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--- Abstract ---

This paper suggests aflexible framework for quantitative capitd dlocation sysemsfor internd use by
banks and as the basis for more risk-sengtive regulatory capita standards for credit risk. Smple
versons of the framework are feasible in the near term for a variety of banks, countries, and types of
assts. Incrementa evolution to more precise and complex systemsis supported aswell. However, a
variety of research projects must be completed before any verson can be implemented with confidence.
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Formd andysis of credit risk positionsis rapidly becoming an important eement of commercia
bank management throughout the world. Such andysis involves quantitative projections of portfolio
losses caused by changesin the credit qudity of counterparties. In principle, portfolio loss estimates
support relatively precise andyss of abank’sloan loss reserve and capitd requirements, of appropriate
alocations of resources among business lines, and of product pricing. In the past, when portfolio
compoasitions and the nature of competition were relaively stable over time, a bank could make such
decisions based on broad historica experience and the judgment of its senior officers. Today, as banks
move into new lines of business and new regions, and as competition intengfies, ardiance on traditiona
methods alone exposes a bank to insolvency risks and to lemons risks (the chance that its profitable
customers and lines of businesswill be bid away by sophisticated competitors, leaving only those likely
to go sour).

The advent of formad credit risk andysisis dso important to regulators. Banks |oan loss
reserves and capitd are the buffersthat preserve the solvency of individua banks and to alarge extent
the stability of banking systems. Implementation of the Bade Accord, an important regulatory
achievement of the last decade, has fostered an increase in bank capital from the low levels of the
1980s. However, thereis adanger of areturn to inadequate capitdization. Because the Accord' srisk
weighting scheme applies the same margind capita requirement to assets posing widdy varying risks
(and no capita requirement to other positions, especidly certain off-baance sheet positions), banks are
increasingly abandoning low-risk assets or moving them off the balance sheet. If this process continues,
banking systems throughout the world may once again become undercapitdized and be very vulnerable
to destabilization by credit risk events. One solution to the problem involves making the margina
regulatory capital requirement gpplied to each credit risk position correspond reasonably well to that
position’s contribution to the bank’ s portfolio credit risk. A debate aimed at producing such amore
credit-sengdtive revison of the Bade Accord is currently underway.

Formd andysis of credit risk isavery difficult task. Although the mgority of the world' s largest
banks probably now have a unit devoted to credit risk modeling, very few banks have integrated such
andydsinto ther day-to-day management decison making. Such implementation is difficult because
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existing modding systems frequently are gpplicable to only a portion of a bank’s positions (for example,
the large commercia loan portfolio), and because the proper structure and expected reliability of credit
risk models are controversd subjects. Both senior managers at banks and regulators face a dilemma:
athough they sense the need for formd credit risk modeling as an dement of bank management and
bank regulation, they are reluctant to commit to incomplete, untested, difficult-to-validate technologies.

In this paper, | suggest aflexible framework for implementation of credit risk modeling in bank
management and regulation. The approach can be gpplied to complete portfolios and supports capture
of many of the benefits of existing knowledge about credit risk while dlowing incrementd improvements
in sophigtication as knowledge increases. Within the structure fall modds and systems that could be
implemented by banks and regulators during the next few years and that would be helpful to banksin
both traditiond and new lines of busness and in many countries.

Two ideas form the basis for such flexibility. First, a sophigticated framework capable of
incorporating many foreseeable technica advances can be collapsed to ardatively smple system by
assuming that certain parameter values are constants. Second, if Smilar assets are grouped together in
blocks, aspects of the risk modeling problem that are well-understood can be handled in a complex and
sophigticated manner whereas aspects that are not well-understood can be handled through smplifying
assumptions. In essence, the framework suggests that a range of operational modeling strategies can
coexist, with complexity varying within and across banks and over time as appropriate.

For example, the smplest implementations of the framework need not involve operationdl
modding, but only the multiplication of various asset category totas by andyticaly developed factors, in
some ways sSmilar to the current Bade Accord. The cost of such smplificationsis lesser precison
relative to an ideal case, but the ided case cannot be implemented with confidence given current
knowledge, and important benefits can be captured by the smplest implementation. For example,
available evidence implies that the capita needed for reasonably well-diversfied portfoliosisrelated to
portfolio expected lossrates. A high-investment-grade loan portfolio demands far less capita than a
bel ow-investment-grade portfolio.

However, the smplest implementations are not adequate in al cases today and will become less
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adequate as time passes because knowledge is evolving rapidly. For example, smple implementations
of the framework cannot handle the impact of certain kinds of postions, such as credit derivatives, on a
bank’s credit risk posture and capitd requirements. A virtue of the framework isthat it permits Smple
methods to be used for traditiona banking book assets while more extensive modeling addresses the
more difficult pogtions. In generd, it isimportant that advances be incorporated into operationa
sysems asthey are vaidated rather than requiring a perfection of knowledge before anything is
implemented.

A primary focus of the current credit risk modeling debate is the relative merits of various
exiging modeing systems. Recent papers have shown that the models ddiver smilar capital dlocations
in some circumstances and different dlocationsin others (Gordy (1998), Koyluoglu and Hickman
(1998)). In this paper, | take apractical perspective, including e ements of severd different models
rather than trying to choose among them. Similar to CreditMetrics and KMV’ s PortfolioManager, this
paper advocates a Monte Carlo aggregation strategy (although in the smple case no individua bank
would need to operate Monte Carlo programs). Similar to CreditRisk+, assets are grouped according
to certain characterigtics, amplifying structure and computations. Similar to CreditPortfolioView, the
impact of macroeconomic fluctuations on credit lossesis an essentid congderation, but in this paper |
assume such fluctuations are accounted for in estimating parameters.

Banks could improve their decison making in the short run by implementing smple versons of
the framework and gradudly increase the sophigtication of their andysesin the long run. Regulators
could use the framework to implement a more risk-sengtive capitd standard that would immediatey
remove many of the largest economic digtortions inherent in the current Bade Accord, that would not be
too burdensome on ether banks or regulators, and that would permit advanced banks to employ
individualy sophisticated systems according to their needs and as the required technology becomes
avallable and veifiable.

In this paper, condderable attention is paid to the credit risk modeling needs of regulators.
Such attention is not solely because of the identity of my employer. Asa practica matter, banks own
progress in modeling and managing credit risk will be most rapid if an appropriately enhanced
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internationa regulatory capital standard is adopted quickly, for two reasons. First, amgor barrier to
more sophisticated capita alocation in many banks day-to-day decison making is the resistance of line
managers to measurement of the risk postures they oversee. Implementation of more risk-sengitive
regulatory capita requirements will legitimize risk management units' efforts and provide an impetusto
development of better systems.

Second, at thistime, credit risk modd development has a substantial public good component.
The required databases and analysis are expensive, and even where an individua bank chooses to bear
such costs the resulting databases may be too small to support confident estimates of modd parameters.

Regulators are the natural agent to organize industry-wide cooperative projects, but in most countries
the budgetary and palitica redities that constrain regulators make it necessary that such projects
accompany (rather than precede) development and implementation of revised regulatory capita
requirements.

Another current focus of the debate is the relative merits of so caled «full models» or «interna
models» approaches to capital regulation versus an approach varioudy referred to as «ratings-based,»
«rating-sengtive,» «modified Bade» or «more buckets» (see Mingo (1998)). | believe the two
gpproaches are fundamentaly rather smilar in ther technica demands except for their handling of
portfolio diversfication. However, the gpproaches differ in that regulators would strongly congrain
choices of model structure and parametersin the second case, whereas under the full models gpproach
regulators would vaidate but in practice dlow banks much more leeway (Smilar to their current interna
models gpproach to market risk). In atechnica sense, this paper’ s framework incorporates both
rating-based and full models approaches as specid cases. At least initidly, | advocate strong regulatory
discipline of modeling choices as apractica necessity and as an eement of efficient production of the
needed public goods.

In this paper, no attention is paid to market risk, interest rate risk, or operationa risk nor to the
manner in which management and regulaion of such risks might be integrated with credit risk. Although
such integration is intellectudly and practicaly very desrable, in my view, we must firgt achieve
satisfactory methods of dealing with the different risks on a stand-alone basis.
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The framework is sketched in this paper rather than presented in a detailed, implementable
form. The paper islikdy to be unsatisfying in two respects. Firg, although | have aview of the best
way forward, this draft is the first attempt to explain it, and thus the paper is cryptic, incomplete, and
perhaps unclear at some points. Second, in many ways, the paper is an organized cal for research
rather than areport of results or a detailed plan. In that regard, | expect that some of the strategic
choices the framework embodies will be controversid, and certainly much work remains to be done to
answer technical questions. | emphasize that this paper does not represent Federal Reserve policy, but
only my opinions about the best route to better credit risk management and capital regulation for banks.

The remainder of the paper isin five parts. Section 1 briefly reviews some basic concepts,
while Section 2 discusses basic architectura choices involving accounting «mode» and time horizon.
Section 3 isthe heart of the paper, describing the basic framework and the various formsit might take if
implemented. Section 4 discusses some practica problems of implementation. Section 5 briefly argues
the framework is especialy appropriate for usein Italy and other European countries. Section 6

concludes.

1.0 Basc Concepts

Conceptudly, managing credit risk and alocating capita require that abank (or its regulator)
choose a soundness standard and produce an estimate of the probability distribution of portfolio credit
losses conditiona on portfolio compaosgition. Typicaly, the soundness standard is expressed as a target
probability of insolvency for the bank (see Mingo (1998) for a discussion of dternative criteria). For
dmplicity, in this paper | assume both banks and regulators have a Smilar taste for soundness.* For
purposes of discussion, | assume banks desire a probability of insolvency due to credit risk aone of
around 0.25 percent, which is consstent with a senior public debt rating by Moody’ s or Standard &

L If regulators demand amuch smaller insolvency probability than banks desire for their own
reasons, aregulatory capital standard may be unsustainable in the sense discussed below. 1n evauating
the relative tastes for soundness of banks and regulators, it isimportant to remember that most banks
prefer to be better-capitalized than the regulatory minimum. The determinants of the Size of such
cushions is an important research question.
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Poor’ s of about Baa or BBB. Readers unfamiliar with the soundness and loss distribution concepts may
find useful the discusson in Appendix A.

Quantitative credit risk modeling and management is technically challenging because accurate
estimates of portfolio loss digributions are very difficult to achieve. The difficulty arises because loss
digtributions are skewed and fat-tailed, because any individua asset in the portfolio can contribute
materially to bad-tail losses, and because available credit |oss experience data at the individua asset
level arelimited. In spite of these difficulties, avallable evidence implies that in reasonably well
diversfied portfolios, assets that pose little risk individudly aso contribute little to bad-tail risk, and thus
that capital alocations to such assets are appropriately much smdler on a percentage basis than
adlocationsto individualy riskier assets. The fact that the current Bade Accord assessesthe same 8
percent capita requirement introduces an important economic distortion.

Both regulatory capital requirements and abank’sinternd capitd dlocations for various classes
of assets are unsustainable if they depart materidly from the economic requirements implied by
reasonable soundness standards and available estimates of portfolio loss digtributions. For example, if
the regulatory capital requirement for a given class of assetsis higher than the economic capital
requirement, such assets will leave banks' balance sheets elther through securitization or because banks
will abandon the rlevant businesslines. In the limit, only those assets with economic capita
requirements as large or larger than the regulatory requirements will remain. In such alimit, many banks
will choose to have more capitd than the regulatory minimum (because their portfolio risk postures will
be rdatively high) and thus will remain sound. However, over time, those banks that have only the
minimum level of capita will become insolvent a a higher rate than implied by the soundness sandard.

Such a «cherry picking» processis well underway in the United States, and is beginning to
occur among European banks. The cherry picking process has been dowed by the fixed costs of
regulatory capitd arbitrage and by the fact that economic capital alocations for many classes of assets
are not yet known with much precision (because portfolio loss distributions are so difficult to estimate).
For example, as noted, loans to investment-grade borrowers require much less economic capita than

do loans to below-investment-grade borrowers and thus investment-grade loans are rapidly leaving
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banks baance sheets. However, differencesin the capita required to back loansto firmsin one
industry versus another industry are not yet well understood, and thus banks show much less tendency
to move particular industries’ |oans off the balance sheet. In the short run, to be sustainable, arevised
regulatory capitd standard must at least gpply different capitd requirements to investment-grade and
bel ow-investment-grade loans. If the effect of a borrower’ s industry on economic capita requirements
becomes well understood, regulatory capitd requirements must rapidly reflect such understanding. To
summarize, in order to be sustainable, both regulatory and banks' interna capital allocation schemes
must adapt quickly as knowledge evolves, but should not outrun knowledge.

20  Accounting Mode and TimeHorizon

This paper’ s framework embodies a «Default Mode» (DM) rather than a «Mark-to-Market»
(MTM) philosophy. That is, only credit defaults and individud asset |oss severities are modeled;
vaiationsin the vaue of assets due to changes in credit quality short of default are assumed
unimportant. Although a case can be made for MTM approaches, | chose a DM approach for its
samplicity, feasbility, and because | believe it is more gppropriate for traditiona banking books (most
credit risk borne by most banks till isin the traditiond banking book, especidly the loan portfolio). A
DM approach smplifies the framework because most fluctuationsin value need not be modeled.
Similarly, implementation is made more feasible by a DM gpproach because the modeling burden on

2 | suspect that at least in the United States, in order to be sustainable, margina regulatory
capita requirements for any given asset can deviate from banks' beliefs about economic capitd
requirements by no more than about 2 percentage points. For example, aregulatory requirement of 8
percent for an asset that needs to be backed by only about 6 percent of own funds would probably
provide sufficient incentive for a bank to securitize the asset. This guessis based on the following
intuition: if the required return on equiity capital is 15 percent and the interest rate on banks margind
debt liabilitiesis 5 percent, then a capital requirement error of 2 percent implies a «tax» on the asset of
0.02*(0.15-0.05) = 20 basis points. 1n the United States, such a «tax» probably exceeds the costs of
securitization. In countries with less developed capital markets, costs of securitization may currently be
higher and thus alarger error in setting regulatory capital requirements may currently be sustainable.
However, capitd markets are developing very rapidly in most developed countries, especidly in
Europe. The Sze of the sustainable error is an important research question because it influences the
level of precison that regulatory capita requirements must achieve.
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banksis enormoudy reduced. Thisisbecause, in redity, MTM isaMark-to-Modd approach. The
vast mgority of commercia banks assets (and off baance sheet positions) rardly trade and the prices
of any tradesthat do occur are usudly unobservable. Thus, current «market» values of assets must be
goproximated. Given the lack of transaction price data, market va ue gpproximation agorithms are very
difficult to develop and vdidate and would be a mgor source of operationa error in MTM-based
capita alocation procedures.

The gppropriate time horizon for portfolio loss distributionsis an important question. A one-
year horizon is conventiond, but bad-tail lossrates for a given portfolio are likely to be much higher
over amultiple-year period than aone-year period. Bad-tail events are typically associated with
business cycle downturns, currency crises, or other systematic events. The effects of such events
typicdly last for more than ayear. To the extent that banks can easily replenish capita lost during a
given year (or shorter period), then a short analyss period is gppropriate. However, earnings are
usudly low following systemétic events and outsde equiity is usudly expensive and difficult to obtain.
Thus, time horizon is an important topic for research. The remainder of the paper uses a generic,

unspecified time horizon unless otherwise noted.

3.0 TheFramework
For illugtrative purposes, consder a portfolio of three assets for which individua and joint
probabilities of default are known and appear in matrix A, and dollar lossesin the event of default are

aso known and appear in matrix B. pa1, P22, and psz are the probabilities that only assets 1, 2, and 3

€Py P PgU éLll)

é u éu
A=€p, Py p23l:|B: §L2U
e u
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default, respectively. The probabilities of joint default events involving any



9

two assets, which correspond to the «correlations» frequently referred to in discussons of credit risk
modeling, are pi2, P13, and pgs. 1 order to keep the matrix two-dimensiond and thus notationdly
convenient, not shown is the probability that al three assets default, which is pios = PioPzs = ProPis” If
A were modified by multiplying off-diagond dementsby 1/2, and | is a 3-dement unit vector, the
expected loss on the portfolio would be I’ (AB) + pi2sl’B.

Tracing out the loss didtribution for the portfolio involves rank-ordering the possible loss permutations
and talying the associated probabilities. For example, assuming al dements of B are positive, the
maximum lossis|’'B with probability p1o3. The basc dements of this setup generdize to portfolios with
any number of assets.

Intheided case, good estimates of al eements of A and B would be available and portfolio
loss digtribution modding would Smply be an exercise in combinatorid computation. However, thereis
in generd no hope of achieving the ided case because, in aportfolio with N assets, the number of joint
default probabilities to be estimated is (N? - N)/2. Given the rdative infrequency of default events, even
for rather smd| real-world portfolios there is no hope of estimating the eements of A directly from loss
experience data. Exigting credit risk modeling systemsiin effect estimate the elements of A by making
assumptions about the relationship between joint default probabilities and various systematic factors.
However, no consensus about the proper assumptions exists. This uncertainty is one of the primary
barriers to a consensus about how to model credit risk.*

A primary assumption of this paper isthat in most cases, reasonable approximations of
subportfolio bad-tall risk will result from grouping Smilar assets into subportfolios («blocks») and
assuming that eements of A (and perhaps B) are condants. Imagine a huge pair of matrices, smilar to
A and B, which reflect dl credit risk postionsfor alarge portfolio. If smilar assets are grouped

% To obtain the probability of any default for a given asset, individua and joint defauilt
probabilities must be summed. For example, the probability of any default by assst 1ispy = pus + piz +
P13 + Pazs.

*If it were possible to congtruct standard errors for estimates of the p;; produced by factor
modedls, it seemslikely thet in most cases a hypothesesthat al p;; have the same value could not be
rejected.
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together in the matrices as submatrices or blocks, they can be andyzed separately, and the results
aggregated to obtain an overd| portfolio loss distribution. Such a grouping sirategy is Smilar in spirit to
CreditRisk+' s breakdown of a portfolio’s assets into exposure bands and sectors, but this paper’s
framework is more flexible because | envison that some blocks would be modeed smply and somein
amore complex fashion. For example, parameters need not be assumed congtant for al assets or even
congtant within agiven block. Over time, as knowledge about joint default probabilitiesimproves, |
expect assumptions of constancy would be dropped for more and more blocks”

An example helps show how groupings and an assumption that parameters are constants
samplifies matters. Suppose that the example three-asset portfolio described in matrices A and B
congsted only of commercid and industrid (C&1) loans rated the equivalent of BBB-, thet the loans are
al for amounts close to $1 million, and thet loss severitiesin event of default are 30 percent (so thet all
elements of matrix B equa $300,000). Suppose further that the joint default probabilities for the loans
(the off-diagona elements of A) areidentica at p;; = 0.1 percent. Then assuming the probability of any
default by one of the assetsis 0.35 percent (roughly consistent with the BBB- ratings), ataly of
permutations yields the following subportfolio loss distribution:®

Loss Probability

$900,000 pi°  =0.01%

$600,000 Fp; =0.30%

$300,000 pi = 3(pi - (pij + i+ P123)) = 3(.35- (.1 +.1+.01)) =0.42%
$0 99.27%

In generd, in ablock of N smilar assats, the lossrate at any given percentile of the loss digtribution will
be afunction of N, L, and the parameters p;; and p;;. Assumptionsthat p;; and p;; are constants within a

given block dragticdly reduce the dimensondity of the estimation problem making it possible that the

® Of course, the compuitational method used to get the loss distribution for ablock will differ
according to whether al parameters are constant or parameters vary.

® The values of the joint default probabilities (i.e., the correlations) dlearly can have alarge
influence on estimated capital requirements. For example, if p;j = 0.01 rather than p;; = 0.1, the
probability of aloss of more than $300,000 would be about 0.03 rather than 0.30.
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constants p;; and p;; could be estimated using available volumes of individual asset |oss experience data
(but 1 have not yet worked out the details of how to do s0).

Data to estimate even congtant joint default probabilities may become available only over time
for some types of assets. Thus, there isaneed for generic joint-default probabilities gpplicable to any
type of debt insrument with agiven credit rating. The CreditRisk+ technica document suggests that p;;
can be gpproximated by afunction of expected default rates, which are easier to estimate than joint
default probabilities. More research on the best way to obtain generic parameter values is needed.

An estimate of abank’s overd| credit loss digtribution requires that subportfolio loss
distributions be combined. 1n the smple case of independent subportfolios, the combined distribution
would involve a straightforward aggregeation of the subportfolio distributions. But independence cannot
be assumed---for example, if losses are very high for a portfolio of $1 million BBB-rated C&| loans,
they are dso likely to be high for $500,000 BB-rated C&| loans. | have not worked out how cross-
subportfolio correlations should be estimated, but the CreditRisk+ system includes methods for doing
s0, and Koyluoglu and Hickman (1998) compare some dternative methods. Research on the sengtivity
of results to the aggregation method is needed. Data on aggregate |oss experience data for each loan
typeislikdy to be ussful in developing and testing such methods.

Why compose subportfolios according to asset Size, rating and type? Why not Smply assume
congtant parameters for the portfolio as awhole? Because an assumption of constant joint default
probabilities may be unredlistic when made across different types of assets and different ratings. For
example, joint default probabilitiesfor U.S. commercid red ettate loans may be subgtantidly higher than
for U.S. C&I loans. Joint default probabilities are surely higher for groups of individualy risky assets
than individually safe assets.”

By initialy assuming parameters are constant within each block, many banks could compute

" Separating subportfolios by asset size may turn out to be merely an expositiona convenience--
-it may turn out that the loss digtribution for a given subportfolio of R-rated, type-X assets can be
derived from a generic R-rated, type-X subportfolio loss distribution and a function of the number of
assets in the given portfolio and their Sze didtribution. Research leading to a convenient closed-form
verson would be helpful.
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overdl portfolio capital requirements for credit risk (and capitd alocations for assetsin each
subportfolio) without any forma modeling at al. A consortium of banks and regulators could caculate
reference tables of capita requirements for each generic combination of asset type and rating grade.
Bank regulators are the naturd coordinators of such a consortium because of their interest in developing
uniform regulatory capital requirements and their ability to coordinate the necessary data-gathering and
andyss. Indeed, areference-table approach is currently the most common way of making operationa
capita dlocations at large U.S. banks. A reference-table gpproach is al'so somewhat smilar to the
exising Bade capitd standard and thus would be reatively easy to implement by regulators during a
trangition period, but | expect the reference tables would involve many more «buckets» than the current
Bade standard.

However, it is dready obvious that an gpproach involving asingle set of reference tables would
be inadequate today for some banks, and is very likdy to become less useful astime passes. Thisis
because the key assumption, that joint default probabilities are pogitive congtants within blocks, is
certainly ingppropriate for one important class of assets. credit hedges. Moreover, because such
hedges are constructed to be negatively correlated with other portfolio assets, it is both feasible and
essentid that such correlations be explicitly consdered on a hedge-by-hedge basis in order to properly
adjust capita requirements and dlocations. Credit derivatives that pay off in event of default of agiven
loan are the clearest example: the payoff correlation of the loan and its associated derivative is near -1.
Although such smple cases might be handled by offsets -- by reducing the value of L for the loan, for
example -- offset treatment appears too difficult to manage when hedge positions involve many assets or
macroeconomic variables like changesin GDP. Theimpact on loss digtributions of such more complex
hedges must be modeled.

A bank could make the trangition from use of reference tables to modeling by implementing a
modd that Smulates the congtant parameter case for each block. That is, initidly the bank’s mode
would be calibrated to reproduce the reference-table capita alocations for each block. The bank
could then relax the constant-parameter assumption in individua blocks or dter the boundaries of
blocks as gppropriate. In principle, different mode structures could be used to handle different blocks.
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Asan arbitrary example, abank might moded blocks of domestic C& I loans using CreditRisk+ and
blocks of internationa |oans using a CreditMetrics gpproach. One virtue of this paper’ sflexible
framework is that operationa experimentation with different specific modeling strategies could be
accommodated naturdly.

40 Implementation Issues

In order to produce reasonably accurate capital alocations, a system like that described above
must satisfy severd conditions in addition to those mentioned previoudy. The credit ratings used to
divide assetsinto blocks must classify assets by default probability or expected loss with sufficient
accuracy; the subportfolios represented by each block must be reasonably large and well-diversified;
reasonably accurate measures of the exposure of each position must be used, including effects of any
credit-related optiondity; and, of course, reasonably good estimates of parameters such asjoint default
probabilities will be needed. More research is needed before these conditions can be satisfied. Inthis
section, | sketch theissues.

4.1  Credit Ratings

Credit ratings measure the risk of default or losson individua assets. Asdescribed in Treacy
and Carey (1998), most large U.S. banks operate internd rating systems in which bank staff assgn
ratings judgmentaly, in much the same way that Moody’ s or Standard & Poor’s assgn senior public
debt ratings. Ratings can dso be assgned by statistical moddls, like the Zetamode or KMV'’'s
CreditMonitor. The relaive merits of judgmenta and Satisticd systems remain an open question---on
the one hand, judgmenta systems can produce biased ratings, especidly where the rater’ s business
volume or compensation is afunction of the ratings he assgns. On the other hand, Satistical systems
cannot incorporate the insde knowledge that bank staff often have about borrowers.

Ratings are akey input to capital allocation models because a given asset’ s contribution to bad-
tall lossratesisafunction not only of that asset’s default correlation with other assets, but dso of the
expected default rate or expected loss rate on the ass4t, thet is, of itsrating. Much of thegainin
precison in capita alocation from implementing the Smplest system described in this paper would come
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from the division of differently rated assets into different blocks, with the parametersin each block
depending very much on the associated rating. As agenerd rule, the more separate grades on the rating
scde and the more accurate the rating assgnments, the more accurate the estimates of capital

requirements.

Table 1. Edimated Effects of Rating Assgnment Errors on Capitd Allocations

Actud Didgtribution of Loans Across Grades (percent)
Smulated A BBB BB B <B 99.75th

Rating Percentile

Assgnment Loss Rate
BBB 0 100 0 0 0 2.26
BBB 10 80 10 0 0 2.96
BBB 20 60 20 0 0 3.44
BBB 33 34 33 0 0 3.97
BB 0 0 100 0 0 6.44
BB 0 10 80 10 0 6.47
BB 0 20 60 20 0 6.18
BB 0 33 34 33 0 5.68

Conversdy, if rating assgnments are not very accurate at a particular bank---thet is, if agiven
loan is often assigned a grade associated with a default or loss rate much different than the default or
loss rate on the loan---then that bank’ s capita dlocations are likely to be distorted. Table 1 providesa



15

sense of the impact of different magnitudes of systemétic rating errors. | use the Monte Carlo method of
Carey (1998) to estimate bad-tail loss rates at the 99.75th percentile of a generic loss distribution for
randomly selected portfolios of actud privatdy placed bonds with different ratings. | assume thet the
ratings gppearing in the data are correct, and smulate rating errors by including in a portfolio that
nomindly had only loans with a given grade some loans that actudly hed different grades. For example,
in thefirgt row of Table 1, a$1 billion portfalio of loans dl actudly rated BBB has an estimated bad-tail
loss rate of 2.26 percent. In the second row of the table | smulate a symmetric twenty percent rating
assgnment error by building portfolios that actually included 10 percent A-rated loans and 10-percent
BB-rated loans, even though the portfolio nominaly includes only BBB-rated loans. This error raises
the bad-tail lossrate to 2.96 percent. The fourth row of the table shows the results of amuch larger
systemdtic error, reporting an exercise in which one-third of the nominally BBB portfolio is actudly A
and one-third isBB. Thisraisesthe bad tail lossrate to 3.97 percent. In thisexercise, increasesin the
symmetric grading error rate increase the bad-tail 1oss rate because such errors increase the portfolio
expected lossrate. The expected |oss rate increases because the difference between BB and BBB
expected lossrates is larger than the difference between A and BBB expected lossrates. Thus, adding
equal amounts of A and BB rated assets to a BBB portfolio raises the expected loss rate.

In the second pand of the table, which smulates rating errors for a portfolio of BB-rated assets,
the opposite trend occurs---bad tail loss rates decline asrating errorsincrease. Similar to the BBB
case, this occurs because, in the data upon which the smulation is based, the BB vs. B differencein
expected loss rates is smdler than the BB vs. BBB difference.

Ovedl, Table 1 givesthe impression that even rather large symmetric errors in assigning ratings
have only moderate effects on capitd dlocations. These results are very preliminary, but on the whole
they indicate that extremely accurate rating assgnments will not be required to support good capita
dlocation systems. However, systems that produce biased rating assgnments could lead to materidly
biased capitd dlocations, and thus means of controlling biases will be required.

4.2  Limits on Concentration Will Be Required
The primary smplifying assumption advocated in this paper---that joint default probabilities can
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be approximated with congtants for any given subportfolio of traditional bank assets---will support
accurate capital dlocations only if subportfolios are reasonably large and well-diversfied and if true joint
default probabilities do not differ too much across reasonably well-diversified portfolios. Supposea
subportfolio conssted only of loans to African copper producers. Obvioudy, such a subportfolio by
itself would represent a very concentrated risk and itsjoint default probabilities would be high, much
higher than for a subportfolio of randomly sdected loans.

Asapracticd matter, most large banks maintain diversified portfolios by limiting their aggregete
exposure to borrowersin a given country, industry, etc. Such limits would be a necessary condition for
the smplified capital dlocation systems described in this paper to work well. Moreover, research to
determine the gppropriate ranges for such limitsis needed. s a subportfolio still well-diversfied if 5
percent of its exposureisto firmsin asingle industry? What if the exposure is 20 percent? Where
should the line be drawn for purposes of ensuring that the gpproximations discussed above work well?

Tight limits may not be a sufficient condition for the approximations to work well. If average
joint default probailities vary widely for different reasonably well-diversified subportfolios, then an
assumption of constant probabiilities for a given rating and asst class will introduce materid errorsinto
capitd dlocations. Sengtivity to divergfication isavery difficult hypothessto test properly for the same
reasons that individua joint default probabilities are very difficult to estimate. However, | believe some
useful sengtivity tests can and should be done by Monte Carlo andlysis of bond experience data, and
advocates of modes like CreditMetrics and Portfolio Monitor dmaost surely can contribute useful
indghts about this question.

43  Exposure Measurement

In the example given above, the lossrates L in matrix B were assumed identical across equal-
szeloans. Thisassumption isobvioudy unredidic. For example, severd studiesfind that recovery
rates on defaults of subordinated debt are small than for senior debt. Moreover, abank’s exposure at
the beginning of a period may differ subgtantialy from exposure &t the time of adefault during the
period. Amortization of principal may reduce exposure on aterm loan, or a distressed borrower may
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make large drawdowns on itsline of credit prior to default. Studies that illuminate how such dynamics
should be handled are required.
4.4  Parameter Estimation

Those engaged in credit risk modeling are uniformly frustrated by the lack of large pand
datasats detailing the credit risk experience of large numbers of individua loans over long time periods.
Such datasets are required by even the smplest capital alocation systems discussed above. Inthe
United States, datasets covering up to a decade or so of experience have been built by afew banks and
insurance companies, but these are proprietary. A few data-gathering consortiums exist and have begun
to report results (for apublicly available example, see Society of Actuaries (1996)). Datain one form
or another are available from the rating agencies Moody’ s and Standard and Poor’s. However, a
common feature of such datasets is their focus on bond or commercid loan experience for U.S,
obligors.

Data availability variesin other countries. It is my understanding that private firms, centra
banks, or other entities have built large databases for |oan experience in severa countries (in Japan, the
Teikoku Databank is an example). Again, however, such databases appear mainly to cover domestic
commerica loans. Data on red estate loans, consumer loans, cross-border loans, etc., where they
exist, do not appear to have been used for analysis of capitd dlocations.

| suspect that capital requirements for well-diversfied portfolios of any type of ass=t in any
country will turn out to be largdy afunction of subportfolio expected lossrates, asin Table 1 of this
paper. If that is correct, then the best databases available anywhere in the world can be used to
estimate capital alocation modd parameters. In order to establish this fact, however, coordinated
andysis of |oss experience using available databases in severd countries gppears necessary. Central
banks and other banking agencies gppear to be the natural agents to coordinate such andyss.

45  Other Issues

Implicitly, in this paper | have focused on capitd dlocation systems and capitd regulations for
large banks in developed countries. The form of capital alocation systems and capita regulation for
smal banks, or for banks of any sze in developing countries, is not clear. The internd rating systems
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that are crucid to quantitative capitd alocation a large banks may involve fixed cogsts thet are too large
for the smallest banks to bear, and in addition small banks' loan portfolios may be rather homogenousin
terms ex ante default probabilities and expected lossrates. Moreover, it seems likely that many smal
banks and developing country banks' portfolios are rather undiversfied. Research on the portfolio loss
characteristics of such banks is needed.

50 Credit Risk Modeling for Italian Banks and Banking Agencies

The generd framework suggested in this paper is appropriate for any country, but perhaps
especialy so for Italy and many other European countries because of the rapid changes occurring in
financid markets. In Itdy, the most important chalenges flow from the relatively recent opening of
capita markets and from the advent of the single European banking market and the Euro.

The implementation of quantitative capitd dlocation sysemsis particularly important in Itay
because its large banks are likely to both enter new markets across Europe and internationaly, and
because competition from foreign banks entering Italy will intensfy. Disciplined syslems for measuring
risk and return will help limit unprofitable mis-steps.

However, many existing credit risk models are difficult to implement in Itay because of data
limitations. For example, data on the loss characterigtics of foreign obligors will be hard to obtainin
many cases. Moreover, equity market return timeseries are of short duration or do not exist at al for
many Italian firms, and equity datais a primary source of parameter values for models like
CreditMetrics or PortfolioManager.

Thus, aflexible framework that supports implementation of reasonably good capitd dlocations
for most assets and more precise dlocations where data and techniques are supportive seems especidly
desrablein the Italian case. The framework suggested hereis obvioudy not ready for use---clearly
much research remains to be done---but the prospect of arevison of the Bade Accord may cause

results of such research to appear over a period of months or years rather than decades.
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6.0 Concluding Remarks

This paper describes a flexible framework for internd capita dlocation systems at banks and
for regulatory capital standards for credit risk. The framework isflexible in that it supports both smple,
low-margind-cost methods of estimating portfolio loss didtributions as well as evolution toward more
complex and precise methods as such methods are devel oped and validated.

One bendfit of the flexible framework that received little mention above is its gpplicability to dl
credit-risk positions on and off abank’s balance sheet. At most banks today, the focus of credit risk
modding is on commercid and internationa |oan portfolios and on derivative ingruments. However,
consumer loans, such as credit card and mortgage loans, clearly pose credit risks that should be
properly weighed by both internal and regulatory capital alocation systems.

To implement the framework proposed here, or any other system, much research and
development clearly isrequired, but | believe the most important ements of such R&D can be
completed over ardatively short period of acouple of yearsif sufficient resources are brought to bear
in a cooperative fashion by the world's mgjor banks and bank regulators.
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Appendix A. Soundess, and Portfolio L oss Digtributions

Over any given time period, such as aquarter or year, atypica large bank will experience some
credit defaults and losses on its portfolio postions, but in most periods the losses will be relaively
modest and within the normd range for that portfolio. Occasondly, however, even awell-managed
bank will suffer very largelosses. If the bank’ s capitd is insufficient to absorb the losses (as wdll as
losses during the same period from noncredit risks) it will be technicaly insolvent and islikely to close.
Even if the bank survives, the vaue of its franchiseis likely to suffer asaresult of market and regulatory
discipline.

Conceptudly, managing the risk of insolvency requires two things of a bank (or regulator).
First, a decision about the acceptable probability of itsinsolvency. Zeroisnot afeasble decison,
because that would require the bank to be financed entirely by equity capital, in which case the bank
would no longer be abank. Asa practica matter, most banks gppear to find it worthwhile to maintain a
low probability of insolvency in order to maintain access to relatively low-cost sources of debt finance.
Interms of U.S. public debt ratings, most banks appear to prefer to maintain at least an investment-
grade rating for their long-term liabilities, that is, aMoody’ s or Standard and Poor’ s rating of Baa3 or
BBB- or better. Other choices (and criteria other than insolvency) are possible (see Mingo (1998)),
but for smplicity in this paper | assume both banks and regulators desire a least investment-grade
soundness.

Second, at the beginning of each period, the bank must estimate a probability distribution of
credit losses for its portfolio. An example of such adigtribution (actudly, a density) appearsin Figure 1.
the area under the curve to the right of a given loss percentage on the horizonta axisis the probability
that the bank will lose as much or more than the given percentage. Credit loss distributions for debt
portfolios are skewed to the right and fat-tailed relative to the normal distribution because debt
instruments have alimited upside but exposure the lender to the risk of total loss on the position.
Moreover, the precise shape of such distributions is sengtive to factors like portfolio size, the standaone
credit quality of portfolio positions as measured by expected losses, and diversfication. Accurate
estimates of such distributions are quite difficult to obtain empiricdly. It isthis difficulty that makes
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quantitetive credit risk modeling and management so chalenging from atechnica standpoint.

Suppose a bank has estimated its portfolio loss distribution and wishes to have a probability of
insolvency during the coming period no larger than 0.25 percent. The bank’s capita requirement in
percentage terms is given by that loss rate such that the chance of larger lossesis 0.25 percent. |If
available capitd is less than the required amount, the bank must either raise new capita or dter its
portfolio in amanner that reduces bad-tail risk.
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