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Abstract: In recent years new methods and models have been developed to quantify credit risk on a
portfolio bass. CreditMetrics™, CreditRisk*, CreditPortfolioVien™ are among the best known

and many others are smilar to them. At first glance they are quite different in their gpproaches and
methodologies. A comparison of these models especialy with regard to ther gpplicability on typica

middle market loan portfolios is in the focus of this sudy. The anadlys's shows thet differencesin the
results of an application of the modds on a certain loan portfolio is manly due to different
approaches in gpproximating default correlations. Thet is especidly true for typicdly nonrated
medium-sized counterparties. On the other hand didtributiond assumptions or different solution
techniques in the models are more or less compatible.

Zusammenfassung: Sdt einigen Jahren finden sch in Wissenschaft und Bankpraxis neue Methoden
und Modedlle, um Risken von Kreditportfolios zu messen. Zu den bekanntesten Vertretern gehtren
CreditMetrics™, CreditRisk” und CreditPortfolioView™, welche sich auf den ersten Blick stark im
Ansaiz und in der Methodik unterscheiden. Im Mittelpunkt der vorliegenden Studie steht ein
Vergleich dieser Moddle und zwar insbesondere hinschtlich ihrer Arwendbarkeit auf ein typisches
Portfolio aus mittelstandischen Bankkrediten. Die Andyse zeigt, dass Unterschiede in den
Ergebnissen zweier Moddle fur ein und dassalbe Portfolio vor alem auf unterschiedliche Verfahren
in der Approximation von Auddlkorrdationen zurlickzufiihren sind. Dies gilt indbesondere fur
Kredite an nicht-geratete mittel sténdische Unternehmen.
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1 Introduction

Since the mid-1980s, models geared to apply knowledge about market risk from
portfolio selection theory to credit portfolios have been proposed in the relevant
technical literaturel. But it was not until the recognition of internd market risk
modds for regulatory purposes by the Basd Committee on Banking Supervisior?
in Jenuary, 1996 tha moddling of credit portfolio risk with dl of its
particularities became a mgor focus of academics and practice. In the meantime,
severd methods and (software) products for measuring credit portfolio risk have
been developed and become avallable. It is driking that most of the publications
in curent literature are gill critiques and gpplication tests referring to the four
standard models from 1997 and 1998 or related approaches. CreditMetrics'™ by
J.P. Morgan3, CreditRisk* by Credit Suisse Financid Products?, CreditPortfolio-
View™ by Wilson and McKinseyd and PortfolioManager™ by KMV6.,

Up to now, the Basd Committee on Banking Supervison has clearly reected
intial  requests’ for an explicit supervisory consideration of interna  credit
portfolio models. They understandably came to the concluson that sufficient long
term data is not available for an exact estimation of important input parameters of
the modds and that proper backtesting of model results is not possble due to the
longer risk horizons of buy-and-hold credits8 In the consultative paper published
in June 1999 on a revison of capitd adequacy regulations® and with the
publication of the "Principles for the Management of Credit Risk'10, Basdl made
it clear, however, that methodicdly sound risk measurement and management at
the portfolio leve and thereby the recognizable consderation of diversfication

1cf. e.g., Bennett (1984).

2 cf. Basel Committee on Banking Supervision (1996).

3 See J.P. Morgan (1997).

4 See Credit Suisse Financial Products (CSFP, 1997).

5 See Wilson (19973, 1997b, 1998).

6 See Kealhofer (1998).

7 cf. e.g., International Swaps and Derivatives Association (1998), p.14ff.

8 cf. Basedl Committee on Banking Supervision (1999a), 47-54; a validation period of 250 days for
market risk models would, for example, correspond to atest period of 250 years for credit risk
models with aone year risk horizon.

9 cf. Basdl Committee on Banking Supervision (1999b), p.56ff.



potentid will pogtivey influence the regulatory judgement within the context of
the proposed “supervisory review process’ dready in the near and middle terms.
It is therefore quite likdy that in the long term, banks that interndly have
established a credit portfolio modd even before an explicit regulatory recognition
will gan a dgnificant competitive advantage. Polls have shown that the large
universd banks in Germany have recognized this chdlenge and have been
working for some time on identifying, modifying, deveoping and implementing
sophigticated credit risk modds and the organizational context for a portfolio-
orientated credit risk management. It should be noted that in most cases
congderable effort is being made to indal a modd suitable for a bank's individud
portfolio of assets subject to credit risk rather than a universa solution. Due to the
German rdationship banking system the greater portion of credit risk faced by
domedic banks ill sems from the cdasscd busness with medium sSzed

debtors.11

The applicability of the four above-liged standard models for measuring credit
risk has been addressed in various aticles with reference to the different types of
credit products, however, explicit consderations regarding their usage on a typica
middle market12 credit portfolio could not be found. The present study will focus
on this criterion in an anayss comparing three of the above modds. KMV’s
PortfolioManager™ has been appreciated more for its approach of anayzing
gsand-aone credit risk than as a portfolio modd. Furthermore, the portfolio part is
related to CreditMetrics’™ and hence will not be discussed separaidy here.
Further implications for a choice between the modes will dso be drawn from
dready exiging mode anayss.

10 cf. Basel Committee on Banking Supervision (1999c), p.21-22.

11 cf. eg., Elsas and Krahnen (1998).

12 In this paper a "middle market" credit portfolio is a loan portfolio to medium sized companies.
In Germany "medium sized" companies usualy have sales lower than DEM 500 mio. which is
also the case for the sample used here.



2 Portfolio Credit Risk Models

2.1 Measuring Credit Risk from Middle Market L oan Portfolios

All credit risk modes share the god of a complete description of the digtribution
of posshle gains or losses from a credit portfolio. For a stand-aone credit you
already get a skewed and non-continuous didribution due to the limitation on the
profit Sde in the classca lending busness and the — even if unlikdy - posshility
of a totd loss of the unsecured exposure. This makes an aggregation a the
portfolio level congderably more difficult in comparison with gpproximately
normdly distributed market risk podtions. The “modd performance’ is hereby
clodly related to the trade-off between “modd risk” and the complexity of the
approach respectively inherent requirements for IT capacity. On the one hand,
“modd rik” is determined by the implications of amplifying assumptions onto
overdl reaults, on the other hand, by the qudity or availability of required input
parameters.

However, if the risk manager eventudly were to succeed in cdculaing a
trusworthy portfolio loss didribution, it would ggnificantly enhance a bank's
ability to manage and control credit risk. The risk potential effectively entered
into can be quantified by the expected loss, the voldility of portfolio values, the
cdculation of a Credit-at-Risk andogous to the vaue-at-risk concept or, as well,
the “expected shortfdl” in order to more precisely describe the characterigtic "fat
tals’. 13 Concentration risk and diversification opportunities can be identified by
means of cdculaing margind risk contributions of individud exposures to the
overdl portfolio risk. In their much respected study Froot / Stein (1998) point out
that the price of nontradable, margind credit exposures would adso have to
depend on ther vaue corrdation with the adready exising non-tradable risks in
the bank's portfolio. In the long term, the contribution of any single loan to tota
portfolio risk should therefore be reflected in credit conditions, which to date

might not have played a significant role, particularly in relationship barking. 14

13 cf. regarding expected shortfall, e.g., Embrechts et al., (1997), chap. 6.
14 cf. Froot and Stein (1998), p.66.



Modds for measuring credit portfolio risk require severd input parameters -
firdly, to quantify the loss risk from the individuad postions and, secondly, to take
the pairwise interdependencies, which are determined by joint risk drivers, into
account at the portfolio level. Conddering the loss that a bank can expect from a
typica buy and hold transaction (assumption: no premature disposa is possble or
attractive), it is obvious that such a loss is dready made up of three uncertain

components:

[1]
Expected Loss = Default Probability - (Outstanding Exposure - (1-Recovery Rate))

Usudly egimation of the probability of default is initidly based on an individud
credit analyss (rating) but can vary condgderably over the time horizon of the loan
contract. The expected exposure a the time of default (discounted, outstanding
interest and repayment) is likewise an uncertain value in the common case of
unused lines of credit eg. . Findly, the recovery rate is caculated as a percentage
of outstanding nomina exposures and can depend on the future marketability of
tangible collaterd, hardly predictable work-out cods, etc. Therefore only to get
the expected vadue of the (portfolio) loss digtribution, actudly, the product of
three stochagtic variables has to be calcul ated.

To determine the probability of joint default of two or more loans would actualy
require pairwise default correlations. Since loan defaults are (should be) very rare
events, the joint default of loans a the same time happens even much more
seldom. A direct historical estimate of default corrdations for bank credits smilar
to an empirica estimate of stock price correlations on the basis of joint changes in
stock prices eg. is consequently not posshble. Therefore, default correations must
be approximaed usng auxiliary vaiables The rdiability of the gpproximation
plays a decisve role - as will be proved later - for the results of these credit risk
models.



2.2 CreditMetrics™ — the market value model

In 1997, JP. Morgan presented CreditMetrics™, as the credit risk counterpart to

RiskMetrics'™, and implemented it in the CreditManager™ software tool 15, In
its basic form, CreditMetrics™ is conceived for bond portfolios and is heavily
relying on market vaues. Hence, credit risk arises not only from the danger of
issuer default, but dso from a potentia (market) value loss due to a downgrade in
the credit rating of the debtor.

CreditMetrics™™ represents the asset value models that go back to Merton's 1974
work on the reationship between a company's capitd sructure and insolvency
risk.16 The risk driver is the change in firm vaue (ast vaue) over time If that
value fdls bdow the book vaue of the lidbilities, default results However,
CreditMetrics™ only makes use of the basic idea from this approach in order to
deduce the changes in the credit rating of each bond from changes in asset vaues,
which agan are dmulated as corrdated standard-normaly distributed random
figures.

In the methodology of KMV's product, PortfolioManager™, which can likewise
be assgned to the asset vdue modds, Merton's optionpricing-theory approach is
explicitly used for individud credit andyss Probability of default and rating
migration probabilities of each debtor are hereby dependent on the “distance to
default’, the difference between firm vaue - recursvely derived via the option
pricing formula from the maket vadue of equity - and the book vaue of
lisbilities1? In CreditMetrics'™, these rating migration and default probabilities
are approximated higtoricdly for each rating class and caried over into a o
cdled rating migration matrix. Reing migraion matrixes of this type ae an
eementary input for many credit risk models and are published, for example, by
rating agencies for publicly rated corporate bonds and companies. Table 1 gives
an exemplary rating migration matrix by Standard& Poor’s.

15cf. J.P. Morgan (1997) in the following.
16 cf. Merton (1974).
17 cf. Croshie (1999), 10-11, and Rudol ph (2001).



Table 1:
Rating migration matrix for publicly rated corporate bonds
Probabilities of rating migration and default within a one-year horizon (%)

Ratingin t=1
Rating AAA AA A BBB BB B CCC Default
t=0
AAA 90,81 833 0,68 0,06 012 0 0 0
AA 0,70 90,65 7,79 064 0,06 014 0,02 0
A 0,09 2,27 91,05 552 0,74 0,26 0,01 0,06
BBB 0,02 0,33 595 86,93 530 117 112 018
BB 0,03 0,14 0,67 7,73 80,53 884 1,00 1,06
B 0 011 0,24 043 6,48 83,46 4,07 520
CCC 0,22 0 0,22 1,30 238 11,24 64,86 19,79

Source: Standard& Poor’ s Credit Week (April 15,1996)

For a middie market portfolio of loans to nontrated companies a bank would have
to put up a migration matrix out of its higoricaly generated internd ratings.
Alternativdly one might try to mgp the own raing scheme with “public’ ratings
which on the other hand seems problematic regarding the different migration and
default characteritics of bond issues and typicd bank loans. It can eg. be
presumed from a migration matrix that summarizes middle market credit data and
epecidly the internd rating changes of five large German banks (table 2) that
interna ratings are more often changed relative to the preceding evauation than
public retings, and therefore there is less probakility mass on the diagonals.18

Thereby every exposure gets (higoricadly edimated) migration and default
probabilities via its rating. Then for each bond possble market vaues a risk
horizon19 can be caculated using forward zero curves which can be obtained via
bootstrapping from spot rates for each (new) rating category. With respect to the
buy-and-hold character of German middle market loans one might be able to do

18 Data have been collected in course of the project "Credit Risk Management” being conducted
by the "Center for Financial Studies*, Johann Wolfgang Goethe University Frankfurt. See e.g.
Elsaset d. (1999). Loans werere-evaluated abount every ten months on average.

19 In the following — as it is common standard in credit risk management - a risk horizon of one
year is assumed.




without quantifying losses in (market) vdue from the change in raings If this is
desired within CreditMetrics™ potentia future “values’ of every loan would have
to be caculated usdng “loanforward-curves’. These are especidly determined by
raiingg and time-specific credit spreads which might diverge more or less from
bond credit spreads due to the differing information sructure. Those spreads
therefore would have to be re-estimated by the bank once in awhile.

Table 2:

Rating migration matrix for internally rated loans
Migration and default probabilities (%) for German middle market loans

Ratingin t=1
Rating 1 2 3 4 5 6 Default
t=0
1 51 40 9 0 0 0 0
2 8 62 19 8 2 1 0
3 0 8 69 17 6 0 0
4 1 1 10 64 21 3 0
5 0 1 2 19 66 12 0
6 0 0 0 2 16 70 12

Source: Machauer/Weber (1998), S. 1375.

CreditMetrics™ assumes a beta distribution for recovery rates in case of a defaullt.
For every “recovery class’20 the beta digtribution has to be determined by an
expected vaue and its standard deviaion. The assumption of the beta distribution
takes into account the skewness of the red digtribution of recovery rates from
bank loans as eg. discovered by Asarnow/Edwards (1995) in their empirica
sudy. Asarnow/Edwards found a high disperson in the respective rates and our
own interviews with German credit managers confirmed that recovery rates for
traditionad loans are very difficult to quantify. They can be found over the whole
range of 0%-100%. For middle market loans seniority is not as Sraightforward as
for corporate bonds, therefore narrowing down the recovery problem into a certain

digtribution assumption is one critical factor for measurement results.

20 A ,recovery class’ can be defined by seniority for corporate bonds, for traditional bank loans
many different criteria (e.g. product specific or collateral specific) seem possible.



Having brought together dl those input parameters firm vadue changes and
consequently rating migrations and defaults ae Monte Calo smulated with
CreditMetrics™ for any single bond or loan. Changes in firm vaue hereby are
assumed to follow the normd didribution and the migration respectively default
thresholds are taken from the migration matrix (probabilities as percentiles of the
norma digribution). This smplified approach following Merton's intention is
illugtrated by graph 1:

Graph 1:

1.) Smulation of (standard-)normally distributed changesin firmval ue (assets) for any
exposure in the credit portfolio.

2.) Mapping of random changes with new rating categories with respect to historical
migration probabilities and thresholds Zgaiing
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Exemplary migration thresholds for a bond / exposure with BB-Rating in t=0

As firm vadues do not move independently changes have to be smulated by
drawing from multivariate normd digtributions based on a n x n —corrdation
matrix. In the basic form of CreditMetrics'™™ correlations of firm (asset) vaues are
approximated via correations in sock prices as the former are not “observable’
parameters. This dready seems problematic regarding the cal character of equity
with respect to the firm vadue of leveraged companies. For nontliged medium

sized companies considered here things even get worse. For them CreditMetrics'™



proposes to decompose return on equity for every debtor in form of a factor
moded. Pairwise corrdations of equity returns can then be cdculated from the
weights and the empiricd corrdations of assigned stock indices?l as well as from
the ex-ante gpecified portions of unsystemetic risk. Grgph 2 illudrates this
sepwise goproximation of migration respectivedly  default  corrdations  in
CreditMetrics™ and the problemetic nature of the inherent assumptions.

Graph 2:
Approximation of migration and default correlationsin CreditMetrics™

Required input: migration / default correlations
A

Approx.. > correlation of firm values (asset value model)
- correlations of equity returns
-> yearly correlations of certain country-industry stock indiceq

- definition of a factor model
precision?
|

For every single scenario of the smulation CreditMetrics'™ generates a change in
firm vadue for each counterpaty resulting in n “new” ratings and maket vaues
for every credit exposure. Summing up losses (and gains for upgrades) over
exposures gives the new portfolio vaue for every scenario, repedting the
smulation ten thousands of times eventudly results in the desired portfolio loss
digribution.

CreditMetrics™ dlows not only to cdculate discounted portfolio losses from
defaults but dso from rating downgrades. But for this the modd requires the
extendve input of maket data which usudly is not fully avaladble for middle
market loan portfolios and therefore has to be gpproximated. This especidly
seems problematic with respect to the approximation of asset correlations?2,
Furthermore CreditMetrics’™ is often criticized for relying too heavily on the

21 The indices represent the systematic risk as the "factors" in the model and are defined as
country-industry indices.
22 cf. chapter 3.



migration matrixes which are usudly generated from averaged historicd data23
With this approach the modd nether tekes into account the current
macroeconomic conditions for the debtors nor does it anyhow differentiate
between debtors of the same rating caegory but different busnesses. But this
would especidly be recommendable for medium sSzed companies which
presumably show a greater heterogenaty than the comparably smal group of
publicly rated corporate bond issuers.

2.3. CreditRisk" - the actuarial risk mode

CreditRisk” is a moddl that uses actuarid methods and offers the attractive feature
of a cdosed form andyticd solution in its basc verson.24 Only credit risk from
defaults is consdered and contrary to the asset vaue modds potentia reasons for
a default are of no significance. Default rates are assumed to be stochastic and are
the risk drivers themsdves. Therefore CreditRisk” is dso regarded as a
representative of the “default rate modes’. Hereby the modd tekes the
observation into account that default rates are not congtant over time but can
sgnificantly fluctuate over the so-cdled credit cycle. Graph 3 illudtrates this for
the average default rate of German companies between 1972 and 1992.

CreditRisk” needs default rates per country-industry segment as input as well as
(average) default rates for the individua credit exposures, again to be taken out of
a migration matrix or to be generated by an interna credit andyss. Recovery
rates are taken as condants or dternatively only exposures net of collatera are
used for the caculation of losses. Then — for a big portfolio of n homogenous and
independent loans with the same exposure and the same default rates — the
probability qq that exactly d defaults will happen in the portfolio gpproximatey
follows the Poisson distribution?s:

23 cf. Crouhy/Galai/Mark (2000), p.66 e.g.

24 cf. Credit Suisse Financia Products (1997) in the following.

25 qq is determined via actuarial technique in the basic model, approximately [2] is valid; see e.g.
Schmid (1998), S.33.

10



[2] Qg » ——

with p being the expected number of defaults or as wel the sum over dl sand-
adone default probabilities in the portfolio. The approximation via the Poisson
digribution looks intuitive as the stand-adone default probabilities are very small
and n (the number of debtorsin the portfolio) might be very large.

Graph 3: default rate volatility for German firms
(West Germany; 1972-1992)
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In order to incorporate the joint and correlated default behaviour counterparties
ae assgned to different country-industry sectors for the systemaic portion of
ther exposures similar to the procedure a CreditMetrics™. Thereby every
exposure is divided into severd sub-exposures each of which is alocated to
exactly one sector. It is assumed that default rates follow the gamma digtribution
within any sector j. So sector-gpecific default rate digtributions are fully described
by their expected vaue | and ther standard deviaion s;. The expected defauilt
rate of a sector (eg. supply industry for automobiles, Germany) can be estimated
historically or as the average (expected) default probability over dl debtors
actudly being assgned to this sector. The volatlity of the sector-specific default

11



rate is to be determined in an andogous way as far as sufficient data is available.
Default probabilities of any two counterparties fluctuate in a corrdaed way
through this joint (even if only patid) affiliation to the same sector(s) and
therefore due to the same macroeconomic influences characterizing this sector. In
order to get to the digtribution of the number of defaults within any sector the
“independent” Poisson distribution now has to be combined with the sector-
goecific gamma distribution or to express it technicaly — the two digtributions
must be “folded’. As an intermediate result a Negdive Binomia didribution of
defaultsis obtained for every sector. Graph 4 illustrates the procedure.

Graph 4: twofold statistics with CreditRisk”

sector-specific default rate »independent* no. of defaults ~ Poisson ()
~ Gamma (M, s;)
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If dl exposures were homogenous the sector-specific digributions of number of
defaults could directly be trandated into the portfolio loss didtribution taking the
weight matrix into account (that summarizes the dependence of the counterparties
on different sectors). In the redidic case of exposures of differing Sze
additiondly a digtribution of exposure sizes within any sector has to be defined by
the user. Then the Negative Binomia distributions can be transferred sectorwise
into the loss digtributions again using actuarid technique.26

At firgt glance CreditRisk” looks very atrective for the fast andytica calculability
of portfolio loss digributions. Furthermore the modd only needs comparably few

26 more precise: a recursive procedure using a probability generating function is applied, cf.
Credit Suisse Financial Products (1997), p. 46-49.

12




data input which accommodates with the lack of data in traditiond credit
business. Nevertheless it is questionable whether this “amplicity” of the gpproach
might not be a& odds with the am of moddling the “complex” redity as
accurately as possible.

Regarding that recovery rates for traditiona bank loans are in no way congtant but
vary condderably (cf. 2.2) the user might want to adlow for stochastic recovery
rates. Already with this modification an andytica solution is not feasible anymore
and dmulation methods have to be gpplied. In this context dso the two
fundamenta  digtributiond assumptions (Poisson and Gamma) have to be
examined with respect to ther implications for modd results (cf. chepter 3).
Findly it is important to note that in CreditRisk” the default corrdaion as the
actudly required input parameter is implicitly gpproximated over the afiliation of
counterparties to sectors and the default voldilities within sectors. Thereby every
sector represents one risk factor and the sectors are assumed to be independent

from each other.

2.4 CreditPortfolioView™ — the econometric model

The concept of CreditPortfolioVien™ can be seen somewhere in between
CreditRisk” and CreditMetrics™ 27, As with CreditMetrics'™ losses from defaullts
and rating downgrades can be accounted for. As wdl a raing migraion matrix
condtitutes the fundament of the model and has to be provided by the user. Yet
default corrdations are not approximated by stock data but the origina migration
matrix is “adjusted” according to the prevaling macroeconomic dStuation.
Therefore default probabilities are not constant but volatile — as it is the case in
CreditRisk”. But while in the latter smply an expected vaue and a standard
deviation of the default rate are assigned to each sector complete time series of
default rates per sector are required in CreditPortfolioView™. Table 3 shows an
example. Those time saies are the most important data input for a complex
econometric tool used by CreditPortfoliovVien™ to (Monte Carlo-)smulae

Macroeconomic scenarios.

13



Table 3:
CreditPortfolioView™- data input:
country-industry-sectors and the time series of sector-specific default rates

Default Rates / Industry-Segment / Germany Year 1 ([Year 2 |[Year 3 |Year4 |[Year5etc.
Source: "Statistisches Bundesamt”, Germany

Agriculture / Forestry / Fishery pl 0,31%| 0,40% 0,56%4 0,56% 0,51%
Energy / Water Supply / Mining p2 0,10%| 0,059 0,079 0,07% 0,07%
Manufacturing Industry p3 0,48%| 0,64% 0,84% 0,86% 0,76%
Building Industry p4 0,71%| 1,049 1,459 1,31%) 1,44%
Trade p5 0,30%| 0,409 0,569 0,56%) 0,55%
Transportation / Communication p6 0,41%| 0,55% 0,74% 0,73% 0,62%
Financial Institutions / Insurance Ind. p7 0,64%| 0,609 0,719 0,80% 0,82%
Services / Others p8 0,28%| 0,369 0,489 0,50%) 0,47%
All Sectors p 0,389¢ 0,509 0,689 0,68% 0,65%

Example: default ratesin the eight German main sectors (years. 1980 ff.)

In the fird sep — a wdl known procedure - a rating and an country-industry-
segment have to be assgned to every credit exposure/debtor in the portfolio.
Secondly macroeconomic variables have to be sdected that might be suitable to
represent the systemdtic risk of the default rates in the chosen country-industry-
segments (eg. unemployment rate in Germany, long term interest rate in the U.S,
Euro-USD exchange rate, €etc.).28 Another preparatory work is to estimate auto-
regressve (moving-average-) processes for these macroeconomic factors out of
the respective time series. Subsequently for every country-industry-segment up to
three macro variables are identified as the mogt suitable exogenous factors using a
non-linear ordinary-least-squares (OLS) regresson?® and therefore as the best to
explan pagt fluctuaions of the default rate in this segment. This regesson
procedure can aso be described as mapping the time series of the macro variables

with the time series of the default rate per sector.

27 cf. Wilson (1997a, 1997b, 1998) in the following.

28 Country-industry-segments and macro variables can theoretically be defined by the user in any
number. But for every segment and variable historical time series for the average default rate
resp. the yearly realisation must be available.

29 A logistic transformation into adefault probability is carried out.

14



After that the “new” redisations of every sngle macro vaiable for the next period
(ime until risk horizon) can be smulaed usng the higorica auto-regressve
patterns. Then those smulated redisations are directly trandated into “current”
default probabilities p;; per sector j based on the causal connections identified in
the OLS-regressons. If this smulated default probability turns out to be higher
than the long term average AEp; in this sector an “unfavourable’ macro scenario
prevalls and the downgrade and default probabilities have to be marked up
relative to their long term average. CreditPortfolioView™ hereby employs a so-
cdled “shift-operator” that moves probability mass in the origind migration
metrix for each sector to the right or to the left dependent on whether p//Ap; is
bigger or smaller than one (graph 5).

Graph 5: The shift-operator in CreditPortfolioView™

>1
|
pj £ ’ from the original to the ,,conditional
> < 1 migration matrix
P;
<
<1

Generating a migration matrix conditional on the macroeconomic status quo

When soldly looking a defaults this means for ingtance that for pj«/Ap; >1 in a
catan sector the origind default matrix is not vdid anymore but the default
probabilities are adjusted upwards for each rating category.

Findly CreditPortfolioVien™ dravs new ratings (and defaults) for every
counterparty in the portfolio and for every dmulation scenario out of those
“conditional”  sector-spedific migration matrices. Analogous to CreditMetrics™™
“mark-to-market” vduations can be peformed for liquid credit exposures that
have not been drawn as “defaulted” and mature laer than the risk horizon.30 For
defaults net losses are smulated after having assgned every exposure in the

30 As well for this CreditPortfolioView™ additionally requires spot rates and rating-specific
credit spreads as datainputs (cf. 2.2, forward zero curves).
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portfolio to a certain recovery rate didribution.31 Performing many thousands of
Monte- Carlo-gmulations eventudly leads to the portfolio loss digtribution.

Thence in CreditPortfolioView™ smilar to CreditRisk” correlations between the
sngle country-industry-segments are not taken into account. It is the joint
dependency on macroeconomic risk drivers that results in corrdated rating
migrations and defaults. But other than in CreditRisk” (cf. 2.3) it is not a type of a
dngle factor model but every sector-specific default rate is dependent on severad
(exogenous) macroeconomic factors. Graph 6 summarizes the different modules
in CreditPortfolioView™.

Graph 6: the CreditPortfolioView™ modules

TheMacro-Model: Data I nput:

1. Estimation of ARMA-processes for macro variables — -M aro .tl me Senes
Migration matrix

2. OLS-regression for coherence: - Recovery classes

sector-specific default cycle U macro variables

Etc.

3. Logit-transformation into sector-specific default rate

Default rate / sector

/

\

The Simulation (Part I)

1. ARMA-processes are extrapolated into the future

2. Sector default probabilities are estimated using OL S
3. Simulated default rate >< historical default rate ?

4. Adjustment of migration matrices per shift-operator
The Simulation (Part I1)

1. For every counterparty: draw of anew rating for t=1
2. draw = default: draw respective recovery class - recovery rate

& if desired: ,, mark-to-market* for rating changes

-> distribution of portfolio values / portfolio losses

Because of its complex econometric gpproach to mode sector-specific default
rates CreditPortfolioView™ needs a lot of historic data. At first eg. it is up to the
user's economic intuition to identify the potentidly relevant macro variables for
the different groups of debtors in the portfolio and to supply the respective time
series. It is true that dtogether CreditPortfolioView™ is a much more complex
modd than for instance CreditRisk®, but thereby its economic intuition and the

31 The user can prespecify any number of different recovery rate distributions that might for
instance be correspondent to certain credit product types or seniorities.
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trangparent causdity between the macroeconomic environment and the default
behaviour in the different segments are convinang.

But dso for CreditPortfolioView™ it is questionsble how wel actud defauilt
corrdations can be gpproximated. Miscdlaneous studies showed in this context
that for speculative grade exposures default rate fluctuations could be explained
quite well by the economic cycle. Investment grade counterpartys remained more
or less unaffected32 Prima facie CreditPortfoliovViewn™'s extensve daa
requirements might not seem étractive for the usage on a middle market credit
portfolio. However, as the user will concentrate on the credit risk from defaults
for a buy-and-hold portfolio, they do not seem to be unredissble. Especidly for
internationally  diversfied credit portfolios adequate macro variables and ther
higoricd values as wel as a reasonable country-industry-segmentation should be
identifisble and determinable. Furthermore CreditPortfolioView™ dlows its users
many degrees of freedom for data entry in such a way to enable them to modify
diverse modd components.
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3 Comparison of Models and I mplications for an mplementation

At fird dght the discussed modds seem to show dementary differences in
accordance with the trade-off between the “Smplicity” of a modd and the
“complex” redity mentioned in chapter 2.1. . Those differences apply to the “risk
definition” (default only vs raing downgrades and defaults), the moddling
“technique / methodology” (digributiond assumptions, cdculaion methods), the
necessry “data input” and the required information technology. In fact the user
will obtain very different didributions and Credit-at-Risk vaues with a “naive’
goplication of the three models on the bank-gspecific portfolio — even if only credit
risk from defaults is consdered in CreditMetrics’™ and in CreditPortfolioView™
as assumed in the following.

Though looking a the basic Sructures of the modes it can be seen that they al
have remakable dmilaities. All three modds tie the “conditiond” default
probability of a rating class or a ssgment to daes of the world respectively
(systematic) risk factors. CreditMetrics' ¥ assumes a normd digtribution of the
rsk driver “asset vaue’'. By this and by the smulation of corrdated asset returns
it comes to an implicit transformation resulting in the “conditiond” digtribution of
default rates (actualy being condant) in the modd per rating category.
CreditPortfolioView™ as well assumes a normd digtribution for risk drivers in
the resdud term of the auto-regressve processes, and there is an explicit Logit-
Tranformation into a “conditional” default probability per segment. CreditRisk”
doesn't put up any didributiond assumptions for the risk drivers but defines the
“conditiond” default probability per segment as gamma didributed right from the
outset.33

In dl three modds the joint influence of the same risk factors on two
counterparties  replaces an explicit condderation of default corrdations. As the
transformation takes place dependent on the date of the world the default
behaviour of any exposure itsdf can be regarded as “independent” and therefore
& binomidly digributed. In CreditMetrics™ and in  CreditPortfolioView™

32 cf. Muller-Groeling / Niethen (2000), p.10 e.g.
33 cf. Koyluoglu / Hickman (1998), p.58.
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binomialy didributed random numbers are generated directly with the default
probabilities from the migration meatrices. CreditRisk™ approximates the binomid
digribution via the Poisson didtribution.3% By aggregating the “conditiond”
default digributions over dl possble sates of the world the user findly arrives to
the tota portfolio loss distribution. For this purpose CreditMetricss™ and
CreditPortfolioView™ employ Monte-Carlo smulation techniques, CreditRisk"
“folds’ the gamma and the Poisson didribution andyticdly into the Negative
Binomid didribution.

At this point one can dready suspect that fundamenta reasons for divergent
modd results might be due to differences in moddling the joint default behaviour
of any two debtors. This presumption directly follows from the relatedness in the
remaning moddling “techniquesmethodologies’, i.e. from the rdaedness of the
binomiad and the Poisson didribution and the approximation goodness of Monte
Calo damulations with a auffident number of smulation runs. Gordy (1998) and
Wahrenburg/Niethen (2000) verify this by reducing CreditMetrics’™ to a version
comparable with CreditRisk” 35 and by carying out further smplifications until
only one default probability for the portfolio, its volatility (CreditRisk™) and one
explicit pairwise asst corrdation for al exposures (CreditMetrics’) are left as
input data36 Remaining differences in results of portfolio caculations then can
only be atributed to an inconsstent agpproximation of default corrdations, in
CreditRisk” happening implicitly through the default volatility, in CreditMetrics™™
through the asst corrdation. Exemplary cdculations with an  empiricdly
estimated asset corrdaion and default rate voldility in fact leed to heavily
diverging loss didributions. Margind teds hereby show that the “fat tal” in
CreditRisk” reacts especidly sendtively to changes in the default rate voldility.
For this Gordy demondrates in his dudy that the gamma digtribution even
aggravates the approximation erors of the Poisson distribution by folding them.37

34 For many credit exposures and very small stand-alone default probabilities in the portfolio the
Poisson distribution is a very good approximation for the binomial distribution, c.f. Gordy
(1998), S.3, eg..

35 Assumptions: only defaults are considered, recovery rates are constant, homogenous exposures,
one rating category, one sector.

36 cf. Gordy (1998) and Wahrenburg/Niethen (2000).

37 see Gordy (1998), p.20-23.
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But other studies adso show for CreditMetrics™ and CreditPortfolioView™ how
sensble mode results are with respect to different asset correlations or to the
coefficients in the macroeconomic moddling (CPV).38

However — if the user cdibrates the input parameters being criticad for the
approximation of default corrdations in  CreditMetrics'™, CreditRisk” and
CreditPortfolioView™ in a way that they are andyticdly “consstent” between
the models you get very smilar results for the three cdculations3® Unfortunately
the suchlike cdibrated input parameters often appear to be unredigic and differ
grongly from empiricaly generated values (see examplesin table 4):

Table 4: empirically estimated vs,, consistent* parameters

empirical value |, model-consistent* value
r=0,5 r=0,016 estimated for CreditMetrics™,
calibrated fors=0,0026 CR"-value
$=0,0026 s$=0,04 estimated for CreditRisk”,
(1=0,0122) calibrated for r =0,5 CM ™-value
Example: sector "building industry", Germany, 1980-1994; share price correlationr and

default rate volatility s ; source: Wahrenburg/Niethen (2000), p.252/253.

Therefore differences in mode results are to a lesser extent due to the modd
methodology or didributional assumptions but rather to different ways of
approximating the default corrdations tha are empiricdly hardly avalable. The
choice of the criticad data inputs, i.e. the asset or stock price corrdations in
CreditMetrics™, the default volailiies in CreditRisk” and the respective
regresson coefficients in CreditPortfolioView™ determines the model results to a
high degree. With respect to a redigtic assessment of portfolio risk it is hereby
especidly problematic that errors in aggregating stand-done risks even reinforce
the effect of errors in esimating the expected loss from the individuad postions
(seeequation [1], 2.1).

38 see. AMS (1999), p.6/7 and Bucay/Rosen (1999), p.56ff.
39 cf. Koyluoglu / Hickman (1998), p.61 e.g.
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Agang this background aso the choice or the design of a certain modd should be
decided. For a portfolio congsting of loans to nonliged, medium sSzed
companies an approximation of default corrdaions through the parwise, joint
influence of macro vaiables will be more reasonable than through the implicit
corrdations from a share return factor modd. Time series of default rates for
specific  country-industry-segments can be quite easly generated out of the
officda datidics. Default rae voldilities can then be directly computed if
CreditRisk” is chosen. If the bank’'s risk management decides in favour of an
econometric model like CreditPortfolioView™ in order to thereby take account of
the current macroeconomic dtuation, then additiondly for every country-industry-
segment the dependencies on certain macro variables have to be determined.

An own gtudy provides interesting outcomes if this shdl likewise be reached via a
regresson modd with three exogenous factors. It could namely be shown that for
seven of the eight main sectors in Germany good model specifications — looking
a the adjused R® — can be reached with the same three regressors40 The
respective modd to explain the sector-specific default rates with the redisations
of macroeconomic variablesin the same period t looks as follows:

[3] p (default); = f (DGDP(GER) real, Unempl. Rate (GER), DEM/USD)

p(default); = default rate in sector j;

DGDP(GER) red = real change in gross domestic product, Germany;
Unempl. Rate (GER) = unemployment rate, Germany;

DEM/USD= exchange rate German Mark / US-Dallar.

40 cf. Kern / Reitzig (2000) in the following. Insolvency rates for the eight main sectors (sector
classification by "WZ 1979") were considered between 1965 and 1992 (Source: Statistisches
Bundesamt). Time series of diverse macro variables were captured over the same period.
Regression estimates were then conducted for all possible permutations of the available macro

21



Tedts showed that in most cases the sector-specific gross vaue added (SGVA) can
be used dterndively to the red change in gross domestic product. Table 5
exemplarily shows the reaults of the edimation for the default rate in the sector
“trade’.

Table 5:
Regression for default rate in the sector "trade"
(results with correction of type Cochrane-Orcutt)

independent variable coefficient
(S.D)
sector-specific gross value added (SVGA) -0.39*
(0.23)
unemployment rate (UER) 0.05%**
(0.005)
DEM/USD- exchange rate 0.01
(0.02)
F-test 47,12 (P<=.001)
adjusted-R2 0.84

Source: Kern/Reitzig (2000), p.16.

As can be intuitively expected theré's a negative coherence between the default
rates in al sectors and the red change in the GDP / the SGVA. As well it is not
urprigng that an increase in the unemployment rate occurs a the same time as
higher default rates.

If such a modd is chosen the implicit corrdations result from the proportioning of
the exposures to the different country-industry-segments and therefore from the

par\leejomt influences viathe three coe‘fidaﬁsbGDp/SGVA, bUER and bDEM/USD-

variables as regressors. As could be expected the default rate in the sector "energy / water
supply/ mining" turned out to be relatively insensitive to the economic cycle.
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So far the type of gpproximation of default correlaions has been identified as the
mogt criticadl modd dement for credit portfolio results. Neverthdess it must not
be forgotten that of course many other factors (e.g. the assumption of constant or
stochagtic recovery rates) can have a ggnificant impact on modd results in terms
of aCredit-at-Risk value.
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4 Summary and Outlook

As has been shown in this paper al three modds are very smilar in ther basic
dructure and in principle they are dl implementable on a portfolio of traditiond
bank loans. Every modd has its “pros’ and “cons’ of which the most important
have been mentioned in the respective chapters.

Presently it is dill one of the most important aspects that the user finds confidence
in the particular approximation technique for default corrdations. The choice of
methodology hereby adds subgtantialy to differences in modd results. There's
dill no assured knowledge about which of the three models at best gpproximates
actual default corrdations. Fur this purpose firg of dl a thorough backtesting of
the sngle modds would have to be conducted — but for risk horizons of gx
months or a year there amply does not exis enough performance higtory yet.
Thus it has to be seen as the primary task for further progresses in credit risk
measurement to consstently estimate or approximate default corrdaions despite
of the lack in empirical data Of course that's even more difficult for traditiona
bank loans than tr corporate bonds. It has been indicated at the end of this paper
how such an approximation could be modelled based on the coherence between

sector-specific default rates and the macroeconomic environment.
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