities vary through the business cycle or between obligors
belonging to different industries (see e.g.  ICKELL, ARRAUDIN, AND AROTTO
(2000)). However, to our knowledge there are no contributions that take a broader
view, aimed at the description of a detailed research agenda for the development of

next-generation models from today’s existing methodologies.

This chapter intends to contribute to the closure of this gap by focusing on one par-

ticular area of credit risk modeling, oint de a t pro a iities In doing so, we will also

1 or an overview see JA KSON AN PERRAU IN (2000).
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present a broad picture of modeling drawbacks and suggestions for the improvement
of existing methodologies in this area. We will analyze the four major currently avail-
able industry-sponsored credit risk models: CreditMetrics (by JP Morgan), Portfolio
Manager (by KMV), CreditRisk™ (by Credit Suisse Financial Products) and Credit-
PortfolioView (by McKinsey). In the following we will also refer to these models as
CM (CreditMetrics), KMV, CR (CreditRisk™) and McK (McKinsey).2

We start our analysis by identifying the most important modeling problems with respect
to joint defaults. While repeating some of the arguments that have already been made,
we will be able to point to quite a few drawbacks that have not been discussed yet.

We then make suggestions on how the models’ performance could be improved.

Reviewing the identified modeling problems and the improvements that could be achieved,
we finally set out to assess which of the currently proposed approaches to joint-default
modeling is the concept a most promising basis for next-generation models. We ar-
gue that a mixed model blending modeling features of KMV and of a model recently
employed in the literature = ICKELL, ARRAUDIN, AND AROTTO 2000 is the most
suitable to go forward. Moreover, we try to set out a research agenda aiming at further

improvements and at extending the scope of KMV-type model to non-quoted firms.

In doing so we stress that - besides backtesting comp ete models - it is important to
assess (theoretically and empirically) the adequateness of the model’s different build-
ing blocks with respect to modeling assumptions and parameter estimation. Once
su ciently well-performing blocks have been developed, backtesting of complete mod-
els can determine how wide remaining error margins are. This method has not only
the advantage that bad performance can be tracked more specifically to single model

components but also makes it possible to combine successful parts of different models.

Finally, while we advocate to use the mixed KMV model as a starting point for next-
generation models, we recognize that eac of the currently proposed models will be
applied in banking practice in the near future. We think that the suggestions made for

CM, CR and McK can help to fix some important drawbacks on a short-term view.

This chapter is organized as follows. In section 2.2 we present a detailed description

2A compre ensive description of all of t ese models can be fo nd in CROU ALAI AN MARK
(2000). More speci c references are JP MORGAN (199 ) (for M), CRE IT SUISSE (199 ) (for R)
and M INSE (199 ) (for Mc ). oo rknowledge, t e best doc mentation available fort e M
model is t e paper of CROU ALAI AN MARK (2000). Some interesting information can also be
fondont e M  omepage ( ttp www.kmv.com).

on concept al iss es avealsobeenp tforwardint e disc ssionof t e models relative merits,

in partic lar comp tational simplicity (see e.g. CROU ALAI AN MARK (2000)). S ¢ iss es
will not be taken p ere.
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of the currently proposed joint-default models. In section 2.3 we discuss the major
drawbacks of the models, argue which conceptual issues should be clarified, and suggest
how the models’ performance could be improved. The suggestions contain short-term
fixes as well as a longer-term research agenda. In section 2.4 we present our conclusions.
A summary of the major insights from section 2.3 builds the basis for the identification

of the most promising joint-default approach for next-generation models.

Despite the fact that a comprehensive survey for all of the credit risk models discussed
in this paper has recently been provided by CROUH , ALAI, AND ARK (2000),
we will present a detailed description of each proposed joint-default methodology in
this section. This is done for the following reasons. First, since CROUH , ALAI,
AND  ARK (2000) capture all aspects of credit risk modeling, the description of the
joint-default models is not as detailed as necessary. In particular, the presentation
of the multi-year horizon (for CR and McK), the construction of the KMV country
and industry indices, and KMV’s estimation of the relative size of the systematic
risk component are important modeling features that are not described in CROUH |

ALAI, AND ARK (2000). Second, focusing on joint-default models allows us to
present all models within a unified framework which makes similarities and differences
more transparent and provides a clear background for the analysis. Finally, while
reviewing the literature, we found two interesting new versions of current credit risk
models, one for CR. ORD 2000 , which hereafter will be referred to as CR-GO, and
one for KMV  ICKELL, ARRAUDIN, AND AROTTO 1 , hereafter referred to as
NPV. Both were not presented in their own rights but as part of studies attempting
to compare model outputs and backtest currently proposed models. Nevertheless, we
think that these versions represent important alternatives to the initial proposals, and

we will therefore discuss them as well.

To focus on joint-default modeling, we employ the most simple credit risk management
framework. We consider a bank that holds a loan portfolio and does risk management
int 0. The loans are due in ¢ and we assume that the bank’s risk management
horizon is identical with the date at which the loans mature, i.e. the bank is interested
in the distribution of the value of its portfolio at ¢ . For each loan, two states are

possible in £ . Either the firm has not defaulted and the loan’s principal and interest
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are paid back or the firm has defaulted and the bank receives nothing. Denoting the
sum of principal and interest due from firm by ; and the default event indicator

variable by ; , we can describe the ¢ portfolio value by

i 1

In general, ; isan indicator variable which is zero if firm has not yet defaulted until
time ¢ and which is equal to otherwise , , . Moreover, we use to denote

the vector ; , ; of default indicators at time ¢. Obviously, the distribution of the

i
above portfolio value is completely described by the distribution of the vector
We follow the literature and divide the credit risk models into two classes, labeled
structural models (CM, KMV and NPV) and reduced-form models (CR, CR-GO
and McK) respectively. This terminology can be found for example in JARROW AND
TURNBULL (2000). It refers to the fact that structural models build on a microeco-
nomic description of firm defaults while reduced-form models employ general heuristics
predicting how default probabilities change due to changes in systematic factors such
as the business cycle. Since the reduced-form models anualize the credit risk horizon,
we will measure time in years and will - for simplicity of representation - assume that
s s . Negative time indices will be employed to describe historical obser-
vations that are used to calibrate the models. denotes the length of the time span

from which these observations are taken. Figure 2.1 illustrates the time horizon.

Figure 2.1: Time horizon.

Note that all models derive joint default probabilities by defining a vector represent-
ing the systematic risk in the economy. Default events are assumed to be independent
given the realization of . The probability of a certain realization 1, , ofthe
vector can then be derived by integrating conditional default probabilities ;

over the distribution of

i i, i 0 i,
i 1
t is easy to integrate xed recovery rates.
ote owt eindicator f nction is de ned. ise alto if statement oldsand e al

to if statement does not old.
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